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Abstract
Background: Ubiquitous, smart technology has the potential to assist humans in numerous ways, including with health and
social care. COVID-19 has notably hastened the move to remotely delivering many health services. A variety of stakeholders are
involved in the process of developing technology. Where stakeholders are research participants, this poses practical and ethical
challenges, particularly if the research is conducted in people’s homes. Researchers must observe prima facie ethical obligations
linked to participants’ interests in having their autonomy and privacy respected.
Objective: This study aims to explore the ethical considerations around consent, privacy, anonymization, and data sharing with
participants involved in SPHERE (Sensor Platform for Healthcare in a Residential Environment), a project for developing smart
technology for monitoring health behaviors at home. Participants’ unique insights from being part of this unusual experiment
offer valuable perspectives on how to properly approach informed consent for similar smart home research in the future.
Methods: Semistructured qualitative interviews were conducted with 7 households (16 individual participants) recruited from
SPHERE. Purposive sampling was used to invite participants from a range of household types and ages. Interviews were conducted
in participants’ homes or on-site at the University of Bristol. Interviews were digitally recorded, transcribed verbatim, and analyzed
using an inductive thematic approach.
Results: Four themes were identified—motivation for participating; transparency, understanding, and consent; privacy, anonymity,
and data use; and trust in research. Motivations to participate in SPHERE stemmed from an altruistic desire to support research
directed toward the public good. Participants were satisfied with the consent process despite reporting some difficulties—recalling
and understanding the information received, the timing and amount of information provision, and sometimes finding the information
to be abstract. Participants were satisfied that privacy was assured and judged that the goals of the research compensated for
threats to privacy. Participants trusted SPHERE. The factors that were relevant to developing and maintaining this trust were the
trustworthiness of the research team, the provision of necessary information, participants’ control over their participation, and
positive prior experiences of research involvement.
Conclusions: This study offers valuable insights into the perspectives of participants in smart home research on important
ethical considerations around consent and privacy. The findings may have practical implications for future research regarding
the types of information researchers should convey, the extent to which anonymity can be assured, and the long-term duty of care
owed to the participants who place trust in researchers not only on the basis of this information but also because of their institutional
affiliation. This study highlights important ethical implications. Although autonomy matters, trust appears to matter the most.
Therefore, researchers should be alert to the need to foster and maintain trust, particularly as failing to do so might have deleterious
effects on future research.
https://mhealth.jmir.org/2021/11/e25227
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Introduction
Background
Recent technological advances have made it possible to embed
computer devices in everyday environments and objects [1,2].
Ubiquitous, smart, and assistive computing technology such as
sensors, cameras, and interfaces, which can wirelessly connect
and communicate, can aid humans in numerous ways [1,2]. For
example, such technology has the potential to improve health
and health care by monitoring medical conditions and providing
in-home assistance [3-5]. The advent of COVID-19 has notably
hastened the move to remote delivery of many health services,
such as primary care [6].
Before technology can deliver on its promise, robust research
is needed, which (in part) requires attention to the needs and
perceptions of intended users. Research in this area rightly tends
to be participatory, with potential users involved in study
development and evaluation [5,7]. However, conducting research
on ubiquitous technologies can pose both practical and ethical
challenges, particularly if the study situates technology in real
homes [8]. Participants should not expect to benefit directly
from such interventions [9], and even if some benefit might
accrue, the participants might be drawn from vulnerable
populations and have complex needs [7].
Whoever the research participant is, they have interests in their
autonomy and privacy being respected wherever and whenever
they might contribute to the study. Therefore, there are prima
facie ethical obligations to observe. First, participation must be
consensual. Respect for autonomy requires the provision of
consent, which is voluntarily given by a (mentally) competent
individual who is sufficiently well informed. However, consent
can be challenging, particularly in this context. Some
participants, such as young children in the household or those
with dementia, whom such research might come to benefit, may
have absent or diminished competence to consent. Information
about the study (such as what the technology does, the extent
to which pseudonymization offers privacy, or the security of
the technology) can also be difficult to grasp, even by those
participants whose competence is unimpaired. Full disclosure
of information to participants will not always be possible in any
event, given potential unanticipated uses to which the data
gathered might be put in the future; in this case, broad consent
for the secondary uses of data is required. Researchers need to
be attentive to such challenges and to the means of overcoming
them, for example, by ensuring that consent is a process rather
than an event and being open about the uncertain uses data
gathered with broad consent may be put to in the future [10].
Second, some claim that researchers should also be mindful of
the need to respect privacy [11,12]. Concerns about privacy
might be especially acute when equipment is installed in and
data gathered from people’s homes [8,13]. However, there is
debate about whether privacy is a concern in itself or whether
https://mhealth.jmir.org/2021/11/e25227
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privacy concerns can be met by attention to other protections,
so responding to privacy concerns is not straightforward [14].
Furthermore, different people rate the importance of privacy
differently for a myriad of reasons across different
circumstances: what one person considers a problematic invasion
of privacy, another might not [12] (eg, differing attitudes toward
sharing data with social media platforms [15]). Difficulties in
gaining consent and the contested nature of privacy make it
clear that, when collecting potentially sensitive personal data,
there is a need for researchers to take care in ensuring that
arrangements to protect participants’ interests are as effective
and appropriate as possible.

Objectives
Informed by these background ethical considerations, we sought
participants’ views on consent and privacy in the context of
smart home research. Our participants were drawn from
households involved in the SPHERE (Sensor Platform for
Healthcare in a Residential Environment) project. SPHERE is
an ambitious project led by Professor Ian Craddock at the
University of Bristol, involving collaborators from other
universities; local third sector and community collaborators,
such as Bristol City Council and Knowle West Media Centre;
and international partners from the industry (IBM and Toshiba)
[16]. The aim of SPHERE is “to develop a multi-purpose,
multimodal sensor platform for monitoring people’s health
inside their homes” [9]. SPHERE, as described herein, is
exploratory in its approach and not directed toward the specific
needs of particular user groups. The participants encompass a
variety of households, such as couples or families recruited with
no particular focus on health conditions; however, subsequent
SPHERE studies (outside the scope of the present contribution)
specifically include patients with cardiovascular conditions,
dementia, and Parkinson disease and those recovering from
orthopedic surgery. The team has developed multiple
technologies, including hardware, software, and machine
learning, and more specifically an in-house Internet of Things
platform, comprising environmental, video, and wearable
sensors. The focus of this paper is to describe the
SPHERE-CARED (Consent and Anonymization: A Review of
Ethical Dimensions) study, exploring SPHERE participants’
perspectives on the ethical aspects of informed consent,
anonymity, privacy, and data sharing. For a list of the SPHERE
sensor technologies, including wearables, ambient sensors, and
cameras, the interested reader should refer to the literature
[8,17]. SPHERE aims to test the technology, primarily by
obtaining data about human movement and ambient measures
that could in the future result in home health monitoring
applications or the ability to address health research questions
over long periods in the patient’s own home, including
measuring the characteristics of health-related activities of daily
living, such as sleep, cooking, walking, moving between rooms,
and transitions from sitting to standing. Prototypes are first

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e25227 | p.5
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Kennedy et al

rigorously tested for robustness and stability before the sensors
are deployed in participants’ homes [9].
The SPHERE system was designed in accordance with the
principles of privacy by design [18], including those of data
minimization, end-to-end security, respect for user privacy, and
the use of data protection impact assessments within the project.
Many SPHERE design decisions were arrived at through
workshops with members of the public during the system design
process.
Before (and during) deployment, SPHERE has sought the views
of the public at large via engagement events and involvement
in its Friends of SPHERE group. Research participants, which
include households comprising entire cohabiting families, must
consent to participation and are assured that the data gathered
are anonymized. Beyond contributing to the generation of
knowledge that might prove beneficial in the future, participants
do not receive any direct benefit from participation (however,
they are recompensed for increased domestic electricity costs
arising from their participation).
Participation in SPHERE does not intrude on participants’ bodily
integrity (meaning that participation does not require the use
of, or intrusion into, participants’ bodies), and careful attention
has been paid to protecting the identities of participants.
However, the project does involve monitoring, with not only
environmental sensors but also cameras, in their homes.
Moreover, many participants lived with this level of monitoring
in their houses for months or even years, which may be regarded
as a considerable invasion of their privacy. Therefore, SPHERE
participants are uniquely well-positioned to contribute to
research exploring ethical questions regarding surveillance,
privacy and confidentiality, and the provision of informed
consent in smart home research. The SPHERE-CARED project
comprises an empirical study whose objectives are to
qualitatively explore SPHERE participants’ views about these
ethical issues and use those data to inform reflections on the
ethical dimensions of smart home research to benefit and
enlighten similar future research. The study was guided by the
following two research questions:

1.

2.

How do participants of SPHERE understand and think about
the ethical issues arising from the SPHERE around informed
consent, anonymity, privacy, and data sharing?
How can the insights from SPHERE participants about their
consent experience help inform general thinking about how
informed consent should be approached in future smart
home research?

Methods
Sampling and Recruitment
SPHERE-CARED participants were recruited from the SPHERE
cohort as whole households. Households that were currently
participating or had previously participated in SPHERE were
eligible for inclusion. SPHERE households recruited via the
National Health Service and those who did not consent to
follow-up research were excluded. As a result, of the total 50
(95 participants) SPHERE households, 26 (52%; participants:
53/95, 56%) were eligible for SPHERE-CARED. Eligible
households were then purposively sampled to obtain the
maximum variation [19] within the bounds of quite a limited
subset of households. The final sample included participants
from a range of age groups and from the following four
household types: individuals, families, couples, and shared
residences.
Recruitment was conducted in 3 stages. First, the SPHERE
deployment officer identified eligible households and made
initial contact with them via their preferred method of
communication. Second, details of interested households were
passed to the SPHERE-CARED researcher (MK), who arranged
a telephone call to further explain the project. Finally, interviews
were organized with households once it was confirmed that all
members were willing to participate. In the first stage, 28%
(14/50) of households (participants: 31/95, 33%) were contacted.
Of these 14 households, 7 (50%) households (participants:
16/31, 52%) expressed interest in the research and were
subsequently contacted by MK. All 7 households were recruited.
All 4 household types were represented, and participants’ ages
ranged across 9 decades (Tables 1 and 2). The ages are presented
as a range to preserve participant anonymity.

Table 1. Household demographics (households: n=7; participants: n=16).
Household ID

Household type

Total occupants, n (%)

Association with university

Attendance of >1 pre-event

H01

Family

4 (25)

Yes

Yes

H02

Family

4 (25)

Yes

Yes

H03

Family

2 (13)

Yes

No

H04

Couple

2 (13)

Yes

Yes

H05

Individual

1 (6)

No

Yes

H06

Individual

1 (6)

No

Yes

H07

Shared residence

2 (13)

Yes

No
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Table 2. Participant demographics (households: n=7; participants: n=16).
Household ID and participant ID

Gender

Age (years), range

P01

Male

51-60

P02

Female

51-60

P03

Female

11-16

P04

Female

11-16

P05

Male

31-40

P06

Female

31-40

P07

Male

0-5

P08

Male

0-5

P09

Female

41-50

P10

Female

0-5

P11

Female

41-50

P12

Male

41-50

P13

Male

81-90

P14

Female

61-70

P15

Female

31-40

P16

Female

31-40

H01

H02

H03

H04

H05

H06

H07

Ethics
SPHERE-CARED was reviewed and granted a favorable opinion
by the University of Bristol Faculty of Social Science and Law
research ethics committee as an amendment to the original
SPHERE project, which was reviewed and granted a favorable
opinion by the University of Bristol Faculty of Engineering
research ethics committee (reference: FREC40403). In
accordance with university policies, the study also required the
completion of 2 risk assessments on working with children and
lone-working, and a lone-worker protocol was implemented.
As these were household interviews, children were included as
participants. Signed informed consent was sought from all
participants aged ≥16 years; informed (age-appropriate) verbal
assent was sought from younger children, with written informed
consent for their inclusion also provided by parents. Adults and
children were informed of their right to revoke consent or assent
at any time during the interview. In interviews that included
younger children, the interviewer (MK) was vigilant for any
signs of distress, which would require a review of the assent
with the household. All households were provided with a £20
(US $27.2) shopping voucher to thank them for their
involvement in this research.
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Data Collection
Qualitative interviews were conducted with 7 households; of
the 7 interviews, 6 (86%) were conducted in participants’ homes,
and 1 (14%) was conducted on-site at the university in an
adapted house equipped with the study smart home technology
to aid participants’ recollections of living with ubiquitous
technologies. A topic guide was developed to explore
participants’ involvement in and experiences of the main
SPHERE project. Questions were designed to focus on
participants’ views regarding information provision and
informed consent, anonymity, and data use, including probing
for areas where they may have experienced problems, such as
misunderstandings, requirements for further information, or any
disagreements among the household (Textbox 1). Interviews
were conducted with the whole household in one instance and
were semistructured, allowing the researcher (MK) flexibility
to follow up on issues raised by participants during the
interviews. To facilitate a more comfortable interview
environment for younger children, age-appropriate materials
were provided; for example, a soft toy was provided to children
aged between 0 and 5 years [20]. Children were invited to
contribute to the interviews as they wished, and, where
appropriate, questions were rephrased to make them more
accessible. Although we conducted whole household interviews,
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e25227 | p.7
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for obvious reasons, we did not expect to gain any data from
infants who had not yet developed speech and language
comprehension. To account for potential power dynamics
between parents and children in the interviews, the interviewer
explained from the outset that they were interested in hearing
from all members of the household and that there may be
differing views and experiences within the group that were all

Kennedy et al
relevant to the study. During the interviews, the interviewer
was careful to provide space and encouragement to facilitate
the children’s contributions, such as asking follow-up questions
and prompts to children directly. After each interview, field
notes were written, recording such aspects as household and
interview dynamics and the researcher’s initial reflections.

Textbox 1. Overview of the topic guide.
Consent
•

Motivations for participation and expectations of participating

•

The consent process:

•

•

What do you remember?

•

Any household or individual concerns

•

Any household disagreements

•

General feelings about the process

•

Would you take part again?

Information understanding and needs:
•

Did the household understand everything they needed to know to participate?

•

Areas of difficulty

•

Areas where more information is desired

•

What information should future participants be told?

Anonymization and data sharing
•

Feelings about different information collected by SPHERE (Sensor Platform for Healthcare in a Residential Environment)

•

Household use of SPHERE Genie

•

Expectations about ongoing data use and sharing

•

Importance of privacy

•

Views about data sharing beyond project researchers

Feedback on the original SPHERE participant information sheet
•

Views on content and clarity

•

Any missing information

•

Any extraneous information

•

How should information about burdens and risks be presented?

Data and Analysis
All interviews were double audio-recorded using 256-bit
encrypted Olympus digital recorders and an Olympus
omnidirectional microphone. Audio recordings were transcribed
using a university-approved transcription company. MK checked
all transcripts against the recordings for accuracy and removed
obvious (direct or indirect) identifying data as part of the process
of anonymization. An inductive thematic analysis was
undertaken to make sense of the data [21]. This was an iterative
process focusing on identifying codes and subsequently
developing themes from the data (transcripts) from the
bottom-up rather than interrogating the data deductively using
predefined codes. Transcripts of interviews were coded and
recoded as data collection progressed. The initial coding
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captured diverse features of the interview texts, and the
researcher (MK) developed a coding list with each successive
transcript, facilitated by NVivo 10 software. Once all the
transcripts were coded, the researcher (MK) used the codes to
explore and develop themes to explain the data relevant to the
research focus and aims [21]. During this process, members of
the research team (MK, RH, JI, and GB) conducted multiple
coding across 3 transcripts to check the researcher’s coding
interpretations and met to discuss and agree on the development
of themes as the analysis progressed, whereby any disagreements
were resolved by consensus. The themes were agreed upon by
the whole research team and are outlined in the Results section.
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Results
Overview
We derived the following four themes from our data: (1)
motivation for participating; (2) transparency, understanding,
and consent; (3) privacy, anonymity, and data use; and (4) trust
in research. Drawn to participate by their early exposure to the
project at a public event or through their existing affiliation with
the university, adult participants primarily (and uniformly)
described being motivated by an altruistic desire to support
research directed toward the public good. Participants described
satisfaction with the SPHERE consent process, although they
pointed to difficulties in recalling and understanding the
information received, the timing and amount of information
provision, and the fact that the process seemed, at least initially,
to be rather abstract. Participants also reported satisfaction that
privacy was assured, taking comfort from the fact that the data
were anonymous, not sensitive, and unobtrusively collected,
and they felt that any small threat to privacy was compensated
by the fact that the data were collected for a worthwhile reason.
Participants’ trust in the project and the team was evident, and
among the factors relevant to developing and maintaining that
trust was the perceived trustworthiness of the research team,
the provision of necessary information, the control participants
had over participation, and the participants’ positive prior
experiences of research involvement.

Motivations for Participating
Participants described how they came to participate in SPHERE
in terms of causal factors, including their early exposure to the
project and (for some) their links with the university and their
motivations for doing so, which were primarily concerned with
benefiting others (other-regarding).
In terms of causal factors, households primarily became
involved in SPHERE after attending public engagement events
or because of existing links to the university. Approximately
71% (5/7) of the households had at least one member who had
attended an engagement event. These events were described as
informative and “interesting” (P14 from H06). Some participants
also noted how attendance had enabled them to contribute to
the development of the project, for example, following a “lively
debate” about the “level of intrusion we might be prepared to
accept” (P01 from H01). Participation in such events was not
mentioned by the other 29% (2/7) of households, although those
households did refer to an existing affiliation with the university.
This was also mentioned by 60% (3/5) of those who attended
engagement events.
Participants had a range of motivations for becoming involved;
however, all had in common an altruistic desire to benefit others,
which found expression in participation as they expected
SPHERE to generate future health-related benefits. Although
the participants were aware that the research would not directly
benefit them, some hoped for future personal benefits, as the
research might eventually help to address familial circumstances
or conditions. Moreover, many anticipated a “[k]ind of public
good” (P06 from H02), as they expected the research to benefit
others (including the health service at large). Some such benefits
were indicated during engagement events:
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The second event…it was, kind of like, “This is what
it might look like….” In fact, that was one...where for
me, the penny dropped about how it might impact on
the NHS [National Health Service], given that
resources are never going to match demand and here
is an electronic solution to a number of monitoring
issues. [P01 from H01]
Regardless of whether they attended a prestudy event, many of
the participants echoed the sentiment that “Most research is
useful, eventually, somehow and somewhere” (P13 from H05).
Many participants were also motivated by their interest in the
research, particularly, as one put it, “the technology side” (P05
from H02). Another participant elaborated as follows:
I thought it sounded interesting, and I think I just
thought, “Oh, I’ll just go along and see what it’s all
about.” ...I suppose that’s sort of the future use of
technology, and supporting people with health
conditions and stuff like that seemed interesting and
important. [P11 from H04]
Other- and self-regarding motivations were dominant and framed
as positive reasons for wanting to take part, whereas some
participants described a more passive motivation. For example,
one (older) child participant felt that the project was interesting
and agreed to participate as the other members of the family
were willing to do so:
I thought it was interesting, but I just, kind of, went
along...because everyone else was. [P03 from H01]
No household reported any disagreement about the household’s
decision to participate, although this participant implies that the
majority view in a given household might prove influential in
securing the consent or assent of those who are less motivated.
This finding highlights a potential risk with household research
that some members may not be actively consenting (or perhaps
even assenting) but merely acquiescing and, at worst, doing so
as they feel unable to decline to participate. How acceptable
this is might depend on the age or autonomy of the individuals
in question and the level of potential insult to privacy and
autonomy. One way to address this concern is to ensure that all
participants freely assent [22] or at least do not dissent when
they have a clear opportunity to do so [23]. However, it is not
necessarily clear how we should establish assent or dissent in
a family environment: consider, for example, a preteen’s mild
complaints, a toddler’s tantrums, or an adult with dementia who
states that cameras make her feel nervous.

Transparency, Understanding, and Consent
Whatever their specific motivations for taking part, all
households expressed satisfaction with the consent process,
including the information received and the opportunity to have
their questions answered. However, 5 areas of difficulty and
tension also emerged, concerning recall of information,
understanding of that information, information overload, timing
of information provision, and the possibility that consent might
be more theoretical than actual.
First, participants experienced some difficulty in remembering
the consent process, including whether this was a single event
or an ongoing process. One household recalled providing
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consent initially at a pre-event and then again at home before
the equipment was installed; however, other households seemed
only to recall giving consent at home before or during
installation.
Second, various participants revealed gaps in their
understanding. Some were uncertain about the general nature
and remit of the project, with one participant, who had not
attended a pre-event, feeling “a bit less clued up...about what
the project was” (P06 from H02). Others queried more specific
aspects of the project, including what the different pieces of
equipment monitored are and why, what the data would look
like and how it would be used, and the processes associated
with governance and data sharing. Some appeared confused
about the practicalities of participation, such as the correct ways
to use the equipment and the data that would then be captured,
although they were sometimes able to gain reassurance from
members of the SPHERE team:
[The technician] came out and explained all the
equipment, and how it worked, and showed me some
diagrams, and I was aware, at that point, that you
were...a silhouette image – so it wouldn’t be taking
detailed pictures of you. I don’t think I realised, at
that time, that it didn’t take a detailed picture of the
background though. I was always a bit conscious
that...Because sometimes...the washing up stacks up.
I was always thinking “They’ll be able to see all my
washing up"...[the researcher] showed me, when she
came over, and then I probably felt more comfortable
after seeing that. I know [the technician] did show
me on a piece of paper, but [the researcher]
re-showed me. [P09 from H03]
Third, despite these apparent problems with recall and
understanding, many households commended the consent
process as “thorough” (P02 from H01 and P06 from H02) and
“rigorous” (P02 and P04 from H01); however, for at least one
household, this also meant that the process was burdensomely
time-consuming:
So that kind of thing [obtaining informed consent]
was only difficult because of my particular pressures
that I was dealing with.... So I was like, “Come on,
like speed it up.” But obviously I know you’ve got to
go through everything because that’s how you make
it thorough, so that’s not really a thing anyone can
change. [P06 from H02]
Finally, participants detected temporal dimensions in the consent
process; not only did they find it difficult to recall the process
many months later, but they also noted how their informational
needs had changed over time. Several participants described
how they were satisfied that pertinent information had been
disclosed before enrollment; however, the length and complexity
of the research meant that they had since forgotten that
information:
I think, at the time, I felt confident...I felt like
everything was covered. Well, they did go into...I’m
sure they went into it all. I think it’s just faded in my
mind. [P11 from H04]
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An older participant (P14 from H06) described not only having
difficulties recalling information but also preferring not to
receive too much written information. Others indicated that
their informational needs had changed over the course of the
study, with one subsequently becoming interested in how the
data generated might be shared with other researchers, observing
that “I hadn’t really thought that far down the line with it” (P16
from H07), when initially providing consent. No participants
recounted having sought additional information at any point,
strongly implying that participants will not necessarily seek
further information, particularly about technical and practical
matters, after the initial consent interaction.
However, equipped with their knowledge of what participation
had involved, some offered suggestions about disclosure to
future participants to make consent more informed and practical.
Many expressed an interest in receiving feedback on the data
generated from their household, as well as about how the
researchers were using the data collected. However, the latter
was more for interest—“There’s no reason for me to know it
anyway” (P13 from H05)—and some participants appreciated
that the research team would not be able to predict all future
uses of the data, as “[i]t’s kind of exploratory research in that
way” (P05 from H02). However, many households did indicate
that they would have liked more explanation of the practical
ramifications of and daily burdens associated with participation
rather than those items typically included in information leaflets:
I think, definitely just, I know it’s such a physical
thing rather than anything else, but just how much
the technology does take up of space around your
house, and things...I know it’s so silly, those little
things, but I guess it’s just making sure, because I
think in your head you’ve got this idea that technology
is, well, if you’re doing research it’s going to be really
advanced, and it’s all going to be wireless, and
everything is going to be like a smart home, type idea,
but I don’t think that is what SPHERE was. So, maybe
just that, a little bit. [P15 from H07]
Practical examples would help participants to better appreciate
how the equipment might occupy the home and the routines
that would be associated with (for example) using wearable
devices; the latter appeared to be the most burdensome (and
confusing) aspect of participation. Participants similarly felt
that consent might be more authentic and informed if
participants could see, in advance, what the data might look
like, as otherwise “it’s almost like you’re consenting in theory
to something that you don’t quite know what they’re doing, in
a way” (P11 from H04).

Privacy, Anonymization, and Data Use
Participants confirmed that privacy and confidentiality were
important to them; however, they expressed few concerns about
these, provided that 4 conditions were satisfied: the data
collected (and shared) were anonymous, the data were
nonsensitive, data collection was unobtrusive; and, consistent
with their altruistic motivation, the research (including any
follow-on studies) was directed toward the public good.
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Privacy was recognized as “[d]efinitely” (P05 from H02)
important to participants who were comforted first by
SPHERE’s assurance of anonymity. The fact that cameras only
recorded silhouettes and the data were not being transmitted in
real time were considered important privacy safeguards.
Participants said they would have been reluctant to participate
if more identifiable data were collected: “if we put our names,
I don’t think we’d have done it realistically...” (P05 from H02).
The provided data were anonymous, and participants were
content for it to be used, including by other research teams:
I just think we’re here to, like, provide useful
information for other people, but I don’t really mind
what they do with it. I’m not really sure what they’re
doing with it, but that doesn’t bother me because it’s
anonymous. [P03 from H01]
Second, participants took comfort from the fact that collected
data were nonsensitive, even mundane. Ambient sensors and
energy- and water-use monitors were viewed as
unproblematic—“It’s not like I’m going to be too upset about
someone knowing how humid my bathroom is...” (P05 from
H02)—and, even if such data were leaked (eg, web-based),
anyone viewing said data would “just know...we just walk
around the house” (P04 from H01). Some participants were
similarly unconcerned about the data collected by the cameras:
I’m not bothered [about camera data] because it is
anonymised and, anyway, if someone could find out
who it was it, kind of, wouldn’t be very interesting, it
wouldn’t matter, and I wouldn’t mind. [P02 from
H01]
Therefore, the mundanity of the data reassured participants:
“We’re not that exciting or perverse...” (P12 from H04).
However, the participants did anticipate feeling differently about
data collection and sharing, if the data were more sensitive:
I just don’t understand how that would have a
negative effect on me. So, as long as it’s not financial
or sensitive information, I don’t really mind who
knows that about me. [P16 from H07]
Third, participants seemed reassured by the unobtrusive nature
of data collection, which meant that their privacy was not
noticeably invaded. SPHERE participants have a mechanism
to pause or delete data capture using the SPHERE Genie app;
however, it was apparent that use of this was inconsistent across
households and some problems with usability were reported.
Some households reported that visitors expressed discomfort
with the equipment running, and some participants reported
being occasionally mindful of the presence of cameras in the
home:
When [P10] was little, sometimes I’d be trying to get
her in her coat in her pram. It probably looked like I
was having a bit of a wrestling match with her. I
sometimes thought, “I wonder what, if they see that,
they’ll think of that.” Me trying to get her into the
pushchair and things, I don’t know what that would
look like on there. [P09 from H03]
However, many participants soon overcame their initial
apprehension and forgot about the monitoring:
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I thought that the technology might be more intrusive
than it was, so I thought it might get in the way...but
it sort of disappeared a lot in your consciousness,
isn’t it? Once it was in for a while. [P06 from H02]
Awareness of the cameras, for example, “probably lasted for
about a week” (P16 from H07), with many participants similarly
commenting, “I just forget the equipment is there, and don’t
think about it” (P09 from H03) and “I don’t really notice it”
(P03 from H01). Indeed, some implied that they would be happy
for more data to be collected, so as to provide a fuller picture
of their lives beyond their activities in selected rooms. Some
participants were also willing to have cameras placed in more
private indoor spaces, such as bedrooms and bathrooms (P13
from H05), although the following 2 participants focused instead
on outdoor behaviors:
It feels like, then, people should know that I do go out
and I do exercise, or I do go out and do a course.
[P14 from H06]
I just felt like people would get a picture of my life
and it’s not how I had it in my head. Does that make
any sense? I see myself as quite an active person,
quite a social person, but I don’t feel like that would
be shown because what they’re actually watching is
just me sat down, doing nothing.... [P15 from H07]
Fourth, participants took comfort in this research being aimed
at the public good. Despite their evident support for research,
this support was limited to research with such aims, such as
university-led, health-related research. Furthermore, they tended
to feel their data could be shared, provided the recipients had a
legitimate interest in the data, as (for example) they were health
researchers as opposed to “the News of the World” (P14 from
H06) or “organisations like Facebook and WhatsApp who...I
think misuse information” (P13 from H05). One participant put
it as follows:
I think if they said, “Okay. We’re actually using your
information because we want to look at something
completely random that’s nothing to do with
healthcare,” I don’t think I would feel as comfortable
about that, because I don’t feel like, then, that’s what
I signed up for. [P15 from H07]
Although some were willing to have the data shared beyond the
originally envisaged purposes of the project (eg, P03 from H01,
quoted earlier), not everyone could recall the possible uses of
their data or the processes for handling data access requests.
Participants accepted that the university might create
“commercial spin-offs” (P05 from H02) using their data;
however, they drew the line at sharing data with commercial
companies:
I don’t mind them [the University] making money,
but I wouldn’t have felt comfortable with our data
about how we live our lives being used to either
manipulate us in terms of sales things or really make
money for a private company. [P05 from H02]
Some participants strongly and consistently expressed their
resistance to the data being placed in “some evil company’s
hands” (P11 from H04) or being transferred to “some horrible
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company” (P11 from H04). The corollary of this is that
participants appeared to trust SPHERE, the university, and its
data-sharing arrangements:

Some participants were affiliated with the university, which
inclined them to take a leap of faith and trust in the project and
its team:

I suppose, potentially, it could go to some
unscrupulous researcher who was using it to make
vast profits at people’s expense, I don’t know. But,
it’s hard to imagine how that could happen, really.
[P02 from H01]
Ultimately, participants expressed strong support for research
that might prove beneficial, which meant they were willing to
accept invasions of their privacy:

I still feel a bit sort of vague about some aspects of it
[the research]. But it felt like, I mean [I’m associated
with the University], so I kind of feel like there’s a
bit of a trust.... I sort of felt like, nice, the sort of
researchers at the [University]. So, they must be
alright, which maybe explains why, yes, I’ve just, a
bit like a leap of faith, I’ve just gone along with
things. Whereas, maybe if it had been done by an
external company, or a business...I would’ve probably
asked more questions. I think that was quite an
important aspect of it.... [P11 from H04]
Even those not affiliated with the (or a) university reported
feeling reassured that the research was undertaken and overseen
in an academic setting: “I felt safe with what was happening”
(P16 from H07). SPHERE was judged “to be a very, very ethical
operation all the way through” (P01 from H01) that merited
trust, whereas, as we have seen, participants were more
suspicious of commercial companies:

The level of intrusion you’re prepared to accept
probably depends on the level of benefit you see.... If
it was more intrusive I might need to be convinced
that there was more to be gained...but where we are
at the moment makes perfect sense. [P01 from H01]

Trust in Research
Participants exhibited a great deal of trust in the project and the
team, which underpinned their perceptions of the adequacy of
the arrangements around informed consent, privacy, and data
use. Four factors appeared relevant to developing and
maintaining their trust: being a trustworthy project and team,
transparently providing participants with necessary information,
allowing participants control over their participation, and the
participants having prior positive research participation
experiences.
First, participants felt that the project and team were trustworthy.
How, exactly, the determination of trustworthiness was made
is unclear; however, it seemed connected to the research team
meeting the participants’ expectations, their personal experiences
with the people undertaking (and overseeing) the research, and
the open ethical standards in operation. As we have seen, all 7
households were altruistically motivated, and their trust in the
research and the research team that SPHERE was designed to
serve the public good (even in the absence of a precise
understanding of what that good would or might be) outweighed
any concerns they might have had about privacy:
The fact that it was public money that was funding it
and all those sort of things was quite reassuring from
that point of view, that they weren’t going to be just
selling the data on or that their priority was around
public good rather than being around monetising the
data. [P05 from H02]
The involvement of a university rather than a commercial
enterprise appeared to instill trust:
I know it sounds crazy that it’s a university, because
they are really businesses as well, but they have a set
of ethics, they have a set of rules that they’ve got to
go by. They’ve got to keep people’s information
secure. There has got to be someone that agrees to
an industrial company coming in and using that
information. So, for me, I guess that’s why I’m not
[concerned], because I have a bit more trust in that.
It’s research that has come from a research place, I
guess. [P15 from H07]
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The SPHERE project, I think, the information
collected wouldn’t be misused in any way. But I don’t
feel I would have the same confidence about an
organisation like Facebook. [P13 from H05]
Prior knowledge of or experience with research processes (eg,
around privacy, data protection, and data sharing) also inclined
participants to trust in SPHERE:
I assume that somebody, someone in SPHERE
maybe...has some control over who gets the data, but
maybe not. I mean, there must be some mechanism
for doing that. I would just assume it’s like with
Biobank, I know that the data goes to...people and
researchers who have been approved in some way.
So, I’ve, kind of, always just assumed that it
[SPHERE] would be the same.... [P02 from H01]
Furthermore, participants recognized their vulnerability, as they
were dependent on the project team; however, they felt that the
team was mindful of this and deserved their trust:
I think it’s just a question of trust and the objectives
and the people who are running it. One gets an
impression – impressions are sometimes wrong of
course – but you do feel there’s something worthwhile
where they would be careful about data. [P13 from
H05]
You’re assured that it’s anonymous, and to some
extent you’re relying on the experts in terms of ethics
people and all that to make sure that that’s done
properly.... [P05 from H02]
I just presumed it [data] would be in the right hands
and that’s where it would stay.... [P16 from H07]
Second, participants were inclined to trust as the project
transparently provided what they considered to be appropriate
information. Despite some difficulties with recall, all participants
felt sufficiently informed to consent to the participation. The
provision of detailed information and the availability of research
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team members who could answer questions helped to instill
trust:
[The researcher] went through loads of forms and
talked me through everything and made sure I was
very comfortable with everything to do with it
[SPHERE]. [P06 from H02]
A point of contact is good, just so that you’ve got
someone to help, isn’t it, and to reassure you.... [P16
from H07]
Some participants had previous exposure to research or were
well acquainted with the research process and research
environment and appeared relaxed, even blasé, about providing
their consent:
You skim over it [participant information sheet and
consent]. You’re so used to doing consent forms for
everything, aren’t you? It’s like, “Yes, yes, yes.” [P09
from H03]
This is going to sound bad, but...how much do you
read it and take it in? Again, it’s that sort of a bit of
a leap of faith thing, where like, “Oh, yes, na, na, na,
na, na. It’s all the usual stuff,” to a certain extent.
It’s good that it’s all there, but it also makes me
think...I probably skim read it [participant
information sheet] at the time. How much did you
take in when you first read it? [P11 from H04]
Indeed, some participants appeared to trust the project,
seemingly irrespective of the detailed information provided:
I just didn’t think into it too much, I don’t think. I just
took it for what it was, and what I was told, and that
was okay with me. [P16 from H07]
However, others recognized that not everyone would be so
trusting:
My father didn’t trust anybody as far as you could
throw them, about anything. He wouldn’t have been
involved in anything. Like my friend’s husband said,
“No, I'm not having strangers coming in and finding
out about what we do.” [P14 from H06]
Therefore, perceived trustworthiness appeared to play a role in
deciding to participate, although participants suspected that less
trusting individuals might still come to trust (and participate)
in research, provided that they were given detailed information:
If you want people to trust you to be secure, then they
need to know that the information is like dot, dot, dot,
dot, and nobody could tell who they are...I think it's
important for trust, but also for you to get people....
To recruit people for whatever, because people need
to have some belief or trust.... [P14 from H06]
Third, participants trusted SPHERE as they felt they had control
over their participation. Several of those who had attended
SPHERE public engagement events before their participation
described this as giving them a sense of control, as they had
had an opportunity to contribute to the project during its
development:
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Part of that might be that we’ve, kind of, grown up
with the process...so, actually, to think of that
equipment and think, “Actually, I know the process
that has got to having that there,” was very, very
useful. Not everybody could have that, but for us,
what gets recorded is partly influenced by what we
said. [P01 from H01]
It doesn't bother me [future data use/sharing],
because as I say, I was part of the development. I trust
the system.... [P14 from H06]
Participants also valued having control over the data collected,
for example, by being able to pause collection or delete data
using the SPHERE Genie app provided to them on a tablet. One
household (H02) was surprised to have this level of influence,
as it might adversely affect the volume of data collected.
Although not every household used these functions, their value
was recognized:
Because I’m not thinking about it [data collection
and privacy], I don’t think to use it. It’s nice to think
the delete function is there. I do think that’s nice, to
think there is that option. I felt more comfortable
about the study knowing that was there, but it’s just
never been of any relevance to use it. So I’ve not
deleted. [P09 from H03]
Ultimately, the participants appeared to trust the research and
the team. Indeed, all except one of the participants (who felt
participation was burdensome) signaled that they would
participate again, and 2 households had already agreed to
participate for another year:
At the end, I was asked, “Would you be willing to go
forward for another year?” “Certainly, yes,” no
reason why not. [P13 from H05]
Therefore, positive experiences of research participation appear
to be the fourth factor in maintaining or reinforcing trust (and
future participation) in research.

Discussion
Principal Findings
For many of these participants, participation was a question of
trust, and they felt able to take the leap of faith and enroll as
they trusted the project and its team. The presence of trust
seemed to permeate many of the observations that participants
offered about their motivations for participating, the consent
process, and privacy. Before noting some of the practical
implications of these findings, we will first reflect on their
ethical dimensions and implications, focusing on the concepts
of trust and respect for autonomy.
Trust is a relatively contested concept [24], which is also rather
neglected in bioethics [25]. However, Baier [26] has helped to
plug the gap, suggesting that trust involves “reliance on others’
competence and willingness to look after, rather than harm,
things one cares about.” Reliance alone does not suffice since,
as Fritz and Holton [27] note, “Trusting someone involves both
a behaviour – a readiness to rely on them – and an attitude,”
that is, an assumption that the trusted party is trustworthy, for
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example, as she is concerned for one’s interests. Nickel [28]
further draws out the individual (internalist) and institutional
(externalist) elements of trust, first noting the following:
People’s interest in trust is not merely to have trust,
but to have it in the right circumstances and for the
right reasons. Normally, this aspect of trust is backed
by having a reliable grasp of the interests, functions,
and norms that motivate and explain the trusted
entity’s behavior.
Internalist accounts of this aspect of trust tend to focus on the
trusting party: Manson and O’Neill [29], for example, advance
an ideal of intelligent trust, which emphasizes the characteristics
(or virtues) of the truster, who makes sound choices about whom
to trust. Externalist accounts look instead to the individual’s
social or physical environment and to the trusted party,
emphasized in such notions as sound trust [30].
Our findings chime with these theoretical reflections. The
participants noted how some nonparticipating individuals,
whether intelligently, were not ready to rely on others and,
therefore, not prepared to take part in research; however, this
was not the attitude of these participants. Rather, our participants
evidently were ready to trust and, indeed, were trusting of the
research and the teams involved. They appeared to judge the
project and team as worthy of trust and implicitly justified that
trust as sound in various ways—usually by appealing to the
behaviors of the research team (reflecting an externalist account
of trust). The provision of detailed information and assurances
about anonymity and data security helped to foster trust;
however, participants appeared particularly to base their trust
on the fact that the research was, like them, altruistically
motivated, a mark of which was that it was led by a university,
as opposed to a more self-interested commercial entity.
The research institution in which trust is placed and how it
conducts and governs its research appears to matter, and
participants were evidently reassured by the ethical goals of the
research and the visible ethical standards in operation, which
suggests that transparency about ethical standards and ethical
practice is important. Time also plays a role here: as Fritz and
Holton [27] note, “A trusting relationship will typically be built
up over time as we gain evidence that our trust is well placed.”
This helps explain why some participants were willing to trust
immediately: it was not that they trusted quickly, easily and
naively, but rather that they had already built trust in the
institution through their existing links and previous experiences.
This existing trust enabled them to be unconcerned about areas
of uncertainty or, potentially, sanguine about follow-on studies.
The importance of trust in research, which has been noted in
other studies [31,32], has ethical implications for future research
in smart homes (and, most likely, elsewhere), two of which we
note here. First, the institution leading the research should ensure
that it is indeed trustworthy. This can be justified not only in
ethical but also in prudential terms: our participants imply that
any damage to trust will be likely to jeopardize recruitment to
future research. Second, attention should be directed to
recruitment in any event, as our participants seemed to have
trusting attitudes; however, this raises the question of whether
less trusting individuals are being (self-) excluded from research.
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If this is the case, then there is a risk that the research will be
biased. As we note below, our participants were all White,
(necessarily) self-selecting, and (as they themselves revealed)
many were affiliated with the university or at least able to attend
pre-events. We wonder, then, what might be missed by failing
to engage with and foster trust among other potential participants
from more diverse ethnic, cultural, and social backgrounds.
Although trust appeared to be a significant ethical dimension
of the findings, participants were also keen to ensure that their
autonomy was respected. Respect for autonomy—literally,
self-rule—is a dominant concept in bioethics. Amenable to
different readings [33], the concept—whether alone or in
combination with others—nevertheless underpins or at least
connects with such obligations as the need to obtain consent,
respect privacy, and maintain confidentiality. Furthermore, it
is arguable that trust only has the value and role it does as it is
autonomously given in response to trustworthiness.
Turning first to consent, participants were keen to ensure that
they had sufficient information before agreeing to participate.
They reported being satisfied with the thorough information
imparted before enrollment and also valued the opportunity to
ask questions later to a team member. However, not every
participant availed themselves of the opportunity to have their
questions answered, and there was evidence of confusion, gaps
in knowledge, and desires for further (more practical and less
abstract) information to be provided. Problems with participant
recall have been recognized in other studies [34]; however, what
emerges particularly clearly here is how autonomy is sometimes
traded off against or otherwise outweighed by considerations
of trust. Autonomy matters, but trust seems to matter more. As
such, these participants appeared unconcerned about their
inability to recall or at the time fully comprehend study
information just because they trusted the project and the team,
an attitude perhaps best exemplified by the relatively relaxed
attitude taken by some participants to study invitations, where
participants reported skim reading the information before
providing consent.
Some may consider this finding surprising, and it seems at first
glance to suggest that participants are less concerned with being
in control—with expressing their autonomy—than we might
assume. Indeed, this appears to be at odds with the findings of
an earlier study that explored the ethical perspectives of (earlyand midcareer) smart home researchers [14]. Those participants
indicated that they saw the provision of choice to smart home
households as offering a solution to the ethical dilemmas,
primarily those relating to privacy, which might arise. The
current participants certainly valued choice, but they appeared
most inclined to trust the researchers, which, contrary to what
the researchers themselves indicated, implies that the research
team rather than the households is ultimately in control.
However, perhaps the respectful and careful attitude of the
researchers in their dealings with the participants was central
to the trusting relationship that developed.
Trust also appeared to take priority over autonomy when,
second, the participants reflected on privacy and confidentiality.
Autonomy was again valued in these contexts, with participants
pleased to have the opportunity to control the data that were
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(not) collected and reassured that any such data would be
anonymous, mundane, and unobtrusively collected and would
(they assumed) only be shared with trustworthy researchers
undertaking research in the public interest. However, in practice,
not all participants chose to pause data collection or delete the
data that had been collected. Furthermore, although anonymity
seemed to be important, at least some of the participants signaled
that they would be willing to accept greater levels of intrusion
and share more data about themselves. These participants
appeared willing to trade off both their privacy and their
autonomy to support beneficial research, which was linked to
their (altruistic) motivations for participating and, ultimately,
their trust in the research. The participants’ willingness to have
their data used in future health research (but not necessarily in
other research) indicates that they may have in mind what
Nissenbaum [35] has termed “norms of appropriateness,” which
“dictate what information about persons is appropriate, or fitting,
to reveal in a particular context.” Sharing beyond such
boundaries might result in a privacy violation on Nissenbaum’s
account [12,35]. Provided that commercial companies would
not receive their data for private gain, participants were also
unconcerned that they did not (and perhaps could not) know
the future uses to which their data might be put. Sheehan [10],
for one, detects no problem with the broad consent these
participants appear to have in view, as this is still consent and
therefore respectful of autonomy. Indeed, according to O’Neill,
“[n]either accountability nor informed consent is improved by
aiming for high detail and specificity” [36]; rather, she
suspects—like our participants—that “any regress of control
mechanisms has eventually to end in a decision to place – or
refuse – trust” [36].
Relinquishing control to this extent makes participants
vulnerable to potential harm; however, participants appeared
willing to make themselves vulnerable in this way as they had
made the decision to trust. When that decision has been made
intelligently, then that trust is an expression of autonomy, and
we simply have an obligation to ensure that trust is not breached.
Danger may occur when that trust is blind and insufficiently
informed to be considered autonomous. However, the
appropriate responses appear to be the same.
Therefore, these findings appear to have ethical implications,
as far as they indicate that, despite there being a strong emphasis
on informing participants and ensuring an autonomous decision
in research participation, establishing and maintaining trust may
be an essential part of smart home research and that allowing
and respecting that trust may be an appropriate way to respect
autonomy. If that trust is to be repaid and extended to future
studies, researchers should be aware that participants’ agreement
to take part in research imposes on the researchers a long-term
duty of care toward those participants.
Notwithstanding this general finding that it may be appropriate
and acceptable, in future smart home research (and, surely, in
many other fields), for respect for autonomy to be viewed and
understood through this lens of trust, our findings do also have
practical implications for fostering trust. First, the types of
information imparted in the consent process might be usefully
expanded. Beyond the usual information contained in patient
information sheets, these participants appeared keen to learn
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more about the practical ramifications of living with technology.
Second, consideration should be given to the methods of
communicating information. Written information appears useful,
but these participants particularly valued (ongoing) in-person
communication, including communication before their
recruitment during the public engagement events they attended.
Third, the thorny question of feeding findings back to
participants arose here. Some participants sought informational
rewards for their participation. However, this might prove
challenging for studies of this sort involving whole households,
given the need to maintain anonymity and the likely difficulties
in disentangling information about multiple participants in a
household. This is something that needs to be discussed and, if
necessary, negotiated during the household consenting process
(with researchers alert to the unequal power dynamics that exist
within households, especially those with older children). Fourth,
the promise of anonymity itself raises questions. These
participants appeared to assume that anonymity was guaranteed.
We query the viability of an absolute guarantee, and, in the first
instance, researchers need to be transparent about this from the
outset, given the role that transparency appears to play in
fostering trust. However, the presence of trust also implies a
long-term duty of ensuring that participant data remain as
anonymous as possible. Such a duty may imply that data
custodians should work closely with researchers conducting
secondary analyses to ensure that participants do not become
more identifiable as a result of secondary research. Finally,
thought should also be given to commercial involvement in the
research. Universities appear to be trusted entities, so they may
need to exercise caution when collaborating or sharing data with
industries. At a minimum, participants will expect to know if
or how this is happening; however, the presence of trust may
imply longer-term obligations to ensure that the trust is repaid
beyond the immediate terms for the consent that has been given.

Limitations
This study had some limitations. First, although the numbers
are adequate for qualitative research with a nonrandomized
sample [37], the generalizability or transferability of our findings
is necessarily limited, partly because this is qualitative research,
but moreover because the sample size was small and the
participants were all drawn from a single smart home project,
so their views might not be reflective of those involved in other
projects. Nevertheless, we consider the exposure of SPHERE
participants to prolonged and invasive ubiquitous monitoring
to be unique, and thus, research soliciting their insights is
justified on this basis. Second, interviewing and conducting
inductive thematic analysis are necessarily subjective processes,
so other researchers might have derived different themes.
However, we achieved thematic saturation and involved the
(multidisciplinary) research team in the analysis, so we believe
that we have at least given a fair account of the data collected.
Third, we could only capture the opinions of a self-selecting
sample of participants. The sample only included White
participants, and we acknowledge this lack of ethnic diversity
as a limitation. To our knowledge, there are no other similar
research studies that specifically report on ethnically diverse
populations, and unfortunately this lack of diversity appears to
be a common problem across other types of research involving
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human participants [38,39]. Providing opportunities for
involvement is a key part of increasing diversity in research
[40]; at the time of writing, SPHERE is funding a program of
outreach to ethnic minority groups in the city, with the explicit
aim that future studies can access the views of more diverse
individuals. For SPHERE-CARED, eligible individuals were
those who had agreed to participate not only in the SPHERE
project but also in further research linked to the project. This
means that we could only directly access and represent the views
of those willing to participate in the research; those who are
unwilling to participate in or even distrustful of the research
might well offer different insights. Nevertheless, we note that,
in addition to some areas of agreement, our data also captured
diverse opinions, including (indirectly) the views of those
resistant to participation in research. Finally, although we
endeavored to include young children in the interviews (aged
0-5 years), in practice, this proved difficult to achieve as they
were too young to follow the interview in full, and when the
interviewer posed simpler questions directly to the children,
they were shy or unable to articulate themselves; therefore, we
were only able to meaningfully use data from older children in
the analysis. Furthermore, although every effort was made to
create space and opportunity for older children to express
themselves during group interviews, it remains possible that
existing family power dynamics may have prevented some
children (or, indeed, less confident adults) from expressing their
opinions [41].

Conclusions
The SPHERE study offered a distinct opportunity to access the
experiences and opinions of participants involved in a smart
home research project. Our qualitative study invited willing
households to reflect on the practical and ethical dimensions of
consent to participation, privacy, anonymization, and data
sharing. Although a small study, participants offered insights
that might inform future research in this area (and, perhaps,
beyond).

Kennedy et al
Drawn to the project via their existing links to the university or
an introductory engagement event, the participants were mainly
and uniformly motivated to participate by an altruistic desire
to support (health-related) research directed toward the public
good. Despite valuing the thorough consent process, the
participants revealed certain difficulties with recalling and
comprehending the information received, the timing and amount
of the information provided, and the fact that the process
seemed, at least initially, to be somewhat abstract. Participants
also acknowledged the importance of privacy and confidentiality
but were reassured by the anonymity and nonsensitive nature
of the data collected, its unobtrusive collection, and their belief
that they were supporting valuable research, consistent with
their altruistic motivation. Notably, participants’ perceptions
of informed consent, privacy, and data use, all appeared to be
informed by their trust in the project. Among the factors relevant
to developing and maintaining their trust were the
trustworthiness of the research team, the provision of necessary
information, the control participants had over participation, and
the participants’ positive prior experiences of involvement in
research.
The findings may have practical implications for future research,
regarding not only (for example) the types of information
researchers should convey and the extent to which anonymity
can be assured but also the long-term duty of care owed to
participants who had trusted them not only on the basis of this
information but also because of their institutional affiliation.
Moreover, the propensity to trust according to prior experiences
with research or affiliation with research institutions raises an
important concern regarding diversity in research participation,
whereby researchers should be aware that individuals without
these prerequisites may not be so forthcoming in trusting
research and offering their participation. There also appear to
be important ethical implications: although autonomy matters,
trust appears to matter most to these participants. Therefore,
researchers should be alert to the need to foster and maintain
trust, particularly as failing to do so might have deleterious
effects on future research.
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Abstract
Background: Smartphone location data can be used for observational health studies (to determine participant exposure or
behavior) or to deliver a location-based health intervention. However, missing location data are more common when using
smartphones compared to when using research-grade location trackers. Missing location data can affect study validity and
intervention safety.
Objective: The objective of this study was to investigate the distribution of missing location data and its predictors to inform
design, analysis, and interpretation of future smartphone (observational and interventional) studies.
Methods: We analyzed hourly smartphone location data collected from 9665 research participants on 488,400 participant days
in a national smartphone study investigating the association between weather conditions and chronic pain in the United Kingdom.
We used a generalized mixed-effects linear model with logistic regression to identify whether a successfully recorded geolocation
was associated with the time of day, participants’ time in study, operating system, time since previous survey completion,
participant age, sex, and weather sensitivity.
Results: For most participants, the app collected a median of 2 out of a maximum of 24 locations (1760/9665, 18.2% of
participants), no location data (1664/9665, 17.2%), or complete location data (1575/9665, 16.3%). The median locations per day
differed by the operating system: participants with an Android phone most often had complete data (a median of 24/24 locations)
whereas iPhone users most often had a median of 2 out of 24 locations. The odds of a successfully recorded location for Android
phones were 22.91 times higher than those for iPhones (95% CI 19.53-26.87). The odds of a successfully recorded location were
lower during weekends (odds ratio [OR] 0.94, 95% CI 0.94-0.95) and nights (OR 0.37, 95% CI 0.37-0.38), if time in study was
longer (OR 0.99 per additional day in study, 95% CI 0.99-1.00), and if a participant had not used the app recently (OR 0.96 per
additional day since last survey entry, 95% CI 0.96-0.96). Participant age and sex did not predict missing location data.
Conclusions: The predictors of missing location data reported in our study could inform app settings and user instructions for
future smartphone (observational and interventional) studies. These predictors have implications for analysis methods to deal
with missing location data, such as imputation of missing values or case-only analysis. Health studies using smartphones for data
collection should assess context-specific consequences of high missing data, especially among iPhone users, during the night and
for disengaged participants.
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Introduction
Smartphones offer opportunities to collect sensor data frequently
from people’s daily lives and to determine their exposures or
behaviors. Smartphone location data can be collected frequently
(eg, daily, hourly, continuously) over sustained periods of time
[1]. Studies have used these data to quantify exposure to weather
[2,3], air pollution [4], vicinity to tobacco outlets [5], or to
deliver context-aware messages when participants visited health
facilities [6,7]. Smartphones can provide complete and accurate
location data, especially when participants are provided with
study smartphones, studies are short, and data are collected
nearly continuously [8,9]. However, in large-scale
epidemiological studies, location data are often collected for
longer periods, less frequently, and from participants’ own
smartphones. In these cases, missing data are more common
than when using research-grade location trackers [4,10,11]. In
observational research studies, missing data can result in the
loss of power, selection bias, and misclassification of
participants’ exposure or behavior [12]. In trials, it could hamper
safe and effective delivery of context-aware interventions that
rely on location data [13].
To anticipate the potential impact of missing location data on
study findings, we need to better understand how often, when,
and why location data are missing. Previous smartphone studies
have reported the amount of missing location data [4,10,14,15].
However, they typically did not investigate differences in
missing data over time [4,10,14,15], between participants
[4,10,14,15], or between operating systems [4,14]. In addition,
they have limitations of small sample sizes.
We therefore investigated the distribution of missing location
data over time, predictors of missing location data, and
between-participant differences. We used data from a
longitudinal smartphone study with 9665 participants using
Android phones or iPhones. We anticipate that understanding
the predictors of missing location data could inform researchers
who want to improve data completeness during study design
and data collection.

Methods
Ethics Approval and Consent to Participate
The University of Manchester Research Ethics Committee
(reference, ethics/15522) and the National Health Service
Integrated Research Application System (reference
23/NW/0716) approved this study. Participants were required
to provide electronic consent for study inclusion. Further details
are available elsewhere [2,3].

Study Design
We performed a secondary analysis of the data from an
observational smartphone study that analyzed the association
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between weather conditions and chronic pain in the United
Kingdom (study name: Cloudy with a Chance of Pain) [3]. In
this study, we collected self-reported pain levels from a large
group of people with chronic pain such as osteoarthritis,
rheumatoid arthritis, or migraine. The exposure of interest was
daily average weather conditions (ie, temperature, relative
humidity, wind speed, and air pressure). To determine what
daily average weather conditions participants were exposed to,
the app recorded participants’ geolocation, which we could link
to weather reports from local weather stations. The analysis of
the weather and pain association and the details of data
collection are described elsewhere [2,3].

Data Collection
People with chronic pain downloaded the app onto their Android
phones or iPhones, provided informed consent, and reported
baseline participant characteristics (eg, sex, year of birth,
self-reported weather sensitivity). At local time of 6:24 PM
each day, participants received a push notification to complete
a survey, rating 10 aspects of symptoms, behavior, and
well-being. To obtain weather data from the closest weather
station, geolocation was required. The app was programmed to
record geolocation each hour on the hour; thus, the app would
ideally obtain 24 geolocations each day. The app used GPS
(outdoors) and network signals (inside buildings) to determine
the latitude and longitude. The app’s ability to record
geolocations depended on (1) the participant granting the app
access to their geolocation and (2) the participant switching on
the location services on their phone. Upon downloading the
study app, the participants were requested access to their
geolocation. Access to geolocation was voluntary; participants
who provided the app with access to their geolocation could
retract access at any time or switch off location services
temporarily or permanently, in which case the app would not
be able to record the participant’s location. The app recorded
the operating system of the smartphone, but this feature was
introduced 1 week after the recruitment launch and was not
collected for early enrollers.

Data Preparation and Eligible Participants
We investigated location-data completeness on calendar days
that a participant completed the survey. Participants were
eligible if they completed the survey at least once, excluding
the day of enrollment. This exclusion ensured comparability of
participant days, as recording 24 geolocations would be unlikely
on the day of download. For each participant, we selected all
days with survey data. For each full clock hour, we added
indicators for (1) location data (1 if observed, 0 if missing), (2)
number of days since the most recent survey completion (0 if
less than 24 hours ago, 1 if 24-47 hours ago, etc), (3) time in
study (days since first survey submission), and (4) time
(weekday or weekend, part of the day where night was
considered as midnight to 5:59 AM, morning as 6 AM to 11:59
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e28857 | p.21
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AM, afternoon as noon to 5:59 PM, evening as 6 PM to 23:59
PM, and hour of the day). In addition, we added indicators for
variables that did not change over time: (1) participant
characteristics (eg, sex, age, self-reported weather sensitivity)
and (2) operating system (eg, iPhone operating system, Android,
or unknown).

Data Analysis
We reported the number of eligible participants and their
characteristics. We reported location-data completeness (1) per
day (number of recorded locations during a day), (2) per hour
for each clock hour (percentage of participant days with a
recorded location data at that hour), (3) per hour for the 4 hours
before and after survey completion, and (4) averages per
participant (median number of recorded locations) for all
participants and stratified by operating system. We investigated
predictors of the outcome “presence of a location data point”
(0 if missing, 1 if observed for a given full clock hour) with a
logistic regression model with a participant-specific random
intercept for within-participant correlation between repeated
measurements [16-18]. A multivariable model identified whether
the likelihood of the missing location data were associated with
time indicators (ie, weekdays vs weekend days, part of the day),
participant characteristics (ie, age, sex, self-reported weather
sensitivity dichotomized around the median), operating system
on their phone, survey compliance (ie, days since previous
survey entry), or time in study (ie, days since first survey entry).
Only participants with complete data for all covariates
contributed information to the model. We estimated 95% CIs
with 1000 simulations as recommended in [19]. Models were
fitted in R (R Core Team) version 3.6 with the package lme4
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[18]; odds ratios (ORs) and CIs were estimated using the
merTools package [20].

Results
The app was downloaded by 13,207 participants, of which 9665
were eligible for inclusion (mean age 49 [SD 13] years; females,
7211/9665, 74.6%). These participants contributed to 488,400
participant days (median 14 eligible days/participant; IQR 4-60
days/participant). Of 9665 participants, 3109 (32.2%) used an
Android phone, 1930 (19.9%) an iPhone, and the operating
system was unknown for the remaining 4626 (47.6%)
participants. We expected 11.72 million location data points or
clock hours: 24 for each hour in the 488,400 participant days.
Of 11.72 million hours, the app collected only 4.36 million
clock hours (37.2%), resulting in missing data for the remaining
7.36 million clock hours. Data completeness per participant day
varied from no location data (0/24) to fully complete data (24/24,
Figure 1A, median 3, IQR 1-19). Location data were complete
(24/24) for 17.5% (85,606/488,400) of participant days.
Participant days with no location (93,255/488,400, 19.1%), 1
location (67,963/488,400, 13.9%), or 2 locations
(64,207/488,400, 13.1%) were also common. Location was
most often recorded at 7 PM (232,295/488,400, 47.5% of
participant days; Figure 1B) just after the default notification
of 6:24 PM. Locations were least often recorded between
midnight and 6 AM. Location data were often recorded for the
hour before survey completion (281,767/487,391, 57.8%) and
the hour after survey completion (257,743/436,263, 59.1%;
Figure 1C).
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Figure 1. Data completeness. A: Distribution of participant days with a recorded location, stratified per hour of the day (N=488,400). B: Data completeness
per hour of the day (N=24 x 488,400). C: Data completeness around the moment of survey completion (N=24 x 488,400). The red X marks app usage,
and 1st is the first full clock hour after data entry.

For most participants, the app collected a median of 2 out of a
maximum of 24 locations (1760/9665, 18.2% of participants),
no location data (1664/9665, 17.2%), or complete location data
(1575/9665, 16.3%; Figure 2A). Stratification by phone
operating system and participant characteristics showed that
31.0% (965/3109) of Android users had 24 recorded locations
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on average versus less than 1% (6/1930) of iPhone users (Figure
2B). Android users usually had averages of 24 (out of 24)
(965/3109, 31.0%) or 0 (out of 24) locations (640/3109, 20.6%).
iPhone users usually had averages of 2 (out of 24) (859/1930,
44.5%) or 1 (out of 24) (362/1930, 18.8%) location, while only
0.03% (6/1930) had averages of 24 (out of 24) locations.
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Figure 2. Median locations per day per participant. A: All participants (N=9665). B: Stratified by operating system for 3109 Android users and 1930
iPhone users. iOS: iPhone operating system.

The generalized linear mixed-effects model estimated whether
time indicators, operating system, time since previous survey
completion, or participant characteristics predicted the presence
of a location data point (N=4435). The presence of a location
data point was strongly predicted by the operating system and
the part of the day (Table 1). The odds of a recorded location
were the highest for Android phones (OR 21.91, 95% CI
19.53-26.87, referent: iPhone operating system) and during the
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afternoon (OR 1.18, 95% CI 1.18-1.20, referent: morning). The
odds of a recorded location were lower in the weekends (OR
0.94, 95% CI 0.94-0.95, referent: weekdays) and if previous
survey completion was longer ago (OR 0.95 per additional day,
95% CI 0.95-0.95) and marginally lower if a participant’s time
in study was longer (OR 0.998, 95% CI 0.9984-0.9985).
Participant characteristics (eg, age, sex, self-reported weather
sensitivity) did not predict the probability of location data.
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Table 1. Results of the generalized linear mixed-effects model estimating the odds of having a recorded location (N=4435).
Variable

category

Odds ratio (95% CI)

Weekdays

Referent

Weekend

0.94 (0.94-0.95)

Morning

Referent

Afternoon

1.19 (1.18-1.20)

Evening

1.11 (1.10-1.11)

Night

0.37 (0.37-0.38)

Per day

0.99 (0.99-1.00)

iPhone operating system

Referent

Android

22.91 (19.53-26.87)

Time since previous
survey completion

Per day

0.96 (0.96-0.96)

Age

Per 10 years

1.00 (1.00-1.01)

Female

Referent

Male

0.99 (0.80-1.22)

Weak

Referent

Strong

0.98 (0.84-1.15)

Day of the week

Part of the day

Time in study
Operating system

Sex

Weather sensitivity

Discussion
Principal Findings
In our study, location data collected from participants’
smartphones were missing for 63% of the intended hours (7.36
million/11.72 million). This percentage is higher than that
reported in 5 other studies, reporting 26% [4], 28% [14], and
50% [10,15,21] of missing data. This difference may be due to
the choices during the analysis: 3 studies excluded participants
with the highest amounts of missing data and only investigated
Android users, possibly resulting in an underestimation of the
overall percentage of missing location data [4,14,21]. The other
2 studies sampled location continuously multiple times per hour
for a few minutes, suggesting that our findings may not
generalize to higher frequencies of location data collection
[10,15].

Why Do Time Indicators and Operating System
Predict Location-Data Completeness?
Missing data were predicted by part of the day, time since
previous survey completion, and participants’ operating system.
Missing data at night might be caused by people being indoors
where GPS signals are unavailable [11] or by their phones being
switched off in airplane mode or out of battery [11,22]. Location
data were most complete in the hour before and after survey
completion, showing that apps are more likely to record the last
known location upon restarting the app and the location on the
https://mhealth.jmir.org/2021/11/e28857
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clock hour after. In addition, we found a small but significant
reduction in odds of a recorded location over time. Lower
location-data completeness when people stay longer in a study
is in line with the findings reported previously [22]. Less than
1% of iPhone users had complete location data. Other studies
of smartphone data corroborate our finding of higher missing
sensor data in iPhone users compared to Android users. iPhone’s
operating system refuses geolocation requests by apps more
often compared to Android. Reasons for refusing geolocation
requests are, for example, to reduce the phone’s power
consumption or to prioritize sensor data collection by other apps
[10,15,23,24]. Of note, some studies have succeeded in obtaining
higher coverage location data from iPhones compared to
Android phones in spite of these operating system–specific
differences [22,25]. This finding suggests that the research app
used to collect data and the way this app interacts with the
operating system may influence the amount of missing data.
Experimental studies could further investigate this, as we cannot
exclude the role of other differences between this study and our
own study, such as the investigated population (eg, mean age
48 years in our study, but mean age 25 years in [22]) and
sampling frequency (once an hour in our study; continuously
for 1 minute every 10 minutes in [15,22]).

Implications: Consequences of Missing Data Are
Context-Specific
Although missing location data reduce precision, they do not
necessarily reduce a study’s validity. For example, missing data
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e28857 | p.25
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during the night may not be a problem for a study interested in
identifying daytime behaviors from location data. In our study,
we calculated daily average exposure to the weather based on
the 24-hourly weather reports from participants’ location [3].
For days with missing data, we imputed participant location.
As UK weather stations are approximately 40 km apart, missing
information on small relocations would not result in assigning
participants to the wrong weather station. Furthermore,
misclassification would only occur if the weather conditions at
the “wrong” weather station were sufficiently different to change
a participant’s daily average exposure. Most previous studies
investigating weather and pain measured participants’ location
only once and used daily weather reports, rather than hourly
[26]. Compared to those studies, weather exposure in our study
is less likely to be misclassified, even for participants with only
1 or 2 observed locations per day.
Participant age and sex did not predict missing location data,
suggesting that data completeness is not associated with those
2 demographic factors. However, the difference in location-data
completeness between iPhone and Android users could be a
source of bias. Just-in-time interventions that depend on location
data could be less safe and effective for iPhone users compared
to Android users. On average, Android users have a lower
socioeconomic status than iPhone users—a factor that is related
to many health outcomes and may be associated with health
disparities in underprivileged groups [27-29]. In observational
studies, this difference could introduce selection bias. For
example, exclusion of participants with incomplete data
(complete case analysis) could lead to results that do not
generalize to wealthier iPhone users.
Observational studies could impute missing location data based
on participants’ past behavior [30,31]. In that case, it is
important to assess whether the imputation algorithm is also
valid for iPhone users who may have fewer past data points
available. If imputation is not feasible, researchers may want
to consider using different devices to collect location data, such
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as a GPS tracker, which may be more suitable to answer certain
research questions requiring complete location data for short
periods of time [4,9]. Of note, although the imputation would
mitigate some threats to internal validity due to selection bias,
they do not address external validity. Study results may still not
be generalizable to the wider population, especially not to
underserved communities that tend to use health technologies
less and may have fewer financial resources to purchase
smartphones and pay for connection maintenance [29].

Improving Location-Data Completeness
At study design, researchers should optimize app settings and
user instructions to improve location-data completeness. Our
study showed that location was more often recorded around
survey completion and around push notifications. Thus,
encouraging participants to complete surveys and sending push
notifications may improve location-data completeness as well
as survey responses. As Android phone users have higher
location-data completeness than iPhone users, restricting
participation to Android users could improve location-data
completeness. However, it could introduce important limitations
to generalizability, given that many people have iPhones (market
share 27% worldwide [32] and 54% in the United States [33]).

Conclusion
Missing hourly smartphone location data is common: in our
study, 63% of hourly data points were missing. Missing data
were more likely for iPhone users, during the night, on weekend
days, and if participants had not recently used the app to
complete a survey. Participant age and sex did not predict
missing location data. Differences in location-data completeness
between iPhone and Android users may impact the validity of
observational or interventional studies. The predictors of missing
data can help researchers at study design to optimize app settings
and user instructions for higher location-data completeness. In
addition, it may inform their assessment of context-specific
consequences of missing location data.
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Abstract
Background: Despite the ubiquity of smartphones, there is little guidance for how to design mobile health apps to increase use.
Specifically, knowing what features users expect, grab their attention, encourage use (via predicted use or through positive app
evaluations), and signal beneficial action possibilities can guide and focus app development efforts.
Objective: We investigated what features users expect and how the design (prototypicality) impacts app adoption.
Methods: In a web-based survey, we elicited expectations, including presence and placement, for 12 app features. Thereafter,
participants (n=462) viewed 2 health apps (high prototypicality similar to top downloaded apps vs low prototypicality similar to
research interventions) and reported willingness to download, attention, and predicted use of app features. Participants rated both
apps (high and low) for aesthetics, ease of use, usefulness, perceived affordances, and intentions to use.
Results: Most participants (425/462, 92%) expected features for navigation or personal settings (eg, menu) in specific regions
(eg, top corners). Features with summary graphs or statics were also expected by many (395-396 of 462, 86%), with a center
placement expectation. A feature to “share with friends” was least expected among participants (203/462, 44%). Features fell
into 4 unique categories based on attention and predicted use, including essential features with high (>50% or >231 of 462)
predicted use and attention (eg, calorie trackers), flashy features with high attention but lower predicted use (eg, links to specific
diets), functional features with modest attention and low use (eg, settings), and mundane features with low attention and use (eg,
discover tabs). When given a choice, 347 of 462 (75%) participants would download the high-prototypicality app. High
prototypicality apps (vs low) led to greater aesthetics, ease of use, usefulness, and intentions, (for all, P<.001). Participants thought
that high prototypicality apps had more perceived affordances.
Conclusions: Intervention designs that fail to meet a threshold of mHealth expectations will be dismissed as less usable or
beneficial. Individuals who download health apps have shared expectations for features that should be there, as well as where
these features should appear. Meeting these expectations can improve app evaluations and encourage use. Our typology should
guide presence and placement of expected app features to signal value and increase use to impact preventive health behaviors.
Features that will likely be used and are attention-worthy—essential, flashy, and functional—should be prioritized during app
development.
(JMIR Mhealth Uhealth 2021;9(11):e29815) doi:10.2196/29815
KEYWORDS
smartphone; interactive design; mobile apps; preventive health; mental models; prototypicality; attention; affordances
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Introduction
Background
With the rapid increase in the use of mobile technologies and
smartphones for health information [1,2], mobile apps present
one possible solution for communicating preventive health
information to the public [3-5]. Over the past decade, hundreds
of health mobile apps have been produced—many designed by
public health interventionists and researchers for cancer and
other chronic disease prevention by encouraging healthy eating
and physical activity [6-8]. While it remains unclear how
successful these apps have been in reducing the incidence of
cancer or improving health outcomes for other chronic diseases,
there is a call for an increase in the accountability, reliability,
and standardizations of evidence-based health apps developed
by the research community [8-10].
Despite the potential of mobile health (mHealth) apps for
communicating up-to-date, evidence-based prevention
information and helping users maintain or implement healthy
habits, there is very little guidance on how these intervention
apps should be designed to ensure adoption [11]. Designing
apps so they are appealing and used is a critical first step for
apps to have an impact [12]. Visual and interactive design
influences initial user evaluations, which are made within
milliseconds, and serve as gateways for subsequent user
engagement (eg, use) of apps as mHealth interventions [13-15].
Ignoring design can detrimentally impact the communication
of evidence-based science to health consumers and undercut
the effectiveness of mHealth interventions; yet, few mHealth
interventions mirror the look and function of popular,
industry-developed apps. Thus, our study objective was to
explore app features expectations and examine how meeting
expectations with high- (vs low-) prototypicality apps may
influence predictors of app adoption.
How apps are designed (visual display) and the features they
include (interactivity) can influence users’ experience of and
willingness to engage with apps. Individuals use salient cues
that match their expectations, or mental models, to evaluate
web-based information [16,17]. These expectations are met (or
not) by the level of prototypicality or the degree to which an
app resembles others in its comparative group [17,18]. Based
on included design cues, in the form of interactive features, apps
can range from having high prototypically (looks like others
and meets expectations well) to low prototypicality (does not
resemble others nor meet expectations) [19]. Users are often
quicker and more willing to attend to apps that have high
prototypicality—when designs align with one’s mental models
for how an app should look and function [19-21]. Indeed, users
look for and pay attention to expected, salient features as guides
to orient themselves to novel apps and platforms [21]. When
these expected features are present, they increase familiarity
and potential use of the app [19-21]; however, little is known
on how attention for specific features translates into individual
feature use versus overall app use.
The perceived affordances, or perceived action possibilities (eg,
learn health tips), that users sense from app features also directly
impact a user’s experience and likelihood to engage with a
https://mhealth.jmir.org/2021/11/e29815
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design [22-24]. Specifically for mediated communication,
including apps, design communicates what the viewer can do
or gain from the use of an app, through interface symbols. Thus,
not only must mHealth interventions have evidence-based
content to drive use, but also apps must incorporate an
evidence-based design to appeal to and engage audiences.
Design features influence the appeal or perceived aesthetics of
the app and the likelihood for use [25,26]. To be effective, health
apps must surely be used. It is necessary to understand how
objective design features (the visible objects or designs in an
app) influence subjective evaluations for initial appeal on the
basis of theories of aesthetics [27-29] and antecedents for
technology adoption in the Technology Acceptance Model
(TAM); that is, perceived ease of use, perceived usefulness, and
intentions to use [30,31]. Aesthetics, including facets for how
information is organized and displayed, function as a precursor
to perceptions for technology acceptance [28,31]. Accounting
for users’ expectations of features and placements within apps
will shed light on how prototypicality impacts evaluations
critical for future adoption.
Utility also drives evaluation of an app’s usefulness and potential
adoption, according to Nielsen et al’s [32] well-established
usability study. Utility refers to the inclusion of necessary
features—whether an app provides the elements an individual
needs or wants. When utility is paired with usability—when
features are perceived as easy (perceived ease of use) and
pleasant (aesthetics) to use—individuals are encouraged to
engage or interact. In other words, interactivity is dependent on
a user’s willingness to engage with specific design features, if
present (utility) and function properly (usability). In our work,
we focus on the former—how app features that are needed
(utility) or expected (prototypical) are the gateway to potential
adoption.

Goal of This Study
In sum, engagement with and use of an app is driven by initial
impressions and perceptions of what the app can do for the user.
Top-rated industry-developed apps often incorporate a
user-focused sleekness and are feature loaded; in comparison,
pared-down mHealth interventions—despite the inclusion of
theory-based content—may not appeal to audiences who need
them [33]. When resources are not abundant, health researchers
and interventionists need evidence-based guidance for design
investments. Thus, we explored app expectations for the
presence and placement of potential features, how these features
garner attention and predict use, and how high-prototypicality
apps (vs low-prototypicality apps) may influence app adoption
through app choice and predictors of use. We asked the
following research questions: What features do people expect
and where do they expect these features to be placed (RQ1)?
What specific features are associated with attention and
predicted use of the app features (RQ2)? Last, we also examined
whether high prototypicality, resembling that of top downloaded
apps (vs low-prototypicality apps, resembling research
intervention apps) would increase app choice (H1), aesthetics
(H2), perceived ease of use (H3), perceived usefulness (H4),
intentions to use the app (H5), and perceived affordances or
action possibilities with the app (H6).
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e29815 | p.30
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Methods
Overview
To explore app features expectations and examine how meeting
expectations
with
high-prototypicality
apps
(vs
low-prototypicality apps) may influence predictors of app
adoption, we conducted a web-based survey with an embedded
within-subjects experiment. Participants first responded to
survey items about expectations for specific app features to
answer RQ1-2 and an app choice (preview of apps with high
vs low prototypicality) to address H1. Participants were then
asked to rate their perceptions of the app overall, with the
exposure order of condition (high vs low) randomized, to
address H2-6.

Participant Recruitment
Using G*Power, our a priori power analysis indicated a required
sample of at least 450 participants to detect a small-to-medium
effect (Cohen f=0.14) for within-subjects comparison of the
high and low prototypicality apps. Participants (n=462) were
recruited from Amazon’s Mechanical Turk (MTurk), a
web-based crowdsourcing platform often used for social science
research [34-36], through a link open to individuals over the
age of 18 years. Participants were eligible if they were aged 18
years or older, resided in the United States, and had a task
approval rate of 85% or higher on the MTurk platform, which
indicates valid participation or completion of previous tasks.
Participants received US $3 as compensation for their time
(approximately 15 minutes). The institutional review board of
University of North Carolina approved this study.
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Procedure
Following consent, participants selected features (from a list)
they would expect to find in a health app. For all expected
features, participants were shown an outline of a smartphone
and asked where that feature would be located in a typical health
app. Participants were then randomly assigned to 1 of the 2 app
types for the remainder of the study: fitness apps or nutrition
apps. Participants selected the app they would most like to
download from 2 previews (prototypical: high vs low). On
subsequent pages, participants indicated what features grabbed
their attention and what features they predicted they would use
(predicted use) on their preferred app. Participants were shown
the app previews again (one at a time, in a random order) and
asked closed-ended items for perceived aesthetics, ease of use,
usefulness, intentions to use the app in the future, and perceived
affordances. Lastly, demographic, health, and health app
information were collected from all participants. Closed-ended
items and response options are described below (see Measures)
and provided in Multimedia Appendix 1.

App Stimuli
To assess the impact of prototypicality on app perceptions, app
previews were created for four fictitious brands: 2 fitness and
2 nutrition health apps (Figure 1). We designed previews for
each app as they would appear if searched for in a mobile app
store, including the app icon, brand name, and 2 preview screens
of the app. High-prototypicality apps were developed on the
basis of structure and content from top rated apps (Aaptiv,
Lifesum) in the Health & Fitness section of the App Store.
Low-prototypicality apps were designed to mirror the mobile
interface of an interactive intervention (Carolina Health
Assessment and Research Tool) for data collection and tailored
feedback for preventive health behaviors [37].
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Figure 1. App preview stimuli.

Measures
Feature Selection and Placement
Participants selected features from a list they “would expect to
find in a health app.” The list was generated from structured
interviews about fitness tracker apps [38] and included 12
features: menu, search option, settings option, logo, log/input
data option, share with friend option, summary statistics,
summary graph/chart, calendar, page title, login, and user
https://mhealth.jmir.org/2021/11/e29815
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profile. For each expected (ie, selected) feature, respondents
were shown a smartphone screen divided into a grid of 60
distinct clickable hot spot regions. Respondents selected as
many regions of each screen as necessary for expected
placement.

App Choice
Participants were instructed to “select the app you would most
likely download.” The 2 response options were the low
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prototypical app and the high prototypical app, for their
randomly assigned app type (physical activity or nutrition).

progress,” “earn rewards,” and “share my health data with
friends” [41,42].

Feature Attention and Predicted Use

Participant Characteristics

To identify features that attracted participants’ attention and
predicted use, participants were shown the app preview they
selected during app choice. Participants were asked, “What
elements in the app caught your attention?” and instructed to
“select all elements that grabbed your attention within the app
preview.” On the following page of the questionnaire the app
preview was shown again; participants were asked, “What
elements in the app do you think you would use?” and selected
the elements in the preview. As performed in previous studies
[39,40], a priori hot spots were constructed around each app
feature (Multimedia Appendix 1). Hot spots were not visible
until participants selected the feature and then the feature was
highlighted.

Demographic items assessed age, gender, race, ethnicity, and
education. Additionally, we asked about one’s health and mental
health status with the item: “in general, would you say your
[mental] health is…” Response options ranged from “very poor”
(coded as 1) to “very good” (5). We also asked whether
participants “use a health app” with a “yes”/”no” response
option.

Perceived Aesthetics
The validated Visual Aesthetics of Website Inventory (VisAWI)
assessed 4 facets of aesthetics with 18 items for simplicity, “The
layout appears well structured”; diversity, “The layout appears
dynamic”; colorfulness, “The colors are appealing”; and
craftsmanship, “The app is designed with care” [28]. Response
options ranged from “strongly disagree” (coded as 1) to
“strongly agree” (5). Responses were averaged for each facet
(α=.76-.90).

Perceived Ease of Use
Participants’ perceived ease of use, or belief that using the
technology would not be difficult, were assessed with 3 adapted
Likert-type items [30]: “The app was clear and understandable,”
“Getting the app to function does not require much mental
effort,” and “I find the app to be easy to use.” Response options
ranged from “strongly disagree” (coded as 1) to “strongly agree”
(5). Responses were averaged (α=.84-.87).

Perceived Usefulness
The degree to which one believes that the technology will
enhance their life was assessed with 3 adapted Likert-type items
[30]: “Using the app would improve my health,” “Using the
app would make me more likely to meet my health goals,” and
“I would find the app useful for achieving my health goals.”
Response options ranged from “strongly disagree” (coded as 1)
to “strongly agree” (5). Responses were averaged ( =.85-.88).

Data Analyses
We used n (%) values to describe app feature expectations,
placement, app choices, attention, predicted use, and perceived
affordances. Frequencies for attention vs predicted use and for
perceived affordances of the high- vs low-prototypicality apps
were compared with McNemar chi-square tests. Prior to this
analysis for direct effects of prototypicality, a multivariate
analysis of variance (MANOVA) was used to determine if there
are any significant differences in perceptions among the app
types (fitness and nutrition) across aesthetics and TAM
outcomes. No differences were observed for high prototypicality
(aesthetics outcomes: Wilks λ=0.98; F4,454=1.08; P=.10; TAM
outcomes: Wilks λ=0.99; F3,454=1.08; P=.36) or low
prototypicality (aesthetics outcomes: Wilks λ=0.99; F3,452=0.68;
P=.61; TAM outcomes: Wilks λ=1.00; F3,454=0.10; P=.96), so
data within conditions (high vs low prototypicality) were
combined for analyses. Two repeated measure (RM)
MANOVAs and analyses of variance (ANOVAs) were then
conducted with high vs low prototypicality as the predictor; 1
for aesthetic outcomes (simplicity, diversity, colorfulness, and
craftsmanship) and 1 for technology acceptance outcomes
(perceived ease of use, usefulness, and intentions to use).

Results
Participants

Intentions or plans to use the app “if the app were available”
were assessed with 2 Likert-type items [30]. Participants rated
their agreement to statements that they “intend” and “predict”
they would use the app next month with response options that
ranged from “strongly disagree” (coded as 1) to “strongly agree”
(5). Responses were averaged (r=0.88-0.93).

Participants (n=462) were aged 18 to 70 years (mean age 35.03
years, SD 10.02 years) and half of them were female (50%,
232/462). Participants identified as White (78%, 358/462),
African American (13%, 58/462), Asian (8%, 35/462), or
multiracial/other; additionally, 48 of 462 participants (10%)
reported their ethnicity as Hispanic. Education levels included
high school to some college (33%, 153/462), associate degree
(13%, 60/462), bachelor’s degree (43%, 197/462), master’s
degree (10%, 45/462), and doctoral or professional degree (2%,
7/462). Most participants reported their health as good (48%,
220/462) or very good (17%, 78/462), although some did report
that their health was fair (30%, 138/462), poor (4%, 20/462),
or very poor (1%, 4/462). Over half of the participants (53%,
248/462) reported currently using health apps.

Perceived Affordances

App Feature Selection and Placement

Participants reported perceived action possibilities from the app
with the item, “This app would allow me to…” Response options
included a list of 13 dichotomous items generated from
evidence-based behavior change techniques and reasons for
eHealth adoption, such as “set health goals,” “track my

Each of the 12 features was selected by at least 44% (203/462)
of participants (RQ1). The majority of participants (92%,
425/462) selected a menu, settings options, and user profile;
notably, these features (ie, menu, settings option, and user
profile) were selected an equal number of times but not by the

Intentions to Use
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same respondents. Additional features were expected, including
the following: login (88%, 406/462), summary graph/chart
(86%, 396/462), summary statistics (86%, 395/462), input data
feature (80%, 368/462), calendar (77%, 354/462), logo, (77%,
357/462), search (69%, 321/462), page title (62%, 286/462),
and an option to “share with friends” (44%, 203/462).
Most features were expected in similar locations (Figure 2)
among participants who had expected features (n=425). Menus

Lazard et al
were consistently expected to be in the top-left, while search
and login options are placed in the top-right corner. Other
features—title, logo, profile, and settings—were expected along
the top, in the center, or either side. Sharing capability was
expected to appear in the bottom-right of the app, although
expectations of where to log input data were more diffuse. Users
expect summary statistics, graphs, and calendars to be shown
across the center of the app.

Figure 2. Expected app feature location (n=425).
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Attention and Predicted Use of App Features
Respondents selected features of their preferred app, which
caught their attention and they would use (Table 1 and
Multimedia Appendix 1). Attention and predicted use patterns
of the high-prototypicality apps indicate 4 distinct categories
of mHealth app features. Mundane features are those that have
similar low attention and predicted use values. In the fitness
app, the footer menu options “Discover” and “Saved” represent
mundane features. Functional features have higher predicted
use than attention, but predicted use remains low (<50%,
<231/462) among participants, such as the settings icon in both
apps. Flashy features are elements identified as

attention-capturing by most participants (>50%, >231/462), and
attention is significantly higher than the predicted use. In the
nutrition app, large photo-based links for the “Ketogenic Easy”
and “Ketogenic Medium” diets represent flashy features.
Essential features are elements that most participants (>50%,
>231/462) thought they would use, and where predicted use is
higher than or similar to attention, as with the “Calorie Tracker”
in the nutrition app. Not included in these 4 categories are
elements that have higher attention than predicted use, but the
attention remains low (<50%, <231/462); the only features with
these characteristics were logos and app titles, as well as 2
features partially obscured in the design.

Table 1. Reported attention and predicted use of app features (n=462).
App

Feature

Attention, n (%)

Predicted use, n (%)

Chi-square (df)

P value

Fitness

Footer menu option
“Discover”

48 (29)

52 (32)

0.20 (1)

.66

Fitness

Footer menu option
“Saved”

41 (25)

42 (26)

0.00 (1)

>.99

Nutrition

Footer menu option
“Plus”

23 (13)

28 (15)

0.46 (1)

.50

Fitness

Footer menu option
“Settings”

49 (30)

69 (42)

7.22 (1)

.007

Nutrition

Search Icon

21 (12)

38 (21)

5.95 (1)

.02

Nutrition

Footer menu option
“Profile”

25 (14)

58 (32)

19.32 (1)

<.001

Fitness

Activity 1 “Outdoor
Running”

109 (66)

63 (38)

32.66 (1)

<.001

Fitness

Acitivty 2 “Treadmill”

104 (63)

53 (32)

38.46 (1)

<.001

Nutrition

Ketogenic Easy feature

109 (60)

71 (39)

20.74 (1)

<.001

Fitness

Performance Tracker
feature

142 (86)

157 (95)

N/Aa

.003

Nutrition

Calorie Tracker feature

156 (86)

160 (88)

N/A

.54

Nutrition

Calendar feature

88 (48)

114 (63)

11.57 (1)

.001

Mundane

Functional

Flashy

Essential

a

N/A: chi-square values are not applicable if fewer than 25 discordant pairs; binominal distributions are used for exact 2-tailed significance in these
comparisons.

Effects of Prototypicality on App Choice, Aesthetics,
and Technology Acceptance
When asked to choose between the high-prototypicality app
and one designed to look more like a typical health intervention
(low prototypicality), 347 of 462 (75%) participants indicated
they would download the high-prototypicality app (H1).
Prototypicality had a significant main effect on all facets of
aesthetics and technology acceptance outcomes (Table 2).
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High-prototypicality apps (vs low-prototypicality apps) had
significantly higher ratings of aesthetics for simplicity
(F1,455=291; P<.001), diversity (F1,455=578; P<.001),
colorfulness (F1,455=295; P<.001), and craftsmanship
(F1,455=462; P<.001). Similarly, the high-prototypicality app
was rated higher than the low prototypicality app for perceived
ease of use (F1,455=84; P<.001), usefulness (F1,455=116,
P<.001), and intentions to use the app (F1,455=170; P<.001).
H2-5 were supported.
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Table 2. Main effects of prototypicality on aesthetics and technology acceptance (n=456).
Attributes

High prototypicality, mean (SD)

Low prototypicality, mean (SD)

F test (df)

P value

Simplicity

4.26 (0.74)

3.19 (1.00)

291 (1,455)

<.001

Diversity

4.10 (0.74)

2.48 (1.09)

578 (1,455)

<.001

Colorfulness

4.38 (0.74)

3.41 (0.94)

295 (1,455)

<.001

Craftsmanship

4.25 (0.75)

2.83 (1.07)

462 (1,455)

<.001

Perceived ease of use

4.26 (0.75)

3.74 (0.97)

84 (1,455)

<.001

Perceived usefulness

4.08 (0.74)

3.58 (0.91)

116 (1,455)

<.001

Intentions to use

3.83 (1.00)

2.95 (1.28)

170 (1,455)

<.001

Impact of Prototypicality on Perceived Affordances
Participants reported that the app would allow them to carry
out various actions in both the high- and low-prototypicality
design (Table 3). Almost all perceived affordances had
significantly higher endorsement for the high-prototypicality
(vs low-prototypicality) apps (P<.01), partially supporting H6;
to “learn health tips” was the only affordance endorsed similarly

in both conditions. The most highly endorsed affordances (>60%
across conditions or >277/462) were the following: “track my
progress” (high: 93%, 430/462; low: 70%, 325/462), “set health
goals” (high: 88%, 405/462; low: 73%, 339/462), “improve my
health” (high: 74%, 342/462; low: 63%, 293/462), “learn health
tips” (high: 73%, 336/462; low: 76%, 353/462), and “give me
more information about my health” (high: 70%, 325/462; low:
63%, 292/462).

Table 3. Frequencies and McNemar chi-square differences for perceived affordances (n=462).
Affordances

High prototypicality, n (%)

Low prototypicality, n (%)

Chi-square (df)

P value

Track my progress

430 (93.1)

325 (70.3)

79.70 (1)

<.001

Set health goals

405 (87.7)

339 (73.4)

30.75 (1)

<.001

Improve my health

342 (74.0)

293 (63.4)

20.15 (1)

<.001

Learn health tips

336 (72.7)

353 (76.4)

2.59 (1)

.11

Give me more information about my health

325 (70.3)

292 (63.2)

6.86 (1)

.009

Create new health habits

310 (67.1)

265 (57.4)

11.06 (1)

.001

Increase my control over my health

323 (69.9)

239 (51.7)

46.86 (1)

<.001

Make meeting my health goals easier

292 (63.2)

195 (42.2)

51.28 (1)

<.001

Have fun with technology

256 (55.4)

135 (29.2)

79.57 (1)

<.001

Interact with others

120 (26.0)

47 (10.2)

56.63 (1)

<.001

Share my health data with friends

100 (21.6)

47 (10.2)

35.12 (1)

<.001

Share my health data with a healthcare provider

74 (16.0)

50 (10.8)

11.50 (1)

.001

Earn rewards

57 (12.3)

34 (7.4)

10.30 (1)

.001

Discussion

apps (eg, low prototypicality), leading to a suboptimal first
impression and diminishing users’ expectations [19].

Principal Findings

It is likely that the actual use of multiple apps influences
preventive behavior [44]; thus, identifying key features, or
classes of features, to increase orientation and facilitate ease of
use and usefulness are needed to guide intervention
development. Our findings for user attention and predicted use
of features point to 4 distinct types of mHealth features that
should be considered when developing mHealth. Of these, 3
categories serve as useful features of mHealth: driving attention,
perceived use, or both.

For mHealth to have an impact on reducing risk for chronic
disease, intervention apps must be designed to effectively reach
wide audiences to promote preventive health behaviors.
Identifying the impact of prototypicality—the extent to which
apps meet expectations—on app reception and adoption is a
critical step in mHealth intervention research. Designs that
match users’ perceptions of organization and content evoke
prototypicality and can influence intentions to use web-based
tools, including health resources [21,31,43]. Our study on
prototypicality serves as an antecedent to positive app reception
and technology acceptance in preventive health apps. We also
found designs that contradict what users typically expect from
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Functional features have higher predicted use than attention,
and a majority “would expect to find” these sorts of features in
a health app. To meet expectations, salient functional features
such as search options, settings, and menus should be included,
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in their expected corner placement. Even if these features do
not draw attention as much as others, users still expect to see
them in mobile apps, and meeting baseline expectations can
reduce time and cognitive demand for initial orientation and
web-based information processing [21]. Arguably, these
functional features constitute a sort of prototypical milieu or
background environment for mHealth apps to likely help users
orient themselves within new and unfamiliar apps.

Individuals also expect greater function, possibilities, and
valuable outcomes from apps with higher prototypicality. Low
prototypicality led to lower rankings for aesthetics, perceived
ease of use, and perceived usefulness. Additionally, low
prototypicality runs the risk of users initially dismissing the
app. Negative product evaluations—where expectations are not
met—can also lower satisfaction with product interaction [46].

Flashy features garner significantly more attention from users;
these attention-capturing features may be most influential for
positive initial impressions. Flashy features often incorporated
photographs or novel design elements, which have been shown
to increase attention and appeal [43,45]. Beyond meeting
expectations, flashy features represent the unique category that
should be treated differently in designs: using visuals to highlight
salient benefits and perceived affordances.

This study is limited to the specific health apps manipulated
herein; these apps do not represent all available mHealth
strategies. Although we evaluated placement, attention, and
predicted use, we could have reviewed more features within
apps. Our findings are also limited to a convenience sample of
participants of a web-based panel. It is possible that our
participants have more digital literacy or skills than the general
population or diverse subgroups.

Essential features—including those selected by most users as
features that they predict to use and garner their attention—are
also important components of mHealth designs. It is important
to note, however, that the essential features seen in this study
are all familiar: calendar, calorie counter, and performance
tracker. Even though some designers may assume that features
as basic as a calendar are not worth the time and effort to
include, respondents strongly indicated that these features
remain important components of mHealth apps.

Future Work

Our findings also highlight a distinct category that can be
skipped or given little attention in development: mundane
features. Mundane features, such as app title and tabs for
discovering or saving, elicited little attention and predicted use
and are a good indication not to waste precious resources on
these elements.
Potential mHealth users had consistent expectations for some
features by region (eg, middle or top corner), but not necessarily
a specific location. Essential features, such as a calendar, were
expected to be shown across the center of the app. Other
features, such as function features including search and settings,
had more narrow placement expectations. Understanding these
location expectations is critical to ensure that feature placement
matches individual models [21].
Higher prototypicality led to higher ratings for aesthetics,
perceived ease of use, usefulness, and intentions to use apps.

Limitations

Future studies should consider assessing actual use after
download, instead of solely predicted use. Replication with
more diverse audiences, varied app designs, and expanded
methodological approaches are needed to generalize our
findings. Notably, future research should account for additional
personal characteristics, such as health literacy or the ability to
obtain, process, and understand health information [47], to
examine how these skills affect both first impressions for app
adoption and actual use to determine the effectiveness of health
apps.

Conclusions
Mobile apps can communicate critical health information for
preventive health behaviors through readily available and
consumer-friendly tools. Apps that are thoughtfully designed
to match potential users’ expectations, with increased
prototypicality, will support app use. Conversely, designs that
do not include a threshold of expected features will be dismissed,
thus undermining the potential of app-based interventions.
Designing mHealth apps to account for user expectations will
increase the likelihood of adoption and impact from actual use.
Prototypicality is positively related to favorable reception and
expectations for future use of health apps. These findings
provide guidance for user expectations of feature presence and
location.

Acknowledgments
This work was supported by an award from the University of North Carolina Lineberger Comprehensive Cancer Center. The
funders had no role in the study design, data collection, and analysis, decision to publish, or preparation of the manuscript.

Conflicts of Interest
None declared.
Multimedia Appendix 1
App hot spots and survey items.
[PDF File (Adobe PDF File), 680 KB - mhealth_v9i11e29815_app1.pdf ]

References
https://mhealth.jmir.org/2021/11/e29815

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e29815 | p.37
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
1.
2.
3.
4.
5.

6.

7.
8.
9.

10.
11.

12.
13.
14.
15.
16.

17.
18.
19.

20.
21.

22.
23.
24.
25.
26.
27.

Smith A. U.S. Smartphone Use in 2015. Pew Research Center. 2015 Apr 01. URL: https://www.pewresearch.org/internet/
2015/04/01/us-smartphone-use-in-2015/ [accessed 2021-10-01]
Fox S, Duggan M. Mobile Health 2012. Pew Research Center. 2012 Nov 08. URL: https://www.pewresearch.org/internet/
2012/11/08/mobile-health-2012/ [accessed 2021-10-01]
Krishna S, Boren SA, Balas EA. Healthcare via cell phones: a systematic review. Telemed J E Health 2009 Apr;15(3):231-240.
[doi: 10.1089/tmj.2008.0099] [Medline: 19382860]
Ribeiro N, Moreira L, Almeida AMP, Santos-Silva F. Pilot study of a smartphone-based intervention to promote cancer
prevention behaviours. Int J Med Inform 2017 Dec;108:125-133. [doi: 10.1016/j.ijmedinf.2017.10.013] [Medline: 29132617]
Chen J, Gemming L, Hanning R, Allman-Farinelli M. Smartphone apps and the nutrition care process: Current perspectives
and future considerations. Patient Educ Couns 2018 Apr;101(4):750-757. [doi: 10.1016/j.pec.2017.11.011] [Medline:
29169863]
Bender JL, Yue RYK, To MJ, Deacken L, Jadad AR. A lot of action, but not in the right direction: systematic review and
content analysis of smartphone applications for the prevention, detection, and management of cancer. J Med Internet Res
2013 Dec 23;15(12):e287 [FREE Full text] [doi: 10.2196/jmir.2661] [Medline: 24366061]
Krebs P, Duncan DT. Health App Use Among US Mobile Phone Owners: A National Survey. JMIR Mhealth Uhealth 2015
Nov 04;3(4):e101 [FREE Full text] [doi: 10.2196/mhealth.4924] [Medline: 26537656]
Carlo AD, Hosseini Ghomi R, Renn BN, Areán PA. By the numbers: ratings and utilization of behavioral health mobile
applications. NPJ Digit Med 2019;2:54 [FREE Full text] [doi: 10.1038/s41746-019-0129-6] [Medline: 31304400]
Pandey A, Hasan S, Dubey D, Sarangi S. Smartphone apps as a source of cancer information: changing trends in health
information-seeking behavior. J Cancer Educ 2013 Mar;28(1):138-142. [doi: 10.1007/s13187-012-0446-9] [Medline:
23275239]
Riley WT, Oh A, Aklin WM, Wolff-Hughes DL. National Institutes of Health Support of Digital Health Behavior Research.
Health Educ Behav 2019 Dec;46(2_suppl):12-19. [doi: 10.1177/1090198119866644] [Medline: 31742453]
Covolo L, Ceretti E, Moneda M, Castaldi S, Gelatti U. Does evidence support the use of mobile phone apps as a driver for
promoting healthy lifestyles from a public health perspective? A systematic review of Randomized Control Trials. Patient
Educ Couns 2017 Dec;100(12):2231-2243. [doi: 10.1016/j.pec.2017.07.032] [Medline: 28855063]
Iten G, Troendle A, Opwis K. Aesthetics in context? The role of aesthetics and usage mode for a website's success. Interacting
with Computers 2018;30(2):133-149. [doi: 10.1093/iwc/iwy002]
Lindgaard G, Fernandes G, Dudek C, Brown J. Attention web designers: You have 50 milliseconds to make a good first
impression!. Behav Inf Technol 2006 Mar;25(2):115-126. [doi: 10.1080/01449290500330448]
Lazard A, Mackert M. User evaluations of design complexity: the impact of visual perceptions for effective online health
communication. Int J Med Inform 2014 Oct;83(10):726-735. [doi: 10.1016/j.ijmedinf.2014.06.010] [Medline: 25034279]
Lazard AJ, Brennen JS, Troutman Adams E, Love B. Cues for Increasing Social Presence for Mobile Health App Adoption.
J Health Commun 2020 Feb 01;25(2):136-149. [doi: 10.1080/10810730.2020.1719241] [Medline: 32026759]
Roth SP, Schmutz P, Pauwels SL, Bargas-Avila JA, Opwis K. Mental models for web objects: Where do users expect to
find the most frequent objects in online shops, news portals, and company web pages? Interact Comput 2010
Mar;22(2):140-152. [doi: 10.1016/j.intcom.2009.10.004]
Leder H, Belke B, Oeberst A, Augustin D. A model of aesthetic appreciation and aesthetic judgments. Br J Psychol 2004
Nov;95(Pt 4):489-508. [doi: 10.1348/0007126042369811] [Medline: 15527534]
Lazard AJ, Mackert MS. e-health first impressions and visual evaluations. Commun Des Q Rev 2015 Sep 17;3(4):25-34.
[doi: 10.1145/2826972.2826975]
Tuch AN, Presslaber EE, Stöcklin M, Opwis K, Bargas-Avila JA. The role of visual complexity and prototypicality regarding
first impression of websites: Working towards understanding aesthetic judgments. Int J Hum Comput Stud 2012
Nov;70(11):794-811. [doi: 10.1016/j.ijhcs.2012.06.003]
Oulasvirta A, Karkkainen L, Laarni J. Expectations and memory in link search. Comput Hum Behav 2005 Sep;21(5):773-789.
[doi: 10.1016/s0747-5632(04)00035-4]
Roth SP, Tuch AN, Mekler ED, Bargas-Avila JA, Opwis K. Location matters, especially for non-salient features–An
eye-tracking study on the effects of web object placement on different types of websites. Int J Hum Comput Stud 2013
Mar;71(3):228-235. [doi: 10.1016/j.ijhcs.2012.09.001]
Gibson JJ. The Ecological Approach to Visual Perception. East Sussex: Psychology Press; 1986.
Norman D. The Design of Everyday Things. New York, NY: Basic Books; 2002.
Norman DA. Affordance, conventions, and design. interactions 1999 May;6(3):38-43. [doi: 10.1145/301153.301168]
Seet B, Goh T. Exploring the affordance and acceptance of an e‐reader device as a collaborative learning system. The
Electronic Library 2012 Aug 03;30(4):516-542. [doi: 10.1108/02640471211252229]
Withagen R, de Poel HJ, Araújo D, Pepping G. Affordances can invite behavior: Reconsidering the relationship between
affordances and agency. New Ideas Psychol 2012 Aug;30(2):250-258. [doi: 10.1016/j.newideapsych.2011.12.003]
Moshagen M, Musch J, Göritz AS. A blessing, not a curse: experimental evidence for beneficial effects of visual aesthetics
on performance. Ergonomics 2009 Oct;52(10):1311-1320. [doi: 10.1080/00140130903061717] [Medline: 19787509]

https://mhealth.jmir.org/2021/11/e29815

XSL• FO
RenderX

Lazard et al

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e29815 | p.38
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
28.
29.
30.
31.

32.
33.

34.
35.
36.
37.
38.

39.

40.

41.

42.
43.
44.
45.
46.
47.

Lazard et al

Moshagen M, Thielsch MT. Facets of visual aesthetics. Int J Hum Comput Stud 2010 Oct;68(10):689-709. [doi:
10.1016/j.ijhcs.2010.05.006]
Lavie T, Tractinsky N. Assessing dimensions of perceived visual aesthetics of web sites. Int J Hum Comput Stud 2004
Mar;60(3):269-298. [doi: 10.1016/j.ijhcs.2003.09.002]
Venkatesh V, Morris MG, Davis GB, Davis FD. User Acceptance of Information Technology: Toward a Unified View.
MIS Quarterly 2003;27(3):425. [doi: 10.2307/30036540]
Lazard AJ, Watkins I, Mackert MS, Xie B, Stephens KK, Shalev H. Design simplicity influences patient portal use: the
role of aesthetic evaluations for technology acceptance. J Am Med Inform Assoc 2016 Apr;23(e1):e157-e161 [FREE Full
text] [doi: 10.1093/jamia/ocv174] [Medline: 26635314]
Nielsen J. Usability Engineering. Burlington, MA: Morgan Kaufmann; 1994.
Hingle M, Patrick H, Sacher PM, Sweet CC. The Intersection of Behavioral Science and Digital Health: The Case for
Academic-Industry Partnerships. Health Educ Behav 2019 Feb;46(1):5-9. [doi: 10.1177/1090198118788600] [Medline:
30041556]
Buhrmester M, Kwang T, Gosling SD. Amazon's Mechanical Turk: A New Source of Inexpensive, Yet High-Quality, Data?
Perspect Psychol Sci 2011 Jan;6(1):3-5. [doi: 10.1177/1745691610393980] [Medline: 26162106]
Sheehan KB. Crowdsourcing research: Data collection with Amazon’s Mechanical Turk. Commun Monogr 2017 Jul
04;85(1):140-156. [doi: 10.1080/03637751.2017.1342043]
Kees J, Berry C, Burton S, Sheehan K. An Analysis of Data Quality: Professional Panels, Student Subject Pools, and
Amazon's Mechanical Turk. J Advert 2017 Jan 23;46(1):141-155. [doi: 10.1080/00913367.2016.1269304]
What is Chart? Learn how this assessment tool adds value to UNC research. UNC Lineberger. URL: https://chart.unc.edu/
[accessed 2017-03-01]
Brennen JS, Lazard AJ, Adams ET. Multimodal mental models: Understanding users' design expectations for mHealth
apps. Health Informatics J 2020 Sep;26(3):1493-1506 [FREE Full text] [doi: 10.1177/1460458219882271] [Medline:
31674881]
Horrell L, Knafl GJ, Brady T, Lazard A, Linnan L, Kneipp S. Communication Cues and Engagement Behavior: Identifying
Advertisement Strategies to Attract Middle-Aged Adults to a Study of the Chronic Disease Self-Management Program.
Prev Chronic Dis 2020 Jun 25;17:E48 [FREE Full text] [doi: 10.5888/pcd17.190413] [Medline: 32584754]
Mays D, Villanti A, Niaura RS, Lindblom EN, Strasser AA. The Effects of Varying Electronic Cigarette Warning Label
Design Features On Attention, Recall, and Product Perceptions Among Young Adults. Health Commun 2019
Mar;34(3):317-324 [FREE Full text] [doi: 10.1080/10410236.2017.1372050] [Medline: 29236529]
Michie S, Ashford S, Sniehotta FF, Dombrowski SU, 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]
Kunst A. Major reasons for adoption of e-health applications and devices by U.S. adults as of 2017. Statista. 2019. URL:
https://www.statista.com/statistics/328661/reasons-for-patient-use-of-mhealth-apps-and-services/ [accessed 2021-10-01]
Lazard AJ, King AJ. Objective Design to Subjective Evaluations: Connecting Visual Complexity to Aesthetic and Usability
Assessments of eHealth. Int J Hum-Comput Int 2019 Apr 24;36(1):95-104. [doi: 10.1080/10447318.2019.1606976]
Kim K, Lee C, Hornik RC. Exploring the Effect of Health App Use on Fruit and Vegetable Consumption. J Health Commun
2020 Apr 02;25(4):283-290. [doi: 10.1080/10810730.2020.1745962] [Medline: 32286924]
Pieters R, Wedel M, Batra R. The Stopping Power of Advertising: Measures and Effects of Visual Complexity. Journal of
Marketing 2010 Sep 01;74(5):48-60. [doi: 10.1509/jmkg.74.5.048]
Raita E, Oulasvirta A. Too good to be bad: Favorable product expectations boost subjective usability ratings. Interact
Comput 2011 Jul;23(4):363-371. [doi: 10.1016/j.intcom.2011.04.002]
Paasche-Orlow MK, Parker RM, Gazmararian JA, Nielsen-Bohlman LT, Rudd RR. The prevalence of limited health literacy.
J Gen Intern Med 2005 Feb;20(2):175-184 [FREE Full text] [doi: 10.1111/j.1525-1497.2005.40245.x] [Medline: 15836552]

Abbreviations
ANOVA: analysis of variance
MANOVA: multivariate analysis of variance
mHealth: mobile health
MTurk: Mechanical Turk
RM: repeated measures
TAM: technology acceptance model

https://mhealth.jmir.org/2021/11/e29815

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e29815 | p.39
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Lazard et al

Edited by L Buis; submitted 21.04.21; peer-reviewed by S Bhattacharjya, E Brainin; comments to author 30.06.21; revised version
received 23.08.21; accepted 23.09.21; published 04.11.21.
Please cite as:
Lazard AJ, Babwah Brennen JS, Belina SP
App Designs and Interactive Features to Increase mHealth Adoption: User Expectation Survey and Experiment
JMIR Mhealth Uhealth 2021;9(11):e29815
URL: https://mhealth.jmir.org/2021/11/e29815
doi:10.2196/29815
PMID:34734829

©Allison J Lazard, J Scott Babwah Brennen, Stephanie P Belina. Originally published in JMIR mHealth and uHealth
(https://mhealth.jmir.org), 04.11.2021. 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 https://mhealth.jmir.org/, as well as this copyright and license
information must be included.

https://mhealth.jmir.org/2021/11/e29815

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e29815 | p.40
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Kim et al

Original Paper

Acceptance of an Informational Antituberculosis Chatbot Among
Korean Adults: Mixed Methods Research
Agnes Jihae Kim1,2, PhD; Jisun Yang3, MSc; Yihyun Jang4, MSc; Joon Sang Baek5, PhD
1

National Rehabilitation Center, Seoul, Republic of Korea

2

Department of Industrial Design, Yonsei University, Wonju, Republic of Korea

3

Department of Psychology, Yonsei University, Seoul, Republic of Korea

4

Department of Cognitive Science, Yonsei University, Seoul, Republic of Korea

5

Department of Human Environment and Design, Yonsei University, Seoul, Republic of Korea

Corresponding Author:
Joon Sang Baek, PhD
Department of Human Environment and Design
Yonsei University
Samsung Hall, 7th Fl.
Yonsei-ro 50, Seodaemun-gu
Seoul, 03722
Republic of Korea
Phone: 82 2 2123 3137
Email: joonsbaek@yonsei.ac.kr

Abstract
Background: Tuberculosis (TB) is a highly infectious disease. Negative perceptions and insufficient knowledge have made its
eradication difficult. Recently, mobile health care interventions, such as an anti-TB chatbot developed by the research team, have
emerged in support of TB eradication programs. However, before the anti-TB chatbot is deployed, it is important to understand
the factors that predict its acceptance by the population.
Objective: This study aims to explore the acceptance of an anti-TB chatbot that provides information about the disease and its
treatment to people vulnerable to TB in South Korea. Thus, we are investigating the factors that predict technology acceptance
through qualitative research based on the interviews of patients with TB and homeless facility personnel. We are then verifying
the extended Technology Acceptance Model (TAM) and predicting the factors associated with the acceptance of the chatbot.
Methods: In study 1, we conducted interviews with potential chatbot users to extract the factors that predict user acceptance
and constructed a conceptual framework based on the TAM. In total, 16 interviews with patients with TB and one focus group
interview with 10 experts on TB were conducted. In study 2, we conducted surveys of potential chatbot users to validate the
extended TAM. Survey participants were recruited among late-stage patients in TB facilities and members of web-based
communities sharing TB information. A total of 123 responses were collected.
Results: The results indicate that perceived ease of use and social influence were significantly predictive of perceived usefulness
(P=.04 and P<.001, respectively). Perceived usefulness was predictive of the attitude toward the chatbot (P<.001), whereas
perceived ease of use (P=.88) was not. Behavioral intention was positively predicted by attitude toward the chatbot and facilitating
conditions (P<.001 and P=.03, respectively). The research model explained 55.4% of the variance in the use of anti-TB chatbots.
The moderating effect of TB history was found in the relationship between attitude toward the chatbot and behavioral intention
(P=.01) and between facilitating conditions and behavioral intention (P=.02).
Conclusions: This study can be used to inform future design of anti-TB chatbots and highlight the importance of services and
the environment that empower people to use the technology.
(JMIR Mhealth Uhealth 2021;9(11):e26424) doi:10.2196/26424
KEYWORDS
tuberculosis; chatbot; technology acceptance model; mobile phone
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Introduction
Background
Tuberculosis (TB) is a highly infectious disease and one of the
top 10 causes of death worldwide, claiming approximately 4000
lives a day [1]. Each year, millions of people continue to fall
ill with TB, a preventable and curable disease [2]. Among the
member countries of the Organization for Economic Cooperation
and Development, South Korea has the highest incidence of
and mortality rates due to TB [2]. It remains a debilitating
disease in the South Korean context in that the treatment is
already generalized, but its prevalence and mortality rates are
unevenly distributed among social classes [1,3]. Its eradication
has been difficult owing to both stigmatization and insufficient
understanding of the disease that cause delays in diagnosis and
treatment [4]. Approximately one-quarter of the world’s
population is estimated to be infected with TB, and
approximately 5%-10% of those at risk of infection develop
active TB in their lifetime [1,5].

Mobile Health Interventions for TB Control
In recent years, mobile health (mHealth) has rapidly emerged
as a vehicle for delivering better health services at a lower cost,
regardless of time and place [6]. It is used to treat a wide range
of infectious diseases, including TB. An extensive investigation
on the use of digital technologies for TB control reports various
mobile technologies applied for treatment adherence, program
management, and e-learning related to TB [7]. These
technologies include video-observed treatment (VOT), SMS
text messages, mobile apps, voice calls, and mobile phone
3D-printed induration. mHealth apps assist medical staff with
patient adherence monitoring (eg, apps for direct observed
treatment [DOT] and VOT), dosage adjustment based on patient
conditions, and provision of information about diagnosis and
management of TB [7,8]. They inform patients and people
vulnerable to TB about the disease and its therapy, provide
diagnostics based on data input, and evaluate treatment costs.
They are also used to trace people who have been exposed to
the disease, monitor and track patients, and create laboratory
reports [7]. The number of mHealth apps has more than doubled
since 2016, evidencing the increasing demand for a new
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approach to TB control. It is also noteworthy that 39 out of the
total 55 apps (71%) are only provided in English, thereby
limiting access to non–English-speaking countries, where the
highest prevalence of TB cases is observed [7].

Chatbots
Chatbots are a conversational agent, a software program that
interacts with natural language, and have emerged as a new
form of mHealth service [9,10]. Chatbots are useful for
providing information to users with low literacy: users interact
with them through dialog, a universal form of interaction.
Furthermore, they can provide information in formats that are
accessible to people with low literacy, such as images, sounds,
and videos [9]. Thus, they are relatively easy to learn and are
also age-friendly. From the perspective of health care providers,
chatbots can save time and labor [11], in addition to providing
continuous treatment management plans, motivation for patients
with chronic diseases, and access to real-time information [8,12].
However, despite the expansion of mHealth solutions for TB
control and the potential of chatbots, little research has been
conducted on applying these tools to the management of TB.
To the best of our knowledge, few studies have attempted to
develop chatbots and virtual agents to support information
accessibility for patients with TB [8]. It is essential to understand
the exact factors that predict the acceptance of chatbots by
potential users before we introduce them to a TB eradication
program, which indeed underscores that the success of digital
interventions in health care will depend on how well users accept
the technology [13]. Furthermore, understanding the factors
that increase the use of chatbots would accelerate the acceptance
of this technology among the people most at risk of contracting
TB. For this reason, we developed an anti-TB chatbot to bridge
the gap between technology and people and studied its
acceptance based on the factors that predict potential users,
using the Technology Acceptance Model (TAM).

Context of Study: Anti-TB Chatbot
In 2019, we developed an anti-TB chatbot that provides
information about the disease, its treatment, and TB hospitals
and facilities. It targets people vulnerable to TB, as well as those
affected by it. Textbox 1 presents the features of the chatbot.
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Textbox 1. Antituberculosis chatbot feature summary.
Feature summary
1.

Providing information on tuberculosis
•

2.

Functions
•

Overview of tuberculosis

•

Diagnosis of tuberculosis

•

Tuberculosis treatment

•

Information on drugs to treat tuberculosis

•

Side effects of tuberculosis drugs

•

Screening for contact and latent tuberculosis infection

Providing information on hospitals and facilities
•

Functions
•

Institutions for tuberculosis screening and treatment

•

Tuberculosis treatment support project

•

Tuberculosis treatment support facility

•

Information on welfare and administration related to tuberculosis

•

Information on welfare facilities related to tuberculosis

The chatbot was built on an open-source platform and operates
within an instant messenger app called Kakao Talk. An
advantage of using this platform is that the medium through
which users interact with the chatbot, that is, the messenger app,
is widely used in South Korea, with over 72% of the total
population or roughly 36.6 million people using it [14]. This
makes the chatbot highly accessible as most people already
have experience in using the app. The open-source platform
builder uses machine learning to respond and adapt to diverse
conversation patterns. This allows for the accuracy and relevance
of the chatbot responses to improve as more user data
accumulate.
The knowledge base was obtained from the information
provided by the Korea Disease Control and Prevention Agency.
We acquired the content with permission and then reorganized
it in a dialog format. In addition to the text information,
multimedia content was actively adopted, considering the
tendency of low health literacy level of the poor and older people
[15], who are characterized by a higher-than-average incidence
of TB [16]. The curated content was examined by medical staff
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at a Seoul municipal hospital before publication. Gamification
elements, including quizzes and prizes, were also adopted to
motivate learners to engage with the chatbot [17].
We gave the chatbot the personality of a doctor. A chatbot with
identity cues, such as a name, profile, and language style, is
perceived as more empathetic, friendly, and personal [18,19].
Dr Colochman, the personality of the chatbot, is a retired doctor
with a long record of treating patients with TB at a municipal
hospital and is now working voluntarily for TB hospitals and
support facilities. Its identity is conveyed through portraits,
names, and intonation. Users encounter Dr Colochman for the
first time during the tutorial that provides information on the
chatbot and the instructions on how to use it in (what is
supposedly) Dr Colochman’s voice.
The chatbot provides graphic and text information on the
disease, its treatment, and neighboring TB facilities. Users
navigate the content by scrolling the page vertically and
horizontally. They communicate with the chatbot by selecting
menus at the bottom of the screen, pushing buttons, or typing
texts (Figure 1).
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Figure 1. Antituberculosis chatbot user interface.

TAM and Chatbots
Davis et al [20] developed the TAM to investigate users’ intent
to accept various technologies, including chatbots, and the
factors that predict their decisions [20,21]. The key determinants
used to study the acceptance of new technologies with the TAM
are perceived usefulness, perceived ease of use, attitude, and
behavioral intention. In this study, perceived usefulness is
defined as the extent to which users think using anti-TB chatbots
is helpful for TB management, and perceived ease of use is the
extent to which users think using anti-TB chatbots is convenient
and low-effort. According to the TAM, the adoption of a
particular technology is governed by individual perceptions of
usefulness and ease of use [21].
The TAM is widely used in technology acceptance research;
however, it can predict only approximately 40% of the overall
explanatory power [22]. A number of extended TAMs have
been proposed to overcome the limitations of the original model.
Venkatesh and Davis [23] developed the TAM2, adding social
influence processes such as subjective norms, voluntariness,
and image as external constructs of perceived usefulness. Social
influence in our context is the extent to which users think that
important others believe in using the anti-TB chatbot. Venkatesh
and Davis [24] developed the Unified Theory of Acceptance
and Use of Technology, which is the latest derivative of the
TAM, adding facilitating conditions as a determinant of
behavioral intention. Facilitating conditions here refer to the
extent to which users think organizational and technical
infrastructure exists to support the use of anti-TB chatbots.
Among the studies that have validated the TAM, some extended
the model to address different contexts and populations,
including the acceptance and continuous use of chatbots. For
example, Huang and Chueh [25] reported that perceived
accuracy and ease of use increased pet owners' satisfaction with
veterinary consultation chatbots. Ashfaq et al [26] found that
perceived enjoyment, usefulness, and ease of use are significant
predictors of the continuance intention of chatbot-based
customer service. In a study that investigated the acceptance of
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the health chatbot, Softić et al [27] identified the lack of users’
trust and qualified medical opinion as barriers; data
confidentiality, speed of access to information, information
security, and ease of use as facilitators; and reduced time spent
on visiting doctors, increased access and care of patients, and
enhanced protection of patient data as motivators for using a
chatbot.
In the absence of studies that explain the acceptance of chatbots
in the context of TB control, we aim to explore the benefits and
concerns regarding accepting an anti-TB chatbot as perceived
by potential users, to provide an extended TAM that can better
predict the acceptance of anti-TB chatbots. Thus, we present
studies 1 and 2. Study 1 aims to identify the factors that predict
the acceptance of anti-TB chatbots through interviews with
patients with TB and homeless facility personnel. On the basis
of the interview results, we derived an operational definition of
the questionnaire items and identified the factors for the
extended TAM. Study 2 aims to verify the proposed theoretical
model and identify the factors predicting the acceptance of an
anti-TB chatbot.

Methods
Study 1
Data Collection
To collect data for study 1, we conducted interviews with
potential users of our anti-TB chatbot. Interviewees were
recruited by posting a notice at a municipal TB hospital. The
participants were selected using convenience sampling among
people who have or had TB. People who could neither
understand nor respond to the questionnaire provided in Korean
were excluded. In total, 16 patients with TB received a gift
worth US $50. We also conducted a focus group interview with
10 experts on TB from the academia, hospitals, shelters, support
facilities, and housing providers for homeless people who have
worked for patients with TB and thus have sufficient knowledge
about them and are willing to use the chatbot or introduce it to
them. Participant information is presented in Table 1.
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Table 1. Participant information of study 1 (N=26; site: Seoul; year: 2020).
Demographics

Values, n (%)

Patients with TBa
Gender
Male

16 (100)

Female

0 (0)

Age (years)
30s

2 (13)

40s

3 (19)

50s

3 (19)

60s

6 (38)

70s

2 (13)

Experience of smartphone use
Yes

9 (56)

No

7 (44)

Experience of chatbot use
Yes

0 (0)

No

16 (100)

Experts in treating TB

a

Academia

1 (10)

Hospital

1 (10)

Shelters

2 (20)

Support facilities

5 (50)

Housing provider

1 (10)

TB: tuberculosis.

Procedure
Data collection followed the protocols of the American
Psychological Association (APA) ethical principles and code
of conduct [28]. However, institutional review board approval
was not sought. The interviewees were presented with the aim
of the study, its procedure and duration, anticipated benefits,
and data protection policy. Written informed consent was
obtained from those who agreed to participate in the research
for recording texts, images, and voices. All the data were
transcribed and pseudoanonymized. The interviews were
conducted in the following order: (1) introduction to the
research, (2) explanation of the data protection policy and
collection of informed consent, (3) introduction to the chatbot
and instructions on how to use it, (4) installation of the
messenger app (if not already installed) and trial of the chatbot,
and (5) interview session. All interviews were conducted in the
Korean language.

Data Analysis
We analyzed the collected data using thematic analysis in
ATLAS.ti, a qualitative data analysis and research tool. Three
researchers designed the coding frame to analyze the
interviewees' attitude or intent to accept the anti-TB chatbot.
We classified the results into a set of subthemes, which were
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clustered into the main themes. These main themes were
assigned as TAM factors.

Study 2
Hypotheses
Study 2 aimed to evaluate factors that predict the acceptance of
the anti-TB chatbot. According to Davis et al [20], perceived
usefulness and perceived ease of use were the primary factors
that predicted the attitude toward a new technology under the
TAM. Moreover, perceived ease of use was associated with
perceived usefulness. Finally, the attitude toward the technology
determined the behavioral intention [23]. Thus, we proposed
the following hypotheses:
Hypothesis 1: Attitude toward the chatbot would be positively
predicted by perceived usefulness.
Hypothesis 2: Attitude toward the chatbot would be positively
predicted by perceived ease of use.
Hypothesis 3: Perceived usefulness would be positively
predicted by perceived ease of use.
Hypothesis 4: Behavioral intention would be positively predicted
by attitude toward the chatbot.
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Study 1 demonstrated that social influence and facilitating
conditions were relevant to the acceptance of the chatbot by
patients with TB. In previous studies that modeled technology
acceptance, social influence such as subjective norm,
voluntariness, and image is known as an external construct of
perceived usefulness [23], while facilitating conditions such as
internal and external resources are determinants of behavioral
intention [24]. We thus built additional hypotheses as follows

Kim et al
and conducted a study that considered them as variables in the
research model (Figure 2):
Hypothesis 5: Perceived usefulness would be positively
predicted by social influence.
Hypothesis 6: Behavioral intention would be positively predicted
by facilitating conditions.

Figure 2. Hypothetical model of study 2.

Data Collection
We conducted both offline and web-based surveys, considering
that older adults and other vulnerable groups have limited access
to the internet. In the offline survey, we recruited participants
at TB facilities that were mainly used by patients in the late
stage of TB treatment, who can take medication on their own
after discharge from the hospital. The research team visited the
facility and instructed and provided assistance to those who
expressed their willingness to participate. In the web-based
survey, participants were recruited from web-based communities
that share information on TB. The web-based survey was
distributed among the potential users of the anti-TB chatbot,
and their responses were collected via Google Forms. All
participants received a monetary reward worth US $5.

Procedure
As in study 1, the data collection process in study 2 was guided
by the protocols of the APA ethical principles and code of
conduct [28]. All survey participants were asked to read (or
were told, if they could not read) the introduction page of the
survey describing the purpose of anti-TB chatbot use, its
procedure and duration, anticipated benefits, and the data
protection policy. Written informed consent was obtained from
those who agreed to participate in the research for collecting
texts. We then introduced the main screen and dialogs of the
app, which informed the participants of the character and
functionality of the chatbot. All the data were
pseudoanonymized.
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Questionnaire Development
The questionnaire was developed based on the theoretical
framework of the TAM and the findings from study 1. It
consisted of 32 items inquiring about demographic and
attitudinal data—participants were asked general questions on
demography and experience with chatbots and specific questions
regarding their attitude toward the anti-TB chatbot. The
attitudinal components were measured using a 7-point
Likert-type scale, where the choice of answers ranged from
strongly disagree (score=1) to strongly agree (score=7). The
language used in the questionnaire was revised to consider the
context of TB and reflect the digital literacy of potential users,
as inferred from the results of study 1. The details of the
questionnaire items for each construct are presented in
Multimedia Appendix 1.

Data Analysis
A total of 127 cases were collected in March 2020. After the
screening, 4 cases were excluded: there were missing values in
3 cases, and a straight line was found in 1 case. We used the
partial least squares structural equation modeling (PLS-SEM)
approach to statistically analyze and process the collected data
using SmartPLS 3.0, a dedicated structural equation program
with a strong verification power, even for small sample sizes.
First, we used the PLS algorithm to evaluate the measurement
model. This was followed by bootstrapping and blindfolding
techniques for evaluation and hypothesis testing of the structural
models.
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Results
Study 1
Perceived Usefulness
The interviewees noted that the usefulness of the chatbot was
associated with the characteristics of the information content,
the chatbot's ability to communicate in a similar manner as a
peer, and enhanced access to information (Figure 3). In terms

Kim et al
of information content, they expected not only useful and
reliable information about TB and its treatment but also more
content. For example, they considered the fact that the chatbot
currently provides information on facilities for TB treatment in
Seoul only, which is a limitation. They found information on
TB treatment, including hospitals and support facilities for
patients with TB, to be most useful. Finally, they anticipated
that the chatbot could help reduce the workload of medical staff
while increasing patients’ access to the necessary information
and reducing the risk of stigmatization.

Figure 3. Perceived usefulness of the antituberculosis chatbot among potential users (n=the number of times a theme was mentioned by the interviewees
of study 1).

Perceived Ease of Use
Regarding the perceived ease of use of the anti-TB chatbot, the
interviewees mentioned the following themes: legibility,
comprehension, error prevention and efficiency, and learnability
(Figure 4). Legibility is defined as the ability “to see, distinguish,
and recognize the characters and words in a text” and is
influenced by visual design [29]. In the anti-TB chatbot,
legibility issues included inadequate font and button sizes and
narrow line spacings. Comprehension measures whether a user
can understand the intended meaning of a text and can draw
the correct conclusions from the text [29]. Related issues
included difficult wording, audio-visual information, and
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unorganized information. Error prevention and efficiency were
often related to usability functions supported by the chatbot
development platform. The open-builder platform we used
provided a simple but functionally constrained environment to
develop the chatbot. For example, users can respond to a
question from the chatbot either by touching a button or by
typing on a virtual keyboard. Interviewees found it difficult to
type answers due to the small button size and distance between
them, which however could not be adjusted on the platform.
The interviewees mentioned that horizontally navigating the
information by sliding the screen sideways was troublesome.
In terms of learnability, the interviewees quickly learned how
to navigate the chatbot after they were given proper instructions.
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Figure 4. Perceived ease of use of the antituberculosis chatbot among potential users (n=the number of times a theme was mentioned by the interviewees
of study 1; positive and neutral comments in normal and negative comments in italics).

Facilitating Conditions
Facilitating conditions associated with the interviewees’
acceptance of the anti-TB chatbot were classified as internal
and external resources (Figure 5). The former included the user's
will to self-manage the disease, their experience of using
smartphones and computers, and their age. For example, older
interviewees who had no experience of using a smartphone
hesitated to use the chatbot. External resource was further
subdivided into instrumental and human supports. The former
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included the availability of instructions and guidance on how
to use the chatbot, availability of a smartphone or computer,
and access to the internet. Several interviewees lacked basic
digital literacy skills and required explanations for simple tasks
such as touching the send message button. This further suggests
the need for an easy-to-understand user manual. The
interviewees’ attitude toward the acceptance of the chatbot
differed depending on the availability of human support, that
is, someone who could help them use the chatbot effectively.
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Figure 5. Facilitating conditions of the antituberculosis chatbot (n=the number of times a theme was mentioned by the interviewees of study 1; positive
and neutral comments in normal and negative comments in italics).

Social Influence
The social influence on the use of the anti-TB chatbot was
governed by recommendations from professionals treating TB

and the context of use. Interviewees mentioned that
recommendations from hospitals would facilitate their adoption
of the chatbot (Figure 6). The fact that their peers used the
chatbot would also motivate them to accept the new technology.

Figure 6. Social influence of the antituberculosis chatbot in potential users. It should be noted that n=number of times a theme was mentioned by the
interviewees of study 1.

Study 2
Demographics

have any history of TB, and approximately half had no
experience using chatbots. Out of 123 participants, 120 (97.5%)
participants had already used the messenger app (Table 2).

Participants’ ages ranged from 22 to 85 years, with almost equal
participation by men and women. Most respondents did not
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Table 2. Participant demographics of study 2 (N=123; site: Seoul; year: 2020).
Demographics

Values, n (%)

Gender
Female

60 (48.7)

Male

63 (51.2)

Age (years)
22 to 29

26 (21.1)

30 to 39

33 (26.8)

40 to 49

34 (27.6)

50 to 59

9 (7.3)

60 to 85

21 (17.1)

History of tuberculosis
Yes

16 (13)

No

107 (86.9)

Experience of using the messenger app
Yes

120 (97.5)

No

3 (2.5)

Chatbot experience
Yes

61 (49.5)

No

62 (50.4)

Evaluation of the Measurement Model
The measurement models of study 2 using PLS-SEM were
evaluated for internal reliability, convergent validity, and
discriminant validity. The internal reliability was assessed using
Cronbach α and composite reliability, in which a value greater
than .70 for each indicates acceptable internal consistency [30].
To assess the convergent validity, the average variance extracted
(AVE) was used, with a recommended value of 0.50 [31]. The
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results are presented in Table 3. Cronbach α ranged from .798
to .932, and the composite reliability ranged from 0.868 to 0.951,
indicating strong internal reliability. Table 3 also presents the
estimated construct loading for the study, which ranged from
0.801 to 0.941, and the AVE, which ranged from 0.625 to 0.831,
which are greater than the corresponding recommended levels.
Therefore, the conditions for convergent validity were satisfied
in this study.
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Table 3. Reliability and convergent validity of the measurement model in study 2.
Construct and items

Factor loadings

PUa
PU 1

0.893

PU 2

0.859

PU 3

0.860

PU 4

0.783

PEOUb
PEOU 1

0.870

PEOU 2

0.892

PEOU 3

0.941

PEOU 4

0.920

SIc
SI 1

0.801

SI 2

0.852

SI 3

0.887

SI 4

0.808

FCd
PR 1

0.860

PR 2

0.852

PR 3

0.635

PR 4

0.847

ATCe
ATC 1

0.834

ATC 2

0.893

ATC 3

0.899

ATC 4

0.878

BIf

a

BI 1

0.851

BI 2

0.931

BI 3

0.924

BI 4

0.937

Cronbach α

Composite reliability coefficient Average variance extracted

.854

0.902

0.697

.927

0.948

0.822

.858

0.904

0.702

.798

0.868

0.625

.899

0.930

0.768

.932

0.951

0.831

PU: perceived usefulness.

b

PEOU: perceived ease of use.

c

SI: social influence.

d

PR: facilitating conditions.

e

ATC: attitude to chatbot.

f

BI: behavioral intention.

Discriminant validity was assessed using the square root of the
AVE in the cross-loading matrix. To establish a satisfactory
discriminant validity of the model, the square root of the AVE
for a given construct should be greater than its correlation with
other constructs [31]. This, in turn, implies that the diagonal
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elements must be larger than the entries in the corresponding
columns and rows of the matrix. The results shown in Table 4
reveal that all the constructs in this study confirm the
discriminant validity of the data.
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Table 4. Discriminant validity of the measurement model in study 2.
Constructs

Perceived
usefulness

Perceived ease of
use

Social influence Facilitating conditions Attitude to chatbot Behavioral intention

Perceived usefulness

0.835

0.512

0.81

0.519

0.714

0.588

Perceived ease of use

0.512

0.906

0.422

0.707

0.325

0.410

Social influence

0.81

0.422

0.838

0.508

0.743

0.664

Facilitating conditions

0.519

0.707

0.508

0.791

0.421

0.494

Attitude to chatbot

0.714

0.325

0.743

0.421

0.876

0.713

Behavioral intention

0.588

0.410

0.664

0.494

0.713

0.911

The Structural Model
The results of the structural model for the TAM are shown in
Figure 7 and Table 5. The significance of the path coefficients
was assessed using bootstrapping with 5000 samples. The results
indicate that attitude toward the chatbot was positively predicted
by perceived usefulness (hypothesis 1 supported; P<.001) but
was not significantly predicted by perceived ease of use
(hypothesis 2 not supported; P=.88). Perceived usefulness was

positively predicted by perceived ease of use (hypothesis 3
supported; P<.001) and social influence (hypothesis 5 supported;
P<.001). Social influence and perceived ease of use explained
67.5% of the variance in perceived usefulness. Finally,
behavioral intention was positively predicted by attitude toward
the chatbot (hypothesis 4 supported; P<.001) and facilitating
conditions (hypothesis 6 supported; P=.03). Overall, attitude
toward the chatbot and facilitating conditions explained 55.4%
of the variance in behavioral intention.

Figure 7. Path analysis results for study 2.

Table 5. Results of the structural model in study 2.
β

t value

P value

Perceived ease of use

.15

2.062

.04

Social influence

.746

12.023

<.001

Perceived usefulness

.720

11.314

<.001

Perceived ease of use

−.012

0.151

.88

Facilitating conditions

.235

2.242

.03

Attitude to chatbot

.614

7.438

<.001

Endogenous variable and exogenous variable
Perceived usefulness

Attitude to chatbot

Behavioral intention

https://mhealth.jmir.org/2021/11/e26424

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e26424 | p.52
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Kim et al

Multigroup Analysis
We also performed a PLS multigroup analysis (PLS-MGA) by
dividing the participants into 2 groups based on their history of
TB. There were 107 participants with a history of TB and 16
with no history of TB. The results indicated that perceived

usefulness was positively predicted by social influence in both
groups (Table 6). Facilitating conditions were predictive of
behavioral intention in the TB history group, whereas the
attitude toward the chatbot was predictive of behavioral intention
in the non–TB history group.

Table 6. Results of the multigroup analysis.
TBa history group

Non–TB history group

Difference

TB history group

Non–TB history group

β

β

β

P value

P value

PUb→ATCc

.662

.733

−.071

.002

<.001

.72

PEOUd→ATC

.186

−.046

.233

.41

.60

.34

PEOU→PU

−.118

.194

−.313

.56

.008

.13

ATC→BIe

.113

.66

−.547

.66

<.001

.01

SIf→PU

.906

.726

.18

<.001

<.001

.34

FCg→BI

.826

.175

.651

.002

.07

.02

Path

a

P value

TB: tuberculosis.

b

PU: perceived usefulness.

c

ATC: attitude to chatbot.

d

PEOU: perceived ease of use.

e

BI: behavioral intention.

f

SI: social influence.

g

FC: facilitating conditions.

Discussion
Principal Findings
This study aimed to propose a chatbot that provides information
for the prevention and treatment of TB and identify factors that
predict the acceptance of the chatbot. We conducted interviews
with 16 patients with TB and 10 experts in TB and identified
the factors that predict the acceptance of the anti-TB chatbot in
study 1. From the results, we found social influence and
facilitating conditions as additional factors in the extended TAM
model. In study 2, we proposed an extended TAM model
capable of predicting the acceptance of the anti-TB chatbot and
evaluated it. We found that social influence was a strong
predictor of perceived usefulness, regardless of history of TB.
Study 1 suggests that social influence can arise from both health
care experts and peers. Regarding users' behavioral intention,
the predictive factor varied in the participants’ history of TB.
Overall, our findings were consistent with those of other
researchers [18,19,21], indicating that (1) perceived usefulness
was predicted by social influence, (2) attitude was predicted by
perceived usefulness, and (3) attitude toward the system and
facilitating conditions predicted behavioral intention.

Perceived Usefulness
Our study confirmed that people needed information about the
disease, as well as TB hospitals and support facilities. It also
suggested that the reliability of the information provided by the
chatbot is crucial to perceived usefulness and eventually the
acceptance of the chatbot. Although this may sound rather
obvious, existing mHealth apps that provide information on TB
have been found to contain errors such as spelling and
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grammatical mistakes, outdated information, and wrong and
potentially harmful content, according to a recent study that
investigated 29 e-learning and information apps on TB [7]. The
reliability of the information can be achieved by using trusted
sources, having the content examined by experts before
publication, and keeping it up to date through continuous
maintenance.
Perceived usefulness was significantly predictive of people’s
attitude toward the anti-TB chatbot if they have experienced
TB. When people seek information about TB, stigmatization
and its consequences (eg, social isolation and reduced economic
opportunities) can be barriers to active information seeking and
timely access to necessary services [32]. We expect that the
anti-TB chatbot can contribute to lowering this barrier by
facilitating access to information and reducing the risk of
stigmatization (see Figure 4 for a glimpse of the chatbot
experience). For patients with TB, the primary channel through
which they receive information related to the disease is the
medical staff. However, due to limited time at hand, medical
staff provide selective information. The anti-TB chatbot can
reduce staff workload while providing patients with the
necessary information when needed. In other words, it bridges
the distance between patients and medical staff by acting as a
virtual assistant [33]. It also mitigates the information
asymmetry between the 2 parties by empowering patients with
the ability to access the information they need.

Perceived Ease of Use
Study 2 confirmed that perceived ease of use was predictive of
perceived usefulness but not predictive of the attitude toward
technology. The latter result has been observed in studies where
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participants were proficient in using the technology (eg,
responses of experienced mobile phone users to a mobile app
or a chatbot) [34,35]. The same trend was observed in study 2,
where there was a roughly even distribution in age of the survey
participants (22 to 85 years). Does this imply that participants
of different ages, and possibly varied levels of digital literacy,
were proficient in using the chatbot that they were introduced
for the first time? If so, what aspects of the chatbot are
associated with proficiency? We speculate that this may be due
to the popularity of the platform on which the anti-TB chatbot
runs, that is, the messenger app widely used by people. The
familiar user interface of the chatbot may have been transferred
to the perceived proficiency in the use of the chatbot and a
positive opinion of its utility. Thus, we conclude that the
perceived usefulness of a chatbot can increase when its user
interface is familiar to the target users.

Social Influence
In study 1, we observed social influence acting on the
interviewees when a staff member in the hospital or TB
treatment facility recommended the use of the anti-TB chatbot
or when a peer introduced them. Thus, social influence can have
a positive impact on the perceived usefulness of the chatbot. In
a study that investigated the acceptance of conversational agents
for disease diagnosis, social influence was identified as a factor
influencing users’ intention to adopt or use a chatbot [9]. It has
also been reported that users’ trust in providers and chatbots
predicts performance expectancy. Performance expectancy
refers to the degree to which using a chatbot will provide
benefits to users in improving their health conditions [24].
Social influence can be derived from the authority and credibility
of the service provider (ie, hospital) and those who have (expert
or user) knowledge about the disease and technology. Among
the different types of social influence was the peer pressure
from other people who use a smartphone and a chatbot. For
example, a patient with TB whom we met in study 1 was among
several patients who did not have a smartphone and were eager
to learn to use the smartphone and the anti-TB chatbot (Figure
6). Considering that there is still a large population who cannot
access mHealth solutions, our findings reiterate a barrier to these
technologies and simultaneously a strong demand for them that
remains to be met. It is beyond the scope of this study to discuss
how to meet this demand, but we introduce some of the existing
efforts and emphasize the need for facilitating conditions in the
Facilitation Condition section.

Facilitating Condition
Facilitating condition is strongly associated with the acceptance
of chatbots by patients with TB and thus should be considered
when designing an anti-TB chatbot. TB occurs more commonly
in older adults and low-income groups. It is also these groups
who find it most challenging to access and use mHealth
solutions. They are often reluctant to accept new solutions, such
as chatbots, due to a lack of internal resources (eg, information
on and capabilities to use mHealth solutions) according to study
1. However, this lack can be compensated by the provision of
external support, such as a peer who can help them learn how
to use a chatbot or smartphone tutorials. Existing chatbot-related
studies tend to focus on the efficiency and usefulness of these
https://mhealth.jmir.org/2021/11/e26424
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technologies [11,36-38]. However, our findings suggest that it
is equally important to design facilitating conditions from the
perspective of users to encourage and accelerate their acceptance
of chatbots. In other words, both services and an environment
that empowers people to use the chatbots should be designed
to eradicate TB.
Trans-sectoral efforts have been made to disseminate
smartphones among homeless people as a strategy to reinforce
self-sufficiency and mitigate poverty. Organizations, such as
the Community Technology Alliance, Seoul Municipality, and
Underheard in New York, have implemented smartphone
giveaway projects in which donated smartphones were delivered
to homeless people and used to find accommodation, economic
opportunities, and fulfill other basic needs [39,40]. These
examples demonstrate the possibility of making mHealth
solutions accessible to the bottom of the pyramid, although they
do not report any integration with mHealth. On the basis of our
empirical study, we cautiously argue that there is sufficient
demand for mHealth solutions, including the anti-TB chatbot,
among poor and older people. The question is how to deliver
them in a scaled-up and sustained manner. As we witness the
rapid growth of the mHealth industry and anticipate a variety
of solutions for TB control, including chatbots, the facilitating
conditions are all the more important for the democratization
of these technologies, that is, the development of technologies
for people who are most affected by TB should be concurrent
with sustained efforts to empower them.

Limitations
This study has several limitations. First, our hypotheses were
evaluated using correlation methods; therefore, the derived
model did not explain causal relationships among the identified
constructs. Second, this study was conducted using a
convenience sample, which limits the generalizability of our
findings. Thus, future studies should conduct a more
comprehensive inspection of how these individual differences
are associated with the acceptance of technology using
representative and larger samples [41]. With larger samples, we
may also be able to identify additional external factors that are
predictive of the acceptance of the anti-TB chatbot. Potential
candidates include social support and stigma, which have been
identified as relevant for treating TB [42-44]. Third, our sample
with a history of TB is relatively small and homogeneous due
to the invisibility caused by the fear of stigmatization. Although
this study showed that the predictor of anti-TB chatbot
acceptance depends on history of TB, the number of patients
was not sufficient to obtain results with greater statistical and
conceptual strengths. Finally, the impact of this study remains
limited in the current environment, where technological
advances are not accessible to many homeless people who can
benefit from them. At the same time, we are reminded that
technology alone cannot solve complex societal problems. We
also need to invest in scaling up the ongoing efforts to empower
these people (eg, digital literacy education) and build the
necessary infrastructure (eg, provide mobile devices and services
that they can afford and expand public Wi-Fi zones in
low-income residential areas).
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Conclusions
Despite the expansion of mHealth solutions for TB control and
the potential of chatbots to save costs and reduce the risk of
stigma associated with the diagnosis and treatment of TB, few
studies have sought to investigate the determinants of their
adoption. In this context, we conducted 2 studies to develop an
extended TAM that incorporates additional variables obtained
from an empirical study with patients with TB and explain the
intention to use a chatbot for TB control. The results showed
that the intention to use the anti-TB chatbot was predicted by

Kim et al
attitude toward the chatbot and facilitating conditions. Attitude
toward the chatbot was positively predicted by its perceived
usefulness but was not significantly predicted by perceived ease
of use. The results also suggested that the perceived usefulness
of the anti-TB chatbot was positively predicted by perceived
ease of use and social influence. The importance of this study
is to identify the underlying factors associated with the intention
to use an anti-TB chatbot. These findings can be used to inform
future design of anti-TB chatbots. For future work, it will be
necessary to integrate the proposed model with other theories
and factors that can help explain greater acceptance.
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Abstract
Background: Many countries remain in the grip of the COVID-19 global pandemic, with a considerable journey still ahead
toward normalcy and free mobility. Contact tracing smartphone apps are among a raft of measures introduced to reduce spread
of the virus, but their uptake depends on public choice.
Objective: The objective of this study was to ascertain the views of citizens in Wales on their intended use of a COVID-19
contact tracing smartphone app, including self-proposed reasons for or against use and what could lead to a change of decision.
Methods: We distributed an anonymous survey among 4000 HealthWise Wales participants in May 2020. We adopted a mixed
methods approach: responses to closed questions were analyzed using descriptive and inferential statistics; open question responses
were analyzed and grouped into categories.
Results: A total of 976 (24.4%) people completed the survey. Smartphone usage was 91.5% overall, but this varied among age
groups. In total, 97.1% were aware of contact tracing apps, but only 67.2% felt sufficiently informed. Furthermore, 55.7% intended
to use an app, 23.3% refused, and 21.0% were unsure. The top reasons for app use were as follows: controlling the spread of the
virus, mitigating risks for others and for oneself, and increasing freedoms. The top reasons against app use were as follows:
mistrusting the government, concerns about data security and privacy, and doubts about efficacy. The top response for changing
one’s mind about app use from being willing to being unwilling was that nothing would; that is, they felt that nothing would
cause them to become unwilling to use a contact tracing app. This was also the top response for changing one’s mind from being
unwilling to being willing to use contact tracing apps. Among those who were unsure of using contact tracing apps, the top
response was the need for more information.
Conclusions: Respondents demonstrated a keenness to help themselves, others, society, and the government to avoid contracting
the virus and to control its spread. However, digital inclusion varied among age groups, precluding participation for some people.
Nonetheless, unwillingness was significant, and considering the nature of the concerns raised and the perceived lack of information,
policy and decision-makers need to do more to act openly, increase communication, and demonstrate trustworthiness if members
of the public are to be confident in using an app.
(JMIR Mhealth Uhealth 2021;9(11):e29181) doi:10.2196/29181
KEYWORDS
COVID-19; survey; Wales; contact tracing; app; mHealth; mobile apps; digital health; public health

Introduction
In common with many countries worldwide, Wales remains in
the grip of the COVID-19 global pandemic, with a considerable
journey still ahead toward normalcy and free mobility. With a
https://mhealth.jmir.org/2021/11/e29181
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population of 3.1 million individuals, Wales accounts a
relatively small fraction of the 66.8 million individuals in the
United Kingdom [1]. Nonetheless, at the time of writing, Wales
has had a cumulative total of over 200,000 cases and over 5400
deaths due to COVID-19 with a confirmed positive test [2]. The
Senedd—the Welsh Government—is committed to the use of
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contact tracing smartphone app technology as part of a raft of
measures to control and reduce spread of the virus. Along with
the direct measures of individual testing and vaccinations, these
also include society-wide travel restrictions; closure of schools,
nonessential shops, and businesses; a track-and-trace system;
and working from home wherever possible, such that the entire
country has been on the highest level of lockdown used by the
Senedd (alert level 4) [3]. As such, this is a novel situation in
general and specifically concerning the introduction of a contact
tracing app.
There has been considerable debate in the media about the use
of contact tracing smartphone apps during the pandemic. Some
concerns that have been raised are the perceived risk to
individual privacy, data security, and the ethics of automated
data collection with a person’s own private device [4]. Although
contact tracing is a longstanding part of public health
surveillance for infectious diseases, the standard methods are
seen as too slow in a pandemic situation when used alone. The
use of smartphone apps is proposed to capture information more
quickly and expedite rapid information sharing to enable action
to prevent further spread [4]. In the spirit of openness and
because of the concerns raised, there is considerable interest in
citizens’ views on the use of these smartphone apps. Since
majority uptake is needed to achieve maximum effectiveness,
it is important to gauge and understand citizens’ views on the
acceptability of contact tracing apps for smartphones.
The published literature shows that there have been large-scale
quantitative studies with the public and small-scale qualitative
studies to gain insight into citizens’ perceptions about the use
of an app in various countries. These have included a variety
of study designs: surveys providing a menu of options for
respondents to indicate their reasons for or against the use of
an app [5-7]; discrete choice experiments where respondents
are asked to select options based on trade-offs [8]; and focus
groups where individuals were able to present their own reasons
for or against an app [9]. The focus groups study conducted by
Williams et al [9] included participants from all 4 UK countries
but naturally had a small sample size. The multi-country survey
carried out by Altmann et al [5] included people from the United
Kingdom but did not specify the breakdown by country. Since
public opinion on self-determination, personal choice, and
responsibility can vary by culture and government administration
across countries, we wanted to address the knowledge gap by
finding out more about Welsh citizens’ views. Our research
question was as follows: What are the views and intentions of
members of the Welsh public in relation to using a contact
tracing app? To address this question, we designed a mixed
methods study that included a survey composed of a
combination of closed and open questions. In particular, to
generate rich information, we allowed the participants to provide
open responses for or against the use of an app and on what
would lead them to change their mind regarding app use.
The objective of this study was to ascertain the views of citizens
in Wales on their intended use of a COVID-19 contact tracing
smartphone app, including self-proposed reasons for or against
it, and what could lead to a change of decision.
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Methods
We designed and distributed an anonymous survey among 4000
HealthWise Wales (HWW) participants. HWW is a cohort of
approximately 40,000 people who have signed up to help shape
the health and well-being of future generations in Wales.
Compared with the wider population, there was a higher
percentage of HWW participants older than 45 years. The
percentage of women was higher than that in the general
population (72% vs 51%). The percentage of participants in
ethnic groups other than White ethnicity (2%) matched that in
the Welsh population. Around half of participants are in higher
managerial or professional occupations, which is significantly
greater than the general population; however, each quintile of
the Welsh Index of Multiple Deprivation was represented
[10,11]. The survey was released on the internet on the
TypeForm site and piloted to check for consistency before being
released. To yield a rapid response, we asked HWW to select
a random sample from their full cohort, correctively weighted
for responses among men, and ethnic minorities of all genders
as these groups were known to be underrepresented in the HWW
cohort. Ethical approval was not required for the study, as no
identifiable information was sought.
The survey was released from May 22 to 28, 2020, and was
closed when the response rate had tailed off. At this time, the
United Kingdom was testing the NHSX app which was intended
to operate on a centralized data collection model. This model
was abandoned shortly after the survey was conducted, and the
National Health Service (NHS) COVID-19 contact tracing app
(operating on a decentralized model) was rolled out in England
and Wales on September 24, 2020. Both models collect data
via Bluetooth technology, but in a decentralized model, data
processing is performed on the smartphone rather than being
transferred to and stored in a central database.
All the survey questions were in a closed or structured format
apart from those about reasons for being willing or unwilling
to use a contact tracing app, and reasons for a change of mind
regarding app use. Participants were invited to provide up to 3
reasons for or against app use and were not asked to rank them.
They were asked for one reason for why they might change
their mind. These responses were open in the free-text format
and were analyzed and grouped manually by a consensus with
2 researchers. The quantitative data were analyzed using SPSS
(version 26), using descriptive (n [%]) and inferential
(chi-square) statistics. A list of survey questions is provided in
Multimedia Appendix 1.

Results
Basic Demographics
A total of 976 (24.4%) full survey responses were received from
across all main postcode areas of Wales (Cardiff, Llandrindod,
Wrexham, Newport, Swansea, and Shrewsbury). Only the first
part of the postcode was requested to preserve anonymity.
Among 968 respondents, 504 (52.1%) responded as being male,
461 (47.6%) as being female, and 3 (0.3%) as being nonbinary.
In terms of ethnicity (N=965), 923 (95.5%) identified as White,
7 (0.7%) as being Asian or Asian British, 4 (0.4%) as being
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Black, African, Black British, or Caribbean, 26 (2.7%) as being
mixed or of multiple ethnic groups, and 5 (0.5%) as being of

Jones & Thompson
other ethnicities. The age distribution of respondents (N=974)
is shown in Figure 1.

Figure 1. Age distribution among the survey respondents. In total, 974 people (of 976 in total) provided their ages in 10-year bands.

Smartphone Usage
Smartphone usage was reported as 91.5% overall, but this varied
by age groups (P<.001). It was over 95% in age groups of up
to 55 years, approximately 90% among individuals aged 56-75
years, 78% among the individuals aged 76-85 years, and only
40% among those aged over 85 years.

COVID-19 Risk and Experience
Of 971 respondents, 291 (29.8%) considered themselves at high
risk of infection and 680 (69.7%) did not believe that they were

at high risk. There was no significant difference in the responses
among all ethnic groups. Minority ethnicities were considered
a single group in this instance as the numbers among each group
were small. The distribution of these responses showing
differences in the perception of personal risk among these age
bands, with older people being at higher risk (P<.001), is shown
in Figure 2. Among 971 respondents, 34 (3.5%) indicated that
they had had COVID-19, and 35.7% indicated that they knew
someone who had been infected. Both of these questions
addressed whether COVID-19 was diagnosed or self-reported
by these individuals.

Figure 2. Respondents’ perceptions of being high risk of COVID-19 infection. In total, 971 respondents (of 976 in total) provided their perception of
their personal risk of COVID-19.

Knowledge and Use of Apps
Participants were asked about their knowledge and use of
symptom tracking apps before proceeding to focus on contact
tracing apps. A common symptom tracking app used in the
United Kingdom is operated by the COVID Symptom Study,
commonly referred to as “the Zoe app” [12]. In total, 974 (94%)
respondents indicated that they were familiar with symptom
tracking apps and 910 (37.7%) respondents used the app.
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Questions proceeded to ask about the awareness of plans for
introducing a contact tracing app and whether people felt they
had sufficient knowledge of potential benefits and risks. A total
of 974 (97.1%) respondents were aware, and 973 (67.2%)
respondents felt that they had sufficient knowledge. This was
followed by a question about participants’ plans to use a contact
tracing app if one were to be introduced. The number of
responses to this question was only 652, of whom almost
three-fourth (73.9%) indicated that they would do so, 12.7%
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refused, and 13.3% were unsure. Subsequent questions asked
respondents about the reasons for their decision, and considering
them, a yes/no/unsure response was inferred to the
nonresponders from their reasons given for or against an app,
yielding a total to 970 responses. The remaining 6 could not be
inferred, as the respondents had not provided reasons. The
inclusion of the inferred decisions resulted in the proportion for
“yes” being reduced to just over half (55.7%), with the
proportion for “no” increasing to 23.3% and that of “unsure”
to 21.0% (Table 1).

Jones & Thompson
There were no significant differences in the willingness to use
a contact tracing app based on ethnicity or main postcode area.
However, intentions varied by sex and by age. Females were
more likely to be willing to use a contact tracing app than males
(P=.045). Younger age groups tended to be less willing to use
a contact tracing app than older age groups (P=.01). However,
when assessed by sex, age was only a significant factor for
females (P=.01).

Table 1. Respondents’ intentions on the use of a COVID-19 contact tracing app (N=970). This table shows the numbers and percentages of people
intending to use, not intending to use, and unsure about using a COVID-19 contact tracing app.
Response type

Responses, n (%)

Direct responses (n=652)
Yes

482 (73.9)

No

83 (12.7)

Unsure

87 (13.3)

Inferred from reasons (n=318)
Yes

58 (18.2)

No

143 (45.0)

Unsure

117 (36.8)

Total responses (N=970)
Yes

540 (55.7)

No

226 (23.3)

Unsure

204 (21.0)

Reasons for Being Willing to Use a Contact Tracing
App

to be ranked, we treated all reasons equally. As shown, the top
reason was to control spread of the virus, followed by mitigating
risk for others and for oneself, and a desire to increase freedoms.

The top 10 reasons among people willing to use a contact tracing
app are shown in Figure 3. Since the reasons were not requested
Figure 3. Respondents’ reasons for their willingness to use a COVID-19 contact tracing app. Participants provided their own, open responses on their
reasons for being willing to use a contact tracing app. The top 10 reasons are shown here as percentages of those willing (N=540).

Quoted Responses From Willing Respondents
Some quoted responses from willing participants are given here
as illustrations of their viewpoints.
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Controlling Spread
I feel it will be an essential part of combating the
spread of the virus, and gives me an element of
control and decision making.
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We need to emulate those countries that have
managed to control their pandemic by use of this type
of technology.
To help stop the spread of COVID-19 and to help
inform decision to ease lockdowns.

Mitigating Risk
I wish to be able to move safely in my residential
area; wish to know if I have been in contact with
anyone diagnosed with the virus; wish to keep up to
date with latest developments.
For my own peace of mind.
For my own safety and that of others & so that
scientists have good data.

Increasing Freedoms
I would use one as I am keen to get the country going
again.
Want lockdown to end, want pubs back open.

Jones & Thompson
To help to overcome Covid, get back to work and
enable a more normal life.

Other Reasons
We collectively owe it to our country to participate
in track and trace to improve our chances of getting
on top of Covid19.
Effective contact tracing, alongside widespread virus
testing, is the best answer we have to managing the
ongoing Covid 19 pandemic.
The sooner everyone takes responsibility for learning
as much as possible about COVID 19 the sooner we’ll
control it.

Reasons for Being Unwilling to Use a Contact Tracing
App
The top 10 reasons among those unwilling to use a contact
tracing app are shown in Figure 4. Again, all reasons were
treated equally. As shown, the top reason was mistrust in the
government, followed by concerns about data security, data
privacy, and app efficacy.

Figure 4. Respondents’ reasons for their unwillingness to use a COVID-19 contact tracing app. Participants provided their own, open responses on
their reasons for being unwilling to use a contact tracing app. The top 10 reasons are shown here as percentages of those unwilling (N=226). TTT: test,
track, and trace.

Quoted Responses From Unwilling Respondents
Some quotations from unwilling participants are given here as
illustrations of their viewpoints.

Mistrusting Government
I do not like the idea of the Government storing my
data on a centralised system.
Creepy, 1984 stuff. Given how incompetent and
chaotic Westminster's response to the virus has been
so far, I wouldn't bet on information remaining
confidential.
I have zero faith that the Westminster administration
would not use the data for purposes other than tracing
the virus.

Data Security
An app forcibly enabling Bluetooth which is
inherently insecure is not something I will let happen
on my phone.
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Not confident my information won't be hacked or
misused.

Data Privacy
Insufficient evidence of preservation of privacy and
lack of adverse effects on device performance / battery
life / security.
I worry about personal privacy.

Doubts About Efficacy
I am concerned that I may get into a cycle of being
informed to self isolate multiple times because I might
have been near somebody who may have the virus as
I'm shopping for my wife and several neighbours once
a week at a supermarket.
Info is confusing. Not willing to self isolate until
person I've been in close contact with has confirmed
COVID-19.
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Other Reasons
I am not paying for a smartphone because of the
stupid [expletive] in government won’t make an app
that can be used on all mobile phones.
Concerns about data held centrally.
Mobile coverage in my area is patchy, this could be
detrimental to the effectiveness of the app if you can't
get a signal.
Risk of false warnings by malicious persons.

Change of Decision
When asked what would change their mind from being willing
to being unwilling to use a contact tracing app, participants gave
a range of reasons, with the top 10 reasons shown in Figure 5.

Jones & Thompson
As shown, the most frequent response to this question was
nothing would; that is, they felt that nothing would cause them
to become unwilling to use a contact tracing app. This was
followed by a security breach, if the app proved ineffective, and
if data were misused.
When asked what would change their mind from being unwilling
to being willing to use a contact tracing app, there were a variety
of reasons, with the top 10 reasons shown in Figure 6. Again,
the most frequent response to this question was that nothing
would; that is, they felt that nothing would cause them to
become willing to use a contact tracing app. This was followed
by a preference for a decentralized app, the provision of suitable
tech (ie, a smartphone, a network connection, or both), and
assurances of data safety.

Figure 5. Participants’ responses to what would change their mind on app use from willing to unwilling. Participants who expressed willingness to use
an app (N=540) provided their own, open responses on what would make them change to being unwilling to use a contact tracing app. The top 10
reasons are shown here. TTT: test, track, and trace.

Figure 6. Participants’ responses to what would change their mind on app use from being unwilling to being willing. Participants who expressed
unwillingness to use an app (N=226) provided their own open responses on what would make them change their mind to being willing to use a contact
tracing app. The top 10 reasons are shown here.

Unsure Respondents
As would be expected, respondents who were unsure (n=204)
about using an app gave mixed reasons for and against app use.
In response to the question of what would lead to a change of
mind (or for them, decision-making), the most frequent response
by far was the need for more information (27.5%). This was
followed by a preference for a decentralized app (6.4%), being
unsure what could change their mind (5.9%) and proof that the
app is functional (5.4%). Some quotes from unsure participants
are given here as illustrations of their viewpoints. As shown,
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respondents needed further information in a variety of areas
including how the app would function, the data to be collected
and its use, the risks to privacy, data security, and the impact
on the phone battery, location tracking, and data usage.

More Information
Much more detailed understanding about how it
works, and credibility of the organisation
launching/running the app.
Info about how it works and why it matters.
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More information on impact upon phone battery life
and privacy (location tracking).
Very detailed, clear, public explanation of the App's
findings.
More knowledge and a better understanding of the
way it works.
Full disclosure about what is and isn't tracked and
stored, and confidence in the people evaluating this
and reporting it.
Complete honesty as to what happens to all the
personal data collected.
I would happily use it if I understood more about what
the potential risk to my personal information is and
how that is mitigated.

Decentralized App
Decentralised data handling and storage.
Legally binding commitments on how data will be
used and how long it will be stored. Fully anonymised
decentralised system.
I'll use one once the tech has had a chance to bed in.
I'd much prefer to use one which is coordinated with
those in use in other countries so as to facilitate
travel.

Being Unsure
Not sure but if there was some way to ensure the data
would be safe (don’t trust gov to do as they say
necessarily).
Not sure cos all authorities lie.
I'm not sure, a lot of reassurance that it's secure.

Proof it Works
Good evidence that it works and is safe.
Independent confirmation of adequate security and
usefulness of the app.
If it was widely used and therefore accurate.

Other Reasons
A guarantee that the information would not be used
for anything else and it was secured.
Assurance in law that my data would be solely used
for contact tracing and that no private companies
would have the right to hold or use my data.
Some very clear advice on how to install, use, etc.
Support with what kind of phone is needed.
The price of a smart phone. It might be just easier for
me to wear a mask and maintain physical distancing.

Discussion
What This Study Adds
To our knowledge, this is the only study on the use of a
COVID-19 contact tracing app to use a mixed methods approach
and combine qualitative and quantitative data collection and
analysis at this scale. This is also the only known study focusing
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on Welsh citizens, thus adding Wales to the countries studied.
In particular, allowing participants to provide open responses
on their reasoning, and what would cause them to change their
mind, demonstrated the value of asking more than closed
questions and provided rich information at scale to augment the
simple categorical answers. This information is important if
policy and other decision-makers are to address and respond to
concerns and to support use of a contact tracing app.

Principal Findings
Our mixed methods survey among citizens of Wales found that
over half (55.7%) of the respondents explicitly stated they
planned to use a contact tracing app; a further 21% were unsure
and just less than a quarter (23.3%) stated that they were
unwilling. These values are based on actual responses plus
inferred choices for those participants who did not answer the
question. In contrast with the other closed questions in our
survey, which were completed by over 95% of people, the
response rate for this question was only 66%. This is interesting
as it suggests some reluctance to respond to this question;
nonetheless, almost all nonresponders gave reasons for being
for, against, or unsure of using a contact tracing app in the
free-text responses. The reasons for this are unknown, but it
might indicate forms of response bias, such as acquiescence or
social desirability, since after inferring from reasons, the
proportions shifted toward unwillingness and unsureness. By
comparison, almost three-fourth (74.8%) of participants in a
multi-country survey using Likert scales stated they would
probably or definitely download a contact tracing app [5]; over
67.5% of US citizens and 84% of Irish citizens indicated that
they would probably or definitely download an app [6,7]. The
US survey was also conducted in the United Kingdom,
Germany, Italy, and France, with definite and probable intention
to use rates at least as high as or higher than those in the United
States [13].
In February 2021, the NHS Test and Trace program released
the first detailed data about app use since it was rolled out in
England and Wales in September 2020, and it reported that 21.7
million people had downloaded the app [14]. With the
population of England and Wales being 59.4 million individuals
[15], this indicates that 36.5% of the population downloaded
the app. We refer to the combined figures for England and Wales
because separate figures for Wales alone were not reported. The
actual download figures are considerably lower than those found
in our survey or in other surveys conducted in the United
Kingdom [5,13]. It is widely recognized that a majority uptake
is needed for optimum app efficacy; however, thus far, the
figures fall far short. The reasons for this are not known, but
they might be partly owing to varying representativeness, a
tendency among respondents to provide the survey response
seen as desirable, changes in viewpoints over time, and intention
not being borne out by action for any reason.
In our survey, the top reasons in favor of app use were
controlling spread of the virus, mitigating risks for others and
for oneself, and increasing freedoms to enable society to open
up. By comparison, the top reasons among some other surveys,
which were based on predefined choices were as follows. In the
US survey [6], protecting family and friends, knowing about
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the risk of infection, stopping the epidemic, and staying healthy
were the top reasons. In the multi-country survey conducted by
Altmann et al [5], the top reasons were protecting family and
friends, stopping the epidemic, social responsibility, and
knowing about the risk of infection. In the survey in Ireland [7],
the top reasons were protecting family and friends, social
responsibility, knowing about the risk of infection, and
protecting oneself [7]. The top reasons for being against app
use in our survey were mistrusting the government, concerns
about data security and privacy, and doubts about app efficacy.
Among other surveys, the top reasons were as follows. In the
US survey conducted by Abeler et al [6]: concerns about
government surveillance post pandemic, that no one else would
use the app, phone being hacked, and increased anxiety. In the
study by Altmann et al [5], the top 2 reasons were the same as
those in the US survey, followed by increased anxiety and it
being a major inconvenience to install the app. In O’Callaghan
and colleagues’ study [7], the top reasons were surveillance by
technology companies after the pandemic, a response that none
of the options apply, government surveillance post pandemic,
and the phone being hacked. Although category names differ,
it can be seen that the top reasons for or against app use are
similar across our and other surveys.
We included a question in our survey on what could lead people
to change their mind on app use as we expected it to yield
interesting results, given that this was a first-of-its-kind app and
global context. As observed, 24% of people who downloaded
the NHS app in England and Wales are not using it, which
indicated a change of mind from being willing to being
unwilling [16]. In the government data release showing 21.7
million people had downloaded the app, it was also revealed
only about 16.5 million people (27.8%) were currently actively
using it. It has been proposed that this discrepancy is due to a
combination of people turning off the contact tracing capability,
uninstalling the app or never actually activating it [14,16]; but
the reasons for the change are not known. Of those in our survey
willing to use an app, the top response for changing their mind
from being willing to being unwilling was that nothing would
cause them to do so, indicating their firm intentions. This was
followed by assessing whether there was a breach in data
security, if the app proved to be ineffective, and if their personal
data were misused. These stated reasons may shed some light
on the loss of app users as fear of breaches and misuse, as well
as low uptake figures being seen as poor efficacy. The latter
point is somewhat ironic and could create a self-fulfilling
prophecy, one person at a time [9]. The same response (ie, that
nothing would cause them to change their mind) was also the
most frequent for those unwilling to change their mind to be
willing. This was followed by the use of a decentralized app,
being provided with suitable tech (ie, a smartphone, a network
connection, or both), and data safety assurance. Since at the
time our survey was conducted the intention was to introduce
a centralized app in England and Wales, the subsequent change
to and roll-out of a decentralized app might at least partly reduce
unwillingness. However, the other difficulties and concerns
remain to be addressed. Among the unsure, it was the need for
more and clearer information, which can be seen as positive as
it suggests it can be remedied through better communication.
The actual reasons for the 24% loss in app users are not known,
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nor what proportion of people had previously been against using
the app but had changed their mind to be in favor. Further
studies are required to obtain information on these questions.
Since contact tracing apps require the use of a smartphone and
a suitable network connection, digital inclusion and exclusion
and underlying links with socioeconomic status, are important
factors. In our survey, although 91.5% of overall respondents
reported being smartphone users, this was only 78% among
individuals aged 76-85 years and only 40% among those aged
over 85 years. Not having, not wanting to, or being unable to
buy, a smartphone, difficulties in using their smartphone, lack
of knowledge on how to download and use an app, and lack of
a reliable network connection were among the free-text reasons
given for not using the app. At least one of these reasons was
given by almost 10% (n=93) of our respondents. In April 2020,
the Ada Lovelace Institute [17] published a rapid evidence
review on the technical considerations and societal implications
of using technology to transition from the COVID-19 crisis
[18]. This included consideration of various issues relating to
the use of contact tracing apps, among which were the potential
exclusion of vulnerable groups and exacerbation of pre-existing
health inequalities. The report highlighted that the effectiveness
of digital contact tracing needed to be established, that
effectiveness relies on a high level of accuracy and ubiquity,
and is dependent on public trust and confidence. It further
warned about societal and financial implications for individuals
required to self-isolate and the possibility of fake contact
warnings and other scams. The report concluded that there was
(at the time of publication) insufficient evidence to support the
use of digital contact tracing as an effective technology to
support the pandemic response. It recommended clear
government commitment to the following: privacy by design
in app development and function, robust regulation and
oversight, time limitation on contact tracing, purpose limitation
in data use, clear guidance on the enforcement and use of digital
contact tracing, and transparency to enable public scrutiny [18].
These concerns accord with many of those raised by our survey
respondents. The data release on app use showed that 1.7 million
people in England and Wales had been told to self-isolate as a
result of using the NHS app, which health ministers estimate
has prevented about 600,000 cases of the disease [16]. This is
certainly good news, as is the change from a centralized to
decentralized app model with regard to the preferences of our
respondents. However, little is known about government
achievements on other recommendations and on public
involvement. Accepting that COVID-19 is having widespread
and unequal serious impacts on individuals and societies, there
are still ethical issues, such as the relationship between liberty
and privacy to be addressed, and it has been shown that moral
reasoning plays an important part in decision-making on app
use [4,9]. Considering that government mistrust was the most
frequent reason given by our respondents unwilling to use an
app, and it was high among the reasons in other surveys, policy
makers and other decision-makers need to increase efforts to
engage with citizens, provide clearer information and act
transparently if societies are to get the best from
smartphone-based contact tracing apps. These issues will only
become more important if added functionalities are introduced,
such as vaccine status which is under discussion in the United
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Kingdom [19], in addition to the need for ongoing monitoring,
since we have long progressed beyond common early thinking
that the COVID-19 pandemic would end quickly.

Limitations
As is common in one-time surveys, our work was based on a
defined period and, as such, presents a snapshot of citizen views
at that time. Further, the timing of the survey may have had an
impact as it was early in the “first wave” of the pandemic and
at a time when the NHSX model was the only model being
tested at scale in the United Kingdom. As the data were collected
anonymously, we cannot repeat the survey with the same
respondents to compare their intentions with their actual
decisions on the use of a contact tracing app. We acknowledge
that our respondents are not fully representative of the people
of Wales in terms of age profile, digital literacy, and ethnic
heterogeneity. Other survey models were piloted with the aim
of hearing from underrepresented groups, with some success,
but the results are not reported here owing to adaptations in
method reducing the viability of comparison with the HWW
cohort.

Recommendations
The following are some recommendations arising from our
survey to inform decisions on enhancing the use of a contact
tracing app to promote its effectiveness and build public trust.
Although these arose from a survey with people in Wales, they
are more widely applicable as in accordance with survey
findings from other countries.
Concurrent with the transparency in a democratic society, there
should be more engagement with the public to gain viewpoints,
listen to concerns, and provide more information. This would
also benefit decision-makers in developing transparent policy
plans with social license.
There is an issue with digital inclusion among some groups,
such as older people, being less likely to use a smartphone. In
some cases, it is the lack of a smartphone or stable network
connection, but for others it is a lack of knowledge on app use.
For the latter, this could be at least partly addressed by an
education program with straightforward information and a
step-by-step guide to download and use the app.
The reasons people gave for being willing to use a contact
tracing app demonstrate a keenness to help themselves, others,
society, and the government to avoid the virus and control its
spread. However, the reasons they might change their mind,
notably, the need to safeguard against security breaches and
data misuse, and to be able to demonstrate app effectiveness
are critical to trust and success. Regularly updated reliable
information is crucial to this.
The reasons people gave for their unwillingness to use an app
were topped by mistrust in the government, followed by
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concerns about data security and privacy and the efficacy of the
app. Policy and decision makers must address these issues and
demonstrate trustworthiness if members of the public are to be
confident their data are safe and that using an app is worthwhile.
In summary, we recommend greater public involvement in the
development and implementation of policy and technologies
from the outset and on an ongoing basis.

Future Work
As a separate question alongside the survey, we asked
respondents to indicate which topics interested them for an
in-depth discussion and to email us outside the survey if they
would like to take part. These topics were as follows: (1) what
counts as acceptable use of digital technologies including apps,
(2) the development and implementation of Wales-specific
policy responses to COVID-19, (3) the potential benefits and
challenges of using personal data gathered in the COVID-19
response for research purposes beyond the pandemic, (4) public
engagement with proposed government strategies prior to
implementation (and ongoing), (5) the impact of digital
technologies introduced in response to the COVID-19 crisis on
disadvantaged groups, and (6) the ethical challenges of
designing, developing, and implementing technologies that
support the exit strategy. The most frequently chosen was topic
3. Accordingly, we have embarked on deliberative public
involvement [20] to ascertain public views on this topic to
present to decision-makers in due course. The adapted survey
formats (mentioned above) and their findings will be reported
in a separate study.

Conclusions
This is the only known citizen survey on the use of contact
tracing apps to use a mixed methods approach, combining
qualitative and quantitative data collection and allowing
respondents to suggest their own reasons for and against app
use, plus what would cause them to change their decision. Our
findings show that citizens are intent on helping themselves,
others, society, and government to avoid the virus and control
its spread. The fact that contact tracing apps are necessarily
smartphone-based raises issues of digital inclusion, such that
participation is precluded for individuals who do not have a
smartphone, have difficulty using one, or lack a stable network
connection. However, the most prominent concerns raised about
app use, namely, mistrusting the government, concerns about
data security and privacy, and doubts about efficacy, could be
addressed by greater efforts by policy and decision-makers to
act openly, provide clearer information, and demonstrate
trustworthiness. These actions are essential if the potential of
contact tracing apps in contributing to controlling the pandemic
are to be realized and may be useful in the ethical development
and roll out of other health apps.
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Abstract
Background: In October 2020, Germany became the first country, worldwide, to approve certain mobile health (mHealth) apps,
referred to as DiGA (Digitale Gesundheitsanwendungen, in German, meaning digital health applications), for prescription with
costs covered by standard statutory health insurance. Yet, this option has only been used to a limited extent so far.
Objective: The aim of this study was to investigate physicians’ and psychotherapists’ current attitudes toward mHealth apps,
barriers to adoption, and potential remedies.
Methods: We conducted a two-stage sequential mixed methods study. In phase one, semistructured interviews were conducted
with physicians and psychotherapists for questionnaire design. In phase two, an online survey was conducted among general
practitioners, physicians, and psychotherapists.
Results: A total of 1308 survey responses by mostly outpatient-care general practitioners, physicians, and psychotherapists
from across Germany who could prescribe DiGA were recorded, making this the largest study on mHealth prescriptions to date.
A total of 62.1% (807/1299) of respondents supported the opportunity to prescribe DiGA. Improved adherence (997/1294, 77.0%),
health literacy (842/1294, 65.1%), and disease management (783/1294, 60.5%) were most frequently seen as benefits of DiGA.
However, only 30.3% (393/1299) of respondents planned to prescribe DiGA, varying greatly by medical specialty. Professionals
are still facing substantial barriers, such as insufficient information (1135/1295, 87.6%), reimbursement for DiGA-related medical
services (716/1299, 55.1%), medical evidence (712/1298, 54.9%), legal uncertainties (680/1299, 52.3%), and technological
uncertainties (658/1299, 50.7%). To support professionals who are unsure of prescribing DiGA, extended information campaigns
(1104/1297, 85.1%) as well as recommendations from medical associations (1041/1297, 80.3%) and medical colleagues (1024/1297,
79.0%) were seen as the most impactful remedies.
Conclusions: To realize the benefits from DiGA through increased adoption, additional information sharing about DiGA from
trusted bodies, reimbursement for DiGA-related medical services, and further medical evidence are recommended.
(JMIR Mhealth Uhealth 2021;9(11):e33012) doi:10.2196/33012
KEYWORDS
mobile health; mHealth; digital health; apps; physicians; general practitioners; technology acceptance; adoption

Introduction
Health care systems worldwide are struggling with rising costs
[1]. Great hopes are being pinned on digital health, such as
https://mhealth.jmir.org/2021/11/e33012
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mobile health (mHealth) apps, to address the root causes of
these burdens [2]. mHealth apps are said to have great potential
for improving health outcomes in numerous ways [3] (eg,
increased health competence [4], better symptom management
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[5], and improved adherence to chronic disease management
[6]). Despite these benefits, several factors are hindering
widespread adoption of mHealth solutions, including
technological, social, and organizational factors [7], limited
reimbursement [8,9], and further need for empirical research
on the effectiveness of mHealth [10].
To address some of these challenges, in October 2020, Germany
became the first country, worldwide, to grant statutorily insured
individuals an entitlement to use certain mHealth apps at the
expense of health insurers [11]. These apps are referred to as
DiGA (Digitale Gesundheitsanwendungen, in German, meaning
digital health applications), a subset of the over 280,000 health,
fitness, and medical apps available worldwide at the end of
2020 [12,13]. DiGA are medical devices primarily based on
digital technologies that support the detection, monitoring,
treatment, mitigation, or compensation of disease, injury, or
disability. Additionally, they must have successfully cleared an
assessment of positive care effects and product qualities—most
importantly, safety and suitability for use, data protection and
security, and interoperability—by BfArM (Bundesamt für
Arzneimittel und Medizinprodukte, in German, meaning the
German Federal Institute for Drugs and Medical Devices) [14].
All such apps would then be included in the official DiGA
directory of prescribable, reimbursable apps.
As app reimbursement is only possible when prescribed by a
physician or psychotherapist or when approval had been directed
by the health insurer, health care professionals—especially in
the outpatient care sector—play an important role in the
implementation process [15]. Five months after their
introduction, only 3700 DiGA had been prescribed and
reimbursed, increasing to 17,000 DiGA by 10 months after their
introduction [16,17].
Vast research has investigated the technological, structural, and
human factors that may influence technology adoption by health
care professionals [18], most prominently through innovation
adoption and diffusion theories by Rogers [19], the technology
acceptance model [20], and the unified technology acceptance
and use of technology theory [21]. What followed was empirical
work introducing various country-specific surveys on health
care professionals’ mHealth adoption [22-24] as well as studies
focused on specific medical disciplines and technologies,
ranging from telemedicine and remote monitoring [25,26] to
medical app use [27].
To our knowledge, no study has systematically examined
adoption of mHealth apps by physicians and psychotherapists
in the outpatient care sector—referred to as health care
professionals in the following sections—in the context of
institutionalized
programs
with
reimbursement
of
government-certified, prescribable apps, as is the case with
DiGA in Germany. This study aims to fill this gap by analyzing
health care professionals’ attitudes and prescription intentions
toward DiGA, as well as barriers to adoption and potential
remedies. It includes findings from the largest survey on
mHealth adoption by health care professionals in Germany.
Given Germany’s unique and leading approach to mHealth app
adoption, the findings can be applied to other countries looking
to expand access to mHealth apps.
https://mhealth.jmir.org/2021/11/e33012
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Methods
We used a mixed methods approach consisting of semistructured
interviews followed by an online survey, which was developed
based on the findings of the initial qualitative interviews.

Exploratory Interviews for Survey Questionnaire
Design
We first conducted a structured literature review of both existing
technology adoption literature and global case studies. Drawing
on these bodies of literature, we developed a semistructured
interview guide for interviews with physicians and
psychotherapists about their views toward and experiences with
DiGA (Multimedia Appendix 1). To ensure that a vast variety
of profiles and views on DiGA were represented, we used a
purposive sampling approach to identify heterogeneous
interviewees across various age groups, medical specializations,
attitudes toward digitization, and geographic locations in
Germany.
Interviews were conducted one-on-one by three independent
researchers via video conference, telephone, or face-to-face.
Interviews were conducted until all researchers agreed that
further interviews were unlikely to surface major new
viewpoints or topics. In total, 18 interviews with physicians and
psychotherapists were conducted. These lasted between 25 and
60 minutes and covered four question categories: (1) attitudes
toward DiGA, (2) prescription behavior and intentions, (3)
barriers to DiGA prescription, and (4) potential remedies.
During each interview, interviewers wrote extensive notes.
These were subsequently aggregated and reviewed by an expert
panel consisting of five members with multi-professional
backgrounds in medicine, natural sciences, and business and
used for survey questionnaire design. In the first round of
iteration, 38 survey questions were generated. These were
prioritized in the second round of iteration, resulting in 25
questions. Next, answer options were developed based on the
results from the qualitative interviews. Questions were also
rephrased as Likert-scale items, most often with responses
ranging from 1 (strongly disagree) to 5 (strongly agree).

Online Survey
We next conducted a cross-sectional survey investigating health
care professionals’ interactions with DiGA along four key
categories discussed in the qualitative interviews. To establish
a similar understanding of DiGA compared to general health
and wellness apps among all survey respondents, an introductory
information page about DiGA was displayed. We pretested the
survey questionnaire with five colleagues and additional health
care professionals to ensure survey comprehensibility and
clarity. Question wording, survey functionality, and/or the
introductory information page about DiGA were adjusted after
each pretest, where necessary. The final questionnaire
(Multimedia Appendix 2) was administered using Qualtrics, a
web-based survey tool [28].
The survey was conducted over a 6-week period between
December 2020 and January 2021 in accordance with the
Checklist for Reporting Results of Internet E-Surveys
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(CHERRIES) guidelines [29]. A total of 19,196 German general
practitioners, physicians, and psychotherapists were invited to
participate in the anonymous online survey via their publicly
accessible professional email addresses. To preserve privacy,
respondents were not asked to provide any identifiable
information. Additionally, we did not track which invited
participants had started or completed the survey, limiting our
ability to use reminders. To motivate participation, respondents
could download a comprehensive, custom-made information
package about DiGA for health care professionals after survey
completion, addressing the various uncertainties and questions
about DiGA that surfaced during our qualitative interviews and
pretests. No financial incentive was offered.

had prescribed DiGA so far. Some were generally open to doing
so in the future. Yet, all respondents saw substantial barriers
associated with prescribing DiGA, most importantly, lack of
information, uncertainties regarding therapeutic benefits and
medical evidence, and technical concerns. For some respondents,
the low number of available DiGA relevant to their practice
posed an additional barrier. All interviewees highlighted the
desire to be informed more broadly. Some interviewees also
called for stronger medical evidence and better compensation
of services related to DiGA. These findings were further tested
in the subsequent online survey.

In addition to insights from our qualitative interviews, we report
findings from 17 out of 25 online survey questions asked.
Besides descriptive analyses, dependencies between health care
professional characteristics and attitudes toward DiGA as well
as the likelihood of prescribing were tested in RStudio (version
1.3.1056) using chi-square tests or, when conditions for using
chi-square tests were not met, Fisher exact tests with Monte
Carlo approximation and 2000 replicates [30,31]. If respondents
did not answer a particular question, they were excluded from
the total number of respondents of this question in the analysis.

Demographics

Ethics Approval
This study was approved by the ethics committee of
Witten/Herdecke University (reference No. 278/2020).

Results
Qualitative Interviews
Most respondents viewed DiGA positively. More flexible access
to care independent of a practice’s opening hours and availability
of therapy location, patient empowerment through increased
sense of responsibility and self-efficacy, and improved
adherence emerged as key potential benefits. While respondents
had some experience with general mHealth apps, no respondent
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Online Survey
A total of 1308 health care professionals completed the
questionnaire, with minor nonresponse to individual questions,
corresponding to a response rate of 7%, in line with previous
research [23,32,33], making this the largest study on health care
professionals’ mHealth adoption in Germany so far.
As shown in Table 1, the median age of respondents was 46 to
55 years, with 52.7% (682/1295) male and 47.2% (611/1295)
female respondents, both representative of the overall German
medical profession [34]. Most respondents hailed from urban
areas (76.8%), predominately medium-sized cities between
20,000 and 100,000 inhabitants (406/1298, 31.3%), large cities
between 100,000 and 500,000 inhabitants (304/1298, 23.4%),
followed by small cities under 20,000 inhabitants (287/1298,
22.1%). A vast majority of respondents (1260/1296, 97.2%)
were active in outpatient settings. About half of the respondents
were active in single practices without physician and
psychotherapeutic colleagues (613/1268, 48.3%), while the
other half (655/1268, 51.7%) worked jointly with at least one
colleague, a fact in line with doctors and psychotherapists in
Germany overall [34]. Nearly all responding health care
professionals participated in the German statutory health
insurance scheme, although 93.6% (1171/1251) also accepted
privately insured patients.
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Table 1. Distribution of sociodemographic characteristics of all general practitioners, physicians, and psychotherapists (N=1308) who participated in
the survey.
Characteristic

Respondents, n (%)

Age in years (n=1295)
<26

1 (0.1)

26-35

49 (3.8)

36-45

233 (18.0)

46-55

415 (32.0)

56-65

477 (36.8)

>65

120 (9.3)

Gender (n=1295)
Male

682 (52.7)

Female

611 (47.2)

Diverse

2 (0.2)

Practice location size: inhabitants (n=1298)
<5000

85 (6.5)

5001-20,000

287 (22.1)

20,001-100,000

406 (31.3)

100,001-500,000

304 (3.4)

>500,000

216 (16.6)

Practice type (n=1296)
Hospital

28 (2.2)

Single practice

613 (47.3)

Joint practice

647 (49.9)

Other occupation

8 (0.6)

Practice size: practicing physicians or psychotherapists (n=1268)
1

613 (48.3)

2

270 (21.3)

3

139 (11.0)

4

101 (8.0)

5

41 (3.2)

6-10

64 (5.0)

>10

40 (3.2)

Patient population (n=1251)
Statutory health insurance only

70 (5.6)

Private health insurance only

10 (0.8)

Both statutory and private health insurance

1171 (93.6)

Medical specialty (n=1260)
Anesthesiology

24 (1.9)

Child and adolescent psychiatry and psychotherapy

61 (4.8)

Dermatology

22 (1.7)

Ear, nose, and throat medicine

38 (3.0)

General medicine

284 (22.5)

Gynecology

65 (5.2)
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Respondents, n (%)

Internal medicine

130 (10.3)

Neurology

19 (1.5)

Ophthalmology

18 (1.4)

Orthopedics and trauma surgery

44 (3.5)

Pediatrics

50 (4.0)

Psychiatry and psychotherapy

65 (5.2)

Psychological psychotherapy

264 (21.0)

Psychosomatic medicine and psychotherapy

93 (7.4)

Surgery

19 (1.5)

Urology

19 (1.5)

Other specialties

45 (3.6)

Perceived Benefits From and Attitudes Toward DiGA
A total of 62.1% (807/1299) of health care professionals viewed
the fact that physicians can prescribe DiGA as positive or very
positive. Only 22.6% (293/1299) viewed this recent development
as negative or very negative in addition to 15.3% (199/1299)
who viewed it neutrally. While health care professionals who
had higher digital affinity (χ236=126.7, P<.001) or were female
(Fisher exact P=.01) held significantly more positive attitudes,
the strength of the association between digital affinity, measured
as self-rating for job-related digital competency or gender on
the one hand and attitude towards DiGA on the other hand was
rather weak (Cramer V=0.16 and 0.09, respectively). Medical
specialty significantly influenced attitudes toward DiGA (Fisher
exact P=.001; Cramer V=0.14). Other professional
characteristics, such as age, practice type, size, and location and
patient population, did not show significant effects on attitude.

Positive attitudes toward DiGA may be explained by the various
benefits that health care professionals expect from DiGA for
both patients and physicians: health care professionals who
perceived greater benefits from DiGA held significantly more
positive attitudes toward them (χ216=116.5-785.3, P<.001; Fisher
exact P<.001; Cramer V=0.12-0.42, depending on the individual
benefit; see Figure 1 for respective benefits). On average,
benefits for patients were considered to be larger than those for
physicians, as shown in Figure 1. With 77.0% of respondents
(997/1294), improved therapy adherence was identified as a
benefit for patients most often, followed by increased health
competence (842/1294, 65.0%), improved disease management
(783/1294, 60.5%), direct health benefits from using DiGA
(733/1295, 56.7%), and improved access to care (705/1294,
54.4%). These benefits were seen to accrue primarily among
younger patients. A total of 40.7% (527/1295) of health care
professionals would prescribe DiGA primarily to younger
patients.

Figure 1. Perceived benefits from DiGA for patients and health care professionals. Respondents were asked to indicate the extent to which they see
various benefits from DiGA on 5-point Likert scales. DiGA: Digitale Gesundheitsanwendungen (digital health applications).
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About 1 in 2 health care professionals saw improved patient
care (727/1287, 56.5%) as a benefit of DiGA for physicians.
Increased patient satisfaction was seen as a benefit by 43.2%
of respondents (556/1287), followed by time savings (410/1287,
31.9%). Acquiring new patients (82/128, 76.3%) and receiving
additional income through reimbursement for medical services
related to DiGA (26/128, 72.0%) were rarely seen as benefits.
At the same time, one-fifth of health care professionals
(234/1287, 18.2%) indicated that they were unable to assess
whether DiGA would lead to attractive reimbursement,
significantly more than for other potential physician benefits.

Prescription Intentions
A large majority of health care professionals have not prescribed
DiGA and did not intend to do so in the next year: less than
10% (103/1299) of health care professionals indicated that they
had prescribed DiGA. Only 30.3% (393/1299) of health care
professionals planned to prescribe DiGA in the next 12 months.
A total of 19.9% (259/1299) were uncertain as to whether they

Dahlhausen et al
would prescribe DiGA and 49.8% (647/1299) did not plan to
do so. Those who held more positive attitudes toward DiGA
(χ216=570.3, P<.001; Cramer V=0.33) or saw larger benefits
from DiGA (χ216=215.4-409.0, P<.001; Fisher exact P<.001;
Cramer V=0.11-0.30, depending on the individual benefit) were
believed to be significantly more likely to prescribe. Apart from
digital affinity (χ236=79.0, P<.001; Cramer V=0.12), health care
professionals’ demographics were not significantly associated
with prescription intentions.
Prescription intentions varied largely by medical specialty
(Figure 2). Across all specialties, 30.3% (393/1299) of
respondents indicated that they would be likely or very likely
to prescribe DiGA in the coming year. Neurologists (11/19,
58%) and ear, nose, and throat doctors (21/38, 55%) held the
highest prescription intentions. At the lower bound, only 6%
(1/18) of professionals from ophthalmology intended to
prescribe.

Figure 2. Prescription attitude and intention by medical specialty. Prescription attitude represents the share of respondents who expressed positive or
very positive attitudes toward prescribing DiGA. Prescription intention represents the share of respondents who indicated that they would be likely or
very likely to prescribe DiGA during the coming year. The difference shows the gap between prescription attitude and intention by medical specialty.
See Table 1 for respective sample sizes per medical specialty. DiGA: Digitale Gesundheitsanwendungen (digital health applications).

Similar but smaller variations across specialties were found for
attitudes toward DiGA prescription. Across all specialties,
62.1% (807/1299) of respondents held positive or very positive
attitudes. Neurologists held the most positive attitudes toward
DiGA (15/19, 79%). At the other end of the spectrum, only 50%
(22/44) of orthopedists and trauma surgeons did so.

yet only 16% (3/19) reported prescription intentions, with a gap
of 52.6 percentage points. Despite this general trend, some of
the results for prescription intentions, attitudes, and their relative
gap may also be influenced by the comparatively small sample
size in some medical specialties.

On average, prescription intentions were more than 30
percentage points lower than prescription attitudes. This gap
was smallest for ear, nose, and throat doctors (5.3 percentage
points): 61% (23/38) of responding ear, nose, and throat
professionals displayed high prescription attitudes and 55%
(21/38) displayed an intention to prescribe. The gap was largest
for surgeons: 68% (13/19) held positive prescription attitudes,

As Figure 3 displays, health care professionals saw significant
barriers to prescribing DiGA across several dimensions. Above
all, 87.4% (1135/1299) of health care professionals viewed
insufficient information as an obstacle to DiGA prescriptions.
This translates into low perceived competence in dealing with
DiGA: about 7 out of 10 health care professionals felt
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insufficiently knowledgeable to differentiate bad from good
DiGA (915/1298, 70.5%) and to advise patients regarding their
application (905/1308, 69.2%). However, 92.4% (1208/1308)

Dahlhausen et al
of health care professionals wanted to receive information about
DiGA, thereby showing openness to address the key barrier to
adoption of DiGA.

Figure 3. Perceived barriers to prescribing DiGA by health care professionals. Respondents were asked to indicate to what extent they believed various
barriers prevented health care professionals from prescribing DiGA on 5-point Likert scales. DiGA: Digitale Gesundheitsanwendungen (digital health
applications).

Additionally, a majority of health care professionals saw
insufficient reimbursement of medical services related to DiGA
(716/1299, 55.1%), insufficient evidence (712/1298, 54.9%),
legal insecurities about potential liabilities for mistreatment
(680/1299, 52.3%), and worries about data protection and
security (658/1299, 50.7%) as clear barriers. Slightly less than
half of the respondents believed that training needs for the
respondent and potential staff (632/1299, 48.7%), perceptions
of increased workload (584/1299, 45.0%), and technical
integration issues (560/1299, 43.1%) were preventing health
care professionals from adopting DiGA more broadly. Only
about one-third of health care professionals saw workflow
adjustment needs (431/1299, 33.2%) and missing support for
health care professionals from DiGA providers (eg, for technical

issues in daily operations; 372/1298, 28.7%) as obstacles to
prescribing.

Measures to Support Adoption
Six measures were viewed positively by health care
professionals to increase willingness to prescribe DiGA (Figure
4). Additional information about DiGA (1104/1297, 85.1%),
recommendations by medical associations (1041/1297, 80.3%),
positive experience reports about DiGA from medical colleagues
(1024/1297, 79.0%), opportunities to test apps (1010/1297,
77.9%), and increased reimbursement for medical services
related to DiGA (932/1297, 71.9%) have the potential to support
health care professionals in the adoption of DiGA. When
approached by patients, health care professionals also believed
they would be more likely to engage with the topic and,
thereafter, potentially prescribe DiGA (821/1297, 63.3%).

Figure 4. Measures to support health care professionals’ adoption of DiGA. Respondents were asked to indicate to what extent they believed various
measures could help health care professionals to adopt DiGA on 5-point Likert scales. DiGA: Digitale Gesundheitsanwendungen (digital health
applications).
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As displayed in Figure 4, other measures were viewed as neutral
or ineffective. Recommendations to health care professionals
by health insurers (529/1297, 40.8%), integrated care contracts
(464/1296, 35.8%), and direct exchanges between health care
professionals and developers (361/1297, 27.8%) were believed
to have a weaker effect.

Discussion
Despite the high potential of mHealth to improve medical care
at lower costs [35,36], broad adoption has been challenging in
the past. To overcome these challenges, Germany embarked on
a new path by being the first country, worldwide, to introduce
DiGA as prescribable mHealth apps into regular care in October
2020. However, DiGA adoption has been relatively slow, even
at a time when large numbers of health care professionals have
adopted telemedicine due to the COVID-19 pandemic [37]. To
our knowledge, this study was the first to systematically examine
the dynamics underlying the adoption of prescribable mHealth
apps.
Our findings show that a majority of health care professionals
support the introduction of DiGA into standard care, as they
see significant medical benefits for patients, most importantly,
improved patient adherence, health literacy, disease
management, access to care, and direct health benefits. Although
further research on the evidence of mHealth apps is needed in
general [10], patient benefits have already been confirmed for
various DiGA in randomized controlled trials [38-41].
Countless studies have found the expectation of benefits,
positive attitudes, or perceived usefulness of mHealth
technologies to be core predictors of adoption [20,21].
Accordingly, health care professionals are more likely to use a
technology when they believe it to be beneficial to their patients’
care or themselves [9] and refrain from doing so when skeptical
of its benefits for their practice [7].
While our findings confirmed a positive relationship between
perceived usefulness and intention to use, the effect seems to
be somewhat limited. Despite the multitude of benefits of DiGA
seen by our respondents, only about one-third of health care
professionals planned to prescribe DiGA in the future. Although
this finding is in line with mHealth adoption rates in other
countries [32], the share of health care professionals who have
already prescribed DiGA is drastically smaller in Germany,
seconding the need for further investigations of relevant factors.
While some studies consider gender and age as
sociodemographic factors influencing technology adoption [21],
others find this effect to be limited to attitude, not intention to
prescribe [7]. The latter is true for our survey results. Only
digital affinity had a significant and positive effect on both
attitude and prescription intention. This may be due to the fact
that health care professionals with greater digital affinity and
information and communications technology experience
anticipate greater ease of use when integrating DiGA into their
work, a factor that has been found to be a strong predictor of
technology adoption [9,42].
In addition to the potential effects of sociodemographics, two
other factors may explain the low prescription intentions of
https://mhealth.jmir.org/2021/11/e33012
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DiGA. First, the availability of relevant DiGA is limited for
some specialties, which may, therefore, result in these health
care professionals not planning to prescribe DiGA, a factor also
highlighted by our qualitative interviews. Looking at the 20
apps that have been approved so far, 10 of them are related to
psychotherapy (eg, depression, phobias, and insomnia), 4 are
related to neurology (eg, stroke, multiple sclerosis, and
migraine), and 1 is related to nutrition (ie, obesity) [43]. These
are largely irrelevant for professionals from specialties with the
largest gap between positive attitudes and prescription intentions
(ie, ophthalmology, dermatology, surgery, and other specialties).
However, medically beneficial mHealth apps targeting diseases
in these currently underrepresented specialties (eg,
smartphone-based early detection of skin cancer [44] or
treatment of ophthalmologic conditions, such as amblyopia and
glaucoma [45]) are starting to emerge or are already under
review by the German Federal Institute for Drugs and Medical
Devices [46] and may increase DiGA prescriptions in the future.
Second, barriers to adoption may explain low prescription
intentions. Barriers identified in our study include lack of
information and medical evidence; insufficient reimbursement
of medical services; concerns about medico-legal issues, such
as liability and data protection risks; as well as workflow-related
issues, including required workflow adjustments, training needs,
and increased workloads. Most of these barriers are consistent
with those identified by other studies from various countries
and settings. A recent systematic review by Jacob et al [7]
identified workflow-related factors; privacy, security, and
medico-legal concerns; and monetary issues related to
reimbursement and fees to be among the most studied and
important social and organizational factors that influence
technology adoption by health care professionals. Interestingly,
lack of information—with over 87% of responses reporting this
as the largest barrier for adoption in this study—has been studied
significantly less [7]. This may be because past research has
frequently studied conceptually more established and mature
concepts, such as electronic health records [15], contrary to
Germany’s DiGA, which had only been available for under 3
months at the time of this study. For such novel technology,
information may be an anteceding barrier that needs to be
addressed first before health care professionals become fully
aware of more frequently studied barriers to adoption.
To address these barriers and support adoption of DiGA, five
concrete measures should be implemented. First, increasing
health care professionals’ level of information and trust in DiGA
through recommendations from reliable bodies, such as medical
associations, scientific societies, opinion leaders, and peers
[7,24,47], and enabling health care professionals to experience
DiGA themselves through free test versions may foster adoption.
Here, it is critical to address the barriers perceived, such as
medico-legal concerns around liability for mistreatment and
data risks, as well as benefits from using DiGA for both patients
and health care professionals. Second, introducing DiGA-related
medical services into the remuneration system for statutory
health insurance–accredited health care professionals may offer
stronger financial incentives for adoption. Past research from
Germany suggests that such measures may influence up to 85%
of health care professionals in adopting a new technology [25].
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Third, scientists should further investigate medical evidence of
DiGA using robust study designs (eg, randomized controlled
trials and meta-reviews according to Cochrane standards) and
make findings freely available more than is currently the case.
Moreover, given the widespread lack of awareness, previous
results should be disseminated more effectively, starting with
the national DiGA directory operated by the German Federal
Institute for Drugs and Medical Devices. A more transparent,
standardized, and, thus, more accessible presentation of
evidence, with a clear indication of medical and structural effects
for patients and study design conditions complied with, may
promote trust in DiGA [48]. Fourth, training offerings related
to DiGA should be expanded to help physicians make decisions
about DiGA implementation within their own work at an
extensive and intensive margin. Providing incentives for
trainings, for instance, continuing medical education
certification, may further aid this effort. Fifth, ensuring
compatibility of DiGA with existing clinical practices,
workflows, and infrastructure will be critical to remove barriers
to adoption [15].

Dahlhausen et al
This study extends our understanding of the dynamics
underlying the adoption of prescribable mHealth apps by health
care professionals. Given that an online survey was used, our
results may be subject to some self-selection bias and, therefore,
bounded representativeness. Further research may, therefore,
wish to validate these findings with an even larger, more
representative sample.
In conclusion, three strands of research resulted from this study.
First, given the criticality of greater information for prescription
among medical professionals, future studies should investigate
which channels appear to be most appropriate for delivering
DiGA information and which types of content are most critical
for health care professionals. Second, to reduce reliance on
health care professionals who might remain reluctant to
prescribe DiGA, other paths to support the adoption of medically
beneficial DiGA should be explored. Third, further research
should investigate whether health care professionals are reluctant
to prescribe DiGA to some patient groups (eg, those lacking
language or digital skills) and how such potential digital divides
can be addressed to realize mHealth’s full potential for patients
and in the German health care system at large.
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Abstract
Background: Official contact tracing apps have been implemented and recommended for use across nations to track and contain
the spread of COVID-19. Such apps can be effective if people are willing to use them. Accordingly, many attempts are being
made to motivate citizens to make use of the officially recommended apps.
Objective: The aim of this research was to contribute to an understanding of the preconditions under which people are willing
to use a COVID-19 contact tracing app (ie, their use intentions and use). To go beyond personal motives in favor of app use, it
is important to take people’s social relationships into account, under the hypothesis that the more people identify with the
beneficiaries of app use (ie, people living close by in their social environment) and with the source recommending the app (ie,
members of the government), the more likely they will be to accept the officially recommended contact tracing app.
Methods: Before, right after, and 5 months after the official contact tracing app was launched in Germany, a total of 1044
people participated in three separate surveys. Structural equation modeling was used to test the hypotheses, examining the same
model in all studies at these critical points in time.
Results: Across the three surveys, both identification with the beneficiaries (people living in their social environment) and with
the source recommending the app (members of the government) predicted greater intention to use and use (installation) of the
official contact tracing app. Trust in the source (members of the government) served as a mediator. Other types of identification
(with people in Germany or people around the world) did not explain the observed results. The findings were highly consistent
across the three surveys.
Conclusions: Attempts to motivate people to use new health technology (or potentially new measures more generally) not only
for their personal benefit but also for collective benefits should take the social context into account (ie, the social groups people
belong to and identify with). The more important the beneficiaries and the sources of such measures are to people’s sense of the
self, the more willing they will likely be to adhere to and support such measures.
(JMIR Mhealth Uhealth 2021;9(11):e28146) doi:10.2196/28146
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Introduction
Background
The outbreak of COVID-19 in 2020 impacted individual people
worldwide but also their communities, governments, and whole
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nations, with (often) unknown challenges and numerous new
measures to be rapidly accepted and implemented. One
important measure implemented in many countries to
collectively contain the spread of the virus has been the use of
new technological means, namely, an official contact tracing
app [1]. Such apps aim at retracing chains of infection and
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warning people in case they have had contact with a potentially
ill person. In Germany, the official app was commissioned by
the German government—launched on June 16, 2020—and has
since been recommended by the government for (voluntary)
use. In February 2021, almost 8 months after its launch, 25.4
million people (out of roughly 83.7 million living in Germany)
were using the app, with 59% positive test results being entered
[2]. Therefore, there is still substantial room to gain more users.
This situation raises the question: What motivates people to
support and make use of such new technology?
In an “era of massive technological advancement” [3] and this
pandemic, studying the acceptance of such health-related apps
(especially regarding contact tracing) is important both from
theoretical and practical points of view to better understand and
potentially foster people’s willingness to use them. Going
beyond prior work on personal motives for app use, this study
examined the role of social relationships. Specifically, we
targeted the question if the extent to which people identify with
specific groups, namely (a) with the beneficiaries of app use
(ie, people in their social environment) and (b) with the source
recommending the app (ie, members of the government),
predicts a greater willingness to use the contact tracing app.
This relies on the idea that tracing apps gain their impact at the
collective level (ie, when many people use them, these apps are
beneficial for the community but not necessarily for the
individual user).
We used three separate surveys to test this idea at crucial points
during 2020: right before the official app was launched, right
after its launch, and 5 months later when substantial extensions
to track more user data were added. With this approach, we
sought to contribute to a better understanding of the
preconditions of people’s willingness to use such new
health-related technology from a motivational perspective,
highlighting the importance of the social groups (collectives)
that people belong to (rather than their personal benefits or
pitfalls) as driving forces.

Prior Work on App Acceptance and the Role of
Individual Motives as a Predictor
This study focused on the official contact tracing app in
Germany. This specific app traces contact of the user with
people who have been diagnosed with COVID-19, using
Bluetooth over smartphones. If a “positive” contact is recorded
during the day, the app notifies the user with a warning the next
day, which did not reveal the potential contact’s identity or the
specific point in time of contact when the study was performed.
Prior work on how people respond to such apps focused on
three main aspects. First, recent reviews compared the features
of tracing apps and other types of apps developed during the
COVID-19 pandemic (eg, for training, information sharing, or
diagnosis) [4-6]. In these reviews, the focus was on the
descriptions of the technology rather than the users. Second,
researchers have performed surveys on general acceptance rates
of COVID-19 tracing apps among different populations.
Although some findings suggest relatively high support for the
app across countries [7], other studies did point out the problem
of low usage rates (eg, in France among health care students)
[8]. In Germany, at the time of the launch of the official contact
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tracing app, 81% of an adult sample between 18-77 years old
did possess the (technological and ability-related) requirements
to use the app, but only 35% reported being willing to do so
[9]. This points to the necessity to better understand the
motivational preconditions of app acceptance.
The low acceptance rates stress the relevance of the third
research question on what motivates people to make use of this
app and disclose their personal data. In this regard, prior work
has adopted a clear focus on personal benefits and detriments.
From a personal perspective, using these technological means
does carry benefits (eg, being informed about one’s own positive
contacts) but also potential barriers for each individual user (eg,
providing personal data). Personal motives are known to
influence use intentions. Recent evidence in this domain has
shown that privacy concerns along with uncertainty about the
app’s effectiveness constitute two main personal barriers to
accept such an app [5,7,8,10-12]; thus, balancing these two
aspects poses a major challenge for app developers [3,13]. At
the same time, personal conditions that support acceptance are
related to already having adopted one’s lifestyle during the
pandemic [14], trusting in data security or authorities [7,10,11],
perceiving high personal vulnerability to a health threat [12],
and experiencing high personal self-efficacy [12]. Finally,
providing users with an app that seems easy to use [15] or giving
transparent information about the app contributes to greater app
acceptance [11].
Overall, motivational factors on the level of the individual play
a role in acceptance: people are more willing to use
technological means if they expect it to benefit (rather than cost)
them personally [16]. However, it is unclear whether such
personal costs and benefits are the only motivational drivers,
or if people might also be motivated to use the app (as a measure
designed for a collective) not for personal reasons but because
they care about others. Going beyond the prior work outlined
above, we here present a novel perspective on the motivational
drivers behind app acceptance. We reason that people may also
be willing to use the app because they identify with those who
benefit from the app and/or those who recommend using it.

The Role of Identification With Others (Beneficiaries)
in Fostering App Use
One important aspect of technological means such as a contact
tracing app during a pandemic is that its use does not only
benefit oneself personally but it also benefits other people in
one’s social environment (ranging from friends or family living
close by to unknown people who happen to buy their groceries
in the same supermarket) by warning them in case one receives
a positive test result. Accordingly, people may be more
motivated to use the app the more important the welfare of these
potential beneficiaries is to them.
Others’ importance to oneself is a topic addressed Social Identity
Theory [17,18]. People define themselves not only in terms of
what makes them unique individuals (“I”; their personal identity)
but also in terms of the social groups they belong to (“we”; their
social identity). The more a person identifies with a social group
they belong to, the more relevant this (in)group becomes to their
definition of the “self.” As a result, people start thinking more
in terms of “we” (rather than “I”) and they care more about the
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interests of the group. Consequently, the more people identify
with a social group, the more willing they are to engage in
behaviors that benefit the group’s members (eg, use technology
to contribute knowledge for others at work) [19-21], potentially
even at personal costs (eg, sacrificing privacy concerns to benefit
the safety of the group; see the example of CCTV cameras in
the United Kingdom [22]).
Applied to the present case, this implies that the more a person
identifies with people living in their social environment (ie,
potential beneficiaries from their app use), the more willing this
person will likely be to contribute to these others’ welfare and
thus to use the app. This resulted in the following hypothesis:
H1: The more people identify with people living in their social
environment, the more willing they are to use the contact tracing
app.

The Role of Identification With the Source in Fostering
App Use
A second important motivational predictor of people’s
willingness to use such new technology could be the level of
identification with the source (“authority”) recommending the
app. In this sense, the more people trust in and identify with
members of the government—as the source who commissioned
the production of this app and now persistently recommends its
use—the more willing they may be to use the app.
Members of the government represent a small group of (elected)
people who act as representatives of a nation (ie, the broader
ingroup of the people of their country that they may identify
with). In the present case, we investigated people’s identification
with the members of the German government. During the early
months of the COVID-19 pandemic, European and international
news often stated that the German government was dealing
relatively effectively with the challenges; during these times,
members of the government have been meeting and
communicating the results of such meetings repeatedly (eg,
every other week) to the public to address citizens’ concerns
and needs (eg, building upon regular opinion surveys and
including public addresses). As a result, citizens may have had
the impression of having substantial (virtual) contact with
members of the government, and such (positive) contact is
known to create a feeling of closeness and identification to
others [23,24]. In short, citizens may have had opportunities to
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identify with members of the government (even if citizens would
typically not consider them to be members of their ingroup) just
as people can generally identify with their leaders at work (eg,
[25-28]).
The more people identify with others, the more positively they
view these others [29-32]. This also means that when taking a
“leap of faith” and being potentially vulnerable (as is likely the
case during a pandemic), identification presumably makes
people more willing to trust in and follow their ingroup members
[33,34] and, potentially, even to trust more in and follow those
people (authorities) who make decisions on behalf of their
ingroup (eg, their community [35] or the people of their
country). Supporting this idea, trust in the government was an
important predictor of accepting measures during the Ebola
outbreak [36,37] (for a similar argument, see [38]), and has also
been considered important by people themselves during the
COVID-19 pandemic [10]. This resulted in the following
hypothesis:
H2: The more people identify with members of the government,
the more they trust in these members and, accordingly, the more
they are willing to use the contact tracing app.

Study Objectives and Design
These two predictions were tested across three surveys at
different important points in time throughout 2020 to perform
a more comprehensive test of the hypothesized model. As an
indicator of people’s responses toward the contact tracing app,
all surveys focused on the outcome willingness to accept the
app (app acceptance); we additionally assessed willingness to
use the app prior to its launch (intentions to use) or after its
launch (app use; reflecting that people had already installed the
app on their smartphones).
Taken together, we hypothesized that the more people identify
(1) with other people in their social environment and/or (2) with
members of the government, the greater their willingness to use
the official contact tracing app should be. For the latter (H2),
trust in the government was the assumed mediator. For the
former (H1), we did not predict a mediating role of trust;
notwithstanding, we explored whether trust would also serve
as a potential mediator for identification with the social
environment in predicting greater app acceptance. The general
model is presented in Figure 1.

Figure 1. General model tested across the three surveys. The dashed line reflects an exploratory path and the solid lines reflect hypothesized paths. H:
hypothesis.
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As such, the broader aim of this study was to contribute to a
better understanding of the preconditions of people’s willingness
to use this new technology from a motivational perspective. We
sought to demonstrate, for the first time, the importance of
(identification with) the social groups that people belong to as
a driver toward greater app acceptance.

Methods
Procedure and Sample
At all three time points, participants were invited via a university
email to complete a brief (7-10 minutes) survey on their
perception of the current (COVID-19–related) situation.
Participants received basic information about the respective
study (eg, duration, compensation, purpose), provided informed
consent, completed the main measures as indicated below,
entered demographic information, were debriefed, confirmed
their consent (or withdrew it) to use their survey data, and were
finally given the chance to take part in a lottery of gift vouchers.
Note that Surveys 2 and 3 included an experimental
manipulation
making
identification
with
the
government/environment salient (compared to control groups).
This manipulation turned out to be ineffective; we thus analyzed
and report results by means of correlations between measured
constructs. More information on this aspect is certainly available
from the authors. The local ethics committee provided ethical
approval for all studies.
From May 25 to May 26, 2020, right before the official app was
launched in Germany, 355 participants completed Survey 1
(268 women, 81 men, 6 diverse/nonspecified; mean age 23.53
years, SD 5.827, range 18-80 years); two additional participants
of Survey 1 (none in Survey 2 and one in Survey 3) retracted
their data after the debriefing, which were accordingly deleted
prior to any analysis. Survey 2 (June 16, 2020, right after the
app was launched) included 308 nonoverlapping participants
(228 women, 74 men, 3 diverse/nonspecified, 3 missing; mean
age 23.93 years, SD 5.79, range 18-73 years). Survey 3
(November 23-25, 2020, when additional app functions requiring
more personal data were discussed) involved another separate
sample of 381 participants (278 women, 100 men, 3
diverse/nonspecified; mean age 22.57 years, SD 4.83, range
18-69 years).

Measures
Source Data and Code
The exact order of measures in each study (including potential
additional control measures) and the original materials for all
surveys are reported in Multimedia Appendix 1 and Multimedia
Appendix 2. Data [39] and code [40] are available at
PsychArchives.

Identification
Identification with (1) people in their social environment and
(2) members of the government, as our main predictors, were
measured with six items each, adapted from McFarland et al
[41] (eg, “How connected do you feel to the following groups?”:
social environment (1=nothing to 7=very/very much).
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As a control variable, we assessed identification with two
broader (in)groups that people may identify with to rule out that
the relations we predict are driven by these aspects of
identification. In Surveys 1 and 2, we assessed (with the same
items) (3) identification with people living in Germany as a
control variable, whereas in Survey 3, we assessed (4)
identification with people around the world (humanity) as a
control.
For exploratory purposes, we also assessed identification with
scientists in the health domain as potential “users” of the app
data; however, as this measure was strongly correlated with
identification with members of the government (Survey 1,
N=355: r=0.542, P<.001; Survey 2, N=308: r=0.473, P<.001),
we refrained from further analyses with this measure.

Trust
Trust in the government as a mediator was measured with four
items in all surveys to assess the trust dimensions as indicated
by Mayer et al [42], adapted from Winter et al [43] (eg, “How
trustworthy/honest/competent/credible do you perceive the
government to be?”: 1=not at all to 7=very).

App Acceptance
App acceptance as a first outcome was operationalized as low
perceived privacy infringement. Participants in Survey 1 (prior
to launch of the app) received a brief description that the
government was currently planning on launching the app for
voluntary use to limit the spread of the virus, potentially trace
users’ movements, and warn users in case of a high-risk contact;
in Survey 2 (after the launch), this message stated that the
government had just initiated the launch of the app (by June 16,
with the same purpose as indicated for Survey 1). Participants
in Surveys 1 and 2 indicated how they perceived the call to use
such an app with six items, adapted from Alge et al [44] (eg, “I
find it acceptable that such an app should be used”: 1=does not
apply at all to 7=totally applies).
In Survey 3, we assessed this outcome 5 months (November
2020) after the app had been launched and an extension by
further functions was addressed to collect more extensive user
data as a basis for new governmental measures. Accordingly,
this outcome was operationalized in terms of people’s
acceptance of more app functions (meaning providing more
personal data) with 8 items adapted from Surveys 1 and 2 (eg,
“I would be willing to disclose more information from myself
as a basis to decide on new measures”: 1=does not apply at all
to 7=totally applies).

Intention to Use the App and Use (Installation) of the
App
The intention to use the app as a second outcome in Surveys 1
and 2 was assessed with one item: “To which extent would you
be/are you willing to use this contact-tracing app?” (1=not at
all to 7=very much). The use of the contact tracing app was
assessed as an additional outcome in Survey 2; we
operationalized use by asking participants whether they had
already installed the official or another contact tracing app
(0=no, 1=yes: 25.3% stating yes; mean 0.25, SD 0.44). To be
better able to differentiate whether agreement in this case
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e28146 | p.84
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referred to the official (ie, government-recommended) app, in
Survey 3, we specifically assessed the use of this official app
with the question: “Is the official contact tracing app installed
on your smartphone?” (0=no, 1=yes, missing=unsure/different
app: 57.7% stating yes, 41.2% no, and 1% unsure; mean 0.58,
SD 0.49). As such, use was operationalized as installation of
the app (ie, having installed the tracing app on their
smartphones).

Data Analysis
We analyzed the data using structural equation modeling with
Mplus 8.4 [45]. The tested model for each survey examined the
relationship between the predictors (identification with the
government, identification with the social environment),
controlling for identification with people in Germany (Surveys
1-2) or for identification with humanity (Survey 3); the mediator
trust; and the outcomes app acceptance (Surveys 1-3), intention
to use the app (Surveys 1-2), and either the use of some contact

tracing app (Survey 2) or the use of the official contact tracing
app (Survey 3). Moreover, we tested for indirect effects of
identification (with the government, with the social
environment) in predicting more app acceptance, intention to
use the app, and/or use of the app via greater trust. We
hypothesized and tested an indirect effect of identification with
the government via trust on the outcomes (H1); in addition, we
explored if trust would also serve as a “linking mechanism”
between identification with the social environment and the
outcomes (ie, also for the prediction in H2).

Results
Descriptive Statistics
Descriptive statistics and Cronbach α values are shown in Table
1. The intercorrelations among measures for each study are
reported in Tables 2-4. Items were originally in German and
translated for this paper.

Table 1. Descriptive statistics and bivariate correlations for the three surveys.
Variable

Survey 1 (N=355)

Survey 3 (N=381)

Cronbach α

Mean (SD)

Cronbach α

Mean (SD)

Cronbach α

Identification with the social environment 6.29 (0.79)

.89

6.24 (0.83)

.91

6.38 (0.63)

.88

Identification with members of the govern- 3.11 (1.15)
ment

.87

3.32 (1.19)

.91

3.01 (1.16)

.88

Identification with people in Germanya
(control)

4.52 (1.03)

.87

4.57 (1.01)

.85

4.54 (1.11)

.90

Trust

4.35 (1.32)

.92

4.68 (1.28)

.93

4.73 (1.19)

.91

App acceptanceb

4.33 (1.56)

.91

5.01 (1.41)

.89

4.44 (1.62)

.94

Intention to use the app (1 item)

4.50 (1.89)

N/Ac

4.29 (2.14)

N/A

N/A

N/A

Installation of the appd

N/A

N/A

0.25 (0.44)

N/A

0.58 (0.49)

N/A

Mean (SD)

a

Survey 2 (N=308)

For Survey 3, this control variable was identification with people around the world.

b

Referred to more app functions for Survey 3.

c

N/A: not applicable.

d

0=no, 1=yes for Surveys 1-2; 0=no, 1=yes, unsure=missing for Survey 3.
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Table 2. Correlation analysis (Pearson r and two-tailed P value) of study variables in Survey 1 (N=355).
Variable

Identification with social environment

Identification with
government

Identification with people in
Germany (control)

Trust

App acceptance Intention to use
app (1 item)

0.21

0.35

0.26

0.08

0.11

<.001

<.001

<.001

.15

.045

Identification with social environment
r
P value

1
a

—

Identification with government
r

0.21

1

0.47

0.53

0.22

0.19

P value

<.001

—

<.001

<.001

<.001

<.001

Identification with people in Germany (control)
r

0.35

0.47

1

0.28

0.08

0.08

P value

<.001

<.001

—

<.001

.15

.13

r

0.26

0.53

0.28

1

0.50

0.49

P value

<.001

<.001

<.001

—

<.001

<.001

r

0.08

0.22

0.08

0.49

1

0.81

P value

.15

<.001

.15

<.001

—

<.001

Trust

App acceptance

Intention to use app (1 item)

a

r

0.11

0.19

0.08

0.49

0.81

1

P value

0.045

<.001

.13

<.001

<.001

—

Not applicable.
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Table 3. Correlation analysis (Pearson r and two-tailed P value) among variables in Survey 2 (N=308).
Variable

Identification with Identification
social environment with government

Identification with
people in Germany
(control)

Trust

App acceptance Intention to
use app (1
item)

Installation of
app (0=no,
1=yes/no)

Identification with social environment
r

1

0.26

0.46

0.26

0.07

0.11

–0.02

P value

—a

<.001

<.001

<.001

.22

.05

.76

Identification with government
r

0.26

1

0.57

0.52

0.24

0.25

0.16

P value

<.001

—

<.001

<.001

<.001

<.001

.004

Identification with people in Germany (control)
r

0.46

0.57

1

0.32

0.02

0.03

0.03

P value

<.001

<.001

—

<.001

.72

.62

.62

r

0.26

0.52

0.32

1

0.47

0.46

0.23

P value

<.001

<.001

<.001

—

<.001

<.001

<.001

r

0.07

0.24

0.02

0.47

1

0.78

0.51

P value

.22

<.001

.72

<.001

—

<.001

<.001

Trust

App acceptance

Intention to use app (1 item)
r

0.11

0.25

0.03

0.46

0.78

1

0.54

P value

.05

<.001

.62

<.001

<.001

—

<.001

Installation of app (0=no, 1=yes/no)

a

r

–0.02

0.16

0.04

0.23

0.51

0.54

1

P value

.76

.004

.45

<.001

<.001

<.001

—

Not applicable.
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Table 4. Correlation analysis (Pearson r and two-tailed P value) among variables in Survey 3 (N=381).
Variable

Identification with
social environment

Identification with
government

Identification with
people around the
world (control)

Trust

App acceptance
(more app functions)

Installation of app
(0=no, 1=yes/no,
unsure=missing)

Identification with social environment
r

1

0.08

0.25

0.18

0.09

0.08

P value

—a

.14

<.001

<.001

.07

.14

Identification with government
r

0.08

1

0.36

0.57

0.26

0.14

P value

.14

—

<.001

<.001

<.001

.006

Identification with people around the world (control)
r

0.25

0.36

1

0.22

0.05

–0.03

P value

<.001

<.001

—

<.001

.34

.54

r

0.18

0.57

0.22

1

0.49

0.30

P value

<.001

<.001

<.001

—

<.001

<.001

Trust

App acceptance (more app functions)
r

0.09

0.26

0.05

0.49

1

0.47

P value

.07

<.001

.34

<.001

—

<.001

Installation of app (0=no, 1=yes/no)

a

r

0.08

0.14

–0.03

0.30

0.47

1

P value

.14

.006

.54

<.001

<.001

—

Not applicable.

Testing Hypotheses
The results of the structural model for each survey are presented
in Figures 2-4. For the interested reader, results from the
measurement model (factor loadings for individual items) are
presented in Table S1 in Multimedia Appendix 1. Overall, the
results indicated a good model fit across studies (Table 5). Note
that the models reported here tested the predictions as outlined

above and were not optimized to improve model fit in any way
(eg, based on modification indices); for the interested reader,
an alternative model for each survey, which (1) excluded the
respective control variable (identification with people in
Germany/around the world) and (2) included correlations
between specific error terms, did improve model fit across
studies above 0.90 (see Table S3 in Multimedia Appendix 1).

Figure 2. Structural equation model tested in Survey 1 (prelaunch, May 2020; N=355). Indirect effects via trust are reported in Table 6. Coefficients
are fully standardized (MPlus STDYX standardization). SE: Standard Error. *P<.05; **P<.01; ***P<.001.
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Figure 3. Structural equation model tested in Survey 2 (right after the app was launched, June 2020; N=308). Indirect effects via trust are reported in
Table 6. Coefficients are fully standardized (MPlus STDYX standardization). SE: Standard Error. *P<.05; **P<.01; ***P<.001.

Figure 4. Structural equation model tested in Survey 3 (after launch of the app in December 2020, during discussion about adding more functions and
collecting more personal data; N=381). Indirect effects via trust are reported in Table 6. Coefficients are fully standardized (MPlus STDYX standardization).
SE: Standard Error. †P<.10; **P<.01; ***P<.001.

Table 5. Tests of model fit and fit indices for (nonoptimized) models tested across the three surveys.

a

Survey

χ2 (df)

P value

CFIa

TLIb

RMSEAc

SRMRd

1

1339.486 (363)

<.001

0.86

0.85

0.087

0.062

2

716.011 (386)

<.001

0.84

0.82

0.053

0.060

3

719.157 (420)

<.001

0.86

0.85

0.043

0.054

CFI: comparative fit index.

b

TLI: Tucker Lewis index.

c

RMSEA: root mean square error of approximation.

d

SRMR: standardized root mean square residual.
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Table 6. Indirect effects of identification on app-related outcomes via trust across the three surveys.
Predictor

Outcome

Indirect effect via trust
b (SE)a

P value

Survey 1
IDb with social environment

App acceptance

0.088 (0.044)

.046

ID with government

App acceptance

0.343 (0.051)

<.001

ID with social environment

Intention to use the app

0.083 (0.042)

.047

ID with government

Intention to use the app

0.325 (0.049)

<.001

ID with social environment

App acceptance

0.081 (0.040)

.04

ID with government

App acceptance

0.314 (0.057)

<.001

ID with social environment

Intention to use the app

0.070 (0.035)

.04

ID with government

Intention to use the app

0.272 (0.046)

<.001

ID with social environment

Installation of this/an app

0.048 (0.029)

.10

ID with government

Installation of this/an app

0.185 (0.067)

.006

ID with social environment

App acceptance

0.098 (0.032)

.002

ID with government

App acceptance

0.382 (0.049)

<.001

ID with social environment

Installation of this app

0.074 (0.025)

.004

ID with government

Installation of this app

0.288 (0.061)

<.001

Survey 2

Survey 3

a

Coefficients are fully standardized (MPlus STDYX standardization).

b

ID: identification.

Moreover, when testing for indirect effects of the identification
measures (identification with the government and with the social
environment) predicting outcomes regarding the app via greater
trust, all indirect effects were supported (Table 6). This indicates
that both types of identification (not only identification with
members of the government but also identification with the
social environment) predicted more trust and, accordingly,
greater acceptance toward intentions to use or use (installation)
of the app. In short, the results supported H1 and H2 across the
three surveys and these central points in time, further
demonstrating that the relation hypothesized in H2 was mediated
via trust.

as a predictor of said trust. As such, the findings demonstrate
the importance of these social groups beyond other target groups
of identification (ie, people living in Germany or people around
the world more generally).

Discussion

Interestingly, the relation between identification with the social
environment (ie, beneficiaries) and more app acceptance also
seemed to be mediated via greater trust. To speculate about this
exploratory finding, as highlighted in the Introduction, it is
possible that identification with the social environment may not
only make people more willing to trust those who explicitly
belong to their ingroup (ie, social environment) but potentially
even those who act as representatives for their larger ingroup
(eg, society). However, this assumption awaits further
confirmatory testing.

Principal Results

Limitations

In this study, we focused on the question: When are people
motivated to use a contact tracing app? Results across three
surveys at different points in time demonstrated the role of the
social groups people belong to: the more people identified with
their social environment (the beneficiaries) and the more they
identified with members of the government (the source), the
greater their app acceptance (ie, intentions and app installation).
As predicted, identification with members of the government
predicted greater app acceptance via more trust in the
government; this outlines that trust in the source may be an
important aspect that contributes to the acceptance of new
technology, and that identification with the source may serve

Notably, our work is not without limitations. First, our study
followed a cross-sectional design. Accordingly, the data
presented here (including the mediation analyses) do not allow
for conclusions about causality. An important step for future
work is to go beyond this approach via collecting longitudinal
data, which can not only help to investigate how the relations
between these concepts unfold over time but can also enable
examining how intentions and levels of social identification
may change (eg, over the course of a pandemic or changes in
the contact tracing app). Second, although we assessed data at
different points in time and replicated the same model across
three surveys, we did so only within a sample from one culture
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(people living in Germany). Accordingly, replicating this work
with experimental manipulations and in different societies would
be desirable. Third, this work focused on intentions to use and
use of the app, and the latter was operationalized via having
installed the app (but not necessarily whether people constantly
let it trace their movements); this served to be consistent across
studies in our measures (as in Surveys 1 and 2, the required
features of the upcoming app, such as keeping their Bluetooth
on, were still unclear). Although these are important outcomes
to study, it would be useful to build upon this work and extend
it to, for instance, whether users do insert a (positive) test result.

Implications
Many new measures have been implemented since the outbreak
of COVID-19 in 2020. The effectiveness of such measures
greatly depends on people’s willingness to adhere to them. Prior
work suggests that one way to contribute to the acceptance of
new measures is to appeal to personal benefits and keep the
personal costs as low as possible. This study extends this prior
work by adopting a focus on social relationships, namely, the
extent to which people identify with (and trust in) the social
groups that are relevant in this regard. The set of findings is
relevant both in theoretical and practical terms.
From a theoretical point of view, these results add a crucial
aspect to existing models on technology acceptance and health
beliefs [15,46]. The results highlight that beyond known
personal motives (eg, individual benefits and barriers), it is also
important to take social aspects (eg, collective benefits or
barriers) into account to understand when and why people will
adopt a new technology. This seems especially relevant in
interdependent contexts (eg, a pandemic) in which one person’s
health-related behavior (eg, social distancing, hand hygiene, or

Scholl & Sassenberg
contact-tracing app use) more directly affects other people’s
situation. In line with prior work, we found that trust in the
government constitutes a determinant of app acceptance [10,36]
and, importantly, our findings show that identification predicts
said trust.
This result is also important from a practical point of view. It
suggests that to motivate people to adopt new technology such
as the COVID-19 tracing app, one may not need to know all
personal and facilitatory (which typically vary between people)
barriers; rather, it seems important to foster their identification
with social groups involved in the process. Indeed, promoting
(the salience of) social identification with the source and/or
beneficiaries could be achieved via several means. One example
is to report more about “collective success” (eg, in fighting the
pandemic; see related research on collective pride [47]). A
second example is via governmental leaders engaging in identity
leadership (creating a shared sense of “us” [48-50]) or politicians
using consensual communication and/or “we”-referencing
language (ie, referring more to “we,” “us,” and “ours,”
suggesting that they see themselves and act as “our leaders”
[51,52]).

Conclusion
The results suggest that to motivate people to adhere to new
measures in times of crisis (a global pandemic in this case), it
is important to, in a responsible manner, take their relationships
to social groups (ie, their identification with the source as well
as the beneficiaries) into account (eg, potentially appealing to
people’s identification with these social groups). Doing so may
not only contribute to a better understanding of what motivates
people to accept new measures but also what contributes to their
actual willingness to follow through with them.
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Abstract
Background: Video electroencephalography recordings, routinely used in epilepsy monitoring units, are the gold standard for
monitoring epileptic seizures. However, monitoring is also needed in the day-to-day lives of people with epilepsy, where video
electroencephalography is not feasible. Wearables could fill this gap by providing patients with an accurate log of their seizures.
Objective: Although there are already systems available that provide promising results for the detection of tonic-clonic seizures
(TCSs), research in this area is often limited to detection from 1 biosignal modality or only during the night when the patient is
in bed. The aim of this study is to provide evidence that supervised machine learning can detect TCSs from multimodal data in
a new data set during daytime and nighttime.
Methods: An extensive data set of biosignals from a multimodal watch worn by people with epilepsy was recorded during their
stay in the epilepsy monitoring unit at 2 European clinical sites. From a larger data set of 243 enrolled participants, those who
had data recorded during TCSs were selected, amounting to 10 participants with 21 TCSs. Accelerometry and electrodermal
activity recorded by the wearable device were used for analysis, and seizure manifestation was annotated in detail by clinical
experts. Ten accelerometry and 3 electrodermal activity features were calculated for sliding windows of variable size across the
data. A gradient tree boosting algorithm was used for seizure detection, and the optimal parameter combination was determined
in a leave-one-participant-out cross-validation on a training set of 10 seizures from 8 participants. The model was then evaluated
on an out-of-sample test set of 11 seizures from the remaining 2 participants. To assess specificity, we additionally analyzed data
from up to 29 participants without TCSs during the model evaluation.
Results: In the leave-one-participant-out cross-validation, the model optimized for sensitivity could detect all 10 seizures with
a false alarm rate of 0.46 per day in 17.3 days of data. In a test set of 11 out-of-sample TCSs, amounting to 8.3 days of data, the
model could detect 10 seizures and produced no false positives. Increasing the test set to include data from 28 more participants
without additional TCSs resulted in a false alarm rate of 0.19 per day in 78 days of wearable data.
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Conclusions: We show that a gradient tree boosting machine can robustly detect TCSs from multimodal wearable data in an
original data set and that even with very limited training data, supervised machine learning can achieve a high sensitivity and
low false-positive rate. This methodology may offer a promising way to approach wearable-based nonconvulsive seizure detection.
(JMIR Mhealth Uhealth 2021;9(11):e27674) doi:10.2196/27674
KEYWORDS
wearables; epilepsy; seizure detection; multimodal data; mHealth; mobile health; digital health; eHealth

Introduction
Background
Epilepsy is one of the most common chronic neurological
diseases, with a reported yearly worldwide incidence of more
than 60 per 100,000 individuals [1]. Epilepsy also has a
remarkably diverse set of indications, with several different
types of symptoms and characteristic seizures of varying
severity. Seizures are usually distinguished by their onset in the
brain, focal or generalized. They can involve a variety of
different combinations of symptoms, including impaired
awareness or loss of consciousness; cognitive, emotional, or
sensory abnormalities; sudden changes in the autonomic nervous
system; or motor manifestations such as spasms, automatisms,
or tonic and clonic movements of the limbs [2]. These
convulsive seizures, particularly focal to bilateral or generalized
tonic-clonic seizures (TCSs), are the most dangerous type of
epileptic seizures. They imply loss of consciousness and loss
of motor control with considerable risk for physical harm and
can transition to life-threatening status epilepticus or sudden
unexpected death in epilepsy [3]. For the diagnosis and treatment
of epilepsy, clinicians rely on patient self-reporting and
structured diaries, counting the number of seizures a patient had
in a certain time frame. However, personal diaries filled out by
the patients themselves have been proven to be very unreliable,
with frequent undercounting because of a lack of awareness of
seizures [4,5]. An objective seizure diary is therefore needed to
obtain valid data on seizure occurrence, contributing to improved
guidance for the treatment of people with epilepsy. Wearable
nonelectroencephalography (non-EEG) devices (wearables)
could provide data for such a diary. They are discreet and
unobtrusive, contrary to many wearable EEG devices that are
often cumbersome and stigmatizing [6], although some less
obtrusive wearable EEG systems are in development [7,8].
Moreover, a robust detection of convulsive seizures with
wearables, paired with identification of seizure-related risk
factors [9], could be of great clinical importance and provide
essential information for the identification of seizure-related
sudden unexpected death in epilepsy risk factors.
Although seizure detection with non-EEG wearables is a
relatively new field in epilepsy research, there have already
been some studies that have demonstrated the viability of this
kind of system. To date, most studies have concentrated on a
single biosignal modality for training a seizure detection model,
with a minority using a multimodal approach [10,11]. In essence,
there are 4 main biosignal modalities that are recorded from
non-EEG wearables used in epilepsy research: (1) accelerometry
(ACC)—motion-based activity, (2) electrodermal activity
(EDA)—changes in electrical properties of the skin, (3)
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electrocardiography (ECG) or photoplethysmography
(PPG)—heart rate and heart rate variability estimation; and (4)
electromyography electrical muscle activity. ACC is perhaps
the most commonly used in related work because it is easy to
integrate into wearable hardware and can provide relevant
information, especially on movements during motor seizures.
ACC signals have been used in both unimodal [12-14] and
multimodal [15-17] seizure detection systems. EDA, also called
galvanic skin response, has been used in some studies for seizure
detection [16,18], as a large EDA change can occur especially
in the postictal phase following TCSs [19]. Another modality
that has been used is ECG, and its optical counterpart PPG,
which uses light reflection to calculate the heart rate from blood
volume changes in an unobtrusive manner. Although there have
been some studies using ECG [20-23] or PPG [17,18,23,24]
signals for epileptic seizure detection, the considerable
movements during convulsive seizures frequently render this
signal too noisy for accurate ictal heart rate determination.
Finally, electromyography is a self-evident modality for
detecting seizures with motor components, identifying ictal
muscle contraction, and thus has been used for convulsive
seizure detection as well [25-28].

Objective
In this study, we present an automatic seizure detection system
for TCSs using supervised machine learning that is
straightforward to implement and reproduce. We evaluated the
detection model on a newly recorded data set from a multicenter
clinical study with wearable non-EEG devices. Finally, we
discuss the detection system, its performance, and its limitations
and conclude with an outlook of possible further applications
for this detection approach.

Methods
Data Set
During the course of the study, between July 2017 and February
2020, we collected wearable device data from 243 patients
diagnosed with epilepsy: 70.7% (172/243) of patients were
recruited at the epilepsy monitoring unit (EMU) in the Epilepsy
Center, Medical Center, University of Freiburg, and 29.2%
(71/243) of patients were recruited at the EMU in the
neurophysiological department of King’s College Hospital,
London. Patients with a diagnosis of epilepsy in the age range
of 7 to 80 years were recruited, unless they had vigorous
involuntary nonepileptic movements. Consecutive patients were
admitted to their respective EMU as part of their standard
epilepsy clinical care, for differential diagnosis or for presurgical
evaluation, and may have had their antiepileptic medication
reduced during the recording. All patients were continuously
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e27674 | p.96
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monitored via a video EEG system during their stay in the EMU.
Clinical experts (EB and NE) manually reviewed the video and
EEG data for all participants and labeled type, onset, and offset
for all seizures. Specifically, they also labeled the onset and
termination of every motor manifestation, including the tonic
and clonic phases of each seizure. These labels were then used
as the ground truth in the training and testing phases of the
evaluation. Participants wore a variety of different wearable
devices across the 2 sites; however, the only device worn by
participants from both sites was a wrist-worn device (Empatica
E4, Empatica Inc). The study and recording procedures were
further described and discussed in the review by Bruno et al
[29]. All recruited patients provided written informed consent,
and the study procedures were approved by local ethics
committees, the ethics committee at the University of Freiburg
(538/16), and the London Fulham Research Ethics Committee
(16/LO/2209; Integrated Research Application System project
ID216316).

looked at related literature in the field of wearable seizure
detection to narrow down window sizes that effectively capture
relevant signal changes in time and identify feature types that
were successfully used previously. Therefore, we selected a
window of 10 seconds for the ACC features [13,14,16] and a
longer window of 5 minutes for the EDA features to capture
the tonic changes in the EDA signal that evolve over longer
periods [19]. We then visualized the feature data in a period
around the seizure, overlaid over each other, and for all features
separately. In addition, we plotted the mean and SD for each
data series. The data that were used for these graphs were taken
only from the seizures of participants that were not included in
the test set to be used in the out-of-sample performance
evaluation (see Results section). Features showing recurrent
typical ictal changes were then visually selected for further
analysis (Figure 1). Variable seizure durations were handled by
upsampling shorter seizures by linear interpolation to the length
of the longest seizure among those plotted.

All data recorded at the 2 sites were live streamed from each
wearable device to 1 base device per participant, running an
Android operating system and a custom-developed app. The
data were then transmitted from all base devices to a central
server and stored for later analysis. The system was developed
by the Remote Assessment of Disease and Relapse-Central
Nervous System consortium and is available as an open-source
project on GitHub [30].

The resulting feature subset for the ACC modality consisted of
the magnitude, zero crossing rate, and recurrence plot features
(Figure 1) [32]. For the EDA features, the area under the curve
and the maximum of the SCL within the window, and the SCRR
were chosen, all corrected against a baseline, which is an interval
of the same duration as the feature window, ending immediately
before the beginning of the feature window. Thus, the resulting
feature set can be divided into 4 main feature groups:

Owing to battery limitations, each participant was assigned 2
devices, between which they changed twice daily to ensure
continuous recordings. The wearable device recorded 3-axis
ACC at a sample rate of 32 Hz, EDA at 4 Hz, and PPG at 64
Hz, which was processed on the device to a blood volume pulse
signal. Participants generally wore the device on the arm that
was most involved in motor semiology during seizures, that is,
the arm that presented the most significant movements. In the
set of 10 participants with TCSs included here, each wore the
device on their nondominant hand, except for 2 participants
who specified that they were ambidextrous.

1.

Features
An extensive feature set was created from the ACC and EDA
signals, encompassing 141 ACC and 10 EDA features, at sliding
window sizes of 2, 10, and 20 seconds for the ACC features,
and 5, 10, and 20 minutes for the EDA features. PPG signals
were not analyzed because of major ictal movement artifacts.
Although artifacts in PPG data can still convey information, in
that the presence of noise itself can be information, we chose
to omit it here in favor of focusing on the other 2 biosignals,
because the information of PPG motion artifacts is naturally
included in the ACC signal as well. The ACC features included
a variety of different time and frequency domain features. The
EDA features represented the skin conductance level (SCL),
that is, tonic low-frequency EDA changes, and skin conductance
response rate (SCRR), that is, phasic or higher-frequency EDA
changes, calculated against a baseline.
As detection models usually perform most effectively with
smaller feature sets, both in terms of computational cost and
prediction performance [31], we aimed to reduce the number
of used features significantly. For this feature selection, we first
https://mhealth.jmir.org/2021/11/e27674
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2.

3.

4.

Magnitude of the ACC signal
a. Raw ACC signal, over a 10-second window.
b. Zero-phase band pass filtered ACC signal over a
10-second window. The band pass filter had a
frequency band of 0.1 Hz to 10 Hz, representing the
linear component of the ACC signal, and was applied
before segmentation into windows.
c. Zero-phase low-pass filtered ACC signal over a
10-second window. The low-pass filter had a cutoff
frequency of 1 Hz, thus preserving only the
gravitational component of the ACC signal, and was
applied before segmentation into windows.
Zero crossing rate of the ACC signal over a 10-second
window, for each of the 3 axes, respectively. The zero
crossing rate is the number of times in a certain period the
signal crosses the value 0 over the same period.
Four features calculated from the recurrence plot of the
ACC signal:
a. Determinism, that is, the percentage of points that form
diagonal lines of a minimal length.
b. The Shannon entropy of the probability that a line has
a certain length.
c. The average diagonal line length.
d. Recurrence rate, that is, the density of recurrence points.
EDA-based features over a 5-minute window, minus the
same value in the 5 minutes before the feature window
a. The area under the curve of the SCL was calculated as
the moving mean of the raw EDA signal over a
1-minute window.
b. The maximum value of the SCL calculated as above.
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The SCRR was calculated as the number of threshold
crossings of the first derivative of the smoothed EDA
signal within the window.

To accommodate the different window sizes over which the
ACC and EDA features are calculated, a fixed interval between
feature window applications was applied. This means that all
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features are calculated at fixed time points, with their respective
windows centered on each consecutive point, creating the same
number of feature vectors for both the ACC and EDA features
over a segment of data. This enables the use of the complete,
merged feature space as the single input into a detection model
for training [11]. We chose this interval between the fixed time
points for feature calculation as 2 seconds.

Figure 1. The overlaid feature value graphs for the recurrence plot features calculated from 10-second windows of the accelerometry data. Graphs
representing feature values for each individual seizure (gray, background) are overlaid by the mean (blue) and SD (red). The green and red vertical bars
represent the seizure onset and offset, respectively. The horizontal axis shows time in seconds related to seizure onset. All features are normalized
between −1 and 1, independent from each other. RP: recurrence plot.

Seizure Detection
We used a gradient tree boosting machine (GTBM) [33] as the
detection model for TCSs. Although similar to the well-known
random forest (RF) method in being a set of trees that are grown
with training data, a GTBM builds trees as weak learners in an
additive manner. The model is improved with each new weak
learner that is added to the ensemble, whereas the RF model
trains all trees in parallel and independent of each other. Weak
learners in this case are trees with a very low number of splits,
down to decision stumps with just 1 split. This results in an
overall lower bias and similar variance for GTBM models
compared with RF models at the cost of higher parameter tuning
effort. Therefore, gradient tree boosting models generally
perform better than RF models if tuned sufficiently, and they
have been successfully used in many machine learning problems
[34]. To tackle this tuning effort, we performed hyperparameter
optimization over several of the model parameters in a
leave-one-participant-out (LOPO) manner. To this end, the data
https://mhealth.jmir.org/2021/11/e27674
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set was split into a training set and a test set. The training set
consisted of the 10-minute peri-ictal data of 10 TCS from 8
patients with epilepsy recruited at the Freiburg site. The basic
test set consisted of the complete data from 2 patients, 1 from
the Freiburg site and 1 from the London site with 11 TCSs (see
Results section). The hyperparameter optimization only used
the training set to keep the test set unknown to the model before
testing. All feature data were normalized between −1 and 1
before training and testing. For training, the combined feature
input for the model, that is, the peri-ictal feature data of 10 TCS,
were normalized, and for testing the complete feature data from
the recordings for a participant were normalized independent
from the feature data of the other participants in the test set.
The hyperparameter optimization was performed in a LOPO
nested cross-validation manner on the training set. The data for
1 of the 8 participants in the training set were kept back as a
validation set, and the model was trained on the seizures from
the other 7 participants, using only 10-minute peri-ictal data for
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e27674 | p.98
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each seizure. This reduction of the training data to only a small
period around seizures helps with the large imbalance in the
data set when comparing ictal and nonictal epochs. Once the
model was trained, it was then tested on the complete data of
the validation participant in the respective round, and the process
was repeated 7 more times, cycling through the participants for
validation. The mean score of the 8 validation runs was then
saved as the performance of the current parameter combination,
and the entire validation process was repeated for the next
parameter combination. The parameters that were tuned in the
optimization and their divisions are listed in Table 1, with the
resulting optimal parameter combination highlighted. In total,
720 parameter combinations were evaluated in the
hyperparameter optimization process.

Furthermore, the GTBM model also had some fixed parameters
that were the same for all optimization runs. The boosting
method used in the model was adaptive boosting for binary
classification [35], and the misclassification cost for false
negatives was always 1. The hyperparameter optimization
resulted in an optimal set of parameters that were subsequently
used in all the testing steps. The optimal parameter combination
was chosen as the combination that achieved the highest
sensitivity and lowest false alarm rate (FAR) during the LOPO
validation run of the parameter combination, prioritizing
sensitivity. Model parameters not specified here were left at
their default values.

Table 1. Parameters optimized in the gradient tree boosting machine hyperparameter optimization and their optimization ranges.
Parameter

a

Value range
a

Description

Learning rate

1, 0.1 , 0.01, 0.001

The step size in the iterative learning process, also called shrinkage

Number of trees

25, 50, 100, 250, 500, 750

The maximum number of trees to produce in the model

False positive cost

1, 10, 20, 30, 40, 50

Specific misclassification cost for false positives when weighting during the learning process

Tree depth

1, 2, 4, 8, −1

The maximum number of splits in the decision tree, where −1 denotes one less than the
number of samples in the training set, that is, the maximum possible value

The chosen optimal parameter combination are italicized.

Evaluation
To process the model output and score its performance when
compared with the ground truth, the same method was used
both in the validation during hyperparameter optimization and
later during the testing phase (see Results section). Owing to
the method of feature extraction at fixed time intervals of 2
seconds described in the Features section, the output of the
GTBM model is a prediction vector containing the predicted
label every 2 seconds. The input labels, that is, the ground truth,
and the predicted labels were binary, denoting the classification
of each 2-second interval to either belong to a seizure or not.
Comparing the ground truth and the prediction labels for
evaluation can be done sample-wise by comparing each
2-second interval, or event-wise, by combining consecutive
intervals of the positive class to distinct events. In our analysis,
we chose the latter method, which requires postprocessing of
the model output.
First, the prediction output of the model was smoothed with a
hysteresis-like filter to avoid single-sample positives or gaps in
consecutive positive predictions. To this end, all gaps between
consecutive positive predictions smaller than 20 seconds in
duration were filled out as positive, thus creating continuous,
longer events from short neighboring positive predictions.
Thereafter, all consecutive positive predictions of a certain
length were discarded. We chose this value as 4 seconds, as it
provides a good balance between discarding short, single-sample
predictions and still keeping possible significant events. Thus,
the prediction output of the model can be matched to the ground
truth per participant by counting overlaps of predicted positive
events with a positive ground truth event as true positives (TPs)
and predicted positive events with no overlaps in the ground
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truth as false positives (FPs). The number of false negatives is
then the difference between TPs and the number of seizures a
participant recorded. The number of true negatives was not
considered for this evaluation, as the sensitivity
and
are
sufficient to evaluate a methodology for seizure detection.
Unless otherwise stated, we report the sensitivity and FAR
calculated across all relevant participants as a whole, not the
mean over single participants.
All calculations for signal processing, feature extraction, and
model development and evaluation were performed using
MATLAB 2020a (MathWorks).

Results
Overview
For the study presented here, only study participants with focal
to bilateral or generalized TCSs were included. This resulted
in a data set of 21 TCSs from 10 participants, 9 from the
Freiburg site with 19 seizures captured, and 1 from the London
site with 2 seizures captured. The mean length of convulsive
motor phenomena was 64 (SD 23) seconds. Table 2 lists the
clinical and demographic information of the participants. They
were 40% (4/10) female and on average 32.7 (SD 11.2) years
old. The etiology of epilepsy for 2 participants was unknown
at the time of recruitment. A total of 1 participant was diagnosed
with generalized epilepsy, and the other 9 were diagnosed with
focal epilepsy. For all captured seizures, wearable device data
for at least 30 minutes before and after the ictal period were
recorded in good quality; that is, the recorded data showed no
major artifacts or intervals with constant 0 amplitude on visual
inspection. A total of 612.6 hours of data were recorded for the
included participants with seizures.
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e27674 | p.99
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Table 2. Participants with recorded tonic-clonic seizure that were included in this study. Wearable data recorded from these participants were used in
the evaluation of our seizure detection model. The recording duration is the duration that participants were wearing the device, without accounting for
data loss.

a

Participant ID

Gender

Age (years)

Recording duration (days)

Epilepsy origin

Epilepsy type

FR1

Female

35

5

Unknown

Focal (TLEa)

FR2

Female

26

6

Structural

Focal (TLE)

FR3

Male

22

4

Genetic

Generalized (IGEb)

FR4

Female

34

4

Unknown

Focal (FLEc)

FR5

Male

56

8

Structural

Focal (TLE)

FR6

Male

38

7

Structural

Focal (TLE)

FR7

Male

25

4

Structural

Focal (xTLEd)

FR8

Male

16

7

Structural

Focal (FLE)

FR9

Male

37

12

Structural

Focal (xTLE)

LO1

Female

38

6

Structural

Focal (TLE)

TLE: temporal lobe epilepsy.

b

IGE: idiopathic generalized epilepsy.

c

FLE: frontal lobe epilepsy.

d

xTLE: extratemporal lobe epilepsy.

Cross-validation Training
The training set used for hyperparameter optimization included
10 seizures from 8 participants and covered 414.7 hours of
wearable device data. With the best parameter combination, as
described above, the LOPO cross-validation could detect all 10
seizures (sensitivity=100%) with a total of 8 FPs (FAR 0.46 per
24 hours). The FP rate was calculated as the ratio of total FPs
across all participants to the number of hours of recordings
multiplied by 24, and not the mean FAR across participants. In
the training set LOPO cross-validation, 75% (6/8) of FPs were
produced from the data of 1 participant and 2 by another. Thus,
the other 6 participants were free of FPs. All 8 FPs detected by
the model during the LOPO cross-validation occurred when the
patient was off camera, for example, in the morning or evening
when they were in the bathroom for their daily washing routine.

Out-of-Sample Testing
We also tested the model using a previously unseen test set from
our overall data set. This test set included 11 seizures from 2
participants, 1 from the London site with 2 seizures recorded,
and the other from the Freiburg site with 9 seizures recorded,
for a total of 197.9 hours of test data. The choice of training
and test set was deliberate: With the relatively low number of
seizures and their distribution among participants in this data
set, the goal was to train as many participants as possible but
also having approximately the same number of seizures in the
test set. This allocation ensures a model that is not patient
specific while keeping the training and test sets balanced in
terms of the number of seizures.
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The GTBM model with the optimal parameters and trained with
all 10 seizures from the training set could detect 10 of the 11
seizures in this test set (sensitivity=91%), without any FPs.
However, this test set was rather limited as it was biased toward
participants who had convulsive seizures; therefore, we
expanded the test set to also include data from all 30 patients
with epilepsy recruited at the London site that had data recorded
with the wearable device. Although this does not add more
seizures for the model to detect, it does add a considerable
amount of data to assess the FP rate. The expanded test set thus
encompasses 1935.9 hours of wearable device data from 31
participants, including the same 11 seizures as before. In this
data set, the same model produces 30 FPs (0.37 per 24 hours).
Further investigation of the FP distribution among the
participants showed that 15 false detections resulted from a
single participant who used a stepper during monitoring as
physical activity to trigger her seizures. All FPs for that
participant were related to this activity. Removing this
participant performing unnatural repetitive movements from
the expanded test set lowers the FP rate to 0.19 per 24 hours.
Of the other participants in this expanded test set, the data of 2
participants produced 3 FPs, respectively, whereas 9 other
participants each produced 1 FP, with the remaining 19
participants being free of FPs. Thus, the FAR, when calculated
as the mean across all the included participants’ individual
FARs, was 0.45 (SD 1.1) per 24 hours, and 0.29 (SD 0.53) per
24 hours when excluding the participant with 15 FP. Table 3
provides a detailed overview of the results among the
participants with recorded seizures.
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Table 3. Per participant evaluation results, for participants with seizures recorded. The 3 totals given for the test set are (1) the total across the test set
participants with seizures recorded (N=2), (2) the total when including all patients with epilepsy recruited at the London site with data recorded (not
listed, N=31), and (3) the total when excluding 1 participant with an artificially disproportionate number of false positives (N=30).
Sensitivity, n (%)

FPa, n

FARb (per 24 hours)

PPVc (%)

Recording length (hours), n Seizure type

FR1

1 (100)

0

0

100

59.6

sGTCSd

FR2

1 (100)

6

1.56

14

92

sGTCS

FR3

2 (100)

0

0

100

35.5

GTCSe

FR4

1 (100)

2

1.34

33

35.8

sGTCS

FR5

1 (100)

0

0

100

36.3

sGTCS

FR6

1 (100)

0

0

100

88.5

sGTCS

FR7

1 (100)

0

0

100

40.7

sGTCS

FR8

2 (100)

0

0

100

26.2

sGTCS

Total

10 (100)

8

0.46

56

414.7

N/Af

FR9

9 (100)

0

0

100

112.2

sGTCS

LO1

1 (50)

0

0

100

85.7

sGTCS

Total (1)

10 (91)

0

0

100

197.9

N/A

Total (2)

10 (91)

30

0.37

25

1935.9

N/A

Total (3)

10 (91)

15

0.19

40

1870.3

N/A

Participant ID
Training set

Test set

a

FP: false positive.

b

FAR: false alarm rate.

c

PPV: positive predictive value.

d

sGTCS: focal to bilateral tonic-clonic seizure.

e

GTCS: generalized tonic-clonic seizure.

f

N/A: not applicable.

Seizure Duration
The duration of detected seizures was significantly correlated
with the video EEG–based seizure duration, as labeled by
clinical experts (Figure 2). The true seizure duration here is
based on its clinical manifestation, that is, onset until offset of
ictal motor phenomena related to TCS. In a Pearson correlation
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test, the correlation coefficient was r=.55, with P=.01. In
general, the seizure duration was underestimated by the model
as approximately half of the true duration, with a mean identified
duration of 29 (SD 15) seconds versus the mean seizure duration
of 64 (SD 23) seconds. This may reflect minor movement
amplitudes during the tonic phase of the TCSs.
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Figure 2. Correlation of the true seizure durations as labeled by clinical experts and the ictal durations detected by the gradient tree boosting machine
model based on accelerometry and electrodermal activity. The dotted line shows the linear regression fit across the data points. The Pearson correlation
coefficient was r=0.55, with P=.01. The identity line shows that the seizure duration is generally underestimated by the model.

Feature Importance
Furthermore, we analyzed the feature importance for our feature
set, calculated as the mean feature importance over all trained
GTBM models in the LOPO cross-validation (Figure 3), as a
metric for the contribution of a specific feature to the
performance of the model. The feature importance was based
on the Gini impurity, calculated such that the smallest possible
value was 0 [36]. Overall, all 4 feature groups, as described in

the Features section, are represented in the resulting GTBM
model to varying degrees of importance. The top 3 features
among the feature set were that the Shannon entropy of the
probability that a line in the recurrence plot had a certain length
calculated over a 10-second window of the ACC signal, the
magnitude of the band pass filtered ACC signal in a 10-second
window, and the maximum of the SCL in a 5-minute window
of the EDA signal, corrected for a baseline.

Figure 3. Feature importance, calculated as the mean feature importance of all models during a leave-one-participant-out cross-validation, with the
optimal parameters of the gradient tree boosting machine as reported in the Seizure Detection section. All the features are shown as listed in the Features
section (1: magnitude of accelerometry, 2: zero crossing rate of accelerometry, 3: recurrence plot features of accelerometry, and 4: electrodermal activity
features). The feature importance is shown in logarithmic scale to better visualize smaller differences.
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Discussion
Principal Findings
The results show that the GTBM model can robustly detect
TCSs from non–EEG wearable device data. A sensitivity of
100% (10/10) on the training set during a LOPO
cross-validation, a sensitivity of 91% (10/11) on the
out-of-sample test set, and an FAR of less than 1 per 5 days in
more than 1800 hours of data indicates a sufficient robustness
of this methodology to consider it in designing an automated
seizure diary. A large percentage of FPs occurred in a small
percentage of participants, with most other participants showing
between 0 and 0.5 FP per day. Furthermore, in participants who
had TCS in our test set, no FPs were reported by the model. In
addition, all true detections of our model occurred within the
ictal period of the respective seizure, showing that the system
has high accuracy. By evaluating a test set that includes data
largely from 1 site (London), while the model was trained
exclusively with data from the other site (Freiburg), we also
showed the generalizability of our model.
Although our data set contains continuous circadian data, most
TCSs occurred during nighttime sleep. In the training set, 50%
(5/10) of seizures occurred while the patient was awake, and in
the test set, only 9% (1/11) occurred during wakefulness. Of
these 6 awake seizures, 2 seizures occurred when the patient
was outside the bed. All TP detections, both in the training set
LOPO cross-validation and in the test set evaluation, occurred
within the ictal phase of the respective seizure. Conversely, all
FP detections occurred when the patient was awake and active,
and most of them occurred during daytime. Patients were
generally not confined to their beds but rather to their hospital
rooms. They could freely perform a variety of activities of daily
living, such as strolling across the room, going to the bathroom,
brushing their teeth, eating and drinking, and washing

Böttcher et al
themselves. Movement patterns during these activities,
particularly if repetitive, could resemble those during convulsive
seizures and may be a common source of FP detections.
However, false alarms during these activities when the patient
is awake could be ignored easily by way of patient validation
and feedback to avoid inappropriate interventions.

Feature Importance
The distribution of feature contribution to the performance of
the model shows that all selected features are used by the model
to predict a seizure event, except for one, the recurrence rate in
the recurrence plot of the ACC signal. The least amount of
importance is assigned to the magnitude of the low-pass filtered
ACC signal. This is an expected outcome, as this feature
represents the gravitational component of the movement, which
is minimal during convulsive seizures. During these seizures,
almost all movements are part of the linear component,
represented by the band pass filtered signal, which is also
confirmed by this feature being one of the most important in
the model.
Among the EDA-derived features, the highest importance was
consistently assigned to the difference between the highest value
in the feature and the baseline windows of the SCL. A typical
EDA signal progression in the peri-ictal period is a steep
increase from a low preictal baseline during the ictal phase,
followed by a shallow decrease in the postictal phase, spanning
multiple minutes. Thus, the feature based on the difference of
the highest value between preictal, ictal, and postictal phases
can sufficiently represent this trend, as evidenced by its high
importance. Figure 4 shows the EDA signal progression and
the respective maximum SCL feature during a seizure. The
feature values are at their highest during the ictal phase, whereas
the raw EDA signal shows the typical progression described
above.

Figure 4. The seizure of participant LO1 that was detected by the model. The raw accelerometry signal is shown at the top, and the raw electrodermal
activity signal as well as the best electrodermal activity feature (Section Features, Feature 4b) at the bottom; all are normalized between −1 and 1,
independent from each other. The ictal tonic-clonic phase is overlaid in red, the true positive detection is overlaid in green. ACC: accelerometry; EDA:
electrodermal activity.

False Negatives
There was 1 seizure the model did not detect among the training
and testing data sets (Figure 5). This false negative was produced
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by one of the participants recruited at the London site, and the
seizure occurred during the night when the patient was asleep.
The other seizure recorded for this participant was successfully
detected by the model. To explain why the seizure was rejected
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by the model, we examined the raw data before and after the
seizure, specifically looking at the ACC response during the
seizure, and the EDA trend going from the pre- to postictal
phase. The motion response in the ictal phase of the rejected
seizure was a typical progression from a short tonic phase at
the beginning of the seizure to a longer, very pronounced, and
violent clonic phase, stopping promptly with the seizure offset,
followed by a short phase of postictal ACC silence. The raw
EDA signal, however, follows a progression directly opposite
to the signals from all other TCSs in the data set. The signal
shows a steep decrease from a high baseline during the ictal
phase and remains at a lower level in the postictal phase
compared with the baseline in the preictal phase. Figures 4 and
5 show the comparison of data from the 2 recorded seizures
from participant LO1, with the detected seizure being
representative of all other TCS in the data set, especially those
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in the training set that created the model. Both seizures showed
similar ACC data and a similar change in the ACC-based feature
values. However, the EDA data and feature values were visibly
opposite. This confirms that the model was trained properly on
both the ACC and EDA features and that both modalities
contributed to the model’s classification of seizure occurrence.
Thus, the misclassification of 1 event was due to atypical raw
data and confirmed that the model included EDA features in its
classification.
A possible explanation for the unusual EDA signal during this
seizure could be that the EDA electrodes lost adequate contact
with the skin, which was not fully re-established after the
seizure. This could be caused by an improperly worn wearable
device, or a loss of contact owing to the wearable device coming
into contact with an external obstacle such as being pressed into
the bed, slightly raising the EDA electrodes off the skin.

Figure 5. The seizure of participant LO1 that was not detected by the model and the single false negative that was produced during the evaluation.
Note the differences in the electrodermal activity signal progression in comparison to Figure 4, which shows a typical response. The raw accelerometry
signal is shown at the top, and the raw electrodermal activity signal and the best electrodermal activity feature (Section Features, Feature 4b) at the
bottom; all are normalized between −1 and 1, independent from each other. The ictal tonic-clonic phase is overlaid in red. ACC: accelerometry; EDA:
electrodermal activity.

Related Work
The research that is most closely related to our premise is
certainly that of Onorati et al [16]. In their work, the Empatica
research group developed a seizure detection model based on
wearable data from the same device used in this study, Empatica
E4. They used a support vector machine trained with 25 ACC
as well as EDA features that were not further specified to detect
convulsive seizures and achieve a very good performance, with
their best classifier reaching a sensitivity of 94.5% and an FAR
of 0.2 per day on 55 seizures from 22 patients. Our approach is
on par with their results, and a contribution of the work
presented here is to reinforce their findings. We show that the
results of this quality can be achieved with a relatively basic
methodology, and we describe this methodology in greater
detail, making it fully accessible and reproducible. The
methodology may even be transferrable to other diseases with
convulsive attacks, such as paroxysmal dystonia or dissociative
seizures. Thus, the study described here could be used as a
stepping-stone for further work not only in epilepsy research
but also in other medical fields.
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In a further study, Kusmakar et al [13] used a monomodal
support vector data description model on wearable ACC data
to detect 21 generalized TCS from 12 patients, with a total
recording length of 966 hours. The outlier classification model
could achieve a sensitivity of 95% in a LOPO cross-validation,
with a mean FAR of 0.72 per day. However, their model
generated FP detections across almost all of the 12 included
patients, showing a general trend toward FP detections
independent of patient selection, whereas our model could
achieve a generally lower FP rate on both the training and test
sets, also revealing certain patients with a disproportionate FAR.
Arends et al [17] used the LivAssured NightWatch wearable
device in a large ambulatory long-term monitoring study,
collecting 908 convulsive seizures from 28 patients over more
than 1800 nights. The device collects ACC and PPG signals
from the patients’ upper arm, specifically during the night. Their
thresholding algorithm could detect 86% of the recorded
seizures, with a positive predictive value of 49%, indicating
that roughly half of all predictions were FPs. Although our
methodology produces slightly worse results with respect to the
overall FAR, studies differ in that the NightWatch study only
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assessed nocturnal data with patients at rest, whereas our
assessment, based on continuous data comprising wakefulness
and sleep, showed the model’s ability to correctly detect daytime
seizures; notably, all our FPs were generated while the
respective patient was awake and active.
In a more recent study, Johansson et al [14] used wrist-worn
ACC sensors to detect 37 TCS from 11 patients with 666 hours
of data. They evaluated 3 different types of models on a test set
of 10 seizures and obtained the best result using an RF
algorithm, detecting 9 of 10 seizures with an FAR of 0.24 per
day. However, the evaluation of FPs is constrained in patients
with TCS, introducing a certain bias in patient selection. In our
evaluation, we added a control group of up to 29 participants
without TCS recorded, with our model achieving a similar FAR,
while also only producing FPs on these participants without
seizures, whereas the participants with TCSs had no false alarms.

Limitations
The methodology for TCS detection described here also
introduces some limitations, one of which is the long feature
window used for the EDA feature computation. To include tonic
changes in the EDA spanning over multiple minutes in the
postictal phase, we used a 5-minute-long window, which
automatically introduces an inherent detection delay, as a
real-time system would need to first collect these data before
being able to extract the EDA features and detect a potential
seizure. Thus, this methodology would not be suited as a
real-time warning system. Another limitation is the constraint
of the model to detect only TCSs. As the model training process
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relies on data from the accelerometer sensor, nonmotor seizures
cannot be detected with this set of modalities and features.
Future work will be needed to assess the contribution of PPG
and EDA sensors in detecting nonmotor seizures. Furthermore,
the performance of the specific model trained here is likely not
sufficient to be deployed directly as an automatic seizure diary,
especially considering its constraint on TCS, which can be
infrequent in everyday life. Additional work and more training
data would be needed to create a system that is usable in clinical
practice, possibly even shifting to a semipersonalized model
that can be reinforced over time by patient feedback.
One of the most prevalent limitations in many studies in this
field is the controlled in-hospital setting in which wearable
device data are collected. Although patients in our study were
able to perform some activities of daily living in and around
their bed and were able to walk within their hospital room, the
likelihood of FP generation can be assumed to be higher in an
outpatient setting. False alarms during physical activity could
be addressed by actively involving the patient through validation
and feedback, for example, by giving them a chance to review
seizure diary entries. Nevertheless, transferring this methodology
to an ambulatory setting will require extensive modifications
and reevaluation with data recorded in everyday living situations
that include a gold standard for seizure labeling. In any case, a
robust classifier that has a likelihood of working in the field
must first be validated in an inpatient setting to progress to an
ambulatory study, and the research presented here takes a clear
step in that direction.
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Abstract
Background: There is large variance in weight loss outcomes of digital behavior change interventions (DBCIs). It has been
suggested that different patterns of engagement in the program could be responsible for this variance in outcomes. Previous
studies have found that the amount of engagement on DBCIs, such as the number of meals logged or articles read, is positively
associated with weight loss.
Objective: This retrospective study extends previous research by observing how important weight loss outcomes (high weight
loss: 10% or greater body weight loss; moderate weight loss: between 5% to 10%; stable weight: 0 plus or minus 1%) are associated
with engagement on a publicly available mobile DBCI (Noom) from 9 to 52 weeks.
Methods: Engagement and weight data for eligible participants (N=11,252) were extracted from the Noom database. Engagement
measures included the number of articles read, meals logged, steps recorded, messages to coach, exercise logged, weigh-ins, and
days with 1 meal logged per week. Weight was self-reported on the program. Multiple linear regressions examined how weight
loss outcome (moderate and high vs stable) was associated with each engagement measure across 3 study time periods: 9-16
weeks, 17-32 weeks, and 33-52 weeks.
Results: At 9-16 weeks, among the 11,252 participants, 2594 (23.05%) had stable weight, 6440 (57.23%) had moderate weight
loss, and 2218 (19.71%) had high weight loss. By 33-52 weeks, 525 (18.21%) had stable weight, 1214 (42.11%) had moderate
weight loss, and 1144 (39.68%) had high weight loss. Regression results showed that moderate weight loss and high weight loss
outcomes were associated with all engagement measures to a significantly greater degree than was stable weight (all P values
<.001). These differences held across all time periods with the exception of exercise for the moderate weight loss category at 1
time period of 33-52 weeks. Exercise logging increased from 9 to 52 weeks regardless of the weight loss group.
Conclusions: Our results suggest that these clinically important weight loss outcomes are related to the number of articles read,
meals logged, steps recorded, messages to coach, exercise logged, weigh-ins, and days with 1 meal logged per week both in the
short-term and long-term (ie, 1 year) on Noom. This provides valuable data on engagement patterns over time on a self-directed
mobile DBCI, can help inform how interventions tailor recommendations for engagement depending on how much weight
individuals have lost, and raises important questions for future research on engagement in DBCIs.
(JMIR Mhealth Uhealth 2021;9(11):e30622) doi:10.2196/30622
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Introduction
Engagement and Digital Behavior Change
Interventions
Obesity and its potential comorbidities are a significant and
increasing public health burden, with an estimated global cost
of US $2 trillion per year due to economic loss of productivity
and direct medical expenses stemming from weight-related
issues [1]. Traditional dietary approaches to treat obese and
overweight status have known shortcomings, calling for
innovative solutions that involve behavioral management [2,3].
Digital behavior change interventions (DBCIs) such as mobile
programs use technology to enhance availability and
convenience compared to traditional in-person interventions,
and these programs are growing in number [4-6]. These digital
interventions are effective for weight loss and chronic disease
prevention and management [7-10].
Body weight loss of 5%-10% is associated with improved risk
of metabolic and cardiovascular conditions, and 10% or more
loss is associated with even greater improvement [11].
Therefore, body weight loss of at least 5% is regarded as a
clinically meaningful outcome [12]. However, there is wide
variability in weight loss outcomes even when individuals use
the same program [13,14]. It has been suggested that this
variability could be due to differences in engagement with the
program [15]. Engagement has been defined as “the extent (eg,
amount, frequency, duration, depth) of usage” of the program
[16]. Common measures of engagement include the amount of
time spent on the platform, the number of times an individual
has used a program feature such as weight or food logging, and
the number of articles read [15].

Previous Work on Engagement
Previous work has found positive associations between
engagement and weight loss outcomes [10,17-22]. In a digital
commercial program, the number of weigh-ins per week, steps
per day, active minutes per week, days logging meals per week,
and the percentage of weeks with 5 or more meal logs were
associated with weight loss at 6 months [19]. In the same study,
weighing in at least 3 times a week, achieving 60 highly active
minutes per week, and logging meals 3 times per week were
associated with 5% or more body weight loss [19]. In our
previous work on Noom, a commercial mobile DBCI, we found
that the number of meal logs and group posts were associated
with greater weight loss at 65 weeks, and the number of
messages sent to the coach, exercises logged, and articles read
were associated with weight gain [20]. We also previously found
that the number of meal logs and weigh-ins were associated
with weight loss at 6 months on Noom [10].

This Study
We extend this body of work in this retrospective study by
examining how specific weight loss outcomes of interest are
associated with engagement using a large sample and multiple
https://mhealth.jmir.org/2021/11/e30622
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time points. Multiple time points allow for the investigation of
whether associations change over time, which is important
because it is well established that engagement declines over
time [23]. This study will allow for better understanding of how
individuals who lost certain amounts of weight engaged in the
program, which can inform future attempts to encourage
engagement in specific and tailored ways based on current
weight and goal weight loss. Specifically, we explored
associations between weight loss outcomes of clinical
importance (5%-10%, 10% and more, and stable weight) and
various measures of engagement (the number of articles read,
meals logged, steps recorded, messages to coach, exercise
logged, weigh-ins, and days with 1 meal logged per week) from
9 to 52 weeks on Noom. Based on past work, it was
hypothesized that associations between weight loss outcomes
and the number of meal logs and weigh-ins would be stronger
for moderate (5%-10%) or higher amounts of weight loss (10%
or more) compared to stable weight loss outcomes [10,19,20],
but it was unclear if that would be the case for all engagement
measures because of mixed prior results [18]. We also
hypothesized that the difference in engagement between these
weight loss groups would hold over time [18].

Methods
Intervention
Noom is a behavior change and weight management mobile
health intervention that provides users with self-monitoring
features for food, exercise, and weight monitoring, as well as
access to a virtual 1:1 behavior change coach, support group
facilitated by a health coach, and a daily curriculum that includes
diet, exercise, and psychoeducation. Noom’s theoretical
foundation stems from cognitive behavioral therapy; third wave
cognitive behavioral therapy, such as dialectical behavioral
therapy and motivational interviewing techniques; and behavior
change techniques, such as self-monitoring and social support
[24-27].

Participants
Retrospective cohort data were extracted directly from Noom’s
(Noom Inc) database in December 2019 and deidentified.
Participants had all voluntarily signed up for the Noom Healthy
Weight program online or through the app store (iTunes or
Google Play). This study was approved by the Advarra Inc
Institutional Review Board (Columbia, Maryland). As part of
the approved protocol, at initial sign-up, all users were given
an opportunity to consent to the use of all of their program data
for research, and all users were given the opportunity to opt out
and deny consent.
To be included in this study, individuals were required to be
Noom users in the Healthy Weight program for up to 52 weeks
beginning on December 1, 2018; had provided baseline weight,
age, gender, and height; were 18 years or older; and fell into
one of the 3 weight loss outcome categories used in the study.
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A length of 52 weeks was chosen to be able to explore long-term
weight loss and engagement [28]. Additionally, participants
had to open the mobile health platform at least once after week
8 to be included in the study as a minimum threshold of activity.
Week 8 was chosen because this would represent activity from
week 9 onwards, which is when the first study time period
began.
All participants were placed into 1 of 3 weight outcome
categories based on their weight change from baseline: stable
weight (0% plus or minus 1%), moderate weight loss (between
5% and 10%), and high weight loss (lost 10% or more body
weight). These categories represent clinically meaningful weight
loss outcomes, and labels were chosen following previous work
[29,30].
The following time periods were chosen for analysis: 9-16
weeks, 17-32 weeks, and 33-52 weeks. The initial time period
was chosen based on program length (16 weeks), and the starting
point was set to halfway through the program (9 weeks) to
prevent bias from early fluctuations in motivation or weight.
The final time period (52 weeks) was designated based on
previous work [31], and the middle time period (32 weeks) was
chosen to represent an intermediate interval between the initial
and final time periods. To be included at later time periods,
participants had to fall into 1 weight change category and have
opened the platform at least once during week 16 to be analyzed
at weeks 17 to 32, and have opened the platform at least once
in week 32 in order to be analyzed in weeks 33 to 52.

Measures
Weight, as well as baseline characteristics of gender, age, and
height were self-reported by the users through the mobile
interface.
The following engagement measures were used: number of days
with at least 1 meal logged per week—a measure calculated
based on participants’ weekly self-reported food logs; number
of articles read per week; number of meal logs per week—the
number of meals participants logged in the platform per week;

number of coach messages per week—the number of times
participants messaged their coach per week; count of steps per
week—the number of steps taken per week, either recorded by
the participant’s in-phone pedometer or supplemented by
self-report in the platform; count of weigh-ins per week—the
number of times participants self-reported their weight in the
platform per week; and count of exercises per week—the
number of times participants self-reported exercising in the
platform per week. These engagement measures
comprehensively included the possible ways users could actively
participate on the platform.
No engagement measures were required as part of the
intervention. The curriculum content (articles) functioned on a
fixed schedule where participants were shown potential articles
to read containing nutrition education, psychoeducation, and
motivational information each day. They were encouraged at
the beginning of the program to read these articles as part of a
daily task list. Participants were also encouraged to perform
weight logging at least once a week and to log all of their meals
daily. Participants had the option of setting up push notifications
to remind them to log their meals at certain times. Using this
optional reminder system was not tracked as an engagement
measure. Coaches were instructed to reply to user messages
within 24 hours of receiving them, and, if the participant did
not send the coach a message in 7 days, the coach would reach
out with a weekly check-in to invite discussion over the
participant’s progress. Participants’ engagement with coach
messaging was calculated based on messages that they sent, not
messages received.

Statistical Analysis
Descriptive statistics were calculated for users’ baseline
characteristics and are expressed in mean and SD for continuous
variables and frequency and percentage for categorical variables
(Table 1). These characteristics were self-reported, including
users’ weights, which were measured by the users with their
own scales.

Table 1. Demographic characteristics for weight change groups across study periods.
Characteristic

Weight change groups

P value

Stable (0 plus or minus1%)

Moderate loss (between 5%-10%)

High loss (10% or greater)

9-16 weeks

47.70 (12.27)

49.93 (12.59)

49.67 (12.4)

<.001

17-32 weeks

47.89 (12.16)

50.37 (12.51)

50.51 (12.33)

<.001

33-52 weeks

49.45 (11.71)

51.57 (12.32)

51.8 (12.18)

<.001

9-16 weeks

235/2594 (9.1)

738/6440 (11.5)

347/2218 (15.6)

<.001

17-32 weeks

166/1907 (8.7)

447/4369 (10.2)

356/2686 (13.2)

<.001

33-52 weeks

67/525 (12.8)

131/1214 (10.8)

126/1144 (11.0)

.47

9-16 weeks

26.80 (5.58)

26.57 (5.5)

27.19 (5.24)

<.001

17-32 weeks

26.97 (5.78)

26.73 (5.52)

27.43 (5.45)

<.001

33-52 weeks

27.10 (5.8)

27.38 (5.34)

28.11 (5.43)

.001

Age (years), mean (SD)

Gender, n/N (%)

Baseline BMI, mean (SD)
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Overall Engagement by Weight Loss Group
Multivariate analysis of variance (MANOVA) was used to
examine if overall engagement significantly differed across the
3 weight loss groups for each time period. Assumptions for
MANOVA were checked and met.

Individual Engagement Measures by Weight Loss Group
Multiple linear regressions predicted the engagement associated
with each weight outcome of interest. Regressions were
conducted with overall mean weekly engagement (per time
period) of each engagement measure as separate dependent
variables in individual regression analyses and the weight loss
category as the independent variable, with controlling for
baseline characteristics of age, gender, and BMI. Self-reported
engagement data were excluded from the overall mean
calculation if missing data were found in any week during each
time period, as it would unclear if the missing data indicated a
lack of engagement or a lack of reporting. For automatically
recorded measures (eg, steps), any missingness in data during
a time point was kept in the total mean calculation, as this is an
indicator of lack of engagement. Assumptions for linear
regression were checked and met.
All statistical tests were 2-sided with significance set at a P
value <.05 and were conducted through R version 3.6.0 (The
R Foundation for Statistical Computing).

Results
Baseline Characteristics
Of the 11,252 participants observed at 9-16 weeks, 23.05%
(n=2594) of participants were in the stable weight category,
57.23% (n=6440) were in the moderate weight loss category,
and 19.71% (n=2218) were in the high weight loss category.
Of the 8962 participants observed at weeks 17-32, 21.28%
(n=1907) were in the stable weight category, with 48.75%
(n=4369) in the moderate weight loss category and 29.97%
(n=2686) in the high weight loss category. Finally, by 33-52
weeks, 18.21% (525/2883) were in the stable weight category,
with 42.11% (1214/2883) in the moderate weight loss category
and 39.68% (1144/2883) in the high weight loss category.
Of the participants observed at weeks 9-16, 88.45%
(9952/11,252) were female, with a mean age of 49.43 (SD
12.54) and a mean BMI of 26.75 (SD 5.47). At weeks 17-32
and 33-52, the majority of users observed were female (17-32
weeks: 10036/11,252, 89.19%; 33-52 weeks: 9987/11,252,
88.76%), with a mean age of 49.93 (SD 12.46) during weeks
17-32 and a mean age of 51.24 (SD 12.20) during weeks 33-52.
During weeks 9-16, the mean baseline BMI was 26.8 (SD 5.57)
kg/m2 for the stable group, 26.57 (SD 5.50) kg/m2 for the
moderate loss group, and 27.19 (SD 5.24) kg/m2 for the high
loss group. These baseline characteristics are included in Table
1.
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Significant differences existed between the stable, moderate,
and high weight loss groups during weeks 9-16 regarding age
(F2,11249=30.08; P<.001), gender (χ22=50.78; P<.001), and BMI
(F2,11249=10.54; P<.001); and during weeks 17-32, age (F2,8959
= 29.06; P<.001), gender (χ22=30.69; P<.001), and BMI (F2,8959
= 13.73; P<.001). These differences remained significant during
weeks 32-52 for BMI (F2,2880 = 8.38; P<.001) and age (F2,2880
= 7.37; P<.001), but not for gender (χ22 = 1.39; P=.50). As a
result, we adjusted these demographic measures in the regression
analysis. These overall means are described in Table 1.
Overall Engagement by Weight Loss Group
The multivariate analysis of variance test resulted in statistically
significant differences in overall engagement among the 3
weight categories for weeks 9-16 (F2,11249 = 197.43; P<.001),
for weeks 17-32 (F2,8959=153.50; P<.001), and for weeks 33-52
(F2,2880 = 44.26; P<.001). Therefore, we concluded that for each
study time period, engagement as a whole, consisting of mean
days with at least 1 meal logged per week, mean articles read
per week, mean meals logged per week, mean user messages,
mean steps, mean weigh-ins per week, and mean exercises
logged per week, significantly differed across the 3 weight
categories. Engagement as a whole was highest for the high
weight loss group, followed by the moderate weight loss group,
with the lowest engagement in the stable group. The results of
the MANOVA can be seen in Table S1 in Multimedia Appendix
1.
Individual Engagement Measures by Weight Loss Group
When examined individually, means of the following
engagement measures decreased over time across all weight
groups: days with at least 1 meal logged, articles read, number
of meals logged, steps, coach messages, and weigh in variables.
Logged exercise did not follow the same pattern, as total mean
logged exercise increased through 52 weeks, regardless of the
total amount of weight lost (see Table S2 in Multimedia
Appendix 1).
The patterns of means suggest that the moderate and high weight
loss groups had greater total engagement within each study time
period across all engagement measures compared to the stable
weight group. To confirm that differences between the weight
loss groups and the stable group were significant and to examine
the relationship between weight loss outcomes and each
engagement measure, individual multiple regressions were
conducted with the stable group as the reference group (see
Table 2). Differences in engagement between the high weight
loss group and moderate loss group were not examined due to
a lack of a clinically meaningful difference between these 2
groups given that significant health improvements occur when
weight loss exceeds 5% [12,29]. Therefore, we focused our
statistical analysis on comparing the high loss group to the stable
group and the moderate loss group to the stable group.
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Table 2. Multiple regression results for weight change groups in each study perioda.
Engagement measuresb

Time points
9-16 weeks
Estimate

17-32 weeks
c 2

33-52 weeks
2

SE

Adj R

Estimate

SE

Adj R

Estimate

SE

Adj R2

Days with at least 1 meal logged
Moderate loss

0.20

0.01

N/Ad

0.25

0.01

N/A

0.24

0.02

N/A

High loss

0.25

0.01

0.05

0.34

0.01

0.08

0.37

0.02

0.12

Moderate loss

0.52

0.03

N/A

0.89

0.05

N/A

0.63

0.07

N/A

High loss

0.68

0.04

0.05

1.20

0.05

0.06

1.01

0.07

0.05

Moderate loss

5.83

0.15

N/A

5.25

0.19

N/A

4.58

0.37

N/A

High loss

8.06

0.19

0.16

8.27

0.21

0.20

8.22

0.37

0.17

Moderate loss

0.06

0.01

N/A

0.07

0.01

N/A

0.08

0.01

N/A

High loss

0.09

0.01

0.01

0.10

0.01

0.01

0.12

0.01

0.03

Moderate loss

4014.04

483.60

N/A

4452.65

579.76

N/A

4535.31

1165.38

N/A

High loss

8806.42

601.71

0.05

9821.59

633.01

0.06

8963.01

1176.49

0.05

Moderate loss

0.23

0.01

N/A

0.26

0.01

N/A

0.16

0.017

N/A

High loss

0.29

0.01

0.17

0.34

0.01

0.16

0.27

0.017

0.10

Moderate loss

0.25

0.07

N/A

0.28

0.08

N/A

0.17

0.16

N/A

High loss

0.51

0.09

0.01

0.77

0.09

0.01

0.87

0.16

0.02

Articles read

Meals logged

Coach messages

Steps

Weigh ins

Exercises

a

The stable group was used as the reference group.

b

Results are the summary of 7 individual multiple linear regressions. Each engagement measure was a dependent variable of its own regression where
weight change groups, gender, age and baseline BMI were independent variables.
c

Adj: adjusted.

d

N/A: not applicable.

When users’ age, gender, and baseline BMI were controlled
for, the moderate and high weight loss groups had significantly
more days with at least 1 meal logged (P values <.001), articles
read (P values <.001), meals logged (P values <.001), coach
messages (P values <.001), steps (P values <.001), and weigh
ins (P values <.001) compared to the stable group across all
time points. The moderate and high weight loss groups had
greater mean exercise per week compared to the stable weight
group at 9-16 weeks and 17-32 weeks (P values <.001). For
weeks 33-52, only the high loss group had significantly greater
mean frequency of exercise compared to the stable group (β=.87;
SE=0.16; P<.001).

Discussion
Principal Results
Using a large data set of more than 11,000 individuals, we
sought to extend previous work by evaluating how specific
https://mhealth.jmir.org/2021/11/e30622
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weight loss outcomes (stable weight, 0% plus or minus 1%;
moderate weight loss, between 5% to 10%; and high weight
loss, 10% or greater) were associated with 7 different
engagement measures across 3 time periods: 9-16 weeks, 17-32
weeks, and 33-52 weeks. Overall, our findings indicate
significant differences in all 7 engagement measures among
those with moderate and high weight loss compared to those
with stable weight. These associations held over time, with the
exception of exercise logging at 33-52 weeks for the moderate
weight loss category.

Comparison With Prior Work
Our findings corroborate past work that found significant
associations between the frequency of food logging and
weigh-ins and weight loss outcomes [10,17-22]. Departing from
some past studies, we found that weight loss outcomes were
associated with all engagement measures over all time periods,
with one exception. In contrast, some previous work has reported
significant associations between engagement and weight loss
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e30622 | p.113
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for some, but not all, engagement measures [18,21]. This
discrepancy may be due to the fact that previous studies explored
the amount of engagement necessary to achieve a certain amount
of weight loss (ie, how engagement is associated with weight
loss), whereas our study is concerned with understanding how
achieving a certain level of weight loss is related to levels of
engagement (ie, how weight loss is associated with engagement).
Our findings raise the possibility that individuals who achieve
successful weight outcomes tend to engage comprehensively
in the program because they are generally more motivated,
whereas only certain engagement measures are necessary to
achieve greater weight loss. Future research should explore
within-participant patterns of engagement across time as related
to individual differences such as motivation or personality
characteristics.
According to recent conceptual models of engagement, the
content of the intervention (eg, availability of self-monitoring
tools), contextual factors, and psychological characteristics like
motivation and self-efficacy can influence engagement [16,32].
This study raises additional questions about weight loss
outcomes, which could also influence engagement. It is possible
that the factors driving individuals to successfully achieve
certain levels of weight loss influence their engagement as well.
We previously demonstrated that 5% or more weight loss on
Noom was associated with psychosocial characteristics such as
mental health quality of life and perceived work-life balance
[33], and a systematic review reported that weight loss is
associated with the expectations individuals have for their
weight loss [14]. Future research should separate out the
individual components involved in losing certain amounts of
weight loss and investigate how each relates to engagement.
Through the large sample size and year-long time period, this
study provides data of how engagement decreases over time.
In general, the levels of engagement decreased over time for 6
of the 7 engagement measures (with the exception of exercise
logging) within each group regardless of whether they achieved
no loss, moderate loss, or high loss. This is consistent with past
work showing declines in some engagement measures over time
but not for physical activity logging [34]. Future research should
investigate the possibility that sustained exercise habits are
formed on this type of program. We also found that the
differences between each weight loss category and stable weight
were maintained even as engagement decreased over time. This
aligns with a study showing that associations between
engagement and weight change were consistent from 16 weeks
through 52 weeks [18]. It is necessary for future research to test
whether these results mean that long-term engagement
accurately reveals true patterns of motivation and action, or
whether late engagement is instead a marker of “user’s behavior
chang[ing] to an extent that digital engagement with the
intervention is no longer needed” [35], or both.
Along these lines, we found that being in the moderate weight
loss group at 33-52 weeks was not associated with the frequency
of exercise logging. There are a few possible reasons for this.
Perhaps as they were initially losing weight, individuals in the
moderate group perceived that their modest weight loss was
primarily due to dietary change rather than exercise, and then
they were less likely to consistently log exercise. A previous
https://mhealth.jmir.org/2021/11/e30622
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survey study found that 71% of respondents assumed that
exercise is an effective weight loss strategy, and this assumption
was associated with feeling discouraged with exercise [36].
Alternatively, perhaps moderate weight loss is more associated
with types of logging that require greater effort, such as meal
logging and weight logging that users are encouraged to do
daily, in contrast to exercise logging which only occurs after
individuals have exercised. In our results, the weight loss
category accounted for more of the variation in meal logging
(adjusted R2=0.16) and weight logging (adjusted R2=0.17) than
did other engagement measures (adjusted R2=0.01-0.05).
Similarly, in a previous study, meal logging and weight logging
predicted changes in weight more than did exercise logging
[37]. Future studies should investigate why and how meal and
weight logging may differ from exercise logging.

Limitations
The study’s strengths include exploring real-world engagement
in a large sample on a publicly available mobile DBCI. Some
limitations, however, should be noted. First, a convenience
sample of individuals who had self-selected to sign up for the
Noom Healthy Weight program was used. Thus, findings may
not generalize to populations with less motivation to manage
their weight. Given the retrospective design, causal relationships
between participants’ engagement measures and participants’
weight loss outcomes cannot be determined. The correlational
nature of analyses also prevents firm conclusions about the
directionality of results. Finally, the users measured and reported
their own weight in the platform, and their loss was calculated
from these self-reported measures. Home scales may produce
a considerable margin of error compared to ones used by health
care professionals. Users were encouraged to use the same scale
throughout the program so that their personal loss would be
consistent with their individual scale. They were also encouraged
to weigh in at the same time every day (ideally in the morning
upon first waking up), but it was not possible to enforce these
recommendations.
Weight loss was calculated based on self-reported weight
measurements by participants, and baseline weight information
was contextualized using BMI. Both measures are limited in a
few ways. First, they do not adjust for the weight fluctuation
that occurs during menstrual cycles or perimenopause and
menopause. They also do not account for muscle mass or bone
density. Individuals may have increased their muscle mass due
to exercise, but this would not be adequately captured by these
metrics. Finally, these measures could be subject to artificial
inflation because of water retention due to excessive salt intake.
Future studies should use a variety of self-reported and objective
measurements to understand individuals’ weight changes.

Conclusions
This retrospective study explored associations between
important weight loss outcomes and engagement in a mobile
DBCI over 1 year, which could help to inform tailoring
interventions to encourage engagement based on achieved and
goal weight loss outcomes or provide data that can be used to
better understand variance in weight loss outcomes. This study
also provides large-scale data on how individuals engage in a
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self-directed mobile DBCI in the short- and long-term. We
found that compared to stable weight, having achieved moderate
weight loss or high weight loss was associated with higher
engagement in the forms of the number of meals logged, articles
read, steps logged, coach messages, weigh-ins, and days with
at least 1 meal logged from 9 to 52 weeks. This raises the
possibility that individuals who lose moderate or high amounts
of weight actively engage in all possible aspects of the program,
which future research should confirm. The one exception was
that being in the moderate weight loss category at 33-52 weeks
was more associated with exercise logging than was being in
the stable weight category. The consistent associations over
time suggests that these differences in engagement behavior are
stable throughout both short-term and long-term weight loss.
Future research can ascertain to what extent our results are
generalizable to other intervention contexts.
Our results raise new questions for future studies which should
seek to more fully understand the engagement of individuals
who lose significant weight. In this study, participants who
achieved moderate weight loss, on average at 17-32 weeks,
logged 21 meals, read 3 articles, walked 31,600 steps, weighed

Carey et al
in once, exercised 2.5 times within a week, and messaged their
coach once every 2 weeks. Users who achieved high weight
loss on average logged 24 meals, read 3.4 articles, walked
36,000 steps, weighed in once, exercised 3 times within a week,
and messaged their coach once every 2 weeks. These overall
means do not take into account variation within users, but future
work should go further to, for instance, define profiles of
engagement based on weight loss outcomes. This could provide
insight into the large variance in weight loss outcomes observed
in many interventions.
Future work can explore the following questions: what exactly
is responsible for the association between certain weight loss
outcomes and engagement in a weight loss program? Is it seeing
results, personality factors, demographic factors, or past success
or failure with weight loss, or some combination of these?
Would telling someone that x level of engagement is related to
x level of loss be enough to change their behavior to better
engage the mobile health intervention? The next steps may
involve exploring other individual or contextual factors in order
to understand what guides the engagement seen on this DBCI.
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Abstract
Background: African Americans continue to have suboptimal cardiovascular health (CVH) related to diet and physical activity
(PA) behaviors compared with White people. Mobile health (mHealth) interventions are innovative platforms to improve diet
and PA and have the potential to mitigate these disparities. However, these are understudied among African Americans.
Objective: This study aims to examine whether an mHealth lifestyle intervention is associated with improved diet and PA-related
psychosocial factors in African Americans and whether these changes correlate with diet and PA behavioral change.
Methods: This study is a retrospective analysis evaluating changes in diet and PA-related self-regulation, social support,
perceived barriers, and CVH behaviors (daily fruit and vegetable intake and moderate-intensity PA [MPA] per week) in 45 African
American adults (mean age 48.7 years, SD 12.9 years; 33/45, 73% women) enrolled in the FAITH! (Fostering African American
Improvement in Total Health) app pilot study. The intervention is a 10-week, behavioral theory–informed, community-based
mHealth lifestyle intervention delivered through a mobile app platform. Participants engaged with 3 core FAITH! app features:
multimedia education modules focused on CVH with self-assessments of CVH knowledge, self-monitoring of daily fruit and
vegetable intake and PA, and a sharing board for social networking. Changes in self-reported diet and PA-related self-regulation,
social support, perceived barriers, and CVH behaviors were assessed by electronic surveys collected at baseline and 28 weeks
postintervention. Changes in diet and PA-related psychosocial factors from pre- to postintervention were assessed using paired
2-tailed t tests. The association of changes in diet and PA-related psychosocial variables with daily fruit and vegetable intake and
MPA per week was assessed using Spearman correlation. Associations between baseline and 28-week postintervention changes
in diet and PA-related psychosocial measures and CVH behaviors with covariates were assessed by multivariable linear regression.
Results: Participants reported improvements in 2 subscales of diet self-regulation (decrease fat and calorie intake, P=.01 and
nutrition tracking, P<.001), one subscale of social support for healthy diet (friend discouragement, P=.001), perceived barriers
https://mhealth.jmir.org/2021/11/e28024
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to healthy diet (P<.001), and daily fruit and vegetable intake (P<.001). Improvements in diet self-regulation (increase fruit,
vegetable, and grain intake, and nutrition tracking) and social support for healthy diet (friend encouragement) had moderate
positive correlations with daily fruit and vegetable intake (r=0.46, r=0.34, and r=0.43, respectively). A moderate negative
correlation was observed between perceived barriers to healthy diet and daily fruit and vegetable intake (r=−0.25). Participants
reported increases in PA self-regulation (P<.001). Increase in social support subscales for PA (family and friend participation)
had a moderate positive correlation with MPA per week (r=0.51 and r=0.61, respectively).
Conclusions: Our findings highlight key diet and PA-related psychosocial factors to target in future mHealth lifestyle interventions
aimed at promoting CVH in African Americans.
(JMIR Mhealth Uhealth 2021;9(11):e28024) doi:10.2196/28024
KEYWORDS
African Americans; cardiovascular health disparities; mHealth lifestyle intervention; diet; physical activity; mobile phone

Introduction

Americans may facilitate improvements in diet and PA
behaviors.

Background

Mobile app–based health interventions have the potential to
improve diet and PA patterns among African Americans.
Research from the Pew Research Center has shown that African
Americans are less likely than White people to have traditional
broadband access at home but are equally likely to own cell
phones and smartphones. They are also more likely to use
smartphones to access the internet, web-based social networking
sites, and health information [18-20]. Thus, the use of
smartphones for health promotion has the potential to mitigate
health disparities, and makes progress toward achieving health
equity through technology-based interventions [21].

African Americans have the highest rates of coronary heart
disease and stroke-related deaths compared with White people
and other racial and ethnic minority groups in the United States
[1]. Cardiovascular risk factors such as suboptimal diet and
physical activity (PA) have been identified as significant
contributors to the disproportionate cardiovascular disease
(CVD) burden among African Americans [1]. African
Americans have an extremely low prevalence of individuals
achieving ideal levels on 5 or more cardiovascular health (CVH)
metrics, as outlined by the American Heart Association Life’s
Simple 7 (LS7) [1-3].
Suboptimal CVH in African Americans is rooted in structural
racism, which has systematically limited their access to quality
health care, employment opportunities, education, and safe
neighborhood environments. The resulting scarcity of resources
has led to elevated stress levels, food insecurity, and poor access
to recreational spaces, all of which affect CVH in African
Americans [4-7]. These structural inequities can further manifest
as negative psychosocial factors that can influence health
behaviors and CVH outcomes in African Americans [8-11]. In
African Americans, increased self-reported stress and depressive
symptoms have been associated with greater calorie
consumption and lower levels of PA, respectively [10]. There
is evidence to suggest that psychosocial factors affecting healthy
diet and PA, such as cost and lack of time, are negatively
associated with diet quality and regular PA, respectively [12-14].
Data on diet-related psychosocial factors indicate that
self-regulatory behaviors, such as mindful food preparation,
have been associated with healthier food acquisition and
decreased purchase of preprepared foods among African
American adults [15,16]. In addition, culturally tailored
interventions integrating social support and addressing barriers
have been identified as facilitators of PA in African American
women [14,17]. African American women have also expressed
a preference for interventions that promote self-regulatory
behaviors (self-monitoring of PA) and incorporate strategies to
overcome barriers to improve their PA patterns [17]. These
findings provide compelling evidence that targeting diet and
PA-related self-regulation, social support, and perceived barriers
in mobile health (mHealth) lifestyle interventions for African
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In addition, there is emerging evidence that interventions using
mHealth apps may promote diet and PA behavior change [22-24]
and may be effective interventional tools for underserved
African American communities [21,25]. However, mHealth
interventions have been significantly understudied in African
American populations. James et al [26] found that <10% of
identified mHealth studies within their systematic review
included African American participants, and only 14% of those
mHealth studies entirely comprised all African American
participants. This is despite African Americans having high
smartphone ownership, mobile technology use (including mobile
apps), and eHealth literacy (EHL) [20,27-29]. EHL is defined
as an individual’s ability to search for and understand health
information on the internet using computers and mobile devices
[30]. Given high EHL and smartphone ownership in African
Americans, mHealth lifestyle interventions may be particularly
effective in promoting healthy diet and PA behaviors.
Current mHealth interventions to promote healthy diet and PA
in African Americans suggest that they can be effective as
stand-alone interventions [31-35] or adjuncts to in-person
interventions [36-39]. Allicock et al [31] demonstrated that a
stand-alone, mobile app–based intervention to encourage healthy
diet and PA behaviors among African American survivors of
breast cancer led to a significant reduction in sedentary time
and fast food intake. Another culturally tailored, internet-based
intervention for PA promotion as an adjunct to in-person PA
sessions resulted in a significant reduction in sedentary
behaviors among African American women [38]. Furthermore,
mHealth interventions have demonstrated success in increasing
diet and PA self-monitoring [39], promoting healthy diet and
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e28024 | p.119
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regular PA [33,35] and facilitating weight loss in African
Americans [32,34,36,37]. Although mHealth lifestyle
interventions have demonstrated improvements in diet and PA
outcomes, few have discussed the interplay between
psychosocial factors such as underlying diet and PA-related
self-regulation, social support, perceived barriers, and their
associations with health behaviors [33,34,38,40].

Goal of This Study
We seek to provide insight into this current gap in the literature
by exploring changes in diet and PA-related self-regulation,
social support, perceived barriers, and their associations with
diet and PA patterns among African Americans using our
culturally tailored, community-based mHealth lifestyle
intervention. The FAITH! (Fostering African American
Improvement in Total Health) app pilot study tested a novel
mHealth intervention aiming to improve CVH in African
Americans through local African American church
congregations [41]. Through the use of the FAITH! app,
participants had statistically significant improvements in diet,
PA, blood pressure, and overall composite LS7 score [35].
The primary aim of this study is to examine changes in diet and
PA-related self-regulation, social support, and perceived barriers
among participants in the FAITH! app pilot study. We also aim
to assess whether any of the observed changes in these measures
correlate with CVH behaviors (daily fruit and vegetable intake
and moderate-intensity PA [MPA] per week). We hypothesize
that participants would demonstrate improvements in diet and
PA-related self-regulation, social support, perceived barriers,
and CVH behaviors using the FAITH! app intervention.

Methods
Study Design
This study is a retrospective analysis examining changes in diet
and PA-related psychosocial factors in the FAITH! app pilot
study. Details of the intervention design, recruitment,
implementation, and outcomes have been previously published
[35,41,42]. Briefly, the pilot study was conducted using a single
group, pretest-posttest intervention framework to assess CVH
knowledge, behaviors, and biological factors among African
Americans following the use of a mobile app–based intervention.
The cohort was recruited from 5 African American churches
within the Rochester and Minneapolis-St. Paul, Minnesota,
metropolitan areas. The pilot study was registered with the
Clinical Trials Registry (ClinicalTrials.gov NCT03084822) and
approved by the Mayo Clinic institutional review board.
Participants provided written informed consent before
enrollment in the study.
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Data Collection
Baseline data were collected in July 2016, and follow-up data
at 28 weeks were collected postintervention (April 2017).
Electronic surveys were emailed directly to participants to assess
their sociodemographic data, EHL, diet and PA-related
self-regulation, social support, and perceived barriers, along
with CVH behaviors (daily fruit and vegetable intake and MPA
per week) at baseline and 28 weeks post intervention.
Postintervention evaluation occurred at 28 weeks in an effort
to align with the AHA LS7, the primary outcome of the parent
study [35]. The LS7 comprises both biological and behavioral
factors, and its evaluation was completed at the 28-week
postintervention time point to assess for sustained changes in
these variables. Thus, the present analysis examines changes
from baseline to 28 weeks postintervention to concurrently
assess for sustained changes in diet and PA-related
self-regulation, social support, perceived barriers, and CVH
behaviors. Outcome evaluation was designed based on
psychosocial measures previously described in the literature,
noted trends in a previous in-person iteration of the FAITH!
program, and the theoretical foundation of the FAITH! app
intervention [42-44]. Participants received up to US $150 in
gift cards for their completion of survey assessments.

Theoretical Framework: Intervention and Psychosocial
Measures
The 10-week intervention was delivered through a mobile app
(FAITH! app; Figure 1) and consisted of 3 core features: (1) a
multimedia education module series on CVH with pre- and
postmodule self-assessments of CVH knowledge, (2)
self-monitoring of daily fruit and vegetable intake and PA, and
(3) a sharing board for networking with other participants. At
study enrollment, participants were provided iPads with the
FAITH! app installed and Fitbits (Charge 2, 2016 version, Fitbit
Inc) for PA and step tracking. Within the FAITH! app,
participants were expected to complete one educational module
per week and complete the associated pre- and postmodule
self-assessments, with completion of all educational modules
by the end of the 10-week intervention. Participants entered
daily entries for fruit and vegetable intake and PA during the
course of 10 weeks. In addition, participants were encouraged
to post on the sharing board for social networking with other
study participants; no limits were imposed on the number of
posts an individual participant could submit. Participants were
expected to engage in all 3 core app features described above
for the 10-week intervention delivery phase, and their
engagement patterns with these features were closely monitored
via Google Analytics [45]. Participants continued to have access
to the app in the postintervention phase, but this was not
monitored. Further details of the FAITH! app design and key
features have been previously published [42].
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Figure 1. FAITH! (Fostering African American Improvement in Total Health) app core features: (A) cardiovascular health education modules and
self-assessments; (B) diet and physical activity self-monitoring; (C) sharing board.

The FAITH! app was developed using a community-based
participatory approach grounded in behavioral theories (social
cognitive theory, health belief model, and community
mobilization model) [42]. Social cognitive theory posits that
individual health behavior is dependent on their reciprocal
interaction with observational learning and reinforcements. We
applied this theory within the FAITH! app via the sharing board,
where participants could see others from their own communities
modeling positive health behaviors (eg, diet and PA). This in
turn could motivate their adoption of these behaviors [42]. In
addition, the sharing board allowed individuals to receive
positive reinforcement from others in the study to maintain
healthy diet and PA behaviors. Correspondingly, social support
was assessed to gauge the degree of positive reinforcement and
observational role modeling experienced by participants through
the use of the intervention. Central to the health belief model
is that interventions are more effective in changing health
behaviors if they influence an individual’s perception of
susceptibility to illness or disease, severity of illness, potential
positive benefits of healthy action, barriers to such action, and
exposure to factors that prompt action (cues to action) [46].
Furthermore, a focus on perceived barriers and perceived
benefits has been demonstrated to be the strongest predictor of
behavior change [47]. On the basis of the principles of the health
belief model, the CVH education modules were designed to
convey the high CVD risk of African Americans and the severity
of the consequences of CVD (heart attacks, heart failure, and
strokes). In addition, the modules emphasized greater benefits
than barriers to maintaining a healthy diet and regular PA and
thus aimed to increase the likelihood that participants would
take action to engage in these health behaviors. Participants’
prompts to action and self-directed behavior were further
reinforced by encouraged use of the diet and PA self-monitoring
app features. Accordingly, changes in diet and PA
self-regulation and perceived barriers to healthy diet and PA
were assessed to determine how effectively the intervention
addressed these components of the health belief model [42].
Community mobilization was leveraged with the involvement
of community partners from participating African American
churches in all stages of app design using a community-based
participatory research approach to ensure that the app
incorporated African American religious and spiritual beliefs,
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the social connectedness aspects of the African American
church, and cultural traditions of the African American
community [42,48]. African American churches have been the
cornerstone of academic-community partnerships seeking to
enact social justice through research to improve health and
access to quality care among African Americans [49].

Measurement of Psychosocial Factors
Diet-Related Measures
Diet self-regulation was assessed using 14 items from the Health
Beliefs Survey developed by Anderson et al [50], where each
item was measured using a 5-point Likert scale (1=never to
5=always). Three subscales of diet self-regulation were assessed,
including strategies to (1) increase fruit, vegetable, and grain
intake (3 survey items; Cronbach α=.67), (2) decrease fat and
calorie intake (6 survey items; Cronbach α=.78), and (3) plan
and track nutrition (5 survey items; Cronbach α=.80). Responses
for items in each category were averaged to calculate each score
(range 1-5). Higher scores indicated greater dietary
self-regulation. Social support for healthy diet was assessed
using a survey instrument developed by Sallis et al [51], which
consists of 20 items rated on a 5-point Likert scale (1=never to
5=very often) that assessed subscales of encouragement and
discouragement from family and friends for healthy diet (4
subscales: family encouragement [5 items; Cronbach α=.81],
friend encouragement [5 items; Cronbach α=.81], family
discouragement [5 items; Cronbach α=.56], and friend
discouragement [5 items; Cronbach α=.74]). Higher scores
implied greater encouragement or discouragement, respectively.
Perceived barriers to healthy diet were assessed using 15 items
adapted from the Lose It Forever study questionnaire by Welsh
et al [52]. The survey asked participants to evaluate the
availability of healthy foods, the ability to control cravings for
unhealthy foods, prepare healthy meals, and level of difficulty
in the daily environment to choose healthy foods. Participants
responded to items on a 5-point Likert scale (1=not at all true
to me to 5=very true for me). Responses for each item were
averaged to calculate a final score (range 1-5), with higher scores
implying greater barriers (Cronbach α=.88).
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PA-Related Measures
PA self-regulation was measured using the Self-Regulation
Scale from the Health Beliefs Survey, which includes 10 items,
using a 5-point Likert scale (1=never to 5=always) [33,50,53].
The scale assesses strategies to increase PA and the efforts used
to track step counts over the past month. Scores across all items
were averaged to calculate a final score (range 1-5), with higher
scores indicating higher PA self-regulation (Cronbach α=.84).
Social support for PA was measured using a survey instrument
developed by Sallis et al [51] and comprised 23 items rated on
a 5-point Likert scale (1=never to 5=very often) that assessed
subscales of: family participation [10 items; Cronbach α=.92],
family rewards or punishment [3 items; Cronbach α=.48], and
friend participation [10 items; Cronbach α=.93]. Higher scores
implied greater participation or reward or punishment,
respectively. An adaptation of the Exercise Barriers Scale was
used to assess barriers to exercise [54,55]. Participants rated a
list of 20 items on a 4-point Likert scale (1=strongly agree to
4=strongly disagree) on how much they presented a barrier to
exercise. Items included time for PA, convenience to complete
PA, competing responsibilities, and concerns about hairstyle.
The response to each item was reversed so that more agreement
indicated more barriers. The items were averaged to calculate
the final score (range 1-4), with higher scores implying greater
barriers (Cronbach α=.91).

CVH Behaviors
Self-reported daily fruit and vegetable intake was assessed using
2 items adapted from previously developed instruments
assessing fruit and vegetable intake [56-58]. Respondents
reported daily servings of fruit and vegetables consumed. This
instrument has been previously validated in a similar population
of African Americans [59]. PA was assessed as self-reported
total minutes of MPA per week using the short form of the
International Physical Activity Questionnaire) survey. The
International Physical Activity Questionnaire has also been
validated among African Americans [60,61]. MPA per week
was used as it is a part of the standardized LS7 components and
associated metrics [2,35].

Covariates
Key covariates for assessment of associations with psychosocial
factors as well as diet and PA behaviors included
sociodemographic data (age, sex, income, education level,
marital status, and employment status), EHL, and level of app
engagement. Participant EHL was measured using the eHealth
Literacy Scale, which consists of 8 items on a 5-point Likert
scale (1=strongly disagree to 5=strongly agree; Cronbach α=.89)
assessing self-reported skills in using eHealth information [30].
High versus low EHL was dichotomized at a score of 26, as
previously used by Richtering et al [62]. The level of app
engagement was categorized as high versus low. Participants
with high app engagement met at least two of the following
three criteria: (1) >70% completion of self-assessments within
CVH education modules, (2) at least 7 entries into the diet and
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PA self-monitoring feature, and (3) at least one post on the
sharing board. Participants who did not meet these criteria were
categorized as having low app engagement. These parameters
were determined by real-time monitoring of the participants’
use patterns of key features within the FAITH! app throughout
the intervention phase (via Google Analytics). As a pilot study
of the newly created FAITH! app among a fairly understudied
population, a priori engagement patterns were not available.

Statistical Analyses
Participant data were summarized with frequencies and
percentages, means and SDs, or medians and IQRs, as
appropriate. Changes in the psychosocial measures from baseline
to 28 weeks postintervention (Δ) were assessed with paired
2-tailed t tests, with the exception of MPA per week, which was
assessed with the signed-rank test. Effect sizes (Cohen d) were
calculated as the average difference (28 weeks postintervention
minus the baseline) divided by the SD of the difference, with
the exception of MPA per week, for which the effect size was
calculated as the difference in medians divided by the IQR.
Effect sizes of <0.5 were categorized as small, 0.5 to <0.8 was
categorized as medium, and ≥0.8 was categorized as
high. Associations
between
baseline
and
28-week
postintervention changes in psychosocial measures and CVH
behaviors with participant covariates (sex, employment status,
EHL, and app engagement) were assessed using multivariable
linear regression (or quantile regression at the median for MPA
per week), including all covariates together. Given the small
sample size, a focused set of covariates was included in the
multivariable analysis. Associations between changes in diet
and PA-related psychosocial measures with changes in daily
fruit and vegetable intake and MPA per week were quantified
using Spearman correlations (r). Correlations >0.2 were
considered moderately associated, and correlations of >0.7 were
considered highly associated. All analyses were performed using
the SAS (version 9.4; SAS Institute, Inc). All statistical tests
were 2-tailed, and statistical significance was defined as P≤.01,
and 99% CIs were reported along with the mean differences.

Results
Participant Demographics
The analytic sample included 45 African American participants
(mean age 48.7 years, SD 12.9 years; 33/45, 73% women) who
completed the 10-week mHealth lifestyle intervention and
surveys at baseline and 28-week postintervention (Table 1).

Changes in Diet and PA-Related Psychosocial
Measures and CVH Behaviors
Overview
Table 2 summarizes changes in the sample for all measured diet
and PA-related psychosocial measures along with CVH
behaviors from baseline to 28 weeks postintervention.
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Table 1. Baseline participant characteristics (N=45).
Characteristics

Values

Age (years), mean (SD; range)

48.7 (12.9; 26.0-72.0)

Sex , n (%)
Women

33 (73)

Men

12 (27)

Annual household income (n=40; US $) , n (%)
<35,000

14 (35)

≥35,000

26 (65)

Employment status, n (%)
Employed at least part time

34 (76)

Unemployed

11 (24)

Marital status, n (%)
Unmarried

22 (49)

Married

23 (51)

Education level, n (%)
No degree

15 (33)

Technical, associate’s, college, or advanced degree

30 (67)

eHealth literacy score (n=40)
Value, mean (SD; range)

30.5 (4.5; 21.0-40.0)

Low (<26), n (%)

6 (15)

High (≥26), n (%)

34 (85)

App engagement, n (%)
Low

20 (44)

High

25 (56)
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Table 2. Changes in diet and physical activity (PA)-related psychosocial measures and cardiovascular health behaviors, baseline to 28 weeks
postintervention (N=45).
28 weeks postintervention, Difference in scorea,b, mean (SD;
mean (SD)a
99% CI)

Effect sizec P value
(Cohen d)

3.3 (0.7)

3.5 (0.7)

0.2 (0.8; −0.1 to 0.6)

0.32

.04

Decrease fat and calorie intake 3.0 (0.7)

3.3 (0.7)

0.3 (0.8; 0.0 to 0.6)

0.41

.01

Nutrition tracking

2.1 (0.8)

2.7 (0.8)

0.6 (0.9; 0.2 to 1.0)

0.61

<.001

Family encouragement

13.4 (4.8)

12.9 (5.2)

−0.5 (3.6; −2.0 to 1.0)

−0.14

.36

Family discouragement

12.0 (3.8)

11.5 (4.7)

−0.5 (3.9; −2.1 to 1.1)

−0.14

.38

Friend encouragement

11.8 (4.6)

10.9 (4.7)

−1.0 (5.0; −3.2 to 1.3)

−0.19

.25

Friend discouragement

11.2 (4.6)

9.0 (3.2)

−2.1 (3.6; −3.7 to −0.5)

−0.60

.001

Perceived barriers to healthy diet

2.5 (0.7)

2.2 (0.6)

−0.4 (0.5; −0.6 to −0.2)

−0.76

<.001

3.4 (1.4)

4.5 (1.8)

1.2 (1.9; 0.4 to 1.9)

0.62

<.001

2.3 (0.6)

2.7 (0.7)

0.4 (0.7; 0.2 to 0.7)

0.65

<.001

Family participation

19.7 (8.9)

20.1 (8.8)

0.3 (8.6; −3.2 to 3.8)

0.04

.80

Family rewards or punishment

3.7 (1.5)

4.0 (1.6)

0.4 (1.5; −0.2 to 1.0)

0.25

.10

Friend participation

18.5 (10.2)

21.9 (9.4)

3.4 (8.4; −0.8 to 7.6)

0.40

.03

1.7 (0.4)

1.7 (0.5)

0.0 (0.5; −0.2 to 0.2)

−0.01

.93

75.0 (25.0 to 187.5)

30.0 (−12.5 to 122.5; −52.5 to 92.5)

0.22

.04

Characteristics

Baseline,
mean (SD)

a

Diet-related psychosocial measures
Diet self-regulation
Increase fruit, vegetable, and
grain intake

Social support for healthy diet

Diet behavior
Daily fruit and vegetable intake
(servings per day)
PA-related psychosocial measures
PA self-regulation
Social support for PA

Perceived barriers to PA
PA behavior

MPAd per week (minutes per week), 35.0 (0.0 to
110.0)
median (IQR; 99% CI)e
a

Mean (SD) shown, unless otherwise specified.

b

Difference in score calculated before rounding as change in score from baseline to postintervention.

c

Effect size calculated before rounding as the mean difference divided by the SD of the difference, unless otherwise specified.

d

MPA: moderate-intensity physical activity.

e

99% CI for median difference estimated with quantile regression; effect size calculated as median difference divided by IQR; P value from signed-rank
test.

Diet-Related Psychosocial Measures and Daily Fruit
and Vegetable Intake
Participants reported statistically significant improvements in
2 subscales of diet self-regulation (decrease fat and calorie
intake: Δ +0.3; P=.01; Cohen d=0.41 and nutrition tracking: Δ
+0.6; P<.001; Cohen d=0.61), one subscale of social support
(friend discouragement: Δ −2.1; P=.001; Cohen d=−0.60), and
perceived barriers to healthy diet (Δ −0.4; P<.001; Cohen
d=−0.76) from baseline to 28 weeks postintervention. The
sample also showed statistically significant improvements in
reported daily fruit and vegetable intake (Δ +1.2; P<.001; Cohen
d=0.62).
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PA-Related Psychosocial Measures and MPA Per Week
Participants reported statistically significant improvements in
PA self-regulation (Δ +0.4; P<.001; Cohen d=0.65) from
baseline to 28 weeks postintervention. Participants reported a
slight improvement in MPA per week (Δ +30 minutes; P=.04;
Cohen d=0.22); however, this did not reach statistical
significance.

Correlation of Psychosocial Measures With CVH
Behaviors
Tables 3 and 4 summarize the correlation of the measured
changes in diet and PA-related self-regulation, social support,
and perceived barriers to CVH behaviors. Improvements in
subscales of diet self-regulation (increase fruit, vegetable, and
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grain intake and nutrition tracking) had a moderate positive
correlation (r=0.46 and r=0.34, respectively) with improvement
in daily fruit and vegetable intake. Among social support for
healthy diet subscales, increased friend encouragement for a
healthy diet had a moderate positive correlation (r=0.43) with
an increase in daily fruit and vegetable intake. A moderate
negative correlation (r=−0.25) was seen between perceived

barriers to healthy diet and daily fruit and vegetable intake (ie,
greater barriers to healthy diet corresponded with less fruit and
vegetable intake). For PA, 2 subscales of social support for PA
(family and friend participation) had a moderate positive
correlation (r=0.51 and r=0.61, respectively) with MPA per
week.

Table 3. Correlations of changes in diet-related psychosocial measures to changes in cardiovascular health behaviors (N=45).
Correlation to change in daily fruit and vegetable intakea (servings per day)

Diet-related psychosocial measures
Diet self-regulation
Increase fruit, vegetable, and grain intake

0.46

Decrease fat and calorie intake

0.03

Nutrition tracking

0.34

Social support for healthy diet

a

Family encouragement

0.004

Family discouragement

0.19

Friend encouragement

0.43

Friend discouragement

0.05

Perceived barriers to healthy diet

−0.25

Correlations >0.2 were considered moderately associated.

Table 4. Correlations of changes in physical activity (PA)-related psychosocial measures to changes in cardiovascular health behaviors (N=45).
PA-related psychosocial measures

Correlation to change in MPAa per weekb (minutes per week)

PA self-regulation

0.17

Social support for PA
Family rewards or punishment

0.09

Family participation

0.51

Friend participation

0.61

Perceived barriers to PA
a

−0.08

MPA: moderate-intensity physical activity.

b

Correlations >0.2 were considered moderately associated.

Comparisons With Covariates
In multivariable regression analyses, there were no statistically
significant differences in pre- and postintervention score changes
among any of the sociodemographics, EHL, or app engagement
groups for diet and PA-related psychosocial measures and CVH
behaviors.

Discussion
Principal Findings
Our findings demonstrate that a culturally tailored,
community-based mHealth lifestyle intervention can improve
key diet and PA-related psychosocial factors and CVH behaviors
in African Americans. In addition, several of the improvements
in these diet and PA-related psychosocial measures were
associated with improvements in diet and PA, which to our
knowledge has not been previously described in the setting of
a mobile app–based lifestyle intervention. The changes noted
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in our study were of small to medium effect sizes. This is
consistent with the findings of other studies with similar sample
sizes evaluating changes in diet and PA-related psychosocial
measures [40]. A longer intervention timeframe may be needed
to see greater changes in the diet and PA-related psychosocial
measures evaluated in this study.
Our findings illustrating the benefits of using an mHealth
lifestyle intervention on diet and PA-related self-regulation in
African Americans are consistent with those of other
investigators. Participants in our study reported improvements
in the subscales of diet self-regulation as well as PA
self-regulation. Furthermore, improvements in diet
self-regulation subscales were positively associated with
increased daily fruit and vegetable intake. Ferrante et al [34]
evaluated changes in diet and PA-related psychosocial variables
and weight loss outcomes in a Fitbit plus mobile app lifestyle
intervention versus a Fitbit only control group among African
American survivors of breast cancer. Compared with the control
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e28024 | p.125
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group, participants in the intervention arm demonstrated
sustained improvement across a larger number of self-regulatory
behaviors for healthy diet and PA. In the Smart Walk study, an
mHealth app–based intervention aimed at increasing PA in
African American women, participants demonstrated
improvements in self-regulation for PA [40]. Similar to these
cohorts, our analytic sample was predominantly composed of
African American women. Qualitative data on the interplay
between health and spirituality in African American women
show that health self-management in African American women
is deeply intertwined with their spiritual and faith connections
[63]. Thus, it is possible that faith-based interventions, such as
this study, may provide greater self-regulatory benefits for
African American women.
Social support has been consistently identified as an important
psychosocial variable for maintaining healthy diet [64] and PA,
with family members and friends being identified as key sources
of support [14,17]. Among the social support subscales for
healthy diet, participants reported a decrease in friend
discouragement in our study. In addition, improvements in
friend encouragement were associated with increased daily fruit
and vegetable intake. With respect to social support for PA,
improving trends were noted for friend participation; however,
this did not reach statistical significance. However, increases
in family and friend participation were positively associated
with increased MPA per week. Ferrante et al [34] reported
improvements in social support for healthy diet but no
significant changes in social support for PA, similar to our
findings. In the Smart Walk study, there was no significant
improvement in social support for PA; however, qualitative
participant feedback suggested that increasing features for
engagement on a sharing board with moderated discussion by
the study team can facilitate participation and possibly increase
social support [40]. In a recent qualitative analysis of the
FAITH! app pilot study, participants demonstrated that they
received encouragement and social support toward a healthy
lifestyle from posts by other participants on the sharing board
[48]. Thus, facilitating opportunities for discussion among study
participants through a sharing board feature may foster
meaningful engagement in mHealth interventions and increase
social support in mHealth lifestyle interventions. Further
investigation is necessary to better elucidate the most effective
means of enhancing social support through greater opportunities
for engagement within mHealth interventions.
Prior studies have pointed to multiple barriers such as fatigue,
time, cost, and lack of social support leading to poor diet and
PA among African Americans [13,14,16]. In addition, there are
links between socioeconomic and educational inequities
experienced by African Americans that influence perceived
barriers to healthy diet and PA. Analysis of survey data from a
predominantly African American population by Sharpe et al
[65] found that food-secure households reported better
diet-related psychosocial factors than food insecure households;
however, both groups had largely similar dietary intake patterns.
Another study by Wilcox et al [66] found that in a predominantly
African American population, less than a high school education
was associated with lower diet quality, whereas income and
food security were positively associated with higher diet quality.
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Employed African Americans have been found to have a lower
cooking frequency than unemployed African Americans, which
indicates that time constraints may be a limiting factor in healthy
diet among employed African Americans [16]. Our evaluation
of participants’ perceived barriers to healthy diet and PA
encompassed similar factors as these studies but also included
sociocultural considerations (hairstyle), ability to prepare healthy
meals, environmental constraints (neighborhood), and support
from family and friends. Overall, there was an improvement in
perceived barriers to healthy diet, which further correlated with
improvements in dietary intake. These findings suggest that our
mHealth lifestyle intervention may offer support to African
Americans in the navigation of perceived barriers stemming
from longstanding structural inequities—or possibly, in spite
of these existing inequities—by providing CVH education and
highlighting practical strategies to incorporate healthy diet into
daily life.

Strengths and Limitations
There are several strengths to this study. Our findings contribute
further data on improvements in diet and PA-related
psychosocial factors in African Americans participating in an
mHealth lifestyle intervention. We further provide novel
contributions by describing how changes in these underlying
diet and PA-related psychosocial factors are associated with
diet and PA behaviors. The intervention was co-designed with
African American community members from participating
churches who could give voice to the daily lived experiences
of African Americans to ensure that the intervention emphasized
African American faith, spirituality, and social connectedness.
This study implemented an mHealth lifestyle intervention that
was well-aligned with smartphone use patterns in African
Americans and one that was well-received by participants [48].
Our study has several limitations. This pilot study included a
small convenience sample of African Americans residing in
Minnesota; thus, our study was limited by selection bias and is
not representative of all African Americans. Furthermore, the
small sample size limited our statistical power. As such, we
were unable to run formal mediation analyses to probe causal
relationships between diet and PA-related psychosocial factors
and their respective behaviors. With respect to covariate
comparisons, our sample was not adequately sized to detect
meaningful patterns based on sociodemographics, EHL, or level
of app engagement. The psychosocial factors and CVH behavior
measures were self-reported by the participants, which could
reflect social desirability bias. Our pretest-posttest,
quasi-experimental design lacked a control group, and the study
was of a relatively short duration. A longer intervention duration
may demonstrate a greater effect on diet and PA-related
psychosocial measures. Research is currently underway to
further evaluate the preliminary findings presented in this pilot
study with a larger, more representative sample of African
Americans within a randomized controlled trial (NCT03777709).

Conclusions
Our preliminary findings indicate that the use of a culturally
tailored mHealth lifestyle intervention can improve diet and PA
behaviors as well as several underlying diet and PA-related
psychosocial factors. Diet and PA-related self-regulation, social
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support, and perceived barriers may be key psychosocial
variables to target in future mHealth lifestyle interventions
aiming to improve CVH behaviors among African Americans.
In addition, we co-designed and implemented a mobile
app–based intervention in partnership with an underserved
African American community that was well-aligned with and
complemented their mobile technology use patterns. It is

Cyriac et al
important to understand the nuances of mobile technology use
among African Americans compared with other populations in
the United States and to design interventions that account for
these differences to prevent the widening of the digital divide.
Mobile app–based interventions may be powerful tools to
address CVH disparities that disproportionately affect African
Americans.
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Abstract
Background: Smartphone apps are increasingly being used to aid in hypertension self-management, and a large and ever-growing
number of self-management apps have been commercially released. However, very few of these are potentially effective and
secure, and researchers have yet to establish the suitability of specific hypertension apps to particular contexts.
Objective: The aim of this study is to identify the most suitable hypertension app in the context of Saudi Arabia and its health
system.
Methods: This study used a 2-stage approach to selecting the most suitable app for hypertension self-management. First, a
systematic selection approach was followed to identify a shortlist of the most suitable apps according to the criteria of potential
effectiveness, theoretical underpinning, and privacy and security. Second, an exploratory qualitative study was conducted to
select the most suitable from the shortlist: 12 doctors were interviewed, and 22 patients participated in 4 focus groups. These
explored participants’ attitudes towards self-management apps in general, and their views towards the apps identified via the
systematic selection process. The qualitative data were analyzed using framework analysis.
Results: In the first stage, only 5 apps were found to be potentially effective while also having a theoretical underpinning and
protecting users’ data. In the second stage, both doctors and patients were generally interested in using hypertension apps, but
most had no experience with these apps due to a lack of awareness of their availability and suitability. Patients and doctors liked
apps that combine intuitive interfaces with a pleasant and clear visual design, in-depth features (eg, color-coded feedback
accompanied with textual explanations), activity-specific reminders, and educational content regarding hypertension and potential
complications. When the pros and cons of the 5 apps were discussed, 3 apps were identified as being more suitable, with Cora
Health rated the highest by the participants.
Conclusions: Only 5 apps were deemed potentially effective and secure. Patients’ and doctors’ discussions of the pros and cons
of these 5 apps revealed that 3 out of the 5 are clearly more suitable, with the Cora Health app being judged most suitable overall.
(JMIR Mhealth Uhealth 2021;9(11):e29207) doi:10.2196/29207
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Introduction

qualitative study assessing doctor and patient attitudes toward
and acceptance of apps that meet these criteria.

Hypertension is one of the most common chronic diseases in
adults, affecting 1 billion people worldwide and causing serious
health complications, including stroke, heart disease, and renal
failure [1-5]. Among Saudi adults over 30 years of age, 27.2%
have been diagnosed with hypertension. Self-management can
help control blood pressure (BP), mitigating complications
arising from hypertension. However, patients commonly
encounter substantial barriers to effectively self-managing their
condition [6], and many fail to adequately self-manage their BP
[2,4,7].

Stage 1: Selection Process According to Existing
Evidence

Smartphone use has expanded in recent years, including in Saudi
Arabia, where there were 21.8 million smartphone users in 2018.
This has resulted in increased access to health apps, which have
the potential to assist patients’ self-management, for example,
by providing educational information and self-monitoring tools
[8,9].
Alessa et al [10] have shown that smartphone apps with
“comprehensive functionalities” are potentially effective.
However, relatively few commercial apps meet these criteria
[11], and most lack adequate security measures [11]. Inadequate
privacy and security lead to potentially unacceptable risks to
users’ confidentiality. These authors also found that commercial
apps generally lack a clear theoretical basis despite
self-management aids having been shown to be more effective
when they are theory based [12]. It is imperative that health
care only implements interventions that are effective and safe.
Privacy, security, and a sound theoretical underpinning should
therefore be considered when selecting the most suitable
self-management apps.
Although acceptance of an app positively influences its
successful use in self-management [13,14], potential users were
not consulted about their needs in the development of most of
these apps [11,15]. In Saudi Arabia, most hypertension
management takes place in hospitals and primary care centers,
meaning doctors are the health care workers most actively
involved in aiding patients’ self-management [16]. However,
very few studies have explored patients’ or doctors’ views
toward these apps in general [17-19], and even fewer have
examined the Saudi context or that of the other Gulf countries.
The aim of this study is thus to distinguish those hypertension
self-management apps that are effective, secure, and
underpinned by sound theory, and to identify the most suitable
apps for the Saudi context by exploring their acceptance among
Saudi doctors and patients. This study will offer a clear approach
to selecting effective, secure, and acceptable apps among the
many available on commercial app stores.

Methods
Study Design
This study consists of 2 stages. The first adopted a systematic
approach using criteria of potential effectiveness, privacy and
security, and theoretical underpinning to identify potentially
effective and secure apps. The second stage consisted of a
https://mhealth.jmir.org/2021/11/e29207
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Alessa et al [11] found that 30 hypertension self-management
apps out of 186 that were commercially available possess
“comprehensive functionalities” and are therefore potentially
effective. The present study assessed these 30 potentially
effective apps against the criteria of privacy and security and
theoretical underpinning.
Privacy and security were assessed based on the Online Trust
Alliance [20] and the recommendations of the Information
Commissioner’s Office. Apps were assessed by 2 reviewers
based on the availability of privacy policies, data collection and
sharing practices, and data security [11]. Theoretical
underpinning was assessed by the of coding each app according
to the behavior change technique (BCT) taxonomy V1 through
the identification of the number of BCTs present and their
frequency. BCTs were then mapped to the mechanisms of action
of the Theoretical Domains Framework [11].

Stage 2: Qualitative Study
An exploratory qualitative study was conducted to explore
participants’ experiences of self-management of hypertension,
their attitudes toward self-management apps in general, and
their views toward the apps identified via the selection process.
This was done via patient focus groups and interviews with
doctors. Participants were asked to watch videos providing
standardized information about each app and were then asked
for their opinions and to rate each app on a 1-to-5 scale (see
Multimedia Appendix 1 and 2).

Participants
The qualitative study was conducted in Riyadh, Saudi Arabia.
Convenience sampling was used to recruit doctors and patients
[21] at 2 primary care centers and 2 hospitals via posters and
flyers. Participants responded by email or phone and were sent
an information sheet relevant to their involvement as either a
doctor or patient. Suitable times were arranged for the focus
groups and interviews. Before the commencement of each of
these sessions, participants completed a consent form. The
ethical approvals for this study were obtained from the ethical
committee of the School of Health and Related Research at the
University of Sheffield and the ethical committee of the Saudi
Ministry of Health (reference #023341 and #18-56ZE,
respectively).
To be eligible, focus group participants had to be 18 years or
older, have hypertension as a primary disease for a minimum
of 6 months, and be able to speak and give consent. Exclusion
criteria were having a cognitive impairment or pregnancy. The
eligibility criterion for doctors was having treated patients with
hypertension for a minimum of 6 months. Interested participants
were sent an information sheet and consent form. The interview
and focus groups were conducted by the researcher (TA) in
Arabic, which is the native language of participants and the
researcher. The transcripts were translated into English by TA
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and then back translated into Arabic by a professional translation
service to ensure accuracy.

subthemes were agreed upon through regular discussion between
all of the study authors.

Data Analysis

Results

Descriptive statistics were compiled from relevant quantitative
data. All qualitative interviews were recorded, transcribed, and
then checked for accuracy against the audio files before being
translated. Framework analysis was used to analyze the
transcripts using NVivo 12 software (QSR International).
Framework analysis consists of 5 stages: (1) familiarization,
(2) identifying a theoretical framework, (3) indexing, (4)
charting, and (5) mapping [22,23]. Data familiarization was
achieved by the researcher (TA) conducting interviews and
focus groups, and transcribing and checking the transcriptions.
The analysis framework had 2 parts. The first part concerned
participants’ attitudes toward self-management apps in general.
The second part of the framework examined participants’
attitudes toward 5 specific apps. The a priori themes and
subthemes were confirmed by discussion among the study
researchers and summarized. Transcripts were indexed according
to these themes and subthemes by TA. If emergent themes and
subthemes were identified, TA would add them and recheck
the other transcripts for this new theme. The final themes and
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Stage 1: Selection Process According to Existing
Evidence
Table 1 shows the 30 apps previously identified as potentially
effective [11]. All were found to have a theoretical underpinning.
The BCTs in these apps linked to 10 out of 14 Theoretical
Domains Framework mechanisms of action, with the number
of mechanisms underlying each app ranging from 5 to 9.
Twenty-two apps were excluded because they did not have an
available privacy policy (n=10) or because they insufficiently
protected users’ data (n=12).
Of the remaining 8 apps, 3 were duplicates, meaning they were
identical versions of the app available for both Android and
iPhone platforms. ESH Care (ESH) was also a duplicate, but
the Android version had previously been excluded. Only one
version of each of the apps was considered, leaving a total of 5
unique apps: Cora Health (Cora), ESH, LifeCourseHyTen
(Hyten), Qardio, and Braun Healthy Heart (Braun).
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Table 1. Privacy, security, and theoretical underpinning of the 30 potentially effective apps.

a

Number

App name

Version type

TDFa mechanisms of action, n Privacy and securityb

1

Blood pressure-Smart BPc

iPhone

7

No

2

Fast BP

iPhone

6

No

3

BP Wiz

iPhone

6

No

4

Blood pressure and plus diary

iPhone

7

No

5

BP Grapher simpler

iPhone

7

No

6

BP matters

iPhone

5

No

7

Braun Healthy Heart

iPhone

7

Yes

8

Braun Healthy Heart

Android

7

Yes

9

Qardio

iPhone

5

Yes

10

Qardio

Android

5

Yes

11

Blood Pressure (My Heart)

Android

7

No

12

Blood Pressure Diary

Android

5

No

13

Homedic

iPhone

7

No

14

Hemie

iPhone

4

No

15

LifeCourse HyTen

iPhone

5

Yes

16

LifeCourse HyTen

Android

5

Yes

17

Goal Achiever

Android

7

No

18

Cardio Journal – Blood Pressure diary

Android

6

No

19

Control tension

iPhone

6

No

20

Control tension

Android

6

No

21

ESH Care

iPhone

7

Yes

22

ESH Care

Android

7

No

23

Paracelsus (Pressure control)

Android

7

No

24

Blood Pressure Companion

iPhone

7

No

25

Cora Health

iPhone

9

Yes

26

HeartStar

iPhone

7

No

27

Kang BP

iPhone

6

No

28

BP Diary

Android

7

No

29

BP Diary

iPhone

7

No

30

Bprsseo pro

Android

7

No

TDF: Theoretical Domains Framework.

b

Apps that meet the criteria for data gathering, sharing, and security have “Yes” indicated, and those that do not have “No” indicated.

c

BP: blood pressure.

Stage 2: Qualitative Study
Participant Characteristics
Twenty-two patients attended four focus groups, with five to
six participants in each group. Twelve doctors were interviewed.
The participant characteristics are displayed in Tables 2 and 3.
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Table 2. Characteristics of the patient's sample (N=22).
Characteristic

Value

Age (years), mean (range)

50 (33-74)

18-30, n (%)

0 (0)

31-40, n (%)

4 (18)

41-50, n (%)

6 (28)

51-60, n (%)

8 (36)

>61, n (%)

4 (18)

Gender, n (%)
Males

13 (59)

Females

9 (41)

Time since diagnosed with hypertension (years), n (%)
<1

4 (18)

1-3

6 (27)

>3

12 (55)

Education level, n (%)
Less than high school diploma, n (%)

3 (14)

High school diploma

5 (23)

Bachelor’s degree

8 (36)

Master’s degree

4 (18)

Doctorate

2 (9)

Smartphone users, n (%)
Yes

20 (90)

No

2 (10)

Smartphone brand, n (%)
iPhone

15 (75)

Android

5 (25)
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Table 3. Characteristics of interviewed doctors (N=12).
Characteristics

Value

Age (years), mean (range)

40 (28-57)

Gender, n (%)
Males

4 (33)

Females

8 (67)

Work experience with hypertension (years), n (%)

15.8 (4-39)

Profession, n (%)
Resident doctor

2 (17)

Specialist doctor

6 (50)

Consultant doctor

4 (33)

Smartphone owner, n (%)
Yes

12 (100)

No

0 (0)

Smartphone brand, n (%)
iPhone

7 (58)

Android

5 (42)

General Views Toward and Experiences of Using Mobile
Apps

the results. Selected participants’ quotations are provided in
Multimedia Appendix 3.

Table 4 presents the themes and subthemes from the first part
of the study framework. This is followed by a description of
Table 4. Identified themes and subthemes via framework analysis.
Theme and subthemes

Topics

Self-management experiencesa
Strategies used by patients and their compliance

Adherence to self-monitoring BPb, taking required action, adherence to
taking medication, adherence to lifestyle, and managing stress

Barriers and issues of using strategies for self-management

Lack of knowledge, busy life, lack of motivation, forgetting, acceptance of
disease, asymptomatic patients affecting lack of patient initiative, beliefs
about medication, and fear caused by high BP

Role of doctors

Education about and encouragement of self-management strategies

Patient knowledge and awareness about hypertension

Current patient knowledge and required information

Using health apps for self-management

a

Doctors and patients experience in using health apps

Patients’ experiences in using general apps and HTNc apps, and doctors’
experiences in using health apps or recommending HTN apps

Expected useful features of smartphone apps

Self-monitoring and reminders, educational information, and feedback

Factors affecting uptake of the app

Demographic factors including age, education, and ITd literacy; app usability, app’s language, and doctor support

Concerns about using health apps for self-management

Credibility and accuracy, company intentions, patient commitment in using
the app, and app usability

Italics indicate a priori themes.

b

BP: blood pressure.

c

HTN: hypertension.

d

IT: internet technology.
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Self-management Experience

Using Health Apps for Self-management

The majority of doctors noted that most patients take their
medication frequently, but some fail to monitor and record their
BP. Most patients reported that they tried to monitor their BP
and take medication regularly, and tried to stay healthy through
diet, exercise, and managing stress. Patients and doctors
acknowledged the role of doctors in encouraging patients to
effectively self-manage their condition, for example, by setting
strategies and goals together, and encouraging patients’
adherence to these.

Most doctors reported having experience of using health apps
themselves. Patients had experience of using apps for
nonmedical purposes (eg, entertainment, socializing) but only
1 patient had ever used a hypertension self-management app
before. The other patients were unaware of their availability or
suitability. Doctors also had never recommended health apps
to their patients. However, the data showed that participants
were generally interested in using hypertension apps to support
self-management and expected that these would have useful
features, such as self-monitoring of BP.

Several barriers to patients’ involvement in self-management
were mentioned. Doctors identified lack of patient initiative,
acceptance of the disease, and inaccurate negative beliefs about
medication as the most common barriers. However, patients
reported barriers such as relying on impractical tools to record
data, lack of knowledge relating to hypertension management,
lack of motivation, forgetting, busy lifestyle, social pressures,
and lack of exercise opportunities.
Doctors and patients believed that lack of patient knowledge
negatively affected self-management. Doctors also expressed
concern about patients accessing inappropriate or incorrect
information. Doctors felt that younger patients and more
educated patients tended to be better informed but would not
necessarily take greater responsibility for their own health due
to a lack of determination or concern.
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Among doctors, users’ ages and educational levels were
considered the most influential factor affecting use of
hypertension apps, whereas for patients, the most important
factors were app language and usability.
Doctors expressed concerns about the credibility and accuracy
of the apps, and doubt about their continued availability. They
felt that they would be more willing to recommend apps that
had been scientifically tested, were based on practice guidelines,
or had been checked by doctors.

App Preference
Table 5 presents the themes and subthemes from the second
part of the study framework. This is followed by a description
of the results (a table showing the side-by-side data for each of
the 5 apps is presented in Multimedia Appendix 4).
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Table 5. A final framework developed to evaluate 5 apps after completing the analysis process.
Theme and subthemes

Topics

Adequacy of app contenta
User data collected

Accuracy and method of data inputting, and type of data collected

Feedback and tracking progress

Presentation of feedback and accuracy of feedback

Reminder

N/Ab

Information provided

Level of details and type of information (information topics)

Social Support

Communication with others

Content credibility

Credibility

App usability
How easy to use

App design, layout, and navigation

Training

Type and intensity of training required

Overall app assessment
Factors affecting uptake and usage

Demographic factors including, age, education, and ITc literacy; app feature; language;
price; privacy; and ads and promotion

Rating and recommendation

App rating, doctors’ willingness to recommend apps, doctors’ estimated uptake, patients’ willingness to use and recommend apps, general recommendations

Potential benefits and drawbacks of app use

a

Expected risks of inappropriate content

Difficulties, including stress, anxiety, and confusion; and decreased app use and poor
self-management

Support patients’ self-management

Controlled BPd, empowered self-management, improved compliance and knowledge,
and supportive doctors

Italics indicate a priori themes.

b

N/A: not applicable.

c

IT: internet technology.

d

BP: blood pressure.

Adequacy of App Content
Feedback and Tracking Progress
Most doctors and patients liked the 5 apps’ method of presenting
data in different formats, such as in graphs and tables. The data
showed a preference for apps with high-quality graphs (Cora
and ESH care), for feedback that used color coding and
supplementary text (Cora), and for the automatic calculation of
BMI (Qardio and ESH) or BP average (Qardio, ESH, and Cora).
Doctors thought that the feedback of all of the apps could be
improved if it offered the feature of setting goals (eg, for BP)
that was tailored to patients’ circumstances and demographic.
Reminders
Participants liked the reminder feature for self-management
activities in all 5 apps. Both doctors and patients preferred apps,
like Cora, that provide reminders for different tasks (eg,
self-monitoring of BP) over apps that provide only a reminder
for medication (ESH and Hyten) or a generic reminder for a
nonspecified task (Braun and Qardio). A few doctors liked apps
that allowed reminders for different medications and doses (ESH
and Hyten).
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Information Provided
Participants found Qardio’s lack of educational information
unhelpful. Opinions varied as to the usefulness of information
offered by the other apps. Doctors generally criticized apps,
like Braun and ESH, that lacked any information about
medication and side effects, but also felt that detailed
information about side effects of medication (Hyten) might be
off-putting for patients. Participants thought that apps (eg, Cora)
that have information about hypertension in general, as well as
data on hypertension risks, BP readings, and how to measure
BP, would benefit patients.
User Data Collected
Participants favored apps that collected detailed information
that had easy and clear methods of data entry. They preferred
apps that collect other data in addition to BP, such as exercise
(Cora and Braun). They felt that some apps are not detailed
enough to capture all relevant information (eg, entering the type
of exercise) and found the way of entering data in some apps
to be more difficult than that in others (Braun), not well
organized (Hyten), or likely to lead to typo mistakes (ESH).
Social Support and Content Credibility
Patients had mixed opinions about the social support feature.
Some found it useful while others found it unhelpful or
unnecessary, given the increased access to social media
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platforms. Doctors felt that the credibility of educational
information should be ensured, either by assessing if the
information was based on medical guidelines or by having apps
reviewed by other doctors or medical companies. One doctor
suggested that profit-motivated app development may not lead
to the best quality information being included.

App Usability
Participants preferred interface designs with easy and clear
layouts, where features of the app are easy to reach (eg, with
app functions visible in the main menu like in Cora and ESH)
rather than embedded in other functions (Qardio and Braun
Health).
The muted color schemes of Hyten, Cora, and ESH were
considered more user-friendly than were those with strong,
bright colors (Braun).
Most doctors and patients thought that some level of training
would be required for all 5 apps although they disagreed over
the length and intensity that would be needed.

Potential Benefits and Drawbacks of App Use
Participants expressed several possible benefits of using these
apps. They thought that reminders and monitoring would help
to increase their engagement and that educational information
could help to increase their awareness of their condition.
However, some doctors were concerned that apps with too few
functions (eg, Qardio and ESH) may lead to patients becoming
bored, or, conversely, that too much detail (Hyten) or a poor
layout (Hyten and Braun) would confuse patients.

Overall App Assessment
App Rating and Recommendation
The doctors’ and patients' full rankings for all of the 5 apps,
which was calculated by aggregating each group’s 1-5 ratings.
Cora was ranked highest by both doctors (total 51, mean 4.25)
and patients (total 97.5, mean 4.4). Hyten was second among
doctors (total 43, mean 3.5), while ESH was second among
patients (total 85.5, mean 3.6). ESH was third among doctors
(total 41.5, mean 3.4), while Hyten was third among patients
(total 80, mean 3.8). Qardio and Braun were ranked lowest by
patients (total 64, mean 2.9) and doctors (total 30, mean 2.5),
respectively.
Doctors and patients made some recommendations for
improvements of app features and content. Cora received the
fewest suggestions. Some of the recommendations were
common for all 5 apps, such as for the tracking of hospital
appointments and other medical conditions. The suggestions
are presented in full in Multimedia Appendix 4.
Factors Affecting Uptake and Usage
Doctors and patients identified different factors that may affect
the use of the 5 apps. Age was a factor mentioned by several
doctors who felt that 2 apps (Cora and Hyten) in particular may
pose difficulties to older users. Some doctors stressed the
importance of official endorsement by, for instance, the Ministry
of Health, or public health campaigns to encourage patient
uptake. Inexperience with smartphone technology was seen as
another major potential barrier. Participants also mentioned the
https://mhealth.jmir.org/2021/11/e29207
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unavailability of apps in users’ own language. Most patients
did not express concern with privacy of the apps, but this was
mentioned by doctors, particularly concerning high-profile
individuals. Patients also expressed concern over app prices
and the payment methods that might be required.

Discussion
Principal Findings
This study aimed to identify the most suitable hypertension app
in the context of Saudi Arabia and its health system using a
2-stage approach: a systematic selection approach that assessed
apps according to the criteria of potential effectiveness,
theoretical underpinning, and privacy and security; and an
exploratory qualitative study involving 12 doctors and 22
patients. The first stage found that only very few apps were
deemed potentially effective and secure. The second stage
showed that doctors and patients were generally interested in
using hypertension apps. Their discussions of these 5 apps’ pros
and cons revealed that 3 out of the 5 are clearly more suitable,
with Cora being judged the most suitable overall.

Comparison of the Study Findings With the Literature
The selection approach found that of the 30 apps previously
identified as potentially effective [11], all 30 contained a
theoretical underpinning but only 5 contained adequate privacy
and security measures. This demonstrates the pitfalls of
commercial app availability: most apps are unlikely to be
effective and secure, leading to potentially serious effects on
users’ health and well-being. This suggests a lack of
collaboration between researchers, experts, and developers,
which would otherwise help in improving the potential
effectiveness and quality of apps or provide clear evidence of
effectiveness and safety [23-25].
The qualitative study found that both doctors and patients were
interested in using hypertension apps but that most had never
used these apps or been recommended them, due to a lack of
awareness of their availability and suitability. This is in line
with previous research, including that of Morrissey et al [18]
who found that few hypertension apps were used by patients
due to a lack of knowledge of these apps. This highlights the
importance of identifying the most suitable apps and raising
awareness of these among health care professionals and the
public through official media and education channels [26].
Morrissey et al [18] and Vo et al [13] found that some patients
expressed no interest in developing the digital competence
required to use mobile health (mHealth) interventions. This
contrasts with our study, which found that the majority of
participants were keen to engage with self-management apps.
One possible explanation for this is the relative age of the study
populations. In Saudi Arabia, the average age of hypertension
sufferers is lower than that in Europe, meaning the study
population recruited for our study also had a younger average
age and so was likely to have higher digital competence and
greater willingness to engage with smartphone technology.
Moreover, most participants in this paper had a higher education
level and therefore were likely to have high digital competence.
Bol et al [27] found that those with a higher level of education
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were more likely to engage with mHealth interventions than
were those with a lower education level. A number of patient
participants for this present study had some preexisting medical
knowledge, which may also partly explain the relatively high
level of engagement.

call for a more targeted, multifaceted intervention to mitigate
the identified barriers affecting self-management. Our study
found that patients do indeed have an active interest in using
mHealth interventions to support their self-management of
hypertension, provided certain barriers can be overcome.

When the pros and cons of the 5 apps were assessed, 3 apps were
identified as being more suitable, with Cora rated the highest
in participants’ ratings. Patients and doctors liked these apps
because they combine intuitive interfaces with pleasant and
clear visual design, in-depth features (eg, color-coded feedback
accompanied with textual explanations), activity-specific
reminders, and educational content regarding hypertension and
potential complications. Apps are more likely to be used and
accepted if they include key components, such as pleasing
visuals and the facility to personalize, and if they offer other
broader functions, such as education [28]. Detailed features
allow users to tailor the app to their circumstances and needs,
and provide depth of information to support them [13]. Studies
have found that apps that are designed to be easy to use lower
the effort a user has to expend in using them [13,26], which
could explain why users did not prefer the more complex apps.
Our study’s findings are also in line with those of Leong et al
[29], who found that hypertension apps with an educational
component scored higher on the study’s quality checklist
compared with those that did not.

Previous research has shown that despite the many advantages
of using apps in supporting self-management, certain concerns
regarding their use persist, such as the accessibility and usability
of the app and the effectiveness of these tools [13,18,19]. Our
data are in line with these previous findings. Some participants
felt that apps could be a helpful tool and felt motivated by
functions that allowed them to track the entered data and their
progress over a long period of time. Both patients and doctors
raised concerns about the apps, including about the language,
with patients also raising concerns about the apps’ usability.
App developers should consider the cultural preferences of
target users (eg, language) and their technical preferences (eg,
ease of use) to ensure the acceptance of and engagement with
their apps in the future and to alleviate any hindrance affecting
the use of health apps [13].

Doctors and patients expressed somewhat different concerns in
identifying the most suitable apps, with doctors generally being
more concerned with medical accuracy and patients being
generally more concerned with usability, interface, and visual
design elements. This is similar to the findings of previous
research revealing that doctors and patients often showed
somewhat different priorities or preferences regarding mHealth
apps even if they agreed to some extent on which is the best
overall [30].
The self-management strategies identified in this present study
were largely in line with those identified by Barlow et al [31].
Patients try to adopt a variety of self-management methods to
stay healthy, such as self-monitoring BP and doing exercise.
However, they face difficulties and barriers that affect or delay
the adoption of these strategies. Lack of motivation, a busy life,
lack of knowledge, and forgetting, were found to be the most
common barriers to self-managing hypertension, which again
is in line with other studies, including those specific to the Saudi
context [6,30,32]. Although stress and anxiety have been
identified as 2 of the most common barriers to effective
self-management [6], these were not identified as significant
barriers in this study. This may be because the main focus of
approaches to self-management is on behavioral and medical
management, with less focus placed on assisting patients in
dealing with the emotional effects of chronic disease [33].
Participants may therefore not have been primed to discuss these
topics. A meta-review found supporting self-management
interventions with different components, including
self-monitoring BP and provision of information, could be
effective in controlling BP and improving adherence to adopted
strategies [34]. Khatib et al [6] indicated that the barriers patients
identified show that they have an interest in finding a solution
to effectively self-manage their hypertension, and these authors
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Previous research has found that doctors are in general less
positive than are patients regarding the use of mHealth apps
[35]. In this study, doctors were generally positive about the
prospect of their use. However, they were generally more
concerned than were patients about the credibility of the app
and patients’ ability to continue using it. They also questioned
whether older users, who they felt are less competent users of
the technology, can easily engage with these apps. Indeed, users’
continued or ongoing use of apps and the credibility of health
apps have become a major concern in recent years [13]. Vo et
al [13] have suggested that app credibility could be increased
if certain standards were developed to ensure that they only
provide accurate and evidence-based information. Age and
digital competence will become less of an issue as younger
users, who have been immersed in smartphone culture, carry
this competence with them into their old age. Meanwhile, the
provision of training for new or older users could further
mitigate these concerns [36,37].

Strengths and Limitations
The main strength of this paper lies in its development of a
rigorous selection approach to identify the most suitable
hypertension app(s), which has the potential to be transferred
to apps targeting other conditions and in different contexts.
There may be some limitations regarding the generalizability
of these results. The study used a self-selecting sample of
patients. Those who are more interested in and therefore
probably more competent with smartphone technology might
have been more likely to volunteer, and this might have
impacted the results. A number of the patient participants had
some preexisting medical knowledge, which may make the
findings less generalizable. The number of older participants
in the study sample was relatively low, which may further
impact the generalizability, especially since the majority of
those with hypertension are older people. The selection approach
focused on privacy, security, and theoretical underpinning
because these criteria were considered as the most important in
implementing and using interventions in the health care field.
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We did not consider other issues such as engagement due to the
lack of available information about them. Finally, because none
of the identified apps were available in Arabic, standardized
video presentations were used to demonstrate how the apps
worked, but this might have created a biased presentation of
the apps’ functionalities.

Alessa et al

Conclusions
This study found that only 5 apps out of 30 could be deemed
potentially effective and secure. It was also found that
participants were favorable toward the idea of using health apps
to aid in the self-management of hypertension. Through patients’
and doctors’ discussions of their pros and cons, 3 apps were
identified as more suitable than the others, with the Cora Health
app being the most suitable overall. In a next step, this app
should be evaluated for its usability and effectiveness.
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Abstract
Background: Women consult information in mobile apps (apps) during pregnancy, and even obstetrics specialists highlight
that pregnancy is the ideal moment for the use of apps as consultation sources. However, the high number of apps designed for
pregnancy requires a careful assessment to determine their suitability before recommendation.
Objective: The aim of this study is to identify the apps available in Spanish that can be recommended based on their content,
behavior change techniques (BCTs), and quality as a complementary tool during pregnancy.
Methods: A systematic search on app stores to identify apps was performed in the Apple App Store and Google Play with the
subject term “pregnancy.” The apps meeting the following criteria were chosen: pregnancy-related content, free, and available
in Spanish. An app was excluded if it was classified as a game or entertainment and thus lacking an educational or health aim
and if it did not target the population under study. The selected apps were downloaded, and their quality was assessed using the
Mobile Application Rating Scale (MARS), with the BCTs included evaluated using the BCT taxonomy version 1 and its content.
Results: A total of 457 apps were identified, 25 of which were downloaded for assessment (5.6%). The median for objective
and subjective quality was 2.94 (IQR 2.71-3.46) and 1.75 (IQR 1.25-2.25), respectively. Regarding content, the median of topics
included in the apps was 23 (IQR 16-23), with weight gain, nutrition, fetal development, and physical activity being the most
common. The median number of BCTs was 12 (IQR 0.5-3.5). The most frequently identified BCTs in the apps were
“Self-Monitoring of Outcomes,” followed by “Goal Behavior” and “Instructions.” Statistically significant correlations were
observed between objective quality and content (ρ=0.624; P=.001), subjective quality and content (ρ=0.638; P=.001), objective
quality and BCTs (ρ=0.672; P<.001), subjective quality and BCTs (ρ=0.623; P<.001), and BCTs and content (ρ=0.580; P=.002).
Conclusions: The results of this study suggest that only a small percentage of free pregnancy apps available in Spanish should
be recommended. The apps with the best MARS scores were those that addressed a higher number of topics and included a higher
number of BCTs. Those with the best content and quality, and a higher number of BCTs included could be recommended by
health professionals.
(JMIR Mhealth Uhealth 2021;9(11):e27995) doi:10.2196/27995
KEYWORDS
pregnancy; mobile apps; behavior; technology assessment, biomedical; telemedicine
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Introduction
It is estimated there are more than 360,000 pregnancies each
year in Spain, with the median age of pregnant women being
approximately 32 years [1], which implies that there is a
generation used to digital technology [2]. This characteristic,
as well as the need to obtain information, can influence the use
of mobile apps as a source of information [3]. Recent studies
suggest that apps are more frequently consulted during
pregnancy to look up different types of information, such as
behavior or body changes [4].
Off-site health care, mediated by digital technology, has
emerged in the past years in obstetrics and gynecology [5].
According to Greiner [6], for the use of this technology to be
successful, it must address the values and interests of all parties
involved in said use. For example, and specifically related to
apps, pregnant women value very highly the inclusion of
evidence-based information, experts’ opinions, and personalized
tips in the app [4]. Therefore, the literature should highlight the
importance of selecting appropriate behavioral change
techniques (BCTs) in interventions with pregnant women, as
not all interventions are equally effective [7]. There are several
claims for the integration of apps as pregnancy-monitoring tools.
For one, women usually respond quite positively to this
integration, and they highlight the empowerment derived from
these tools [3]. For another, some authors suggest that pregnancy
is the best clinical time to use digital technology in terms of
benefits [8]. Finally, there is an abundance of obstetrics and
gynecology apps [9], and more specifically pregnancy apps
[10].
This last aspect can also have a negative side that therefore must
be considered. Carter et al’s [11] review highlights the benefits
of apps in the support of decision-making during pregnancy,
but it also highlights a lack of rigorous evaluation reports about
the use and content of the apps. According to this, inappropriate
app usage could harm the woman or the fetus.
This calls for a review and assessment of apps before
recommendation, and while there are no specific criteria to
unequivocally identify which elements in the app to assess [12],
previous reviews of apps suggest assessing at least content,
quality, and BCTs. There are several studies that have assessed
these parameters in pregnancy apps in other languages [13,14],
but no other study presenting the results of an assessment of
apps available in Spanish has been found. Therefore, the
objective of this study is to identify which apps available in
Spanish can be recommended based on their content, quality,
and BCTs as a complementary tool during pregnancy.

Methods
Study Design
This review used a step-by-step systematic approach that
included 2 steps: (1) identifying and selecting the apps with the
function of “pregnancy monitoring” available in the Apple App
Store and Google Play (Android) between November 2020 and
December 2020; and (2) assessing their quality, content, and
BCTs.
https://mhealth.jmir.org/2021/11/e27995
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Step 1: Selection of Smartphone Apps
Our methods sought to replicate the way a patient might access
a pregnancy app. Searches were performed in the Apple App
Store and Google Play Stores using the word “pregnancy” in
both stores. The searches were performed using an iPad Air
(fourth generation; Apple Inc) and a Samsung Galaxy Tab A6
(Samsung Electronics Co, Ltd).
A first review of the apps based on their description in the digital
stores was carried out. The apps meeting the following criteria
were selected: content related to pregnancy, free, and available
in Spanish. Apps were excluded if they were classified as a
game or entertainment and therefore had no educational or health
aim, or if they did not target the population under study
(pregnant women).
The apps meeting the criteria specified above were downloaded,
and a second review was carried out based on app usage. The
same inclusion and exclusion criteria were used for the final
selection, with malfunctioning or not working incorporated as
exclusion criteria. The apps selected were labeled as
recommended, and their quality, content, and BCTs were
assessed.

Step 2: Assessment of Smartphone Apps (Quality,
Content, and Techniques)
Quality Assessment
The objective and subjective quality of each app was assessed
by consensus between 2 researchers (RMP and MFA) using the
Spanish version of the Mobile Application Rating Scale (MARS)
[15]. This tool was chosen because of the good metric qualities
of both its original English version and its Spanish adaptation
(internal consistency α>.77; temporal stability r>0.72; interrater
reliability >0.76) [16]. MARS has been validated for its use in
health apps, and it has been used in several studies related to
our research focus, such as specific nutrition apps for pregnancy
[13,14,17]. MARS includes 23 items distributed in 2 subscales,
objective quality (19 items distributed in 4 dimensions:
engagement, functionality, esthetics, and information quality)
and subjective quality (4 items), and 6 specific and independent
items for health apps (awareness, improvement of knowledge,
improvement of behaviors, change intention, social support,
and behavior change). All items are rated on a 5-point scale (1,
inadequate; 2, poor; 3, acceptable; 4, good; 5, excellent) with
possible total scores being 1 to 5 for objective, subjective, and
specific items. Mean scores were calculated for each domain
(engagement, functionality, esthetics, and information), and
overall app quality was calculated by averaging the aggregated
mean for all domains [15].

Content Assessment
A content analysis strategy was developed by a researcher
(AMM) with the aim of reviewing which pregnancy topics each
app could address, and a thematic content analysis was
developed. Finally, the content identified related to the target
of our study was classified into categories.
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Assessment of BCTs

Data Analysis

The BCTs included were evaluated independently by 2
researchers (RMP and MFA). No major differences were
observed between both researchers, and the final BCTs included
were accorded by consensus. A behavioral change technique
was only coded when there was clear evidence of its inclusion
in the app. The behavioral change techniques used in each app
were assessed using the BCT taxonomy version 1 (BCTTV1),
which was originally developed by Michie et al [18] and has
been shown to be a comprehensive, valid, and reliable approach
for assessing techniques for changing behavior in pregnancy
apps [7]. Scheoppe et al [19] and Martín-Payo et al [20] have
applied a dichotomous scoring system to BCTs to indicate the
absence (absence=0) or presence (presence=1) of each
technique, permitting a total BCT score per app (possible score
0-93) to be generated.

Total scores, median, and IQR for each app on each domain of
the MARS and the BCTTv1 were calculated. To determine if
there was any relationship between app quality, BCTs, and
content, Spearman’s rank correlation was used to determine any
associations between MARS total scores, the number of topics,
and BCTs. All statistical analyses were conducted using SPSS
version 24.0 (IBM Corp) with significance levels set at a P
value <.05.

Results
A total of 220 apps were identified in the Apple store, and 237
were identified in the Google (Android) app store; of these apps,
71.8% (n=158) and 67.9% (n=161) were excluded, respectively,
for not meeting inclusion criteria. More specifically, 27 were
duplicates, and 111 were downloaded, of which 77.4% (n=87)
were excluded, with 25 (5.6%) apps retrieved for quality,
content, and BCT assessment (Figure 1).

Figure 1. Flowchart of the app search process.

Quality Assessment

emphasis on functionality. The median for the specific part was
lower than that for quality (Table 1).

The median in the different MARS dimensions was superior
for objective quality than it was for subjective quality, with
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Table 1. Mobile Application Rating Scale for app quality assessment (range 1 to 5).
Characteristic

Value, median (IQR)

Objective quality

2.94 (2.71-3.46)

Engagement

2.60 (2.20-3.60)

Functionality

4.00 (4.00-4.00)

Esthetics

3.00 (2.67-3.67)

Information

2.60 (2.00-3.00)

Subjective quality

1.75 (1.25-2.25)

Would recommend

2.00 (1.00-2.00)

Use after 12 months

2.00 (1.00-3.00)

Payment required

1.00 (1.00-1.00)

Rating

2.00 (1.00-3.00)

Awareness

2.00 (1.00-2.00)

Knowledge

2.00 (2.00-3.00)

Behavior

1.00 (1.00-3.00)

Change intention

2.00 (1.00-3.00)

Social support

2.00 (2.00-3.00)

Behavior change

1.00 (1.00-3.00)

Content Assessment

pregnancy.” The lower number of topics included in an app was
11 and the highest was 28 (Table 2).

A total of 28 topics were identified (Multimedia Appendix 1)
with the median being 23 (IQR 16-26). The more frequent topics
included in the apps were “weight gain,” “balanced diet,” “fetal
development,” “physical exercise,” and “changes during

Positive and significant correlations were observed between the
MARS scores and the total number of topics included (Table
3).
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Table 2. Number of topics included in each app.
App

Topics included in the app, n

Seguidor de mi embarazo: Preglife

24

Mi embarazo semana a semana en español

25

Mi Embarazo día a día

21

Mi embarazo día a día: Semanas de embarazo español

25

Embarazadas primerizas

15

Guía para Embarazadas Primerizas Gratis

21

Embarazo Mes a Mes

18

Tu Embarazo Semana a Semana

25

Mi EMBARAZO por SEMANAS Calendario Maternidad

21

Embarazo semana a semana español días y meses

11

Embarazo semana a semana español

17

Cuidados en el Embarazo

11

Embarazo saludable

14

Mi embarazo como prepararse día a día

11

Embarazo +

27

Babycenter

27

iNatal

28

Embarazo Semana a Semana app

26

Embarazo. Sprout

24

Tu Embarazo

20

Mi embarazo Doctissimo

26

Yo Embarazo Ribera Salud

13

Gestavida

27

Embarazo Óptimo

28

Mi embarazo al día

23

Table 3. Correlation between Mobile Application Rating Scale scores and total topics included in the apps.
Characteristic

Correlation of total of topics included in the app, ρ

P value

Objective quality

0.624

.001

Subjective quality

0.638

.001

Awareness

0.537

.006

Knowledge

0.727

<.001

Behavior

0.539

.005

Change intention

0.565

.003

Social support

0.684

<.001

Behavior change

0.734

<.001

BCT Assessment
A total of 12 different BCTs were identified, with a median of
2 (IQR 0.5-3.5).

The Spearman correlation analysis showed a significant and
direct association between the number of BCTs included in the
app, their quality, and the number of topics addressed (Table
5).

The most frequently identified BCTs in the apps were
“Self-Monitoring of Outcomes,” followed by “Goal Behavior”
and “Instructions” (Table 4).
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Table 4. Percentage of apps that included each BCT

a

BCTsa

Apps that included each BCT, n (%) (N=25)

Self-monitoring of outcomes of behavior

11 (44)

Goal-setting behavior

10 (40)

Prompts/cues

9 (36)

Instruction on how to perform a behavior

9 (36)

Action planning

6 (24)

Goal setting outcome

6 (24)

Social support unspecified

5 (20)

Demonstration of the behavior

4 (16)

Self-monitoring of behavior

2 (8)

Credible source

1 (4)

Graded tasks

1 (4)

Monitoring of emotional consequences

1 (4))

BCT: behavior change technique.

Table 5. Correlation between Mobile Application Rating Scale scores and total number of topics included in the apps with BCTs.

a

Characteristic

Correlation of number of BCTsa included in the app, ρ

P value

Objective quality

0.672

<.001

Subjective quality

0.623

<.001

Awareness

0.510

.009

Knowledge

0.588

.002

Behavior

0.654

<.001

Change intention

0.572

.003

Social support

0.520

.008

Behavior change

0.668

<.001

Total number of topics included in the app

0.580

.002

BCT: behavior change technique.

Discussion
Although many hundreds of pregnancy apps are commercially
available, of those retrieved in this study, only 25 contained
potentially suitable pregnancy-specific content to be
recommended to pregnant women. This means that, according
to the criteria used by the researchers based on quality and
content, approximately 5.5% (25/457) of the apps could be
recommended. Previous studies have drawn similar conclusions
and highlight that not all obstetrics-gynecology commercialized
apps can be recommended [21,22] as similar percentages have
been observed in other studies despite different selection criteria
being used [23].
Although popular app ratings in some digital shops can be useful
on some occasions, they are not free from manipulation, and
market research suggests that more than half of the reviews on
iOS for apps are fake [23]. For this reason, and considering the
results obtained, we consider that health apps must be more
rigorously evaluated.
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There is a previous study in which the MARS was used to
evaluate apps specifically designed for pregnancy in Australia
[14]. Although the scores in our study cannot be directly
compared with the ones in the Australian study, it can be
confirmed that the quality of the apps evaluated was similar to
the quality observed in our study. The use of the MARS provides
important information about the app’s usability or user
satisfaction, which is a side of apps usually ignored in health
contexts but one that remains essential for the app’s feasibility
and the effectiveness of its use. Other studies have found the
users’ star rating to be an indicator of satisfaction, suggesting
it as a predictor for app download and usage [24]. In general,
the majority of the apps seem to work properly according to the
objective quality scores (engagement, functionality, esthetics,
and information) but not according to subjective quality scores.
This may be related to the characteristics of the items that
compose the app. For example, “using the app after 12 months”
does not apply considering the planned used of the app, as
pregnancy is shorter. On the other hand, the dislike for the “pay
for the use of the app,” which obtained the lowest score, can be
attributed to the characteristics of the Spanish health system,
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as a great part of the population perceives health care as free,
and therefore, any payment related to health services is not
popular.
The most common contents in the majority of apps were related
to “weight gain,” “nutrition,” “fetal development,” “physical
activity,” and “changes during pregnancy,” and they tended to
include self-monitoring and goal-setting behaviors. The
inclusion of these topics in the apps can be potentially
considered as very effective. Adoption of healthy behaviors
during pregnancy can potentially improve maternal and child
health. Adverse perinatal health outcomes are associated with
maternal risk factors that may be modifiable through changes
in maternal behavior [25,26]. Previous studies show that the
use of apps has been effective in the improvement of women’s
knowledge or even in the promotion of healthy behaviors such
as physical activity [27] or healthy eating [28]. Overdijkink et
al [29] reached the same conclusion and highlighted the positive
influence of using apps for gestational weight gain and increased
vegetable and fruit intake, among others. Being able to
recommend trustworthy apps as pregnancy tools may contribute
to helping those population groups previously described by
some authors as “at risk” due to their difficulties in adhering to
behavioral recommendations [30].
This study discovered that generally a limited number of BCTs
are used in apps specifically designed for pregnancy. The
number of BCTs identified is consistent with the number
identified by Brown et al [13], and it is superior to the number
identified by Musgrave et al [14], at 11 and 5 BCTs,
respectively. The consistency of results is not limited to the
number of BCTs but also applies to the BCTs included despite
the use of different taxonomies. As some authors suggest, the
inclusion of BCTs contributes to improving the potential to
promote behavior change [31]. This probably justifies the
employment of different BCTs in digital behavior change
interventions [32]. In this sense, Webb et al [33] conclude that
the inclusion of BCTs is linked to the efficacy of interventions
in which digital resources are used, a possible motivator for the
potential incorporation of more specific BCTs by app
developers. From a behavioral point of view, it makes sense to
include more appropriate BCTs depending on the objectives
[31]. However, it has been observed that a considerable number

Muñoz-Mancisidor et al
of apps do not include BCTs. In the literature consulted, these
apps do not seem to be the more effective, and thus performing
more analytical studies to prove this hypothesis appears
warranted.
The results of this study are therefore extremely useful for
clinical practice. As presented, apps specifically designed for
pregnancy can be very positively evaluated by health
professionals and more specifically, by midwives, who monitor
low-risk pregnancies in the Spanish health system. Therefore,
while health professionals are essential for appropriate
pregnancy monitoring [34], apps can be used as complementary
care.
Finally, although different criteria could be used to assess and
evaluate the eligibility of the apps to be recommended [12], the
choice of content selection, MARS scores, and BCTs seem to
be adequate as a correlation has been observed among the 3
elements. This could suggest that a ranking could be established
for app recommendation, with those apps with better quality,
content, and BCTs scoring at the top.
Some limitations of this study should be noted. Our search was
restricted to free apps. This was deliberate because we did not
want to include those that would incur a cost to people. Another
possible limitation is related to the search strategy used. The
lack of standardized search terms may lead to the use of those
apps considered more adequate by the researchers according to
their own experience. Considering the dynamism of the app
market, it is possible that future searches will identify different
apps, and therefore some cannot be available for
recommendation. Finally, no previous research assessing the
effectiveness of apps could be found. Future research is needed
for assessment because health professionals might not prescribe
health apps due to distrust and a lack of knowledge about their
efficacy [35].
The results of this study suggest that only a small percentage
of free pregnancy apps available in Spanish should be
recommended. The apps with the best MARS scores were those
that addressed a higher number of topics and included a higher
number of BCTs.
Those with best content, quality, and a higher number of BCTs
included could be recommended by health professionals.
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Abstract
Background: People spend large parts of their everyday life using their smartphones. Despite various advantages of the
smartphone for daily life, problematic forms of smartphone use exist that are related to negative psychological and physiological
consequences. To reduce problematic smartphone use, existing interventions are oftentimes app-based and include components
that help users to monitor and restrict their smartphone use by setting timers and blockers. These kinds of digital detox interventions,
however, fail to exploit psychological resources, such as through promoting self-efficacious and goal-directed smartphone use.
Objective: The aim of this study is to evaluate the theory-based smartphone app “Not Less But Better” that was developed to
make people aware of psychological processes while using the smartphone and to support them in using their smartphone in
accordance with their goals and values.
Methods: In a randomized controlled trial, effects of a 20-day intervention app consisting of five 4-day training modules to
foster a goal-directed smartphone use were evaluated. In the active control condition (treatment as usual), participants received
a digital detox treatment and planned daily time-outs of at least 1 hour per day. Up to a 3-week follow-up, self-reported problematic
smartphone use, objectively measured daily smartphone unlocks, time of smartphone use, self-efficacy, and planning towards
goal-directed smartphone use were assessed repeatedly. Linear 2-level models tested intervention effects. Mediation models
served to analyze self-efficacy and planning as potential mechanisms of the intervention.
Results: Out of 232 enrolled participants, 110 (47.4%; 55 participants in each condition) provided data at postintervention and
88 (37.9%; 44 participants in each condition) at 3-week follow-up. Both conditions manifested substantial reductions in problematic
smartphone use and in the amount of time spent with the smartphone. The number of daily unlocks did not change over time.
Further, modelling changes in self-efficacy as a mediator between the intervention and problematic smartphone use at follow-up
fit well to the data and showed an indirect effect (b=–0.09; 95% bias-corrected bootstrap CI –0.26 to –0.01), indicating that
self-efficacy was an important intervention mechanism. Another mediation model revealed an indirect effect from changes in
planning via smartphone unlocks at postintervention on problematic smartphone use at follow-up (b=–0.029, 95% bias-corrected
bootstrap CI –0.078 to –0.003).
Conclusions: An innovative, theory-based intervention app on goal-directed smartphone use has been found useful in lowering
problematic smartphone use and time spent with the smartphone. However, observed reductions in both outcomes were not
superior to the active control condition (ie, digital detox treatment). Nonetheless, the present findings highlight the importance
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in promoting self-efficacy and planning goal-directed smartphone use to achieve improvements in problematic smartphone use.
This scalable intervention app appears suitable for practical use and as an alternative to common digital detox apps. Future studies
should address issues of high attrition by adding just-in-time procedures matched to smartphone users’ needs.
Trial Registration: German Clinical Trials Register DRKS00017606; https://tinyurl.com/27c9kmwy
(JMIR Mhealth Uhealth 2021;9(11):e26397) doi:10.2196/26397
KEYWORDS
problematic smartphone use; smartphone unlocks; smartphone time; behavior change; self-efficacy; action planning; digital detox;
time-out; randomized controlled trial

Introduction
After the first iPhone was released in 2007, smartphones have
become an integral part of people’s everyday life. Worldwide,
in 2021, 3.8 billion persons are using a smartphone [1] and
spend large parts of their leisure time with their smartphone
(eg, reading news, social media, chatting with friends [2]).
Smartphones are used for a variety of daily tasks, thereby
simplifying life in many ways. However, there is an increasing
scientific and public debate on problematic forms of smartphone
use [3]. Empirical findings show links of problematic
smartphone use with psychopathology, such as depression,
anxiety, stress, and sleep disturbances, as well as negative
physical consequences, such as forward neck posture and hand
dysfunction [4-7]. Problematic smartphone use can be defined
as the “inability to regulate one’s use of the mobile phone, which
eventually involves negative consequences in daily life” [8].
For instance, this “inability” or lack of control about one’s
smartphone use can manifest through habitual smartphone
checking [4], which occurs on average 88 times per day [9].
Due to high and increasing prevalence rates, problematic
smartphone use is considered to be an emerging public health
problem [10].
To reduce problematic smartphone use, behavioral approaches
focus on either complete abstention or moderating smartphone
use by cutting it down—so called digital detox interventions
[10]. Several technology-based solutions are available including
smartphone apps which help users to monitor and restrict their
use by setting timers and blockers. However, most apps lack a
psychological underpinning and have not been evaluated by
trial designs [10]. Another issue is that monitoring and
restrictions alone might not be sufficient as indicated by several
studies that examined digital detox interventions [11,12].
Empirical evidence shows that daily smartphone time-outs can
indeed lead to decreases of smartphone use [13]; however, there
are mixed findings regarding the effects on psychological
outcomes [12]. Whereas some studies reveal that digital detox
interventions are not related to psychological factors such as
well-being or cognitive performance [12], some studies show
even negative effects (eg, decreased life satisfaction, lowered
affect, or an increase in loneliness) [14-16]. Digital detox
interventions might not address useful psychological resources,
such as those that can promote a self-efficacious and
goal-directed smartphone use, which would be crucial to
achieving sustainable behavioral changes [17].
Psychological resources were addressed in an existing
group-based intervention app, which included self-monitoring,
https://mhealth.jmir.org/2021/11/e26397
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goal setting, social learning, and competition as active
ingredients [18]. Findings from this intervention study showed
that daily smartphone use in the intervention condition decreased
from 234 to 177 minutes and smartphone-related self-efficacy
beliefs were significantly promoted by the intervention [18].
Although these findings seem promising, more research is
needed to investigate the mechanisms of these kinds of
resource-oriented interventions. Given the previous literature,
it remains unclear whether psychological resources (eg,
self-efficacy) increased by such interventions would lead to
improvements in target outcomes such as problematic
smartphone use [4].
The intervention app “Not Less But Better” was developed
which focuses on the promotion of psychological resources for
goal-directed smartphone use within a 20-day program and is
tailored to individuals’ goals and values. The intervention offers
techniques grounded in cognitive behavior therapy, acceptance
and commitment therapy [19], and health behavior change
theories like the health action process approach (HAPA) [20,21].
Acceptance and commitment therapy involves allowing
unwanted thoughts, feelings, and urges to come and go without
struggling with them, and setting value-based goals and
achieving them. HAPA reflects a sequence of motivational and
volitional constructs, in particular self-efficacy and planning,
that are likely to support people in translating their behavioral
goals into action. Based on these theoretical frameworks, several
behavior change techniques (BCTs) [22]; that is, the smallest
units of interventions that can induce behavior change, are
applied by the intervention app. These BCTs include promoting
self-efficacy beliefs to use the smartphone in accordance with
personal goals (eg, focus on past success, BCT 15.3; or vicarious
reinforcement, BCT 16.3) and planning when, where, and how
to use the smartphone (ie, action planning, BCT 1.4) [22]. The
active control condition comprises a 20-day digital detox
intervention (ie, treatment as usual) with daily time-out
restrictions of at least 1 hour per day (eg, not using the
smartphone from 6 pm to 7 pm). This active control condition
is in line with common procedures used in digital detox
interventions [12,13].
The first aim of our study was to evaluate the effectiveness of
the intervention condition in decreasing problematic smartphone
use, daily smartphone unlocks (as an indicator for smartphone
checking), and time of daily smartphone use. Extending previous
studies on digital detox interventions [12], the second aim
explored the psychological mechanisms of the intervention
through comparison with the active control condition.
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In relation to the primary outcome, we hypothesized that
problematic smartphone use would show higher decreases in
the intervention condition than in the active control condition.

of the RCT, psychological well-being, are not reported. The
Ethics Committee of the Humboldt Universität zu Berlin granted
ethics approval for this study (registration #2019-14R1).

In relation to other outcomes, changes over time of 2 behavioral
indicators of goal-directed smartphone regulation were tested:
(1) the frequency of daily smartphone unlocks and (2) the time
of daily smartphone use. Persons in the intervention condition
received psychological strategies to use their smartphone when
in accordance with their goals, whereas persons in the active
control condition were restricted to not use their smartphone
within the self-set time-out interval. We hypothesized that daily
smartphone unlocks and time of daily smartphone use would
show reductions in both conditions and that no between-group
differences would be present (equivalence hypothesis).

Recruitment and Design

Regarding intervention mechanisms, possible pathways of how
the intervention condition is related to reductions in problematic
smartphone use via self-efficacy and planning of goal-directed
smartphone use and reduced smartphone unlocks (as an indicator
for smartphone checking behavior) were explored.

After downloading the study app and providing informed
consent, participants responded to the baseline questionnaire.
Subsequently, they were randomly assigned to either the
intervention (intervention=1) or active control condition
(control=0) using a simple (“flipping a coin”) randomization
procedure via a web-based tool. No blinding procedures were
used. Based on randomization and throughout the following 20
days (D; D1-D20), participants received daily app-based
sessions on goal-directed smartphone use in 5 modules each
spanning 4 days (intervention condition) or on defining daily
time-outs (active control condition).

Methods
Study and Approval
This study reports primary findings from an app-based,
2-condition, randomized controlled trial (RCT) on healthy
smartphone use among adults from the general population. The
preregistration for the RCT can be accessed at the German
Clinical Trials Register (DRKS00017606; date of registration:
August 9, 2019; first participant enrolled: October 9, 2019;
targeted sample size: 200). To provide a deeper focus on
smartphone-related outcomes and intervention mechanisms,
this paper reports findings on the primary outcome (problematic
smartphone use), whereas findings on the secondary outcome

Eligible participants were at least 18 years old, owned and used
a smartphone with an iOS operating system (minimum Apple
iPhone 5, iOS system 10+), and had sufficient visual ability and
skills to understand and complete the English language study
materials. Participants were recruited by using reactive strategies
such as flyers, online postings, and email lists. As an incentive
for study participation, participants took part in a lottery of 4
online shopping vouchers worth €25 (US $29) each and received
course credits if needed. Data collection ranged between October
2019 and December 2019.

Throughout the 20-day intervention period, participants
completed brief questionnaires on D4, D8, D12, D16, and D20,
corresponding to the completion of the 4-day modules from the
intervention condition. Moreover, participants responded to
longer questionnaires at postintervention (D21) and at a 3-week
follow-up (D42; Figure 1). Multimedia Appendix 1 (Figure S1)
provides a Consolidated Standards of Reporting Trials
(CONSORT) flow diagram.

Figure 1. Study design with measurement points and 20 daily sessions of the intervention and active control conditions.

Intervention
To foster usability and acceptability, the development of the
content in the intervention condition followed a user-centered
design and person-based approach [23,24]. Initially, a large pool
https://mhealth.jmir.org/2021/11/e26397
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of brief daily exercises was developed based on elements used
in cognitive behavior therapy, acceptance and commitment
therapy16, and behavior change interventions [22]. The pool of
exercises was tested with a total of 44 volunteering smartphone
users. Moreover, guidance from 7 experts was received, which
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resulted in a final set of 20 exercises. The material of 5 out of
20 daily exercises (duration: 2 to 10 minutes per day) from the
intervention app can be found in Multimedia Appendix 2 and
3.
The five 4-day modules were the following: Observe (D1-D4),
Reflect (D5-D8), Vision (D9-D12), Plan (D13-D16), and
Support (D17-D20). In the Observe module, participants
observed their physical reactions (eg, posture, impulses of
checking behavior) to the smartphone in exercises on impulse
control and mindfulness. The Reflect module included
educational elements regarding a better understanding of
habitual and problematic forms of participants’ smartphone use
[10]. In the Vision module, smartphone-related exercises on
mindfulness, value-related committed action [19], and
goal-setting were conducted [20]. The Plan module focused on
strategies toward goal-directed smartphone use, such as
developing if-then plans on when, where, and how to use the
smartphone (action planning) or executing alternative behavioral
responses in critical situations (coping planning) [25]. In the
Support module, practical tips to support sustainable behavior
change (eg, redesign of the home screen) were provided.
Similar to earlier digital detox intervention studies [12],
participants in the active control condition received a daily
time-out treatment. Across the intervention phase (D1-D20),
they were asked to plan a smartphone time-out of at least 1 hour
within the next 24 hours. Participants could freely choose
whether and how long they executed their planned smartphone
time-out; that is, nonaccess to the smartphone was not
technically enforced.

Measures
Problematic Smartphone Use
As the primary outcome of the RCT, self-reported problematic
smartphone use was measured with 8 items from the Mobile
Phone Problem Use Scale [26]) at baseline, postintervention
(D21), and follow-up (D42). Items such as “In the past 7 days,
I felt anxious if I have not checked for messages or switched
on my smartphone for some time” or “In the past 7 days, I have
been told that I spend too much time on my smartphone” were
answered on a 6-point scale (1=”not at all true” to 6=”exactly
true”). Internal consistency across measurement points and
conditions ranged between Cronbach’s α=.68 and α=.88.

Daily Smartphone Unlocks and Daily Minutes of
Smartphone Use
The frequencies of daily smartphone unlocks and daily minutes
of smartphone use from the previous 7 days were assessed by
asking participants to transfer objectively measured values from
the iOS app “Screen Time” (on iOS phones by default) into the
study app. At baseline, postintervention, and follow-up,
participants responded to the items “What is your average daily
number of unlocks of the last 7 days?” (daily smartphone
unlocks) and “What is your average screen time per day of the
last 7 days?” (daily minutes of smartphone use). Univariate
outliers (z>3.29) of smartphone unlocks and minutes per day
were winsorized to 1 unit higher than the next highest value in
the distribution [27].
https://mhealth.jmir.org/2021/11/e26397
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Planning and Self-Efficacy Toward Goal-Directed
Smartphone Use
Participants responded to items on planning and self-efficacy
toward goal-directed smartphone use on a 6-point scale (1=”not
at all true” to 6=”exactly true”) at baseline and throughout the
intervention period on D4, D8, D12, D16, and D20. With the
instruction “Please refer to today and the past 3 days,” responses
referred to days when respective modules were conducted in
the intervention condition. Planning and self-efficacy items
were adapted from scales that were previously validated in
various health behavior settings (eg, dietary behavior, physical
activity) [28].
Self-reported planning of goal-directed smartphone use was
measured with 5 items using the stem “I have made a detailed
plan regarding…” followed by statements such as “when to use
my smartphone consciously (eg, “on the way to work)”.
Self-reported self-efficacy toward goal-directed smartphone use
was assessed using 3 items with the stem “I am confident that
I can…” followed by statements such as “I use my smartphone
consciously even if I first have to find a way to integrate this
into my daily routine.” Across measurement points and
conditions, the internal consistency of the planning scales ranged
between Cronbach’s α=.87 and α=.97, whereas self-efficacy
scales showed a range of Cronbach’s alpha between α=.84 and
α=.95.

Perceived Impact of the 20-Day Program and Covariates
To evaluate intervention fidelity, perceived impact of the 20-day
program was measured at postintervention using an adapted
version (eg, “The app increased my intentions/motivation to
address my smartphone use”) of a validated scale developed to
assess the quality of mobile health apps [29]. Internal
consistency of the 6-item perceived impact scale was α=.87 in
the intervention and α=.91 in the active control condition.
The list of covariates comprised participants’ sex, baseline age,
smartphone-related action control (scale adapted; eg, “I have
tried hard to use my smartphone consciously” [30]), and
problematic smartphone use. As a result of attrition analyses
(see the Results section), the latter 3 measures were added to
the list of covariates to control for selective attrition [31].

Statistical Analysis
Power analysis with G*Power version 3.1 revealed that 34
participants per group would be needed to detect a significant
within-between interaction (f=0.25) in problematic smartphone
use (α=.05, power=0.80, and r=0.40 among repeated measures
[26]) across 3 assessments.
Data were analyzed based on the intention-to-treat approach.
For applied analyses, Mplus 8 and its full information maximum
likelihood procedure were used to account for missing data [32].
Linear 2-level models with 3 time points (D1, D21, and D42;
within level) nested in participants (between level) were
computed (for a conceptual model see Figure S2, Multimedia
Appendix 1). For problematic smartphone use as the outcome
(model A), time (linear day trend, centred at 0) x experimental
condition (0=active control condition; 1=intervention condition)
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interactions were estimated. For daily smartphone unlocks and
daily time of smartphone use as outcomes, the equivalence
hypothesis was tested by comparing a null model (ie, with the
day trend as predictor; model B and model C) with a nested
alternative model (ie, with addition of the condition and the
linear day x condition interaction as predictors). Using
log-likelihood parameters of both models, a chi-square
difference test was run [33]. A nonsignificant chi-square value
would indicate that the null model was better fit to the data,
confirming the equivalence hypothesis. Moreover, grand-mean
centered covariates were added as between-level predictors.
Unless models did not converge, the linear day trend and the
linear day trend x experimental condition interaction were
modeled as random effects predictors [34].

and t tests, followed by logistic regressions) using the
experimental condition variable as the outcome revealed no
unique between-condition differences in baseline variables,
pointing to a successful randomization.

Regarding mediation models, a simple mediation model (model
A) was specified, in which self-efficacy toward goal-directed
smartphone use was a putative postintervention (D20) mediator
between experimental conditions and follow-up problematic
smartphone use (D42). By using the measure of self-efficacy
on D20, the effects of all sessions of the active control and
intervention conditions on changes in self-efficacy were tested.
In a second mediation model (model B), planning toward
goal-directed smartphone use and the frequency of smartphone
unlocks were tested as putative sequential mediators between
experimental conditions and follow-up problematic smartphone
use (D42). To assure temporal order of the sequential mediators
planning and unlocks (at postintervention; D21), planning
reports on D16 and D20 were used to compute a mean score,
reflecting planning levels that referred to the days of the fourth
and fifth module. In each mediation model, we controlled for
the set of covariates and for baseline levels of the mediators and
outcome. Model fit was evaluated using the χ2 test statistic, the
comparative fit index (CFI), root mean square error of
approximation (RMSEA), and the root mean square residual
(SRMR), with nonsignificant P values of the χ2 test, CFI levels
>0.95, and RMSEA and SRMR levels <0.05 indicating good
fit [35]. The 95% bias-corrected bootstrap CIs (CIbc) of direct
and indirect effects were generated by bootstrapping with 5000
resamples.

To examine attrition bias, χ2 tests, t tests, and logistic
regressions were performed across baseline variables as well
as baseline variable x experimental condition interactions, with
a dummy-coded attrition variable (0=dropped out; 1=remained
in the study) as the outcome. A significant, unique difference
emerged for age (dropped out: mean 31.11 years, SD 8;
remaining in the study: mean 27.28 years, SD 7.7), baseline
problematic smartphone use (dropped out: mean 3.74, SD 0.77;
remaining in the study: mean 3.44, SD 0.75), and baseline action
control (dropped out: mean 2.21, SD 1.01; remaining in the
study: mean 2.55, SD 1.08). This indicates that participants in
the longitudinal sample were younger and demonstrated lower
problematic smartphone use and higher action control at baseline
when compared to those who dropped out. Subsequent analyses
therefore controlled for attrition variables of age, problematic
smartphone use, and action control [31].

Results
Sample Characteristics, Randomization, and Attrition
Check
Randomization to the 2 experimental arms was based on 232
enrolled individuals (205 women, 23 men, 1 diverse, 3 missing
values) with a mean age of 29.62 years (SD 8.09, range 18-60
years). Further baseline sample characteristics are displayed in
Multimedia Appendix 1 (Table S1).
After providing informed consent and responding to the baseline
questionnaire, 114 participants were assigned to receive the
intervention on goal-directed smartphone use, and 118
participants were assigned to receive the time-out treatment in
the active control condition on D1. A randomization check (χ2

https://mhealth.jmir.org/2021/11/e26397

XSL• FO
RenderX

A subsample of 110 (47% out of 232; n=55 in each condition)
participants provided data at postintervention, and 88 (38% out
of 232; n=44 in each condition) participants did so at the
follow-up. Attrition rates within the range of this study are
normal for online interventions because researchers do not have
much control over the attrition of anonymous participants [36].
Participants from the longitudinal sample (n=88) showed a high
response rate to questionnaires between D1 and D42 with a
mean response rate of 93% (7.47 out of 8 assessments; SD 0.96,
range 4-8).

User Engagement and Perceived Impact
Regarding user engagement of the total sample (N=232),
participants executed on average 11.34 (SD 7.87) daily time-out
sessions in the active control condition compared to 12.84 (SD
7.41) daily exercise sessions in the intervention condition (Table
S2, Multimedia Appendix 1). No between-conditions differences
were found (F1,230=2.24; P=.14; η2=0.01). A high user
engagement across those who were retained for analyses on
D21 (n=110) was found, with an average completion rate of
93% of the sessions (18.64 out of 20; SD 3.42) in the active
control condition and 97% of the exercises (19.40 out of 20;
SD 1.55) in the intervention condition. Between-condition
differences in postintervention levels of perceived impact
revealed that participants reported a higher impact of exercises
in the intervention condition (mean 4.88, SD 0.80) as opposed
to the active control condition (mean 3.76, SD 1.21;
F1,101=30.53; P<.001; η2=0.23).

Changes in Study Outcomes Over Time
In a first step, mean levels of problematic smartphone use
(Figure 2) and additional study variables (Figure S3, Multimedia
Appendix 1) over time and across both conditions were
visualized.
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Figure 2. Mean levels of problematic smartphone use in both experimental conditions up to the follow-up. D: study day.

In the 2-level model with problematic smartphone use as the
outcome, a negative linear day prediction was found, indicating
that problematic smartphone use decreased over time in the
active control condition (Table 1; model A: b=–0.04; 95% CI
–0.04 to –0.03; intraclass correlation [ICC]=0.21). Not in line
with our hypothesis on the primary outcome, the nonsignificant
linear day x condition prediction indicated that problematic
smartphone use showed a similar decrease over time in the
intervention (vs control) condition. Descriptive analyses (Table
S2; Multimedia Appendix 1) showed that problematic
smartphone use changed from mean 3.60 to mean 2.30 in the
active control condition (ie, a decrease of 36%) and from mean
3.65 to mean 2.12 in the intervention condition (ie, a decrease
of 42%) throughout the intervention period.
Moreover, daily smartphone unlocks did not change over time
(model B: b=–0.13; 95% CI –0.29 to 0.03; ICC=0.65), whereas
daily time of smartphone use decreased over time (model C:
b=–0.77; 95% CI –1.12 to –0.43; ICC=0.67). In the testing of
the equivalence hypothesis, alternative models with the
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intervention condition variable as an additional moderator did
not yield a better fit to the data when compared to null models
(model B: Δχ23.15, Δdf=4, P=.53; model C: Δχ22.14, Δdf=4,
P=.71) [33]. In the alternative models, linear day trend x
condition interactions were nonsignificant predictors of daily
smartphone unlocks (b=–0.15; 95% CI –0.49 to 0.20) and daily
time of smartphone use (b=0.36; 95% CI –0.32 to 1.05). This
indicates that the intervention condition showed similar patterns
of change over time in daily smartphone unlocks and daily time
of smartphone use when compared to the active control
condition.
Regarding significant predictions of covariates, daily smartphone
unlocks were more likely when participants reported higher
levels of problematic smartphone use at baseline or when they
were younger or male; note that only a small group of men
(n=23) participated in the RCT. Moreover, a longer duration of
smartphone use was more likely when participants reported
higher levels of action control and problematic smartphone use
at baseline.
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Table 1. Estimates for 2-level models predicting changes in study outcomes up to a 3-week follow-up (N=228).
Predictors

Model Aa: problematic smartphone use

Model Bb,c: smartphone unlocks per day Model Ca,c: smartphone use (minutes per day)

b

95% CIBCd

b

95% CIBC

b

95% CIBC

3.54 e

3.39 to 3.70

77.94

72.70 to 83.19

219.94

208.67 to 231.22

Intervention (vs active 0.01
control)

–0.19 to 0.21

N/Af

N/A

N/A

N/A

Linear day trend

–0.04 to –0.03

–0.13

–0.29 to 0.03

–0.77

–1.12 to –0.43

Linear day trend x in- –0.01
tervention

–0.01 to 0.01

N/A

N/A

N/A

N/A

Age

–0.01

–0.01 to 0.01

–1.04

–1.86 to –0.23

–1.16

–2.51 to 0.19

Sex (0=female;
1=male)

–0.09

–0.36 to 0.18

27.66

6.43 to 48.89

7.81

–23.15 to 38.77

Acton control at base- –0.05
line

–0.15 to 0.04

–1.01

–5.18 to 3.16

11.31

2.17 to 20.46

PSUg at baseline

N/A

10.99

4.98 to 17.00

42.60

30.76 to 54.45

Fixed effects
Intercept at baseline

–0.04

N/A

Random effect variances
Level 2 (between person)
Intercept

0.25

0.10 to 0.39

1014.34

518.36 to 1510.32

3938.15

2432.40 to
5443.91

Linear day trend

0.01

–0.01 to 0.01

0.06

–0.46 to 0.58

0.15

–1.26 to 1.56

0.33 to 0.48

564.95

331.07 to 798.83

2205.84

1372.03 to
3039.64

Level 1 (within person)
Residual variance 0.41

a

Based on 684 observations.

b

Based on 683 observations.

c

Based on the equivalence hypothesis, this model was estimated without a linear day x intervention moderation.

d

CIBC: bias-corrected bootstrap CI.

e

Italics indicate significant fixed effects predictions.

f

N/A: not applicable.

g

PSU: problematic smartphone use.

A simple mediation analysis involving experimental conditions,
self-efficacy as the mediator at postintervention (D20), and
problematic smartphone use as the outcome at follow-up (D42)
was run (Figure 3). This mediation model including data from
231 participants fit well with the data (χ28=7.06, P=.53;
CFI=1.00; RMSEA <0.01; SRMR=0.03). The intervention (vs
active control) condition was positively related to changes in
self-efficacy at postintervention (b=0.43; SE=0.21; P=.04; 95%
CIbc 0.01-0.85) which, in turn, were negatively linked to changes
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in follow-up problematic smartphone use (b=–0.21; SE=0.08;
P=.01; 95% CIbc –0.36 to –0.05). The mediation yielded a
significant indirect effect of b=–0.09; 95% CIbc –0.26 to –0.01).
Thus, self-efficacy changes at the end of the intervention
translated into substantial reductions in problematic smartphone
use at 3 weeks following the intervention. Of the variance of
self-efficacy and problematic smartphone use, 16% and 27%
were accounted for by the joint set of predictors, respectively.
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Figure 3. Self-efficacy as a mediator between the intervention condition and problematic smartphone use (unstandardized coefficients).

A second mediation model was specified with planning after
the Plan module (D16 to D20) and smartphone unlocks at
postintervention (D21) as sequential mediators (Figure 4) that
fit well with the data (χ215=19.00; P=.21; CFI=0.98;
RMSEA=0.03; SRMR=0.05). No between-condition differences
for changes in planning were found (b=0.42; SE=0.25; P=.09).
Changes in planning across both conditions were related to
unlocks at postintervention (b=–6.22; SE=2.95; P=.04); that is,
with each unit of higher planning toward goal-directed
smartphone use, the frequency of smartphone unlocks decreased
by approximately 6 units per day. Moreover, changes in daily
smartphone unlocks across both conditions were significantly
related to problematic smartphone use at follow-up (b=0.005;
SE=0.002; P=.03). For the sequential mediation between
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intervention condition and problematic smartphone use via
planning and daily smartphone unlocks, the 95% CI included
0.000 (95% CIbc –0.050 to 0.000), whereas the 90% CI did not
include 0 (b=–0.012; 90% CIbc –0.043 to –0.002). When testing
the simple mediation between planning and problematic
smartphone use via daily smartphone unlocks, we found a
significant indirect effect (b=–0.029; 95%CIbc –0.078 to –0.003).
This indicates that higher levels of planning in both conditions
at the end of the intervention phase were associated with lower
daily smartphone unlocks which, in turn, were connected with
problematic smartphone use. The joint set of predictors
explained 11%, 37%, and 27% of the variance in planning, daily
smartphone unlocks, and problematic smartphone use,
respectively.

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e26397 | p.161
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Keller et al

Figure 4. Planning and smartphone unlocks as sequential mediators between the intervention condition and problematic smartphone use (unstandardized
coefficients).

Discussion
Principal Results
An innovative, theory-guided intervention app was field-tested
in an RCT by examining a sample of 232 participants up to a
3-week follow-up. The purpose of the app was to make people
aware of their (problematic) smartphone use and to support
them in establishing self-efficacious and goal-directed
smartphone use in their daily life.
The results indicated that the intervention app was useful in
lowering problematic smartphone use (primary outcome) as
well as time spent with the smartphone. However, observed
reductions in both outcomes were not superior to the active
control condition (ie, digital detox treatment).
Findings on reductions of problematic smartphone use in both
conditions are in line with previous evidence that interventions
on psychological resources [18], along with digital detox
interventions [37], can be beneficial for health-related outcomes.
The findings revealed selective attrition related to higher levels
of problematic smartphone use, and thus future interventions
targeting problematic forms of smartphone use should add
elements so that persons with severe smartphone-related issues
receive support matched to their needs. Other strategies to
prevent selective attrition in such online-based study designs
include scheduling reminders and following up participants
with lower study engagement using just-in-time messages or
phone calls [38]. Regarding the time of smartphone use, our
findings are consistent with evidence from interventions on
goal-directed smartphone use [18] and smartphone time-outs
https://mhealth.jmir.org/2021/11/e26397
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[13], thereby testing both forms of interventions concurrently.
Although planning a time-out of at least 1 hour, participants in
the active control condition reduced their smartphone time by
only 43 minutes per day (from 218 to 175 minutes per day;
Table S2, Multimedia Appendix 1). Possibly, participants did
not fully adhere to their time-out interval or compensated the
abstinence from the smartphone by, for instance, catching up
with new messages after their time-out [39]. Participants in the
intervention condition, who learned and exercised on
goal-directed smartphone use, reduced their smartphone time
by 32 minutes per day (from 228 to 196 minutes per day; Table
S2, Multimedia Appendix 1), an interesting finding given that
less smartphone use was not primarily focused on by the
intervention app.
To explain the observed changes in problematic smartphone
use, intervention mechanisms were systematically examined.
According to theories such as the HAPA model [21],
self-efficacy toward goal-directed smartphone use should play
a role in the process of behavior change. Similar to previous
evidence on resource-oriented interventions [18], the present
intervention was successfully fostering self-efficacy beliefs
which, in turn, are a relevant resource for reductions in
problematic smartphone use. The finding that fostering
self-efficacious smartphone use is important to improving
problematic smartphone use highlights how resource-oriented
interventions can even outperform common digital detox
interventions. Future interventions targeting problematic forms
of smartphone use should follow up on present evidence by
enabling persons to control their smartphone use by themselves.
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Moreover, precise planning on when, where, and how to use
one’s smartphone should also make a difference in behavior
change because habitual checking behavior might be reduced
[4]. Participants made plans on their smartphone use during the
fourth training module (after D13), which was related to
postintervention smartphone unlocks; that is, 1 unit of higher
planning was linked to a lower daily unlock frequency of 6
units. Planning of smartphone use might result in the planning
of smartphone sessions, in which persons take their time to use
their phone for current smartphone-related tasks or leisure time
activities. This, in turn, might reduce urges towards
smartphone-checking behavior and thereby reduce the amount
of unlocking of one’s phone. Moreover, the results indicate that
daily unlocks at postintervention were linked with problematic
smartphone use at follow-up. Next to addressing the time of
smartphone use, future research should additionally focus on
daily smartphone unlocks—as an indicator of checking
behavior—and link smartphone unlocks to clinical-, health-,
and work-related outcomes [4,40].
Overall, in terms of practical implications, the findings suggest
following up with the currently existing version of the app as
a means to change problematic smartphone use by scaling the
app.

Strengths, Limitations, and Future Research
This study has several strengths. A comprehensive 20-day
intervention app was evaluated by contrasting it with a
treatment-as-usual
control
condition
with
various
smartphone-related outcomes and testing intervention
mechanisms being examined. However, some limitations need
to be considered. First, the substantial reductions in problematic
smartphone use were confirmed at a 3-week follow-up, but one
cannot be sure whether there would be long-term maintenance
of the improved behavior. Second, the primary outcome was a
self-report assessment because objective data could not be
obtained for this criterion. Third, further smartphone-related
outcomes and mechanisms should be examined, such as
smartphone-related impulsivity or habitual smartphone use [4].
Fourth, although the intervention condition included
comprehensive theory-based content, this condition was not

Keller et al
found to be superior in the final evaluation compared to the
active control condition. Active control conditions benefit from
the attention they received from the researchers or the software,
and one can assume that volunteering participants come along
with a high level of curiosity and motivation to succeed.
However, a passive control condition was intentionally missing
in this research design. It should be noted that the effects of a
digital detox intervention, as opposed to a passive control
condition, were examined by prior research [13]. Fifth, regarding
sample characteristics, reactive recruitment procedures (eg,
online postings and email lists) resulted in high participation
rates of women and younger persons. Thus, associations of
study variables with gender and age should be interpreted with
caution. Moreover, the distribution of gender and age does not
allow for inferences regarding the general population to be
made. Further studies need to find representative samples for
defined populations, for instance, by using proactive recruitment
strategies. Finally, high attrition rates were observed, which is
a general issue in online-based research [36]. Future studies
could add just-in-time procedures matched to smartphone users’
needs to maintain user engagement [38].

Conclusions
An innovative, theory-based intervention app was successfully
evaluated as being capable of changing problematic smartphone
use. The app was found to be useful for lowering problematic
smartphone use and daily time spent with the device. However,
observed reductions in both outcomes were not superior to those
in the active control condition (ie, digital detox treatment). As
an intervention mechanism, the intervention condition developed
increased self-efficacy toward goal-directed smartphone use,
which was linked to a reduction in problematic smartphone use.
Further, planning of smartphone use at the end of the
intervention phase was connected with a lower frequency of
daily smartphone unlocks, which, in turn, was related to less
problematic smartphone use. Further research could build on
theories of behavior change and identify more psychological
intervention content to improve these types of intervention apps.
The app in its current form appears suitable for practical use as
an alternative to common digital detox apps.
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Abstract
Background: SMS text messages as a form of mobile health are increasingly being used to support individuals with chronic
diseases in novel ways that leverage the mobility and capabilities of mobile phones. However, there are knowledge gaps in mobile
health, including how to maximize engagement.
Objective: This study aims to categorize program SMS text messages and participant replies using machine learning (ML) and
to examine whether message characteristics are associated with premature program stopping and engagement.
Methods: We assessed communication logs from SMS text message–based chronic disease prevention studies that encouraged
1-way (SupportMe/ITM) and 2-way (TEXTMEDS [Text Messages to Improve Medication Adherence and Secondary Prevention])
communication. Outgoing messages were manually categorized into 5 message intents (informative, instructional, motivational,
supportive, and notification) and replies into 7 groups (stop, thanks, questions, reporting healthy, reporting struggle, general
comment, and other). Grid search with 10-fold cross-validation was implemented to identify the best-performing ML models and
evaluated using nested cross-validation. Regression models with interaction terms were used to compare the association of message
intent with premature program stopping and engagement (replied at least 3 times and did not prematurely stop) in SupportMe/ITM
and TEXTMEDS.
Results: We analyzed 1550 messages and 4071 participant replies. Approximately 5.49% (145/2642) of participants responded
with stop, and 11.7% (309/2642) of participants were engaged. Our optimal ML model correctly classified program message
intent with 76.6% (95% CI 63.5%-89.8%) and replies with 77.8% (95% CI 74.1%-81.4%) balanced accuracy (average area under
the curve was 0.95 and 0.96, respectively). Overall, supportive (odds ratio [OR] 0.53, 95% CI 0.35-0.81) messages were associated
with reduced chance of stopping, as were informative messages in SupportMe/ITM (OR 0.35, 95% CI 0.20-0.60) but not in
TEXTMEDS (for interaction, P<.001). Notification messages were associated with a higher chance of stopping in SupportMe/ITM
(OR 5.76, 95% CI 3.66-9.06) but not TEXTMEDS (for interaction, P=.01). Overall, informative (OR 1.76, 95% CI 1.46-2.12)
and instructional (OR 1.47, 95% CI 1.21-1.80) messages were associated with higher engagement but not motivational messages
(OR 1.18, 95% CI 0.82-1.70; P=.37). For supportive messages, the association with engagement was opposite with SupportMe/ITM
(OR 1.77, 95% CI 1.21-2.58) compared with TEXTMEDS (OR 0.77, 95% CI 0.60-0.98; for interaction, P<.001). Notification
messages were associated with reduced engagement in SupportMe/ITM (OR 0.07, 95% CI 0.05-0.10) and TEXTMEDS (OR
0.28, 95% CI 0.20-0.39); however, the strength of the association was greater in SupportMe/ITM (for interaction P<.001).
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Conclusions: ML models enable monitoring and detailed characterization of program messages and participant replies. Outgoing
message intent may influence premature program stopping and engagement, although the strength and direction of association
appear to vary by program type. Future studies will need to examine whether modifying message characteristics can optimize
engagement and whether this leads to behavior change.
(JMIR Mhealth Uhealth 2021;9(11):e27779) doi:10.2196/27779
KEYWORDS
mHealth; machine learning; chronic disease; cardiovascular; text messaging; SMS; digital health; mobile phone; engagement;
prevention

Introduction
Mobile health (mHealth) is increasingly being used to support
individuals with chronic diseases in novel ways that leverage
the mobility and capabilities of mobile phones [1]. Owing to
the global ubiquity of mobile phones, the predominant perceived
benefit of mHealth is the potential to rapidly scale and bridge
geographical, financial, and cultural access barriers to health
care and, thus, provide population health benefits. SMS text
message–based interventions, in particular, may have greater
potential for reaching lower-income groups and those with poor
health compared with smartphone app–based interventions [2].
There is evidence suggesting that SMS text message–based
interventions can result in improvement in multiple
behavior-related risk factors, including smoking, physical
activity, blood pressure, weight, and diabetes mellitus [3-7].
However, intervention effect sizes are modest, and the duration
of the effect is uncertain [8].
Understanding how SMS text message–based program content
affects participant replies may aid in optimizing future SMS
text message–based programs. For example, SMS text message
content that have been associated with premature program
withdrawal can be avoided, and content that participants engage
most with can be used more frequently. Engagement with
mHealth programs has been considered an important factor in
their effectiveness [9] and has been most commonly defined by
frequency (ie, how often contact is made) and dropouts [10,11].
However, there are knowledge gaps, including how to maximize
engagement with mHealth programs and whether mHealth
content affects engagement. Incorporating instructional behavior
change techniques within the mHealth program content, such
as action plans [12] and setting goals [13], may help promote
and sustain healthy lifestyle behaviors in patients with chronic
diseases, including cardiovascular disease (CVD). The degree
of interactivity (ie, 1-way vs 2-way flow of information) may
also affect engagement [14], although, to date, it is poorly
understood.
Our team has previously developed and supported patients with
SMS text message–based mHealth programs who have chronic
diseases, including CVD [15-18], diabetes [17], renal disease
[19], and chronic obstructive pulmonary disease [18]. Across
our programs, we developed a database of different SMS text
messages and participant replies. The first step in understanding
the complex interaction between mHealth content and participant
replies is to categorize message content into themes (ie, groups
of messages that share common features, such as reporting
struggle, or common goals, such as motivation). To do this
https://mhealth.jmir.org/2021/11/e27779
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manually is time consuming, not practicable, and would limit
scalability. As a solution, machine learning (ML) models can
be trained to automatically categorize text [20], potentially
saving time and resources, and is reproducible, improving the
scalability of the program. In addition, this would allow
contextualized assessment of participant replies (ie, assessment
of replies in context with the program message participants are
replying to) and engagement. Therefore, the aims of this research
are (1) to develop ML models to categorize program SMS text
messages and participant replies and (2) to examine whether
message characteristics were associated with premature program
stopping and engagement.

Methods
Study Population
We analyzed our combined communication logs from 3
Australian SMS text message–based digital health programs
(SupportMe, ACTRN12616001689460 [17]; TEXTMEDS (Text
Messages to Improve Medication Adherence and Secondary
Prevention), ACTRN12613000793718 [16]; and ITM
ACTRN12616001167459 [18]). In brief, with respect to the
original studies (Table 1), SupportMe was a 6-month
single-blinded, multicenter randomized controlled trial (RCT)
for participants from community and hospital settings with a
history of CVD or type 2 diabetes mellitus, and the primary
outcome was systolic blood pressure at 6 months [17]. The
TEXTMEDS study was a 12-month single-blinded, multicenter
RCT delivered to patients following an acute coronary
syndrome, with the primary end point being the percentage of
patients who are adherent to cardioprotective medications [16].
ITM was a 6-month multicenter, single-blinded RCT targeting
patients attending cardiac or pulmonary rehabilitation, with the
primary outcome being exercise capacity, as measured by the
6-minute walk test [18]. For both SupportMe [17] and ITM
[18], participants were not encouraged to reply to messages they
received (ie, 1-way communication), although they were still
able to reply, and replies were monitored. TEXTMEDS [16]
encouraged replies from participants (ie, 2-way communication)
and included the opportunity to liaise with a health counselor.
Analysis of SupportMe and ITM were grouped together and
referred throughout the manuscript as SupportMe/ITM, as both
programs were similar (1-way communication not involving a
health counselor) and recruited community and hospital
participants with stable chronic conditions compared with
TEXTMEDS (2-way with a health counselor and following a
hospital admission for an acute cardiovascular event). Despite
differences in the setting that participants were recruited from
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(ie, community vs hospital), the programs were delivered during
the stable chronic phase of the illness (ie, as an outpatient) to
deliver appropriate secondary prevention recommendations.
The TEXTMEDS and SupportMe studies had primary ethics
approval from the Western Sydney Local Health District Human
Research Ethics Committee (TEXTMEDS: HREC2012/12/4.1

(3648) AU RED HREC/13/WMEAD/15; SupportMe: AU RED
HREC/16/ WMEAD/331). The ITM study received primary
ethics approval from the Sydney Local Health District Hospital
Human Research Ethics Committee and associated governance
committees at the sites.

Table 1. SMS text message–based prevention programs for metabolic disease.
Project

Duration

2-way commu- Population
nication en-

Recruitment number

Number
of replies

courageda
Total
TEXTMEDSb
[16]

Lost to follow-up Withdrawn con- Deaths
sent

Yes

CVDc (recruit- 1424 (716 in
ed from hospi- intervention
arm; 1:1 allotal post-ACSd)
cation)

ITM (support for 6 months
patients with respiratory disease
and CVD via integrated SMS text
messaging) [18]

No

CVD and respiratory disease (recruited
from community with one
or more chronic conditions)

316 (236 in in- 26 (22 in interven- 19 (12 in intertervention
tion)
vention)
arm, 80 in
control arm;
3:1 allocation)

SupportMe (SMS 6 monthse
text messaging
support for patients with chronic disease) [17]

No

CVD and diabetes (recruited from community and
hospital with
one or more
chronic conditions)

902 (454 in in- 15 (9 in interven- 7 (4 in interven- 9 (5 in interven- 1298
tervention
tion)
tion)
tion)
arm; 1:1 allocation)

12 months

39 (9 in interven- 6 (1 in interven- 15 (10 in intertion)
tion)
vention)

2356

4 (3 in interven- 417
tion)

a

Two-way communication was possible with all the included SMS text message–based programs but only encouraged for TEXTMEDS (Text Messages
to Improve Medication Adherence and Secondary Prevention).
b

TEXTMEDS: Text Messages to Improve Medication Adherence and Secondary Prevention.

c

CVD: cardiovascular disease.

d

ACS: acute coronary syndrome.

e

A total of 7 patients in SupportMe at the conclusion of the 6-month intervention continued into a 6-month maintenance phase, which consisted of
receiving texts at half the original frequency.

Developing ML Models to Characterize Text Messages
A total of 2 health professionals (HK and Anu Indrawansa,
Westmead Hospital, Sydney, New South Wales, Australia)
manually categorized all outgoing program SMS text messages
in our SMS text message bank, all replies from SupportMe/ITM,
and 829 TEXTMEDS replies.
Outgoing SMS text message intent (Textbox 1) was categorized
as informative (provides health facts or education), instructional
(provides tips or recommendations), motivational (provides
feedback to encourage healthy behavior), supportive (provides
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contact details or referral to support groups or websites), and
notification (notifies the patient about matters that are not
educational, such as the welcome and exit messages). These
message intent categories were chosen as they align with the
dominant behavioral techniques used to develop the SMS text
message bank, that is, provision of information about behavior
health link and consequences (information-motivationbehavioral skills model), provision of instructions (social
cognitive theory), provision of general encouragement (social
cognitive theory), and relapse prevention (support to manage
potential failure) [21].
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Textbox 1. Example SMS text messages from each message intent category.
Informative
•

“[person_name] by switching from full fat to low fat milk in tea & coffee you could remove 1 kg of saturated fat from your diet a year!”
[TEXTMEDS; Text Messages to Improve Medication Adherence and Secondary Prevention]

•

“There are many ways to increase your activity levels [person_name]. Try Tai Chi, pilates, gardening, yoga or dancing” [ITM]

•

“Did you know a blood test called HbA1c measures your average blood sugar over the last 3 months? Ask your doctor for a check every 3-6
months” [SupportMe]

Instructional
•

“Cardiac drugs are safe but if you have any side effects discuss with your Dr - there are many medication options [person_name].” [TEXTMEDS]

•

“If you are feeling more breathless than usual, try to relax, rest and practice your breathing techniques” [ITM]

•

“[person_name], use up vegies by mixing them with herbs, spices & water to cook up a hearty soup” [SupportMe]

Supportive
•

“Are you having a good week [person_name]? Just reminding you that you can text us if we can be of help” [TEXTMEDS]

•

“Staying calm when you are breathless really helps. Is there someone in your household who can help you stay calm when you feel uptight?”
[ITM]

•

“Hi [person_name], you may need extra carbohydrates before, during, or after exercise to prevent low blood sugars - discuss with your healthcare
team” [SupportMe]

Motivational
•

“Dont worry [person_name] if you have a bad day. Remember that there is another chance tomorrow to choose the healthy option.” [TEXTMEDS]

•

“Hi [person_name], when you are quitting smoking - if you have a bad day, don’t worry & keep trying” [ITM]

•

“Hi [person_name], did you exercise today?” [SupportMe]

Notification
•

“Hi [person_name], you are now halfway through TEXTMEDS. Soon we will ring to check how you are, but don’t tell us you have been receiving
messages” [TEXTMEDS]

•

“Hi [person_name], welcome to the ITM study. We hope you enjoy the messages. Respond STOP to opt out” [ITM]

•

“Hi [person_name], welcome to the SupportMe study. You are in the group that will not receive regular messages. We will contact you at 6
months” [SupportMe]

Participant replies were categorized as follows: stop (replies
indicating participants wish to stop receiving further messages),
thanks (replies showing appreciation), question (replies
prompting a response from the health counselor or research
team), reporting healthy (replies indicating participants are
complying with health recommendations), reporting struggle
(replies indicating difficulties with complying with health
recommendations), general comment (general replies regarding
the program or health), and other (replies not fitting the above
categories or not study related, for example, blank messages,
inadvertent replies, and invalid numbers).

as the similarity threshold (ie, any 2 texts with a Jaccard
similarity score >0.5 were put into the same cluster). Each ML
model was tasked with using only the given input features to
classify each item into a single best output category. For the
program message (ie, outgoing messages) predictive model, the
input features were the SMS text message, and the output
category was the message intent. For the participant replies, the
input features were the reply message (DistilBERT embeddings
as detailed below) and the message intent of the outgoing
message (1-hot encoded), and the output categories were the
participant reply categories listed above.

If an SMS text message could belong to 2 different categories
or intents (eg, informative and instructional), the majority
category or intent was favored.

Each ML model was created using a DistilBERT model
pretrained on the Toronto Book Corpus and full English
Wikipedia to encode word meaning and sentence structure
(distilbert-base-uncased) [24]. We then applied an
L2-regularized logistic regression model to weigh the 768
real-valued features produced by DistilBERT, generating a
classification. We used grid search with 10-fold cross-validation
to optimize the model hyperparameters (inner cross-validation).
The selected hyperparameters were those that maximized
balanced accuracy, which is defined as the mean sensitivity
across all classes. For evaluation, we performed this procedure

Before developing the ML models, the outgoing messages were
grouped into clusters of duplicate and highly similar messages
in an attempt to support the automatic classification of related
and novel future messages (Lancaster Stemmer method [22]).
The similarity between 2 messages was measured by calculating
the proportion of tokens (eg, words or punctuations) that were
common between them (Jaccard similarity) [23]. We used 0.5
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within a 10-fold cross-validation (outer cross-validation) using
a technique known as nested cross-validation. Specifically, for
each fold, 10% of all data were held out for testing, and within
each of these, a 10-fold cross-validation was applied again with
a similar 90% training to 10% validation split to select the best
hyperparameters. To avoid biases in evaluation, we constrained
the sampling of held out data sets such that near-identical
outgoing messages (ie, those in the same Jaccard similarity
cluster) could not appear in both training and test data set intent
classifications. Similarly, for reply classification, we controlled
for idiosyncratic language in the cross-validation procedure by
ensuring that no participant replies appeared in both the training
set and its corresponding test set.

Associations of Message Characteristics to Premature
Program Stopping and Engagement
We assessed associations using univariate logistic regression
between outgoing message characteristics (outgoing message
intents: informative, instructional, motivational, supportive, and
notification) to the outcomes (1) reply type stop and (2)
engagement. Engagement is difficult to define in the setting of
SMS text message–based prevention programs; however, the
frequency of participant replies does give a quantifiable measure
of engagement as it reflects that the participant is repeatedly
interacting with the program. Thus, engagement in this study
was defined as a patient who replied at least 3 times and did not
prematurely withdraw from the study or stop the intervention.
An interaction analysis was performed to assess whether the
associations were affected by program type (SupportMe/ITM
vs TEXTMEDS) as the programs encouraged different levels
of interaction (ie, 1-way vs 2-way communication; Table 1).
To do this, univariate logistic regression models (between
outgoing message characteristics to the outcomes as described
above) were used, incorporating program type (SupportMe/ITM
and TEXTMEDS) as the interaction term.

Statistical Analysis
ML model accuracy was assessed using balanced accuracy, the
area under the receiver operating characteristic (ROC) curve,
and multiclass classification evaluators. This was done using
the Scientific Python stack (Scikit-learn 0.22, Pandas 1.1, and
Matplotlib 3.3) on Python 3.7 (Python Software Foundation).
Associations of message characteristics to program termination
and engagement were examined using SPSS Statistics (version
26.0; SPSS Inc). Chi-square tests of independence were
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performed to determine associations between the ML-derived
program message intent and the outcomes (1) reply type stop
or (2) engagement. Two-sided P<.05 were considered
statistically significant unless otherwise stated.

Results
Descriptive Analyses of Program Messages and Replies
We analyzed a total of 1550 program messages and 4071
participant replies. The total number of patients in each group
for each study and the received responses are shown in Table
1. Approximately, 30.01% (793/2642) of participants replied
at least once, and 5.83% (154/2642) sent a stop reply type to
opt out of future messages. For SupportMe/ITM, 32.35%
(394/1218) participants replied to at least one message (384/394,
97.5% were from the intervention arm and 10/394, 2.5% were
from the control arm). Of these, 20.8% (82/394) sent a stop
reply type, of which 7 were from the control group. For
TEXTMEDS, 28.02% (399/1424) of participants replied to at
least one message (all were from the intervention arm), of which
18% (72/399) sent a stop reply type. For TEXTMEDS, most
replies were in response to supportive messages (794/2356,
33.7% of all replies), and for SupportMe/ITM, it was in response
to informative messages (661/1715, 38.54% of all replies;
Multimedia Appendix 1). The majority reply type was general
comment for both TEXTMEDS (635/2356, 26.95%) and
SupportMe/ITM (574/1715, 33.47%; Multimedia Appendix 2).
The types of responses elicited by each message intent for
SupportMe/ITM and TEXTMEDS are detailed in the
Multimedia Appendices 3 and 4.
Approximately 11.43% (302/2642) of participants met our
definition of being engaged. For SupportMe/ITM, 8.05%
(98/1218) of participants were engaged and contributed to 78.6%
(1348/1715) of the total replies in SupportMe/ITM. For
TEXTMEDS, 14.33% (204/1424) of participants engaged with
the program and contributed to 89.13% (2100/2356) of the total
replies in TEXTMEDS. Most replies during TEXTMEDS were
received during the middle of the program, with the least number
shouldering this period in response to motivational and
instructional message intents (Figure 1). In contrast, most replies
during SupportMe/ITM were received at the beginning of the
program (first 50 days) and in response to instructional and
informative message intents (data not shown).
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Figure 1. Distribution of participant reply categories by program message intent during the 12-month TEXTMEDS (Text Messages to Improve
Medication Adherence and Secondary Prevention) program. The 9 peak periods (4-day duration each) were defined as those which received >40 replies
within each peak period. INFO: Informative; INST: Instructional; MOTI: Motivational; NOTI: Notification; TEXTMEDS: Text Messages to Improve
Medication Adherence and Secondary Prevention; SUPP: Supportive.

ML Models to Classify Outgoing Message Intent and
Reply Type
Table 2 shows the classification report for the program messages
according to message intent. Altogether, the ML model correctly
classified the intent of program messages as 76.6% (95% CI
63.5%-89.8%; balanced accuracy) of the time (Table 2). Average
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specificity was 93.2%, positive predictive value 76.3%, and
negative predictive value 93.4%. The average area under the
curve from the ROC curves was 0.95 (Figure 2). Sensitivity
was lowest for the supportive message intent (69.7%), and
specificity was lowest for the informative message intent
(86.8%).
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Table 2. Machine learning performance for program message intent.
Sensitivity (SD)

Specificity (SD)

PPVa (SD)

NPVb (SD)

FPRc (SD)

FNRd (SD)

F1-score (SD)

e

0.797 (0.144)

0.868 (0.072)

0.850 (0.070)

0.840 (0.099)

0.132 (0.072)

0.203 (0.144)

0.815 (0.089)

INSTf

0.761 (0.169)

0.885 (0.093)

0.795 (0.124)

0.887 (0.064)

0.115 (0.093)

0.239 (0.169)

0.759 (0.118)

MOTIg

0.778 (0.242)

0.968 (0.033)

0.671 (0.248)

0.986 (0.016)

0.032 (0.033)

0.222 (0.242)

0.702 (0.221)

NOTIh

0.800 (0.400)

0.999 (0.002)

0.900 (0.300)

0.994 (0.015)

0.001 (0.002)

0.200 (0.400)

1.000 (0.000)

SUPPi

0.697 (0.296)

0.940 (0.046)

0.635 (0.251)

0.962 (0.036)

0.060 (0.046)

0.303 (0.296)

0.741 (0.138)

Averagej

0.766 (0.175)

0.932 (0.027)

0.763 (0.148)

0.934 (0.027)

0.068 (0.027)

0.234 (0.175)

0.782 (0.100)

Message intent
INFO

a

PPV: positive predictive value.

b

NPV: negative predictive value.

c

FPR: false positive rate.

d

FNR: false negative rate.

e

INFO: Informative.

f

INST: Instructional.

g

MOTI: Motivational.

h

NOTI: Notification.

i

SUPP: Supportive.

j

Macroaveraged.

Figure 2. Receiver operating characteristic curves for predicting program message intent. Generated under one-vs-rest assumption (ie, each curve is
generated assuming a binary scenario with the selected class against all other classes). AUC: area under the curve; INFO: Informative; INST: Instructional;
MOTI: Motivational; NOTI: Notification; SUPP: Supportive.

Table 3 shows the classification report for the participant replies.
Altogether, the ML model correctly categorized the replies with
77.8% (95% CI 74.1%-81.4%) balanced accuracy (Table 3).
Average specificity was 95.7%, positive predictive value 72.6%,
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and negative predictive value 95.5%. Sensitivity was lowest
with reporting struggle category (64.9%), and specificity was
lowest with the general comment category (89.3%). The average
area under the curve from the ROC curves was 0.96 (Figure 3).
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Table 3. Machine learning performance for participant reply categories.

a

Participant replies

Sensitivity (SD)

Specificity (SD)

PPVa (SD)

NPVb (SD)

FPRc (SD)

FNRd (SD)

F1-score (SD)

General comment

0.684 (0.121)

0.893 (0.055)

0.817 (0.074)

0.815 (0.073)

0.107 (0.055)

0.316 (0.121)

0.737 (0.079)

Thanks

0.911 (0.050)

0.959 (0.026)

0.863 (0.090)

0.972 (0.027)

0.041 (0.026)

0.089 (0.050)

0.771 (0.099)

Question

0.815 (0.213)

0.976 (0.014)

0.474 (0.157)

0.995 (0.007)

0.024 (0.014)

0.185 (0.213)

0.592 (0.174)

Reporting healthy

0.707 (0.097)

0.940 (0.037)

0.601 (0.198)

0.960 (0.040)

0.060 (0.037)

0.293 (0.097)

0.623 (0.111)

Reporting struggle

0.649 (0.167)

0.979 (0.012)

0.696 (0.136)

0.976 (0.013)

0.021 (0.012)

0.351 (0.167)

0.658 (0.106)

Stop

0.860 (0.147)

0.993 (0.008)

0.888 (0.131)

0.992 (0.009)

0.007 (0.008)

0.140 (0.147)

0.866 (0.116)

Other

0.818 (0.082)

0.956 (0.029)

0.740 (0.132)

0.972 (0.016)

0.044 (0.029)

0.182 (0.082)

0.885 (0.065)

Averagee

0.778 (0.048)

0.957 (0.012)

0.726 (0.071)

0.955 (0.013)

0.043 (0.012)

0.222 (0.048)

0.733 (0.054)

PPV: positive predictive value.

b

NPV: negative predictive value.

c

FPR: false positive rate.

d

FNR: false negative rate.

e

Macroaveraged.

Figure 3. Receiver operating characteristic curves for predicting participant reply type. Generated under one-vs-rest assumption (ie, each curve is
generated assuming a binary scenario with the selected category against all other categories). AUC: area under the curve.

Associations of Message Characteristics to Premature
Program Stopping and Engagement
Overall, supportive message intent was associated with a
reduced chance of premature program stopping (odds ratio [OR]
0.53, 95% CI 0.35-0.81; P=.003). For SupportMe/ITM,
participants were less likely to reply stop following informative
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messages (OR 0.35, 95% CI 0.20-0.60; P<.001) and more likely
to reply stop following notification messages (OR 5.76, 95%
CI 3.66-9.06; P<.001). This differed from TEXTMEDS, where
there was no significant association with informative (OR 1.25,
95% CI 0.78-2.02; P=.35) and notification messages (OR 1.89,
95% CI 0.95-3.74; P=.07; Table 4).
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Table 4. Univariate logistic regression with program message intent and outcome variables (premature program stopping and engagement).
Message intent,
outcome variables

Total

TEXTMEDSa

SupportMe/ITM

P value for
interactionb

ORc (95%
CI)

β coefficient P value

OR
(95%
CI)

β coefficient P value

OR (96%
CI)

β coefficient P value

Premature program stopping (ie, reply type “stop”)
INFOd

0.69 (0.49- –0.37
0.98)

.04

0.35
(0.200.60)

–1.05

<.001

1.25 (0.78- 0.23
2.02)

.35

<.001

INSTe

0.98 (0.69- –0.02
1.40)

.93

0.86
(0.541.38)

–0.15

.54

1.03 (0.60- 0.03
1.76)

.92

.63

SUPPf

0.53 (0.35- –0.64
0.81)

.003

0.60
(0.291.26)

–0.51

.18

0.58 (0.34- –0.54
0.99)

.05

.94

MOTIg

1.00 (0.52- –0.00
1.91)

.99

1.08
(0.432.73)

0.08

.87

0.98 (0.39- –0.02
2.47)

.97

.89

NOTIh

4.01 (2.80- 1.39
5.75)

<.001

5.76
(3.669.06)

1.75

<.001

1.89 (0.95- 0.64
3.74)

.07

.01

Engagement (ie, 3 replies and did not prematurely stop the program)

a

INFO

1.76 (1.46- 0.56
2.12)

<.001

2.16
(1.672.78)

0.77

<.001

1.62 (1.21- 0.48
2.16)

<.001

.14

INST

1.47 (1.21- 0.39
1.80)

<.001

1.68
(1.292.18)

0.52

<.001

1.51 (1.10- 0.42
2.08)

.01

.63

SUPP

1.22 (1.01- 0.20
1.49)

.04

1.77
(1.212.58)

0.57

.003

0.77 (0.60- –0.27
0.98)

.04

<.001

MOTI

1.18 (0.82- 0.17
1.70)

.37

0.82
(0.501.34)

–0.20

.43

1.64 (0.92- 0.50
2.93)

.10

.07

NOTI

0.14 (0.11- –1.99
0.17)

<.001

0.07
(0.050.10)

–2.61

<.001

0.28 (0.20- –1.28
0.39)

<.001

<.001

TEXTMEDS: Text Messages to Improve Medication Adherence and Secondary Prevention.

b

P interaction refers to the comparison of the associations between each message intent with program type (SupportMe/ITM vs TEXTMEDS) and
adjusted for message intent.
c

OR: odds ratio.

d

INFO: Informative.

e

INST: Instructional.

f

SUPP: Supportive.

g

MOTI: Motivational.

h

NOTI: Notification.

Overall, informative (OR 1.76, 95% CI 1.46-2.12; P<.001) and
instructional (OR 1.47, 95% CI 1.21-1.80; P<.001) message
intents were associated with increased engagement but not
motivational (OR 1.18, 95% CI 0.82-1.70; P=.37) message
intent (Table 4). Supportive message intent was associated with
increased engagement in SupportMe/ITM (OR 1.77, 95% CI
1.21-2.58; P=.003) but reduced engagement in TEXTMEDS
(OR 0.77, 95% CI 0.60-0.98; P=.04; for interaction, P<.001).
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Notification messages were associated with reduced engagement
in both SupportMe/ITM (OR 0.07, 95% CI 0.05-0.10; P<.001)
and TEXTMEDS (OR 0.28, 95% CI 0.20-0.39; P<.001);
however, the strength of the association was greater for
SupportMe/ITM (for interaction, P<.001).
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Discussion
Principal Findings
In this study, ML models were created to categorize program
message intent and participant replies from SMS text
message–based programs with good accuracy. Thus, they can
enable the monitoring and detailed characterization of program
messages and participant replies, which can be used to further
customize SMS text message–based programs. Furthermore,
this study found that program message type can influence
premature program discontinuation and encourage participant
engagement. However, some of these associations varied or
were attenuated by program type. This suggests that participant
engagement may be maximized by adjusting program message
characteristics, that program type and patient population type
are important to consider, and that larger studies to examine
these interactions will enable further program refinement.
We have previously assessed the accuracy of ML to triage
participant text replies in an attempt to identify those requiring
health professional review with only 1.4% false negatives and
categorized replies according to themes with modest accuracy
(0.723 weighted average accuracy) [20]. However, unlike this
study, this was done without knowledge of the message sent
that the participant is replying to or its intent. This limits the
accuracy and contextualization of the reply modeling, and thus
no conclusion regarding the characteristics of texts that elicit
replies can be drawn. In this study, by contextualizing the
participant replies to the program messages, we allowed a
detailed assessment of which program message characteristics
are likely to elicit different types of replies. Furthermore, the
use of a reporting struggle category in this study, in addition
to a reporting healthy category, which has been contextualized
with the program message intent, allows the automated
identification of participants who may need more or less tailored
support, respectively.
A recent review of systematic reviews identified 3 reviews and
10 studies (clinical trials and feasibility studies) that measured
engagement [25]. Of the included studies, only 1 quantified
engagement with an SMS text message–based intervention, and
the measure of engagement was the frequency of replies to
reminders for blood glucose measurement [25]. There are no
SMS text message–based studies reporting engagement in a
population with CVD. Smartphone- and internet-based programs
were the most common mHealth types in the studies assessing
engagement, and although there was variability in the measure
of engagement used, most measures focused on the way users
interact with the program (eg, number of visits to a web-based
program or frequency of responses). In this study, participants
were more likely to engage with informative and instructional
program message intents. These message intents use the
behavior change techniques of goal setting and self-monitoring,
both of which have been associated with higher engagement
with digital health interventions (DHIs) [12,26]. Importantly,
the pattern of participant interaction throughout the course of
a DHI is dynamic and involves different levels of use over time
[27]. Highlighting this in our study, the type of replies and
message intent prompting replies changed throughout the
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duration of the TEXTMEDS program (Figure 1). In contrast to
our study, a mixed methods study assessed the utility of either
email or text prompts in encouraging engagement (as measured
by the number of log-ins) in a web-based intervention for
diabetes and found that email prompts increased engagement
but not text prompts, and this was affected by email content
[28]. However, over a 15-month period, only 7 text prompts
were sent compared with 49 email prompts, which may explain
the lack of significance.
Features enabling remote contact with a health care professional
can positively influence engagement with DHIs [12,29,30], as
can interactivity [31]. In this study, the associations between
some message intents and premature program stopping or
engagement differed by program type. For instance, with
TEXTMEDS, notification messages were not associated with
premature program termination, unlike SupportMe/ITM. In
addition, the odds of notification messages decreasing
engagement, although being elevated in both programs, were
significantly higher in SupportMe/ITM than in TEXTMEDS
(Table 4). These differences may be related to the encouraged
flow of information—2-way communication was encouraged
with TEXTMEDS (and with health counselor support) and not
encouraged with SupportMe/ITM. Supporting this, Redfern et
al [32] demonstrated, using qualitative methods, including
reviewing user surveys and focus groups, that support felt from
program participation and from health staff are important factors
that influence engagement. Differences in patient populations
may also explain the interaction effects with program type.
Participants in SupportMe/ITM had stable chronic diseases
compared with TEXTMEDS, where participants were recruited
following an acute coronary syndrome, and it is reasonable to
suspect that participants who were recruited in the context of
symptoms may engage differently compared with participants
without symptoms. This is consistent with Redfern et al [32],
who also determined that initiating the mHealth program close
to the time of a cardiovascular event was associated with
increased engagement.
Unexpectedly, supportive messages were associated with
decreased engagement in TEXTMEDS but increased
engagement in SupportMe/ITM. However, the highest
proportion of responses overall were elicited following
supportive messages in TEXTMEDS and informative messages
in SupportMe/ITM (Multimedia Appendix 1). Furthermore,
TEXTMEDS was twice as long as SupportMe/ITM, and most
of the responses received were in the first half of the program
(Figure 1). Thus, it is possible that engagement decreased in
the second half of the program and differentially affected
supportive message intent compared with the others, as a larger
number of similar messages may have been sent to participants
and considered repetitive over the longer program duration.

Clinical Implications
The results of this study contribute to the field of SMS text
message–based interventions by (1) demonstrating that using
ML can automatically and accurately categorize SMS text
messages sent to and from participants in an SMS text
message–based program to support their health, and (2)
providing new knowledge on how participants engage with
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SMS text messages and factors associated with engagement and
premature program termination. Overall, our ML models for
characterizing program message intent and user replies enable
the ability to monitor and describe the way participants interact
with different SMS text message–based prevention programs.
This has implications for the optimized development of future
SMS text message–based programs, as the results suggest that
participant engagement may be maximized (and premature
program termination avoided) by adjusting message
characteristics, that is, the clinical implications of message
content affecting participant withdrawal and engagement are
the potential of using this knowledge to alter future messages
automatically in real time to sustain engagement throughout the
intervention duration. This could minimize participant
withdrawal and maximize the likelihood of behavior change.
This has not been assessed in previous studies, and a lack of
knowledge of participant-program interactions has limited the
utility of existing SMS text message–based programs.
As there may be differences in the degree of interactivity
encouraged (ie, 1-way vs 2-way communication), when
assessing engagement and premature program stopping, we
performed an interaction analysis (in addition to analyzing the
programs separately and combined) to assess if the associations
were affected by program type (Table 4). From these results, it
is clear that program type can affect engagement. This is an
important finding as there is large heterogeneity in existing
SMS text message–based programs with respect to the degree
of interactivity allowed, and recognizing that participants may
interact differently with 1-way versus 2-way programs also
potentially informs different approaches to optimizing
engagement, depending on the program type.
Validation of these models with different SMS text
message–based programs delivered to different population
groups (different clinical and geographical settings across high-,
middle-, and low-income countries) would assist in increasing
generalizability and utility. Future research should explore the
association between program engagement and intervention
success or behavioral change. In addition, there is a need to
determine whether modifying message characteristics can
maximize participant engagement and whether this can lead to
sustained behavior change.

Limitations
Although manual categorization was done by health
professionals, it is entirely possible that manual categorization
may have differed if performed by a different group and, thus,
affected the final ML models. In addition, some of the SMS
text messages could be categorized into more than one category,
which can also affect the final model; however, to minimize
bias, we selected the majority category within each group of
similar messages. Although there were differences in the
populations between studies (Table 1), message content was
similar between programs, allowing the clustering of messages
into similar categories as described in the methods. Furthermore,
although there was good overall accuracy with the ML models,
the number of program messages and participant replies was
relatively small for ML modeling, and the accuracy could be
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further improved by using a larger sample. This emphasizes the
importance of validating these models against larger data sets.
As discussed in the Methods section, it was necessary to
combine all studies to develop ML models to increase the
accuracy of the ML models. Although there were differences
in the clinical setting that the patients across the studies were
recruited in (TEXTMEDS from hospital, ITM from community,
and SupportMe from community and hospital), all patients had
chronic diseases and were managed in the chronic phase of their
illness (if recruited from the hospital, the messages were not
initiated until the patient was discharged into the community).
Thus, we do not believe that this would be a significant
confounding variable. However, as discussed above, patients
in TEXTMEDS were recruited following a symptomatic
episode, which can affect engagement [32]. In addition, although
all studies recruited patients with CVD, 2 of them (SupportMe
and ITM) recruited patients with diabetes and chronic respiratory
disease, and it is possible that the type of chronic disease
influences engagement. Although all patients were recruited in
the chronic phase of their illness, illness severity was not
assessed. Although not previously assessed in the context of
mHealth, there is survey evidence that severity of chronic
diseases can affect perceived health attitudes [33]; thus, if
applied to mHealth, it is possible that illness severity can affect
engagement. Thus, the validation of these models against
different types of chronic illnesses in future research is prudent.
This study compared a measure of engagement between 2 SMS
text message–based programs that differ in the encouraged level
of interaction (ie, 2-way vs 1-way communication). Thus, it is
possible that participants replied depending on whether they
were encouraged or not, and it is also possible that participants
who did not engage with messages using our definition engaged
with behavior change. However, almost one-third of the
participants in SupportMe/ITM replied compared with one-fifth
in TEXTMEDS, and, thus, using the frequency of replies (and
excluding withdrawals) as a surrogate marker of engagement
is a reasonable method of quantifying engagement, which is
consistent with previous studies [25]. It is interesting that the
proportion of participants who replied in SupportMe/ITM
(1-way) is comparable with TEXTMEDS (2-way). In both types
of programs, all messages were monitored by a health
professional, and the patients were informed of this. Thus,
although patients were not encouraged to reply by recruitment
staff, we believe they did as they felt their replies would still
be seen (even if they were not answered). Many of the texts (as
seen in Textbox 1) would ask questions regardless of whether
the program was 1-way or 2-way, and although these were meant
to be rhetorical, participants replied. The major benefit of our
definition of engagement is that we provide a simple quantifiable
marker of engagement that can potentially be used across
different SMS text message–based programs, allowing
comparisons between studies. As TEXTMEDS was twice as
long as SupportMe/ITM, participants had more opportunities
to become engaged according to our definition, and this may
explain the numerically higher proportion of participants who
were engaged in TEXTMEDS compared with SupportMe/ITM
(204/1424, 14.33% vs 98/1218, 8.05%).
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The association between participant sociodemographics and
engagement with DHIs and behavior change was outside the
scope of this study and should be explored in future research.
The timing of messages sent and message length may affect
engagement but was outside the scope of this study and will be
assessed in future research.

Conclusions
In our study, using ML, we categorized outgoing and incoming
messages from different SMS text message–based programs to
support people with chronic diseases with good accuracy,

Klimis et al
enabling monitoring and detailed characterization of program
messages and participant replies. Message intent can influence
adherence (ie, not stopping the intervention) and participant
engagement, although we suspect this association is affected
by the type of interaction encouraged (ie, 1-way vs 2-way
communication) and possibly the setting in which participants
are recruited. The clinical implications include optimization of
future SMS text message–based programs by using program
message characteristics that maximize participant engagement
and potentially behavior change.
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Abstract
Background: The Veterans Health Administration (VHA) is deploying an automated texting system (aTS) to support patient
self-management.
Objective: We conducted a qualitative evaluation to examine factors influencing national rollout of the aTS, guided by the
Nonadoption, Abandonment, Scale-up, Spread, and Sustainability (NASSS) framework, which is intended to support the evaluation
of novel technologies.
Methods: Semistructured interviews were conducted with 33 staff and 38 patients who were early adopters of the aTS. Data
were analyzed following deductive and inductive approaches using a priori codes and emergent coding based on the NASSS.
Results: We identified themes across NASSS domains: (1) Condition: The aTS was considered relevant for a range of patient
needs; however, perceptions of patient suitability were guided by texting experience and clinical complexity rather than potential
benefits. (2) Technology: Onboarding of the aTS presented difficulty and the staff had different opinions on incorporating
patient-generated data into care planning. (3) Value: Supply-side value relied on the flexibility of the aTS and its impact on staff
workload whereas demand-side value was driven by patient perceptions of the psychological and behavioral impacts of the aTS.
(4) Adopters: Limited clarity on staff roles and responsibilities presented challenges in incorporating the aTS into clinical processes.
(5) Organization: Staff were willing to try the aTS; however, perceptions of leadership support and clinic readiness hindered
usage. (6) Wider system: Staff focused on enhancing aTS interoperability with the electronic medical record. (7) Embedding and
adaptation over time: The interplay of aTS versatility, patient and staff demands, and broader societal changes in preferences for
communicating health information facilitated aTS implementation.
Conclusions: VHA’s new aTS has the potential to further engage patients and expand the reach of VHA care; however, patients
and staff require additional support to adopt, implement, and sustain the aTS. The NASSS highlighted how the aTS can be better
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embedded into current practices, which patients might benefit most from its functionality, and which aspects of aTS messages
are most relevant to self-management.
Trial Registration: ClinicalTrials.gov NCT03898349; https://clinicaltrials.gov/ct2/show/NCT03898349
(JMIR Mhealth Uhealth 2021;9(11):e31037) doi:10.2196/31037
KEYWORDS
implementation science; implementation facilitation; texting; veterans; eHealth; self-management; digital health; digital medicine

Introduction
Although use of virtual care technologies is expanding,
automated text-messaging systems supporting patient
self-management remain underused [1]. With the ubiquity of
mobile phones, automated texting systems have the potential
for wide reach and sustained use, representing a promising
alternative to telephone calls, traditional mail, and emails [2-5].
Because of its simplicity, flexibility, and low cost, texting is
increasingly recognized as a tool to reach those who may be
less engaged in health care services and may thus narrow health
disparities [6]. Studies show positive results for texting
interventions, with demonstrated effects on chronic illness
self-management, medication adherence, missed appointments,
and behavior change, including weight loss and smoking
cessation [2,7-10]. Despite promising evidence, the determinants
of adoption, implementation, and sustainment of texting
interventions are not well understood [11-15].
In 2016, the Veterans Health Administration (VHA) launched
an automated texting system (aTS) called “Annie,” modeled
after the Florence aTS developed by the United Kingdom’s
National Health Service [16,17]. The aTS texting protocols are
intended to promote, motivate, and enhance self-management
by helping patients understand, track, and monitor their own
health through 1- and 2-way messages. The aTS is
condition-agnostic and able to support preprogrammed texting
protocols for a variety of health conditions and behaviors. At
present, there are over 100 aTS texting protocols available for
use with VHA patients. These protocols fall into three
categories: (1) nonpatient-specific protocols pertaining to
conditions that do not require clinical diagnosis and treatment
and those that patients registered with the aTS can self-subscribe
(eg, tobacco cessation, coronavirus precautions); (2)
nontreatment protocols intended to deliver educational and
motivational messages, and generic reminders; and (3) treatment
protocols that pertain to conditions requiring diagnosis and
treatment by a clinician, and are intended to assist patients with
self-management. Any VHA staff member regardless of
licensure can register and confirm patient participation in the
aTS as well as consent a patient to participate in a nontreatment
aTS protocol; however, only licensed VHA clinicians can
consent a patient for aTS treatment protocols. When initiating
use, patients are asked to acknowledge that they understand the
privacy implications of texting, which is not a secure or
encrypted form of communication; they must understand that
are texting with a computer system, and VHA staff may not
regularly read or review the messages, making the system
inappropriate for urgent issues or emergencies. Although VHA’s
aTS was designed as a patient-facing self-management tool,
https://mhealth.jmir.org/2021/11/e31037
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clinical team members can choose to view patient message
exchanges and track responses over time through a staff-facing
aTS portal.
Some of the earliest aTS protocols addressed issues ranging
from physical activity engagement, medication adherence, and
blood glucose monitoring to colonoscopy preparation, diabetes
management and foot care, hypertension management, smoking
cessation, and weight management. More recent protocols have
focused on COVID-19 precautions and vaccination support,
HIV treatment, chronic pain, insomnia, and maternity care. Staff
can tailor protocols (eg, content, periodicity, timing) based on
patient needs and preferences. A multidisciplinary group of
VHA content and technical subject matter experts maintains
the aTS protocol library and guides staff from across VHA
facilities on how to adapt existing protocols, and to create, test,
and
implement
new
protocols.
In
an
implementation-effectiveness cluster randomized trial of the
aTS, Yakovchenko et al found that test sites with enhanced aTS
implementation support not only had more patients using the
aTS, but these patients also reported better adherence to
treatment and lower distress about failing treatment compared
to usual aTS implementation sites [1].
This qualitative evaluation examines the implementation
experiences of early aTS adopters in VHA to inform national
rollout of the system and improve its design and functionality.
Findings from this evaluation can provide other health care
systems with an understanding of the implementation challenges
they might face when introducing and expanding their own
texting systems.
We used the Nonadoption, Abandonment, Scale-up, Spread,
and Sustainability (NASSS) framework to organize and
synthesize our findings [18,19]. The NASSS framework
identifies 7 domains influencing the uptake and use of
patient-facing technologies: condition, technology, value
proposition, adopter system, organization, broader surrounding
context, and interaction among these domains. An advantage
of a complexity-informed framework like NASSS is its
acknowledgment that complex adaptive systems develop and
behave in unpredictable, dynamic, and nonlinear fashions.

Methods
Design
We used a qualitative interpretive phenomenological approach
to explore staff and patient experiences with VHA’s aTS.
Semistructured interviews were conducted between June 2016
and February 2018 as part of a larger evaluation of the
implementation and effectiveness of the aTS. Verbal consent
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(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
was obtained prior to interviews. The VHA Bedford Healthcare
System Institutional Review Board reviewed the evaluation and
determined it to be a program evaluation for quality
improvement purposes, thereby exempting it from further
Institutional Review Board oversight (VHA Program Guide
1200.21). The study was registered at ClinicalTrials.gov
(NCT03898349).

Setting and Participants
We conducted semistructured interviews with purposively
sampled participants from 14 VHA medical centers. The sites
represented diversity in geography, rurality and urbanicity,
patient volume, sample size, and complexity. Staff participants
were VHA clinical team members (hereafter referred to as staff),
including physicians, nurses, dieticians, pharmacists, and social
workers. Patient participants were individuals who received
health care services at these sites.

Data Collection
Staff interview guides focused on the staff perceptions regarding
the aTS, implementation barriers and facilitators, setup and
enrollment procedures, implications for care delivery, clinical
workload, patient-provider relationship, and experiences using
the system. Patient interview guides explored the patient
perceptions of the aTS, including its influence on relationships
with staff and engagement in care, usefulness of the aTS for
supporting self-management, and factors that might influence
use and perceived usefulness. Interview guides were reviewed
by VHA’s aTS designers for clarity, pilot-tested among the
evaluation team members, and iteratively revised.
Interviews were conducted in person at VHA medical centers
and over telephone, typically lasting up to 60 minutes. We
gathered participant demographic data immediately prior to the
start of the interviews using a brief questionnaire. Most
interviews were one-on-one. In some instances where 2 staff
members were interviewed simultaneously to accommodate
availability, a primary interviewer led the discussion and a
secondary interviewer assisted and took field notes. There were
3 male and 3 female interviewers (DKM, BAP, CG, JML, MBM,
and TPH) who were masters- and doctoral-level public health,
public administration, psychology, and anthropology
professionals. Reflexivity was considered during the interviews
and throughout the evaluation. All interviews were
audio-recorded and transcribed verbatim. Patients received a
gift card of a local store as compensation for their time. Staff
were not eligible for compensation due to VHA regulations.
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Analysis
Descriptive statistics were used to characterize participant
demographics. Interview data were analyzed using deductive
and inductive approaches with the NVivo 12 Pro software (QSR
International). Coding and analyses were performed by 6 trained
masters- and doctoral-level researchers with extensive
qualitative research experience (VY, DKM, BAP, CG, LR,
TPH). We drew upon the NASSS domains to create a
preliminary codebook, and additional codes were inductively
added if they were not otherwise reflected in the framework. A
subset of interviews was examined by all evaluation team
members to formulate coding rules through a process of critical
review and consensus building. Recurring meetings were held
to compare coder interpretations and discuss coding
discrepancies. As the final step, we used the NASSS complexity
assessment tool (CAT) to inform categorization of each domain
as simple (straightforward, predictable, few components),
complicated (remains predictable but with multiple interacting
components or issues), or complex (dynamic, unpredictable,
not easily disaggregated into constituent components) [20].

Results
Participant Characteristics
We conducted a total of 71 interviews with 38 VHA patients
and 33 VHA staff representing a range of experiences with the
aTS, as shown in Table 1. Most patients were male (n=30, 80%)
and White non-Hispanic (n=29, 76%), with a median age of 56
years. Nearly all had a smartphone (n=37, 97%) and texted daily
(n=30, 79%). Most also used computers (n=33, 86%) and the
internet (n=34, 90%) daily. However, patients had varying
experiences with VHA’s aTS, with some having only registered
with the system, others having received 1-way messages, and
others having sent and received daily messages over multiple
months. Among staff, 63% (n=21) were clinical (MD, NP, RN),
20% (n=7) were clinical pharmacists, and 22% (n=7) were other
types of staff (eg, dietician, social worker). Most were women
(n=25, 76%), with a median age of 36 years and 8 years of VHA
work experience. Most staff (n=27, 81%) used mobile phones
several times a day to send or receive messages. At the time of
the interviews, staff reported varying experiences with the aTS,
including some who had used the aTS from 1 day to 6 months
and had enrolled 0 to over 20 patients.
We present our findings organized based on the NASSS
framework domains, as displayed in Figure 1 and Table 2.
Quotes are attributed to patients (pt) or staff (s).
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Table 1. Participant characteristics.
Participants and characteristics

Value, n (%)

Patients (N=38)
Median age, years

59

Male

32 (85)

Race/ethnicity: White/non-Hispanic

26 (68)

Daily texting

30 (79)

Staff (N=33)
Staff type

a

MDa, NPb, RNc

21 (64)

PharmDd

5 (15)

Other (dietician, social worker)

7 (21)

Median age, years

40

Median VHAe tenure, years

8

Male

8 (24)

Daily texting

28 (84)

MD: Doctor of Medicine.

b

NP: nurse practitioner.

c

RN: registered nurse.

d

PharmD: Doctor of Pharmacy.

e

VHA: Veterans Health Administration.

Figure 1. Nonadoption, Abandonment, Scale-up, Spread, and Sustainability framework in the Veterans Health Administration (adapted from Greenhalgh
[19]). VHA: Veterans Health Administration.
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Table 2. Themes and quotes based on Nonadoption, Abandonment, Scale-up, Spread, and Sustainability domains.
NASSSa domain

Theme

Provider quote

Patient quote

Domain 1: Condition or
illness

Patient suitability

“The patient population here tends to
really need a lot of hand holding and a

“…made the treatment a heck of a lot easier,
because I remembered to take the pills on time.”

lot of TLCb.”
Domain 2: Technology

Knowledge, support fea“It took me a little while to familiarize “It meets my needs and probably in the future,
tures, and functionality; pa- myself because the training versus actu- as my conditions change or my needs increase,
tient-generated data
ally doing it yourself, you know, there’s it will be there.”
a learning curve…”

Domain 3: Value proposition

Supply-side and demandside values

Domain 4: Adopter system Staffing, roles, and skills;
complex decisions

a

“We’re actually really excited to use it
“…would tend to get a little overwhelmed at
with our patients. This is something that times, but Annie helped alleviate that.”
we had talked about doing or developing
something like this…”
“I thought a lot of people are going to be
able to participate but I guess when we
started offering…some patients don’t, I
guess they’re not used to it, most the patients that I offer decline to participate.”

“I don’t even know who would be doing it.
Would it be the doctor? Or the nurses, or?
Whose responsibility would it be to actually
implement that? So, I don’t know how practical
that would actually be, but I think it would be
better if they did gear it more toward that individual patient and whatever problems they’re
having.”

Domain 5: Organization

Leadership and readiness to “Whenever you’re using new technology
innovate; workflows and
and new approaches with the technology
routines
component it’s just good to have somebody that you can, who’s very responsive
and can find out the answer for you in a
timely fashion…”

“And my understanding was this was to alleviate
a lot of paperwork. They just send me a text
message and that way I can write it in my date
book or keep it in my phone till the time for the
appointment.”

Domains 6 and 7: Wider
context and embedding;
adaptation over time

Fiscal interoperability, digi- “But in order for this to work this has to “I use Annie for other medications as well…I
talization, and marketing
be easy for the provider and easy for the just group them all in together.”
Veteran. Otherwise, it’s not gonna work,
it’s not gonna help, we’re not going to
be effective.”

NASSS: Nonadoption, Abandonment, Scale-up, Spread, and Sustainability.

b

TLC: tender loving care.

NASSS Domain 1: Condition
Staff described the aTS as a tool to support patients in activating
and maintaining health-related behaviors across various
conditions and care contexts. The staff and patients described
the relevance of the aTS to a range of needs, including multidose
vaccinations, HIV prevention and care, birth control, breast
cancer screening, chemotherapy, dialysis, postoperative support,
mindfulness, yoga, and anxiety management. For some, the
options at times could feel overwhelming. The aTS protocols
for disease processes that are “pretty well mapped out” were
especially appealing to staff, as were the protocols for
medication management, appointment reminders, and laboratory
reminders before appointments. Patients believed the aTS could
“start the habit” (pt140) to activate health behavior change and
influence patterns of self-care.

Patient Suitability
Although staff were using the aTS under different conditions,
they expressed similar perspectives on patient suitability to use
the system. Although they generally understood that the aTS
was “open to pretty much anybody,” considerations about who
might be appropriate for the aTS converged around several
preconceived, largely nonclinical criteria that informed their
offering of the aTS to patients. These criteria included patients
https://mhealth.jmir.org/2021/11/e31037
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being younger in age, perceived to have greater texting savviness
and technological literacy, and a higher baseline motivation to
change. Staff preferred to engage patients whom they predicted
would agree to use the aTS and to avoid having conversations
about the aTS with others: “…there’s no sense in even bringing
(the aTS) up because it just wouldn’t be for them” (s224).
Staff further emphasized that they thought the aTS could
complement traditional care for patients who might be prone
to neglecting their own health or are facing various health and
social challenges like memory issues and other cognitive
impairments, limited social support, homelessness, and low
health and technological literacy, with whom they must “work
creatively” to engage in care. For more complex patients, an
option was to consider caregivers as potential recipients of aTS
messages. Patients and staff emphasized the importance of
patients being motivated and having baseline self-efficacy to
benefit from the aTS: “If you want to do it, be serious about it,”
(pt120, male 50 years old). Staff shared their observations that
once patients started using the aTS, they tended to continue
using it, and attrition was low. Patients expressed varying levels
of interest in the system, from those who were actively interested
(“I want it to be that thing overlooking my shoulder that gives
me a little extra discipline,” [pt124]) to those who were simply
not interested at all (“I have no desire to play with the
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e31037 | p.186
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telephone,” [pt119]). Several staff shared their concern that
some patients would agree to use the aTS to appease them during
an in-person appointment and then not follow through once the
protocol started. Staff mentioned needing support in “finding
the correct patients” (s224). One staff member suggested a
targeted recruitment approach to address issues of patients who
were struggling. They suggested, “look for outliers with high
blood pressure, outliers with diabetes, so they could easily focus
on people and they can sell it” (s205). However, such a clinically

Yakovchenko et al
focused patient outreach for the aTS was less commonly
described than the practice of targeting patients based on the
nonclinical characteristics noted above.

NASSS Domain 2: Technology
The aTS has patient- and staff-facing components that differ in
terms of their interface, functionality, and complexity. The left
panel in Figure 2 displays the aTS interface as seen by staff
when assigning protocols, whereas the right panel displays a
text exchange as seen by patients.

Figure 2. Screenshots of the staff and patient interfaces of the automated text messaging system for tobacco cessation protocol.

Knowledge and Support
Because staff invited patients with previous texting experience
to use the aTS, there was no pressing need for staff-to-patient
training. Conversely, staff acknowledged a steep learning curve
that influenced their willingness to use and continue using the
aTS, even with training, access to written materials, and live
support from the aTS designers. Many commented about the
time lag between training and the first enrollment of patients,
which necessitated refresher training and technical support.
However, once comfortable with the aTS, many deemed it
“fairly straightforward and seamless” (s303), although some
still found it “clunky” and “a little bit slow.”
Perceptions on the time needed to introduce, consent, and enroll
patients in the aTS were strong deterrents of use for busy staff.
The process of signing into the system and assigning a protocol
to patients was considered complicated and a point at which
patients may lose interest or get frustrated; however, once this
front-end “logjam” of tasks was completed, demands on staff
time were manageable. One nurse practitioner commented that
“my efficiency of enrolling (patients) and following through
makes a big difference in time…(once) you’re comfortable with
(the aTS) you are more apt to continue to do it because you
know it’s not going to take you a lot of time” (s312). Several
https://mhealth.jmir.org/2021/11/e31037
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staff suggested that the aTS designers must consider
opportunities to automate enrollment, perhaps through other
existing technologies like waiting room kiosks, to bypass the
extensive front-end tasks.

Features and Functionality
Regarding functionality, many patients reported difficulties
with the proper syntax required to send responses to the aTS
(eg, incorrectly responding “Yes” instead of “Med Yes”).
Although some learned to use the correct syntax as indicated
in the aTS messages, a few abandoned the system out of
frustration. However, most patients commented on the simplicity
of the aTS: “Easy to use, it was no problem…quick and to the
point” (pt318). Some patients struggled to understand that the
aTS was not a direct line of communication with their clinical
team (ie, unlike secure messaging through VHA’s online patient
portal). Several patients indicated that they were interested in
the ability to text staff directly, but the staff overwhelmingly
did not want such a functionality.
The ability to tailor aspects of the aTS interaction was
considered a positive system feature among patients and staff,
although there were some who were unaware this was possible.
The potential to create texting protocols and tailor messages for
individual patients enhanced the staff’s sense of ownership and
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perceived value of the aTS. Some staff saw the process of
tailoring the aTS as shared decision-making with their patients,
and others appreciated the system’s support of patient autonomy,
allowing patients to use the aTS when they want to engage. As
one physician noted, patients might experience texting fatigue.
“The patients can pause it if they need a break. And it might be
that they pause and 2 weeks down the road they can reactivate
it” (s214).

Patient-Generated Data
There were mixed opinions among staff on how best to use
patients’ aTS responses. The patients and staff were interested
in visualizing patients’ numerical responses to the aTS messages
over time, such as blood pressure and weight values. Staff
appreciated the ability to longitudinally record such data in
between visits but lamented that real-time data were not recorded
directly in the electronic medical record (EMR). Some staff
were less concerned about transferring this patient-generated
data to the EMR and embraced reviewing the aTS portal’s
message dashboard, occasionally together with patients.
Reviewing a patient’s message logs prior to an appointment
was considered helpful to guide conversation, titrate medication,
and revise health plans. However, others were opposed to
reviewing patient messages, yet another source of information
to manage, as they believed the aTS fell entirely in the realm
of self-management and was not intended for staff monitoring.
As for those with more favorable opinions of the
patient-generated data, some staff were unclear how, if at all,
to use it: “What am I going to do with that information? Am I
going to schedule an appointment with the patient? Am I going
to call the patient, which is now extra work?” (s224).

NASSS Domain 3: Value Proposition
Supply-Side Value
Staff perceived the aTS as versatile, amenable to supporting
simple (eg, 1-way education and motivation), complicated (eg,
2-way appointment and lab reminders), and complex (eg,
procedure preparation) messaging. The aTS was viewed as a
welcome complement to education provided during in-person
visits and offered patients flexibility to interact with, reflect on,
and apply new learning about their health at their preferred pace.
Staff felt the system was aligned with VHA’s larger goals of
empowering patients, promoting self-management, and staying
connected with patients between visits. Nevertheless, for some,
perceptions of the workload associated with the aTS impeded
their interest in using it.
Staff indicated several benefits of using the aTS. First, some
stated the aTS was suitable for younger patients, who often
prefer technology-mediated communication. Second, they
recognized that investing in the aTS might have administrative
benefits such as reducing appointment no-shows and increasing
patient preparation for appointments (eg, necessary lab tests not
completed). Third, there may be workload improvements from
reducing repetitive clinical tasks. Such changes could enable
other clinical team members to work at the top of their licenses.
As one physiologist noted, the aTS “would open up time for
the nurses to really focus their energy on patients who need a
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lot of tender loving care instead of just doing reminder phone
calls on a weekly basis to track down patients…” (s206).

Demand-Side Value
Patients endorsed value in several areas. First, patients felt the
aTS supported new learning about their health and saw the aTS
as a means of promoting closer connections to their clinical
team. As one patient commented, “It’s kind of like the little guy
whispering in your ear that this is important. Your doctor is
concerned about what you’re doing” (pt144). To this end,
patients reported aTS messages were more credible compared
to those that might come from other non-VHA technologies.
Second, patients reported that texting had a psychological and
behavioral impact, making them feel accountable, safer, and
more comfortable. One patient who was participating in a VHA
weight management program commented, “It’s eye opening to
me and forces me to be honest with myself about the things I’ve
done and the things I’ve eaten, so that’s a huge benefit because
without having to do that every day it’s very easy to just
mindlessly go on from day to day without thinking about it
specifically” (pt122). Third, patients felt texting was desirable
because it offers more control when one wants to absorb
information. As one patient described, “You can accept a text
message when you’re ready on your terms. That kind of stuff
is not quite as invasive as a phone call…I think it’s a great way
to present nonthreatening education, reminders, guidance”
(s214). Finally, patients reported leveraging the aTS messages
to support their self-management efforts in unintended ways.
For example, reminders from the aTS to take one’s morning
medications for a specific condition were used in practice by
some patients as a reminder to take all their morning
medications.

NASSS Domain 4: Adopters
The characteristics and experiences of the intended aTS
adopters, the staff and patients, constituted the most complex
domain in our analysis, largely owing to ill-defined staff roles
and responsibilities during system implementation and persistent
concerns about patients’ understanding of self-management.

Staffing, Roles, and Skills
Despite having learned about the aTS functionality, many staff
reported feeling unprepared to implement it after 1 training
session, citing insufficient guidance on how to practically
incorporate the aTS in their clinic and in-patient care planning.
There was consensus that staff roles and interdependencies
would need to change to accommodate aTS uptake and use, and
many noted that without dedicated personnel, the aTS might
have limited success. Staff recommended that one or several
individuals, rather than an entire team, assume aTS
responsibilities to ensure greater uptake and minimize
disruption. Others proposed distributing enrollment steps across
staff to promote teamwork.
Readiness and willingness to implement the aTS differed across
staff. Pharmacists and nurses conveyed a higher readiness than
physicians, many of whom were resistant. Some staff cautioned
that having physicians play a central role would be a
“rate-limiting step” in the system’s spread. As one physician
commented, “If providers are expected to have a lot of
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involvement with this, it's gonna flop” (s211). Specifically,
physicians sought a degree of separation from aTS education
and enrollment processes, suggesting other staff as more
appropriate for these tasks. However, many nurses saw the aTS
as an extension of their work, including one who commented
that the aTS “harmonizes perfectly” with their clinical role
(s215). Staff described how nonlicensed medical support
assistants could contribute to aTS enrollment processes after
verbal consent was obtained from a licensed clinician. Finally,
staff suggested that champions, such as existing telehealth
coordinators, could help “unburden the staff from having to be
the tech expert” (s217).

Complex Decisions
Staff often expressed hesitation about using 2-way texting
because of concerns about interpreting and acting on the content
of the patients’ replies (ie, reporting high blood pressure).
Although patients were made aware during consent that
messages were unmonitored, staff remained concerned about
liability.
Patients voiced a parallel concern about not knowing who was
overseeing the messages they exchanged through the aTS and
the extent to which those messages reflected an understanding
of their unique health situation. As one patient remarked, “Don’t
get me wrong, but I don’t want a clerk sending these kinds of
messages where a health provider should at least be seeing it”
(pt111).

NASSS Domain 5: Organization
According to the participants, the organization domain included
various factors impacting aTS uptake, including leadership,
readiness to innovate, and logistics of workflows and routines.

Leadership and Readiness to Innovate
At the time of executing this project, publicity for the system
was highly localized, with no coordinated plan to raise
awareness across leadership levels, stakeholders, or other staff.
Most staff who tried the aTS were keen to learn about it and
did so without a wider team or organizational involvement,
citing a “willing (ness) to try new things” and openness to “new
technology to help us with the Veterans” (s302). Staff cautioned
that the leadership was “very contemplative,” “skeptical,” and
required strong evidence to buy into new technology like the
aTS. Although leadership buy-in was initially described as a
“stumbling block,” most staff felt that with sufficient evidence,
the aTS would with time become “an easy sell” (s216). Notably,
clinic willingness to use the aTS varied within facilities, and
staff at smaller facilities tended to view the aTS as a potential
time-saving tool given their limited workforce. Interfacility
variation stemmed from leadership and readiness, whereas
intrafacility (between clinics within a facility) variation was
more adopter-oriented.

Workflows and Routines
Staff uniformly recommended that the most important
consideration should be “how are we going to work this into
our flow” (s217). Staff were conflicted, noting that although
the aTS is “a good thing for the patient…I don’t see where in
the workday we can be checking this” (s203). Others expected
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that the aTS could offset some more administrative activities:
“It would open up time for the nurses to focus their energy on
patients who need a lot of tender loving care…to help streamline
their work, so they could use their clinical skills more
effectively” (s206). Nevertheless, at the time of our evaluation,
facility-wide shared visions of how best to use the aTS were
lacking, as were ideas regarding how best to coordinate aTS
use to support its broader spread.

NASSS Domain 6: Wider System, Interaction Between
Domains, and Adoption Over Time
Wider sociocultural forces including financial, political, legal,
and regulatory factors posed hurdles to aTS uptake and sustained
use. The system’s long-term adoption and use was related to its
design and flexibility, as well as the ability of staff, clinics, and
facilities to monitor and respond to the system.

Fiscal
Staff wanted to be recognized for the time they were devoting
to the aTS as well as be held accountable for and have dedicated
time to use it with patients. However, staff were neither able to
track workload credit to account for time spent on the aTS nor
externally incentivized to use it.

Interoperability
Staff perceptions on the scale-up, spread, and sustainability of
the aTS were largely based on two key system characteristics:
(1) interoperability with the EMR and (2) potential to be used
in conjunction with other existing technologies. Because of
limited interoperability with the EMR, if staff wanted to include
information in an aTS protocol specific to a patient (eg,
appointment or medication refill dates), they had to manually
enter the information into the protocol. This was not only
laborious, but it also raised concerns about accuracy problems,
particularly in the case of longer and more complex aTS
protocols. For these reasons, some staff viewed the aTS as
unsustainable. Some described the aTS as a “step down” from
more intensive, clinician-directed initiatives such as VHA’s
MOVE! weight management program, and its home telehealth
program with remote monitoring and case management services
for chronic health conditions. One dietician commented that
the aTS could help patients “to still be aware of their health
goals but not so dependent on us as clinicians to really be
involved in that care” (s210).

Digitalization and Marketing
Patients and staff alike viewed the aTS as part of a larger
nationwide digitalization initiative. Staff suggested
national-level marketing to improve the visibility of the aTS
and reduce the educational burden at the clinic level. Staff
likened the aTS to the rollout of VHA’s online patient portal
nearly 20 years earlier, suggesting that there may be transferable
lessons. There was recognition that younger patients may be
more amenable to adopting the aTS than the patients most staff
were currently seeing for care, and although many younger
patients may not yet be facing health problems, a focus on health
promotion and disease prevention could help spread aTS use.
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Discussion
Principal Findings
Guided by the NASSS, we evaluated the implementation of an
aTS in the nation’s largest integrated health care system. The
perceived value of the aTS derives from its versatility, patient
and staff demand, and growing societal comfort and familiarity
with technology that aids health-related communication. The
aTS has considerable potential to complement traditional,
in-person care as well as usage of other patient-facing
technologies. Nevertheless, implementation posed challenges
related to the system’s limited functionality, mixed user
experiences, inadequately defined workflows, and limited
interoperability with other systems like the EMR.
Although staff became competent in using the aTS, many were
unable to integrate the system into their workflow given the
limited duration of patient visits, technical challenges, and
distribution of other clinical tasks. Staff appeared to assume
that once a critical number of patients started using the aTS and
the burden of educating, consenting, and enrolling large numbers
of patients had passed, they would thereafter have the relatively
easy task of assigning protocols. Despite being a plausible
scenario, this can place a heavy burden on early staff adopters
who may be expected to perform extra short-term work in the
belief they will receive long-term benefits.
VHA and other health care systems are investing in technologies
for remote delivery of health care services, and texting systems
are arguably one of the most efficient forms of communication.
However, we found that staff assumptions about many of their
patients precluded universal offering of the aTS. Moving
forward, safeguards must be established to protect against such
bias. More targeted patient outreach was recommended by some
participants and is supported by literature [21]. Ways to increase
aTS use despite staff concerns could include streamlining the
aTS enrollment process by offering the system to all new
patients at the time of VHA health care enrollment and providing
specially trained staff for this, thereby removing clinical staff
from time-consuming front-end processes.
We found that some patients were skeptical about texting,
whereas others felt little need to improve their self-management
and therefore declined the aTS. Our data highlight how the
process of tailoring aTS message content and timing not only
encouraged patient use but also enhanced patient autonomy,
which aligns with patient-centered care principles [22,23].
Although many staff reported that the responses patients sent
to the system would rarely change the care they provided, most
of the staff wanted access to the patient messages within the
aTS and related system reports [24]. As the potential value of
patient-generated data grows, future efforts may involve using
the aTS to gather patient-reported outcomes, including
satisfaction, comprehension of instructions, and postdischarge
follow-up assessments [25].
In cases of modest patient interest in the aTS system as well as
patient memory and cognitive issues, patients and staff suggested
that informal caregivers might be greater beneficiaries of the
aTS than patients. Indeed, Wagner et al found text messaging
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caregivers directly was significantly associated with changes
in diabetes outcomes for patients [26]. Extending the reach of
the aTS to caregivers requires further study as an implementation
strategy and an approach to improving patient outcomes.
Moreover, given the heterogeneity of past texting studies, more
research is needed to determine associations between texting
intervention characteristics (eg, frequency, timing, duration,
interactivity) and outcomes [2].
The NASSS is quickly becoming a prominent meta-framework
for identifying complexities and their interactions in studies of
technology implementation [27,28]. The framework posits 3
levels
of
complexity—simple,
complicated,
and
complex—which may predict technology adoption and
nonadoption. New tools, including the NASSS-CAT, are
particularly useful in explaining our data and could help guide
technology implementation initiatives [20]. We used the
NASSS-CAT retrospectively; future implementation work may
consider using such tools prospectively over the duration of a
project.
From our application of the NASSS framework, we determined
that overall, the aTS was perceived as easy to use by patients
(simple in NASSS terminology) and difficult by staff
(complicated in NASSS terminology), a situation that could
threaten scalability. In our analysis, the aspect most likely to
hamper the uptake and spread of aTS was related to adopters
(characteristics and experiences of intended users), principally
because there was insufficient staff training, and staff roles and
responsibilities for implementation tasks were poorly defined.
We determined it as the most unpredictable and abstruse domain
(complex in NASSS terminology). The only other complex
domain was value (users’ perceived benefit of the technology),
rated as such because staff could detect the potential of the aTS
but could not always detect a relative advantage given workload
demands. Such staff views likely fueled their doubts that aTS
would be sustainable. Several NASSS domains presented
moderate difficulty to staff and patients (ie, they were rated as
complicated). These were condition (health issue being
addressed), technology (innovation characteristics such as
system usability and data generated), organization
(characteristics of the health care system), and wider system
(societal elements such as political and regulatory concerns).
A frequently cited challenge was the lack of the interoperability
of the aTS with the EMR and existing patient-facing
technologies. Interoperability helps drive spread and
sustainability by facilitating documentation of aTS enrollment,
easily transferring patient responses to clinical notes, and
autopopulating text messages unique to an individual patient’s
situation. Integrating the aTS into the EMR has implications
for workflows, potentially reducing staff burden. There may
also be opportunities for integration of the aTS into population
health management tools that are commonly used in VHA
[29-32]. It is not surprising that no domains were rated as simple
given the aTS is a dynamic platform that can address the needs
of a range of health conditions, behaviors, and patients.
The challenges noted above need not hamper the uptake and
spread of the aTS, and since the completion of this evaluation,
VHA has made iterative refinements in the aTS, some of which
address these challenges. A variety of practices can help with
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implementation of new technologies in large complex health
care systems: (1) At the facility level, local champions can be
identified or assigned, who can assist with multiple aspects of
text-messaging promotion, such as marketing and education,
technical assistance, and work groups and communities of
practice [33]. (2) At central levels, an expert panel can be created
to oversee text-messaging protocol governance, and, depending
on its expertise and capacity, such a panel could also work with
individual facilities to develop and test new protocols. (3)
Marketing and educational efforts can be effective in producing
materials, supporting websites and helplines, creating training
platforms, and convening a community of practice. (4) Finally,
dashboards can be created to track new enrollment in
text-messaging systems in real time at the national, regional,
and facility levels.

Strengths and Limitations
One strength of this evaluation is the identification of diverse
perspectives of VHA patients and staff from a range of
disciplines and VHA settings. VHA is unlike many other health
care systems, and veterans differ from nonveteran patients;
therefore, our findings may not be entirely generalizable to other
health care systems and patient populations. It is important to
note that at the time of our work, the aTS was in a beta testing

Yakovchenko et al
stage, and the system was actively being updated. In addition
to impacting the user experience, staff who engaged with the
system at this time could generally be considered early adopters
and may differ from users who encounter the aTS at later stages
of its implementation. Data were collected in 2 waves over a
period of 1.5 years. We used the NASSS-CAT retrospectively,
thus likely not taking full advantage of its potential. Future
implementation work may do well to consider using such tools
over the duration of a project prospectively and retrospectively.

Conclusions
This is the first paper to report qualitative findings from the
perspectives of patients and staff on factors affecting the
adoption, implementation, and spread of VHA’s new aTS.
NASSS, a meta-framework for identifying complex elements
and their interactions, was an important tool to help classify
these factors and recognize their interplay [27,28]. As health
care systems implement new technologies to deliver
high-quality, effective, patient-centered care, the multilevel
complexities of adoption (or nonadoption), implementation,
and sustainment must be studied. Insights gained from such
evaluations continue to inform improvements in VHA’s aTS
system and its national rollout and use, and they can aid in the
scaling of texting interventions in other health care systems.
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Abstract
Background: The use of new and emerging tobacco products (NETPs) and conventional tobacco products (CTPs) has been
linked to several alarming medical conditions among young adults (YAs). Considering that 96% of YAs own mobile phones,
SMS text messaging may be an effective strategy for tobacco risk communication.
Objective: Project Debunk is a community-based randomized trial aiming to identify specific types of messages that effectively
improve perceived NETP and CTP risk among YAs in community colleges.
Methods: With YAs recruited offline from 3 campuses at the Houston Community College (September 2016 to July 2017), we
conducted a 6-month randomized trial with 8 arms based on the combination of 3 message categories: framing (gain-framed vs
loss-framed), depth (simple vs complex), and appeal (emotional vs rational). Participants received fully automated web-based
SMS text messages in two 30-day campaigns (2 messages per day). We conducted repeated-measures mixed-effect models
stratified by message type received, predicting perceived CTP and NETP risks. Owing to multiple testing with 7 models, an
association was deemed significant for P<.007 (.05 divided by 7).
Results: A total of 636 participants completed the baseline survey, were randomized to 1 of 8 conditions (between 73 and 86
participants per condition), and received messages from both campaigns. By the 2-month post campaign 2 assessment point,
70.1% (446/636) completed all outcome measures. By the end of both campaigns, participants had a significant increase in
perceived NETP risk over time (P<.001); however, participants had a marginal increase in perceived CTP risk (P=.008). Separately
for each group, there was a significant increase in perceived NETP risk among participants who received rational messages
(P=.005), those who received emotional messages (P=.006), those who received simple messages (P=.003), and those who
received gain-framed messages (P=.003).
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Conclusions: In this trial, YAs had an increase in perceived NETP risk. However, with stratification, we observed a significant
increase in perceived NETP risk upon exposure to rational, emotional, simple, and gain-framed messages. In addition, YAs
generally had an increase in perceived CTP risk and presented nonsignificant but observable improvement upon exposure to
emotional, complex, and loss-framed messages. With the results of this study, researchers and practitioners implementing mobile
health programs may take advantage of our tailored messages through larger technology-based programs such as smartphone
apps and social media campaigns.
Trial Registration: ClinicalTrials.gov NCT03457480; https://clinicaltrials.gov/ct2/show/NCT03457480
International Registered Report Identifier (IRRID): RR2-10.2196/10977
(JMIR Mhealth Uhealth 2021;9(11):e25618) doi:10.2196/25618
KEYWORDS
tobacco use; risk communication; text messaging; message framing; regulatory science; young adults; vaping; mobile phone

Introduction
Background
Tobacco use in many forms, such as combustible, vaporized,
or smokeless, has been linked to several alarming medical
conditions among young adults (YAs; aged 18-25 years). These
include nicotine dependence [1], psychiatric disorders [2], and
developing pulmonary [3,4] and cardiovascular diseases [5].
Of more recent concern are the findings of deleterious health
effects associated with inhalation of nicotine-containing aerosol
(vaping) [6,7] and longitudinal associations between vaping
and future use of conventional tobacco products (CTPs;
including combustible cigarettes, cigars, pipes, and chewing
tobacco, dip, or snuff) [8-11]. However, approximately 15% of
American YAs are current cigarette smokers, and 36% of
American YAs are current users of vaping products, one of
many new and emerging tobacco products (NETPs), including
vapes, hookahs, and snus in the United States [12].
YA tobacco use can be partly attributed to the relatively low
perceived risk of products when compared with other adult age
groups [13-15]. This is particularly the case for NETPs such as
vaping products and hookahs, which are believed to be safer
than CTPs [13,16-18]. According to national reports, YAs tend
to have a lower perception of the harm from vaping products
[19] and hookah [20] compared with combustible cigarettes.
YAs tend to demonstrate a lack of knowledge about the
ingredients in vaping products [14,21,22]. Ultimately, lower
risk perception, among other factors, has led to
health-compromising behaviors among YAs [23], including
experimentation with various nicotine and tobacco products as
well as other substances [24-26].

Responding to Tobacco Marketing
Despite known health consequences, aggressive tobacco
marketing to young people has been found to reduce risk
perception and promote continued tobacco use [27,28]. YAs
form a highly vulnerable population that continues to be targeted
as a potentially profitable market segment for the tobacco
industry [27-30]. The tobacco industry broadly disseminates
modern advertising on the radio, television, the internet, in print,
through direct mail, in nightclubs and pubs, and at the point of
sale [31-36].
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Tobacco advertising to YAs has become particularly successful
through mobile media channels [37,38]. Today, tobacco
companies depend on mobile strategies for marketing,
considering that 96% of YAs own smartphone devices [39].
Mobile marketing forums constitute the next generation of
marketing strategies, notably with demonstrations and invitations
through social media websites [40-43] and a variety of
protobacco smartphone apps advertised under kids and games
categories [44].
Health promotion experts and activists ought to respond to
tobacco marketing by communicating tobacco risk to YAs as
delineated by the educational mission and research priorities of
the US Food and Drug Administration [45,46]. Considering
that nearly all YAs (96%) own mobile phones, mobile phone
SMS text messaging is likely to be an effective strategy for
tobacco risk communication [39,47]. Although YAs tend to use
a variety of mobile phone apps for communication (eg,
WhatsApp), SMS text messaging remains a universal and
practical method of risk communication. SMS text messaging
programs have been successfully implemented for preventive
behavioral treatment, including smoking cessation [48].
However, there have been no published accounts for its
application in communicating tobacco risk to YAs [49-53].

Project Debunk: A Text Messaging Program
The goal of our project (Project Debunk) was to develop a
library of risk communication messages. Our message design
was based on a combination of 3 main message categories, each
with 2 message types: (1) framing (gain-framed or loss-framed
messages), (2) depth (ie, simple or complex messages), and (3)
appeal (ie, emotional or rational messages). Framing and appeal
were supported by previous research [54-57], whereas depth
was an original category proposed by our investigative team.
Messages from each category were also developed to
communicate the harm of CTPs and NETPs (Multimedia
Appendix 1). Messages describing CTPs included information
regarding combustible cigarettes, cigars, and pipes. Messages
describing NETPs included information regarding vaping
devices, snus, little cigars, cigarillos, and hookah (products that
were becoming increasingly prevalent at the time of this study
[12]). The resulting 976 SMS text messages were designed
through focus group discussions with YAs and feedback from
experts in public health, health communication, and behavioral
science [58]. The results indicate that YAs find the messages
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interesting and appropriate. They described the messages as
informative, interesting, easy to understand, straight to the point,
and at an appropriate character limit [58]. As a result, these
messages are of interest to YAs who would like to be informed
regarding tobacco. These SMS text messages have been
validated using linguistic inquiry and word counting, indicating
an adequate design based on framing, depth, and appeal [59].
In addition, early analysis from a Project Debunk randomized
trial further validated the messages [60]. Loss-framed messages
were more likely to be perceived as presenting a loss than
gain-framed messages, complex messages were reported to be
more complex than simple messages, and emotional messages
were perceived to be more emotionally engaging than rational
messages [60]. In addition, there were no differences among
the message types with respect to reported message credibility,
message enjoyment, perceived message relevance, or message
readability level [60]. A detailed description of the trial and
baseline characteristics has been published under the study
protocol [60].

Theoretical Framework
Available theoretical frameworks have described that the success
of message characteristics depends on individual differences in
the way they process information. First, according to the
elaboration likelihood model (ELM) [61,62], the effectiveness
of message characteristics depends on one’s cognitive effort
used to engage with the message content. When centrally
processing information, individuals put more effort into paying
attention to message content (eg, complex and rational messages
[63]). On the other hand, when peripherally processing
information, individuals put less cognitive effort by paying
attention to more peripheral cues, such as emotional features of
the message [64]. Second, according to the prospect theory of
message framing, gain and loss framing can have an effect on
health behavior depending on whether the individual is
risk-aversive or risk-taking [65]. Regardless, different message
characteristics can be effective for different audience members.
Results from previous meta-analyses of relevant research have
not favored one message type over another when improving
health outcomes [66-68]. As a result, it is essential to explore
the effects of different message characteristics on perceived
risk.

Study Objective
The objective of this paper on Project Debunk is to present the
results of a community-based randomized trial. The trial aims
to identify specific types of messages that are effective in
increasing the perceived risk of NETP use and CTP use among
YAs in community colleges. Considering the limited research,
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we cannot predict or anticipate differences among message
types in improving perceived tobacco risk [60]. For this reason,
we will test the success of improving perceived risk over time
among participants exposed to each message type alone. Our
central hypothesis is that controlling for all other message types,
campaign participants receiving each message type will have
an increase in perceived NETP risk and perceived CTP risk
over time. A message type is deemed impactful if it improves
YAs’ perceived risk over time. Once impactful SMS text
messages have been identified, they can subsequently be
introduced into an advanced digital intervention.

Methods
Study Design
A detailed description of the study design has been presented
elsewhere [60]. Briefly, we conducted a 6-month randomized
trial (September 2016 to July 2017) with 8 arms based on a
combination of 3 message categories: framing, depth, and appeal
(NCT03457480). Each category included 2 message types,
leading to a 2 (framing: gain vs loss) ×2 (depth: simple vs
complex) ×2 (appeal: rational vs emotional) factorial design.
Randomization in this design allowed us to control for receiving
different message types, as we tested changes over time for each
message type. Our objective was to examine changes in
perceived risk over time. As a result, comparison with a control
group was not conducted.
Participants received SMS text messages on their mobile phones
for free in 2 waves or campaigns. Each campaign comprised 2
SMS text messages per day for 30 days (ie, 60 text messages).
This resulted in a total of 120 messages considering both
campaigns. Participants were randomized into 8 arms, with 8
permutations based on message types. As a result, there was a
total of 960 messages disseminated for this study. The 2
campaigns were performed 1 week apart. The development
process and content of messages were frozen during the trial.
For ethical reasons, all participants received both NETP and
CTP messages. To control for the order in which SMS text
messages were received, the study included a crossover design.
Participants within each arm were randomly divided into 2
groups: the first group received messages on CTPs during the
first campaign and then NETPs during the second campaign,
whereas the second group received messages on NETPs during
the first campaign and then CTPs during the second campaign
(Figure 1). The study adhered to the CONSORT (Consolidated
Standards of Reporting Trials) and CONSORT-EHEALTH
(CONSORT–Electronic and Mobile Health Applications and
Online TeleHealth) guidelines (Multimedia Appendix 2) [69,70].
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Figure 1. Study design and randomization to 8 conditions followed by 2 crossover conditions (total of 16 conditions). CTP: conventional tobacco
product; NETP: new and emerging tobacco product; G: gain-framed messages, L: loss-framed messages, C: complex messages, S: simple messages,
R: rational messages, and E: emotional messages.

Population
YAs were recruited from 3 campuses at the Houston Community
College. The campuses were selected based on their ethnically
diverse populations [71]. YAs were eligible for the study if they
were aged between 18 and 25 years, enrolled in a community
college, possessed a mobile phone, regularly used SMS text
messaging, were willing to provide their phone number, were
capable of receiving SMS text messages from our messaging
system, and were able to read and speak English. The study
protocol was approved by the institutional review boards of the
University of Texas MD Anderson Cancer Center and Houston
Community College.

Recruitment and Enrollment
At each of the 3 campuses, recruitment took place face to face
at highly visible recruitment stations or booths, and printed
materials announcing the study (posters and fliers) were
displayed in high traffic areas. Research staff screened interested
students for eligibility, and eligible students provided informed
consent to participate in the study. During the face-to-face
consent process, participants received information regarding
the objective of the study, study procedures, potential risks,
potential benefits, compensation information, and contact
information. Following consent, participants completed a
20-minute web-based baseline survey on their phones.
Participants received a US $25 gift card for completing the
baseline survey and each of the 2 postcampaign surveys.
After 3 days of receiving the baseline survey, YAs began to
receive SMS text messages through the MD Anderson Cancer
Center resource called assessment, intervention, and
https://mhealth.jmir.org/2021/11/e25618
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measurement. A password-protected allocation sequence was
generated by the assessment, intervention, and measurement
resource, automatically sending SMS text messages on the basis
of allocation and keeping the research team blind to participant
allocation. Participants were blinded to the type of message
they received. Research assistants were available over the phone
in case of usability issues.

Measures
Through web-based skip-pattern surveys, we assessed a series
of previously validated and pretested measures [72]. The
measures have been validated for web-based use. We listed all
measures within our research protocol for the current trial [60]
and adhered to the Checklist for Reporting Results of Internet
E-Surveys (previously published as a supplementary material
[60]). At baseline, participants provided information regarding
their age, gender, race, ethnic group, basic expenses, education
attainment, numeracy level [73], and current use of CTP and
NETP (ie, past 30 days) [74,75]. Immediately after each
campaign, we assessed the self-reported attention level to the
messages (2 items, such as “When I was reading the text
messages, I paid attention to the messages more than to what
was happening around me.”). Participants were asked if this
was true for none of the messages (1), 1-2 messages (2), some
of the messages (3), a lot of the messages (4), or all the messages
(5). At baseline, 2 months post campaign 1, and 2 months post
campaign 2, we assessed perceived CTP risk and perceived
NETP risk [76]. Using a validated scale [76], the perceived risk
of using cigarettes, cigars, little cigars, cigarillos, pipes, chewing
tobacco, and dip or snuff, hookah, vaping products, and snus
was measured separately for each product. This allowed
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respondents to distinguish between the risks of different tobacco
products. The measure included 5 items; with the first item on
a 4-point Likert scale from no risk to great risk, we asked
respondents how much they think people risk harming
themselves if they use each of the tobacco products. On a 4-point
Likert scale from strongly disagree to strongly agree, the 4
remaining items presented statements such as, “The following
products increase the risk for medical problems such as
reproductive problems, respiratory problems, or heart disease”
[76]. Depending on product type, Cronbach α scores ranged
between .72 and .87. Perceived NETP risk was measured as the
average score for vaping products, hookah, little cigars or
cigarillos, and snus. Perceived CTP risk was measured as the
average score for cigarettes, cigars, pipes, and chewing tobacco,
dip, or snuff. The use of hookah, little cigars, or cigarillos, snus,
and electronic cigarettes became increasingly prevalent at the
time of this study, making such products new and emerging
[12]. This was particularly the case in Texas [77]. For this
reason, we chose to treat them as NETPs.

Statistical Analysis
Sample size determination has been previously described [60].
First, chi-square tests and 1-way analyses of variance were
conducted to check for differences among groups with respect
to the digital divide (ie, gaps in access to mobile phones),
confounders, and message reception. Then, we examined 2
study outcomes (perceived CTP risk and perceived NETP risk)
and their change over time (from baseline to 2 months post
campaign 2). To test the overall campaign success, we conducted
2 repeated-measures mixed-effect models for all participants,
examining changes over time in perceived CTP risk and
perceived NETP risk. This pair of models included the time
effect and main effects of message types: assignment to
gain-framed messages, assignment to emotional messages, and
assignment to simple messages.

Prokhorov et al
have an increase in perceived NETP risk and perceived CTP
risk over time. To test the success of improving perceived risk
over time among participants exposed to specific message types,
6 models were used for participants receiving (1) rational
messages, (2) emotional messages, (3) complex messages, (4)
simple messages, (5) loss-framed messages, and (6) gain-framed
messages. These 6 models were conducted to predict perceived
CTP risk and then perceived NETP risk. All 7 models that
predicted each main outcome controlled for crossover group
assignment and the differential effect of crossover group
assignment on time. In addition, after examining potential
covariates through a series of regression analyses, all models
controlled for age, gender, having a child, basic expenses,
education plan, numeracy level, and past 30-day tobacco use at
baseline (Multimedia Appendix 3). All models were fitted with
restricted or residual maximum likelihood estimation.
Considering 7 models for each main outcome, a P value <.007
(.05 divided by 7) was considered significant, and a P value
<.008 was considered marginal [78-81]. We also report the
direction of relationships for predictions with P<.05 when they
are concerned with our study aim. We used STATA (version
14; StataCorp LLC) for our analyses.

Results
Attrition
Figure 2 presents the study flow diagram. Of the 644 YAs who
agreed to participate, we excluded 8 (1.2%) YAs who did not
meet the age criterion (aged > 25 years). All 636 participants
completed the baseline survey, were randomized to 1 of the 16
conditions, and received the SMS text messages of campaign
1 as prescribed. All participants continued until 2 months post
campaign 2; however, 29.9% (190/636) did not complete all
outcome measures at the 2-month post campaign 2 assessment
(70.1% completion rate).

Our central hypothesis is that, controlling for all other message
types, campaign participants receiving each message type will
Figure 2. Study flow diagram. CG: crossover group; CG1 receive messages about new and emerging tobacco products (NETP) during campaign 1 and
then messages about conventional tobacco product (CTP) during campaign 2; CG2 receive messages about CTP during campaign 1 and then messages
about NETP during campaign 2; GCE: gain-framed, complex, emotional; GCR: gain-framed, complex, rational; GSE: gain-framed, simple, emotional;
GSR: gain-framed, simple, rational; LCE: loss-framed, complex, emotional; LSE: loss-framed, simple, emotional; LCR: loss-framed, complex, rational;
LSR: loss-framed, simple, rational.
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Demographic Characteristics

Checking for the Digital Divide

Demographic characteristics for the entire sample and stratified
by group at baseline were described under the trial protocol
[60]. In summary, the average age of our study sample was
20.78 (SD 2.18) years, and approximately two-thirds of
participants (430/636, 67.6%) were male. Participants exhibited
a numeracy level of 4.75 (SD 1.87) out of 8, and 29.1%
(185/636) aimed to continue their education to receive a
doctorate degree. In addition, 35.1% (223/636) reported that
they just meet basic expenses. The perceived CTP risk for the
sample at baseline was 2.56 (SD 0.69), and it became 2.64 (SD
0.71) out of 3 at follow-up. The perceived NETP risk for the
sample at baseline was 2.16 (SD 0.77), and it became 2.41 (SD
0.76) out of 3 at follow-up. Multimedia Appendix 4 presents
the demographic characteristics of the sample by group.

The results indicate that the groups did not differ with respect
to their preferred method of communication (χ27=22.1; P=.07),

G stands for gain-framed, L stands for loss-framed, C stands
for complex, S stands for simple message, R stands for rational,
and E stands for emotional. CG1 stands for crossover group 1
(receiving messages about NETPs during campaign 1 and then
messages about CTPs during campaign 2). CG2 stands for
crossover group 2 (receiving messages about CTPs during
campaign 1 and then messages about NETPs during campaign
2). Retention is based on completing all survey questions
pertaining to perceived NETP and CTP risk.
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willingness to receive health SMS text messages (χ27=5.9;
P=.56), or frequency of carrying a phone (χ27=3.4; P=.84).

Message Reception
A series of 1-way analyses of variance indicated no significant
difference in attention scores between emotional and rational
messages (F1,421<0.001; P=.99), simple and complex messages
(F1,421=1.09; P=.29), and gain-framed and loss-framed messages
(F1,421=0.86; P=.35). Only approximately 2.8% (12/423) of
participants indicated not paying attention to any of the
messages. The average score for attention to the messages (mean
3.16, SD 0.93) was significantly higher than 3 out of 5,
indicating paying attention to more than some of the messages
(P<.001).

Overall Campaign Outcomes
Table 1 presents the overall changes in the main outcomes over
time. By the end of both campaigns, as indicated by the
coefficient for time, participants had a significant increase in
perceived NETP risk (P<.001; Table 1). In this model, although
not significant, NETP users generally exhibited lower scores
in perceived NETP risk compared with nonusers (P=.009). By
the end of both campaigns, participants had a marginal increase
in perceived CTP risk (P=.008; Table 1).
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Table 1. Change over time in perceived risk of using NETPa and CTPb for the sample (N=636).c
Characteristics

Perceived NETP risk

Perceived CTP risk

B (SE)

P value

B (SE)

P value

0.23 (0.06)

<.001

0.13 (0.05)

.008

Crossover group

−0.04 (0.06)

.49

−0.04 (0.05)

.45

Crossover group by time

0.02 (0.08)

.79

0.05 (0.07)

.50

Age

0.02 (0.01)

.08

−0.001 (0.01)

.93

Being female

−0.01 (0.06)

.78

0.01 (0.05)

.77

Having a child

−0.05 (0.09)

.55

0.09 (0.08)

.23

Just meet

0.08 (0.10)

.44

0.08 (0.09)

.37

Meet adequately

0.14 (0.11)

.19

0.17 (0.09)

.06

Meet comfortably

0.10 (0.11)

.38

0.02 (0.09)

.84

Cannot meet (reference)

—e

—

—

—

Associate degree

−0.09 (0.14)

.52

0.12 (0.12)

.33

Bachelor’s degree

−0.14 (0.13)

.28

0.003 (0.10)

.19

Master’s degree

−0.11 (0.13)

.38

0.06 (0.10)

.08

Doctorate degree

−0.09 (0.13)

.49

0.16 (0.10)

.13

Certificate (reference)

—

—

—

—

Numeracy level

0.01 (0.02)

.48

0.01 (0.12)

.28

Baseline use of NETPf

−0.16 (0.06)

.009

—

—

Baseline use of CTPf

—

—

−0.10 (0.06)

.10

Receive gain-framed messagesg

0.10 (0.05)

.05

0.05 (0.04)

.21

Receive emotional messagesg

0.01 (0.05)

.84

0.02 (0.04)

.57

Receive simple messagesg

0.13 (0.05)

.01

0.07 (0.04)

.11

Time

d

Basic expenses

Education plan

a

NETP: new and emerging tobacco product.

b

CTP: conventional tobacco product.

c

Two models are presented in this table. Unstandardized coefficients are presented, and the significance level is examined at .007. Multimedia Appendix
5 presents 95% CIs for each coefficient.
d

The unadjusted time effect predicting perceived NETP risk was B (SE)=0.24 (0.04), P<.001, and the unadjusted time effect predicting perceived CTP
risk was B (SE)=0.16 (0.03), P<.001.
e

For reference factors (eg, cannot meet), this indicates that data is not applicable. For actual variables (eg, baseline NETP use), this indicates that the
variable was not included in the model.
f

Baseline use of NETP or CTP indicates past 30-day use of NETPs and CTPs at baseline.

g

These variables compare receiving 1 message type with its counterpart (gain-framed vs loss-framed, emotional vs rational, and simple vs complex).

Checking for Confounders
To check for potential demographic confounders of perceived
CTP risk, we determined whether intervention effects varied
by demographic characteristics, particularly those identified as
covariates. Overall, the results failed to identify effects as a
moderating function of age (P=.31), sex (P=.35), having a child
(P=.90), basic expenses (P=.26), education level (P=.06),
numeracy level (P=.06), or current tobacco use (P=.41). A
similar analysis for perceived NETP risk indicated no effects
as a function of age (P=.51), sex (P=.64), having a child (P=.75),
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basic expenses (P=.14), education level (P=.87), numeracy level
(P=.05), or current tobacco use (P=.26).

Change in Perceived NETP Risk by Type of Message
Received
As presented in Table 2, there was a significant increase in
perceived NETP risk among participants receiving emotional
messages regarding NETPs (P=.006). We also observed a
nonsignificant increase in perceived NETP risk among
participants who received complex messages (P=.01) and those
who received loss-framed messages (P=.01).
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Table 3 shows a significant increase in perceived NETP risk
among participants who received rational messages (P=.005),

simple messages (P=.003), and gain-framed messages regarding
NETPs (P=.003).

Table 2. Change in perceived risk of using NETPa among participants receiving emotional messages, those receiving complex messages, and those
receiving loss-framed messages.b
Characteristics

Emotional (n=314)

Complex (n=324)

Loss-framed (n=321)

B (SE)

P value

B (SE)

P value

B (SE)

P value

Timec

0.24 (0.09)

.006

0.21 (0.08)

.01

0.20 (0.08)

.01

Crossover group

0.03 (0.09)

.72

−0.09 (0.09)

.32

−0.04 (0.09)

.63

Crossover group by time

−0.11 (0.13)

.41

0.11 (0.12)

.34

0.19 (0.12)

.11

Age

0.02 (0.02)

.23

0.02 (0.02)

.15

0.02 (0.02)

.18

Being female

−0.12 (0.08)

.14

0.04 (0.08)

.61

0.08 (0.08)

.29

Having a child

0.04 (0.13)

.76

−0.22 (0.13)

.09

0.16 (0.13)

.23

Just meet

0.06 (0.15)

.66

0.06 (0.17)

.71

0.09 (0.14)

.54

Meet adequately

0.08 (0.15)

.59

0.11 (0.17)

.51

0.04 (0.14)

.78

Meet comfortably

0.09 (0.16)

.55

0.04 (0.17)

.84

0.05 (0.15)

.72

Cannot meet (reference)

—d

—

—

—

—

—

Associate degree

−0.25 (0.21)

.23

−0.04 (0.20)

.84

−0.29 (0.21)

.17

Bachelor’s degree

−0.26 (0.19)

.17

−0.22 (0.18)

.22

−0.22 (0.19)

.24

Master’s degree

−0.23 (0.19)

.20

−0.22 (0.18)

.22

−0.26 (0.19)

.15

Doctorate degree

−0.23 (0.19)

.22

−0.19 (0.18)

.28

−0.25 (0.19)

.18

Certificate (reference)

—

—

—

—

—

—

Numeracy level

0.03 (0.02)

.15

−0.02 (0.02)

.36

−0.02 (0.02)

.43

Baseline NETP usee

−0.22 (0.09)

.009

−0.16 (0.08)

.06

−0.02 (0.08)

.01

Receive simple messagesf

0.06 (0.07)

.41

—

—

0.15 (0.07)

.04

Receive gain-framed messagesf

0.16 (0.07)

.04

0.13 (0.07)

.08

—

—

Receive emotional messagesf

—

—

0.09 (0.07)

.20

−0.02 (0.07)

.78

Basic expenses

Education plan

a

NETP: new and emerging tobacco product.

b

Three models are presented in this table. Unstandardized coefficients are presented with the significance level at .007. Multimedia Appendix 5 presents
95% CIs for each coefficient.
c

The unadjusted time effects for participants receiving emotional, complex, and loss-framed messages were B(SE)=0.18 (0.06), P=.004, B(SE)=0.26
(0.06), P<.001, and B(SE)=0.30 (0.06), P<.001, respectively.
d

For reference factors (eg, cannot meet), this indicates that data is not applicable. For actual variables (eg, receive simple messages), this indicates that
the variable was not included in the model.
e

Baseline NETP use indicates past 30-day use of NETPs at baseline.

f

These variables compare receiving 1 message type with its counterpart (gain-framed vs loss-framed, emotional vs rational, and simple vs complex).
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Table 3. Change in perceived risk of using NETPa among participants receiving rational messages, those receiving simple messages, and those receiving
gain-framed messages.b
Characteristics

Rational (n=322)

Simple (n=312)

Gain-framed (n=315)

B (SE)

P value

B (SE)

P value

B (SE)

P value

Timec

0.22 (0.08)

.005

0.25 (0.08)

.003

0.25 (0.08)

.002

Crossover group

−0.12 (0.09)

.16

−0.02 (0.09)

.85

−0.04 (0.09)

.65

Crossover group by time

0.14 (0.11)

.21

−0.08 (0.12)

.50

−0.14 (0.12)

.24

Age

0.02 (0.02)

.16

0.02 (0.02)

.27

0.02 (0.02)

.17

Being female

0.07 (0.08)

.36

−0.07 (0.08)

.39

−0.10 (0.08)

.21

Having a child

−0.16 (0.13)

.22

0.12 (0.13)

.33

−0.22 (0.13)

.10

Just meet

0.01 (0.15)

.52

0.10 (0.14)

.45

0.04 (0.16)

.80

Meet adequately

0.16 (0.15)

.28

0.15 (0.14)

.28

0.20 (0.16)

.22

Meet comfortably

0.09 (0.16)

.58

0.16 (0.14)

.27

0.13 (0.16)

.43

Cannot meet (reference)

—d

—

—

—

—

—

Associate degree

0.04 (0.20)

.82

−0.17 (0.20)

.39

0.07 (0.19)

.71

Bachelor’s degree

−0.02 (0.18)

.88

−0.04 (0.18)

.83

−0.09 (0.17)

.60

Master’s degree

−0.001 (0.18)

.99

0.03 (0.18)

.87

−0.01 (0.17)

.96

Doctorate degree

0.04 (0.18)

.80

0.03 (0.17)

.87

0.04 (0.17)

.82

Certificate (reference)

—

—

—

—

—

—

Numeracy level

−0.003 (0.02)

.86

0.04 (0.02)

.04

0.03 (0.02)

.13

Baseline NETP usee

−0.09 (0.09)

.31

−0.16 (0.09)

.06

−0.10 (0.09)

.26

Receive simple messagesf

0.21 (0.07)

.003

—

—

0.07 (0.07)

.30

Receive gain-framed messagesf

0.07 (0.07)

.32

0.09 (0.07)

.04

—

—

Receive emotional messagesf

—

—

−0.07 (0.07)

.34

0.03 (0.07)

.67

Basic expenses

Education plan

a

NETP: new and emerging tobacco product.

b

Three models are presented in this table. Unstandardized coefficients are presented, and the significance level is examined at .007. Multimedia Appendix
5 presents 95% CIs for each coefficient.
c

The unadjusted time effects among participants receiving rational, simple, and gain-framed messages were B(SE)=0.30 (0.06), P<.001, B(SE)=0.22
(0.06), P<.001, and B (SE)=0.18 (0.06), P=.002, respectively.
d

For reference factors (eg, cannot meet), this indicates that data is not applicable. For actual variables (eg, receive simple messages), this indicates that
the variable was not included in the model.
e

Baseline NETP use indicates past 30-day use of NETPs at baseline.

f

These variables compare receiving 1 message type with its counterpart (gain-framed vs loss-framed, emotional vs rational, and simple vs complex).

Change in Perceived CTP Risk by Type of Message
Received
Table 4 presents an observable nonsignificant increase in
perceived CTP risk among participants who received emotional
messages (P=.01), those who received complex messages
(P=.03), and those who received loss-framed messages (P=.01).
Among participants receiving complex messages, higher
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numeracy levels were significantly related to an increase in
perceived CTP risk (P=.006).
On the other hand, as presented in Table 5, there was no
significant increase in perceived CTP risk among participants
who received rational (P=.20), simple (P=.11), or gain-framed
messages (P=.23). Among participants who received simple
messages, numeracy level (P=.006) and current CTP use
(P<.001) were significantly related to higher perceived CTP
risk.
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Table 4. Change in perceived risk of using CTPa among participants receiving emotional messages, those receiving complex messages, and those
receiving loss-framed messages.b
Characteristics

Emotional (n=314)

Complex (n=324)

Loss-framed (n=321)

B (SE)

P value

B (SE)

P value

B (SE)

P value

Timec

0.02 (0.07)

.01

0.16 (0.07)

.03

0.18 (0.07)

.01

Crossover group

0.17 (0.07)

.76

−0.09 (0.08)

.24

−0.01 (0.08)

.94

Crossover group by time

−0.05 (0.10)

.64

0.03 (0.10)

.76

0.06 (0.10)

.54

Age

−0.01 (0.01)

.36

−0.01 (0.02)

.66

−0.01 (0.02)

.63

Being female

−0.01 (0.07)

.94

0.05 (0.07)

.45

0.04 (0.07)

.54

Having a child

0.11 (0.11)

.33

0.04 (0.12)

.71

0.19 (0.11)

.09

Just meet

0.25 (0.13)

.06

0.12 (0.15)

.43

0.22 (0.13)

.11

Meet adequately

0.27 (0.13)

.04

0.24 (0.15)

.11

0.23 (0.13)

.07

Meet comfortably

0.13 (0.14)

.35

0.11 (0.15)

.47

0.08 (0.13)

.55

Cannot meet (reference)

—d

—

—

—

—

—

Associate degree

−0.08 (0.18)

.68

0.19 (0.17)

.27

0.04 (0.18)

.80

Bachelor’s degree

−0.002 (0.16)

.99

0.06 (0.16)

.71

−0.002 (0.16)

.99

Master’s degree

0.06 (0.16)

.71

0.08 (0.15)

.59

0.01 (0.16)

.96

Doctorate degree

−0.04 (0.16)

.79

0.10 (0.16)

.52

−0.04 (0.16)

.81

Certificate (reference)

—

—

—

—

—

—

Numeracy level

0.02 (0.02)

.28

−0.02 (0.02)

.31

0.01 (0.02)

.52

Baseline CTP usee

−0.16 (0.09)

.08

0.07 (0.09)

.45

−0.14 (0.09)

.13

Receive simple messagesf

0.04 (0.06)

.53

—

—

0.06 (0.06)

.47

Receive gain-framed messagesf

0.14 (0.07)

.04

0.04 (0.07)

.57

—

—

Receive emotional messagesf

—

—

0.06 (0.07)

.32

−0.05 (0.06)

.47

Basic expenses

Education plan

a

CTP: conventional tobacco product.

b

Three models are presented in this table. Unstandardized coefficients are presented, and the significance level is examined at .007. Multimedia Appendix
5 presents 95% CIs for each coefficient.
c

The unadjusted time effects among participants receiving emotional, complex, and loss-framed messages were B (SE)=0.16 (0.05), P=.001, B (SE)=0.17
(0.05), P=.001, and B (SE)=0.21 (0.05), P<.001, respectively.
d

For reference factors (eg, cannot meet), this indicates that data is not applicable. For actual variables (eg, receive simple messages), this indicates that
the variable was not included in the model.
e

Baseline CTP use indicates past 30-day use of CTPs at baseline.

f

These variables compare receiving 1 message type with its counterpart (gain-framed vs loss-framed, emotional vs rational, and simple vs complex).
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Table 5. Change in perceived risk of using CTPa among participants receiving rational messages, those receiving simple messages, and those receiving
gain-framed messages.b
Characteristics

Rational (n=322)

Simple (n=312)

Gain-framed (n=315)

B (SE)

P value

B (SE)

P value

B (SE)

P value

Timec

0.09 (0.07)

.20

0.11 (0.07)

.12

0.08 (0.07)

.23

Crossover group

−0.10 (0.07)

.19

0.02 (0.07)

.81

−0.06 (0.07)

.41

Crossover group by time

0.12 (0.10)

.22

0.05 (0.10)

.62

0.03 (0.10)

.75

Age

0.01 (0.01)

.31

0.01 (0.01)

.48

0.01 (0.01)

.65

Being female

0.04 (0.06)

.49

−0.02 (0.06)

.81

−0.002 (0.07)

.98

Having a child

0.08 (0.11)

.47

0.18 (0.10)

.07

0.02 (0.11)

.84

Just meet

−0.14 (0.12)

.25

0.06 (0.11)

.58

−0.12 (0.13)

.36

Meet adequately

0.01 (0.13)

.96

0.10 (0.11)

.36

0.04 (0.13)

.78

Meet comfortably

−0.13 (0.13)

.31

−0.05 (0.11)

.67

−0.11 (0.14)

.42

Cannot meet (reference)

—d

—

—

—

—

—

Associate degree

0.31 (0.16)

.05

−0.001 (0.16)

1.00

0.18 (0.16)

.26

Bachelor’s degree

0.28 (0.14)

.05

0.24 (0.14)

.09

0.24 (0.14)

.09

Master’s degree

0.29 (0.14)

.04

0.32 (0.14)

.02

0.32 (0.14)

.02

Doctorate degree

0.35 (0.14)

.01

0.24 (0.14)

.08

0.32 (0.14)

.02

Certificate (reference)

—

—

—

—

—

—

Numeracy level

0.01 (0.02)

.65

0.04 (0.01)

.004

0.01 (0.02)

.37

Baseline CTP usee

−0.03 (0.08)

.74

−0.30 (0.08)

<.001

−0.05 (0.08)

.51

Receive simple messagesf

0.09 (0.06)

.11

—

—

0.06 (0.06)

.36

Receive gain-framed messagesf

−0.03 (0.06)

.64

0.10 (0.06)

.09

—

—

Receive emotional messagesf

—

—

−0.01 (0.06)

.89

0.09 (0.06)

.37

Basic expenses

Education plan

a

CTP: conventional tobacco product.

b

Three models are presented in this table. Unstandardized coefficients are presented with the significance level at .007. Multimedia Appendix 5 presents
95% CIs for each coefficient.
c

The unadjusted time effects among participants receiving rational, simple, and gain-framed messages were B(SE)=0.16 (0.05), P=.002, B(SE)=0.14
(0.05), P=.004, and B (SE)=0.10 (0.05), P=.03, respectively.
d

For reference factors (eg, cannot meet), this indicates that data is not applicable. For actual variables (eg, receive simple messages), this indicates that
the variable was not included in the model.
e

Baseline CTP use indicates past 30-day use of CTPs at baseline.

f

These variables compare receiving 1 message type with its counterpart (gain-framed vs loss-framed, emotional vs rational, and simple vs complex).

Discussion
Principal Findings
Tobacco marketing has successfully crafted messages to promote
tobacco use among the general public, particularly among YAs.
As a result, there has been evidence of limited public knowledge
concerning the harms of tobacco products [82,83], particularly
NETPs such as e-cigarettes and hookahs [84]. The use of mobile
phones in the United States is nearly ubiquitous. This study
expands on previous research by identifying exceptionally
successful types of SMS text messages that can be used to
correct YAs’ perceptions of tobacco risk. Controlling for the
https://mhealth.jmir.org/2021/11/e25618
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type of message received, our results show that YAs had a
significant increase in perceived NETP risk. However, when
stratifying by message type, we observed a significant increase
over time in perceived NETP risk upon exposure to emotional,
rational, simple, and gain-framed messages. In addition, YAs
generally had an increase in perceived CTP risk. Although not
significant, after stratification, we observed an increase in
perceived CTP risk upon exposure to emotional, complex, and
loss-framed messages.
Previous research on risk perception among YAs supports our
results pertaining to emotional and rational messages [85], and
it is in line with the ELM of persuasion [61]. In particular, the
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e25618 | p.204
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harms of NETPs are still unfamiliar to young populations and
YAs. To avoid a higher-level effort to process messages
regarding NETPs [86], participants receiving simple messages
had an increase in perceived NETP risk, whereas participants
receiving complex messages did not. This supports the need for
simple messages to convey information that requires more effort
to understand. Similarly, with a need to engage in peripheral
processing, participants who received emotional messages also
improved in perceived NETP risk. Interestingly, rational
messages also produced a significant increase in perceived
NETP risk, indicating the success of central processing of
information on NETPs. Conversely, YAs tend to be more
familiar with the harms of CTPs [86]. With less need for
effortful cognitive information processing, although
nonsignificant, participants receiving emotional messages and
those receiving complex messages produced an observable
increase in perceived CTP risk, whereas participants receiving
rational messages and those receiving simple messages did not.
Although the ELM may explain these results, it is key for future
researchers to further examine this interpretation and measure
YAs’ need for cognition and familiarity with the products.
However, according to previous research, both gain-framed and
loss-framed messages can be effective in increasing tobacco
risk perception through different mechanisms [87,88]. In this
study, although not significant, our results indicate an observable
decrease in perceived CTP risk among YAs exposed to
loss-framed messages. Supportive of our findings, previous
research has frequently indicated that YAs favor loss-framed
messages with health risk themes [88,89]. By highlighting the
potential losses that result from tobacco use, it is expected that
YAs experience sadness and fear, thereby increasing risk
perception [87]. On the other hand, YAs who received
gain-framed messages had significantly improved perceived
NETP risk levels. This finding agrees with previous research
indicating that emphasis on the potential benefits of avoiding
tobacco can stimulate a sense of guilt responsible for a decrease
in risk perception [83]. In addition, the success of our
gain-framed messages can be attributed to their design. In
particular, these messages did not directly present the benefits
gained as a result of avoiding tobacco (ie, not using tobacco
helps one gain certain benefits). Instead, most messages
described a lack of loss as being the benefit (ie, not using
tobacco helps one avoid negative consequences). This type of
message framing takes advantage of a gain-framed design while
still describing losses. Regardless of the mechanism at play,
our results emphasize the effectiveness of messages that
communicate a need to avoid losses resulting from NETP use.
Future research should consider implementing this message
structure to improve the perceived NETP risk.

Limitations
There are some study limitations to be considered. First, this
study involved a convenience sample. Nevertheless, the sample
is representative of the diverse community college population
in terms of demographic characteristics and tobacco use among
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Texan YAs [90,91]. Second, the trial included a wide variety
of tobacco products, making it difficult to attribute the outcomes
to messages on specific products. However, the distinction
between messages on NETPs (eg, vaping products and hookah)
and CTPs (combustible and smokeless products) made it
possible to identify successful message types for these 2
common groups of products in the United States. Finally, the
loss of participants to follow-up with retention of only 70.1%
(446/636) of participants may have made it difficult to capture
the significance of some of the observed predictions.

Implications
With our current findings, we cannot conclude that one message
type is more effective than another. Nevertheless, this study
aimed to identify successful message types individually. Our
results suggest that specific types of SMS text messages can be
particularly successful. On the basis of our findings, we
encourage future researchers to apply emotional, complex, and
loss-framed messages when conveying the harm of CTPs. On
the other hand, we recommend the use of simple and
gain-framed messages to inform about the harms of NETPs.
These messages may be emotional or rational.
Our messages can be strategically disseminated within
campaigns conducted via social media, smartphone apps, or
mass media. Our previous research has posited that YAs are
interested in mobile health (mHealth) programs that help them
learn about tobacco risks [58], and mHealth programs offer the
potential to greatly increase the reach of YAs. Such mHealth
programming can present rational, simple, and gain-framed
messages for communication of the risk of NETPs. Conversely,
emotional, complex, and loss-framed messages can be
disseminated to communicate the risk of CTPs.
It is important to note that the appropriateness and impact of
the messages are likely to be context-dependent, and the results
may have limited transferability. Nevertheless, with the results
of this study, researchers and practitioners implementing
mHealth programs may take advantage of our tailored messages
through larger technology-based programs such as smartphone
apps and social media campaigns. If a program were to be
designed where individuals could opt in to receive the messages,
a separate study might be needed to examine the target
populations’ needs and preferences with respect to these
messages. One promising avenue for future research in this area
is the integration of these messages into narratives that can
facilitate accurate tobacco risk perception. Several studies have
begun to consider the investigation of message framing
strategies within narratives, indicating that narratives can be
successful with both loss-framed and gain-framed messages
[88]. In the next step, we plan to examine how the success of
narratives can be improved based on message complexity and
emotional appeal. Although mHealth SMS text messaging can
efficiently and widely communicate tobacco risk, by integrating
narrative-based messages, researchers are likely to improve
YAs’ engagement through message attention and recall of
information.
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Abstract
Background: Engagement with digital interventions is a well-known predictor of treatment outcomes, but this knowledge has
had limited actionable value. Instead, learning why engagement with digital interventions impact treatment outcomes can lead
to targeted improvements in their efficacy.
Objective: This study aimed to test a serial mediation model of an Acceptance and Commitment Therapy (ACT) smartphone
intervention for smoking cessation.
Methods: In this randomized controlled trial, participants (N=2415) from 50 US states were assigned to the ACT-based
smartphone intervention (iCanQuit) or comparison smartphone intervention (QuitGuide). Their engagement with the apps (primary
measure: number of logins) was measured during the first 3 months, ACT processes were measured at baseline and 3 months
(acceptance of internal cues to smoke, valued living), and smoking cessation was measured at 12 months with 87% follow-up
retention.
Results: There was a significant serial mediation effect of iCanQuit on smoking cessation through multiple indicators of
intervention engagement (ie, total number of logins, total number of minutes used, and total number of unique days of use) and
in turn through increases in mean acceptance of internal cues to smoke from baseline to 3 months. Analyses of the acceptance
subscales showed that the mediation was through acceptance of physical sensations and emotions, but not acceptance of thoughts.
There was no evidence that the effect of the iCanQuit intervention was mediated through changes in valued living.
Conclusions: In this first study of serial mediators underlying the efficacy of smartphone apps for smoking cessation, our results
suggest the effect of the iCanQuit ACT-based smartphone app on smoking cessation was mediated through multiple indicators
of engagement and in turn through increases in the acceptance of physical sensations and emotions that cue smoking.
Trial Registration: Clinical Trials.gov NCT02724462; https://clinicaltrials.gov/ct2/show/NCT02724462
(JMIR Mhealth Uhealth 2021;9(11):e32847) doi:10.2196/32847
KEYWORDS
mediation; engagement; digital; mHealth: smartphone; acceptance; smoking; cessation; app; randomized controlled trial; model;
intervention

https://mhealth.jmir.org/2021/11/e32847

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e32847 | p.212
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Introduction
Cigarette smoking is a leading cause of premature death and
disability [1], attributable to over 1 in 10 deaths worldwide [2].
Barriers to accessing evidence-based smoking cessation
treatments include low reimbursement for providers and low
demand for in-person treatment [3]. Smartphone apps for
smoking cessation have been addressing access barriers by
serving as digital interventions with high population-level reach
[4]. In the United States, the reach of smartphone apps for
smoking cessation has been aided by the fact that as of 2019,
81% of all adults owned smartphones—up from 35% in 2011
[5].
Despite their high population-level reach, very little is known
about the potential mediators underlying the efficacy of
smartphone apps for smoking cessation [6]. In the broader
literature on digital interventions (eg, websites and SMS text
messaging) for smoking cessation, we are aware of only 3
randomized controlled trials (RCTs) that reported on their
mechanisms of action—with each showing support for the
theoretical models guiding their interventions (eg, self-efficacy)
[7-9]. Understanding mediators is critical for making future
improvements to and guiding optimizations of these behavioral
interventions [10]. Intervention components that target specific
mechanisms of action can be enhanced, with the goal of creating
cost-effective changes to increase intervention efficacy, thereby
increasing overall impact. Mediational analysis provides a
method to identify potential causal links through which the
intervention is efficacious [11].
We recently developed and tested iCanQuit, an Acceptance and
Commitment Therapy (ACT)–based smartphone app for
smoking cessation [12]. In a large 2-arm RCT, iCanQuit was
compared to QuitGuide, a US Clinical Practice Guidelines
(USCPG)–based smartphone app. At the 12-month follow-up,
iCanQuit was 1.5 times more efficacious than QuitGuide for
smoking cessation among 2415 smokers (36% racial/ethnic
minority groups) from all 50 US states [12]. The importance of
the iCanQuit study is that it is the first full-scale RCT with
long-term follow-up to show that a smartphone app was
efficacious for smoking cessation [4].
It remains unknown why iCanQuit was efficacious. The
iCanQuit intervention targeted 2 core processes of ACT [13]:
acceptance and values. Specifically, ACT teaches acceptance
of internal cues to smoke (sensations, emotions, and thoughts),
which is conceptually distinct from USCPG-based standard
approaches that teach avoidance of internal cues to smoke
[14,15]. ACT also motivates smokers to quit by appealing to
their values, whereas the USCPG-based approaches motivate
through reason and logic [14,15]. The iCanQuit app was
designed to change the level of enactment of personal values
through exercises focusing on valued life domains inspiring a
user to quit smoking (eg, family, health, and spirituality) and
planning weekly actions to take in those life domains (eg, going
on a walk with one’s partner).
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Acceptance has been identified as a core mediator in ACT-based
interventions across a wide variety of content areas [16-18]. For
smoking cessation interventions, prior studies have shown that
acceptance of internal cues to smoke was a mediator of
intervention efficacy [14,19]. For example, we found that in the
WebQuit trial of an ACT-based website intervention for
smoking cessation, baseline to 3-month increases in acceptance
accounted for 80% (P<.001) of the effect of WebQuit.org on
the main cessation outcome [14]. There is also evidence
indicating that the enactment of values mediates the effects of
ACT when applied to various mental health and chronic health
conditions [20-23]. These mediation findings are consistent
with ACT theory and treatment protocols, including the
iCanQuit program, in which there is a strong emphasis on values
in addition to acceptance. However, to date, the mediational
role of enacting one’s values as a way to motivate smokers to
quit smoking has not been empirically tested in smoking
cessation interventions.
In parallel with studies on psychological mechanisms of action,
digital intervention researchers have been studying the role of
intervention engagement as a process that predicts treatment
outcomes [6,7,24,25]. Our previous study has shown that, in
the SmartQuit app that preceded the iCanQuit app, engagement
with the intervention and its specific ACT components was
predictive of smoking cessation. Participants who completed
the program were over 4 times more likely to quit smoking.
This app had a tool to track when a user “let a craving pass,”
defined as noticing a craving and not acting on it by smoking.
Usage of this tracking tool predicted a greater likelihood of
quitting smoking [26]. Building on this research, the next step
is to learn why engagement predicts cessation. By itself,
engagement is a limited explanatory variable: engagement
describes the user’s actions; however, it is unclear how those
actions lead to successful treatment outcomes [27].
As shown in Figure 1, we posit that the effect of the intervention
(iCanQuit vs QuitGuide) on smoking cessation at the 12-month
follow-up may be mediated by engagement (number of logins),
which, in turn, impacts 3-month changes in acceptance and
valued living. Specifically, the appeal and utility of iCanQuit’s
content (eg, ACT skills modules) may contribute to higher user
engagement as compared to the QuitGuide intervention. This
higher engagement may lead to changes in the 2 ACT-based
processes targeted in the iCanQuit intervention: (1) higher levels
of acceptance of internal smoking cues and (2) enactment of
one’s values as measured by progress and obstruction of valued
living, respectively. Both acceptance of internal cues to smoke
and enactment of one’s values may then lead to a higher
likelihood of quitting smoking. Therefore, this study aimed to
test this serial mediational model in the full-scale iCanQuit trial.
These results will provide the first known evidence on potential
serial mediators of smartphone apps for smoking cessation.
While such serial mediational models are useful for developing
an in-depth understanding of intervention efficacy, they are rare
in smoking cessation research [28-30].
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Figure 1. Conceptual model for serial mediation of potential mediators of the iCanQuit intervention.

Methods
Design
Data for this secondary analysis were obtained from all 2415
individuals enrolled in the 2-arm iCanQuit RCT for smoking
cessation, with its complete details previously described [12].
In brief, a racially and ethnically diverse sample of 2415 adult
daily smokers from all 50 US states were randomized 1:1 to
either receive access to an ACT-based smartphone app
(iCanQuit) or a USCPG-based smartphone app (QuitGuide) for
smoking cessation.

Eligibility Criteria
Eligibility criteria included: (1) being 18 years of age or older,
(2) having smoked 5 or more cigarettes per day in the past year,
(3) wanting to quit smoking within the subsequent 30 days, (4)
if concurrently using any other tobacco products, wanting to
quit consuming all tobacco products within 30 days, (5) having
an interest in learning skills to quit smoking and being willing
to be randomized to either treatment condition, (6) having daily
access to their own smartphone, (7) knowing how to download
smartphone apps, (8) being willing and able to read in English,
(9) having never used QuitGuide and not currently using another
smoking cessation treatment, (10) having never participated in
our prior studies, (11) no household members having been
already enrolled, (12) being willing to complete outcome
surveys, and (13) being able to provide contact information for
themselves and 2 relatives.

Recruitment, Enrollment, and Follow-up
Adults were recruited nationwide via Facebook ads, a survey
sampling company, search engine results, and friends/family
referral. Participants completed an encrypted, web-based
screening survey and were notified of their eligibility via email.
They then clicked on their secured emailed link to the study
website, where they provided consent and completed the
baseline survey. At each enrollment step, the study was
presented as a comparison of 2 smartphone apps for smoking
cessation.
Participants were randomized (1:1) to either iCanQuit or
QuitGuide using randomly permuted blocks of size 2, 4, and 6,
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stratified by daily smoking frequency (≤20 vs ≥21), education
(≤high school vs ≥some college), race/ethnicity (minority
race/ethnicity vs non-Hispanic White), and positive screening
for depression (CES-D score ≤15 vs ≥16) [31]. Random
assignments were concealed from participants throughout the
trial. The random allocation sequence was generated by a
database manager and implemented automatically by the study
website. Neither research staff nor study participants had access
to upcoming randomized assignment into either study arm. In
both arms, participants could access their interventions from
the moment of randomization and beyond (ie, after the end of
the 12-month follow-up period). All participants provided
consent online and were compensated to up to US $105 for
completing study data collection. All study activities were
approved by the institutional review board of the Fred
Hutchinson Cancer Research Center.

Interventions
iCanQuit
Participants randomized to the iCanQuit arm received access
to download the iCanQuit smartphone app (version 1.2.1).
iCanQuit intervenes on the ACT-focused processes of
acceptance of internal cues to smoke and enactment of one’s
values that guide quitting smoking [12]. The acceptance
component of the app teaches skills to accept physical
sensations, emotions, and thoughts that trigger smoking by
distancing from thoughts about smoking, mindfulness skills,
and flexible perspective-taking. The values component of the
app teaches skills for determining the core life domains that
motivate quitting smoking (eg, family, health, and spirituality)
and taking repeated small actions within these domains (eg,
playing with grandchildren) to develop a smoke-free life. The
program is self-paced, and the content is unlocked in a sequential
manner across 8 levels. Each of the first 4 levels is made
accessible immediately after the prior level is completed, while
each of the last 4 is only unlocked upon recording 7 consecutive
days without smoking. If a participant lapses, the program
encourages (but does not require) them to set a new quit date
and return to the first 4 levels for preparation. The program also
includes on-demand tools to help in coping with smoking urges
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and to track the daily number of cigarettes smoked and urges
passed without smoking.

QuitGuide
Participants randomized to the QuitGuide arm received access
to download the QuitGuide smartphone app (version 1.2.2).
QuitGuide content is delivered in four main sections: (1)
“Thinking about quitting,” which focuses on motivations to quit
by using reason and logic such as identifying reasons to quit
and providing information on the health consequences of
smoking and quitting; (2) “Preparing to Quit,” which helps users
develop a plan to quit, identify smoking behaviors, triggers, and
reasons for being smoke-free, and social support for quitting;
(3) “Quitting,” which teaches skills for avoiding cravings to
smoke; and (4) “Staying Quit,” which presents tips, motivations,
and actions to stay smoke-free and skills for coping with slips.
No quit smoking medications, coaching, or any other
intervention was provided in either intervention arm [12].

Study Measures
Baseline Characteristics and Covariates
Data collected at baseline included age, gender, ethnicity,
education, employment, income, marital status, and sexual
orientation. Study participants completed validated positive
screening tools to assess mental health, including depression
[31], panic [32], and posttraumatic stress disorder [33]. Alcohol
consumption and heavy drinking were assessed via the Quick
Drinking Screen [34]. Smoking behavior variables included
nicotine dependence (measured using the Fagerström Test for
Nicotine Dependence) [35], number of cigarettes smoked per
day, years of smoking, use of e-cigarettes, quit attempts, and
relationships with other people who smoke.
As reported in the parent trial paper (and thus not reported in
this study), participants were from all 50 US States. The mean
age at enrollment was 38.2 (SD 10.9) years. Participants were
70.4% (1700/2415) women and 35.9% (868/2415) reported
racial/ethnic minority backgrounds. There were 41.2%
(995/2415) with high school or less education. Regarding
smoking, 83.1% (2009/2415) had smoked for ≥10 years and
74.7% (1803/2415) smoked more than a half pack (at least 11
cigarettes) per day. There were no significant differences
between the 2 arms on any baseline variable (for all, P>.05)
[12].

Treatment Engagement Mediator: Baseline to 3 Months
Engagement with the assigned app was objectively measured
using Google Analytics. The main mediational model’s measure
of engagement was the number of times each app was opened,
consistent with other digital interventions’ measures of
engagement [7,24,25]. App activity that occurred at least 10
minutes after previous activity was considered a new login.
Secondary measures of engagement were the total number of
minutes and the unique number of days on which each app was
used. To test the proposed mediational model (Figure 1), the
first 3 months of utilization data for each participant were used
in this study (N=2415).
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ACT Theory–Based Mediators: Baseline to 3 Months
Change from baseline to 3 months after randomization in ACT
theory–based processes, including acceptance of internal cues
to smoke and valued living, were measured using validated
tools. Acceptance of internal cues to smoke was measured via
the Avoidance and Inflexibility Scale (AIS) [36], using the mean
of the three 9-item subscales that assess one’s willingness to
experience physical sensations, emotions, and thoughts that cue
smoking. The items are rated on a 5-point scale from (1) “Not
at all” to (5) “Very willing” and averaged, with higher scores
indicating greater acceptance. A sample physical sensation item
was “How willing are you to notice these bodily sensations
without smoking?” and items from the emotions and thoughts
subscales were similar, substituting “feelings” or “thoughts”
for “bodily sensations.” Valued living was measured using the
10-item Valuing Questionnaire (VQ) [37] designed to assess
the extent of enactment of personal values. Each item is rated
on a 7-point scale ranging from (0) “Not at all true” to (6)
“Completely true.” Scores were averaged and 2 distinct factors
were derived, progress and obstruction, with higher scores
indicating either greater progress or greater obstruction toward
valued living, respectively. A sample progress item was “I
worked toward my goals even if I didn’t feel motivated to” and
a sample obstruction item was “I was basically on auto-pilot
most of the time.” Cronbach α (95% CI) values for each of the
3 scales showed good internal consistency: (1) mean acceptance
[Cronbach α=.76 (95% CI .75-.77)], (2) valued living, progress
subscale [Cronbach α=.88 (95% CI .87-.89)], and (3) valued
living, obstruction subscale [Cronbach α=.88 (95% CI .87-.89)].

Smoking Cessation Outcome: 12 Months
The parent trial’s primary smoking cessation outcome was
specified a priori as self-reported complete-case 30-day
point-prevalence abstinence (PPA) at the 12-month follow-up.
The secondary smoking cessation outcome for this study was
intent-to-treat missing as smoking 30-day PPA at the 12-month
follow-up. As reported in the parent trial, for the primary
outcome of 30-day PPA at the 12-month follow-up, iCanQuit
participants had a 1.49-fold higher odds of quitting smoking as
compared to QuitGuide participants (28.2%, 293/1040 abstinent
vs 21.1%, 225/1067 abstinent; odds ratio [OR] 1.49, 95% CI
1.22-1.83; P<.001). When missing data were coded as smokers,
12-month 30-day PPA results were very similar: 24.1%
(293/1214) abstinent for iCanQuit vs 18.7% (225/1201)
abstinent for QuitGuide (OR 1.40, 95% CI 1.14-1.71, P<.001).

Statistical Analyses
We first compared treatment arms on proposed mediators at 3
months, using a negative binomial model for the number of
logins owing to its highly right-skewed distribution and
generalized linear models for the remaining mediators (ie,
change in mean acceptance, and valued living progress and
obstruction subscales). Regression analyses were performed
using R (version 4.0.3, The R Foundation) [38] and the “MASS”
library for negative binomial regression [39]. Hayes’ PROCESS
macro (version 3.5) for SAS [40] was used to test serial
mediation of the effect of intervention condition on cessation
at 12 months through engagement and through changes in
acceptance and valued living from baseline to 3 months. Using
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the notation in Figure 1, the indirect effect of the intervention
on cessation through the number of logins alone was estimated
by a1b1. Similarly, the indirect effects through change in
acceptance and valued living progress and obstruction subscales
were estimated by a2b2, a3b3, and a4b4, respectively. The serial
mediation effects determined through the number of logins and
in turn through change in acceptance and valued living progress
and obstruction subscales were estimated by a1d2b2, a1d3b3, and
a1d4b4, respectively. Indirect effects were estimated with 5000
bootstrapped samples and were considered statistically
significant when 95% CIs did not include zero. Model covariates
included the 4 factors used in stratified randomization (ie,
education level, heavy smoking [≥21 cigarettes per day],
minority race or ethnicity, depression symptoms [20-item Center
for Epidemiological Studies-Depression scale score ≥16], and
baseline acceptance and valued living scores). This approach,
in which the analysis is consistent with the stratified
randomization study design, has been recommended to avoid
losing power and obtaining incorrect 95% CIs [41,42].
Primary analyses were conducted with complete-case data for
all variables in the serial mediation model, which was available
for 1846 participants. As reported in the parent trial, the
follow-up data retention was 86.7% (n=2093/2415) overall at

3 months (85.9%, 1043/1214 for iCanQuit vs 87.4%, 1050/1201
for QuitGuide [P=.28] and 87.2% (n=2107/2415) overall at 12
months (85.7%, 1040/1214 for iCanQuit vs 88.8%, 1067/1201
for QuitGuide [P=.02]) [12]. A sensitivity analysis for the serial
mediation model was performed using full information
maximum likelihood to handle missing data in Mplus [43].
Secondary mediation analyses included all 3 AIS acceptance
subscales (ie, willingness to experience physical sensations,
emotions, and thoughts that cue smoking), and alternative
measures of engagement (ie, total time measured as minutes of
app use and the number of unique days of use).

Results
As shown in Table 1, participants randomized to iCanQuit
logged into their assigned app for a significantly greater number
of times than those randomized to QuitGuide (25.7 vs 7.5 times;
P<.001). In addition, they had greater baseline to 3-month
increases in acceptance of cues to smoke (P<.001). However,
changes in the valued living subscales of progress and
obstruction were not different between the 2 treatment arms
(for all, P>.05). Table 1 also shows that for every 1-point
increase from baseline to 3 months in acceptance of cues to
smoke, there was a 6.07-fold higher odds of 12-month smoking
cessation (OR 6.07, 95% CI 4.76-7.76, P<.001).

Table 1. Differences in mediators between the 2 intervention arms at 3-month follow-up and the effect of each 1-point increase in mediator on 12-month
cessation outcomes.
Relationship between treatment arm and mediator (a paths)

a

P value

Mediator

Total (n=1846),
mean (SD)

QuitGuide
(n=929), mean
(SD)

iCanQuit (n=917),
mean (SD)

Incidence rate ratio or
point estimate (95% CI)

Number of logins

16.5 (32.3)

7.5 (14.0)

25.7 (41.6)

3.46a (3.10 to 3.87)

Change in mean
acceptance

0.13 (0.57)

0.06 (0.50)

0.20 (0.62)

Change in valued
living-progress

–0.67 (7.88)

–0.72 (7.75)

Change in valued
living-obstruction

0.43 (8.28)

0.51 (7.79)

Relationship between
mediator and cessation (b
paths)
Odds ratio
(95% CI)

P value

<.001

1.01 (1.011.02)

<.001

0.13b (0.09 to 0.18)

<.001

6.07 (4.767.76)

<.001

–0.62 (8.01)

–0.12b (–0.74 to 0.50)

.71

1.04 (1.021.05)

<.001

0.35 (8.75)

0.15b (–0.49 to 0.78)

.65

0.96 (0.950.98)

<.001

Incidence rate ratio values.

b

Point estimate values.

The results of the primary serial mediation model are shown in
Table 2 and they show the indirect effects posited by the model
rather than individual path coefficients. Baseline to 3-month
number of logins (indirect effect a1b1=0.09, 95% CI 0.04-0.18,
P<.001) and change in mean acceptance of internal cues to
smoke (indirect effect a2b2=0.12, 95% CI 0.04-0.21, P<.001)
each mediated the effect of intervention condition on smoking
cessation at 12 months. There was a significant serial mediation
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effect of intervention condition on smoking cessation through
the number of logins and in turn through the change in mean
acceptance (indirect effect a1d2b2=0.11, 95% CI 0.07-0.15,
P<.001). This serial mediation effect corresponds to an OR of
1.11 (95% CI 1.08-1.16). In contrast, none of the pathways
through valued living subscales, neither progress nor obstruction,
mediated the relationship between intervention condition and
cessation. This pattern of results was the same for the missing
as smoking cessation outcome.
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Table 2. Estimates of indirect effects for all pathways in the serial mediation model.
Mediator

a

Path

Estimate of indirect effect (95% CI) for

Estimate of indirect effect (95% CI) for

complete-case cessation outcomea

missing as smoking cessation outcomea

Number of logins

a1b1

0.09 (0.04 to 0.18)b

0.10 (0.05 to 0.18)b

Change in mean acceptance

a2b2

0.12 (0.04 to 0.21)b

0.12 (0.04 to 0.20)b

Change in valued living, progress subscale a 3 b 3

–0.01 (–0.02 to 0.01)

0.00 (–0.02 to 0.01)

Change in valued living, obstruction subscale

a4b4

0.00 (–0.01 to 0.01)

0.00 (–0.01 to 0.01)

Number of logins and change in mean acceptance, in serial

a1d2b2

0.11 (0.07 to 0.15)b

0.10 (0.07 to 0.14)b

Number of logins and change in valued
living progress, in serial

a1d3b3

0.00 (–0.001 to 0.01)

0.00 (–0.001 to 0.01)

Number of logins and change in valued
living obstruction, in serial

a1d4b4

0.00 (–0.003 to 0.002)

0.00 (–0.003 to 0.002)

95% CIs that include 0 are nonsignificant. Indirect effect estimate (95% CI) values may be exponentiated to produce estimates on the odds ratio scale.

b

P<.05.

In secondary analysis models, the pattern of results for the serial
mediation model was the same when engagement was measured
as the total number of minutes (indirect effect a1d2b2=0.09, 95%
CI 0.05-0.14, P<.001) or the total number of unique days on
which each app was used (indirect effect a1d2b2=0.13, 95% CI
0.10-0.17, P<.001). This is consistent with the high correlations
between engagement measures, which ranged from 0.72 to 0.91
(results not shown). Results were the same when the mediation
model was reanalyzed with full information maximum likelihood
(N=2415; data not shown).
The primary mediation model was further elaborated in a
sensitivity analysis to determine which acceptance subscales
mediated the effect of intervention on smoking cessation at 12
months (Multimedia Appendices 1 and 2). Our results show
that change in the mean acceptance of physical sensations
(indirect effect a2b2=0.03, 95% CI 0.02-0.06, P<.001) and
acceptance of emotions (indirect effect a4b4=0.09, 95% CI
0.03-0.16, P<.001), but not acceptance of thoughts (indirect
effect a3b3=0.01, 95% CI –0.02 to 0.04, P>.05), each mediated
the effect of the intervention condition on smoking cessation at
12 months. Regarding serial mediation, the effect of the
intervention condition on smoking cessation was significantly
mediated through the number of logins and in turn through
change in the mean acceptance of physical sensations (indirect
effect a1d2b2=0.03, 95% CI 0.01-0.05, P<.001) and acceptance
of emotions (indirect effect a1d4b4=0.07, 95% CI 0.04-0.11,
P<.001). In contrast, the serial mediation pathway through
acceptance of thoughts was not significant (indirect effect
a1d3b3=0.01, 95% CI –0.01 to 0.03, P>.05). Similar to the
primary model, none of the pathways through valued living
subscales, neither progress nor obstruction, mediated the
relationship between intervention condition and cessation (for
all, P>.05).

Discussion
This is the first study of serial mediators underlying the efficacy
of smartphone apps for smoking cessation in a nationwide
https://mhealth.jmir.org/2021/11/e32847
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sample of daily smokers. The study tested whether the effect
of the iCanQuit (vs QuitGuide) intervention on smoking
cessation at the 12-month follow-up was mediated by
engagement that in turn impacted 3-month changes in
acceptance and valued living. Overall, there was a significant
serial mediation effect of iCanQuit on smoking cessation
through multiple indicators of engagement (ie, total number of
logins, total number of minutes, and total number of unique
days or use) and in turn, through change in mean acceptance of
internal cues to smoke. Supplementary analysis of the
acceptance subscales showed that serial mediation was through
acceptance of physical sensations and emotions but not
acceptance of thoughts. There was no evidence that the effect
of the iCanQuit intervention (vs QuitGuide) was mediated by
changes in valued living.
The results significantly advance the understanding of
mechanisms underlying interventions for smoking cessation,
and digital interventions for smoking cessation in particular.
To date, serial mediation models of smoking cessation have
been rare. One study found that the effect of telemedicine for
smoking cessation on cessation was mediated by providers’
support, which, in turn, led to increased self-efficacy and
impacted cessation [28]. Another study found that the effect of
financial incentives on quitting smoking was mediated only by
self-efficacy but not program satisfaction [30]. The unique value
of the current study’s serial mediation model is in demonstrating
how treatment engagement leads to higher cessation outcomes
[7,24,25]. Our results suggest that regardless of the measure of
engagement, greater treatment participation leads to greater
improvements in underlying theoretical processes of behavior
change, which in this case was the ACT process of acceptance
of internal cues to smoke. This provides empirical support to
the clinical premise that greater usage of the mobile app is a
key pathway to activating a person’s learning of therapeutic
processes of change. The serial mediation findings indicate that
part of how greater engagement leads to greater likelihood of
smoking cessation is through activation of key psychological
processes targeted in the intervention. Future research can
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examine whether engagement in certain types of clinical content
(eg, specific behavior change exercises) have a stronger link to
mediating certain therapeutic processes than others, which could
provide the empirical guidance to further optimize interventions
to increase engagement with behavioral intervention components
that most effectively target key psychological processes. This
knowledge could inform smartphone intervention designs that
coherently connect program engagement, program components,
and therapeutic processes to improve treatment outcomes.
The results on acceptance have several important implications
for the ACT model of smoking cessation. Eight prior ACT RCTs
showed either formal statistical mediation or higher levels of
acceptance of internal cues to smoke in the ACT intervention
arm [14,15,44-49]. Building on this evidence, our results suggest
that acceptance of physical sensations (eg, cravings) and
emotions that trigger smoking, but not acceptance of thoughts
that trigger smoking, may be important theoretical pathways of
smoking cessation. These findings contrast with those of the
general ACT therapeutic model, in which acceptance of
thoughts, and related changes in how one responds to thoughts,
is theorized to be an important therapeutic process for ACT and
major component of treatment [13]. If replicated, these findings
suggest a potential point for theory refinement in applying the
ACT model for smoking cessation.
For intervention design, these findings suggest that future digital
ACT-focused smoking cessation interventions should emphasize
targeting acceptance of cravings and emotions that cue smoking.
This could be accomplished by focusing on intervention
exercises that help people (1) identify physical sensations and
emotions that trigger smoking behaviors and (2) practice
openness and willingness to experience these sensations and
emotions. Skills-training in allowing cravings to pass and
mindful awareness of cravings and emotions may be especially
beneficial. In contrast, these findings suggest that less focus
should be on exercises targeting acceptance of thoughts that
trigger smoking since this does not appear to mediate treatment
effects on smoking cessation.
The results on valued living are novel and have implications
for future research. To date, no prior research has examined the
role of valued living in smoking cessation. In the broader
literature on ACT intervention research, we are only aware of
a few pilot studies, all among college students, which showed
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that the effects of ACT digital interventions for stress, anxiety,
and depression were mediated by valued living or
meaningfulness [22,23]. Our results on valued living suggest
some possibilities. Primarily, valued living or enactment of
one’s values may not be a mediator of smoking cessation. While
it is conceivable that one does not need to work toward broader
life goals to quit smoking, this is an unlikely explanation given
the central role of motivation in health behavior change overall
[50,51]. A more plausible explanation is that the current measure
of valued living is not a sensitive measure of valued actions
pertinent to smoking cessation. The VQ pertains to one’s overall
sense of life purpose and goals, whereas a smoking cessation
intervention like iCanQuit focuses specifically on valued life
domains directly associated with smoking (eg, health) as
motivators to take actions toward quitting (eg, setting a quit
date). The measure of acceptance was specific to smoking [36],
rather than a general construct of acceptance of internal
experience [52] and, as observed in this study, the associations
between acceptance of smoking cues and smoking cessation
were significant. In contrast, the observed associations between
valued living, as measured broadly by the VQ, and smoking
cessation were minor. Nonetheless, the predictive relationship
between valued living and smoking cessation was significant.
Thus, another possibility is that while iCanQuit focuses on
values specifically in the context of smoking cessation, there
may be some benefits to adding a general, less smoking-specific,
intervention for valued living. Finally, it is worth noting that
prior research has shown mixed evidence for the sensitivity of
the VQ in detecting ACT intervention effects, suggesting that
there may be limitations in the scale [22,53,54]. Future research
can focus on developing a smoking-specific valuing
questionnaire with the ultimate goal of testing it in smoking
cessation intervention research.
In conclusion, this is the first study of serial mediators
underlying the efficacy of smartphone apps for smoking
cessation. The effect of the iCanQuit smartphone app on
smoking cessation was mediated through multiple indicators of
engagement and, in turn, through change in acceptance of
physical sensations and emotions. Our results suggest that
smoking cessation interventions should focus on increasing
treatment engagement with the goal of enhancing the acceptance
of cravings and emotions that cue smoking.
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Multimedia Appendix 1
Conceptual model for serial mediation analysis including the three acceptance subscales.
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Multimedia Appendix 2
Estimates of indirect effects for pathways in a serial mediation model including the three Avoidance and Inflexibility Scale (AIS)
subscales.
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Multimedia Appendix 3
CONSORT-eHEALTH checklist (V 1.6.1).
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Abstract
Background: The proliferation of mobile devices has enabled new ways of delivering health services through mobile health
systems. Researchers and practitioners emphasize that the design of such systems is a complex endeavor with various pitfalls,
including limited stakeholder involvement in design processes and the lack of integration into existing system landscapes.
Co-design is an approach used to address these pitfalls. By recognizing users as experts of their own experience, co-design directly
involves users in the design process and provides them an active role in knowledge development, idea generation, and concept
development.
Objective: Despite the existence of a rich body of literature on co-design methodologies, limited research exists to guide the
co-design of mobile health (mHealth) systems. This study aims to contextualize an existing co-design framework for mHealth
applications and construct guidelines to address common challenges of co-designing mHealth systems.
Methods: Tapping into the knowledge and experience of experts in co-design and mHealth systems development, we conducted
an exploratory qualitative study consisting of 16 semistructured interviews. Thereby, a constructivist ontological position was
adopted while acknowledging the socially constructed nature of reality in mHealth system development. Purposive sampling
across web-based platforms (eg, Google Scholar and ResearchGate) and publications by authors with co-design experience in
mHealth were used to recruit co-design method experts (n=8) and mHealth system developers (n=8). Data were analyzed using
thematic analysis along with our objectives of contextualizing the co-design framework and constructing guidelines for applying
co-design to mHealth systems development.
Results: The contextualized framework captures important considerations of the mHealth context, including dedicated prototyping
and implementation phases, and an emphasis on immersion in real-world contexts. In addition, 7 guidelines were constructed
that directly pertain to mHealth: understanding stakeholder vulnerabilities and diversity, health behavior change, co-design
facilitators, immersion in the mHealth ecosystem, postdesign advocates, health-specific evaluation criteria, and usage data and
contextual research to understand impact.
Conclusions: System designers encounter unique challenges when engaging in mHealth systems development. The contextualized
co-design framework and constructed guidelines have the potential to serve as a shared frame of reference to guide the co-design
of mHealth systems and facilitate interdisciplinary collaboration at the nexus of information technology and health research.
(JMIR Mhealth Uhealth 2021;9(11):e27896) doi:10.2196/27896
https://mhealth.jmir.org/2021/11/e27896
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Introduction
Background
The proliferation of mobile devices (eg, smartphones and tablets)
has enabled new ways of delivering health services via mobile
health (mHealth) systems [1,2]. Broadly, mHealth can be defined
as “medical and public health practice supported by mobile
devices, such as mobile phones, patient monitoring devices,
personal digital assistants (PDAs), and other wireless devices”
[3]. The ubiquity and increasing capabilities of these systems
have created enormous potential to support individuals in
self-managing existing health conditions (eg, diabetes and
stroke) and reducing their health risks by supporting healthier
lifestyle habits (eg, increasing vegetable intake). The adoption
of mHealth systems is steadily growing. In 2018, nearly half of
the consumers in health care used mHealth systems compared
with one-sixth in 2014. Overall, the global mHealth market is
expected to grow from US $28.320 billion in 2018 to US
$102.35 billion by 2023 [4].
Researchers have repeatedly emphasized that mHealth systems
design and development is a complex endeavor with a range of
pitfalls limiting adoption and/or effective usage in practice [5].
This is because the design process commonly entails limited
stakeholder involvement [5,6], and solution artifacts lack
integration with other health systems or their components [7].
To address these complexities, scholars have suggested
co-design for mHealth systems development. Co-design refers
to “the creativity of designers and people not trained in design,
working together in the design development process” [8].
Research has referred to two main reasons for using co-design:
(1) mHealth is a complex environment that requires the
involvement of diverse stakeholders (eg, consumers/end users,
government, health practitioners, scientists, and software
developers) with co-design facilitating necessary collaborations
[1,9,10]; (2) using co-design ensures that mHealth systems are
underpinned by expert insights and best practices [5,11,12].
Despite repeated calls to use co-design for mHealth systems
development [5,6], there is only limited guidance available on
how to do so. The existing literature on co-design methodology
provides important general guidance for the application of
co-design frameworks and methods [8,13,14]. However, given
the complexities surrounding a person’s health and the multitude
of stakeholders, there is a need for research that identifies the
specific challenges system designers face when applying
co-design in mHealth and to illustrate ways in which these
challenges can be addressed. As such, there is a lack of guidance
in the current literature in terms of how one can apply co-design
in the mHealth systems context.

Objective
In this paper, we address this research gap by conducting a
qualitative study that explores how co-design can be used in
mHealth systems development. Specifically, we conducted 16
semistructured interviews to synthesize the theoretical and
https://mhealth.jmir.org/2021/11/e27896
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practical expertise of 8 co-design method experts (CMEs) and
8 mHealth system developers (MSDs) in a rapidly growing
application area. Interviews were transcribed and analyzed using
thematic analysis [15]. Thereby, the overarching research
objectives of this study were (1) to contextualize an existing
co-design framework for mHealth applications and (2) to
construct guidelines to address common challenges of using
co-design in mHealth development.

Theoretical Background and Related Work
Related Work on mHealth Systems Design
mHealth systems have become a growing area for research and
practice [16,17]. The two primary application domains that have
emerged are (1) disease management and (2) health promotion.
First, disease management empowers patients to manage their
medical conditions more effectively and independently (eg,
controlling blood sugar levels [18,19]). Second, health
promotion facilitates better health choices by providing support
and encouragement for users to engage in behaviors to lower
risk factors and improve health (eg, better diet and smoking
cessation). The design of mHealth systems is complex, with a
range of pitfalls including limited stakeholder involvement [5],
lack of integration with other health systems [7], and disregard
of behavior change techniques [5].
Several studies have sought to improve mHealth systems design.
McCurdie et al [20] discussed a user-centered design approach
for mHealth systems development. The term user-centered
design refers to “a design philosophy that places the needs,
wants, and limitations of end users at the center of the design
process” [21]. However, it should be noted that user-centered
design adopts an expert perspective where “trained researchers
observe and/or interview largely passive users” [8]. In contrast,
in co-design, the user is in the position of being an expert of
their own experience and actively plays a “large role in
knowledge development, idea generation, and concept
development” [8]. Banos et al [22] developed an architecture
that showed how specific functionalities and components of
mHealth systems could be implemented. Building on a
user-centered design, Schnall et al [23] developed a 3-cycle
framework (relevance, design, and rigor) to better incorporate
end users’ preferences. Eckman et al [1] developed an mHealth
systems framework that considers design thinking principles,
using “a hypothesis-driven method of generating and validating
new concepts” [1]. Nahum-Shani et al [24] explored the design
of just-in-time adaptive interventions to support users’ health
behavior change. However, there has been limited focus on how
to apply a co-design approach that involves stakeholders within
the mHealth context.

Co-design Frameworks
Researchers have proposed several frameworks to facilitate
co-design [8,13,14]. By creating a conceptual structure of the
process, these frameworks provide a shared frame of reference
for researchers and practitioners engaging in system design. As
noted by Sanders and Stappers [13], these frameworks can be
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e27896 | p.224
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understood as a response to the increased attention to methods:
“So many methods, tools and techniques have been introduced
that it has become useful to provide frameworks for organizing
them” [13]. For instance, the framework by Visser et al [14]
structured the co-design process into five phases: preparation,
sensitization, sessions, analysis, and communication. Brandt et
al [25] described an iterative cycle of making, telling, and
enacting. Building on these earlier conceptualizations, the
framework by Sanders and Stappers [13] has become one of
the most widely recognized co-design resources (538 citations
on Google Scholar, February 2021). The framework breaks
down the timeline of the co-design process (shown in blue) into
4 interconnected phases (Figure 1, adapted from a study by
Sanders and Stappers [13]).
1.

The predesign phase is concerned with understanding the
surrounding context and people’s experiences, exploring
knowledge in the user context, establishing goals for future

Noorbergen et al

2.

3.

4.

experiences, and sensitizing participants to the problem
space [8,13].
The generative phase focuses on producing ideas, insights,
and concepts that explore the design space, with users
taking an active role in making through co-creation of
conceptual artifacts (eg, journey maps, mock-ups, and
storyboards). Although the vision is still fuzzy, these
activities test, transform, and refine ideas, insights, and
concepts that may then be designed and developed [13].
The evaluative phase allows users to assess the effects and
effectiveness of the devised concepts. The vision of the
final artifact becomes more tangible through the evaluation
prototypes that allow users to experience a situation that
did not exist before [13].
The postdesign phase captures the notion that once a system
is part of a user’s lived experiences, it needs to evolve along
with their needs, habits, and use patterns. Hence, the tail
end of the postdesign phase [leads] to the front end of
another design process [13].

Figure 1. Co-design framework.

Co-design in mHealth
In recent years, an increasing number of mHealth studies have
used a co-design approach. A 2016 review [26] identified early
mHealth studies that used co-design with many following an
approach similar to the framework by Sanders and Stappers
[13]. A 2021 review [27] documented the application contexts
(eg, diabetes and nutrition), stakeholders (eg, caregivers, nurses,
and specialists), and methods used in co-design mHealth studies,
including a mapping to the Sanders and Stappers framework
[13]. The methods that have been applied include cultural probes
[28-31], storytelling [32-36], and journey maps [31,37,38]. The
context of these applications includes both disease management
and health promotion. Examples from the disease management
context include diabetes [30,39], cancer [40], asthma [41,42],
heart failure [43-45], and depression [46]. In health promotion,
contexts include nutrition [35,36,47], physical activity
[28,35,47], smoking cessation [48,49], and mental health
[38,50].
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Methods
Overview
In this research, we adopted a constructivist ontological position
and acknowledge the socially constructed nature of reality in
mHealth systems development [51,52]. Recognizing that there
is no single truth, constructivist approaches to research generate
meaning through a collaborative dialog between researchers
and the research participants [51].

Research Participants
We used a purposive sampling method to identify and recruit
participants from 2 groups for interviews, namely, CMEs and
MSDs. CMEs were recruited on the web using Google, Google
Scholar, LinkedIn, Twitter, and ResearchGate to identify experts
in co-design (eg, book authors, academics, and consultants).
The MSD group was recruited by searching papers and reports
by authors with co-design experience in mHealth. Interviewees
had to be aged at least 18 years and fluent in English. Individuals
were contacted by the first author via email with a study
information statement before obtaining written informed
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consent. Participation was voluntary and did not involve
monetary rewards or other compensation.
Ethics approval was granted by the ethics committee of the
University of Newcastle, Australia (H-2019-0064). Data
collection and analysis were concurrently performed. The
recruitment process continued until data sufficiency was reached
(ie, existing categories managed new data without further
modifications [53]). The final data set included 16 interviews
(8 CMEs and 8 MSDs). On average, CMEs had over 15 years
of publication experience (minimum: 2 years; maximum: 25
years) in areas such as co-design or participatory design,
cocreation, design thinking, generative design research, and
design research methods. On the other hand, MSDs had over 8
years of publication experience on average (minimum: 4 years;
maximum: 28 years) in the mHealth literature spanning across
multiple areas in disease management (cancer and heart failure)
and health promotion (smoking cessation and nutrition). All
interviews were audio-recorded (total duration: 14 hours, 15
minutes) and transcribed by the first author. The interview length
was between 36 and 72 minutes. Multimedia Appendix 1
provides details on the participants’ backgrounds and
experiences.

Data Collection
Data were collected between July 2019 and January 2020.
Before the interview, the research participants received a
two-page information statement via email about the research
objectives, scheduled interview duration, and assurance of data
anonymization. Individuals who provided written consent to
participate were interviewed by the first author at a mutually
convenient time using Zoom or Skype videoconferencing as
per the interviewee’s preference. The interviews were
semistructured in nature, with the interviewer using a protocol
composed of open-ended questions and probing for additional
information when required. The interviews focused on two

Noorbergen et al
research objectives: (1) contextualizing an existing co-design
framework to the mHealth space and (2) constructing guidelines
to address common challenges in this context (see the interview
guide in Multimedia Appendix 2). Open-ended questions
provided the interviewees with opportunities to speak freely
and to guide the discussion in the directions of interest.

Data Analysis
The first author coded the transcripts following the procedure
of Braun and Clarke [15], which included (1) familiarization
with the data, (2) coding, (3) searching for themes, (4) reviewing
themes, (5) defining and naming themes, and (6) writing up. In
step 1, this involved familiarization with the data by repeatedly
reading and rereading the transcripts (ie, prolonged engagement).
In step 2, the first author performed the initial coding in NVivo.
The second author then checked these codes and validated them
against the transcripts. Initially, we identified 154 codes from
all interviews (eg, power distance and vulnerability). In step 3,
the first and second authors clustered nodes into common themes
based on coherent patterns. In several discussions between the
authors, the identified themes became the foundation of the
guidelines. In the results section, data extracts are quoted to
support framework contextualization and guideline development.
In step 5, the authors further refined the guidelines by
eliminating redundant themes and naming the guidelines.

Results
Contextualization of Co-design Framework to mHealth
Context
Figure 2 shows the contextualization of the Sanders and Stappers
[13] co-design framework for the mHealth setting. It extends
the 4 phases of the original framework by dedicated prototyping
and implementation phases. A detailed overview of the example
quotes for contextualization is provided in Multimedia Appendix
3.

Figure 2. Contextualized co-design framework for mobile health (mHealth).

The first extension was the inclusion of a dedicated
implementation phase. Interview participants noted that in the
context of mHealth, there is a need to separate implementation
from the evaluative phase. This is because the evaluative phase
primarily focuses on testing the feasibility of the mHealth system
rather than the wider rollout of the system into a complex
mHealth ecosystem:
You would not naturally do a clinical trial or a
randomized control trial in your implementation
phase because you first need to be able to test the
feasibility. [MSD8]
The implementation phase is after we have done the
research and probably after we have analyzed the
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results and come to some kind of conclusions. So,
there is a gap then between the generative phase and
the implementation phase when we actually do our
research. We are checking to make sure that we have
got evidence now that would suggest that this is
actually going to support people improve their health
outcomes. That is your evaluative phase. Let's now
go to the implementation phase where we actually
deploy it. [MSD5]
In contrast, a dedicated implementation phase should focus on
facilitating the integration of mHealth artifacts into complex
systems and stakeholder environments. In other words, it is
important to not only consider the design of the technical
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mHealth artifact, but everything else around it that is necessary
for it to be successfully implemented. This includes important
aspects such as documentation, training, and involving key
stakeholders in the rollout (see postdesign advocates, guideline
5). The other important consideration discussed in the interviews
was the importance of considering implementation right from
the beginning of the co-design process:
You would want implementation to be on the agenda
right from the initial co-design process. You need to
have a plan. If you are going to co-design something,
you need to have a plan that if it is effective, how
could it be brought about, and those discussions or
those people involved in that process. [...] Having
those people involved from the start is fundamental
to the success of implementation, and having plans
around that. [MSD7]
You really need to work with the [health system] and
that is where that whole implementation phase
becomes crucial because even if your thing is
beautiful, if it does not have the support to make it
work, it will fall down. [MSD3]
The second extension pertains to a separate prototyping phase
before the evaluative phase to acknowledge the complexity of
mHealth artifacts and their evaluation requirements (eg,
pilot-testing and randomized controlled trials). Including a
separate prototyping phase assists in separating generative
co-design methods in the generative phase (eg, paper
prototyping), from instantiations in which the idea for the
solution has become more mature and where (high fidelity)
prototyping occurs (ie, hardware and software prototypes).
Furthermore, it emphasizes the need for a fully functional
prototype at the end of the prototyping phase, suitable for
rigorous evaluation in the real-world context as part of the
evaluative phase (eg, pilot-testing and randomized controlled
trials). In addition, separating the prototyping and evaluative
phases can clarify which stakeholders should be involved in
which phase and in what capacity they should be involved (eg,
app developers in the generative phase may simply observe or
consult with the end users, whereas in the prototyping phase,
they are developing a prototype):
You go from low fidelity [generative], to high fidelity
[prototyping], and then to user testing [evaluative].
Generative is like low fidelity brainstorming.
Generative design research and making is not user
testing. It is different. What you are calling the
generative phase is more like wire framing. You
increase the fidelity of your prototypes as you go and
test along the way. [MSD3]
[Initially,] I would not constrain the end-users with
any details about what can and cannot be done. [The
mHealth system] would be a magic device and they
would act out scenarios without any worry about how
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this could actually be mocked-up. I would have the
developers see and hear that and hopefully then be
inspired by it to bring somebody's dream to life [...].
But in a later phase you might hand pick some of the
end-users to come and work directly with the
developers. Then it’s like: ‘Well the end-user’s dreams
are this, but the developer's constraints are these.
Can you guys come up with something together?
[CME1]
Finally, it is important to consider the context in which the
co-design phases occur. The contextualized framework
categorizes the generative and prototyping phases as phases in
which generative engagement occurs. These phases involve
gathering co-design participants from potentially diverse areas
(eg, health practitioners and designers) in one place (eg, a
co-design workshop in a studio or lab) to engage in generative
co-design methods (eg, storyboarding and paper prototyping).
However, it is important to note that, especially in the health
context, it may not always be possible for end users to gather
in the same physical space:
Maybe they cannot get there. Maybe socially it is a
challenge for them. Maybe you do engage with those
people one-on-one, and then bring things together
later. So, an interview, or user testing, or even a
digital engagement where you are putting something
online and getting some feedback. [CME6]
Hence, for co-design to be accessible to end users, generative
engagement does not necessarily need to occur in the presence
of all stakeholders or in the same physical space. For example,
Smeenk et al [54] described an empathic handover approach in
which end users can participate in the early phases of co-design
alongside a principal designer who later translates these
contributions [54]. On the other hand, there are also co-design
phases that require immersion in the real-world context in which
the mHealth system will eventually be implemented (see also
guideline 4). For example, in the predesign phase, interviews
or observations may be carried out in a hospital to gain a better
understanding of the problem and the stakeholders that need to
be involved. Given the focus on the real-world context, this
immersion is especially important for the predesign, evaluative,
implementation, and postdesign phases:
I think a really important part of that was the fact
that we were working on-site [MSD1]
We position ourselves in the context by submerging
ourselves in all the relevant stakeholders [MSD8]

Guidelines for Co-Designing in mHealth
On the basis of the thematic analysis of the interviews, we
constructed seven guidelines (guidelines 1-7; Textbox 1) to
address the challenges in co-designing mHealth systems.
Multimedia Appendix 4 provides a detailed overview of example
quotes.
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Textbox 1. Guidelines 1-7.
Guideline 1
•

Carefully consider the unique circumstances of the targeted disease management or health promotion context with respect to its evaluation and
integration requirements, stakeholder involvement, and end user vulnerabilities relating to highly personal aspects of a person’s health.

Guideline 2
•

As early as possible in the co-design process, consult the behavior change literature and/or involve experts in behavior change relevant to the
problem context to effectively identify the targeted change in behavior and adequately plan the type and stakeholder involvement of co-design
activities.

Guideline 3
•

Select and engage co-design facilitators that have an authentic understanding of the intimate problem context (eg, first-hand experience, immersing
in problem context, and literature consultation) and operate in an empathetic way to mitigate potential barriers associated with the power distance
between mHealth stakeholders.

Guideline 4
•

Immerse yourself in the underlying complex health context to identify and understand stakeholders early, include them in defining their involvement
in the co-design process along existing health process requirements, recognize the diversity and inherent power distances among stakeholders,
and prioritize the needs of the end user.

Guideline 5
•

Throughout every phase of co-design, identify potential postdesign advocates from different stakeholder categories who can aid in implementing
the mHealth system (eg, training staff in the use of the system) and champion its use in the postdesign phase (eg, providing feedback on system
use in practice).

Guideline 6
•

In the evaluative phase, ensure that the mHealth system goes through feasibility testing in the real world (pilot-testing and randomized controlled
trials) to adequately address ethical considerations in the health context, determine potential risks to the end users caused by the artifact, and
clarify whether it accomplishes its intended goals before implementation.

Guideline 7
•

In the postdesign phase, collect usage data to observe the mHealth system’s impact after it has been implemented and apply contextual co-design
methods to understand this impact.

Guideline 1: Understanding Stakeholder Vulnerabilities
and Diversity
The interviews emphasized important differences between health
promotion and disease management, including (1) that mHealth
users have unique vulnerabilities, (2) the diverse array of
stakeholders involved, (3) the significance of evaluation, and
(4) the actual implementation and translation. Owing to the
focus on health outcomes, mHealth typically involves vulnerable
user groups (users with health conditions that may create
additional barriers to participation, eg, patients). Although this
vulnerability may be present in some groups within health
promotion (eg, smoking cessation and alcohol reduction), it
appears to be most prevalent among the disease management
cohort (eg, dementia and autism). This vulnerability creates
challenges for (1) recruiting representatives from the target
cohort and (2) being mindful of their health vulnerabilities:
The first thing that comes to mind [challenge] is
getting access to participants. It is really impossible
in healthcare. [...] It might be really hard to get
people to open up and be honest about their
experiences of having a stoma bag [...]. It is just not
a subject that ever gets discussed with family members
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around. [You] can talk to patients one-on-one maybe,
but [not] with all their family around them. [CME2]
With the specific focus of supporting positive health outcomes,
the co-design process inherently touches on vulnerable, deeply
personal aspects that, in turn, require high levels of trust in the
research team and process. Hence, it is vital to select co-design
tools and methods that are appropriate in this context and allow
vulnerable end users to participate in the best of their
capabilities:
I knew from experience what it was like to be with
someone who has this disease, and that made it easier
because I already knew the context, because then you
know how to behave. I think for people who are not
familiar with that, they must be acquainted with that
first. [CME3]
One [challenge] is a lack of trust. [...] It happens with
government led and funded projects where people
who may have had a lifetime of being let down by
organizations and institutions and they may find it
difficult to trust that their voice will really be heard
and that things will really change because of their
participation. [CME6]
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Each specific mHealth context also has its own diversity of
stakeholders who need to be identified and involved in the
co-design process. There may also be more than one category
of end users, such as both the patient and the health practitioner,
with differing requirements in terms of evaluation:
You have got app designers, [marketing people, health
professionals], and you have got the end-users who
are trying to grapple with their medical challenges
that they have. [...] That would be one of the biggest
challenges, getting those people together. [MSD5]
The last element of this guideline is the integration of mHealth
tools into a wider system landscape. One of the largest identified
differences between co-design in mHealth and other contexts
is that mHealth systems need to integrate into a highly complex
health ecosystem involving an array of health processes,
systems, and stakeholders:
It is not just about the end product, it is about
everything that goes with it that we need to test and
work out too. So, the instructions that we give to
people as to how to use it, how we advertise it, who
we train in the facility in terms of helping patients to
use it, how we promote it to staff so that they know it
is available to their patients as well. [MSD1]

Guideline 2: Planning for and Assessing Health
Behavior Change
The second theme refers to the importance of consulting the
behavior change literature and considers directly involving
behavior change experts in the co-design process. Overall, the
importance of consulting the behavior change literature was
mentioned in 9 of the interviews (4 CMEs and 5 MSDs). The
importance of behavior change for mHealth systems design
relates back to the very nature of the underlying health
promotion and disease management contexts, in that the purpose
of these systems involves some change in user behavior to
address a health goal [55]. For health promotion, this commonly
refers to a change in lifestyle behaviors, such as reducing alcohol
consumption and quitting smoking [49,56] or improving eating
habits [47]. For disease management, examples include regularly
performing rehabilitation exercises [41], following a specific
medication regime [57], or recording specific aspects of daily
activities [39,41]. Interviewees emphasized that because
behavior change is not a by-product but is integrally linked to
the purpose of the mHealth system, it is vital to explore in the
early stages of the co-design process which behaviors are
addressed and in what way:
You have to engage in the behavior change literature
[...]. A health practitioner probably knows that there
is behavior change literature to go to, but someone
outside that health domain may not know to go to that
literature. [MSD8]
MSD6 elaborated that a key distinguishing factor between
mHealth and other contexts is that co-designing mHealth
systems is linked to changes in behavior that are often deeply
personal to the end users, which are linked to deeply embedded
long-term habits (eg, eating, physical activity, and sleep
patterns):
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You are talking about changing behaviors that are
there for a reason. They are not just trivial behaviors,
they are deeply embedded and they have really
unusual reasonings that [...] surprise you. Whereas
if you are just designing a booking system or
whatever, it is not that emotive. [MSD6]
Finally, given the focus on mHealth systems to achieve positive
health outcomes, it is vital to carefully tailor the co-design
activities to the individual circumstances and capabilities of the
stakeholders, particularly the end user:
Co-design frameworks [are] very focused on picking
a series of methods for a workshop, and then saying,
‘okay participants, I all want you to do this method
using these kinds of materials.’ [This] is just
completely unfeasible when you have people with only
one hand [...]. Co-design [...] for healthcare [...] does
have to be approached differently. [CME2]

Guideline 3: Identifying and Involving Co-design
Facilitators
Interviewees emphasized the critical role of facilitators. In
mHealth, co-designing involves high stakeholder diversity (eg,
app developers, health practitioners, and health insurance
providers) while simultaneously addressing highly intimate
issues and concerns regarding a person’s health (eg, quitting
smoking and diabetes self-management). Against this backdrop,
the facilitator plays a critical role in involving stakeholders in
a trusted, meaningful, and effective way.
Neglecting the role of the facilitator yields a range of risks,
including a lack of true involvement (eg, because of power
distance between end users and health professionals) and a lack
of understanding about end users’ lived experiences and
perspectives:
I think that power balance is particularly interesting
in healthcare because it is really hard to say that you
do not agree [with] a doctor. [...] They are held up
in such high esteem as being experts of the subject
matter [...]. So, to then put-up patients in a room
[saying] ‘co-design with your doctors’, it could be
really confronting to [say] ‘oh I have a different
opinion to you and I do not usually get to express it
in my experiences with you, but now can I?’ [CME2]
We were a little bit disconnected from knowing what
it truly means to struggle with [an] addiction that you
want to give up and you know is bad for you [...]. All
these issues are quite emotional and unless you
understand how it really feels I think it is important
for whoever is running the workshop [to] have a feel
for the topic, a knowledge of what it means. [MSD6]
To address potential challenges (eg, power distance and lack of
empathy), interviewees emphasized that co-design facilitators
need an authentic understanding of end users’ real-world
experiences (eg, through first-hand experience, immersing in
problem context, and consulting relevant literature). Facilitators
are then able to operate in a more empathetic way, which can
help participants feel more comfortable sharing personal
experiences regarding their own health. For example, MSD6
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stated that facilitators in their smoking cessation project had
personal experience with the context. On the basis of
ice-breaking exercises, the authentic experiences of the
facilitators enabled them to support stakeholders in becoming
more comfortable to actively engage with co-design activities.
As a result, the facilitators were perceived as more like co-design
participants than authority figures. Empathy, or a “soft human
touch” (CME4), is a critical skill for a facilitator running
co-design workshops to overcome the inherent power distance
issue in the mHealth space:
I think the more practical power distance issues in
sessions can be easily navigated if you just have a bit
of a soft human touch to ensure that people do not
feel like you are the cocky arrogant researcher,
expert, designer, or however you are positioning
yourself. [CME4]
There is comfort that comes from people who are like
you. [This] is why I saw the two [facilitators] being
so successful with the low self-esteem kids because
they themselves started the session talking about their
problems. The designers running the session were
able to talk about their experiences and how they
dealt with it and so then they immediately became not
the person leading the co-design activity, but a true
co-designer. [MSD6]

Guideline 4: Immersion Into the mHealth Ecosystem
Co-design involves the effective collaboration of system
designers with users and other stakeholders. Frequently raised
elements include (1) the importance of being immersed in the
context where stakeholders are, for optimal problem
identification; (2) identification of relevant stakeholders as early
as possible to drive their own involvement and contribute to the
study design, including ethics approval; and (3) the need for an
ongoing relationship with stakeholders in mHealth that
recognizes the power distance between stakeholders and
prioritizes the needs of end users.
The multiplicity of factors affecting and supporting a person’s
health renders the environment of mHealth system design
inherently complex. Interviewees repeatedly stressed the need
for system designers to immerse themselves deeply to effectively
identify stakeholders, understand pain points and relationships
with one another, and correctly determine the problems they
can and cannot address:
You do have to be embedded in the space in order to
identify it, or you have to be listening to people who
are embedded in the space in order to identify it.
[MSD1]
We started with a empathize phase, [which] was
around interviewing all different types of stakeholders
individually to try and understand what their
experiences are, what their frustrations are, what
their behaviors and pain points are, what they really
struggle with. [MSD2]
Another important aspect relates to involving stakeholders as
early as possible because failing to do so is particularly critical,
and possibly fatal, in the realm of mHealth. First, because of
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the array of factors around a person’s health, the number of
potential stakeholders is high, which requires buffer times for
planning, organizing, communicating, and scheduling. Second,
the health sector naturally encompasses complex policies and
procedures to adhere to privacy regulations and protect and
support vulnerable populations. It is therefore vital for
stakeholders to become involved sufficiently early to be able
to point out procedural constraints in their domains (eg,
requirements and time frames for ethics approvals):
I would say involve them right from the start. [...]
Ascertain to what extent they are going to be able to
contribute any of their time [...] and ask them what
stage they think they want to be involved [...] and let
them drive that process. [MSD5]
The best way to manage the different stakeholders
and the management is at different stages [to]
highlight the appropriate stakeholders that are
necessary and let them know what their voice is and
what their purpose is. Basically, letting stakeholders
know when their input is important and needed and
what the reason for their input is. [CME8]
Support for positive health outcomes is an ongoing process. It
follows that the relationship with stakeholders of mHealth
systems design needs to be managed and supported in an
ongoing way. Although this holds true for both health promotion
and disease management, it is particularly critical in the disease
management space. It is also critical to balance the number of
participants involved in co-design activities and avoid a potential
power imbalance geared toward senior medical practitioners.
The resulting power distances between the stakeholders must
be carefully considered. After all, the person most affected by
the system will be the end users and, hence, it is vital to
adequately capture and address their needs:
The problem should really be generated in part by
the people who are affected when it has something to
do with health management. [...] There must be more
of an ongoing relationship [with end-users] even if
there is not a particular problem yet. [MSD1]
I get really concerned when I see just one or two
people with lived experience brought on as kind of
the token users to a predominantly professional group
and you just think how can those people feel confident
and comfortable in that setting, especially in a health
context where they are used to being told by the
professionals. [CME6]

Guideline 5: Identifying and Involving Postdesign
Advocates
Interviewees repeatedly stressed the challenge of implementing
and rolling out mHealth systems. This is linked to the
complexity and risk of processes in the health sector and the
multitude of stakeholders who need to work together effectively.
Against this backdrop, we identified the importance of
postdesign advocates as an important theme. CME1 described
postdesign advocates as “end-users who are really interested in
what you are doing, how you are doing it, and what it could
mean for them.” MSD7 elaborates that postdesign advocates
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are the “people behind it that are going to drive, push, and refer
patients or their communities to [the mHealth system].”
Identifying postdesign advocates is critical for system designers
to support the implementation and postdesign of the mHealth
system.
Postdesign advocates need to be stakeholders who are
well-connected and respected in the application context. By
actively involving them early in the co-design process, their
contributions can already be considered in the predesign and
generative phases. This establishes a “buy-in” of stakeholders
that can later assist in championing the system in the
implementation and postdesign phases with the people and
communities who are going to use the system. In this way,
identifying postdesign advocates can mitigate many challenges
in mHealth, including integration into clinical practice and
collecting data in the postdesign phase:
Implementation of mHealth tools is extraordinarily
challenging [...]. There are a lot of barriers of getting
things into practice and getting that buy-in from
communities [...] can actually aid your
implementation because they have already bought in.
Because they are invested in it, they are more likely
to try and help make it happen. [MSD7]
Beyond the technical aspects of the designed system,
interviewees argued that the integration into the complex
processes and the various stakeholders in the health space
renders the implementation and rollout of the system
exceptionally challenging. Postdesign advocates can be critical
to informing and supporting the implementation of the mHealth
system in the real world. If health practitioners do not believe
that the system will be useful, they will not promote it to their
patients and may actively dissuade use:
If they were not taught how to use [the app] properly,
if they were not given the right support materials, or
if it did not get to the right people because the people
who did the roll out of it were not briefed well enough
around the sorts of people we want it to go to, even
if it was really beautifully designed, then it would
have failed. So, I am talking about the wraparound
services of the thing. [MSD3]
We talk about champions, you have got to have people
behind it that are going to drive it and push it. They
are going to refer patients or their communities to it,
or they are going to support services to use these tools
[MSD7]
Finally, another reason for involving postdesign advocates is
that stakeholders in practice are essential to measuring the
impact of the mHealth system once it has been implemented in
the real world (eg, based on usage data) and being available for
follow-up co-design activities in the postimplementation phase
(eg, postdesign interviews) to make sense of the usage data:
You will find some end-users in this process who are
really interested in what you are doing and how you
are doing it and what it could mean for them. Those
are the kind of people who might become your
post-design advocates who would collect this data
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for you and at a reasonable price because they have
a vested interest in seeing how it worked and helping
other people manage their lives for example. So, you
could build it into the whole process. [CME1]

Guideline 6: Applying Health-Specific Evaluation
Criteria
The evaluation of mHealth systems requires additional
considerations compared with other contexts because of the
intended and possibly unintended effects of the artifact on
people’s health. The main elements uncovered from the
interviews were as follows: (1) the risks and ethical issues
associated with developing solutions in a health care context
and (2) the need for feasibility testing in the real world (eg,
clinical trials and pilot-testing), before implementation, to ensure
that the mHealth system accomplishes what it set out to do and
does not pose a risk to the end users.
Interview participants emphasized that because of the focus on
people’s health, there are additional risks and ethical
considerations when co-design mHealth systems for a health
care context. For example, MSD1 elaborated:
Even though your interruption through technology
might end up with things being better, you still have
to be very conscious of the fact that there is more at
stake if anything goes wrong because I would not
want to be involved in a technology that made things
more complicated for people who are already in a
complicated and stressful situation. [MSD1]
To navigate these risks, it is important to ensure that an mHealth
system goes through feasibility testing such as pilot-testing and
randomized controlled trials in the real world so that it can be
established that the mHealth system accomplishes its goals and
does not pose a risk to the end users:
You need a randomized controlled trial of the app
first, so that is in the evaluation phase, not the
implementation phase, to then prove that it increases
patient outcomes and then they might adopt it.
[MSD2]
MSD8 further explained that it is important to understand that
there are different levels of feasibility testing that pertain to the
quality of the test and the cost to run the test. For example,
MSD8 recommended performing pilot-testing before conducting
randomized controlled trials for these reasons:
We would never as a health researcher or a health
clinician move straight into a randomized controlled
trial without pilot data first [...]. In terms of costings,
randomized control trials are much more expensive
to run and they are the gold star or grade one
evidence [MSD8]
MSD1 adds that feasibility testing is not only important for
ensuring that the mHealth system works and poses no risk to
end users. Owing to the extensive costs of upkeep after
implementation, finding problems during feasibility testing is
beneficial because they can be fixed by re-entering the earlier
co-design phases. Thereby, some problems are more likely to
be found because testing is performed in a real-world setting:
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You need to do it in stages, especially because there
is such a massive cost involved in terms of the upkeep
of apps [...]. If you can have a prototype, it is not just
about testing the prototype, it is also about testing
how the prototype works in the real world before you
turn it into the end product. [MSD1]

Guideline 7: Collecting and Analyzing Usage Data to
Understand Impact
The final theme focuses on the importance of postdesign. CMEs
noted that even though postdesign is important to assess the
impact of artifacts in the real world [13], this step is frequently
not carried out because of time and cost constraints. However,
the postdesign phase is especially important in the mHealth
context because impact is driven by changes in health behavior
[10], and mHealth systems are intended to be used over extended
time spans (eg, diabetes self-management). Hence, mHealth
systems must be updated to meet changing user needs:
I think post-implementation and the collection of
evidence of the impact of that change is absolutely
essential because you are talking about people
changing their behavior for better health outcomes”
[CME7]
All apps need to be updated, and one of the biggest
issues with health apps is they are not. [MSD7]
In addition, interviewees explained that mHealth is in a unique
position to measure this impact because of having access to
participant usage data from the mHealth system because of their
ability to collect usage data. Thereby, it is important that
qualitative co-design methods (eg, postdesign interviews) are
used to make sense of this participant usage data:
You have got all these functionality and metrics that
you can get from mHealth that you cannot get
anywhere else [such as] Google metrics, Google
Analytics, and usage statistics [...]. That is a whole
avenue of data that you do not have when you do not
have mHealth. [MSD8]
There are ways to get feedback, like usage statistics.
Those do not tell you why. Having more qualitative
methods to get feedback is really important. [CME6]

Discussion
General Discussion
Although extensive research exists on co-design methodology
and its general application, limited research has examined the
complexities that arise in co-designing mHealth systems. This
study aimed to (1) contextualize an existing co-design
framework for mHealth and (2) develop guidelines for
addressing common challenges. From the 16 interviews
conducted with CMEs and MSDs and thematic analysis, we
contextualized the co-design framework by Sanders and Stappers
[13] to the mHealth context and constructed a set of 7 guidelines.
We identified several important aspects from contextualizing
the Sanders and Stappers [13] co-design framework. First, it
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became apparent that some of the co-design phases should be
split up. Although the original framework has an overall
generative phase, a separate prototyping phase was suggested
for mHealth to distinguish between the generation of early
concepts (eg, low-fidelity prototyping) in the generative phase
compared with the testing of more mature concepts where
maturity is higher (eg, high-fidelity prototyping). Furthermore,
a dedicated implementation phase distinguishes activities
performed during evaluation (eg, pilot-testing and randomized
controlled trials) versus implementation (eg, creating
documentation, training, and user acceptance). Second, mHealth
has its idiosyncrasies regarding the front-end of co-design,
including the importance of researchers immersing themselves
in the complex problem context and diverse stakeholder
landscape surrounding a person’s health. Furthermore, this
diversity of stakeholders can lead to a power distance issue in
the generative phase. Therefore, it is important to recognize the
vulnerability of mHealth end users and their relationships with
other stakeholders that could impede participation. The
evaluative phase is also affected, as mHealth problems are
typically riskier compared with other contexts. Thus,
pilot-testing and randomized controlled trials were mentioned
by interviewees as suitable evaluation methods for mHealth.
Finally, the postdesign phase plays a specific role in mHealth
because of its intended effects on health behavior. However,
this cannot be assessed until the system is deployed. Hence, the
postdesign phase is necessary to understand this impact on user
behavior and to allow for continued monitoring and
maintenance.
Addressing the second research objective, seven guidelines were
synthesized for applying co-design to mHealth (labeled guideline
1 to guideline 7). As shown in Figure 3, the guidelines pertain
to the specific phases of the co-design process. Emphasizing
the importance of the front end of co-design, guideline 1 to
guideline 4 focus on ensuring that researchers and practitioners
establish an intimate understanding of the problem context as
early as possible. Interviewees noted that, by following these
steps, common challenges such as stakeholder identification,
power distance, and lack of trust can be addressed effectively.
For instance, by immersing oneself in the mHealth problem
context (guideline 4), researchers and practitioners can better
understand how end users interface with stakeholders in their
health ecosystem, aiding in stakeholder identification. Guideline
5 maps to all phases in the framework as (postdesign) advocates
(ie, users championing the system) can be identified in any
phase. Interviewees noted that these advocates can help mitigate
many issues that can potentially surface in the implementation
phase, for instance, by championing the system themselves and
by training others. Next, guideline 6 maps to the evaluative
phase and emphasizes the importance of health-specific
evaluation (eg, pilot-testing and randomized controlled trials)
given the high-risk nature of mHealth challenges. Finally,
guideline 7 maps to the postdesign phase to ensure that the
impact is measured post implementation along with contextual
research that informs further system refinements.
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Figure 3. Interplay of guidelines and mapping to the co-design phases.

Beyond phase-specific relevance, there is also an important
interplay between the guidelines. First, guidelines 1, 2, and 4
are linked to 3 because a deep understanding of the problem
context is needed to effectively apply guideline 3 (highlighting
the importance of the front-end of co-design in mHealth).
Without this, many of the challenges identified by the
interviewees (eg, power distance, lack of trust, and accessibility
of tools and methods) would compromise later co-design phases.
Second, there is a link between guideline 1/guideline 2 and
guideline 6/guideline 7. Guideline 1 and 2 primarily focus on
understanding the problem context and establishing the desired
goals of the mHealth system, while guidelines 6 and 7 refer to
the evaluation of how well the mHealth system addresses these
goals, both pre- and postimplementation. Finally, there is a link
between guidelines 5 and 7 since the identified advocates will
invariably be needed to understand the impact of the mHealth
system in the real world.
There were key differences and similarities between the
responses of CMEs and MSDs, with implications for the results
presented in this paper. First, the interview guide acknowledged
the differing nature of expertise between the CME and MSD
groups to elucidate the experts’ specific domain knowledge
(Multimedia Appendix 2). For instance, questions for CMEs
primarily referred to co-design in a general sense, which tapped
into their expertise in co-design applications, processes, phases,
methods, and tools. Conversely, questions for MSDs focused
on how co-design manifested in their own projects, which led
to more specific responses about the contextualization of
co-design to mHealth (challenges they had faced, how they
involved mHealth stakeholders, benefit of co-design to their
project, etc). The groups expressed similar considerations around
the challenges and benefit of co-design, since cost and time
constraints are typically common factors in co-design processes,
regardless of the context. There was general between-group
consensus regarding the aspects that would inform the derivation
of guidelines and the contextualization of the framework.
Overall, the responses from CMEs tended to refer to general
considerations around applying co-design to a complex area,
whereas the responses from MSDs were more specific to
challenges and best practices based on experience from actual
mHealth projects.
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Implications
This work has several important implications for researchers
and practitioners. First, building on the extensive expertise of
CMEs and MSDs who participated in this research, the
contextualized framework may provide a shared frame of
reference to guide mHealth systems development projects, which
are interdisciplinary in nature [5,6]. Rooted in the widely used
co-design framework by Sanders and Stappers [13], the
contextualized framework brings to light a range of critical
considerations that arise in the health context. As a shared frame
of reference, the contextualized framework may aid mHealth
researchers and practitioners in planning co-design activities
and involving stakeholders in all stages of design [1,6]:
This is great work. There is definitely work in what
you are doing. [...] Any type of framework that helps
us to do this on the ground more effectively and in
[the mHealth] context, that is the kind of work that
we need. [CME4]
Complementary to the framework, the guidelines point to pitfalls
in mHealth systems development along with specific suggestions
on how these challenges can be navigated. Multimedia Appendix
5 provides a checklist for co-designing mHealth systems projects
according to the 7 guidelines. By facilitating stakeholder
engagement and involvement in co-design activities, these
guidelines may help researchers and practitioners to ensure that
mHealth systems are underpinned by expert insight, reflect the
lived experiences of end users, and integrate into the existing
system and process landscape [5,11]. In so doing, co-designed
mHealth artifacts may enable end users and health professionals
to develop a stronger sense of ownership and agency over the
outcome. Researchers and practitioners can actively engage
postdesign advocates to assist in increasing buy-in from
stakeholders, overcoming barriers, and championing the
system’s implementation and use.

Limitations and Opportunities for Future Research
This study had some limitations. First, it should be noted that
most of the interviewees resided in the Oceania region and/or
were working within the academic sector. Future research may
bring to light potential differences in co-design between industry
and academia as well as geographical differences related to
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cultural factors (eg, uncertainty avoidance and power distance
[58]). Second, while our research builds on the expertise of the
interviewed experts beyond the scope of an individual mHealth
system, future research is warranted on the usefulness of the
contextualized framework and guidelines for the development
of actual mHealth systems. Importantly, this evaluation and
refinement should also include the perspectives and lived
experiences of individuals involved as co-designers in the
context of a specific mHealth system. This was beyond the
scope of this study, as we considered mHealth system design
beyond the scope of a specific mHealth systems development
project. Third, because the current focus is on the co-design
process as a whole, it was beyond the scope of this study to
assess the applicability of specific co-design methods for
mHealth (eg, cultural probes and journey maps). Future research
needs to investigate the usefulness and boundary conditions of
individual co-design methods in mHealth. This would have the
potential to illuminate specific activities that can assist in
stakeholder engagement and impact determination in the long
run.

Noorbergen et al

Conclusions
With the focus of supporting positive health outcomes,
researchers and practitioners encounter unique challenges in
mHealth systems development. Following a constructivist
approach, we interviewed 16 experts in co-design methods and
mHealth systems development to contextualize an established
co-design framework for the mHealth setting and to construct
a set of tangible guidelines to address common challenges in
this space. While contextualization emphasizes the need to
include dedicated prototyping and implementation phases, the
guidelines provide practical insights on how to engage in this
process by (1) understanding stakeholder vulnerabilities and
diversity, (2) planning for and assessing health behavior change,
(3) identifying co-design facilitators, (4) immersing in the
mHealth ecosystem, (5) identifying postdesign advocates, (6)
applying health-specific evaluation criteria, and (7) analyzing
usage data and contextual research to understand impact. We
hope that the contextualized framework and guidelines presented
in this work will serve as a shared frame of reference to facilitate
interdisciplinary collaboration at the nexus of information
technology and health research.
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Abstract
Background: Managing the care of older adults with heart failure (HF) largely centers on medication management. Because
of frequent medication or dosing changes, an app that supports these older adults in keeping an up-to-date list of medications
could be advantageous. During the COVID-19 pandemic, HF outpatient consultations are taking place virtually or by telephone.
An app with the capability to share a patient’s medication list with health care professionals before consultation could support
clinical efficiency, for example, by reducing consultation time. However, the influence of apps on maintaining an up-to-date
medication history for older adults with HF in Ireland remains largely unexplored.
Objective: The aims of this review are twofold: to review apps with a medication list functionality and to assess the quality of
the apps included in the review using the Mobile App Rating Scale (MARS) and the IMS Institute for Healthcare Informatics
functionality scale.
Methods: A systematic search of apps was conducted in June 2019 using the Google Play Store and iTunes App Store. The
MARS was used independently by 4 researchers to assess the quality of the apps using an Android phone and an iPad. Apps were
also evaluated using the IMS Institute for Healthcare Informatics functionality score.
Results: Google Play and iTunes App store searches identified 483 potential apps (292 from Google Play and 191 from iTunes
App stores). A total of 6 apps (3 across both stores) met the inclusion criteria. Of the 6 apps, 4 achieved an acceptable MARS
score (3/5). The Medisafe app had the highest overall MARS score (4/5), and the Medication List & Medical Records app had
the lowest overall score (2.5/5). On average, the apps had 8 functions based on the IMS functionality criteria (range 5-11). A total
of 2 apps achieved the maximum score for number of features (11 features) according to the IMS Institute for Healthcare Informatics
functionality score, and 2 scored the lowest (5 features). Peer-reviewed publications were identified for 3 of the apps.
Conclusions: The quality of current apps with medication list functionality varies according to their technical aspects. Most of
the apps reviewed have an acceptable MARS objective quality (ie, the overall quality of an app). However, subjective quality
(ie, satisfaction with the apps) was poor. Only 3 apps are based on scientific evidence and have been tested previously. A total
of 2 apps featured all the IMS Institute for Healthcare Informatics functionalities, and half did not provide clear instructions on
https://mhealth.jmir.org/2021/11/e30674

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e30674 | p.239
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Diaz-Skeete et al

how to enter medication data, did not display vital parameter data in an easy-to-understand format, and did not guide users on
how or when to take their medication.
(JMIR Mhealth Uhealth 2021;9(11):e30674) doi:10.2196/30674
KEYWORDS
mobile app; mHealth; medication app; heart failure; Mobile App Rating Scale

Introduction
Background
Managing the care of older adults with heart failure (HF) largely
centers on symptom and medication management [1].
Medication management in patients with HF is challenging due
to frequent medication or dosing changes [2,3] and
polypharmacy, as some patients with HF typically take on
average 10-25 tablets daily [4]. Polypharmacy is associated
with poor adherence to pharmacological therapies, drug
interactions, inappropriate drug prescriptions, and other adverse
effects [5]. A recent report by the World Health Organization
[6] argues that technology can improve patient experiences and
medication adherence and enable patients to become active
participants in medication reviews. Mobile apps offer the
potential to augment care for patients with HF. Apps can
potentially support older adults to find information on the
medications (ie, drug interactions), track their medication,
communicate with health care providers, keep a daily record of
their blood pressure and weight measurements, and facilitate
an accurate medication history. However, there is a dearth of
literature on apps specifically to support medication history.
An accurate medication list prevents adverse drug events [7],
increases patients’ care outcomes, decreases hospitalization and
mortality rates [8,9], and supports medication adherence for
patients self-managing at home.
Given the complexity of HF self-care, assisting older adults in
managing their own care at home is critical to the success of
HF management. Emerging evidence suggests that mobile health
(mHealth), particularly mobile technologies, can serve as a form
of support for patients with HF and may enhance
patient-provider collaboration for self-management [1,10]. By
their nature, mobile devices, such as phones, are carried by
people and, therefore, are always with them, offering
opportunities beyond simple remote monitoring to assist with
the management of care. In the current context of the COVID-19
pandemic, when the community (and especially older adults)
is requested to maintain social distancing, the public health
landscape is changing and mHealth has never been so important
for treatment [10,11].
For older adults, social isolation and loneliness increase the risk
of anxiety, depression symptoms, heart disease, reduction of
activities of daily living, morbidity, and mortality [12,13].
Government recommendations to self-isolate during this
pandemic have undoubtedly had a detrimental effect on older
adults, including those that previously had wide social
connections with the community and relatives [14]. Older adults
who were previously attending outpatient appointments have
seen their access restricted. In Ireland, the Health Service
Executive website notes that all outpatient appointments are
https://mhealth.jmir.org/2021/11/e30674
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postponed until further notice [15]. Health care professionals
(HCPs) working in outpatient clinics are seeing a reduced
number of patients, with most consultations now taking place
over the phone, bar medical emergencies. In Ireland, McGlynn
[16] drew attention to the sharp decline in cardiac outpatient
appointments during March to April 2020 (300,000
appointments) compared with the same period in 2019.
Therefore, the need for new models of care in this changed
environment to support older adults at home to alleviate their
mental and physical burden, as well as provide medical care, is
especially timely [10,11].
Across many countries, emerging evidence confirms the
important role that mHealth can play in community care,
especially during COVID-19. In the United States, there have
been 10-fold web-based consultations in a few weeks [17], “...as
big a transformation as any ever before in the history of US
health care.” Similarly, Canada, South Africa, India, and the
United Kingdom are conducting health care web-based
consultations at an exponential rate [17]. In Ireland, the platform
Attend Anywhere, endorsed by the Health Service Executive,
is now widely available for HCPs to conduct web-based
consultations [18]. However, the use of this platform is not even
across Irish clinical settings (some HCPs are actively using it
and others are not). Many outpatient services are consulting
patients over the phone during the COVID-19 pandemic [19,20],
except for patients with exacerbated symptoms.
The process of medication review over the phone is difficult
and time-consuming [21]. HCPs have to listen attentively to the
information the patient is conveying while lacking visual cues
(ie, printed medication list or medication blisters provided by
pharmacists). Instead, each patient has to spell each medication
list over the phone, raising confusion over similarities of the
medication name or dose, thus increasing the length of the
consultation. An app sharing an up-to-date medication list with
HCPs preconsultation could reduce medication and dosing
errors, making the consultation process more efficient. A
usability study of an app developed for HF self-management
was conducted in Australia [22]. A total of 8 participants tested
the app over a 14-day period and 6 of them assessed the app
using the Mobile App Rating Scale (MARS; widely used to
assess the quality of mobile apps). The app was found to be of
acceptable quality and beneficial for HF self-management.
Interestingly, the medication list feature on the app was
considered by the patients to be beneficial; however, none of
the patients used it during the 14 days. The authors suggested
that participants found it difficult to incorporate the app into
their self-care routine [22].
Emerging evidence suggests that apps can support patients by
checking drug interactions, tracking medication intake, and
facilitating an up-to-date list of medications. However, although
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some app interventions have explored HF self-management
[23,24], app interventions focusing on older adults with HF
maintaining an accurate medication list have been limited and
largely unexplored. This paper aims to explore the benefits of
apps with a medication list functionality, explore their role in
the COVID-19 pandemic context, and assess their quality using
the MARS and the IMS Institute for Healthcare Informatics
functionality score.

Objectives
The objectives of this review are two-fold: to review apps with
a medication list functionality and to evaluate the quality of the
apps included in the review with a validated scale. To assess
the quality and functionality of the apps, 2 tools were used: the
MARS tool and the IMS Institute for Healthcare Informatics
functionality score. For the purpose of this paper, an app with
a medication list functionality is an app that generates a
comprehensive medication history, allowing the patient to email
or share the list in real time with HCPs.

Methods
Overview
A systematic search of apps accessible in Ireland was conducted
in June 2019 using the Google Play and iTunes App stores. The
purpose of this search was to identify apps with a medication
list functionality. The search term medication list was used to
identify apps with a medication list functionality. The term
medication app was excluded from the search as it identified
apps with a different primary purpose (eg, medication alarm,
medication tracker, medication reminder, apps providing
educational information only, medical decision support systems
for clinicians, medication adverse effect, pharmacy locator, and
prescription refills). After the initial identification of apps
containing a medical list function, the apps were tabulated. If
the same app was available on different platforms (iOS or
Android), both versions were retained for analysis as apps
behave differently depending on the platform, as seen in
previous work by Nicholas et al [25]. Inclusion and exclusion
criteria (discussed next) were applied to each app to determine
whether they should be retained for further analysis.
Apps that met the inclusion criteria were downloaded and
evaluated by a team of 4 researchers. The MARS was used to
assess the quality of the apps using an Android phone and an
iPad. Apps were also evaluated using the IMS Institute for
Healthcare Informatics functionality scores.
A Google Scholar search of the apps was conducted to identify
apps included in this review that have been evaluated and
published in peer-reviewed journals.

Inclusion and Exclusion Criteria
Apps were included if they had a medication list function; if
they were updated in the last 2 years; were free of charge,
reflecting popular trends in app downloads [26]; were available
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in English; and had a strict privacy policy written on their
website or app store. Although a strict privacy policy is not an
ultimate standard, given the sensitive nature of health
information, the presence of a transparent privacy policy on
medication apps was deemed highly important [27].
Apps were excluded from evaluation if they were a game app,
were not available in Ireland, focused solely on a particular
medical condition (eg, asthma), were a mobile clinical decision
support system, were designed primarily for self-care
management of a condition (eg, chronic obstructive pulmonary
disease or diabetes), were not available for patients to use at
home, and had a barcode scanner that did not recognize
medication used in Ireland.

Data Extraction
The following information for each app with a medication list
function was downloaded: developer, number of downloads of
the app, last update, and description of the app in the app store.
The apps were downloaded from the app store, and scientific
support was evaluated by investigating their content. Scientific
support provides information on the app’s evidence of validity,
as apps that are not supported by evidence are associated with
decrements in quality and safety [28]. For example, issues
relating to patient confidentiality, inadequate content present
in the app, and malfunctioning clinical decision-making apps
could result in negative health outcomes for patients [29]. Apps
that fulfilled the inclusion criteria were assessed using the
MARS and IMS Institute for Healthcare Informatics
functionality scoring criteria [30].

Rating Tools
MARS Description
All apps were subjected to in-depth analysis and evaluation
using the MARS. To the best of our knowledge, there are no
published studies using the MARS to assess the quality of apps
with a medication list functionality. The MARS was developed
by a team of researchers at the University of Queensland,
Australia, to provide a systematic means of assessing,
classifying, and rating the quality of mHealth apps [31].
Within this framework, apps are rated according to 4 objective
measures (engagement, functionality, aesthetics, and information
quality) and one subjective measure (Table 1). More specifically,
engagement involves determining whether the app is fun,
interesting, customizable, interactive, and well-targeted to its
audience. Functionality assesses whether the app is easy to learn,
navigate, and flow logically. The esthetics category evaluates
the graphic design, overall visual appeal, color scheme, and
stylistic consistency of the app. Information quality involves
evaluating whether the app contains high-quality information
from a credible source. Subjective quality reflects user
satisfaction, app endorsement, and continuity of use (ibid). A
complete description of the MARS items and subscales can be
found in Multimedia Appendix 1 [31].
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Table 1. The Mobile App Rating Scale section scores, overall mean, subjective quality results, and mean total.
App name

Developer

Scoresa

Overall meanb Subjective quality
resultsc

Engage

Function

Aesthetics

Information

Dosecastd

Montuno Software,
LLC

3.3

3.4

3.3

3.1

3.3

2.5

MyTherapyd

Smart patient GmbH 3.4

4.0

3.8

3.4

3.7

3.4

2.1

2.9

2.6

2.3

2.5

1.6

Medication List & Medical LSD infotech
Recordsd

a

Medisafed

MediSafe

3.6

4.5

3.9

4.0

4.0

4.0

MedList Prod

Ramtin Software
Solutions

3.2

3.1

2.8

2.7

3.0

1.5

Dosecaste

Montuno Software,
LLC

3.1

3.2

3.2

2.8

3.1

2.2

My Therapye

Smart patient GmbH 3.4

3.9

3.6

3.2

3.5

2.9

Medisafee

MediSafe Inc

3.6

4.5

3.9

4.0

4.0

3.8

Pill Remindere

Sergio Licea

3.5

4.1

3.9

3.1

3.7

3.6

Engagement: mean 3.24 (SD 0.461); functionality: mean 3.73 (SD 0.602); aesthetics: mean 3.42 (SD 0.506); information: mean 3.17 (SD 0.565).

b

Overall: mean 3.4 (SD 0.496).

c

Subjective: mean 2.82 (SD 0.945).

d

Android platform.

e

iTunes platform.

The apps were independently reviewed by 4 reviewers using a
five-point scale (1=inadequate, 2=poor, 3=acceptable, 4=good,
and 5=excellent), as shown in Multimedia Appendix 2. Scores
for each category were obtained by calculating the mean of the
ratings for each subscale according to the 5 measures described
above. The total score for each app was determined using the
average of the 4 objective measures. The overall mean app
quality total score and the total score for the subjective measure
(subjective quality, worth recommending, repeat use of the app,
and overall satisfaction) were also calculated.

functional subcategories. The complete structure of the IMS
Institute for Healthcare Informatics functionality scoring criteria
can be found in Multimedia Appendix 3 [30]. If a function was
present, it was coded as 1; otherwise, it was coded as 0.
Functionality scores ranging from 0 to 11 were generated for
each app.

The reviewers carefully read the MARS instructions,
independently reviewed the apps, and provided a rationale for
their ratings. Subsequently, they compared the results and
reached a consensus on each of the ratings for each of the MARS
subscales [31]. Before rating the included apps, each reviewer
rated 2 randomly selected apps for training purposes (from those
apps that were excluded from the review). The results were
discussed to ensure that all reviewers had an understanding of
the MARS items and the rating process.

Google Play and iTunes App stores searches identified 483
potential apps (292 Google Play stores and 191 iTunes App
stores), the app selection process for both app stores can be seen
in Multimedia Appendices 4 and 5. A total of 6 apps (3 across
both stores) met the inclusion criteria. Out of the 6 apps
reviewed, 4 achieved an acceptable quality score (MARS score
3/5), one achieved a good quality score (4/5), and one had a
poor quality score (2.5/5). The median overall MARS score
was 3.5/5, ranging from 2.5/5 to 4/5 (mean 3.4, SD 0.49). As
stated earlier, the apps are rated according to 4 objective
measures: engagement, functionality, aesthetics, and
information. The functionality dimension mean score achieved
the highest score (3.7), whereas the mean score for the
information and engagement dimensions was the lowest (3.2).
The total mean subjective MARS score (2.8/5) was lower than
the total mean objective MARS score (3.4/5).

IMS Institute for Healthcare Informatics Functionality
Score Description
To complement the MARS quality assessment, another tool
was used to independently evaluate app functionalities [30].
This evaluation focused on the scope of functions and the
potential role that each functionality plays in supporting
self-management for patients with HF.
Unlike MARS, this tool only assesses objective quality and has
been used previously to evaluate app capabilities [32,33]. The
functionality score consists of 7 functionality criteria and 4
https://mhealth.jmir.org/2021/11/e30674
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Results
Overview

On average, the apps had 8 functions based on the IMS criteria
(range 5-11). Two apps achieved the highest IMS functionality
criteria score (11 functions), whereas 2 apps achieved the lowest
score (5 functions). All functions (n=11) are listed in Table 2.
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e30674 | p.242
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All apps had collecting, sharing, and recording functionality.
However, half of the apps did not provide clear instructions on
how to enter medication data, did not display vital parameter
data in an easy-to-understand format, and did not guide or

provide users with advice on how or when to take their
medication. Only 2 apps allowed users to communicate with
HCPs, family, and friends in real time.

Table 2. IMS Institute for Healthcare Informatics functionality score results.
IMS functionality scoring
criteria

Dosecast (Google
Play and iTunes)

My Therapy
Medication List &
(Google Play and Medical Records
iTunes)
(Google Play)

Medisafe (Google
Play and iTunes)

Inform

✓a

✓

Instruct

✓

✓

✓

MedList Pro
(Google Play)

Record

✓

✓

✓

✓

✓

✓

Collect data

✓

✓

✓

✓

✓

✓

Share data

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

Evaluate data
Intervene

✓

✓

Display

✓

Guide

✓

✓

✓

✓

✓

✓

Remind or alert

✓

Communicate
Total functions present
a

Pill Reminder
(iTunes)

5

11

✓

5

✓

✓

11

✓
✓

✓

7

6

✓: Function present in the app.

Quality Assessment Using the MARS
Four out of the six apps achieved acceptable quality, suggesting
that most apps are of acceptable quality. None of the apps
presented any major technical issues during the review, and all
were updated in the last 2 years. Features included in most apps
reviewed were medication reminders, medication history logs
with the ability to share a medication report with others, vital
parameter tracking, and syncing the account to other devices.
Only one app (Medisafe) achieved the highest objective and
subjective overall MARS scores. One of the distinctive features
of this app was the ability to educate users on how and when
to take their medication, drug-drug interaction information, and
medication side effects. This information was presented in
videos using a clear and concise language and text format. In
addition, there is evidence of effectiveness, as the Medisafe app
has been previously tested in 2 randomized controlled trials
[34,35], as a medication adherence tool using scheduled
reminders [36] and as a medication reminder related to patients’
intention to use the app [37].
The overall subjective quality dimension was significantly lower
(2.8/5) than the overall objective mean of all apps (3.4/5). Only
one app (Medication List & Medical Records) achieved a lower
objective overall score (2.5/5) than the subjective overall score.
The subjective quality represented the opinion of the user on
the level of satisfaction with the app, willingness to pay for it,
and the extent to which the user will recommend it to others. It
appears that the apps reviewed, to a certain extent, are well
designed, as most apps achieved an acceptable objective quality.
However, the subjective quality was poor, as the reviewers
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provided lower scores on continuity of use and willingness to
recommend the apps to others.
The functionality dimension mean score achieved the highest
score (3.7), indicating a trend toward higher responses in a
timely manner, intuitiveness and ease of use, and navigation
across all apps. However, the mean score for the information
and engagement dimensions was the lowest (3.2). The
information dimension represents the quality and quantity of
information present in the app and the way this information is
provided, for example, through the use of different formats,
such as videos, text, or graphs. The quality of the information
on the apps reviewed varied, as some provided good quality
medication information; in others, there was a very poor level
of information or none present at all.
None of the apps included in the review performed very well
in the engagement dimension (if the app was fun or interesting
to the user). Medication apps as a rule are not fun and
entertaining; however, most apps allow interactivity (ability to
input information and prompting) and customization (sending
notifications and setting up medication reminders). Another
category in engagement, the target group, evaluated if the app
content (ie, visual information, language, and design) was
appropriate for the user. Most patients diagnosed with HF are
older adults. The apps reviewed were not specifically designed
for use by older adults and did not have an age-friendly
interface. An example of an age-friendly interface is when an
app facilitates older adults to enlarge the font size of the screen
if required. Avoiding information overload and providing
detailed instructions on how to use the app are also age-friendly
interface examples [38]. Three of the apps reviewed (Dosecast,
Medication List & Medical Records, and MedList Pro) did not
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e30674 | p.243
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provide clear instructions on how to use the app or how to input
medication. App developers should consult with and take older
adults’ views, needs, and preferences into consideration to make
apps more age-friendly and increase usability [38].

IMS Institute for Healthcare Informatics Functionality
Score Evaluation and Implications for Patients With
HF
Inform
Only 2 apps (Medisafe and MyTherapy) communicated
effectively to users, offering an educational component about
medication and the medical condition associated with each
medication. In addition, both apps informed users about the
medication they are taking and possible drug-to-drug
interactions. Due to frequent medication or dosing changes in
patients with HF, this is a critical function. Medication
adherence and continuous education on the condition and
symptom management are vital to reduce rehospitalization,
illness progression, and exacerbation of symptoms in patients
with HF [39].

Instruct
Some of the apps reviewed (Dosecast, Medication List &
Medical Records, and MedList Pro) were not intuitive and did
not provide clear instructions on how to enter medication
strength, time of the day, route, and setting up medication
reminders. In other studies, the level of detailed instructions
varied. Providing clear instructions on the use of an app is vital
for older adults with HF. Patients with HF are predominantly
patients aged ≥ 65 years [40], and old age has been cited as a
barrier to app use and uptake [41]. Therefore, app designers
should consider the needs of older adults using apps and include
basic usability advice and easy-to-understand content [38,42].

Record

Diaz-Skeete et al

Intervene
Five out of the six apps (except Medication List & Medical
Records) had the capability to recommend the user, a relative,
or a medical practitioner to intervene based on the data collected.
Building from the example provided in “evaluate data,” once
the health information is evaluated, an intervention can be put
in place. Examples of interventions for patients with HF could
be to reduce or increase the medication dose, reduce fluid intake,
and attend the clinic or emergency department on the day. Other
examples are the ability of the app to communicate effectively
to provide a positive intervention, that is, reminders to refill
their medication or a suggestion to engage in physical activity
to achieve their daily activity goal.

Display
Apps with a cluttered or bland display do not engage users and
are less likely to offer a positive user experience. In 3 of the
apps reviewed (MyTherapy, Medication List & Medical
Records, and Medisafe), the data were displayed in a clear and
colorful graphical representation format. This function could
potentially be effective for patients with HF as they can easily
understand health reports, that is, medication, weight, and blood
pressure [22]. Consequently, health reports will highlight
behavioral changes, for example, to adhere to the medication
prescribed, reduce fluid intake, or ring the clinic regarding
weight gain.

Guide
Half of the apps (Dosecast, Medication List & Medical Records,
and Pill Reminder) did not provide comprehensive guidance or
training about the correct administration of medication or advice
on the time of day that the medication should be administered,
for example, before or after a meal. HF medication management
is complex, and continuous education and advice on regular
medication use is vital for HF self-management [32].

All apps allowed users to record their medication and a history
of use. Most apps also had the capability to record vital
parameters. For patients with HF, blood pressure and weight
measurements are useful for monitoring the progress of their
illness and identifying when symptoms exacerbate. One of the
main goals of HF care is to avoid rehospitalization and major
adverse cardiac events [32]. In particular, one app offered the
possibility of tracking mental well-being, another key area that
needs particular attention. For individuals diagnosed with HF,
depression and anxiety are common, leading to rehospitalization,
poorer quality of life, and increased morbidity and mortality
[43].

Reminder or Alert

Evaluate Data

This function offers the option to communicate with HCPs or
with an online support group in real time. The Medisafe app
offers users the possibility to communicate with unlimited
Medfriends supporters (relatives, friends, or caregivers). Another
app, MyTherapy, provides HCPs with an overview of patients’
data to plan for their treatment between visits through the web
dashboard function.

Four apps (MyTherapy, Medication List & Medical Records,
Medisafe, and Pill Reminder) allowed data entered into the app
to be analyzed and evaluated by the user, a relative, or an HCP.
This functionality allows for information to be shared easily
and in a timely manner for HCPs to evaluate it and act
accordingly. For example, relatives and clinicians can evaluate
whether a person is adhering to medication.

All apps issued an alert to remind users to take their medication
and most allowed the users to tick off their medication once
they take it or record it as a missed dose. Most apps also had
the capability of reminding users of upcoming medical
appointments. Apps with a reminder function improved
medication adherence and enhanced complex medication
management in patients with HF [32]. One of the apps,
Medisafe, alerted users and their relatives of drug-drug
interactions and of missed medication doses.

Communicate

Google Scholar Search
A search was conducted to identify the apps included in this
review that have been evaluated and published in peer-reviewed
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journals. Out of all the apps reviewed, 3 apps were identified
in the search: (1) Dosecast, (2) MyTherapy, and (3) Medisafe
app.

Discussion
Principal Findings
To our knowledge, this is the first study to assess the quality of
apps with a medication list functionality using the MARS and
the IMS Institute for Healthcare Informatics functionality scale
available to Irish consumers. The most common functionalities
found in the apps reviewed were medication reminders,
medication history logs, and the ability to share medication
reports with others, vital parameter tracking, and syncing the
account to other devices. However, half did not provide clear
instructions on how to enter medication data, did not display
vital parameter data in an easy-to-understand format, and did
not guide users on how or when to take their medication.
App users prefer apps that are effective, useful, and easy to use
[44]. From the apps reviewed, the Medisafe app achieved the
highest objective and subjective overall MARS score and the
highest IMS Institute for Healthcare Informatics functionality
score. One of the distinctive features of this app is the ability
to educate users on how and when to take their medication,
drug-drug interaction information, and medication side effects.
This information was presented in videos using a clear and
concise language and text format. The app was found to be very
intuitive and had an age-friendly interface.
The quality and efficacy of health apps is another important
factor to be considered by users, as they provide positive user
experiences and a higher uptake [45]. Most of the apps included
in this review had acceptable quality. However, for users, it is
not easy to determine the quality, performance, and
trustworthiness of apps. The number of apps available in app
stores has been growing exponentially in the last decade [30,46]
impacting the user’s ability to distinguish app quality and
performance. Therefore, a reliable and easy-to-use tool to
facilitate this process is warranted [47].
The use of mHealth apps is growing at an exponential rate, but
there are questions about their efficacy. One of the methods to
check the evidence of efficacy is to conduct a search for
peer-reviewed academic evidence. For the purpose of this study,
a search was conducted for each app in Google Scholar to
identify any published peer-reviewed articles. Three of the
reviewed apps were identified in the search. The Medisafe app
has been previously tested in 2 randomized controlled trials:
(1) a medication adherence study [34] and (2) a medication
adherence and blood pressure control study [35]. The
MyTherapy app was tested in a study [48] as a medication
tracker and reminder, whereas the Dosecast app was included
in the IMS Institute for Healthcare Informatics review [30], a
MARS review [49], and on a feasibility and acceptability
medication adherence experimental trial [50]. However, many
widely used apps have not yet been scientifically tested.
Therefore, there is a need for more apps to be tested
scientifically and the outcomes to be disseminated to inform
the mHealth research community [22,51].
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The mHealth research community has been actively searching
for self-management solutions to support older adults shielding
at home during the COVID-19 pandemic. One of their focus
areas is to support self-management and medication adherence
[52]. Apps with a medication reminder functionality may play
a potentially important role in promoting greater
self-management of vulnerable older adults living at home. In
Ireland, as per March 2021, older adults are shielded, and
movement is restricted to a 5 km radius. The monotonous routine
makes each day very similar to the previous one, and daily
routines, such as taking medication at scheduled times might
become easy to forget. All apps reviewed, with the exception
of one, have the capability of reminding users to take their
medication. Medication reminder apps have been found to be
effective and to increase medication adherence [48,49,53-55],
even for patients with HF [56]. Another app feature that might
be of benefit during the COVID-19 pandemic is the ability of
older adults with HF to communicate with their medical team
or relatives via the app. As mentioned earlier, in Ireland, the
number of in-person HF outpatient consultations has
considerably decreased by 2020 [15,16]. As of March 2021, the
probability of contracting the virus for health care personnel
remains high [57], and patients with HF are considered to be
one of the most vulnerable groups [58].
Finally, this paper identified a small number of apps that could
be suitable for patients with HF sharing their medication list
with HCPs before consultation. Owing to the sensitive nature
of health care data and in an era where General Data Protection
Regulation (GDPR) legislation considerations are increasingly
important, a strict data policy was a criterion for selection. For
example, one of the most frequent concerns app users have is
how their health data are processed. Under GDPR legislation,
app users are encouraged to ask and obtain information in
relation to data security and data processing [59]. However,
after the introduction of the GDPR in 2018, no specific guidance
on privacy has been developed for apps widely available to
consumers [60]. Therefore, the need for transparent and
easy-to-understand strict privacy policies in health apps should
be mandatory if consumers are expected to download and use
mHealth apps [60,61] and if clinicians are expected to
recommend apps to their patients [62].

Conclusions
The quality of current apps with a medication list functionality
varies according to their technical aspects. Most of the reviewed
apps have acceptable MARS objective quality. However, the
subjective quality or satisfaction with the apps was poor. The
objective quality assesses whether an app is interesting, easy to
navigate, and overall visual appeal, among other characteristics.
Subjective quality reflects user satisfaction, app endorsement,
and continuity of use. Only 3 apps are based on scientific
evidence and have been tested previously. Two apps featured
all the IMS Institute for Healthcare Informatics functionalities
and half did not provide clear instructions on how to enter
medication data, did not display vital parameter data in an
easy-to-understand format, and did not guide users on how or
when to take their medication.
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To our knowledge, this is the first study to use the MARS to
assess the quality of apps with a medication list functionality
available in the Irish app stores. The need for an app to support
older adults with HF to maintain an accurate medication list is
warranted. We recommend that app developers display either
in the app or on the website, a transparent and
easy-to-understand privacy policy to increase patients’ and
HCPs’ trust and use.

Diaz-Skeete et al

Limitations
One of the limitations of this review is the limited number of
apps, as only those with a strict privacy policy written on their
website or app store were included. Furthermore, due to the fast
pace of app development, it is possible that by the time this
paper is published, there may be new apps with a medication
list functionality available to Irish consumers.
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Abstract
Background: The COVID-19 pandemic increased attention to digital tools to support governmental public health policies in
East and South-East Asia. Mobile apps related to the COVID-19 pandemic continue to emerge and evolve with a wide variety
of characteristics and functions. However, there is a paucity of studies evaluating such apps in this region, with most of the
available studies conducted in the early days of the pandemic.
Objective: This study aimed to examine free apps developed or supported by governments in the East and South-East Asian
region and highlight their key characteristics and functions. We also sought to interpret how the release dates of these apps were
related to the commencement dates of other COVID-19 public health policies.
Methods: We systematically searched for apps in Apple App Store and Google Play Store and analyzed the contents of eligible
apps. Mobile apps released or updated with COVID-19–related functions between March 1 and May 7, 2021, in Singapore,
Taiwan, South Korea, China (mainland), Japan, Thailand, Hong Kong, Vietnam, Malaysia, Indonesia, and the Philippines were
included. The CoronaNet Research Project database was also examined to determine the timeline of public health policy
commencement dates in relation to the release dates of the included apps. We assessed each app’s official website, media reports,
and literature through content analysis. Descriptive statistics were used to summarize relevant information gathered from the
mobile apps using RStudio.
Results: Of the 1943 mobile apps initially identified, 46 were eligible, with almost 70% of the apps being intended for the
general public. Most apps were from Vietnam (n=9, 20%), followed by Malaysia, Singapore, and Thailand (n=6 each, 13%). Of
note, most apps for quarantine monitoring (n=6, 13%) were mandatory for the target users or a population subset. The most
common function was health monitoring (32/46, 70%), followed by raising public health awareness (19/46, 41%) through education
and information dissemination. Other functions included monitoring quarantine (12/46, 26%), providing health resources (12/46,
26%). COVID-19 vaccination management functions began to appear in parallel with vaccine rollout (7/46, 15%). Regarding the
timing of the introduction of mobile solutions, the majority of mobile apps emerged close to the commencement dates of other
public health policies in the early stages of the pandemic between March and April 2020.
Conclusions: In East and South-East Asia, most governments used mobile health apps as adjuncts to public health measures
for tracking COVID-19 cases and delivering credible information. In addition, these apps have evolved by expanding their
functions for COVID-19 vaccination.
(JMIR Mhealth Uhealth 2021;9(11):e32093) doi:10.2196/32093
KEYWORDS
mobile apps; applications; eHealth; mHealth; mobile health; digital health; telemedicine; telehealth; COVID-19; coronavirus;
pandemic; public health; health policy
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Introduction
The role of digital technology has reached new heights, with
93% of the world’s population having access to mobile
broadband networks in 2020 [1]. Today, with more than half
of the world’s population (approximately 3.8 billion individuals)
owning a smartphone, there is enormous potential and increasing
opportunity to cost-effectively incorporate mobile apps into
pandemic control strategies [2]. Mobile technologies in public
health (mHealth), allow individuals to connect with health
services, including surveillance, remote monitoring, and health
information [3].
mHealth interventions have been continuously evolving in
various settings, including resource-limited settings with the
surging penetration of smartphones and continuous advancement
of relevant technological capabilities [4]. Evidence has shown
that mHealth has been used to enable health care providers to
reach out to vulnerable individuals, conduct surveillance, and
provide treatment, health-related education, and counseling
[4-7].
The capabilities of mHealth interventions have grown quickly
during the COVID-19 pandemic, but their abundant potential
has been constantly predicted by many researchers, even before
the pandemic [8]. For instance, a pilot study by Pant Pai et al
[9] observed that an unsupervised HIV self-testing strategy
using an internet-based mobile app leads to counseling and
treatment among patients testing positive in South Africa. A
case study in Uganda also highlighted the feasibility of mHealth
approaches to implement antimalaria strategies in a transitional
country [10].
Since the World Health Organization (WHO) declared
COVID-19 a global pandemic in March 2020, the demand for
digital tools to reinforce public health measures has drastically
increased worldwide [11]. mHealth solutions have been used
for early detection, fast screening, patient monitoring,
information sharing, education, and treatment management in
response to the COVID-19 outbreak [8]. The pandemic has
witnessed a rapid proliferation in the application of digital
technologies for public health, with many governments around
the globe developing mobile apps to reduce the transmission of
SARS-CoV-2 [12,13].
Before the advent of COVID-19 vaccines, many governments
in East and South-East Asia have gained unprecedented attention
for their effective COVID-19 containment and incredibly low
death tolls compared to countries in the West [14]. Governments
in this region had experienced the consequences of outbreaks
such as severe acute respiratory syndrome (SARS) and Middle
East respiratory syndrome (MERS). Therefore, they ensured
that their public health systems were better prepared for similar
outbreaks by establishing early warning systems and relevant
policies [15-18]. Critical medical capacities were augmented
while early warning systems and relevant policies were
established long before COVID-19 was identified [16,18]. In
addition, they actively capitalized on technological solutions to
contain the pandemic by leveraging existing regional digital
infrastructure through the ASEAN Smart Cities Network
(ASCN), a collaborative platform working toward a common
https://mhealth.jmir.org/2021/11/e32093
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goal of smart and sustainable urban development [12,19,20].
These experiences also created a culture of mask-wearing,
solidarity, and collective responsibility in the general public
[21].
Although a number of systematic reviews had looked at
COVID-19–related apps available on a global scale, there is a
paucity of studies focusing on mobile apps in this region, which
share similar cultural characteristics [13,22,23]. Ming et al [24]
found that most apps developed in the United States before May
2020 could trace or map COVID-19 cases and had surveillance
features but not educational contents. A recent review by Alanzi
[13] examined the functionalities of mobile apps developed by
governments in 6 countries including Saudi Arabia, Italy,
Singapore, the United Kingdom, the United States, and India
as of August 2020. Alanzi [13] found that the most prevalent
function was contract tracing, while very few apps had functions
for raising public awareness and providing COVID-19–related
information. Almalki and Giannicchi [25] assessed mobile apps
in a total of 51 countries as of September 2020. They
demonstrated that the most common function was basic health
information followed by contact tracing, self-assessment, live
statistics and the latest news [25]. However, only 5 East and
South-East Asian countries (Vietnam, Malaysia, Thailand,
Singapore, and South Korea) were included in this assessment.
Given the diverse economic sizes and varying digital adaptation
in the East and South-East Asian region [26], it is crucial to
know how these governments have developed readiness and
abilities to deploy digital technologies integrated with public
health measures [14]. In addition, considering the evolving
nature of the pandemic, there is a need to examine how
COVID-19–related mobile apps are used in the public health
context, particularly focusing on this region. Therefore, our
review aimed to explore COVID-19–related mobile apps that
governments in East and South-East Asia have introduced.

Methods
Search Strategy
This study adopted a systematic search strategy using a modified
version of the PRISMA-ScR (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses Extension for Scoping
Reviews) guidelines to identify COVID-19–related apps
currently freely available in this region and their characteristics
and functions [27]. Adjustments were needed because of the
different search nature of mobile app stores.
We referred to Bloomberg’s Covid Resilience Ranking
evaluating the 53 largest economies on their success at
containing the virus (March 2021) [28]. This ranking covers a
wide range of COVID-19 statuses, from mortality rates and
COVID-19 testing to vaccination and lockdown severity, and
quality of life during the pandemic [28]. This ranking involved
11 governments in East and South-East Asia as of March 2021:
Singapore, Taiwan, Hong Kong, South Korea, China (mainland),
Japan, Thailand, Vietnam, Malaysia, the Philippines, and
Indonesia. The summarized details of the scores of each selected
government based on Bloomberg’s Covid Resilience Ranking
in March 2021 are presented in Multimedia Appendix 1.
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The 2 largest app stores worldwide, iOS-based Apple App Store
and Android-based Google Play Store, were searched for
potentially relevant mobile apps released or updated from March
1 to May 7, 2021. The following search terms were used:
“COVID-19,” “COVID,” “coronavirus,” “corona virus,”
“corona,” and “SARS-CoV-2.” To circumvent the regional
restriction setting for searching apps, we utilized a website,
fnd.ios, to look for apps on Apple App Store and changed the
region settings in Google Play Store [29,30]. News articles and
media reports were also searched to find further eligible apps
that may have been missed. For searching the literature,
MEDLINE and Google Scholars were explored by combining
2 search strings, including terms related to mobile apps and
COVID-19 such as (“digital health” OR “m-health” OR “mobile
health” OR “e-health” OR “mobile apps”) AND (“COVID-19”
OR “coronavirus” OR “SARS-CoV-2”). Draft searches were
piloted in each database and then finalized. Searches were
conducted on May 7, 2021, by 2 reviewers (BL and TZ). To
identify and examine the mobile app described in the native
language (non-English) of the corresponding government, we
searched the app’s official website and news reports to determine
whether there was any information provided in English. Google
Translator was used if the information about the app was
unavailable in either English or the 4 languages spoken by the
3 reviewers (Chinese, Korean, Malaysian, and Japanese).
To evaluate when mobile apps were introduced in relation to
other public health policies, we utilized the data set of the
CoronaNet Research Project collating governmental public
health policies worldwide in the context of COVID-19 [31].
This project comprises a data set providing comprehensive
government policies across 195 countries, apprehending 18
broad policy types, including timings of each policy. Any
ambiguity was resolved through discussion with a reviewer in
the CoronaNet Research Project (CC). We selected
national-level policies of 11 governments and validated relevant
policies by checking data sources. We narrowed 18 policy types
to 6, which were deemed to be associated with the functions of
mobile apps such as public awareness measure, COVID-19
testing, quarantine monitoring, health monitoring, vaccination,
and health resources [31].
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Eligibility Assessment and Selection of Apps
After initial deduplication, 2 authors (SAI, BL) with
backgrounds in public health screened mobile apps on the basis
of the identified apps’ titles, keywords, and descriptions.
Irrelevant apps were excluded during the preliminary screening
step. After screening, the 2 reviewers independently assessed
the eligibility of mobile apps on the basis of the eligibility
criteria. We included apps if they were (1) related to COVID-19,
(2) available free of cost with no in-app purchase requirement,
(3) released or updated with COVID-19–related functions during
the research period, (4) still available to users on the specified
search date, (5) developed or supported by governments or
authorities, and (6) with full information regarding the app
accessible. However, we excluded mobile apps developed by
global organizations, nongovernmental organizations, or
communities not representing a government or broader regions.
Discrepancies were resolved through discussion between 2
reviewers or arbitration by a third reviewer to reach a consensus.

Data Extraction and Synthesis
We used a modified framework of previous studies and the
CoronaNet Project database for data extraction [13,31]. This
framework covers key characteristics and functions of mobile
apps in accordance with coding and policy definitions by the
CoronaNet Research Project [31]. Key characteristics include
the country of origin, platform availability (Apple App Store
and Google Play Store), release date, developer, target users,
uptake requirement, and required technology. Key functions
were merged into 6 policy types. Definitions of key functions
and lists of subordinate functions are described in Textbox 1.
Based on this framework, we developed a data extraction form,
and 2 independent reviewers extracted the relevant data. Each
app’s official website, relevant media reports, and literature
were assessed through content analysis [32]. Through this
technique, we identified and quantified relevant keywords
indicating key characteristics and functions [32]. At each step,
disagreements were resolved by consensus. In case of persistent
disagreement, arbitration by the third reviewer settled the
discrepancy. Descriptive statistics were used to summarize
relevant information gathered from the mobile apps, using
RStudio (version 1.3.1056).
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Textbox 1. Definitions of key functions and list of subordinate functions of eligible mobile apps.
Public Awareness Measures: Government efforts to disseminate or gather reliable information about COVID-19
•

News or government measures

•

Up-to-date statistics

•

COVID-19 health information

•

Health management guidelines

•

COVID-19 related services information

•

Hotspot/risk area identification

COVID-19 Testing: Government policies to detect COVID-19 cases
•

Obtain COVID-19 test

•

Report of test results

Quarantine Monitoring: Targets of the policy are obliged to isolate themselves for at least 14 days because there is reason to suspect a person is
infected with COVID-19
•

Regular health check

•

Location tracking

Health Monitoring: Government policies to monitor the health of individuals to limit the spread of COVID-19
•

Digital contact tracing

•

Digital check-in

•

Alert contacts of COVID-19 cases

•

Report suspected cases/rule infringement

•

Health code/status generator

•

Health/travel declaration

•

Self-symptom assessment

Vaccination: Government policy made with regards to either the research and development, regulation, production, purchase and distribution of a
given COVID-19 vaccine
•

Vaccination information

•

Vaccination registration/appointment

•

Vaccination certificate

•

Reporting adverse reactions

Health Resources: Government policies that affect the material (eg, medical equipment, number of hospitals for public health) or human (eg, doctors,
nurses) health resources of a country
•

Virtual medical consultation

•

Emergency helpline

•

Accessing medical records

•

Personal protective equipment distribution

Results
Selected Apps
Figure 1 illustrates an overview of the process involved in
selecting the apps for study synthesis. A total of 1943 potential
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apps were obtained through systematic searches, of which 46
met our eligibility criteria. Although 3 of the apps, namely
Alipay, WeChat, and My Health Bank, have pre-existed before
March 2020, we included them in the review as they have since
been updated to include COVID-19–related services during the
pandemic.

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e32093 | p.254
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Lee et al

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart of the search process.

Characteristics of the Included Apps
All the included apps were free for users to download and use
without any in-app purchase requirements. Furthermore, they
were official apps developed or supported by the government
and maintained by the relevant authority for COVID-19–related
service provision. Descriptive analytics related to the
characteristics of the apps were summarized and presented in
Table 1. Most of the apps (n=9, 20%) were from Vietnam,
followed by Malaysia, Singapore, and Thailand (n=6 apps each,
13%). Almost 98% of the apps were available on both iOS and
Android platforms through the Apple App Store and Google
Play Store.
In total, 24 (52%) apps were mandatory, with a mandate for
target users to install them on their smartphones. Target users
were mainly a subset of the population only, for example, people
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living in high-risk areas with stringent pandemic restrictions
and confirmed or suspected COVID-19 cases.
Most of these apps (n=32, 70%) were intended for the general
public. Six (13%) apps were especially intended for quarantined
people: 4 (9%) apps for quarantined residents and 2 (4%) apps
for quarantined inbound travelers. Six (13%) apps targeted
travelers: domestic and international travelers (n=2, 4%),
international travelers including those who required quarantine
(n=3, 7%), and outbound travelers (n=1, 2%). Overall, the GPS
was the most required technology (n=28, 61%), followed by
Bluetooth (n=16, 35%) and the QR scanner (n=16, 35%).
Artificial intelligence (AI), the application programming
interface (API), and facial-recognition technology were also
utilized in 3 (7%) apps. Details of apps with associated
characteristics currently available across 11 governments
included in this review are described in Multimedia Appendix
2.
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Table 1. Overview of the included apps (N=46).
Characteristics

Apps, n (%)

Origin
China (mainland)

2 (4)

Hong Kong

3 (7)

Indonesia

3 (7)

Japan

4 (9)

Malaysia

6 (13)

Philippines

1 (2.2)

Singapore

6 (13)

South Korea

3 (7)

Taiwan

3 (7)

Thailand

6 (13)

Vietnam

9 (20)

Platform
iOS (App Store)

45 (98)

Android (Google Play Store)

46 (100)

Uptake requirement
Mandatory

24 (52)

Voluntary

22 (48)

Target users
General public

32 (70)

Travelers: domestic and international

2 (4)

Travelers: international

1 (2)

Travelers: requiring quarantine

2 (4)

Travelers: outbound

1 (2)

Foreign workers

1 (2)

Quarantined individuals

4 (9)

Business owners

1 (2)

Vaccinated individuals

2 (4)

Required technology
GPS

28 (61)

Bluetooth

16 (35)

QR scanner

16 (35)

a

Others
a

3 (7)

Other technologies include artificial intelligence (n=1), the application programming interface (API) (n=1), and facial recognition (n=1).

Functions of the Included Apps
Overall, 25 common functions were identified, and they were
subsequently organized into 6 overarching domains that
characterized the functions of these apps, as shown in Table 2.
The functions supported by each app are detailed in Multimedia
Appendix 3.
The most common function served by the apps was health
monitoring (n=32, 70%). Eleven apps (24%) were used for
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digital contact tracing by tracking, documenting, and retaining
mobile phone users’ encounters with other devices using
Bluetooth or GPS technologies. Twelve (26%) apps had the
function of alerting the contacts of COVID-19 cases. If one of
the app users contracted COVID-19, authorities with access to
the data could request the infected user to upload the relevant
anonymized data for analysis so that others with the same
installed app who were in close contact may be alerted for
further action. Eleven apps (24%) served the digital check-in
function with the same goal for contact tracing: maintaining an
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efficient digital log of visitors so that officials could quickly
reach out to those who might have been in close contact with a
COVID-19 case present in the same events or premises.
The second-most common function associated with the apps
was public health awareness (n=19, 41%). More than half of
these apps were developed to disseminate the latest news (n=12,
26%) and up-to-date statistics (n=10, 22%). Furthermore, this

Lee et al
main function included subordinated functions such as providing
health management guidelines (n=9, 20%) and health
information and advice about COVID-19 (n=9, 20%) and
sharing the location and helpline number of facilities offering
services during this pandemic (n=9, 20%). In addition, some
apps (n=5, 11%) provided maps of hotspots or high-risk areas
with increased COVID-19 transmission to better inform the
public of their travel plans.

Table 2. Main functions and subordinate functions of the included apps (N=46).
Main functions and subordinate functions

Apps, n (%)

Apps, %a

Public awareness measures

19 (41)

—b

News or government measures

12 (26)

7

Up-to-date statistics

10 (22)

6

COVID-19 health information

9 (20)

5

Health management guidelines

9 (20)

5

COVID-19 related services information

9 (20)

5

Hotspot/risk area identification

5 (11)

3

9 (20)

—

Obtain COVID-19 test

4 (9)

2

Report of test results

7 (15)

4

12 (26)

—

Regular health check

5 (11)

3

Location tracking

10 (22)

6

32 (70)

—

Digital contact tracing

11 (24)

7

Digital check-in

11 (24)

7

Alert contacts of COVID-19 cases

12 (26)

7

Report suspected cases/rule infringement

5 (11)

3

Health code/status generator

7 (15)

4

Health/travel declaration

7 (15)

4

Self-symptom assessment

8 (17)

5

7 (15)

—

Vaccination information

4 (9)

2

Vaccination registration/appointment

3 (7)

2

Vaccination certificate

4 (9)

2

Reporting adverse reactions

1 (2)

1

12 (26)

—

Virtual medical consultation

4 (9)

2

Emergency helpline

7 (15)

4

Accessing medical records

1 (2)

1

Personal protective equipment distribution

4 (9)

2

COVID-19 testing

Quarantine monitoring

Health monitoring

Vaccination

Health resources

a

% values calculated on the basis of the total functions (n=169).

b

Not applicable.

Seven (15%) apps supported the function for COVID-19
vaccination. Most of these apps provided information regarding
COVID-19 vaccines (n=4, 9%) or issued digital
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proof-of-vaccination (n=4, 9%) to app users who have completed
their vaccine doses. Users could also register and make
appointments for COVID-19 vaccination (n=3, 7%) via the app.
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However, only one of the apps (2%), Taiwan V-watch, allowed
users to report vaccination-related adverse reactions.
Figure 2 illustrates the total number of functions served by
mobile apps in each government by adding up the number of
functions of each app per government. For example, if a
government introduced multiple mobile apps having the same
functions, the total number of functions will be the sum of each
function. Mobile apps in Taiwan and Malaysia had all main
functions related to 6 different policy types, and those in

Lee et al
Singapore and Japan covered most of the functions except for
vaccination. Mobile apps in Thailand, Vietnam, and Malaysia
focused on functions for public awareness measures and health
monitoring. Among these apps, the MySejahtera app from
Malaysia was the most comprehensive app, incorporating public
awareness measures, quarantine monitoring, health monitoring,
vaccination, and health resources. However, the types of
functions served by mobile apps were relatively limited in the
Philippines and Indonesia compared to those in the other 9
economies in Bloomberg’s Covid Resilience Ranking.

Figure 2. Overview of the key functions of the included government apps.

Relationship Between Government Measures and the
Availability of Mobile Apps
Figure 3 shows the timeline of the commencement dates of
public health policies and the release dates of mobile apps. Each
policy type consists of subtypes, and each point indicates the
timepoints of when the policies were implemented. We did not
examine the details of each policy.
All governments introduced mobile apps to support COVID-19
mitigation policies. There were no noticeable differences among
the included governments with respect to the time of
introduction of mobile apps. Furthermore, there was no
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consistency in the introduction of mobile apps and the initiation
of certain types of policies across the governments. Eight
governments, namely Singapore, South Korea, China
(mainland), Thailand, Hong Kong, Vietnam, Malaysia, and
Indonesia, launched their first apps between March and April
2020 (Figure 3).
In 2021, Hong Kong, Taiwan, and South Korea released apps
to help track COVID-19 vaccination, registrations, and side
effects. Some apps such as WeChat (China [mainland]),
MySejahtera (Malaysia), Selangkah (Malaysia), and Bluezone
(Vietnam) were updated to include vaccination-related functions.
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Figure 3. Governments' COVID-19 policy commencement dates and release dates of the included apps.

Discussion
Principal Findings
This study identified 46 mobile apps developed or supported
by 11 governments in East and South-East Asia by using a
systematic search method. The most common function was
health monitoring. Within the health monitoring function, the
most popular function was alerting positive cases, followed by
contact tracing and digital check-in. The second-most common
function was public awareness measures such as disseminating
news or government measures.
Evidence shows that most apps initially focused on
disseminating information or monitoring high-risk areas and
subsequently had functions for contact tracing [25,33]. As we
searched mobile apps cross-sectionally, we did not examine
changes in the functions over time. However, most apps in our
review had additional functions such as digital check-in,
self-assessment of symptoms, virtual medical consultation,
COVID-19 testing management, and vaccination-related
processes. We noticed that the functions of COVID-19 apps
were expanded to cover vaccination-related purposes too.
Provision of information and issuance of vaccination certificates
were the most frequent functions, followed by vaccination
registration or appointment. In other governments, apps not
having such functions at the time of our search in May 2021
subsequently integrated the functions in parallel with their
nationwide administration of COVID-19 vaccines. In Singapore,
test results and vaccination records were added to the
pre-existing health information app “HealthHub SG” in February
2021 [34]. In Japan, the COVID-19 vaccination certificate will
https://mhealth.jmir.org/2021/11/e32093
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be available via a QR code using a smartphone in December
2021 [35]. Thus, mobile apps can play an important role in
promoting the COVID-19 vaccination programs and increasing
their coverage [36].
Since Alanzi [13] reviewed 12 mobile apps in August 2020, we
noticed that many mobile apps integrating various functions
have emerged. This change might be due to governments’ efforts
to address users’ evolving needs and increase data management
efficiency by health authorities [37,38]. Furthermore, some
governments such as those of Japan, Malaysia, and Vietnam
have developed city-level or state-level apps that provided
area-specific information, which supported the local health
systems. Given the necessity of crisis management at subnational
levels, app-based measures can be promising by promoting
regional coordination [39].
Most governments in our review required international travelers
to use their apps for health declaration and monitoring. Notably,
most quarantine monitoring apps were mandatory for people
who required quarantine, mainly international travelers.
Compulsory implementation of these apps to other settings or
populations would not be simple considering national or regional
policies regarding data protection and privacy [40]. Indeed, data
security and sharing of data with third parties have been the
main reason underlying the reluctance to share information in
mobile apps [41,42]. Lack of public trust toward authorities is
also a significant reason to refuse privacy trade-off [43,44].
Hence, to maximize the effectiveness of the apps, there must
be coordinated legal and ethical governance in place to confer
protection against invasion of users’ privacy [45].
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We examined the timing of the rollout of COVID-19–related
mobile apps to assess their relationship with the introduction
of other public health measures. All governments included in
our review used mobile apps to support the COVID-19
mitigation policies. We found that mobile apps from more
successful economies such as Singapore and Malaysia tended
to have diverse functions covering various measures. Most apps
also first emerged close to the commencement dates of relevant
public health policies between March and April 2020.
Governments that showed successful performance tended to
introduce COVID-19–related apps in the early stages of the
pandemic. We did not statistically analyze associations between
the timing of introducing apps and epidemiological data.
Therefore, further analysis is required.
Although our findings focused on mobile apps, there are various
other forms of digital solutions to combat COVID-19. For
example, Taiwan did not have a particular mobile app for
monitoring quarantine using GPS; however, it initiated the
“Entry Quarantine System.” This system was achieved by
scanning the QR code directly or clicking on its website.
Travelers were required to make a web-based health declaration
within 2 days before arriving in Taiwan and complete 14-day
quarantine at a government facility, a designated hotel, or at
home. Thereafter, the “Electronic Fence system” tracks the
locations of individuals during their quarantine period using
mobile location data to ensure that travelers do not leave their
quarantine location [46]. In China (mainland), AI solutions have
been used in lung computed tomographic scans, minimizing
time and allowing for early diagnosis of COVID-19 cases [47].
Multifaceted digital approaches were utilized, and although
they were not substitutes for traditional health care, their
integration complemented and enhanced a functioning health
system.
It is difficult to determine which mobile app was the most
effective in curtailing COVID-19. As of March 24, 2021,
Taiwan and Vietnam recorded 0 deaths per 1 million population,
1 in Thailand, 5 in Singapore, 27 in Hong Kong, 3 in China
(mainland), 33 in South Korea, 38 in Malaysia, 70 in Japan,
119 in the Philippines, and 146 in Indonesia [28]. Overall,
governments introducing mobile apps covering various forms
of public health measures showed fewer deaths per million
population. However, other factors such as the health system
capacity and resources should be considered. For instance,
although Malaysia had the most comprehensive COVID-19
apps in our review, Singapore was the top-performing
government with the highest COVID-19 resilience in the Asia
Pacific region, having the fastest inoculation program and the
lowest positive test rate (Multimedia Appendix 1). Future
research could therefore consider other domains of public health
to assess the performance of COVID-19–related mobile apps.
Our included apps were purposefully selected from
governments, which displayed the most cohesive responses to
the pandemic as of March 2021. However, the unprecedented
infiltration of the highly transmissible delta variant has wrecked
the model of COVID-19 containment success exercised in East
and South-East Asia. South-East Asia has emerged as the new
virus epicenter; the bottom 5 in the latest Bloomberg’s Covid
Resilience Ranking (August 2021) were all South-East Asian
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economies [48]. Although these economies showed effective
resilience by adapting mobile apps in their public health policies,
there are still barriers or blind spots that the current mHealth
approaches should overcome.

Practical Implications
This review has several implications for the governments and
for public health researchers. Our findings show that
governments in East and South-East Asia initiated mobile
solutions in the early days of the pandemic, and their
COVID-19–related mobile apps were used for various purposes.
Successful performance of mobile apps in both resource-rich
and resource-limited settings in this region demonstrated the
wide range of applications of these apps and their
cost-effectiveness (Multimedia Appendix 3). Although we only
compared the timing of the introduction of mobile apps in
relation to the commencement dates of other public health
policies (Figure 3), we observed how mobile apps are
intertwined in the context of public health policies. Governments
should consider these mobile solutions in East and South-East
Asia to strengthen the current public health system and prepare
for subsequent outbreaks.
For public health researchers, there is an enormous potential
for such apps, especially in epidemiological research, disease
surveillance, and allocation of health resources. Mobile apps
can be designed to collect and generate research data to improve
our understanding and response to this pandemic.

Limitations and Recommendations for Future Studies
This study has limitations that are important to acknowledge.
It is plausible that some apps may have been missed owing to
the restrictive setting of several regional app stores. To
overcome this issue, we have scoured other sources of
information such as current news articles, media reports, and
literature to find additional relevant apps. However, it is still
likely that some relevant apps were missed as our search terms
may not encompass all the available apps, especially those
named in the local languages.
Moreover, we did not collect data on the consumer ratings or
user feedback of each app. We also neither examined the
popularity nor considered the number of app downloads.
Although some evidence suggests that contact-tracing apps
should be adopted by at least 60%-70% of the population to
impact the outbreak transmission rate, much lower app
penetration could still be substantial in breaking transmission
chains and preventing infection [49-51]. Nevertheless, given
that the number of users determines the utility of mobile apps,
our findings may not be generalizable to other countries or
populations.
We also did not examine the mobile uptake proportion by people
from different socioeconomic backgrounds. There is a need to
assess how well these mobile apps were accessible by the most
deprived individuals, including older individuals, homeless
individuals, immigrants, and rural residents [52-54].
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Conclusions
In conclusion, our findings added knowledge on the
COVID-19–related apps used in 11 governments in East and
South-East Asia. The most common function was to monitor
public health, followed by disseminating information and health
education. Most apps deployed GPS technology, followed by
Bluetooth and QR scanner technologies. Most countries in this
region adopted mobile apps to support COVID-19 mitigation
efforts and introduced them close to the relevant policy

Lee et al
commencement dates in the early stages of the pandemic. In
addition, some governments, which are relatively successful in
suppressing COVID-19, tended to have all-in-one mobile apps
or other complementary mobile apps. These apps could play
pivotal roles in supporting governments’ measures for tracking
COVID-19 cases and delivering credible information. Mobile
apps catering to the middle-ground strategy of widespread
vaccination and reopening of economies can be adopted by the
governments to reframe the way of life as we move toward the
endemic phase of the COVID-19 pandemic.
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Abstract
Background: People experiencing homelessness are at risk for gaps in care after an emergency department (ED) or hospital
visit, which leads to increased use, poor health outcomes, and high health care costs. Most people experiencing homelessness
have a mobile phone of some type, which makes mobile health (mHealth) interventions a feasible way to connect a person
experiencing homelessness with providers.
Objective: This study aims to investigate the accuracy, acceptability, and preliminary outcomes of a GPS-enabled mHealth
(GPS-mHealth) intervention designed to alert community health paramedics when people experiencing homelessness are in the
ED or hospital.
Methods: This study was a pre-post design with baseline and 4-month postenrollment assessments. People experiencing
homelessness, taking at least 2 medications for chronic conditions, scoring at least 10 on the Patient Health Questionnaire-9, and
having at least 2 ED or hospital visits in the previous 6 months were eligible. Participants were issued a study smartphone with
a GPS app programmed to alert a community health paramedic when a participant entered an ED or hospital. For each alert,
community health paramedics followed up via telephone to assess care coordination needs. Participants also received a daily
email to assess medication adherence. GPS alerts were compared with ED and hospital data from the local health information
exchange (HIE) to assess accuracy. Paired t tests compared scores on the Patient Health Questionnaire-9, Medical Outcomes
Study Social Support Survey, and Adherence Starts with Knowledge-12 adherence survey at baseline and exit. Semistructured
exit interviews examined the perceptions and benefits of the intervention.
Results: In total, 30 participants were enrolled; the mean age was 44.1 (SD 9.7) years. Most participants were male (20/30,
67%), White (17/30, 57%), and not working (19/30, 63%). Only 19% (3/16) of the ED or hospital visit alerts aligned with HIE
data, mainly because of patients not having the smartphone with them during the visit, the smartphone being off, and gaps in GPS
technology. There was a significant difference in depressive symptoms between baseline (mean 16.9, SD 5.8) and exit (mean
12.7, SD 8.2; t19=2.9; P=.009) and a significant difference in adherence barriers between baseline (mean 2.4, SD 1.4) and exit
(mean 1.5, SD 1.5; t17=2.47; P=.03). Participants agreed that the app was easy to use (mean 4.4/5, SD 1.0, with 5=strongly agree),
and the email helped them remember to take their medications (mean 4.6/5, SD 0.6). Qualitative data indicated that unlimited
smartphone access allowed participants to meet social needs and maintain contact with case managers, health care providers,
family, and friends.
Conclusions: mHealth interventions are acceptable to people experiencing homelessness. HIE data provided more accurate ED
and hospital visit information; however, unlimited access to reliable communication provided benefits to participants beyond the
study purpose of improving care coordination.
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Introduction
Background
Mobile phone ownership is nearly ubiquitous among American
adults, with 96% owning a mobile phone of some type, and
most (81%) mobile phones are smartphones [1]. Accordingly,
mobile technology is increasingly common in the health care
sector. Mobile devices are being used for medical diagnostics
[2], disease monitoring [3], smoking cessation [4], and dietary
tracking [5]. Smartphone capabilities, including texting and
apps, have contributed to improved medication adherence [6],
higher attendance at medical appointments [7], and increased
vaccination rates [8]. Mobile technology has also been explored
as a useful tool to bolster the transmission of information and
care coordination during transitions of care [9,10], and studies
have demonstrated the potential of mobile technology to
improve communication among health care providers and
populations at risk for poor outcomes, including people of lower
socioeconomic status [11,12].
Recent estimates of mobile phone use among the homeless
population indicate that 89% of the people report having and
using a mobile phone [13], and researchers have begun to
explore the possibility of using mobile technology to improve
the health of people experiencing homelessness. For example,
Burda et al [14] concluded that mobile phones are a feasible
way to monitor and manage medication regimens for people
experiencing homelessness with co-occurring disorders.
Furthermore, in a survey of people experiencing homelessness,
77% of the respondents were interested in appointment
reminders, and most were interested in medication refill
reminders (66%) and medication taking reminders (60%) [13].
Despite the accumulating evidence that mobile health (mHealth)
interventions among homeless populations are feasible,
GPS-enabled mHealth (GPS-mHealth) interventions in this
population have remained underexplored. The purpose of this
study, therefore, is to investigate the acceptability and
preliminary outcomes of a GPS-mHealth intervention designed
to improve care coordination in a sample of people experiencing
homelessness.
Evidence suggests that the health service experiences of people
experiencing homelessness are often interrupted and involve
extensive barriers, including unmet physical needs, lack of
affordable and available services, and lack of compassion that
prevents people experiencing homelessness from accessing
appropriate community-based services [15-17]. These barriers
lead to disruptions in continuity of care, which is problematic
because of evidence that continuity of care—that is, timely,
accessible, person-centered, and coordinated care—improves
outcomes [18]. Interventions such as case management, respite
care, and housing services that target critical transition points
have led to decreased acute care use [19] in people experiencing
homelessness. Community paramedics have also been used to
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coordinate care and link high-risk patients to needed health and
social services [20], which has led to reduced health care use
among diverse populations and improvements in patient
outcomes [21]. Despite these multifaceted programs,
interventions, and service delivery models intended to improve
care coordination among people experiencing homelessness,
gaps in services along the continuum of care persist.

Study Premise and Objectives
This study focuses on the significant gap along the continuum
of care that begins at the point of an emergency department
(ED) visit or hospitalization for people experiencing
homelessness. The study intervention was created on the basis
of feedback from health care providers and case managers who
deliver care to homeless individuals, and the fact that fragmented
communication among various health care organizations limits
the ability to provide real-time information about ED or hospital
visits. When a person experiencing homelessness enters the ED
or hospital, they are at high risk of losing contact with
community-based health care providers and case managers [22].
This is exacerbated in the people experiencing homelessness
living with depression as it is more difficult to manage their
chronic conditions, including attending appointments and taking
medications as prescribed [23]. The loss of contact between
homeless individuals and their community-based care team
creates a time of high risk for the individual and represents
missed opportunities to provide services and potentially decrease
acute health care use. For preventing or minimizing this loss of
contact, this study used geofencing to create virtual boundaries
that triggered automatic notification of community paramedics
if and when a person experiencing homelessness visited an ED
or hospital. The use of such geofencing technology in health
care has been previously studied in smoking cessation, dietary
recommendations, anxiety, and hospitalizations in patients with
cardiovascular disease [5,10,24,25]. However, the utility of a
GPS-mHealth intervention specifically in transitions of care for
people experiencing homelessness has not been previously
reported. Therefore, the following research questions guided
this study:
1.
2.

3.
4.

What is the accuracy of GPS technology in terms of tracking
participant visits to the ED or hospital?
How do depression symptoms, medication adherence, social
support, and experience with and perceptions of GPS and
mobile phone technology compare at baseline and exit?
What is the number and type of community health
paramedic encounters?
What concerns do participants express regarding technology
or privacy?
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Methods
Design and Participants
This study used a pre-post design with assessments at baseline,
1 month, 2 months, 3 months, and 4 months after enrollment to
evaluate the acceptability and preliminary outcomes of a
GPS-enabled mHealth intervention. Participants were recruited
from 2 churches that provided services to people experiencing
homelessness. The first serves breakfast at 5:45 AM two
mornings each week and is open to anyone in the community.
The research staff attended this breakfast once per week for the
study duration. Potential participants were referred to study
staff for eligibility screening by either the meal program
coordinator or the police officer assigned to the downtown
Homeless Outreach Service team, whose job function includes
attending these twice weekly breakfasts. The second church site
doubles as a navigation center for people experiencing
homelessness during weekdays. Services at the navigation center
include coordinated assessments for housing, assistance with
obtaining IDs, and case management. The research staff were
on site at the navigation center 2 to 3 days per week for the
study duration. Similar to the first site, potential participants
were referred by the director of the navigation center or by
navigation center volunteers to study staff for study eligibility
screening.
Recruitment occurred between October 2018 and April 2019.
Community partners assisted with recruitment by distributing
flyers to clients and by referring potential participants to research
staff. Participants also referred peers who were potentially
eligible to the study staff. Potential participants were screened
for study eligibility on site at the churches by a member of the
research team. The eligibility criteria included (1) being at least
18 years old, (2) currently experiencing homelessness defined
as where the person had slept most nights in the past 30 days,
(3) score of at least 10 on the Patient Health Questionnaire-9
(PHQ-9), (4) currently prescribed at least 2 medications for
chronic medical conditions, (5) diagnosed with at least 1 chronic
medical condition, and (6) experienced at least 2 hospitalizations
or ED visits in the past 6 months. Exclusion criteria included
(1) onset in the past 3 months of depressive symptoms and (2)
suicide attempts or suicidal ideation in the past 6 months.
This study was approved by the institutional review board of
the university. Individuals interested in participating were
screened by research staff, and, if eligible to continue, study
details, including the purpose, procedures, risks, and benefits
of study participation, were explained. If participants remained
interested, informed consent was obtained. None of the
participants who were eligible for the study declined to
participate after being informed of the study details. After
obtaining informed consent, a researcher administered a series
of baseline assessments to collect information about
demographics, health history, medication adherence, social
support, and recent ED visit and hospitalizations. After
completion of the surveys, participants were provided with a
smartphone activated with a plan for unlimited texting, calling,
and data; a hard-plastic smartphone case; and an armband to
use for securing the smartphone. Participants were also given
https://mhealth.jmir.org/2021/11/e25553
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US $25 cash for the time spent enrolling in the study and a
31-day unlimited use bus pass to ensure their ability to attend
the monthly follow-up assessment. They then received training
on the intervention. The training described the expectations of
participants, including keeping track of the smartphone, keeping
it turned on and charged, attending monthly check-in visits,
answering the daily email regarding medication adherence, and
responding to community health paramedics or research staff
as applicable. The training also included how to use the
smartphone, set up voicemail, access email and SMS text
messages, and access and use the bus pass. Participants were
also informed that one replacement smartphone would be issued
if their study smartphone was lost, stolen, or broken during the
4-month study.

GPS-mHealth Intervention
For this study, a mobile app was used to establish and monitor
geofences around the 10 EDs located within the city limits where
this study took place. The geofences were established using the
mobile app so that when a participant entered a local ED or
hospital, the research staff and the commander of the community
paramedic team would receive an email notification. The email
notification sent a secure link to view the participant’s name,
geofence location, date, and time of entry and exit. On receipt,
the commander tasked a community health paramedic member
of his team to contact the participant via their smartphone within
2 business days of the geofence entry to follow-up on the visit
and any identified health or social needs. The community health
paramedic completed an event form documenting the
participant-reported reason for the hospital or ED visit,
admission, and discharge dates; if the ED or hospital visit was
potentially preventable; what intervention may have prevented
the ED and hospital visit; and the duration of the community
health paramedic visit with the participant.
In addition to the geofencing and care provided by community
health paramedics as needed, the intervention had two additional
components: (1) monthly in-person meetings and (2) daily
adherence reminder emails. In-person meetings occurred
between each participant and research staff at enrollment; 1-,
2-, and 3-month follow-up appointments; and at the exit.
Monthly follow-up visits (at 1, 2, and 3 months) were scheduled
to maintain contact with participants and to identify any issues
with the technology. Participants were also asked at these
monthly meetings if they had visited the ED or been hospitalized
in the past 30 days. At months 1, 2, and 3, participants received
US $10 cash and an additional 31-day bus pass. Next,
participants received an email every evening at 8 PM asking if
they had taken their medications that day. Response options
were “yes” or “no,” with a follow-up question requesting a short
reason why they had not taken their medication if applicable.
During the exit interviews, participants responded to a series
of questionnaires before engaging in a semistructured interview
to assess the overall acceptance of the intervention. Textbox 1
summarizes the interview guidelines. Finally, the local health
information exchange (HIE) provided research staff with dates
of hospital admissions and ED visits, as applicable, for
participants during the 4-month study period.
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Textbox 1. Semistructured interview guide.
Questions about the study
1.

Please describe your experience with this research study (probe 1: Did you experience benefits from participating in this study? probe 2: Was
participating in this study helpful to you? probe 3: Were there any difficulties that you experienced with this study?)

2.

Can you share any barriers to study participation that you experienced? (Examples may include keeping the smartphone secure or charged)

3.

What strategies did you use to successfully complete the study requirements? (This includes things such as keeping the smartphone charged and
operational as well as attendance at monthly check-in visits)

4.

What concerns did you have about your visits to the emergency room and hospital being monitored with GPS technology?

5.

Can you describe any experiences or interactions you had with community health paramedics?

6.

What suggestions do you have for us to improve this intervention for people in the future?

Measurements

were triangulated with geofence entry notifications to measure
the accuracy of the GPS technology.

Sociodemographic and Health-Related Variables

Depression

At baseline, sociodemographic characteristics, including sex,
race, highest education obtained, veteran status, and income,
were collected. Participants were also asked a series of six
questions from the American Community Survey designed to
identify individuals who may experience functional limitations
[26]. Response options were 1=yes or 0=no. The items were
summed for a total score, with higher scores indicating a higher
burden of functional limitations. The Cut down, Annoyed,
Guilty, and Eye-opener questionnaire, a 4-item screening tool,
was used to screen for alcohol use [27]. Response options were
1=yes or 0=no. The items were summed for a total score, and
a total score of >2 was considered clinically significant [27].
The single-item screen in which the participant is asked, “how
many times in the past year have you used an illicit drug or used
a prescription medication for nonmedical reasons?” was used
to screen for substance use [28]. Responses ≥1 were considered
to be positive.

The 9-item PHQ-9 was used to establish participant eligibility
and as a baseline measure for depression symptoms. The PHQ-9
is a reliable and valid tool for diagnosing and grading depressive
symptom severity [31]. Each item is scored from 0-3 and then
summed. Scores of 5, 10, 15, and 20 represent cutoff points for
mild, moderate, moderately severe, and severe depression,
respectively [31]. To be eligible to participate in this study,
individuals were required to score at least 10, indicating
moderate depression.

Health Literacy
Health literacy was measured using the Brief Health Literacy
Screening Tool [29], which comprises 4 questions that assess
respondents’ ability to complete tasks such as filling out medical
forms, reading hospital paperwork, and learning about one’s
medical condition. Each item is worth 1 to 5 points, depending
on the response. Scores were summed for a composite score
ranging from 4 to 20. Scores of 4-12 indicate limited health
literacy, scores of 13-16 indicate marginal health literacy, and
scores of 17-20 indicate adequate health literacy [30].

Accuracy of the GPS Technology
The accuracy of the GPS technology was measured in 2 ways.
First, when community health paramedics received an alert
indicating that a participant had entered a geofence at an area
hospital, a community health paramedic attempted to make
contact with the participant within 2 business days. If contact
was established, the community health paramedic confirmed
the visit to the ED and hospital, as indicated by the geofence
alert. Second, at the end of the study, the research staff obtained
use records from the HIE. These records provided the dates of
participants’ ED and hospital visits during the study period. Use
records for the 25 participants for whom HIE data were collected
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Medication Adherence
Medication adherence was measured using a modified version
of the Adherence Starts with Knowledge-12 (ASK-12). The
ASK-12 is a brief, 12-item scale with 3 subscales that measure
medication behavior, health beliefs, and inconvenience/
forgetfulness [32]. For this study, we modified the subset of 5
questions assessing medication behavior into dichotomous
yes/no response options to assess medication adherence during
the preceding month. The number of yes responses was counted
and summed for a medication behavior subscale score. Scores
on the full ASK-12, with the modified medication behavior
subscale, ranged from 12-40, with higher scores indicating
greater barriers to adherence. At baseline, the full scale with
the modified behavior subscale was used. At monthly visits and
exit, only the modified medication behavior subscale was used
as it was unlikely that medication beliefs would change within
the short time frame of this study.

Social Support
Social support was measured using the Medical Outcomes Study
Social Support Survey, a valid and reliable tool that has been
used in multiple groups across various conditions [33]. It
includes 19 questions yielding four subscales—emotional/
informational support, tangible support, affectionate support,
and positive social interaction. Each item is rated using a Likert
scale ranging from 1 (none of the time) to 5 (all of the time).
The total score was calculated by summing all 19 questions and
averaging them. Higher scores represent greater levels of social
support.
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Experience With and Acceptance of Technology
At baseline, experience with mobile phone technology was
measured using a series of questions asking about current mobile
phone ownership, mobile phone service, length of time owning
a mobile phone, ability to charge the mobile phone, and if the
participant had had a mobile phone stolen before. Acceptance
of technology was measured at baseline and exit. At baseline,
acceptance of technology was measured using a modification
of the Technology Acceptance Questionnaire [34]. At baseline,
17 items were used, and at exit, a subset of these items, as well
as an additional 8 items, were used. Each item is rated using a
Likert scale ranging from 1=strongly disagree to 5=strongly
agree. Higher scores indicate greater acceptance of technology.
In addition, at exit, participants were asked how often they were
able to charge their smartphone with options ranging from
“None of the time” to “Always.”

Quality of Care Transitions
Self-reported ED and hospital use were assessed at baseline,
monthly visits, and exit. If participants indicated that they had
visited the ED or hospital within the past month, their experience
and perception of patient-centeredness of their care were
assessed using the care transitions measure (CTM), a 15-item
measure reflecting 4 content domains [35]. The domains include
critical understanding, important preferences, management
preparation, and care plans [35]. Participants used a 5-point
Likert scale ranging from 1 (strongly disagree) to 5 (strongly
agree) to rate the quality of various components of a care
transition within each domain. Lower scores indicate a poorer
quality transition, and higher scores indicate a better transition.
The CTM was administered at each monthly visit, during which
a participant reported an ED or hospital visit. If someone
reported more than 1 visit in the previous month, the CTM was
completed only for the most recent visit.

Data Analysis
All statistical analyses were performed using IBM SPSS
Statistics for Windows (version 25.0, IBM Corp). Descriptive
statistics were used to describe the sociodemographic and health
characteristics of the sample and all study measures. Accuracy
of the geofence entry notifications was determined by
calculating the percentage of notifications that aligned with HIE
use data. Paired sample t tests were used to compare scores at
baseline and exit on the PHQ-9, ASK-12, Medical Outcomes
Study, and technology acceptance scales.
Qualitative content analysis was used to identify participants’
acceptance of the intervention. All interviews were audio
recorded and transcribed verbatim to facilitate coding and
analysis. After a thorough reading and deductive coding of 5
representative transcripts by 2 members of the study team (LRM
and WT), a consensus meeting was held to discuss and agree
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upon the codes. Discrepancies were resolved by discussing the
context for each phrase being analyzed. After the meeting, a
codebook was developed. The remaining interviews were
divided between the 2 authors and coded separately. After
coding was complete, the study team organized the codes into
categories.

Results
Overview
Between October 2018 and April 2019, research staff screened
39 individuals for participation; of the 39 individuals, 32 (82%)
met the eligibility criteria, and 30 (77%) were enrolled in the
study. The 2 individuals who were eligible to participate but
did not enroll did not return for the subsequent enrollment visit
in the study after screening. The reasons for ineligibility for the
study were not scoring at least 10 on the PHQ-9 (2/39, 5%), not
having been to the ED or hospital at least twice in the past 2
months (2/39, 5%), not being prescribed a medication (2/39,
5%), and endorsing suicidal ideation (1/39, 3%). The participant
who endorsed suicidal ideation was referred to the public safety
officer on site at the community entity for appropriate follow-up
and mental health services. Of the 30 participants, 10 (33%)
were screened and enrolled at the first church with 2 weekly
breakfasts, and the remaining 20 (67%) were screened and
enrolled at the navigation center housed in a church.
Of the 30 participants enrolled, 19 (63%) completed the 4-month
intervention, with a completion rate of 63%. Of the 11
participants who did not complete the intervention, 6 (55%)
were withdrawn from the study after they reported their second
smartphone lost or stolen, 2 (18%) notified the research staff
that they were moving to a different town, 2 (18%) were lost
to follow-up, and 1 (9%) voluntarily withdrew from the study
after losing his first smartphone. Of these 11 participants, 4
(36%) completed all but the exit data collection.

Quantitative Results
Participant Demographics and Health-Related
Characteristics
Participants comprised 30 people experiencing homelessness.
On average, participants were male (20/30, 67%), aged 44.1
years (SD 9.7 years), White (17/30, 57%), never married (17/30,
57%), and not working because of disability or other medical
reasons (19/30, 63%). At baseline, participants reported a mean
of 2.8 (SD 1.4) chronic conditions, and most (26/30, 87%)
experienced multiple chronic conditions. All participants were
prescribed at least 2 medications at baseline; 53% (16/30) were
prescribed 4 or more medications. Tables 1 and 2 provide a
summary of demographic and health-related characteristics.
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Table 1. Summary of demographic information (N=30).
Variables

Values

Age (years)
Mean (SD)

44.1 (9.7)

Median

46

Gender, n (%)
Male

20 (67)

Female

8 (27)

Transgender female

1 (3)

Other

1 (3)

Self-reported race or ethnicity, n (%)
White

17 (57)

Black or African American

7 (23)

Hispanic

2 (7)

Native American

1 (3)

Other

3 (10)

Marital status, n (%)
Married or domestic partnership

4 (13)

Divorced

9 (30)

Single or never married

17 (57)

Children, n (%)
Yes

18 (60)

Number of children for those with ≥ 1 child
Mean (SD)

2.9 (1.6)

Median

2

Highest level of education, n (%)
Less than high school

8 (27)

High school graduate or GEDa

12 (40)

Trade, technical, or vocational training

4 (13)

Some college

5 (17)

Other

1 (3)

Military veteran, n (%)
Yes

2 (7)

Employment statusb, n (%)
Not employed

24 (83)

Employed

5 (17)

Reason if unemployedb,c, n (%)
Looking for work

6 (23)

Laid off

2 (8)

Disabled or medical reason

19 (73)

Other

3 (12)

Annual income (US $), n (%)
0-10,000
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Values
3 (10)

Slept most nightsc, n (%)
On the street

20 (67)

In a shelter

2 (7)

Other

9 (30)

Length of homelessness (years)

a

Mean (SD)

8.1 (7.7)

Median

5

GED: general educational development.

b

Data were missing for some participants.

c

Respondents may have chosen more than one response.
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Table 2. Summary of baseline health information (N=30)a.
Variables

Values

Number of chronic conditions
Mean (SD)

2.8 (1.4)

Hypertension, n (%)

19 (63)

Diabetes mellitus, n (%)

5 (17)

High cholesterol, n (%)

9 (30)

Asthma, n (%)

12 (40)

Chronic obstructive pulmonary disease, n (%)

11 (37)

Congestive heart failure, n (%)

2 (7)

Number of prescribed medications, n (%)
2-3

14 (47)

4-5

12 (40)

≥6

4 (13)

Self-reported number of EDb visits or hospitalizations in past 6 months, n (%)
2

18 (60)

3

6 (20)

4

3 (10)

≥5

3 (10)

Visited ED in past 30 days (self-report), n (%)
Yes

17 (57)

Visited hospital in past 30 days (self-report), n (%)
Yes

7 (23)

Functional limitations, n (%)
Deaf or difficulty hearing (yes)

8 (27)

Blind or difficulty seeing when wearing glasses (yes)

11 (37)

Difficulty walking or climbing stairs (yes)

15 (50)

Difficulty dressing or bathing (yes)

5 (17)

Number of functional limitations, n (%)
1

8 (27)

2

6 (20)

≥3

6 (20)

CAGEc substance abuse screening score, n (%)
≥2

10 (33)

Drug use in past year, n (%)
Yes

16 (53)

Health literacy level

a

Mean (SD)

13.7 (5.2)

Median

14.5

Limited, n (%)

13 (43)

Marginal, n (%)

5 (17)

Adequate, n (%)

12 (40)

Percentages are out of 30 and more than one response was allowed per respondent.
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b

ED: emergency department.

c

CAGE: Cut down, Annoyed, Guilty, and Eye-opener.

Accuracy of the GPS Technology
Accuracy of the GPS technology was calculated for the 25
participants who completed a release of information form, giving
permission for the research team to access data in the HIE.
During the 4-month study period, HIE use data indicated that
these participants made 16 hospital or ED visits. Community
health paramedics received 14 total geofence entry notifications
during the study period; of these 14 notifications, 2 (14%) were
from participants without a release of information for the HIE.
Thus, community health paramedics received 12 geofence entry
notifications for the 25 participants from whom HIE data were
available. However, only 3 of the geofence entry notifications
were consistent with the HIE use data for an overall accuracy
rate of 19%.
Of the 16 ED and hospital visits reported by the HIE data for
which community health paramedics did not receive geofence
entry notifications, 4 (25%) occurred during the first month of
the intervention, a time during which the research staff identified
a technical issue with the mobile app and geofence entries were
not being received. Of these 16 visits, 3 (19%) occurred in the
window of time during which the participant was without the
study-assigned smartphone as the smartphone had been stolen
or misplaced but not yet replaced. It is unclear why the
remaining 43% (6/14) ED and hospital visits reported by the
HIE data did not result in a geofence notification entry.

Community Health Paramedic Interventions
Community health paramedics successfully reached participants
to conduct follow-up and provide care coordination assistance
after 79% (11/14) of geofence notifications. Of these 11
contacts, 10 (91%) lasted ≤10 minutes, and 1 (9%) contact lasted
between 11 and 20 minutes. Of these 11 contacts, 3 (27%)
participants reported having accompanied a friend or family
member to the ED and were not seen themselves, and 1 (9%)
participant reported having visited the hospital campus for a
scheduled medical visit. Thus, 36% (4/11) of these geofence
notifications were classified as false positives. Of the remaining
7 contacts, 3 (43%) aligned with the HIE notification data. Of
the remaining 4 contacts, 3 (75%) did not align with the HIE
data, as the participants did not have a release of information
form on the file. It is unclear why the remaining contact did not
register with the HIE.
Community health paramedics determined that 43% (3/7) of
the ED visits were emergent and likely unavoidable. Reasons
for the emergent ED visits included chronic pulmonary
obstructive disease exacerbation, a physical altercation at a local
shelter, and uncontrolled epigastric pain. Reasons for the
remaining ED visits were skin irritation because of scabies
infection, shoulder pain, and 2 visits for gastrointestinal illness.
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Community health paramedics judged each of these 4 visits to
be due to ambulatory care–sensitive conditions that could have
been appropriately managed in the outpatient setting.

Depression
There was a significant difference in depressive symptoms
between baseline (mean 16.9, SD 5.8) and exit (mean 12.7, SD
8.2; t19=2.892; P=.009), indicating fewer depressive symptoms
at the 4-month exit.

Medication Adherence
At baseline, scores on the ASK-12 ranged from 14-30 (mean
20.5, SD 4.4). Among those who completed the 4-month
intervention, there was a significant difference in medication
behavior between baseline (mean 2.4, SD 1.4) and exit (mean
1.5, SD 1.5; t17=2.47; P=.03), indicating that at the 4-month
exit visit, there were fewer barriers to taking medications.

Social Support
There was no significant difference in social support between
baseline (mean 3.2, SD 1.1) and exit (mean 2.9, SD 1.3;
t18=1.25; P=.23).

Experience With and Acceptance of Technology
At baseline, 50% (15/30) of participants reported having a
mobile phone. Of these 15 patients, 12 (80%) had current
wireless service (4/12, 33% participants had pay as you go
service plans; 3/12, 25% had prepaid plans, 3/12, 25% had
month-to-month contracts; and 2/12, 17% had free minutes
through government-funded plans). Of the 15 participants with
mobile phones, 13 (87%) reported that their mobile phones
could support both SMS text messaging and mobile apps. At
the exit interview, participants agreed that the smartphone app
was easy to use (mean 4.4, SD 1.0), that they had the knowledge
to use the smartphone app (mean 4.6, SD 0.5), and that they
planned to continue using both a smartphone (mean 4.5, SD
0.6) and GPS technology (mean 4.4, SD 0.5). The acceptance
of technology questionnaire indicated that participants had a
high level of agreement at baseline and exit with items such as
having the resources and knowledge to use smartphone
technology and being comfortable with the health care team
being alerted about ED or hospital use. There was a significant
increase in agreement level from baseline (mean 3.9, SD 0.8)
to exit (mean 4.4, SD 0.5) for the item, “My friends would
encourage me to use this Smartphone app.” Participants’
agreement level increased for several other items, such as having
the knowledge and resources to use GPS technology from
baseline to exit, but not significantly. Table 3 summarizes the
participants’ technology acceptance at baseline and the 4-month
exit interview.
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Table 3. Perceptions of acceptance of technology at baseline and 4-month exit interview.
Item

Baseline, mean (SD) Exit, mean (SD) P value

I have the resources necessary to use smartphone technology

4.4 (0.5)

4.4 (1.0)

.86

I have the knowledge necessary to use smartphone technology

4.6 (0.4)

4.7 (0.5)

.28

I can get help from others when I have difficulties using smartphone technology

4.2 (0.7)

4.5 (0.8)

.28

I find GPS technology useful in my daily life

4.2 (0.8)

4.4 (1.0)

.39

I find GPS technology easy to use

4.1 (0.8)

4.3 (1.1)

.33

I have the resources necessary to use GPS technology

3.8 (1.2)

4.2 (1.3)

.29

I have the knowledge necessary to use GPS technology

4.1 (1.0)

4.6 (0.5)

.06

I am comfortable with my health data being stored online

3.6 (1.3)

4.1 (0.9)

.13

I believe my health information will be protected on a smartphone

3.7 (1.2)

3.6 (1.1)

.88

I am comfortable with my health care team being alerted when I go to the emergency department 4.8 (0.4)
or hospital

4.7 (0.5)

.33

I think using GPS is a good way to notify my health care team when I visit the emergency depart- 4.5 (0.6)
ment or hospital

4.7 (0.5)

.27

I think using this smartphone app can help me improve my overall health

4.3 (0.6)

4.5 (0.5)

.16

My friends would encourage me to use this smartphone app

3.9 (0.8)

4.4 (0.5)

.04

My family members would encourage me to use this smartphone app

4.0 (1.0)

4.1 (1.0)

.85

Quality of Care Transitions
At baseline, 57% (17/30) of participants self-reported at least
one ED or hospital visit in the previous 30 days and completed
the CTM-15. At months 1, 2, 3, and exit, 33% (10/30), 13%
(4/30), 13% (4/30), and 17% (5/30) of participants, respectively,
self-reported at least 1 ED or hospital visit in the previous 30
days and completed the CTM-15 for their most recent visit. The
mean score for the critical understanding and management
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preparation domains was 4.1, indicating that participants
generally agreed that they left the hospital or ED understanding
how to manage medications and their health. The mean score
for the preferences important domain was 4.0 (SD 0.1), which
means that participants agreed that hospital staff took their
preferences for health care needs into account when planning
for discharge. The lowest level of agreement was with the care
plan domain (mean 3.8, SD 0.0). Table 4 provides a summary
of the scores for each item and domain.
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Table 4. Summary of perceptions of the quality-of-care transitions using the care transitions measure (N=40 hospital or EDa visits).
Mean (SD)b

Domains and items
Critical understanding
When I left the hospital or ED, I clearly understood the purpose for taking each of my medications.

4.1 (0.8)

When I left the hospital or ED, I clearly understood how to take each of my medications, including how much I should take and
when.

4.3 (0.7)

When I left the hospital or ED, I clearly understood the possible side effects of each of my medications.

4.0 (1.1)

When I left the hospital or ED, I had a good understanding of the things I was responsible for in managing my health.

4.2 (0.8)

When I left the hospital or ED, I was confident that I knew what to do to manage my health.

3.9 (1.0)

When I left the hospital or ED, I was confident I could actually do the things I needed to do to take care of my health.

3.8 (1.1)

Domain overall mean

4.1 (0.2)

Preferences important
Before I left the hospital or ED, the staff and I agreed about clear health goals for me and how those would be reached.

3.9 (1.2)

The hospital staff took my preferences into account in deciding what my health care needs would be when I left the hospital or
ED.

4.1 (1.0)

The hospital staff took my preferences into account in deciding where my health care needs would be met when I left the hospital 4.0 (1.1)
or ED.
Domain overall mean

4.0 (0.1)

Management preparation
When I left the hospital or ED, I had all the information I needed to be able to take care of myself.

4.0 (0.9)

When I left the hospital or ED, I clearly understood how to manage my health.

3.9 (0.9)

When I left the hospital or ED, I clearly understood the warning signs and symptoms I should watch for to monitor my health
condition.

4.2 (0.8)

When I left the hospital or ED, I had a good understanding of my health condition and what makes it better or worse.

4.1 (0.9)

Domain overall mean

4.1 (0.1)

Care plan
When I left the hospital or ED, I had a readable and easily understood written list of appointments I needed to complete within
the next several weeks.

3.8 (1.1)

When I left the hospital or ED, I had a readable and easily understood written plan that described how all of my health care needs 3.8 (1.2)
were going to be met.
Domain overall mean
a

3.8 (0.0)

ED: emergency department.

b

Participants indicated their level of agreement with each item using a Likert scale from 1=strongly disagree to 5=strongly agree.

Qualitative Findings
Of the 30 participants, 17 (57%) completed an exit interview.
During data analysis, the first 2 authors of this study organized
the codes into the following categories: (1) benefits of study
participation, (2) challenges to study participation, (3)
perceptions of GPS technology, and (4) suggestions for
improvement.
Overall, participants reported positive experiences with study
participation. They also identified several benefits, defined as
any real or perceived aid or assistance from participating in the
research study or having access to the unlimited use of a
smartphone. Benefits included self-management support,
improved social connections, and improved well-being. An
example of how study participation provided self-management
support is demonstrated by this quote:
https://mhealth.jmir.org/2021/11/e25553
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[...] there was a time when I [...] would be confused
as to whether or not I took my medicine. Sometimes
I would go days without even thinking about it, you
know? But now, I am confident knowing that every
morning you know “Bam!”, you know it’s [daily
email] right there and I had my medication and had
taken it. There was never any more confusion.
Social connections were facilitated by the ability to call friends
and family, to stay up to date on current events by reading the
news on the internet, and to use social media sites. Several
participants described using the smartphone to reconnect with
the family from out of state. One participant put it succinctly
as follows:
[...] being homeless, you can be very bored sometimes
with nothing to do. And, [with the phone] I had
something to do. You can read the news and find out
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what’s going on in the world. Or, you know, keep in
touch with my friends with email.
Participants also described improved well-being as they did not
have to worry about paying for their smartphone, were able to
travel to appointments because of bus pass on the smartphone,
and felt more secure in their environments with the ability to
contact the police or emergency medical services in the case of
an emergency. An example of how study participation improved
well-being is demonstrated by the following quote:
It was a godsend. It really was, I mean because I
didn’t have to worry about a lot of things. I could
make phone calls when I needed to. It just took a lot
of burden off me, knowing that I had a bus pass. I had
a phone I could use you know if I got in trouble or
something or was in a bad situation.
Challenges to study participation were defined as circumstances
in which participants had to navigate to access, use, and benefit
from services and resources, including the research study itself.
Challenges included differential treatment because of
homelessness, difficulty with technology, and keeping the
smartphone secure. For example, differential treatment resulted
in participants having difficulty keeping their smartphones
charged as business owners do not allow people experiencing
homelessness to spend time charging smartphones in their
establishments. Some participants also described trouble with
technology, such as short battery life and slow internet service.
Finally, keeping the smartphone secure required constant
vigilance on the part of participants, and even with creative
solutions for safekeeping, many experienced theft or damage
to their smartphones. One participant expressed his desire for
smartphones to be replaced up to 4 times, saying as follows:
[...] the fact is, anything can happen out here. Like
you know, I was charging my phone at Starbucks. I
fell asleep, and when I woke up, my phone was stolen.
Got my second phone…but I forgot to put the case
back on and water hits it and its out.
Perceptions of the GPS technology were uniformly positive, as
each participant who completed the exit interview denied having
concerns about the community health paramedics or research
staff knowing when they visited the ED or hospital. One
participant clearly articulated this by saying the following:
...you know, that kind of thing right now is the least
of my concerns. If you’re sleeping in an alley or
somewhere else, you’re not really worried about
somebody knowing that you’ve been to the hospital,
or at least I’m not.
Suggestions for improvement included two main subcategories:
helping to complete the study requirements and tailoring the
intervention. Participants suggested more teaching about using
the smartphone and its functions and providing portable battery
chargers to help overcome some of the technical challenges to
study completion that participants faced. Participants also
suggested sending daily messages via text instead of email and
indicated that personalized and tailored medication reminders
for their individual medication regimens would be helpful.
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Discussion
Principal Findings
The results of this study contribute to a small but growing body
of literature documenting the utility of mHealth interventions
among people experiencing homelessness. First, our findings
suggest that GPS technology is not a reliable method for tracking
visits to the ED or hospital among people experiencing
homelessness. The geofence notifications aligned with objective
HIE use data only 18.8% of the time, indicating that the
community health paramedics were unable to connect with
participants to provide follow-up assistance with care
coordination after most participant ED and hospital visits. This
finding was surprising given recent evidence that a smartphone
app used by 12 patients with low income had 75% accuracy in
detecting real-time ED or hospital use over a 3-month period
[36]. It is likely that the results of this study are inconsistent
with this prior evidence because of variations in the real-world
use of smartphones among a population without consistent
access to electricity. Specifically, a strategy that participants
used to preserve the smartphone battery was to power the
smartphone off when it was not in use. As geofence technology
relies on real-time transmission of data, it is likely that one
reason entry notifications were not received was as the
smartphone was turned off when the geofence entry occurred.
Despite findings that GPS technology is not reliable for real-time
ED or hospital use data, overall, participants expressed positive
views of GPS technology. Participants embraced the idea of
GPS being used by health care and other service providers to
locate them if needed and described feeling more secure with
the knowledge they could be found. This is similar to findings
by Liss et al [9], who found that high-risk primary care patients
were willing to use GPS technology to facilitate care
coordination. Findings by Liss et al [9] also align with prior
work by Moczygemba et al [37], which indicate that clinicians
and care managers are particularly interested in using mHealth
for care coordination among high-risk patients and patients
experiencing homelessness [9,13]. This is particularly important
as community health paramedics indicated that 57% (4/7) of
ED or hospital visits were likely nonemergent visits that could
have been addressed in the outpatient setting. Collectively, these
findings suggest the need for app development and refinement
as the GPS location tracking apps that are currently in the market
do not have face validity or the specific functionality needed
for use in the health care setting.
There was a significant decrease in depression symptoms from
baseline to exit, which aligns with the qualitative findings where
participants reported improved well-being and an overall
positive experience with the intervention at the study exit. In
contrast, a 1-month, pre-post study of homeless young adults
(aged 18-24 years) who participated in a remote mental health
intervention, which included SMS text messaging, did not find
a difference in depression symptoms [38]. This may be as it
takes longer than 1 month to see a difference in depression
symptoms, although this finding warrants further study. The
results also indicate an improvement in medication adherence
as measured by the ASK-12. These findings support the findings
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of Morawski et al [39], in which the use of a smartphone app
resulted in improved medication adherence among patients with
hypertension. Participants in this study viewed the daily email
question regarding medication adherence as a helpful reminder
that supported adherence. The data also suggest that participants
used their smartphones as a self-management support tool by
downloading specific medication adherence apps or by setting
alarms to help with medication management. This use of the
smartphone as a tool is also evidenced by overall high scores
regarding acceptance of technology at baseline and exit.
Although there was no significant difference in social support
between baseline and exit, the qualitative data suggest that the
smartphone had an impact on participants’ social connections.
Prior evidence clearly indicates that social support can have a
protective influence on multiple health outcomes among people
experiencing homelessness [40] and that mobile phones are
critical for individuals experiencing homelessness to maintain
social connectedness to family and friends [41]. Thus, measuring
social support in future studies investigating mHealth
interventions among people experiencing homelessness is
important for ascertaining a holistic picture of the benefits of
smartphone technology among the homeless population.
Overall, the participants rated care transitions from the ED or
hospital to the community fairly high. However, the results
suggest that specific aspects of transitions could be improved.
For example, in the critical understanding domain, two items
related to understanding what and how to manage health on
discharge and one item related to medication side effects scored
lower than the remaining domain items. Future studies could
investigate adapting the mHealth intervention to provide targeted
follow-up post-ED or hospital discharge as well as specific
guidance related to medication side effects to maximize
adherence and optimize outcomes. Furthermore, the care plan
domain scored the lowest among the four domains. This further
supports the need to adapt the intervention to provide two-way
communication between people experiencing homelessness and
service providers to ensure that needed follow-up care is
received in a timely and accessible manner.

Study Limitations
The findings of this study should be interpreted with caution
because of the study’s limitations. Participants were recruited
from one city in a large, southern state using convenience
sampling; therefore, the generalizability of the findings is
unknown. Furthermore, participants were recruited from
community sites, which may have biased the results. The
pre-post design is subject to bias, and as study participants were

Moczygemba et al
selected on the basis of their PHQ-9 score, it is possible that
regression to the mean occurred for the depression symptom
outcome. There were also baseline differences in PHQ-9 scores
between the groups that did and did not complete the study
(t21=–2.17; P=.02) with the group that did not complete the
study having a higher mean score at baseline than the group
that did finish. The small sample size, although sufficient for
answering this study’s research questions, may further limit the
generalizability of the findings.

Future Directions
The findings from this study point to several directions for future
research. First, based on participants’ responses to the daily
email medication adherence message and their stated preferences
for SMS text messages, a subsequent study tested an expanded
SMS text messaging intervention. That study also included
testing the use of remote location services preinstalled on the
smartphone to locate participants during business hours. The
findings also suggest that in addition to unlimited access to a
smartphone, access to unlimited transportation can facilitate the
ability of people experiencing homelessness to self-manage
chronic illness. Thus, future research could investigate the
impact of providing accessible transportation on health outcomes
and use. Finally, because of the shortcomings of GPS technology
in communicating real-time health care use information for
people experiencing homelessness and as there is an operational
HIE in the local area, future research investigating care
coordination should incorporate the HIE to ensure transmission
of objective use data. Qualitative findings also suggest that
mHealth interventions, particularly unlimited access to a
smartphone and bus pass transportation, have numerous benefits
for well-being and the ability of people experiencing
homelessness to meet social needs. These concepts need to be
explored quantitatively in future studies. Furthermore, coupling
access to a smartphone and transportation with health care
programs should be pursued at a policy level for local programs
[42,43].

Conclusions
mHealth interventions are acceptable to people experiencing
homelessness and positively affected depression symptoms and
medication adherence. Objective data from the HIE provided
more accurate ED and hospital use information compared with
alerts relying on predefined geofences. Despite this, participants
favorably viewed GPS technology, warranting further
exploration of GPS technology as a tool for facilitating care
coordination among people experiencing homelessness.
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Abstract
Background: Axial spondyloarthritis (axSpA) can lead to spinal mobility restrictions associated with restricted lower limb
ranges of motion, thoracic kyphosis, spinopelvic ankylosis, or decrease in muscle strength. It is well known that these factors can
have consequences on spatiotemporal gait parameters during walking. However, no study has assessed spatiotemporal gait
parameters in patients with axSpA. Divergent results have been obtained in the studies assessing spatiotemporal gait parameters
in ankylosing spondylitis, a subgroup of axSpA, which could be partly explained by self-reported pain intensity scores at time
of assessment. Inertial measurement units (IMUs) are increasingly popular and may facilitate gait assessment in clinical practice.
Objective: This study compared spatiotemporal gait parameters assessed with foot-worn IMUs in patients with axSpA and
matched healthy individuals without and with pain intensity score as a covariate.
Methods: A total of 30 patients with axSpA and 30 age- and sex-matched healthy controls performed a 10-m walk test at
comfortable speed. Various spatiotemporal gait parameters were computed from foot-worn inertial sensors including gait speed
in ms–1 (mean walking velocity), cadence in steps/minute (number of steps in a minute), stride length in m (distance between 2
consecutive footprints of the same foot on the ground), swing time in percentage (portion of the cycle during which the foot is
in the air), stance time in percentage (portion of the cycle during which part of the foot touches the ground), and double support
time in percentage (portion of the cycle where both feet touch the ground).
Results: Age, height, and weight were not significantly different between groups. Self-reported pain intensity was significantly
higher in patients with axSpA than healthy controls (P<.001). Independent sample t tests indicated that patients with axSpA
presented lower gait speed (P<.001) and cadence (P=.004), shorter stride length (P<.001) and swing time (P<.001), and longer
double support time (P<.001) and stance time (P<.001) than healthy controls. When using pain intensity as a covariate,
spatiotemporal gait parameters were still significant with patients with axSpA exhibiting lower gait speed (P<.001), shorter stride
length (P=.001) and swing time (P<.001), and longer double support time (P<.001) and stance time (P<.001) than matched
healthy controls. Interestingly, there were no longer statistically significant between-group differences observed for the cadence
(P=.17).
Conclusions: Gait was significantly altered in patients with axSpA with reduced speed, cadence, stride length, and swing time
and increased double support and stance time. Taken together, these changes in spatiotemporal gait parameters could be interpreted
as the adoption of a so-called cautious gait pattern in patients with axSpA. Among factors that may influence gait in patients with
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axSpA, patient self-reported pain intensity could play a role. Finally, IMUs allowed computation of spatiotemporal gait parameters
and are usable to assess gait in patients with axSpA in clinical routine.
Trial Registration: ClinicalTrials.gov NCT03761212; https://clinicaltrials.gov/ct2/show/NCT03761212
International Registered Report Identifier (IRRID): RR2-10.1007/s00296-019-04396-4
(JMIR Mhealth Uhealth 2021;9(11):e27087) doi:10.2196/27087
KEYWORDS
ankylosing spondylitis; spondyloarthritis; gait; locomotion; pain; mobility; spatiotemporal; digital health; sensors

Introduction
The generic term spondyloarthritis (SpA) regroups part of
chronic inflammatory diseases with common clinical, genetic,
and pathophysiological features [1,2]. Diagnosis of SpA is based
on the Assessment of Spondyloarthritis International Society
(ASAS) criteria [3]. Two groups of SpA are defined: axial SpA
(axSpA) with main manifestations being on spinal and sacroiliac
joints, and peripheral SpA with main manifestations being
arthritis, enthesitis or dactylitis [1,3]. In this study, we will focus
on axSpA which is divided into its radiographic (ankylosing
spondylitis, AS) and its nonradiographic (nr-axSpA) forms
[1,2]. Note that patients with axSpA could represent 0.13% to
1.4% of the world population [4].
Clinical manifestation of axSpA includes chronic inflammatory
back pain and morning stiffness [5]. As a consequence of
inflammation, structural damage can occur and lead to spinal
mobility restrictions [5] associated with restricted lower limb
ranges of motion [6], thoracic kyphosis [7], spinopelvic
ankylosis [7], decrease in muscle strength [8], and sarcopenia
[8]. It is well known that factors such as limited range of motion
[9], reduced muscle strength [10], sarcopenia [11], thoracic
kyphosis, and spinopelvic alignment [12] can have consequences
on spatiotemporal gait parameters during walking.
It is interesting to note that a recent review concluded that no
published work has investigated spatiotemporal gait parameters
in patients with axSpA [13]. This is not the case for patients
with AS, a subgroup of axSpA [3]. A recent review [14] reported
that 21 articles assessed gait in AS. Interestingly, only 4 of them
(19%) used a healthy control group for comparison of
spatiotemporal gait parameters [15-18]. What is more, results
of these 4 studies are rather mixed and have reached somewhat
inconsistent results and raised unanswered questions [15-18].
Some studies, indeed, reported gait impairment in patients with
AS who presented with lower gait speed [18] and lower stride
length [16,18] than healthy controls. Other studies reported gait
speed [15,17], stride length [15,17], cadence [16,17], swing
time, and stance time percentages [18] of patients with AS
similar to those of healthy controls. How can we explain these
observed differences? It is possible that the relatively small
sample size of these studies (from n=10 [17] to n=18 [18] in
each group) represented an obstacle to the identification of any
significant group differences. Note that this limitation is that of
the authors themselves (“However, further study should be
performed on a larger sample subjects” [15] and “the sample
size was limited” [18]). It is also possible that self-reported pain
intensity at the time of assessment played a role in these
https://mhealth.jmir.org/2021/11/e27087
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divergent results. On the one hand, it is recognized that low
back pain is one of the main symptoms of axSpA [5] and
inflammatory back pain is a central criteria for disease diagnosis
[3]. On the other hand, it is also well established that low back
pain could significantly affect spatiotemporal gait parameters
during walking [19-21]. For instance, previous studies have
reported significant differences in spatiotemporal gait parameters
between patients with low back pain and healthy matched
controls [19,20]. Patients with low back pain presented lower
gait speed [19,20] and cadence [20] and shorter stride length
[19,20] than healthy matched controls during walking. It is
important to mention that self-reported pain intensity at time of
evaluation was not reported in all studies on gait and AS. In
particular, only studies from Mangone et al [17] and Zhang et
al [17] have reported this parameter. Regardless of this, a careful
examination and comparative analysis of these two published
works [17,18] nevertheless has drawn our attention to more
specifically take into consideration the possible impact of pain
on spatiotemporal gait parameters during walking. To support
this view, let us first consider the work of Mangone et al [17].
Analysis of spatiotemporal gait showed no significant
between-group difference for gait speed (AS: 0.94 [SD 0.2]
ms–1 vs healthy controls: 0.96 [SD 0.2] ms–1, P=.78) and stride
length (AS: 1.09 [SD 0.1] m vs healthy controls: 1.14 [SD 0.2]
m, P=.40) [17]. Concomitantly, no between-group difference
was observed for self-reported pain intensity reported at time
of evaluation assessed with the visual analog scale (VAS-AS:
1.0 [SD 1.3] versus healthy controls: 0.7 [SD 1.1]) [17]. Worthy
of note also are the very low self-reported pain intensity scores
of close to 0. A value of 0 on the VAS is considered as no pain
while a value above 3 is considered as moderate pain [22]. In
other words, participants of Mangone et al study [17] could thus
be considered as pain-free participants.
Unlike the findings of Mangone et al [17], analysis of data from
Zhang et al [18] revealed between-group significant difference
in spatiotemporal gait. Lower gait speed (AS: 1.15 [SD 0.21]
ms–1 vs healthy controls: 1.25 [SD 0.09] ms–1, P=.009) and
shorter stride length (stride length/height: AS: 0.70 [SD 0.97]
m/m vs healthy controls: 0.76 [SD 0.42] m/m, P=.002) were
observed in patients with AS (n=18) than in healthy controls
(n=18) [18]. Meanwhile, pain intensity scores reported with the
VAS in patients with AS only [18] were 3.89 [SD 1.64]. This
value is above 3 and hence considered as moderate pain [22].
This self-reported pain intensity score is 3 times higher than
that reported by patients with AS involved in the study of
Mangone et al [17]. Although self-reported pain intensity was
not collected in healthy controls, it is probable that the value
for healthy controls would have been close to 0 like in Mangone
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us to consider that inconsistent and inconclusive results on gait
in AS could stem from self-reported pain intensity at the time
of the evaluation per se. Moreover, inertial measurement units
(IMUs) are becoming helpful to assess gait in different
populations [23,24]. IMUs allow computation of spatiotemporal
gait parameters in clinical practice that are reliable in patients
with axSpA. While previous studies demonstrated the
advantages of using IMUs in axSpA to assess spinal mobility
[25] or level of physical activity [26], no study assessed gait
parameters using IMUs in patients with axSpA.
Overall, because of the lack of published works available on
gait in patients with axSpA [13] and considering the divergent
results obtained in the studies that have assessed spatiotemporal
gait parameters in AS [14], which could be partly explained by
self-reported pain intensity scores, this study was designed to
compare spatiotemporal gait parameters in patients with axSpA
and matched healthy individuals without and with pain intensity
score as a covariate.

Methods

Soulard et al
Ile De France 1, RCB: 2017-A03468-45) and registered with
ClinicalTrials.gov [NCT03761212] and followed the SPIRIT
(Standard Protocol Items: Recommendations for Interventional
Trials) checklist. All participants of the study signed informed
consent.

Participants
The sample size of this study was calculated using difference
between patients with AS and healthy controls in stride length
in the Zebouni et al [16] study with a standard deviation of 0.12,
expected difference of 0.14, significance level of 0.05, and
power of 80%. The sample size was estimated at 12 in each
group using a sample size calculator [27,28]. It was increased
to 30 to allow the use of parametric tests.
Data for this cross-sectional study are a subset of individuals
recruited in the FOLOMI prospective study that has been
described in a previous publication [29]. The first 30 patients
with axSpA included in FOLOMI study and 30 age- and
sex-matched healthy controls were studied in this work.
Inclusion and noninclusion criteria of the FOLOMI study are
detailed below for patients with axSpA and for healthy controls
in Textboxes 1 and 2.

Study Design
The Function, Locomotion, Measurement, Inflammation
(FOLOMI) study was approved by local ethics committee (CPP
Textbox 1. Patients with axSpA. axSpA: axial spondyloarthritis
Inclusion criteria:
•

aged 18 to 65 years at time of their first evaluation

•

axSpA (based on ASAS criteria [3] or AS (based on modified New York Criteria [30])

•

able to walk 180 m without technical help

•

with stable treatment for 3 months

•

with a public health insurance (French social security)

Exclusion criteria:
•

musculoskeletal, cardiorespiratory or neurologic disease that could affect gait

•

hip or knee arthroplasty done or planned in the following 18 months

•

not able to speak French

•

desire of pregnancy in the following 18 months

•

adults protected by laws (Article L1121-5)

Textbox 2. Healthy controls.
Inclusion criteria:
•

aged 18 to 65 years at time of evaluation

•

able to walk 180 m without technical help

•

with a health insurance

Exclusion criteria:
•

musculoskeletal, cardiorespiratory or neurologic disease that could affect gait

•

hip or knee arthroplasty done

•

not able to speak French
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Clinical Characteristics of the Participants
Age, sex, weight, height, self-reported pain intensity at time of
evaluation, and pain location were collected for both patients
with axSpA and healthy controls by the same observer (JS) [29].
Self-reported pain intensity at time of evaluation score was
assessed with the VAS, a horizontal line of 10 cm in length,
anchored by word descriptors with no pain on the left side and
the worst imaginable pain on the right side [22]. Participants
were asked to mark the point corresponding to their current
pain. Participants were asked to localized their pain using a pain
areas figure [31].
For patients with axSpA only, disease clinical characteristics
including treatment, disease duration, and morning stiffness
and self-assessment questionnaires including the Bath
Ankylosing Spondylitis Functional Index (BASFI) [32] and the
Bath Ankylosing Spondylitis Disease Activity Index (BASDAI)
[33] were also collected [29].

Experimental Protocol
Participants performed gait assessments described in a previous
publication [29]. In this study, data from the 10-meter walk test
(10MWT) in single-task condition only were considered.
Participants performed a 10MWT on a 14-meter walkway at
comfortable walking speed [34] in single-task condition (3
trials). Gait assessments were performed by the same examiner
(JS). Participants wore walking shoes, with 2 inertial
measurement units with triaxial accelerometers and gyroscopes
(Physilog5, Gait Up), placed above both feet (behind the base
of the fifth metatarsal) [35]. The two first and last steps were
removed from the analysis [36,37], and at least 16 steps were
included in the analysis. For patients with axSpA, regarding the
possible consequences of morning stiffness on functional
limitations [38], gait assessment was performed at least 2 hours
from the end of morning stiffness.

Spatiotemporal Gait Outcomes
After checking for nonsignificant differences between left and
right feet, the following spatiotemporal gait parameters were
computed using Gait Analysis Software (version 5.3.0, Gait
Up) with the mean of right and left foot values for each trial:
•
•
•

•

Speed (ms-1): mean walking stride velocity of forward
walking
Cadence (steps/minute): number of steps in a minute
Stride length (m): distance between two consecutive
footprints on the ground, from the heel of a foot to the heel
of the same foot, one cycle after
Swing time (%): portion of the cycle during which the foot
is in the air and does not touch the ground
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•
•

Stance time (%): portion of the cycle during which part of
the foot touches the ground
Double support time (%): portion of the cycle where both
feet touch the ground

The mean between trial 2 and 3 was calculated for each
spatiotemporal gait parameter as it has recently been shown to
be the more reliable to assess spatiotemporal gait parameters
when performing a 10MWT at comfortable speed [35].

Data Analysis
Data analysis were performed using SPSS (version 20, IBM
Corp) and Excel (Microsoft Corp). Independent samples t tests
were used to compare patients with axSpA and healthy controls
in terms of age, gender, height, weight, self-reported pain
intensity scores, and spatiotemporal gait parameters.
In the interest of further discerning differences that could exist
as a function of group versus changes in self-reported pain
intensity scores, the spatiotemporal gait parameters were further
analyzed between groups using 1-way analyses of covariance
(ANCOVAs) with the addition of pain intensity score as a
covariate. Statistical threshold for all analyses was set at P=.05.
Effect size (Cohen d and partial η²) and 95% confidence
intervals were also calculated.

Results
Demographic and Clinical Assessments
Demographic and clinical assessments for patients with axSpA
and healthy controls are shown in Table 1. When comparing
patients with axSpA and healthy controls, there were no
significant differences for age, height, or weight, but patients
with axSpA had higher self-reported pain intensity (P<.001;
Table 1). In healthy controls, pain was located at the low back
(1/30, 3%), knees (1/30, 3%), or shoulders (1/30, 3%). In
patients with axSpA, pain was located at the low back (17/30,
57%), bottom or sacroiliac joints (12/30, 40%), thoracic back
(11/30, 37%), cervical back (14/30, 47%), sternum or ribs (1/30,
3%), hips (6/30, 20%), knees (9/30, 30%), ankle or feet (3/30,
10%), shoulders (6/30, 20%), elbows (4/30, 13%), or hands
(5/30, 17%).
Table 1 also presents pharmacological treatments and disease
characteristics for patients with axSpA. Most patients with
axSpA included in this study had anti-TNF treatment (21/30,
70%), low disease activity with BASDAI <4 (BASDAI: 3.04
[SD 1.90]), and low impact of axSpA on physical function
(BASFI: 2.86 [SD 2.04]).
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Table 1. Patients with axSpA and healthy controls clinical characteristics (n=60).
Clinical characteristics

Healthy controls (n=30)

Patients with axSpAa
(n=30)

Independent t test

t

P value

95% CI

Demographics
Age (years), mean (SD)

45.70 (10.60)

45.37 (10.54)

0.121

.90

–5.13 to 5.79

Gender (male), n (%)

20 (67)

20 (67)

—b

—

—

Weight (kg), mean (SD)

70.25 (10.27)

74.15 (12.94)

–1.294

.20

–9.94 to 2.13

Height (cm), mean (SD)

174.47 (7.48)

170.77 (7.82)

1.873

.07

–0.25 to 7.65

Self-reported pain intensity scores at time
of evaluation, mean (SD)

0.20 (0.66)

3.12 (2.38)

–6.463

<.001

–3.82 to –2.02

Anti-TNFc

0 (0)

21 (70)

—

—

—

Anti-IL-17Ad

0 (0)

2 (7)

—

—

—

DMARDse

0 (0)

3 (10)

—

—

—

NSAIDsf

0 (0)

7 (23)

—

—

—

Pain relief

0 (0)

7 (23)

—

—

—

No treatment

30 (100)

3 (10)

—

—

—

Disease duration from diagnosis (years)

—

11.77 (10.11)

—

—

—

BASDAIg

—

3.04 (1.90)

—

—

—

BASFIh

—

2.86 (2.04)

—

—

—

Morning stiffness duration (min)

—

28.17 (33.71)

—

—

—

Pharmacological treatment, n (%)

Disease, mean (SD)

a

axSpA: axial spondyloarthritis.

b

Not applicable.

c

Anti-TNF: antitumor necrosis factor.

d

Anti-IL-17A: anti-interleukine-17A.

e

DMARD: disease modifying antirheumatic drug.

f

NSAID: nonsteroidal anti-inflammatory agent.

g

BASDAI: Bath Ankylosing Spondylitis Disease Activity Index.

h

BASFI: Bath Ankylosing Spondylitis Functional Index.

Spatiotemporal Gait Parameters
Spatiotemporal gait parameters for patients with axSpA and
healthy controls are shown in Table 2. Independent sample t
tests without covariate indicated that patients with axSpA
presented lower gait speed (P<.001) and cadence (P=.004),
shorter stride length (P<.001) and swing time (P<.001), and
longer double support time P<.001) and stance time (P<.001)
than matched healthy controls (Table 2).
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ANCOVA comparisons of spatiotemporal gait parameters
between groups revealed that a significant effect of group was
found (F: 3.434, P=.004, partial η²: 0.320). Results for each
spatiotemporal gait parameter can be found in Table 2. When
using self-reported pain intensity score as a covariate,
spatiotemporal gait parameters were still significant with patients
with axSpA exhibiting lower gait speed (P<.001), shorter stride
length (P=.001) and swing time (P<.001), and longer double
support time (P<.001) and stance time (P<.001) than matched
healthy controls except for cadence which was not significant
(P=.17; Table 2).

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e27087 | p.285
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Soulard et al

Table 2. Spatiotemporal gait parameters obtained in patients with axSpA and healthy controls in single-task condition with t test and ANCOVA results
when taking self-reported pain intensity as a covariate.
Spatiotemporal gait
parameters

ANCOVAb

Independent t test

t

P value

Cohen d 95% CI

F

P value

Partial η²

1.27 (0.17)

5.528

<.001

1.17

0.15 to 0.32

15.268

<.001

0.211

Cadence (steps/min) 113.89 (6.35)

108.41 (7.85)

2.97

.004

0.72

1.79 to 9.17

1.922

.17

0.033

Stride length (m)

1.38 (0.15)

4.679

<.001

1.04

0.10 to 0.25

13.508

.001

0.192

Double support time 19.43 (3.42)
(%)

22.99 (2.50)

–4.609

<.001

–1.03

–5.11 to –2.01 13.948

<.001

0.197

Swing time (%)

39.84 (1.77)

38.20 (1.19)

4.201

<.001

0.96

0.86 to 2.41

14.011

<.001

0.197

Stance time (%)

60.16 (1.77)

61.80 (1.19)

–4.201

<.001

–0.96

–2.41 to –0.86 14.011

<.001

0.197

Speed (ms-1)

a

Healthy controls
Patients with axSpAa
(n=30), mean (SD) (n=30), mean (SD)

1.50 (0.16)

1.56 (0.14)

axSpA: axial spondyloarthritis.

b

ANCOVA: one-way analysis of covariance using pain as covariate.

Discussion
Principal Findings
Only a few studies have assessed gait in the broader spectra of
axSpA [13,26,39]. What is more, these studies have used clinical
measurements of gait (ie, 6-min walk test [26] or 6-meter
maximum velocity test [39]) without a healthy control group
for comparison. Inconsistent results were found in patients with
AS regarding spatiotemporal gait parameters [15-18], which
may be explained by the rather small sample sizes of these
studies and by self-reported pain intensity scores reported by
the patients at the time of the evaluation.
This study was hence specifically designed to evaluate and
compare spatiotemporal gait in 30 patients with axSpA and 30
matched healthy controls without and with pain intensity score
as a covariate.
We found that patients with axSpA walked with reduced speed,
cadence, stride length, and swing time and increased double
support and stance time and that pain could per se partly explain
this gait behavior. These results are in line with those recently
reported by Zhang et al [18]. However, it should be noted that
we further broaden the range of patients by including patients
with axSpA, including AS and nr-axSpA, while Zhang et al
[18] assessed gait in patients with AS and with hip involvement
only. To our knowledge, this is the first study comparing
spatiotemporal gait parameters in the broad range of patients
with axSpA and matched healthy individuals [13]. Zhang et al
[18] used a 3D motion-capture system, which is hardly
accessible to clinical routine, while we used IMUs positioned
on the feet, allowing computation of spatiotemporal gait
parameters in clinical practice or in an ecological environment
[23,40]. Finally, contrary to the Zhang et al [18] study, we
included pain as a covariate to examine whether and to what
extent self-reported pain intensity score could explain the gait
differences observed between patients with axSpA and healthy
controls.
Our results first showed a significant decrease of gait speed
(control: 1.50 [SD 0.16] vs axSpA: 1.27 [SD 0.17] m/s,
Δ=–16.6%, P<.001) of patients with axSpA as compared to
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matched healthy controls. This statistically significant difference
is accompanied by a Cohen d effect size of 1.17, hence
suggesting that the between groups difference for the gait speed
is large (d>0.8) [41]. In the absence of published work on gait
in patients with axSpA [13] and although the included
population was broader (axSpA vs AS), we were inclined to
compare our results with those obtained in patients with AS.
With this in mind, our result is in line with that reported in
patients with AS by Zhang et al [18], who compared 18 patients
with AS to 18 healthy matched controls (control: 1.25 [SD 0.09]
vs AS: 1.15 [SD 0.21] m/s, Δ=–8.3%, P=.009). Gait speed of
patients and healthy controls measured in this study was slightly
higher than that reported in Zhang et al [18] (this study axSpA:
1.27 [SD 0.17] vs Zhang et al [18] AS: 1.15 [SD 0.21] m/s,
Δ=–9.9%; this study control: 1.50 [SD 0.16] vs Zhang et al [18]
control: 1.25 [SD 0.09] m/s, Δ=–16.6%). If gait were assessed
along 10 meters in both studies, Zhang et al [18] included gait
initiation, steady-state walking, and gait termination in the
analysis. In our study, the acceleration and deceleration phases
achieved during gait initiation and termination were not
included. We used a 14-meter walkway [42-44] and removed
the two first and the two last steps of the trials [36,37], as
previously proposed in other studies that have assessed
spatiotemporal gait parameters during walking [45-47]. When
compared to other studies on AS, our result on gait speed does
not corroborate those of Del Din et al [15] (12 AS vs 12 controls,
control: 1.12 [SD 0.25] vs AS: 1.05 [SD 0.23] m/s, Δ=–6.45%,
P=.33) and Mangone et al [17] (17 AS vs 10 controls, control:
0.96 [SD 0.2] vs AS: 0.94 [SD 0.2] m/s, Δ=–2.1%, P=.78), who
did not report any significant between-group differences for the
gait speed.
Our results further showed a significantly shorter stride length
in patients with axSpA than in matched healthy controls (control:
1.56 [SD 0.14] vs axSpA: 1.38 [SD 0.15] m, Δ=–12.2%, P<.001)
with a large Cohen d effect size of 1.04. This result is in
agreement with the decrease in stride length of patients with
AS observed in two previous studies by Zebouni et al [16] (12
AS vs 11 controls, control: 0.72 [SD 0.13] vs AS: 0.58 [SD
0.11] m, Δ=–21.5% , P<.05) and Zhang et al [18] (stride
length/height: control: 0.76 [SD 0.42], AS: 0.70 [SD 0.97],
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e27087 | p.286
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Δ=–8.2%, P=.002). However, our result is not in line with two
other studies on AS by Del Din et al [15] and Mangone et al
[17], who did not report any significant differences in stride
length between AS and controls (control: 1.29 [SD 0.30] vs AS:
0.98 [SD 0.58] m, Δ=–27.3%, P=.27 [15]; control: 1.14 [SD
0.2] vs AS: 1.09 [SD 0.1] m, Δ=–4.48%, P=.40 [17]).
Our results further revealed a significant reduction of cadence
in patients with axSpA as compared to matched healthy controls
(control: 113.89 [SD 6.35] vs axSpA: 108.41 [SD 7.85]
steps/min, Δ=–4.9%, P=.004) with a medium effect size (Cohen
d: 0.72). This result does not support the previous findings of
Zhang et al [18], Zebouni et al [16], or Mangone et al [17], as
no significant difference of cadence between patients with AS
and healthy controls was observed (control: 0.94 [SD 0.04] vs
AS: 0.95 [SD 0.09] /s, Δ=1.06%, P=.601 [18]; control: 103.2
[SD 6.6] vs AS: 102.6 [SD 9] steps/min, Δ=–0.58%,
P=nonsignificant [16]; control: 101.4 [SD 8.7] vs AS: 102.4
[SD 13.3] steps/min, Δ=0.98%, P=.65 [17]).
In addition to these three routinely used spatiotemporal gait
parameters, we further computed temporal distribution of gait
cycle phases using swing time, stance time, and double support
time percentages. The distribution of swing and stance period
are temporal indicators of gait pattern [48] and often used as
objectives in gait rehabilitation [49]. Indeed, the percentage
times spent on swing and stance phases are determined by
various factors including balance [50] and push-off force
generation responsible for step asymmetry in chronic
hemiparesis [51] and are associated with gait speed [52]. Only
one study on patients with AS assessed these two temporal
parameters [18]. Our results showed shorter swing time
percentages (control: 39.84% [SD 1.77%] vs axSpA: 38.20%
[SD 1.19%] of gait cycle, Δ=–4.2%, P<.001, Cohen d: 0.96)
and longer stance time percentages (control: 60.16% [SD 1.77%]
vs axSpA: 61.8% [SD 1.19%] of gait cycle, Δ=2.69%; P<.001,
Cohen d: –0.96) in patients with axSpa than matched healthy
controls. Once again, our results are not in agreement with the
existing literature as no significant difference with healthy
controls of swing period was found by Zhang et al [18] (right:
control: 38.61% [SD 1.55%] vs AS: 38.29% [SD 2.62%] of gait
cycle, Δ=–0.83%, P=.64; left: control: 38.49% [SD 1.66%] vs
AS: 38.12% [SD 3.95%] of gait cycle, Δ=–0.97%, P=.57).
Our results further showed longer double support time
percentages in patients with axSpa than matched healthy controls
(control: 19.43% [SD 3.42%] vs axSpA: 22.99% [SD 2.5%] of
gait cycle, Δ=16.8%, P<.001, Cohen d:–1.03). Note that the
Cohen d effect size for double support time can be considered
as large (>0.8). Interestingly, double support time percentage
values obtained in this study cannot be compared to other studies
as this parameter has never been assessed in AS [14].
To conclude, both the results of this study and those published
elsewhere revealed a remarkable lack of consensus in the
academic literature on gait and AS, although the low number
of published studies and various methodologies make
comparisons rather difficult. What explanation could we have
for these differences?
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Note that the demographic and clinical characteristics of patients
and healthy controls (age, weight, and height) and disease
duration of patients with axSpA involved in this study (age: 45
years, disease duration: 11.77 years) were comparable to those
reported in previous studies (age between 38 and 49.4 years
[15-18]; disease duration between 9.3 and 15 years [15-18])
and hence may not account for the observed divergent results.
We further assessed if divergent results previously reported on
gait in AS [14] could be partly explained by self-reported pain
intensity score at the time of the evaluation per se. The second
statistical analysis presented in this study showed that when
adjusting for self-reported pain intensity, patients with axSpA
still presented lower gait speed, shorter stride length and swing
time, and longer double support time. Interestingly, our results
also revealed that there were no longer statistically significant
between-group differences observed for the cadence. Taken
together, these results suggest that differences between groups
on cadence observed in this study could thus stem from
self-reported pain intensity at the time of the evaluation per se
and could explain why previous studies in AS did not find
significant differences in cadence [16,17] and reported low pain
intensity in patients [17]. In a complementary way, results also
suggest that differences between groups on the other
spatiotemporal gait parameters observed in this study could not
stem from self-reported pain intensity at the time of the
evaluation per se. In other words, conclusions should be made
with caution with respect to the influence of pain. Whether or
not self-reported pain intensity per se could play a role in gait
impairment observed in patients with axSpA still remains an
open, unresolved question.
To synthesize the findings, patients with axSpA presented lower
gait speed and cadence, shorter stride length and swing time,
and longer double support time and stance time than matched
healthy controls during walking. Taken together and looked
into as a whole, these changes in spatiotemporal gait parameters
could be interpreted as the adoption of a more conservative or
less destabilizing gait in patients with axSpA (Figure 1). These
results represent the characteristically so-called cautious gait
pattern commonly observed in older persons [53] but also in
individuals with gait disorders (eg, patients with cerebellar
ataxia [54], with sensory ataxia [54], adults with obesity [55-57],
and with low back pain [19-21]). This typical characteristic of
cautious gait has already been observed in patients with AS
[15,16]. However, these studies found that stride length was
significantly shortened [16] or found only “a trend towards
reduction” in gait speed or stride length [15] in patients with
AS as compared to controls. Overall, it has been emphasized
that individuals compensate for their balance disorders and/or
gait by being more cautious during walking. Hence, adopting
a more conservative gait pattern, characterized in particular by
a slow gait speed, shortened stride/step length, reduced cadence,
and an increased time spent in double limb support could be
viewed as an adaptation to ensure or increase stability and
maintain a safe gait [53,58].
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Figure 1. Illustration of a healthy gait and a cautious gait pattern characterized by reduced gait speed and cadence, shortened stride length, and increased
double support time.

It is important to note that the differences in spatiotemporal gait
parameters obtained between patients with axSpA and healthy
controls were outside the standard error of measurement and
minimal detectable change (MDC), the minimum value for
which a difference can be considered as real [59]. MDC adapted
to our group (〖MDC〗_group=〖MDC〗_(individual )÷√n
[59,60]) was 0.01 for speed and stride length, between 0.74 and
0.92 for cadence, between 0.24 and 0.53 for double support,
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and between 0.25 and 0.28 for swing time and stance time [35].
Accordingly, the significant between-group differences observed
for these 6 spatiotemporal gait parameters cannot be considered
as a measurement error. All in all, our findings showed that
patients with axSpA adopted a cautious gait pattern in a similar
fashion as the previously mentioned populations [20,53-57].
Taken together, the results of this study are promising for
clinical application of gait analysis. We demonstrated that
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e27087 | p.288
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assessing gait in patients with AS using foot-worn inertial
sensors is feasible in clinical settings. Spatiotemporal gait
parameters (such as stride length or cadence) are the most used
parameters in clinical gait analysis and are easy to understand
by both clinicians [23] and patients. IMUs, by allowing rapid
and easy-to-perform computation of spatiotemporal gait
parameters at a low cost and without limitation of the testing
environment, are gaining interests for clinicians [23,61]. The
10MWT used in this study is also routinely used by
physiotherapists or medical doctors to evaluate gait in clinical
and rehabilitation settings. In addition to the time taken to
complete this test [62,63], foot-worn inertial sensors enabled
the quantitative gait patterns analysis of patients with axSpa
with the computation of spatiotemporal gait parameters that
were presented in an intuitive and comprehensible manner. We
believe that integrating quantitative gait analysis with wearable
IMU systems for clinical assessments could be advantageous
for clinicians to better understand movement-related disorders
for better functional diagnosis, guidance of treatment planning,
monitoring of disease progress, and tracking of recovery [64].
In the near future, we can expect that mobile phone–based gait
assessment apps will be used to monitor gait in daily life [65]
and permit clinicians to remotely monitor patients’ conditions
[66,67].

Limitations
Some limitations of the study should be acknowledged. First,
patients included in the study were aged between 18 and 65
years with a pathology evolving with age and an increase of
stiffness and limitations. Assessments of older patients could
be interesting to capture gait alterations associated with disease
evolution. Second, although self-reported pain intensity
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measured at time of assessment was significantly higher in
patients with axSpA than healthy controls, levels of pain were
quite low (3.12 [SD 2.38]). Patients included in this study were
stable (ie, with stable treatment for at least 3 months at time of
inclusion) and may not represent the whole population of
patients with axSpA [68]. Further studies are thus necessary to
explore gait in the broad disease of axSpA. Patient-reported
pain intensity is commonly measured with the single VAS.
However, VAS alone may not capture all features of pain
[69,70] and may be not sufficient to assess pain in patients with
axSpA [71]. Finally, additional research is required to determine
whether factors other than pain may influence gait in patients
with axSpA.

Conclusions
To our knowledge, this is the first study comparing
spatiotemporal gait parameters in a broad range of patients with
axSpA and matched healthy individuals. Our results provide a
comprehensive overview of the alterations of gait in patients
with axSpA with reduced speed, cadence, stride length, and
swing time and increased double support and stance. When all
these changes in spatiotemporal gait parameters are taken
together and looked into as a whole, it is possible to consider
that patients with axSpA adopt a so-called cautious gait pattern.
It is the first study to include pain intensity as a covariate to
explain spatiotemporal gait parameters in patients with AS or
axSpA. Although not a definitive finding, our results suggest
that among factors that may influence gait in patients with
axSpA, patient self-reported pain intensity could play a role and
hence should be addressed when assessing gait in this
population.
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Abstract
Background: Current evidence indicates physical activity wearables could support persons with knee osteoarthritis (OA) to be
more physically active. However, recent evidence also identifies some persons with arthritis experience guilt or worry while
using a wearable if they are not as active as they feel they should be. Questions remain around how persons with knee OA
experience benefits or downsides using a wearable in their everyday lives. Better understanding is needed if wearables are to be
incorporated in arthritis self-management in ethically aware ways.
Objective: Using an ethics lens, we aimed to describe a range of experiences from persons with knee OA who used a wearable
during a physical activity counseling intervention study.
Methods: This is a secondary analysis of qualitative interviews nested within a randomized controlled trial. Guided by
phenomenography, we explored the experiences of persons with knee OA following participation in a physical activity counseling
intervention that involved using a Fitbit Flex and biweekly phone calls with a study physiotherapist (PT) in an 8-week period.
Benefits or downsides experienced in participants’ relationships with themselves or the study PT when using the wearable were
identified using a relational ethics lens.
Results: Interviews with 21 participants (12 females and 9 males) aged 40 to 82 years were analyzed. Education levels ranged
from high school graduates (4/21, 19%) to bachelor’s degrees or above (11/21, 52%). We identified 3 categories of description:
(1) participants experienced their wearable as a motivating or nagging influence to be more active, depending on how freely they
were able to make autonomous choices about physical activity in their everyday lives; (2) some participants felt a sense of
accomplishment from seeing progress in their wearable data, which fueled their motivation; (3) for some participants, sharing
wearable data helped to build mutual trust in their relationship with the study PT. However, they also expressed there was potential
for sharing wearable data to undermine this trust, particularly if this data was inaccurate.
Conclusions: Findings provide an early glimpse into positive and negative emotional impacts of using a wearable that can be
experienced by participants with knee OA when participating in a randomized controlled trial to support physical activity. To
our knowledge, this is the first qualitative study that uses a relational ethics lens to explore how persons with arthritis experienced
changes in their relationship with a health professional when using a wearable during research participation.
(JMIR Mhealth Uhealth 2021;9(11):e30332) doi:10.2196/30332
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Introduction
Affecting an estimated 302 million people worldwide,
osteoarthritis (OA) is one of the most common forms of arthritis,
and it is a leading cause of disability among older adults [1-5].
Evidence-based practice guidelines recommend physical activity
as a key component of optimal OA self-management due to its
beneficial effects on pain, mobility, and quality of life [6-8].
However, most people with OA do not meet these
recommendations, and supporting persons with knee OA to be
more active remains problematic [9,10].
The use of consumer-available, activity-monitoring wearable
devices offers a promising strategy to increase physical activity
among persons with knee OA. Indeed, literature exists to
indicate that wearable technology-enabled interventions can
significantly increase moderate-to-vigorous physical activity
(MVPA) among adults with knee OA [11-15]. These findings
build on previous research to suggest that these interventions
may significantly improve MVPA participation if the devices
are integrated as part of a multifaceted intervention involving
counseling with a health professional [16,17].
Evidence exists, however, to indicate that using digital health
technologies (including wearables) in the practice of
self-monitoring and self-management may be experienced
positively or negatively by persons with chronic illness in the
context of their everyday lives [18,19]. In a recent synthesis of
qualitative evidence, Leese et al [20] provided an early glimpse
of ethical issues identified in the perspectives of persons with
arthritis on the use of wearables to support physical activity
participation in their everyday lives. These ethical issues were
expressed by persons with arthritis as benefits and downsides
in their relationships with themselves (ie, their self-perception)
and their health professionals. It was found, for example, that
persons with OA expressed a general opinion that
communication with their health professionals could be
enhanced or challenged through the use of a physical activity
wearable in their everyday self-management, depending on the
quality of their existing relationship [21-23]. However, empirical
evidence on the experiences of persons with OA participating
in physical activity interventions involving a health professional
and using a wearable device is minimal [20]. Furthermore, there
is little knowledge on the impact of using a wearable in
patient-health professional relations, which are laden with power
dynamics [24]. Leese et al [20] also identified that while some
persons with chronic illness, including OA, spent more time in
physical activity and felt more confident about managing their
health while using a wearable, others experienced guilt or worry
when they were not as active as they felt they should be while
using wearables [25].
An in-depth understanding of a fuller spectrum of experiences
of persons with OA is needed if wearable-enabled physical
activity counseling programs to support arthritis
self-management are to be implemented in ways that
appropriately consider ethical issues, such as benefits and
https://mhealth.jmir.org/2021/11/e30332
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downsides encountered by patients. Thus, this study aimed to
examine a range of experiences encountered by persons with
OA who participated in a study of a wearable-enabled physical
activity counseling intervention, with particular attention paid
to any influences on participants’ relationships with themselves
and with the physiotherapist (PT).

Methods
Study Design
This study was a qualitative secondary analysis of
semistructured interview data with participants of a
mixed-methods study named MONITOR-OA [11]. The original
study involved a 6-month proof-of-concept randomized
controlled trial (RCT) to examine the efficacy of a
technology-enabled counseling intervention for increasing
MVPA among persons with knee OA and a qualitative
component to describe the participants’ experiences of the
intervention [11]. Fundamental qualitative description and
conventional content analysis methods guided the qualitative
component of the original study [26,27]. As a complete data set
was already present, our secondary analysis used
phenomenographic analytical methods and introduced a
relational ethics lens to shape interpretations of the original
interview data, in line with Varpio et al’s [28] description of a
theory-informing inductive data analysis study design [29,30].
Relational ethics is a broad theoretical lens that continues to
evolve from critiques of a strong individualistic perspective that
dominated traditional bioethics discourse [31-34]. These
critiques highlight the complex ways in which persons develop
within (and are inherently shaped by) relationships (personal
and institutional, past and present) that are an integral part of
one’s life. They expand on traditional bioethics principles by
locating ethical issues in the context of everyday relational
settings [31]. Phenomenography is concerned with relations
between a person and a specified aspect of the world as it
appears to them [29]. Phenomenographic analytic methods and
a relational ethics lens thus offer appropriate theoretical
grounding to explore the particular focus of our study on
everyday ethical issues experienced by participants in their
relationships with themselves and the PT while using a physical
activity wearable. Our approach rests on assumptions that reality
is socially and experientially constructed, and to understand
these realities, researchers need to explore the meanings
constructed by individuals or groups.
The RCT component of the original study took place between
November 2015 and June 2017 in Vancouver, Canada.
Participants attended a 1.5-hour session, where they received
(1) 15-minute group education about physical activity, (2) a
Fitbit Flex (Google LLC), and (3) individual counseling with
a study PT who was trained in motivational interviewing [35].
The individual counseling session followed the brief action
planning approach, whereby PTs guided participants to identify
activity goals, develop an action plan, and identify barriers and
solutions [36].
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Participants were asked to wear the Fitbit wristband 24 hours
a day except during water-based activities or when recharging
the battery. The physical activity data were wirelessly
synchronized with Fitbit’s online Dashboard that could be
viewed only by the participants and their study PT. During the
intervention period, the PT reviewed the participants’ physical
activity data on the Dashboard and reviewed their activity goals
during 4 biweekly phone calls. Participants could also contact
the PT via email in-between the scheduled calls. After the
8-week intervention concluded, all participants were invited to
take part in an interview about their experiences.

diseases, fibromyalgia, or gout; (2) used antirheumatic drugs
or gout medications; (3) had previously undergone knee
arthroplasty; (4) had suffered an acute knee injury in the past 6
months; (5) had a body mass index of 40kg/m2 or higher; (6)
had received a steroid injection or a hyaluronate injection in the
last 6 months; and (7) were using medications which impaired
physical activity tolerance (eg, beta-blockers), or had an
inappropriate level of risk for increasing their physical activity.
Participants were also excluded if they did not have access to
a computer in their home or did not have a personal email
address.

The research protocol was approved by the University of British
Columbia Behavioral Research Ethics Board (H14-01762) and
was published in clinicaltrials.gov (NCT02315664). Informed
consent to use interview data for the secondary analysis was
obtained from all participants at the time of the original study.

The original RCT had 61 participants, of which 56 completed
the in-depth interview after the intervention. As this study aimed
to examine the range of experiences among participants,
sampling was mostly theoretical to maximize variation across
demographic characteristics (eg, age, sex, and education). Our
analysis focused on a purposive subsample of 21 of these
interview participants (13 females and 8 males), ranging in age
from 40 to 82 years (Table 1; participants chose their
pseudonyms). Participants came from a variety of household
compositions, with education levels ranging from high school
graduate (4/21, 19%) to a bachelor’s degree or above (11/21,
52%), and annual household incomes ranging from under CAD
$12,000 (US $9,750; 1/21, 5%) to over CAD $100,000 (US
$81,240; 4/21, 19%).

Participants
Further details of the original RCT have been described
elsewhere [11]. Briefly, individuals were eligible if they were
adults living in Vancouver, Canada, with a physician-confirmed
diagnosis of knee OA or who passed two criteria for early OA:
(1) aged 50 years or older and (2) experienced knee pain during
the previous year lasting more than 28 separate or consecutive
days [37]. Individuals were excluded if they (1) had been
diagnosed with inflammatory arthritis, connective tissue
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Table 1. Participants’ sociodemographic characteristics.
Participant
pseudonym

Age at
consent

Sex

Education

Annual house- Marital status
hold income,

Living status

Other conditions

CADa
Martha

82

Female

Bachelor’s degree or $60,001higher
$80,000

Widowed

Alone

Circulation problems;
cancer

Lenny

68

Female

Trades certificate,
$40,001vocational school
$60,000
diploma, apprenticeship

Widowed

Alone

None reported

Anne

61

Female

Bachelor’s degree or $60,001higher
$80,000

Separated/divorced

Alone

Allergies; breathing
problems; osteoporosis;
osteopenia

Marco

64

Male

Bachelor’s degree or Over
higher
$100,000

Married/common law

Significant
other

Allergies

Don

63

Male

Bachelor’s degree or Prefer not to
higher
answer

Married/common law

Significant
other

High blood pressure;
allergies

Bruce

58

Male

Grade 11 to 13 (in-

Over
$100,000

Married/common law

Significant
other

High blood pressure

b

cluding GED )
Darius

64

Male

Nonuniversity certifi- $60,001cate below Bache$80,000
lor’s level

Married/common law

Significant
other

Allergies; kidney, bladder, or urinary problems

Minnekhada

58

Male

Grade 11 to 13

$60,001$80,000

Married/common law

Significant
other

None reported

Gavin

61

Male

Bachelor’s degree or Over
above
$100,000

Married/common law

Significant
other

None reported

Joe

71

Male

Bachelor’s degree or $24,001above
$40,000

Never married

Alone

None reported

Hazel

63

Female

Bachelor’s degree or $60,001above
$80,000

Separated/divorced

With relatives
or others

Digestive system problems; allergies; breathing problems; psoriasis;
mental health or emotional problems

Tony

77

Male

Trades certificate,
$12,001vocational school
$24,000
diploma, apprenticeship

Married/common law

Significant
other

Cancer

Yoda

40

Female

Bachelor’s degree or Prefer not to
above
answer

Married/common law

With children

None reported

Zed

56

Female

Nonuniversity certifi- Prefer not to
cate below Bacheanswer
lor’s level

Separated/Divorced

With children

Allergies; diabetes;
breathing problems

Denny

61

Female

Non-university cer- $80,001tificate below Bache- $100,000
lor’s level

Married/common law

With children

None reported

Logan Kale

41

Female

Grade 11 to 13

Married/common law

With children

Fibromyalgia

Olivia

69

Female

Bachelor’s degree or $12,001above
$24,000

Separated/divorced

Alone

Diabetes; cancer

Jane

53

Female

Grade 11 to 13

Separated/divorced

With relatives
or others

Cerebrovascular problems; headaches

Daenerys

57

Female

Bachelor’s degree or Over
above
$100,000

Married/common law

Alone

Digestive system problems; allergies; kidney,
bladder, or urinary
problems
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consent

Sex

Leese et al
Education

Annual house- Marital status
hold income,

Living status

Other conditions

CADa

a

Sansa

57

Female

Bachelor’s degree or $80,001above
$100,000

Married/common law

With children

None reported

Biker

61

Female

Non-university cer- $60,001tificate below Bache- $80,000
lor’s level

Married/common law

Significant
other

Skin problems

A currency exchange rate of CAD $1=US $0.80 is applicable.

b

GED: general education diploma.

Interviews
The first author (JL) conducted 13 of the 21 in-depth one-on-one
interviews, and the second author (GM) conducted the remaining
8 interviews. JL (cisgender woman) and GM (cisgender man)
were PhD Candidates with approximately 10 years of experience
each in qualitative interviewing. All interviews followed a
semistructured interview guide including the following
questions: Can you tell me about any physical activity you do?
Since taking part in this study, have you noticed any changes
in your physical activity? How easy or difficult has it been using
the Fitbit? What about your experience with the study PT?
Prompts and probes were also used as reminders during active
listening, and considerable attention was given to the interviewee
articulating their experience in their own words. Interviews
(lasting approximately 60-90 mins) were audio-recorded and
transcribed verbatim.

Data Analysis
Phenomenographic analytical methods were used to describe
the different (positive and negative) ways in which persons with
knee OA experienced the physical activity counseling
intervention and the various meanings they attributed to this
phenomenon in their world [29]. Although the roots of
phenomenographic research methods lie in learning studies, the
methods have been applied to a variety of other issues inside
and outside the field of education [38-41]. We use this analytic
approach for two reasons. First, the MONITOR-OA RCT
provided a complete data set of interview transcripts in which
participants’ experiences using a wearable in a physical activity
intervention was a prominent issue. Second, this study focused
on exploring differences among the collective experience that
persons with OA had when participating in the intervention.
Both reasons aligned with phenomenography, justifying it as
an appropriate approach for analysis.
We analyzed the data through a relational ethics lens, following
Heaton’s [42,43] definition of supra-analysis, which is one type
of secondary analysis involving examining pre-existing data
from a new theoretical perspective, thereby transcending the
aims and focus of the original research. We reused our
self-collected data to examine it from a new theoretical
perspective than the primary study, specifically a relational
ethics perspective. Relational ethics places the principles of
bioethics that are traditionally used to guide moral practice in
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health care (eg, autonomy, nonmaleficence, beneficence, and
justice) within the context of close-up relationships [30,34,44].
It assumes that all relationships are moral and attends to the
commitment to ethical action in one’s relationship to oneself
and the other in every situation or encounter on an ordinary
everyday basis [34,44]. Issues of relational autonomy, such as
engagement and partnership, have been previously identified
in perspectives of persons with arthritis on their use of wearable
devices to self-monitor physical activity [20]. Building on this
earlier research, our study focused on participants’ experiences
of the benefits or drawbacks of using a wearable, with a
particular interest in any impacts experienced in their
relationships with themselves and with the study PT. Therefore,
relational ethics is a suitable conceptual lens through which to
continue the exploration of ethical issues identified from the
perspectives of persons with arthritis.
Our analysis was informed by the 7 steps of phenomenographic
analysis as described by Sjöström and Dahlgren [41]:
familiarization, compilation, condensation, grouping,
comparison, naming the categories, and contrastive comparison
(Textbox 1). Data were reviewed carefully for themes that attend
to morality in everyday relationships, including (but not limited
to) self-control, engagement, and partnership [30,34,44]. Regular
meetings were held with the research team, some of whom had
experience in phenomenographic analysis, to enhance rigor and
check, test, and probe preliminary findings [45].
Informed by calls to critically consider the relevance of notions
of saturation within our study’s context, we did not consider
saturation to be meaningful to our research objective and
methodological orientation because we did not seek to saturate
theoretical categories, themes, or data [46-49]. Our sampling
and analysis ceased when the research team reached an
agreement that findings were sufficiently varied to describe a
range of participants’ experiences relevant to our research
objective. Based on the previous experience of
phenomenographers, 15 to 25 interviews are typically preferred
in a phenomenographical study [50]. While we acknowledge
that what is determined as an appropriate sample size for one
qualitative study is not necessarily an appropriate sample size
for another qualitative study [51], the combination of team
agreement regarding content and the number of interviews
compared to past phenomenographic studies supported our
decision.
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Textbox 1. Data analysis process.
Familiarization: Our analytic method began with JL reading and re-reading all of the transcripts. GM also read and re-read a varied sample of 4 of
these transcripts.
Compilation: Next, JL and GM independently identified excerpts of data in these 4 transcripts that were found to be of interest for the question being
investigated.
Condensation: JL and GM met regularly to discuss and narrow down a selection of data excerpts from the 4 transcripts that they identified as relevant.
Grouping: JL and GM sorted quotes within this selected data pool into piles based on similarity to create a preliminary set of categories of description.
At the end of this phase, the following preliminary categories were identified: feeling accountable, changing awareness/perceptions, increasing physical
activity, feeling better, having an objective measure, participant-physio relationship, reaching physical activity goals, relating to the Fitbit, emotional
impacts of using Fitbit, and making progress.
Comparison: Next, using QSR International NVivo software (version 12) to organize data, JL tested the preliminary categories against the remaining
transcripts. She sorted and re-sorted data extracts from the remaining transcripts. This process entailed refining or collapsing the preliminary categories.
Preliminary categories were also compared and differentiated from one another in terms of differences (making criterion attributes for each category
explicit). All team members met to discuss the categories as they were developed.
Naming: 3 final categories were defined to emphasize their essence were agreed upon through discussion with all team members.
Contrastive Comparison: Informed by a discussion with all team members, JL described the unique character of each final category as well as the
resemblances between them. She also checked the final categories against the original transcript data.

Results
Overview
Phenomenographic analysis provided a rich interpretation of
how persons with knee OA experienced benefits and drawbacks
in using a Fitbit during their participation in a physical activity
counseling intervention study. Our analysis revealed 3 main
categories: (1) making choices about physical activity with or
without a wearable, (2) emotional dimensions of adding
awareness about physical activity, and (3) reviewing wearable
data with the study PT: issues of accountability and trust. Key
quotes are presented in Textboxes 2-4 to illustrate each category,
and supplementary supporting quotes can be found in
Multimedia Appendix 1.

Making Choices About Physical Activity With or
Without a Wearable
Participants described how their Fitbit had influenced their
choices to increase their walking to reach their daily step goal
(Textbox 2, quotes 1-4). Some attributed human-like traits to
their Fitbit when describing its influence on their activity choices
(Textbox 2, quotes 1-3). For example, Hazel described her Fitbit
as “a little person on my wrist…a little friend” that was a
welcome source of friendly and gentle encouragement to meet
her step goals. For her, Fitbit was “happy when I do 10,000
steps…just like a friend supporting me…There’s a gentle
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persuasion.” Others expressed how they felt pressured by their
Fitbit to meet their activity goals. Martha, for example, felt
ambivalently toward her Fitbit’s influence in her decision to
walk more, reflecting that “it probably gives me some incentive
to walk a little further just to placate the Fitbit…it nags
you…I’m fine with that…it’s probably a good thing to have
something that makes you get up and go.” Denny felt “forced
to kind of do some more activities” by her Fitbit in the evenings
when she felt too tired. Sansa indicated she felt a sense of
responsibility to meet her activity goals and viewed the Fitbit
as “there to keep me accountable.”
Some participants described certain days they did not engage
with their Fitbit; for example, on days they were experiencing
“too much pain” or on “some days I don’t care” to be more
active. Zed found that Fitbit’s influence did “start me going”
to meet step goals “in the beginning” of the study, and its
influence “wanes over time” once his increase in walking
became part of his habitual routine. Others explained that
wearing their Fitbit did not add any value as they were making
choices to meet their activity goals regardless (Textbox 2, quote
5). As a busy mother, Yoda found that Fitbit was generally
irrelevant as meeting her activity goals was not her main priority
(something for which she suggested “shows perhaps an inherent
bad attitude”). She recounted, “I wasn’t invested that I absolutely
had to do, come hell or high water, these steps so I’d be like
yeah, I just didn’t walk very much today.”
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Textbox 2. Supporting quotes for “Making choices about physical activity with or without a wearable.”
1_Hazel: the Fitbit…It’s like a little person on my wrist…it’s a little friend…and I tap into it and go, “I’m almost to my 10,000 but I could do a bit
more”…throughout my day I can refer to it and I think it’s on my side. It’s happy when I do 10,000 steps…just like a friend supporting me, encouraging
me…whether I achieve it or not it’s still there with me…Whether I do it or not, it’s up to me. There’s a gentle persuasion…a Fitbit helps me feel less
alone…it’s huge for me because you know most of my life I’ve not had a lot of support and so support is huge, just huge.
2_Sansa: when I go on there and I see that I haven't reached my six or whatever, I'll in the evening go for you know a five-minute walk or a 10-minute
walk or you know try to do that after dinner. So it does give me a little bit more kind of accountability or kind of check where I'm at. I think it's kind
of like I have a partner in crime, it's just kind of there to keep me accountable.
3_Martha: It probably gives me some incentive to walk a little further just to placate the Fitbit…I forget to check but I think it does give you an
incentive to get out and do something because it’s there and it nags you…I’m fine with that…it’s probably a good thing to have something that makes
you get up and go.
4_Denny: I finally get home say around seven in the evening…just kind of want to eat and then just do nothing…I know you’re supposed to move
[laughs]…But sometimes I’m just too tired and in the evenings, I’m forced to kind of do some more activities…having the Fitbit it does make me feel
I need to move more…I have definitely gone for more walks.
5_Joe: I max out in my activities, so I don’t need this monitoring as a way of positive feedback or gratification to give me incentive. I personally don’t
need that…I’m actually walking and all of that. If somebody says, “Oh you should dance more in the evening,” I say, “Well no I can’t dance anymore.”
I can only go so far then I drop dead right? So I’m maxed out. I can’t add much more here…So when this six months is over, I’ll take the Fitbit and
throw it away because it has no relevance to my life…I know what I’m doing and I don’t care what this little machine tells me.

Emotional Dimensions of Adding Awareness About
Physical Activity
Some participants highlighted there was an emotional dimension
to the heightened awareness of their physical activity levels
they experienced through using the wearable (Textbox 3, quotes
1-3). Some described how this added awareness about their
activity levels prompted feelings of accomplishment and
gratification, which fueled their motivation. For example,
Daenerys recalled, “It lets me feel as though I’m accomplishing
something every day…I feel pretty happy…and then it’s kind
of fun to see how much more I can do.” Olivia also felt “instant
gratification” as she could see improvement in Fitbit’s feedback
on her step goals.

While Logan Kale felt “happiness, accomplishment” when she
reached her activity goal most days, she also found that on days
when she was “in too much pain” to reach her step goal, she
would “try not to beat myself up over it” and “kind of get stuck
on that hamster wheel of negative thoughts and have to zip it.”
Biker commented that she did not “feel bad” when Fitbit data
showed she had not met their step goal because “I like to
exercise and so being active is not an issue for me…actually I
kind of find it a kind of cozy feeling thinking ‘I haven’t
completed everything. There’s still more to do.’” She expected,
however, that others who were less active than her “might feel
sad” if they did not meet a physical activity goal.

Textbox 3. Supporting quotes for “Emotional dimensions of adding awareness about physical activity.”
1_Daenerys: I will always keep the Fitbit and always have one I think because it lets me feel as though I’m accomplishing something every day, like
I have it set to a pretty low number of steps every day. It’s set to 3000 but when I look at my results I can be over 3000. When it goes off during the
day, I feel pretty happy about, “Okay, I’ve accomplished that much today,” and then it’s kind of fun to see how much more I can do.
2_Logan Kale: when I would be close to my steps, if I would see…you just tap it [the Fitbit] and then you’ll know if you’re close or not and I would
just make that extra effort to meet that mark. Like instead of driving to work, I would walk to work. On most days it was easy…just seeing that number
of how you’re so close. “Got to get over that hump.” Once a goal you’ve set and, you know, when you reach that goal, you feel good about it. It’s just
happiness, accomplishment. The other days I’m just in too much pain. I’m like, “I’m not walking home.” I want to be that person going on those hikes.
I don’t want to be that person just sitting there. You want to always try to do better the next week but then if it doesn’t happen, I try not to beat myself
up over it anymore because, you know, the next day could be better. I’m like, “Okay well you didn’t do well this week. What’s the problem? You
shouldn’t be doing that. You shouldn’t be doing this. You should be doing that,” and I just kind of get stuck on that hamster wheel of negative thoughts
and have to zip it.
3_Biker: [responding to you mentioned that there were some goals that you didn’t meet…] I don’t feel bad at all. [Laughs] I just kind of go, “Oh that’s
life” because I know that I’m keeping really active so yeah it’s not a problem to me. I guess if I thought, “Gee I’m not very active and I’m not meeting
any of my goals” then I might feel sad about it but because I know that I like to exercise and so being active is not an issue for me. So the goals I set
are kind of like…in a perfect world this is what I would like to do but the world isn’t perfect and it’s okay. You know, I’m working, I’m certainly
getting tons of weekly exercise in and so if I don’t meet some aspect of it, it’ll be okay. You know also I guess I can also look at it and kind of go, “If
I really, really wanted to do Yoga, I could put a DVD on and do some at home” but again, I like the Yoga for the social aspect so that’s not much of
an incentive to do it on my own in my living room…actually I kind of find it a kind of cozy feeling thinking, “I haven’t completed everything. There’s
still more to do.” So I’m not taking it kind of like I’m a failure, I’m taking it more as, “Oh there’s still more to do and you can keep on growing, keep
on improving” so.

Reviewing Wearable Data With the Study PT: Issues
of Accountability and Trust
Participants described how their choices to be physically active
had been influenced because the study PT had access to review
https://mhealth.jmir.org/2021/11/e30332
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wearable data on their physical activity (Textbox 4, quotes 1-2).
For example, Denny described how she had “tried a little bit
harder [laughs] maybe for a few weeks” to reach her activity
goals because she knew the study PT had access to her wearable
data and found this to be “very, very encouraging.” Darius also
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indicated that he felt a sense of accountability to meet the
physical activity goals he had agreed with the study PT, as he
recalled “a little bit of pressure…I need to watch to keep my
promise.”
For one participant, accountability issues intertwined with trust
issues in his relationship with the study PT when reviewing his
wearable data together (Textbox 4, quotes 3-4). Recounting
how his wearable data had not always accurately tracked his
step count because it sometimes had “slipped into sleep mode,”
Gavin described a phone call he had with the study PT in which

Leese et al
he explained that his subjective account of his physical activity
should be trusted as more credible than his wearable data, and
he should not be held accountable, because “it wasn’t my fault
I didn’t make my 10,000.” When he felt his Fitbit had tracked
his step count more accurately, Gavin described this data as
“some form of proof” that could be shared with the study PT
“for her to gauge” his activity. He also commented that “if
[Fitbit data] wasn’t there… then ‘oh yeah I climbed Mt. Everest
this weekend’…I could’ve been making up anything about that,”
emphasizing that, when accurate, Fitbit data may give a more
reliable account of his physical activity than himself.

Textbox 4. Supporting quotes for “Reviewing wearable data with the study PT: Issues of accountability and trust.”
1_Denny:…you have a knowledgeable person telling you, you’re doing the right thing type thing…I tried a little bit harder [laughs] maybe for a few
weeks…because you actually have another person kind of monitoring you and you also…you want to try…it was very, very encouraging…I think
it’s really good for her to be able to see and for me to know that somebody is monitoring me. I think maybe that makes me [laughs] take a few more
steps maybe.
2_Darius: It’s just a little bit of pressure of keeping the, the steps they...Because I, I need to watch to keep my promise, you know, as far as I can…she
[the physiotherapist] called me like every two weeks. I think her purpose is to motivate me for keeping my, my promise to keep activities.
3_Gavin: I do have a grump with the Fitbit over the times where it’s gone into sleep mode so many times…Before I know it I’ve lost 3000 steps…you
go like, “I get a lot more steps today than that’s showing me. I know it’s slipped into the sleep mode activity and it’s not”…I figured I should have
my entire European boot badge by now so it’s not fair…I knew I was getting a phone call from the physio and I said, “Oh yeah but it wasn’t my fault
I didn’t make my 10,000. This stupid band didn’t log on properly.” Oh she said, “Oh yeah, it happens.”
4_Gavin: I think [Fitbit data] at least gave a better conversational point in terms of seeing how you were doing, a reference check for the physio when
we’re checking in. If it wasn’t there it would really…there would be nothing for her to gauge because then, “What did you do?” “Oh yeah I climbed
Mt. Everest this weekend and am feeling really good. Kilimanjaro is tomorrow. Not bad.”… we would’ve been talking in a fairy land because I
could’ve been making up anything about that…”

Discussion
Principal Findings
Our findings provide novel insight into different ways in which
persons with knee OA experienced their use of a wearable
positively or negatively during their research participation.
Firstly, the contradictions in the data were fascinating.
Participants experienced their wearable positively as a
motivating influence and more negatively as a nagging reminder
to be more active. From a relational ethics perspective, these
findings shed light on how participants’ experience of their
wearable impacts their autonomy positively or negatively.
Autonomy is a central notion in modern health care ethics that
is understood as the capacity to direct one’s own choices freely
and intentionally [31]. A relational approach builds on this
traditional understanding of autonomy by focusing attention on
relationships and interdependencies that may support or impair
a person’s capacity for autonomy [52,53]. The relational
autonomy perspective highlighted that many participants
experienced the relationship with their wearable as a support to
their autonomy. The device helped them take more control in
making choices to be more active. However, some participants
who described their capacity to make autonomous choices about
their physical activity as impaired (eg, due to tiredness)
experienced tension and ambivalence in the relationship with
their wearable, as they described feeling pressured or forced to
be more active at times when they did not entirely wish to move.
These findings align well with previous research suggesting
that using a wearable may be experienced as
autonomy-enhancing or autonomy-undermining by persons
https://mhealth.jmir.org/2021/11/e30332
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with arthritis, regardless of whether they used the wearable to
support physical activity during research participation or as part
of their everyday self-management [20]. Leese et al [23] have
reported some persons with arthritis experienced their wearable
as a motivating or autonomy-enhancing support in their
everyday self-management when used as a “nice reinforcement”
to an already physically active lifestyle.
Findings in our study also indicated positive and negative
experiences of participants using a wearable, depending on how
freely they were able to direct their own choices to be active
given their specific situation or set of circumstances. They
resonate with a relational ethics approach that recognizes
exercising autonomy requires relevant capabilities, which are
dynamically shaped by a person’s situation or set of
circumstances [54]. They also resonate with calls from some
health professionals for academic literature to facilitate the
positive development of self-tracking technology in
self-management by reflecting on context-relativity (rather than
focusing on “ideal” situations) [55]. We posit that further
research is thus warranted to build a greater understanding of
the everyday contexts in which the use of a wearable may be
experienced as autonomy-enhancing or autonomy-undermining
by persons self-managing chronic illness.
At this early stage of the potential integration of wearables into
arthritis self-management, our findings can contribute to ongoing
conversations in clinical practice. They suggest health
professionals may wish to carefully consider a person’s
capability to make autonomous choices about their physical
activity if using a wearable in their everyday self-management.
They, therefore, align well with research suggesting how health
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professionals may tailor their support for arthritis
self-management in ways that take a person’s capacities to
engage in physical activity within a 24-hour day context into
account [56,57]. Further research could guide forms of support
that health professionals may offer to persons with arthritis
using a wearable who struggle to freely direct their own choices
about physical activity in their everyday self-management.
Without this support, using a wearable in everyday
self-management may be experienced as a nagging or
autonomy-undermining influence by some persons with arthritis,
adding to a struggle to feel in control of their choices to be more
active. Evidence exists to indicate that feeling this sense of
control in self-management is at least one of the mechanisms
responsible for improvements in health behaviors and health
status [58-60].
Secondly, our findings build on previous research indicating
that persons with arthritis experienced an enhanced awareness
of their activity levels when using wearable technology [25,61].
The insights emphasized how a heightened awareness impacted
participants’ emotions positively and negatively. Some
participants experienced feelings of accomplishment when their
wearable data illustrated that they had reached their physical
activity goal, which often fueled their motivation to do more.
One participant, however, experienced negative thoughts on
days that his wearable data indicated he had not reached his
physical activity goal. Mercer et al [25] also found that persons
with chronic illness (including arthritis) experienced negative
feelings in using a wearable during a 15-day research period as
they were concerned they were not sufficiently active. From a
relational ethics perspective, these experiences speak to a theme
of embodiment, emphasizing the importance of complex
emotions or feelings in a commitment to ethical action in one’s
relationship with oneself and others [34,62]. It remains unknown
how others with arthritis may be emotionally impacted if using
a wearable in a “real-world” context, outside of research
participation. Our findings, therefore, raise questions about how
the use of a wearable device within a counseling program may
impact the emotional wellbeing of individuals, particularly as
they evaluate their capacity and progress in managing their
health.
Thirdly, findings indicate how participants experienced issues
of accountability and trust differently when reviewing their
wearable data with the study PT. Some participants were
motivated by a sense of accountability to “keep my promise”
to meet the activity goal agreed with the study PT. For some of
these participants, wearable data served as “some form of proof”
that the study PT could trust to “gauge” whether they had met
this goal. One participant, however, expressed how his wearable
data was not to be trusted at times and recalled reaching a
mutually satisfactory interpretation of this data as inaccurate
with the study PT. These different experiences illustrate how
sharing wearable data helped build mutual trust and engagement
between participants and the study PT. At the same time, this
finding also indicates how sharing wearable data threatened to
undermine mutual trust and engagement within this relationship.
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The fundamental role of building trust in interpersonal
relationships in health care has been emphasized elsewhere
through a relational ethics lens [62-64]. A relational ethics lens
can also be explored here through the relational theme of
engagement. Genuine engagement is understood by Bergum
[34] to be “located in the shared moment when people have
found a way to look at something together, freely accepting or
declining the interpretation that each other offers, until they
reach a meaning they both affirm.” Our findings support the
general opinion previously expressed by persons with OA that
sharing their wearable data may enhance their communication
with health professionals in everyday self-management under
specific conditions (eg, if there was a good rapport already
established in the relationship or if a health professional would
welcome the wearable data being shared) [20]. They also raise
questions about the sense of accountability experienced when
sharing wearable data with a health professional, in terms of
how far this may be a burden to persons with arthritis in their
everyday self-management [65,66]. Further research is therefore
needed to gain a better understanding of the relational conditions
in which persons with arthritis may experience issues of
accountability, trust, and engagement positively or negatively
when sharing wearable data with their health professionals in
everyday self-management.

Limitations
There were limitations to this study. As a secondary analysis,
the data were not created with the relational ethics lens in mind,
and therefore potentially important experiences might not be
fully elicited in the interviews. Nonetheless, transcripts were
purposively selected to offer sufficient variation in participants’
experiences relevant to our objective. A phenomenographic
approach also allowed us to identify overarching meanings that
crossed transcripts and were implicitly presented by the
collective group. To better examine the transferability of
findings, further research is needed to explore the experiences
of a more diverse sample using a wearable in the context of
their everyday self-management of arthritis outside of research
participation. It may be that persons of diverse genders or
cultural backgrounds, for example, encounter different
experiences. Our subsample, however, is varied and represents
a typical OA group in terms of age and sex.

Conclusions
Our findings provide insight into different ways in which
persons with OA experienced their use of a wearable during
participation in a physical activity counseling intervention study
positively or negatively. Drawing on a relational ethics lens,
we identified how issues of relational autonomy, embodiment,
accountability, trust, and genuine engagement were present in
these experiences. These issues have implications for learning
how to develop and implement wearable-enabled physical
activity programs to support arthritis self-management in ways
that seriously factor in ethical considerations. We present these
salient ethical issues for further discussion and to guide future
empirical investigation of the use of wearables in arthritis
self-management.
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Abstract
Background: Behavioral eHealth and mobile health interventions have been moderately successful in increasing physical
activity, although opportunities for further improvement remain to be discussed. Chatbots equipped with natural language
processing can interact and engage with users and help continuously monitor physical activity by using data from wearable sensors
and smartphones. However, a limited number of studies have evaluated the effectiveness of chatbot interventions on physical
activity.
Objective: This study aims to investigate the feasibility, usability, and effectiveness of a machine learning–based physical
activity chatbot.
Methods: A quasi-experimental design without a control group was conducted with outcomes evaluated at baseline and 6 weeks.
Participants wore a Fitbit Flex 1 (Fitbit LLC) and connected to the chatbot via the Messenger app. The chatbot provided daily
updates on the physical activity level for self-monitoring, sent out daily motivational messages in relation to goal achievement,
and automatically adjusted the daily goals based on physical activity levels in the last 7 days. When requested by the participants,
the chatbot also provided sources of information on the benefits of physical activity, sent general motivational messages, and
checked participants’ activity history (ie, the step counts/min that were achieved on any day). Information about usability and
acceptability was self-reported. The main outcomes were daily step counts recorded by the Fitbit and self-reported physical
activity.
Results: Among 116 participants, 95 (81.9%) were female, 85 (73.3%) were in a relationship, 101 (87.1%) were White, and
82 (70.7%) were full-time workers. Their average age was 49.1 (SD 9.3) years with an average BMI of 32.5 (SD 8.0) kg/m2.
Most experienced technical issues were due to an unexpected change in Facebook policy (93/113, 82.3%). Most of the participants
scored the usability of the chatbot (101/113, 89.4%) and the Fitbit (99/113, 87.6%) as at least “OK.” About one-third (40/113,
35.4%) would continue to use the chatbot in the future, and 53.1% (60/113) agreed that the chatbot helped them become more
active. On average, 6.7 (SD 7.0) messages/week were sent to the chatbot and 5.1 (SD 7.4) min/day were spent using the chatbot.
At follow-up, participants recorded more steps (increase of 627, 95% CI 219-1035 steps/day) and total physical activity (increase
of 154.2 min/week; 3.58 times higher at follow-up; 95% CI 2.28-5.63). Participants were also more likely to meet the physical
activity guidelines (odds ratio 6.37, 95% CI 3.31-12.27) at follow-up.
Conclusions: The machine learning–based physical activity chatbot was able to significantly increase participants’ physical
activity and was moderately accepted by the participants. However, the Facebook policy change undermined the chatbot functionality
and indicated the need to use independent platforms for chatbot deployment to ensure successful delivery of this type of
intervention.
(JMIR Mhealth Uhealth 2021;9(11):e28577) doi:10.2196/28577
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Introduction
Background
It has been established that physical activity reduces the risk of
mortality and many health conditions such as cardiovascular
diseases, type 2 diabetes, and cancer [1]. However, less than
half of Australian adults meet the physical activity guidelines
of at least 150 minutes of vigorous-moderate-intensity physical
activity per week [2]. It was estimated that physical inactivity
accounted for 53.8 billion in health care costs and an additional
13.7 billion in productivity losses worldwide in 2013 [3].
Therefore, interventions to increase physical activity are needed
[4]. To date, many of these interventions have been delivered
face-to-face and are expensive [5]. Therefore, there is a need
for low-cost interventions targeting large populations.
With the advancement of mobile technology, people can access
the internet almost everywhere and at any time. It is estimated
in 2019 that 4.48 billion people are active internet users, 4.07
billion are unique mobile internet users, and 3.66 billion are
active mobile social media users [6]. This indicates that mobile
health (mHealth) has the potential to offer a great platform for
behavior change interventions that can reach a large number of
people at a low cost. In the last decade, many eHealth and
mHealth interventions targeting physical activity have been
examined [7-10], many of which use email, SMS, and websites
as delivery tools. Overall, these interventions have been able
to produce moderate effect sizes in increasing physical activity
[7-10]. As such, there is still room to further increase the
effectiveness of behavioral eHealth and mHealth interventions.
One often cited problem in this area is the low levels of
engagement and interaction with eHealth and mHealth
interventions [11]. As there is evidence that the more
participants use the interventions, the more effective the
interventions tend to be [5,12], an important aim is to design
eHealth and mHealth interventions that will lead to higher levels
of engagement.
The use of chatbots is a potential innovative avenue for
achieving higher levels of engagement. A chatbot or
conversational agent is a computer program that can interact
with users [13]. Equipped with natural language processing
capability, a modern chatbot can effectively engage in
conversations with users [14]. Chatbots can help save human
resources while providing instant responses to requests. In
particular, chatbots can also help users monitor participants’
progress by continuously evaluating physical activity data from
wearable sensors and smartphones. Applying machine learning
algorithms can also enable chatbots to provide personalized
activity recommendations to a specific user. Chatbots can be
embedded into different platforms, such as websites, apps,
messaging programs or other social media to reach large
numbers of people easily and conveniently. As such, chatbots
have been adopted across many industries, such as finance,
e-commerce, and health care [14-16].
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Recent reviews indicate that health behavior change
interventions using chatbots have mostly focused on mental
health [17,18]. Among the few studies that used chatbots to
promote physical activity and healthy diet [19], only 2 evaluated
increases in physical activity [20,21]. However, the study
conducted in Switzerland was designed to test differences in
daily step goals among 3 groups (cash incentives vs charity
incentives vs no incentives) rather than the effectiveness of the
chatbot [21]. Only one study in Australia evaluated the
effectiveness of a chatbot in improving diet and physical activity
[20]. Although this study focused more on diet than physical
activity, it did show a large increase in physical activity
(approximately 110 moderate-to-vigorous physical activity
min/week). However, the chatbot evaluated in this study did
not provide automatic daily updates that remind the participants
about their physical activity goals and did not automatically
adjust participants’ goals based on their current physical activity
level.

Objectives
Given the lack of studies on the effectiveness of physical activity
chatbots, the aim of this study is to investigate the feasibility,
usability, and effectiveness of an interactive machine
learning–based physical activity chatbot that uses natural
language processing and adaptive goal setting.

Methods
Study Design and Participants
A quasi-experimental design without a control group was
conducted with outcomes evaluated at 2 time points—baseline
and 6 weeks after participants started to use the chatbot.
Prospective participants were recruited from a list of people
who had previously used the 10,000 Steps program [22]. To be
eligible, potential participants had to be inactive (<20 min/day
of moderate-to-vigorous physical activity), live in Australia,
have internet access and a smartphone, aged at least 18 years,
self-reported motivation to improve physical activity (targeting
those in need of support to become more active), not already
participating in another physical activity program, not already
owning and used a physical activity tracking device (eg,
pedometer, Fitbit [Fitbit LLC], and Garmin) within the last 12
months, and able to safely increase their activity levels. Those
who were interested in the study and clicked on the link attached
to the invitation emails were directed to a web-based survey.
Prospective participants were provided with a participant
information sheet and contact details of the research team and
then asked to answer a series of screening questions to assess
eligibility. If eligible, they completed a web-based consent form
and baseline survey questions. After 6 weeks, the participants
were asked to complete a follow-up web-based survey to assess
changes over time.
Owing to an unexpected Facebook policy change (we used the
Messenger app to host the chatbot, which is owned by Facebook)
that blocked the chatbot from sending out new messages to
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e28577 | p.308
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participants who did not respond to the previous message within
24 hours, we were forced to stop the study at that point. As the
recruitment was rolling, 48 participants had already completed
the study when the Facebook policy change was implemented.
For those who were still engaged in the study at that time, a
follow-up survey was sent to them immediately at the time of
implementation of this policy, resulting in a shorter intervention
period.
Invitation emails were sent to 13,670 email addresses registered
in the 10,000 Steps program database between September and
November 2020 (Figure 1). A total of 2.14% (292/13, 670) of
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people completed the eligibility survey during the recruitment
period, with 58.9% (172/292) people deemed eligible. Eligible
people were contacted by phone for verification. This resulted
in 9 people being excluded from the study because they did not
meet the eligibility criteria upon verification, were no longer
interested, or had an illness or injury that prevented them from
taking part. When recruitment closed, 12 people were placed
on a waitlist. Another 16 people were excluded because they
were unable to be recontacted or to connect to the chatbot, and
15 withdrew because of an illness or personal issues. As a result,
120 participants were enrolled at baseline. However, only 116
completed the follow-up surveys.

Figure 1. Participant flowchart.

This study was approved by the Human Research Ethics
Committee of the Central Queensland University (application
#0000022181). This study was retrospectively registered on the
Australian New Zealand Clinical Trials Registry
(ACTRN12621000345886).

Procedures
Participants who agreed to participate, provided written consent,
and completed the baseline survey were mailed a package
including a Fitbit Flex 1 activity tracker (with instructions on
how to use it), a participant information sheet, and instructions
on how to download the Fitbit app on their smartphone and how
to create a Fitbit account. Follow-up phone calls were conducted
to ensure that participants received the package and were able
to install the Fitbit app and use the Fitbit device.
Participants wore their Fitbit for 7 days to collect their baseline
physical activity data before connecting to the chatbot. To
connect to the chatbot, participants were instructed to download
and open the Messenger app on their smartphones and complete
the secure verification process (only study participants were
https://mhealth.jmir.org/2021/11/e28577
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able to connect with the chatbot). Once verified, the participants
started to receive daily messages and were able to interact with
the chatbot. Participants were asked to engage with the chatbot
(intervention) for a period of 6 weeks.
Follow-up surveys were sent to the participants via email. Four
reminders (a combination of text messages, email, and phone
calls), each of which was 3 days apart, were sent to ask
participants to complete the follow-up survey. A research
assistant was available during the intervention period to assist
participants with any technical issues that the participants may
encounter.

Intervention
The chatbot, named Ida, was created and technically managed
by an Australian company called SmartAI. However, the natural
language processing capability was powered by Dialogflow
(Google Inc), an advanced Google machine learning platform
for creating conversational artificial intelligence applications.
The Facebook Messenger app was selected for the deployment
of the chatbot because of its popularity. The Fitbit Flex 1 device
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e28577 | p.309
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was used to measure the participants’ daily physical activity.
Fitbit activity data were synced from the Fitbit platform to the
chatbot platform and used by the chatbot to monitor the
participants’ progress over time.
The intervention was designed using the COM-B model. The
COM-B model forms the core of the Behavior Change Wheel,
a behavioral system focusing on 3 components: capability,
opportunity, and motivation [23]. As explained below, the
messages delivered by the chatbot aimed to increase
participants’ motivation (ie, motivational messages), capability
(ie, through ongoing adaptive feedback on goal achievement),
and opportunity (ie, educational content and activity reminders
throughout the day helped participants become more aware of
physical activity opportunities). The chatbot supported
participants through 2 groups of actions: proactive and reactive.
Proactive actions include the following: (1) Providing an update
on participants’ physical activity level achieved the previous
day and informing them of the goal they needed to achieve on
the current day. This message was sent early in the morning at
the time selected by each participant. (2) Sending out 1 or 2
additional messages later in the day to encourage participants
trying to achieve their daily goal or indicate they were doing
great and had already achieved the goal when the message was
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sent. The number of messages and times was selected by each
participant. (3) Automatically adjusting the daily activity goals
based on the average physical activity level achieved during the
7 previous days. The type of goal (step counts or minutes) and
the amount per day (eg, 8000 steps/day or 35 min/day) that the
participant wanted to achieve by the end of the study was also
chosen by each participant. The goal was automatically adjusted
to increase by 500 steps/day or 5 minutes of moderate-vigorous
physical activity/day if the participant, on average, met their
current goal over the last 7 days [24,25]. If not, the same goal
was used. We used a combination of moderate and vigorous
physical activity assessed by Fitbit to calculate the physical
activity min/week. The information needed to personalize the
chatbot was collected during the verification phone calls and
added to the participants’ profile page on the chatbot platform,
which was only accessible to the research team.
Reactive actions, which occurred when the participants sent a
request for information to the chatbot, include (1) providing
sources of information on the benefits of physical activity, (2)
sending general motivational messages to encourage participants
to become more active, and (3) checking participants’ activity
history (ie, the step counts or minutes that were achieved on
any day) as requested. Examples of these messages are shown
in Figure 2.

Figure 2. Message examples: (A) introduction, (B) request on step counts, (C) message upon reaching the goal, (D) message encouraging the participant
to try reaching the goal.
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Measures
Demographic characteristics were self-reported at baseline.
Age, height, weight, years of schooling, and average daily work
time (hours) were used as continuous variables; categorical
variables included gender (male or female), marital status (not
in a relationship or in a relationship), ethnicity (White or other),
living area (major city, regional, or remote area), work status
(full-time or other), and annual household income (≥Aus
$130,000 [US $94,900], Aus $78,000 to <Aus $130,000 [US
$56,940- $94900], or <Aus $78,000 [US $56,940]). Weight
was also self-reported at follow-up. BMI was calculated as
weight (kg)/height (m2) and was analyzed as a secondary
outcome.
Physical activity was objectively measured using the Fitbit Flex
1. Although this device records both step counts and physical
activity minutes, only step counts were used in the analysis.
This is because the Fitbit only recorded the minutes if a user
was active for at least 10 minutes, whereas all steps were
counted regardless of whether they occurred during bouts of
activity (10 minutes) or not.
Self-reported physical activity was assessed at baseline (before
receiving a Fitbit) and follow-up using the Active Australia
Survey [26]. These questions asked about minutes participants
spent on walking, moderate and vigorous physical activity per
day, and the number of days they spent engaging in these
activities in the last week. The total amount of time spent
engaging in walking and moderate and vigorous physical activity
in a week was calculated by adding the above times (with
vigorous physical activity time doubled as per scoring
instructions) [26]. Participants who spent at least 150 minutes
of moderate-to-vigorous physical activity per week were
categorized as meeting the Australian physical activity
guidelines.
Usability and acceptability were assessed at follow-up using
the System Usability Scale (SUS) [27] and other self-reported
questions. The SUS includes 10 questions with 5 response
options from strongly agree to strongly disagree. As
recommended, the original scores for each question were
converted to new scores, summed, and multiplied by 2.5, to
generate an SUS score between 0 and 100 [27]. We used the
cutoffs suggested by Bangor et al [28] to classify the SUS scores
into 4 groups: excellent (85.58-100), good (72.75-85.57), OK
(52.01-72.74), and poor (0-52.00). Other self-reported questions
asked about the usefulness of the chatbot, willingness to use
the chatbot in the future and recommend it to others, whether
a participant experienced any technical issues, Fitbit wear time,
and frequency of using the Fitbit app.

Power and Data Analysis
Posthoc power calculation was conducted for Fitbit step counts
using the following parameters: difference in means, SDs, and
correlation between step counts at 2 time points. The posthoc
power for this study was 81.3%.
Fitbit data were cleaned and processed using the Python v3.7
(Python Software Foundation). As step counts of <1000 indicate
that the Fitbit was not worn all day [29,30], these counts were
removed. A 7-day moving average for the daily mean steps was
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generated and used to show changes in steps over the study
period. Average step counts were also calculated for weeks with
at least 4 days of valid data; however, only data in the first week
as baseline data (before the date that participants connected to
the chatbot) and the last week of participation as follow-up data
were used in the outcome analysis. As participation duration
was different among the participants, doing this allowed the
analysis to be performed for all participants together.
SAS v9.4 (SAS Institute) was used for the analysis. Baseline
characteristics were compared among those participating <4
weeks, 4 to <6 weeks, and ≥6 weeks using Fisher exact tests
for categorical variables and Welch analysis of variance for
continuous variables, except for daily work time and total
physical activity minutes, which were tested using
Kruskal–Wallis tests. As a robustness check, the analysis was
performed separately for 2 samples, a full sample and a
subsample (excluding those using the chatbot <4 weeks). This
ensures that the results reflect the effectiveness of the
intervention for those with sufficient exposure to the chatbot.
Generalized linear mixed models were used to identify changes
in the outcomes. Normal distribution and identity link were
used for BMI and Fitbit step counts. As total physical activity
minutes were highly skewed, PROC TRANSREG was used to
conduct the Box-Cox transformation analysis, and as a result,
a fourth root transformation was applied. Generalized linear
mixed models with normal distribution and log link were used
for the transformed total physical activity minutes. Estimates
were converted back into ratios for interpretative purposes.
Empirical estimators were used to obtain the robust SEs. Binary
distribution and logit link were used to determine the outcome
of meeting physical activity guidelines. For each outcome, 2
models were run to generate crude estimates and estimates
adjusted for sample characteristics including age, gender, marital
status, years of schooling, ethnicity, household income, living
area, work status, and daily work time. Differences in BMI, step
counts, and total physical activity minutes between the follow-up
and baseline were reported with a 95% CI. Odds ratios (ORs)
and 95% CIs were reported for meeting the physical activity
guidelines. All P values were 2-sided and considered significant
if <.05.

Results
Baseline Characteristics
Table 1 presents the baseline characteristics of the sample. Most
of the participants were female (95/116, 81.9%), in a relationship
(85/116, 73.3%), White (101/116, 87.1%), and full-time workers
(82/116, 70.7%). The participants had an average age of 49.1
(SD 9.3) years, with an average BMI of 32.5 (SD 8.0) kg/m2,
and 81.9% (95/116) of the participants were either overweight
or obese. The average step count was <6000 (SD 2391)
steps/day. Only 13.8% (16/116) of the participants met the
physical activity guideline. There were no significant differences
in these characteristics among those with different participation
durations (P>.05). Among the 116 participants, 17 participated
in <4 weeks, 51 between 4 and <6 weeks, and 48 at least 6
weeks.
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Table 1. Characteristics at baseline by participation duration (N=116).
All (N=116)

<4 weeks
(n=17)

4-<6 weeks
(n=51)

At least 6
weeks (n=48)

Gender, n (%)

.49

Male

21 (18.1)

2 (11.8)

12 (23.5)

7 (14.6)

Female

95 (81.9)

15 (88.2)

39 (76.5)

41 (85.4)

Marital status, n (%)

.17

Not in a relationship

31 (26.7)

7 (41.2)

15 (29.4)

9 (18.8)

In a relationship

85 (73.3)

10 (58.8)

36 (70.6)

39 (81.3)

Ethnicity, n (%)

.27

White

101 (87.1)

13 (76.5)

44 (86.3)

44 (91.7)

Others

15 (12.9)

4 (23.5)

7 (13.7)

4 (8.3)

Living areas, n (%)

.72

Major city

56 (48.3)

9 (52.9)

26 (51)

21 (43.8)

Regional or remote areas

60 (51.7)

8 (47.1)

25 (49)

27 (56.3)

Work status, n (%)

.53

Full-time

82 (70.7)

14 (82.4)

34 (66.7)

34 (70.8)

Others

34 (29.3)

3 (17.7)

17 (33.3)

14 (29.2)

Annual household income in Aus $ (US $), n (%)

.85

≥130,000 (≥94,900)

35 (30.2)

6 (35.3)

14 (27.5)

15 (31.3)

78,000 to <130,000 (56,940-94,900)

39 (33.6)

5 (29.4)

20 (39.2)

14 (29.2)

<78,000 (<56,940)

42 (36.2)

6 (35.3)

17 (33.3)

19 (39.6)

Average age (years), mean (SD)

49.1 (9.3)

48.9 (11.0)

50.3 (9.0)

48.1 (9.0)

.48

Average height (cm), mean (SD)

167.4 (8.9)

163.7 (11.6)

169.4 (9.2)

166.7 (7.0)

.11

Average weight (kg), mean (SD)

91.3 (24.7)

94.3 (18.1)

91.3 (27.8)

90.3 (23.5)

.77

Average BMI (kg/m ), mean (SD)

32.5 (8.0)

35.3 (6.7)

31.7 (8.6)

32.4 (7.7)

.19

Average years of schooling, mean (SD)

15.8 (3.5)

15.5 (3.8)

15.6 (3.4)

16.0 (3.6)

.78

Average daily work time (h/day), mean (SD)

8.0 (2.0)a

8.0 (1.9)

7.8 (1.8)b

8.0 (2.2)c

.97d

Average step counts/day, mean (SD)

5933 (2391)e

5761 (2076)f

6466 (2800)g

5428 (1895)h

.12

Average total physical activity (min/week), mean (SD)

86.5 (137.5)

72.4 (58.0)

91.4 (143.8)

86.3 (151.8)

.80i

2

Met physical activity recommendation, n (%)

a

P value

.12

No

100 (86.2)

16 (94.1)

40 (78.4)

44 (91.7)

Yes

16 (13.8)

1 (5.9)

11 (21.6)

4 (8.3)

n=106.

b

n=45.

c

n=44.

d

Fisher Exact tests or Welch analysis of variance was used unless indicated otherwise.

e

n=108.

f

n=14.

g

n=48.

h

n=46.

i

Kruskal–Wallis test was used.

Usability and Acceptability
Table 2 shows data on process evaluation on the implementation
of the intervention. The average usability score for the chatbot
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was 61.6 (9.7) with majority of the participants scoring the
chatbot as OK (89/113, 78.8%) or good (12/113, 10.6%).
Although less than half would recommend the chatbot to others
(49/113, 43.4%) and about one-third (40/113, 35.4%) would
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continue to use the chatbot in the future, more than half (60/113,
53.1%) agreed that the chatbot helped them become more active.
About one-third thought the chatbot was quite or very useful in
helping them increase confidence for engaging in regular
physical activity, and in helping them stay motivated to
participate in physical activity. About one-quarter thought the
chatbot was useful in helping them overcome barriers, increase
support they receive, and plan for physical activity during the
study period. Most of the participants (106/113, 93.8%) read
the messages that the chatbot sent out, and about half of the
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participants sent messages to the chatbot at least once a day.
On average, the participants sent 6.7 messages to the chatbot
per week and spent 5.1 minutes with the chatbot per day. About
one-quarter liked very much the messages that the chatbot sent
out. However, only 43.4% (49/113) thought that the chatbot
understood their messages most of the time. Most participants
experienced technical issues (93/113, 82.3%) and stopped
receiving the chatbot messages at any time during the study
(95/113, 84.1%).
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Table 2. Usability and acceptability of the chatbot and Fitbit.
Value
System Usability Scale score for the chatbot (n=113), n (%)
Good

12 (10.6)

OK

89 (78.8)

Poor

12 (10.6)

Would recommend chatbot to others (n=113), n (%)
Strongly agree or agree

49 (43.4)

Neutral

36 (31.9)

Strongly disagree or disagree

28 (24.7)

Would continue to use the chatbot in future (n=113), n (%)
Strongly agree or agree

40 (35.4)

Neutral

32 (28.3)

Strongly disagree or disagree

41 (36.3)

The chatbot helped me to be more active (n=113), n (%)
Strongly agree or agree

60 (53.1)

Neutral

27 (23.9)

Strongly disagree or disagree

26 (23)

Usefulness—the chatbot helps me to increase confidence for physical activity participation (n=113), n (%)
Not at all useful or a little useful

52 (46)

Somewhat useful

27 (23.9)

Quite useful or very useful

34 (30.1)

Usefulness—the chatbot helps me to overcome barriers to physical activity participation (n=113), n (%)
Not at all useful or a little useful

60 (53.1)

Somewhat useful

24 (21.2)

Quite useful or very useful

29 (25.7)

Usefulness—the chatbot increased support for being active (n=113), n (%)
Not at all useful or a little useful

59 (52.2)

Somewhat useful

26 (23)

Quite useful or very useful

28 (24.8)

Usefulness—the chatbot helped me plan to be active (n=113), n (%)
Not at all useful or a little useful

63 (55.7)

Somewhat useful

20 (17.7)

Quite useful or very useful

30 (26.6)

Usefulness—the chatbot helped me to stay motivated (n=113), n (%)
Not at all useful or a little useful

47 (41.6)

Somewhat useful

26 (23)

Quite useful or very useful

40 (35.4)

Read the chatbot messages (n=113), n (%)
Always

71 (62.8)

Most of the time

35 (31)

Sometimes or rarely

7 (6.2)

Frequency of sending messages to chatbot (n=77), n (%)
Several times a day
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Value

Once a day

28 (24.8)

Less than once a day

19 (48.6)

Average messages/week sent to the chatbot (n=113), mean (SD)

6.7 (7.0)

Average time/day spent with the chatbot (minutes; n=113), mean (SD)

5.1 (7.4)

Liked the chatbot messages (n=113), n (%)
Very much

26 (23)

Average

42 (37.2)

A little or not at all

45 (39.8)

Understood the chatbot messages (n=113), n (%)
Always or most of the time

49 (43.3)

Sometimes

34 (30.1)

Rarely or never

30 (26.5)

Technical issues during the study (n=113), n (%)
Yes

93 (82.3)

No

20 (17.7)

Chatbot stopped sending motivational messages or updates at any time (n=113), n (%)
Yes

95 (84.1)

No

18 (15.9)

System Usability Scale for Fitbit Flex 1 (n=112), n (%)
Good

22 (19.6)

OK

77 (68.8)

Poor

13 (11.6)

Average weeks of wearing the Fitbit (n=112), mean (SD)

5.4 (1.1)

Average day/week of wearing the Fitbit (n=112), mean (SD)

6.7 (0.9)

Average h/day of wearing the Fitbit (n=112), mean (SD)

19.5 (5.5)

Frequency of using the Fitbit app (n=112), n (%)
<1/day

19 (17)

Once a day

27 (24.1)

At least twice a day

66 (58.9)

The average usability for Fitbit was 64.0 (SD 11.1) with majority
scoring the Fitbit usability as OK (77/113, 68.1%) or Good
(22/113, 19.5%). More than half of the participants used the
Fitbit app at least twice a day. On average, the participants wore
the Fitbit for 5.4 weeks, 6.7 days per week, and 19.5 h/day.
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Effectiveness of the Intervention
Figure 3 shows changes in the average number of Fitbit steps
per day over the study period. The average steps increased
throughout the study. Data for the first 7 days of Fitbit use,
before receiving access to the chatbot, did not show an increase
in mean step (Figure 4).
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Figure 3. Change in mean daily step over time.

Figure 4. Change in mean daily step over time.

Table 3 shows improvement in the outcomes between follow-up
and baseline. For both samples, BMI was improved but was not
statistically significant at follow-up compared with baseline.
On average, participants recorded significantly more steps at
follow-up compared with baseline in the full sample (increase
of 627, 95% CI 219-1035 steps/day) and in the subsample that
excludes those with <4 weeks of exposure to the chatbot
(increase of 564, 95% CI 120-1009 steps/day). Similarly, the
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total physical activity minutes at follow-up were 3.58 (95% CI
2.28-5.63) times higher in the full sample and 4.17 (95% CI
2.55-6.80) times higher in the subsample than at baseline,
representing an increase 154.2 and 176.6 min/week, respectively.
Participants were also more likely to meet the physical activity
guideline at follow-up compared with baseline in the full sample
(OR 6.37, 95% CI 3.31-12.27) and in the subsample (OR 6.41,
95% CI 3.14-13.09).
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Table 3. Differences in the outcomes between follow-up and baseline.
Baseline

Follow-up

Crude estimate
(95% CI)

Adjusted estimate

−0.13 (−0.37 to
0.11)

(95% CI)a

Participants, n

Value

Participants, n

Value

BMI (kg/m2), mean (SD)

116

32.5 (8.0)

116

32.4 (8.0)

−0.08 (−0.34 to
0.17)

Step counts/day, mean
(SD)

108

5933 (2391)

102

6570 (2326)

633b (242 to 1024) 627b (219 to 1035)

116

86.5 (137.5)

116

240.7
(233.6)

4.04d (2.59 to
6.29)

3.58d (2.28 to
5.63)

100 (86.2)

116

54 (46.6)

1.0

1.0

Full sample (N=116)

Total physical activity
(min/week), mean (SD)

c

Meeting physical activity guidelinese, n (%)
No
Yes

116
116

16 (13.8)

d

116

62 (53.5)

7.18 (3.89 to
13.24)

6.37d (3.31 to
12.27)

Subsample (n=99); excludes those with <4 week of chatbot use
BMI (kg/m2), mean (SD)

99

32.0 (8.1)

99

31.9 (8.2)

−0.08 (−0.37 to
0.21)

−0.13 (−0.4 to
0.14)

Step counts/day, mean
(SD)

94

5958 (2444)

89

6530 (2297)

576b (153 to 998)

564f (120 to 1009)

Total physical activity

99

88.9 (147.0)

99

265.5
(240.5)

4.69d (2.92 to
7.55)

4.17d (2.55 to
6.80)

(min/week), mean (SD)c
Meeting physical activity guidelinese, n (%)

a

No

99

84 (84.9)

99

43 (43.4)

1.0

1.0

Yes

99

15 (15.1)

99

56 (56.6)

7.29d (3.77 to
14.12)

6.41d (3.14 to
13.09)

Adjusted for age: gender, marital status, years of schooling, ethnicity, household income, living area, work status, and work duration.

b

P<.01.

c

Estimates were converted back to ratios.

d

P<.001.

e

Estimates are odds ratios.

f

P<.05.

Discussion
Principal Findings
This study examined the feasibility, usability, and effectiveness
of a physical activity chatbot with natural language processing
capability and adaptive goal setting delivered via the Facebook
Messenger app. Significant improvements in both the step count
and self-reported physical activity were observed. These findings
are consistent with those from another Australian study
examining a combined diet and physical activity chatbot using
natural language processing [20]. The effect on self-reported
physical activity in this study (approximately 160 min/week)
was similar to an increase of approximately 110 min/week of
physical activity measured by accelerometers after a 12-week
intervention in another study [20]. However, the effect measured
by the Fitbits appeared to be smaller, as the average step count
only increased by approximately 600 steps/day or 4200
steps/week, which roughly corresponds to an increase of 42
minutes of physical activity per week (assuming it takes
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approximately 10 minutes to take 1000 steps) [20]. The
differences between self-reported and objectively measured
physical activity are likely due to recall and social desirability
bias [31]. It is also worth noting that an increase of 1000
steps/day can help reduce all-cause mortality risk between 6%
and 36%, although an increase of approximately 600 steps may
not have a similar effect [32]. In addition, the technical issues
experienced in this study might have reduced the effectiveness
of the intervention and explained the differences between the
2 studies. Moreover, it is possible that a longer study duration
would have resulted in higher effectiveness, and that 6 weeks
was not long enough to demonstrate the full potential of the
chatbot. Those in the subsample that excluded those who had
<4 weeks of exposure to the chatbot, had a higher increase in
the total physical activity minutes compared with the full
sample, which indicates that more exposure might have resulted
in better outcomes. Finally, we also found a study that used a
chatbot to promote stair climbing, and it also reported a
significant increase in physical activity after 12 weeks of
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intervention, although it is not clear how physical activity was
measured and what the effect size was [33].
The findings showed that the participants liked the chatbot with
some even asking for continuing to use it after they completed
the 6-week trial. Nevertheless, usability for both the chatbot
and the Fitbit was rated as OK for majority of the participants.
For most usability and acceptability indicators, less than half
of the participants provided answers in favor of the chatbot.
This level of usability (SUS scores of 61.6) is comparable with
the 2 psychological therapy chatbots with SUS scores of 63.6
and 57.0 [34] but lower than that of asthma management (SUS
score of about 83) [35] and depression prevention chatbots (SUS
score of approximately 75.7) [36]. A study by Nadarzynski et
al [37] also showed higher acceptability, with 67% of
participants who would like to use a health chatbot. The lower
acceptability in this study is likely due to technical issues that
most participants experienced during the study. Some technical
issues related to the use of the Fitbit, including malfunctioning
Fitbits and broken bands and cables, were expected and dealt
with by the research team. Most of the other technical issues
(eg, the chatbot stopped sending daily notifications and
difficulties connecting to the chatbot) were fixed by the
management company. However, one issue beyond the control
of the management company that resulted in the end of the study
was that Facebook changed its policy to block the chatbot
sending out messages to participants who did not respond to
the chatbot within 24 hours. Facebook implemented this new
policy to prevent chatbots from spamming its Messenger app
users, however, inadvertently disabled the functionality of the
chatbot, which sent messages wanted by our participants.
Despite our efforts, it was not possible to contact Facebook to
explain and reverse the situation. The Facebook policy change
offers the most likely explanation for the discrepancy between
high engagement and low usability scores; that is, most
participants used the chatbot until the end of the implementation,
but at the time of the Facebook policy change, they experienced
serious technical issues undermining the usability of the chatbot.
Previous studies have also shown higher usability of Fitbit use
[38-40] compared with this study. A possible explanation might
be that because of budgetary reasons, the research team was
forced to use Fitbit Flex 1, which is an old model in this study.
Apart from being outdated in terms of user expectations (newer
models with better functionality dominate the market), the long
shelf life of the Fitbits meant that battery and connectivity
problems were more prevalent than normal. We recommend
the use of newer and higher-quality activity trackers to increase
the feasibility of future chatbot-based physical activity
interventions. Furthermore, we recommend that future chatbots
be hosted on flexible messaging platforms that can be contacted
for assistance in dealing with similar issues should they arise.
However, the disadvantage of using such platforms is that people
may be less familiar with the platform and more reluctant to
use them, as few of their friends and family are likely to use
those messaging services. In addition, rather than relying on an
external technical company to develop and host the chatbot, it
would be better if the research team is capable of doing this by
itself, so that upgrading chatbot functionality and responding
to potential technical problems is faster and more efficient.
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The results also showed that BMI did not significantly improve
at follow-up. This finding is not surprising, as our study did not
target weight loss and therefore, no direct activity related to
weight loss or weight maintenance was delivered. This is
different from the other Australian chatbot-based physical
activity interventions, which showed a significant decrease in
weight at week 12 [20]. However, that study also included a
large dietary component and allowed more time (12 weeks) for
weight loss to occur [20]. As this study was not designed to
evaluate the effect of each component (diet and physical activity)
separately, it is impossible to determine whether the
improvement in weight was due to increases in physical activity.
Furthermore, current evidence regarding the effects of physical
activity and exercise on weight loss is not strong [41].

Strengths and Limitations
This study has several strengths: (1) both objective and
subjective measures of physical activity were used to obtain
accurate and complementary data on the effectiveness of the
intervention [42] and (2) a high retention rate means that
selection bias due to loss to follow-up was likely minimal.
However, this study also has limitations. First, as the study was
designed as a quasi-experiment without a control group, it was
not possible to control for unknown confounders. It is also likely
that the increase in steps occurred just by using the Fitbit [43].
However, it is worth noting that step counts in the baseline week
before the participants started using the chatbot did not increase
(Figure 4). Second, the sample (majority were women and White
with high BMI) was not representative of the broader Australian
population, so generalizability of the findings may be limited,
although external validity was not the main focus of the
intervention. Third, the technical issues caused by Facebook’s
policy changes, which were beyond the research team’s control,
were likely responsible for a reduction in chatbots’ usability,
acceptability, and effectiveness. Finally, the short duration of
the intervention (6 weeks) is a limitation, and the effects of
chatbot interventions with a longer duration need to be
examined.

Conclusions
The machine learning–based physical activity chatbot was able
to significantly increase participants’ physical activity and was
moderately accepted by the participants. However, a Facebook
policy change undermined the chatbot functionality and
indicated the need to use independent platforms for chatbot
deployment so that this type of intervention could be
successfully delivered.
Future studies with stronger designs, such as randomized
controlled trials, in which the effect of the activity trackers can
be isolated, are needed to confirm these findings. Research is
also required to determine whether chatbot-based interventions
could be effective for broader populations. Furthermore,
technology to develop and evaluate more comprehensive chatbot
interventions already exists. In addition to natural language
processing, Fitbit integration and adaptive goal setting, it is
possible to use deep reinforcement learning with feedback loops
and integrate more real-time data sources (eg, GPS and weather
data) to enable chatbots to personally tailor and continuously
adapt cues to action to ensure the timing, frequency, context,
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and content are optimally suited for each participant. It is
important that such comprehensive physical activity chatbots
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should be developed and evaluated in future studies.
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Abstract
Background: Studies that use ecological momentary assessments (EMAs) or wearable sensors to track numerous attributes,
such as physical activity, sleep, and heart rate, can benefit from reductions in missing data. Maximizing compliance is one method
of reducing missing data to increase the return on the heavy investment of time and money into large-scale studies.
Objective: This paper aims to identify the extent to which compliance can be prospectively predicted from individual attributes
and initial compliance.
Methods: We instrumented 757 information workers with fitness trackers for 1 year and conducted EMAs in the first 56 days
of study participation as part of an observational study. Their compliance with the EMA and fitness tracker wearing protocols
was analyzed. Overall, 31 individual characteristics (eg, demographics and personalities) and behavioral variables (eg, early
compliance and study portal use) were considered, and 14 variables were selected to create beta regression models for predicting
compliance with EMAs 56 days out and wearable compliance 1 year out. We surveyed study participation and correlated the
results with compliance.
Results: Our modeling indicates that 16% and 25% of the variance in EMA compliance and wearable compliance, respectively,
could be explained through a survey of demographics and personality in a held-out sample. The likelihood of higher EMA and
wearable compliance was associated with being older (EMA: odds ratio [OR] 1.02, 95% CI 1.00-1.03; wearable: OR 1.02, 95%
CI 1.01-1.04), speaking English as a first language (EMA: OR 1.38, 95% CI 1.05-1.80; wearable: OR 1.39, 95% CI 1.05-1.85),
having had a wearable before joining the study (EMA: OR 1.25, 95% CI 1.04-1.51; wearable: OR 1.50, 95% CI 1.23-1.83), and
exhibiting conscientiousness (EMA: OR 1.25, 95% CI 1.04-1.51; wearable: OR 1.34, 95% CI 1.14-1.58). Compliance was
negatively associated with exhibiting extraversion (EMA: OR 0.74, 95% CI 0.64-0.85; wearable: OR 0.67, 95% CI 0.57-0.78)
and having a supervisory role (EMA: OR 0.65, 95% CI 0.54-0.79; wearable: OR 0.66, 95% CI 0.54-0.81). Furthermore, higher
wearable compliance was negatively associated with agreeableness (OR 0.68, 95% CI 0.56-0.83) and neuroticism (OR 0.85, 95%
CI 0.73-0.98). Compliance in the second week of the study could help explain more variance; 62% and 66% of the variance in
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XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e22218 | p.322
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Martinez et al

EMA compliance and wearable compliance, respectively, was explained. Finally, compliance correlated with participants’
self-reflection on the ease of participation, usefulness of our compliance portal, timely resolution of issues, and compensation
adequacy, suggesting that these are avenues for improving compliance.
Conclusions: We recommend conducting an initial 2-week pilot to measure trait-like compliance and identify participants at
risk of long-term noncompliance, performing oversampling based on participants’ individual characteristics to avoid introducing
bias in the sample when excluding data based on noncompliance, using an issue tracking portal, and providing special care in
troubleshooting to help participants maintain compliance.
(JMIR Mhealth Uhealth 2021;9(11):e22218) doi:10.2196/22218
KEYWORDS
adherence; compliance; wearables; smartphones; research design; ecological momentary assessment; mobile sensing; mobile
phone

Introduction
Background
In the past decade, an increasing variety of sensors have been
used as research tools, such as smartphones [1-9], wearables
[9-19], ecological momentary assessments (EMAs) [20-23],
social media [24,25], and other sensing modalities [26-30].
However, the effectiveness of these studies depends on the
completeness of the data generated, which further relies on
participant compliance. When designing an observational study,
the most important factor for ensuring quality data is compliance
(sometimes referred to as adherence [31]).
Typically, compliance decreases throughout the life of a study
[1]. Compliance has been found to be as low as 16% by the end
of an almost year-long study [32], and it varies considerably
from 80% to between 10% and 20% during certain periods in
the study [33]. This pattern persists in shorter studies as well.
For example, in the study of wearable compliance by Evenson
et al [34], it was found that only 78% of >15,000 participants
completed at least 21% of the possible data collection. This can
considerably reduce the sample size available for analysis,
should continuous measurements be necessary. For instance,
despite enrolling 646 participants, Wang et al [35] only analyzed
data from 159 participants because of the lack of compliance.
Finally, other studies have found compliance to be related to
participant characteristics [12,13,31,36], which increases the
odds of introducing bias when excluding participants from
analysis because of noncompliance [37]. Therefore, we posit
that the ability to identify the compliance of individuals early
and resolve issues that can affect study participation would be
invaluable to the research community. Prior works have found
associations between certain participant characteristics that
could be used to predict compliance early in a study, although
the evidence is conflicting.
Early works in the field by Schüz et al [22] and Courvoisier et
al [38] suggested that compliance with EMAs was not associated
with participant characteristics. Specifically, Schüz et al [22]
administered random prompts for EMAs in a 6-day study of
119 smokers and found no association between EMA
compliance and smoking habits, race, sex, education level, or
marital status. Similarly, Courvoisier et al [38] found no
associations between a phone call–based EMA monitoring
protocol and sex, age, education level, linguistic region, life
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satisfaction, or personality. However, more recent studies have
found conflicting evidence. Dzubur et al [39] examined EMA
responses and reported approximately 80% compliance, but
compliance was influenced by the participant-level factors of
income and ethnicity; lower-income or Hispanic mothers were
less likely to respond to surveys. Finally, in a meta-analysis on
factors that contribute to EMA compliance administered from
smartphones or with wearables for those aged <18 years, Wen
et al [36] reported a general response rate of approximately 78%
to surveys, which varied based on clinical status; those without
disorders had lower response rates with more prompts (≥6 times:
75%; 2-3 times: 92%), whereas those with a clinical status
responded more often to increased prompts (≥6 times: 89%; 2-3
times: 74%). These papers suggest that participant-level factors
such as income, ethnicity, and clinical status can interact with
compliance in longitudinal studies using EMAs.
Several studies using wearable accelerometers have found
associations between compliance and various participant
characteristics, such as income, age, smoking, and having
tertiary education [12,13,34]. A 4-day study involving 3601
participants [13] found that higher compliance, defined as
wearing time, was associated with being older, not smoking,
and having a full-time job, tertiary education, and high
self-reported health, whereas no associations were found with
income level or sex. As noted earlier, the study by Evenson et
al [34] defined compliance as wearing an accelerometer for 10
hours a day, 3 days out of 6 days, in a study of 15,153
participants in a Hispanic community. The study reported higher
compliance for those participants who are married or partnered;
those with higher household income; those who are male, older,
and employed or retired; those not born in the United States;
those preferring Spanish over English; and those having a lower
BMI. Similarly, a repeated measures study of adolescent females
that deployed accelerometers 7 months apart found that physical
activity level and race were associated with compliance [12].
The same study found that compliance was trait-like; higher
compliance in the first session was associated with higher
compliance in subsequent redeployments of accelerometers 7
months apart.
Recent studies that included smartwatches, fitness trackers, or
smartphones have also found participant characteristics to be
related to compliance [31-33,40]. Harari et al [33] analyzed 3
student population samples to understand participants’
motivations for self-tracking using passive sensing and active
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logging in relation to compliance. The study correlated
participant characteristics with behaviors that motivated
self-tracking and found that more agreeable, younger, and
extroverted participants had increased productivity and health
behaviors that were positively correlated with compliance. In
addition, the study found that neuroticism, openness, and being
female were correlated with well-being and daily activities
motivation to self-track, which were in turn positively correlated
with compliance. No significant correlations were found with
conscientiousness and well-being measures. On the other hand,
in a 4-year study of 698 college students where compliance was
studied as a binary variable, it was found that extraversion and
openness negatively correlated with compliance, whereas
conscientiousness and agreeableness positively correlated with
compliance, and neuroticism did not significantly correlate with
compliance [31]. In addition, the study reported that the first
month of compliance correlated with whole study compliance,
a result in line with Rowlands et al [12].
Jeong et al [18] studied how individuals perceive their study
participation in a sample of 50 students using Apple Watch and
found that limitations of the devices themselves or personal
reasons could get in the way of study participation and cause
noncompliance. The study found that when participants needed
to charge the devices during the night or at least once a day,
compliance decreased. Similarly, participants would forget to
wear the smartwatch depending on certain situations, such as
staying at home for the weekend or going out with friends.
However, the reported patterns of wearing behavior do not
necessarily match those of modern wearables where battery life
lasts multiple days or those of a working population [41].

Objective
In summary, there is extensive literature showing that participant
characteristics and compliance are related, albeit with conflicting
results. However, there remain several issues before these
findings could be used in practice. For instance, several works
define compliance as a binary variable with two outcomes
depending on a specific definition that is not universally
applicable, for example, in ≥80% [31], 10 hours a day for 3 out
of 7 days [34], or >16 hours a day for 7 days [12]. The use of
such specific and inconsistent definitions of compliance makes
it challenging to apply the findings from other studies with
different thresholds to meet the requirements of a new study.
In addition, most existing works do not provide any metric of
model fit or error that provides guidance on the predictive power
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of the models, with the exceptions of Lee et al [13] reporting
R2=0.03 and Hermsen et al [32] reporting R2=0.099. Existing
works rely only on a training set of data, that is, no testing set
was used to report predictive performance. This means that we
cannot know beforehand if participant characteristics could be
effective in predicting compliance before a study starts or early
on. Given these limitations, the objective of our paper is to
address the following research questions (RQs) using a
generalizable definition of compliance and considering personal
characteristics that are commonly or easily assessed in other
studies:
•
•

•

RQ1: To what extent can personal characteristics measured
before the start of a study predict long-term compliance?
RQ2: How does early assessment of compliance (ie, during
the first 2 weeks of study participation) predict future
compliance?
RQ3: Are participants’ perceptions of study participation,
feedback, and issue reporting correlated with compliance?

Methods
We used our Tesserae [42] study—a 1-year, large-scale,
multimodal study of working professionals with a rich set of
psychological and health-related data to extract meaningful
variables that explain variations in compliance.

Participants and Recruitment
Tesserae recruited 757 participants from cognitively demanding
professions (eg, information workers) to participate in a 1-year
study exploring the extent to which widely available sensing
streams could predict various individual difference variables
and job performance dimensions. As such, the study was
observational in nature and did not implement interventions
beyond interacting with participants to resolve participation
issues. Individuals were drawn from throughout the United
States. Participants were enrolled both in person and remotely
from January 2018 to July 2018. The study concluded data
gathering in mid-April 2019. A timeline of the study can be
found in Figure 1. Participants were divided into 2 sets: blinded
and nonblinded (Table 1). Responses to initial and daily surveys
from the blinded set were withheld from researchers by the
study sponsor until the end of phase 1 of the multimodal
objective sensing to assess individuals with context [43] program
in May 2020. Researchers had full access to participant data in
the nonblinded set.
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Figure 1. Timeline of study participation.

Table 1. Cohort distribution in the blinded and nonblinded samples after data preprocessing. A chi-square test of independence showed that the cohort
distribution is different between the blinded and nonblinded samples (χ2(4)=129.53; P<.001).
Cohort

Blinded, n (%)

Nonblinded, n (%)

Large multinational technology services firm

42 (28)

249 (41.7)

Large midwestern technology or engineering firm

34 (22.7)

144 (24.1)

Midwestern software engineering firm

5 (3.3)

21 (3.5)

Midwestern university

57 (38)

32 (5.4)

Various other companies

12 (8)

151 (25.3)

Total

150 (100)

597 (100)

Procedures
Individuals participating in the study were provided with a
wearable (Garmin vivoSmart 3); a smartphone agent (phone
app) derived from StudentLife [2]; and a set of Bluetooth
beacons to demarcate home, work, and proximity to others in
the study and were requested to provide read access to social
media (Facebook and Twitter) [44]. An initial set of
psychological and health-related surveys were collected
(Multimedia Appendix 1 [45-57]) at enrollment in the study.
In addition, short, daily versions of many of the aforementioned
surveys were administered, as well as context, current stress
level, and current anxiety level assessments. Daily surveys were
administered via the Qualtrics Experience Management
platform, prompted by an SMS text message, designed to be
answered in <2 minutes, and with a 4-hour window for
completion. Users received daily survey prompts at either 8
AM, noon, or 4 PM during the initial 8 weeks (56 days) of a
participant’s year in the study. Participant compliance and
troubleshooting were provided through a user-facing web-based
portal and managed by the study personnel. In the case of data
from participants belonging to the blinded set, researchers did
not send the surveys or receive the responses directly. These
surveys were administered by the study sponsor and stored apart
from nonblinded data, allowing researchers the use of
https://mhealth.jmir.org/2021/11/e22218
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nonblinded data for exploratory analyses while still having a
separate sample to test out-of-sample performance.
The compliance rate for the study was tracked for 3 of the major
sensing streams: daily surveys, wearables, and phone agents,
which was not analyzed (see the Measures section). Bluetooth
beacon compliance was not tracked as an individual could be
complying without being in the range of a beacon for the study.
Conversely, social media compliance was not tracked, as it was
an opt-in sensor and only required one-time authorization.
Participants were compensated based on their compliance.
Participants could continuously review their compliance and
report issues through a dynamic web-based portal. On the basis
of cohort requirements, participants were either paid a stipend
or entered into a weekly lottery. For stipend participants, those
with average compliance of at least 80% across all streams could
receive up to US $750 at the completion of the study, broken
up as shown in Figure 1. Lottery participants received a ticket
per day for each compliant (>80%) stream (wearable, phone
agent, and daily survey). A US $250 weekly lottery was held
for every 25 participants.
Experimenters could increase compliance in one or more streams
at their discretion because of changes in circumstances that
precluded compliance for a limited time. For example,
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participants whose wearables broke and who reported it to
researchers received full compliance for the wearable stream
until they received a replacement wearable. In the duration of
the study, 325 wearable device replacements were issued [41].
Other examples include international travel, which prohibited
SMS text message receipt of the daily survey; a damaged or
replaced cell phone; or change of carrier that affected phone
agent compliance and the receipt of daily surveys. If the
participants did not inform the researchers regarding such
problems related to their sensing streams, they received zero
compliance in that period.
Periodic reminders were sent every week via email to
participants exhibiting noncompliance (missing recent data or
cumulative noncompliance). Participants could decide to stop
participating at any point in the study. In addition, participants
exhibiting continued noncompliance without response over
multiple months (≥3) were considered ineligible for subsequent
rewards and were excluded from the study. In total, 107
participants were considered to have dropped out. Nevertheless,
although these participants were considered to have dropped
from the Tesserae study, they were still considered in the
analyses in this work.

Measures
Compliance
Daily survey compliance was defined as the response rate, that
is, the number of surveys responded to over the number of

Martinez et al
surveys sent. Not receiving a prompt because of the phone being
turned off or being out of coverage was not differentiated from
receiving and not responding to a prompt; both were considered
noncompliant. Wearable compliance was computed in 30-minute
nonoverlapping windows, whereby an individual was considered
to have been compliant if any wearable data from any stream
of the fitness tracker (eg, heart rate, step count, or physical
activity) was recorded within that window. However,
considering the heart rate or the combination of all sensor
streams with the Garmin vivoSmart 3 leads to differences in
the calculation of compliance of <1% [41]. Therefore, wearable
compliance is the number of 30-minute windows with any data
over the number of 30-minute windows in the study, with 48
windows a day for up to 365 days.
Participants were requested to wear the device 24-7 to capture
their sleep and daily activities. The roughly 5-day battery life
and rapid charge rate allowed a brief charging window each
day to not exhaust the wearable battery [41]. Given that the first
2 weeks of compliance would be used to predict long-term
compliance (RQ2), we discarded these 2 weeks from the
dependent variables and calculated them starting at week 3. We
referred to these simply as wearable compliance and survey
compliance, whereas the variables used as predictors were
referred to as wearable compliance in week 2 and survey
compliance in week 2 (see Figure 2 and Table 2 for compliance
distributions and correlations).

Figure 2. Distribution of compliance in the nonblinded set in red (n=597) and the blinded set in blue (n=150). The superposition of both sets is in
purple.
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Table 2. Pearson correlation (r) of compliance in the nonblinded (below the diagonal) and blinded sets (above the diagonal).
Daily survey compliance after week 2

Wearable compliance
after week 2

Daily survey compliance in week 2

Daily wearable compliance in week 2

Daily survey compliance after week 2

1

0.79

0.81

0.69

Wearable compliance after week 2

0.73

1

0.60

0.72

Daily survey compliance in week 2

0.69

0.51

1

0.58

Daily wearable compliance in week 2

0.56

0.61

0.54

1

Similar to wearable compliance, phone agent compliance was
calculated in half-hour time windows. However, the phone agent
was intended to run without any user input or action apart from
the initial installation and updates. This presented several
challenges for researchers, as participants used 112 different
models of mobile devices from 14 manufacturers throughout
the study. The main challenges were issues of high battery use,
failure to run continuously in the background, and an initial
lack of feedback to participants regarding whether data were
being collected. As a result, missing data more likely reflected
the researchers’ technical ability to keep the app running on all
devices rather than user characteristics or behaviors. Therefore,
we decided not to consider phone agent compliance rates.

Demographics, Psychological Traits, and Health-Related
Characteristics
The shared Tesserae demographics, psychological, and
behavioral data set comprised 31 variables that were collected
during the study and could be used as predictors. These variables
can be categorized as demographics, personality [45], anxiety
[46], affect [47], health [48-52], cognitive ability [53], job
performance [54-57], and behavior characteristics collected
through the study website [42], such as log-ins and issue tickets
submitted. Psychometrically validated inventories were used
to collect all survey-based measures, except for demographics
(Table 3).

Table 3. Demographic questions asked at the onset of study participation.
Item

Question

Options

Age

How old are you?

•

Any number

Sex

Are you male or female?

•
•

Male
Female

Household income level

In which of these groups did your total household income
(from all sources) fall in 2016?

•
•
•
•
•
•
•

<US $25,000
US $25,000 to US $49,999
US $50,000 to US $74,999
US $75,000 to US $99,999
US $100,000 to US $124,999
US $125,000 to US $150,000
>US $150,000

Supervise

Think about your main job. Do you supervise or manage
anyone in this job?

•
•

Yes
No

English as native language

Is English your native language?

•
•

Yes
No

Education level

What is your highest level of education?

•
•
•
•
•
•
•

Some high school (or equivalent)
High school degree (or equivalent)
Some college
College degree
Some graduate school
Master’s degree
Doctoral degree, such as a PhD, MD, or JD

Had a wearable

Do you currently use a wearable like a Fitbit or other fitness •
device?
•

Data Exclusion and Preprocessing
Most of the predictors were obtained from the initial survey
conducted during enrollment. Variables in the blinded and
nonblinded samples were treated in the same manner. The
variables for household income and education were relabeled
https://mhealth.jmir.org/2021/11/e22218
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Yes
No

to address class imbalance. Classes of <US $25,000 and from
US $25,000 to US 49,999 were merged into one class (<US
$50,000), whereas the classes US $100,000 to US $124,999
and US $125,000 to US $150,000 were merged into a single
class as well (US $100,000 to US $150,000). In the case of
education, the classes were coalesced into no college degree,
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college degree, and graduate degree. A total of 32 respondents
did not answer the wearable ownership question. To avoid
discarding these observations, we generated an additional
unknown category. All other categorical variables <5 missing
observations. Missing survey data were excluded. After data

preprocessing, our nonblinded sample contained 597
participants, and our blinded sample contained 150 participants.
The participants’ demographics are available in Table 4. The
distribution of participants’ personality variables are available
in Figure 3.

Table 4. Demographics of the blinded set and nonblinded set participants. Results of chi-square tests of independence are shown in the table.
Demographics

Nonblinded (n=597)

Blinded (n=150)

Chi-square (df)

P value

Values, mean (SD)

34.33 (9.37)

37.18 (10.83)

N/Aa

N/A

Values, range

21-68

20-63

N/A

N/A

Male

346 (58)

93 (62)

0.7 (1)

.42

Female

251 (42)

57 (38)

0.7 (1)

.42

<49,999

46 (7.7)

7 (4.7)

4.8 (4)

.31

50,000-74,999

126 (21.1)

34 (22.7)

4.8 (4)

.31

75,000-99,999

129 (21.6)

33 (22.0)

4.8 (4)

.31

100,000-150,000

162 (27.1)

50 (33.3)

4.8 (4)

.31

150,000

134 (22.4)

26 (17.3)

4.8 (4)

.31

No college degree

43 (7.2)

9 (6)

0.3 (2)

.86

College degree

326 (54.6)

84 (56)

0.3 (2)

.86

Graduate degree

228 (38.2)

57 (38)

0.3 (2)

.86

Nonsupervisor

313 (52.4)

88 (58.7)

1.6 (1)

.20

Supervisor

284 (47.6)

62 (41.3)

1.6 (1)

.20

No

86 (14.4)

8 (5.3)

8.2 (1)

.004

Yes

511 (85.6)

142 (94.7)

8.2 (1)

.004

No

277 (46.4)

63 (42)

1.2 (2)

.56

Yes

292 (48.9)

78 (52)

1.2 (2)

.56

Unknown

28 (4.7)

9 (6)

1.2 (2)

.56

Age (years)

Sex, n (%)

Income (US $), n (%)

Education, n (%)

Supervisor role, n (%)

English as first language, n (%)

Had a wearable, n (%)

a

N/A: not applicable.
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Figure 3. Distribution of personalities in the nonblinded set (top) and blinded set (bottom). Independent sample t tests found no significant differences
between the two sets across personalities (all P values >.09).

Analyses
Addressing RQ1 and RQ2
Exploratory Analysis and Variable Selection
We conducted exploratory analyses on the nonblinded set to
determine whether variables that were not studied before in the
context of compliance or without enough supporting theory
behind them are related to compliance, that is, job performance,
anxiety, sleep quality, affect, smoking and alcohol use, and
physical activity. We compiled the results of our exploratory
analysis, show the distribution of other variables in Multimedia

Appendix 1, and show a model including all available variables
in Multimedia Appendix 2 [12,13,22,52,58-67] along with the
interpretation of these variables and their possible relationship
with compliance. As these variables, as well as statistics from
our study portal use, are uncommon and specific to our study,
we conducted our main analyses with a reduced set of variables
(14/31, 45%) comprising demographics, personality, and early
compliance. We considered our reduced set to be generalizable
to more studies (eg, age as opposed to log-ins to our study
portal) and to be of interest based on related work. Table 5
shows the means and SDs of the selected variables.

Table 5. Means and SDs of continuous variables in the models. Independent sample t tests (2-tailed) show no evidence of differences in the means
between the nonblinded and blinded data sets in all variables tested, except survey compliance and wearable compliance in week 2.
Variable

Nonblinded, mean (SD)

Blinded, mean (SD)

t test (df)

P value

Age (years)

34.33 (9.37)

37.18 (10.83)

—a

—

Extraversion

3.45 (0.67)

3.34 (0.73)

1.60 (218)

.11

Agreeableness

3.88 (0.56)

3.93 (0.58)

−0.99 (225)

.33

Conscientiousness

3.89 (0.66)

3.85 (0.68)

0.69 (224)

.49

Neuroticism

2.46 (0.78)

2.46 (0.83)

0.03 (220)

.98

Openness

3.82 (0.60)

3.82 (0.63)

−0.01 (222)

>.99

Number of log-ins in week 2

0.40 (0.94)

0.34 (0.67)

0.82 (312)

.41

Number of issues in week 2

0.00 (0.01)

0.00 (0.00)

1.32 (292)

.19

Survey compliance

0.75 (0.26)

0.80 (0.26)

−2.18 (229)

.03

Wearable compliance

0.68 (0.32)

0.73 (0.31)

−1.54 (234)

.12

Survey compliance in week 2

0.80 (0.27)

0.84 (0.27)

−1.50 (229)

.13

Wearable compliance in week 2

0.78 (0.32)

0.85 (0.28)

−2.45 (256)

.01

a

The samples of age in each set were not normal (Shapiro-Wilk test: P<.001) and appeared as not drawn from the same distribution (Kolmogorov-Smirnov
test: P=.01). Therefore, the differences in age were not assessed with t tests.

Among the demographic measures collected (Table 3), 2
measures are unique to our data set: previous wearable
ownership and having a supervising role. Previous wearable
ownership is of special interest because an association with
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compliance could point to a useful characteristic that could be
applied to other populations as well. This variable can contribute
in contrasting ways to wearable compliance. On the one hand,
one can expect this variable to positively affect wearable
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compliance, as those with prior wearable experience may be
familiar with wearable requirements and capabilities. On the
other hand, prior work found that those who did not own a
smartwatch and received one in a study could feel motivated to
be more diligent and have higher wearable compliance [18]. In
addition, we included supervisory role in examining compliance.
A supervisory role may indicate a busy life or schedule that
impairs the ability to participate successfully in the study.
However, this variable only applies to a working population.
Model Creation
The response variables in our models are, by definition, ratios
with possible values constrained to the interval from 0 to 1
(inclusive). Given our intention of having interpretable models
and that our response variables are proportions (windows that
contained data over total windows and response rate), we
decided to create the models using the beta regression model
proposed by Ferrari et al [68], which was specifically designed
to model rates and proportions using the beta distribution. We
relied on the flexibility of the beta distribution to take different
shapes and to represent probabilities and proportions and
assumed that the beta distribution would be able to represent
distributions that are not normally distributed, such as those in
Figure 2 (lack of normality further confirmed through
Shapiro-Wilk [69] test P<.001). However, the beta regression
model cannot handle values of exactly 0 or 1. Thus, we
transformed the dependent variables using the following
equation [70], with y being the response variable:

For example, the responses of 0 and 1 were transformed to
0.0008 and 0.9992, respectively.
Using 14 variables as predictors, we created hierarchical beta
regression models that addressed RQ1 and RQ2. Specifically,
to address RQ1, we created model 1s (s=survey as dependent
variable) and model 1w (w=wearable as dependent variable),
including demographics and personality measures as predictors
that can be assessed before starting the study and formally
enrolling participants. To address RQ2, we created 4 different
models. Models 2s/2w added survey compliance in week 2,
which entailed a greater effort to collect than a single survey;
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however, it did not require giving a wearable to participants
while allowing the capture of trait-like compliance. Models
3s/3w added in daily wearable compliance in week 2, which
implies that to be able to measure all the predictors, participants
would have to have a wearable device for 2 weeks. Note that
early compliance variables are entered in the model as
percentages to obtain the OR when there is a 1% change in early
compliance.
Model Evaluation
As the models contained a different number of variables and
R2 can be inflated because of overfitting of the data, we
computed the Akaike information criterion and conducted
likelihood ratio tests to compare models trained in the
nonblinded data set. We computed R2, root mean square error,
and mean absolute error (MAE) with 5-fold cross-validation to
ensure that models trained in a reduced set of the same data
have a good fit, have low prediction error, and are robust and
unchanging, given more or less information. Finally, we assessed
the out-of-sample performance of the model on the blinded data
set that was not used (or seen) during modeling.
Given the multiple comparisons involved in our models, all the
P values of the predictors in each model presented in the results
were adjusted using the false discovery rate [71] correction in
the stats package [72]. We interpreted the results when the
adjusted P values in the models were <.10. Multicollinearity
was assessed using the generalized variance inflation factors
[73]. Visual inspection of diagnostic plots, such as residuals
versus indices of observations, Cook distance plot, and residuals
versus linear predictor, was conducted following the
recommendations of Ferrari et al [68].

Addressing RQ3
A total of 623 individuals completed an optional assessment of
participation in the study (see Table 6 for inventory and
responses). The 5-point Likert scale items were scored from 1
to 5, and nonresponses were dropped. Responses were correlated
with compliance in the study. Note that although the items asked
in this survey relate to study participation, they were not used
for modeling compliance, given that they were asked at the end
of the study (RQ1 and RQ2).
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Table 6. Exit survey questions related to compliance (N=623 participants answered the exit survey in Tesserae).
Question and item scale and options

Percentage of responses, n (%)a

Values, mean (SD) Total responses, n

1–Extremely easy

215 (37.3)

1.90 (0.89)

576

2–Somewhat easy

251 (43.6)

1.90 (0.89)

576

3–Neither easy nor difficult

71 (12.32)

1.90 (0.89)

576

4–Somewhat difficult

35 (6.1)

1.90 (0.89)

576

5–Extremely difficult

4 (0.7)

1.90 (0.89)

576

Technical issues (eg, device broke and did not work)

280 (50.5)

N/Ac

555

Personal reasons (eg, friends, family, sickness, injury, and travel)

203 (36.6)

N/A

555

Work reasons (eg, change of employment, promotion, and busy schedule)

107 (19.2)

N/A

555

Survey issues (eg, surveys too often, too long, or too many)

75 (13.5)

N/A

555

Privacy issues (eg, type or quantity of data collected and worries about data safety)

20 (3.6)

N/A

555

Difficulty with setup

48 (8.6)

N/A

555

Other—please describe

63 (11.4)

N/A

555

1–Extremely inadequate

11 (1.9)

4.06 (1.02)

577

2–Somewhat inadequate

46 (8.0)

4.06 (1.02)

577

3–Neither adequate nor inadequate

81 (14.0)

4.06 (1.02)

577

4–Somewhat adequate

194 (33.6)

4.06 (1.02)

577

5–Extremely adequate

244 (42.3)

4.06 (1.02)

577

I do not remember using the portal

51 (8.9)

N/A

576

Strongly disagree

17 (3.0)

N/A

576

Somewhat disagree

33 (5.7)

N/A

576

Neither agree nor disagree

100 (17.4)

N/A

576

Somewhat agree

227 (39.4)

N/A

576

Strongly agree

148 (25.7)

N/A

576

1–Extremely dissatisfied

4 (0.7)

4.37 (0.88)

573

2–Somewhat dissatisfied

22 (3.8)

4.37 (0.88)

573

3–Neither satisfied nor dissatisfied

62 (10.8)

4.37 (0.88)

573

4–Somewhat satisfied

155 (27.1)

4.37 (0.88)

573

5–Extremely satisfied

329 (57.4)

4.37 (0.88)

573

Yes

548 (95.1)

N/A

576

No

28 (4.9)

N/A

576

How difficult was it to participate in our study?

What were the biggest difficulties in maintaining compliance? (Select all that apply)b

Was your compensation adequate for your participation in the study?

How useful was the compliance portal?

If you had issues, how satisfied were you with the timely resolution of any issues?

Can we contact you if we run another study like this?

a

All percentages are calculated over the number of people who completed the item.

b

Percentages do not sum up to 100% because more than 1 option is allowed.

c

N/A: not applicable.
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Results
Overview
The details and performance of the models addressing RQ1 and
RQ2 are presented in Tables 7-9. To ensure that the models

were valid, we followed the diagnostic tests outlined in the
previous section. We calculated (generalized variance inflation
factors) values for all models and found that all values were
≤1.27. Therefore, it is reasonable to assume that multicollinearity
is not an issue. Diagnostic plots also did not raise any issues.

Table 7. Model descriptions for beta regression models trained on the nonblinded set predicting survey compliance.a
Category variables

Survey compliance
Model 1s

Model 2s

Model 3s

ORb (95% CI)

P value

OR (95% CI)

P value

OR (95% CI)

P value

1.40 (0.05 to 2.76)

.11

−1.50 (−2.73 to −0.26)

.07

−1.74 (−2.95 to −0.54)

.02

Age (years)

1.02 (1.00 to 1.03)

.03

1.01 (1.00 to 1.02)

.17

1.01 (1.00 to 1.02)

.39

Sex (male)

1.04 (0.70 to 1.27)

.91

1.12 (0.94 to 1.33)

.40

1.09 (0.92 to 1.30)

.49

50,000-75,000

1.04 (0.70 to 1.53)

.97

0.95 (0.68 to 1.34)

.82

0.81 (0.58 to 1.14)

.42

75,000-100,000

0.97 (0.65 to 1.43)

.97

0.89 (0.63 to 1.26)

.69

0.79 (0.56 to 1.11)

.39

100,000-150,000

0.9 (0.61 to 1.33)

.81

0.93 (0.66 to 1.32)

.78

0.82 (0.59 to 1.16)

.44

≥150,000

0.67 (0.44 to 1.01)

.13

0.73 (0.50 to 1.05)

.23

0.65 (0.45 to 0.93)

.06

Supervisor (yes)

0.65 (0.54 to 0.79)

<.001

0.81 (0.68 to 0.96)

.07

0.81 (0.69 to 0.96)

.05

English (as first language)

1.38 (1.05 to 1.80)

.06

1.15 (0.91 to 1.45)

.43

1.06 (0.84 to 1.33)

.74

College degree

0.83 (0.57 to 1.20)

.49

0.91 (0.66 to 1.27)

.69

0.92 (0.67 to 1.26)

.74

Graduate degree

1.01 (0.69 to 1.48)

.97

1.13 (0.80 to 1.58)

.69

1.11 (0.80 to 1.55)

.76

Unknown

1.45 (0.94 to 2.25)

.17

1.12 (0.76 to 1.64)

.69

1.04 (0.71 to 1.52)

.88

Yes

1.25 (1.04 to 1.51)

.06

1.13 (0.96 to 1.34)

.29

1.05 (0.89 to 1.24)

.73

Extraversion

0.74 (0.64 to 0.85)

<.001

0.82 (0.72 to 0.93)

.02

0.84 (0.74 to 0.96)

.04

Agreeableness

0.85 (0.70 to 1.02)

.16

0.93 (0.79 to 1.10)

.64

0.99 (0.84 to 1.16)

.89

Conscientiousness

1.25 (1.07 to 1.46)

.02

1.25 (1.09 to 1.42)

.01

1.26 (1.11 to 1.44)

.003

Neuroticism

0.9 (0.79 to 1.03)

.20

0.90 (0.80 to 1.02)

.23

0.91 (0.81 to 1.02)

.31

Openness

0.99 (0.85 to 1.16)

.97

1.00 (0.87 to 1.14)

.95

0.97 (0.85 to 1.11)

.75

—d

—

1.03 (1.03 to 1.04)

<.001

1.02 (1.02 to 1.03)

<.001

—

—

—

1.01 (1.01 to 1.01)

<.001

Interceptc
Demographics

Income (US $)

Education level

Had a wearable

Personality

Behavior
Survey compliance in week 2 (%)

Wearable compliance in week 2 (%) —
a

P values of <.10 are denoted in italics.

b

OR: odds ratio.

c

Intercept is not an odds ratio but an estimate.

d

Variable was not included in the model.
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Table 8. Model descriptions for beta regression models trained on the nonblinded set predicting wearable compliance (from least to most effort in data
collection).a
Category variables

Wearable compliance
Model 1w

Model 2w

Model 3w

ORb (95% CI)

P value

OR (95% CI)

P value

OR (95% CI)

P value

1.40 (−0.04 to 2.84)

.10

−0.64 (−2.04 to
−0.77)

.53

−1.19 (−2.51 to 0.12)

.14

Age (years)

1.02 (1.01 to 1.04)

<.001

1.02 (1.01 to 1.03)

.009

1.01 (1.00 to 1.02)

.05

Sex (male)

0.97 (0.78 to 1.20)

.76

1.01 (0.82 to 1.23)

.95

0.97 (0.80 to 1.17)

.80

50,000-75,000

1.19 (0.79 to 1.80)

.60

1.24 (0.84 to 1.83)

.45

0.97 (0.67 to 1.40)

.92

75,000-100,000

1.14 (0.75 to 1.74)

.60

1.19 (0.80 to 1.77)

.53

1.01 (0.70 to 1.46)

.96

100,000-150,000

1.19 (0.79 to 1.81)

.60

1.38 (0.93 to 2.05)

.23

1.16 (0.80 to 1.68)

.62

≥150,000

0.87 (0.56 to 1.35)

.60

1.09 (0.71 to 1.65)

.78

0.92 (0.62 to 1.36)

.79

Supervisor (yes)

0.66 (0.54 to 0.81)

<.001

0.77 (0.64 to 0.94)

.03

0.79 (0.66 to 0.95)

.04

English (as first language)

1.39 (1.05 to 1.85)

.05

1.24 (0.95 to 1.62)

.23

1.07 (0.83 to 1.37)

.78

College degree

0.86 (0.58 to 1.27)

.60

0.88 (0.61 to 1.27)

.63

0.82 (0.58 to 1.16)

.42

Graduate degree

0.88 (0.58 to 1.32)

.60

0.88 (0.60 to 1.30)

.63

0.80 (0.56 to 1.15)

.41

Unknown

1.60 (1.01 to 2.55)

.09

1.33 (0.86 to 2.07)

.35

1.26 (0.83 to 1.91)

.42

Yes

1.50 (1.23 to 1.83)

<.001

1.33 (1.10 to 1.61)

.011

1.20 (1.01 to 1.44)

.097

Extraversion

0.67 (0.57 to 0.78)

<.001

0.74 (0.64 to 0.86)

.001

0.79 (0.69 to 0.91)

.005

Agreeableness

0.68 (0.56 to 0.83)

.001

0.72 (0.60 to 0.87)

.003

0.79 (0.66 to 0.94)

.03

Conscientiousness

1.34 (1.14 to 1.58)

.001

1.31 (1.13 to 1.53)

.003

1.35 (1.17 to 1.56)

<.001

Neuroticism

0.85 (0.73 to 0.98)

.05

0.85 (0.74 to 0.97)

.045

0.85 (0.75 to 0.97)

.04

Openness

1.03 (0.87 to 1.22)

.75

1.02 (0.87 to 1.20)

.83

0.96 (0.83 to 1.12)

.78

Survey compliance in week 2 (%)

—d

—

1.02 (1.02 to 1.03)

<.001

1.01 (1.01 to 1.01)

<.001

Wearable compliance in week 2 (%)

—

—

—

—

1.02 (1.02 to 1.03)

<.001

Interceptc
Demographics

Income (US $)

Education level

Had a wearable

Personality

Behavior

a

P values of <.10 are denoted in italics.

b

OR: odds ratio.

c

Intercept is not an odds ratio but an estimate.

d

Variable was not included in the model.
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Table 9. Model performance.
Test and metrics

Survey compliance

Wearable compliance

Model 1s

Model 2s

Model 3s

Model 1w

Model 2w

Model 3w

dfa

19

20

21

19

20

21

LogLik

247

405

435

214

283

370

Chi-square (df)

N/Ab

316 (1)

59 (1)

N/A

140 (1)

174 (1)

P value

N/A

<.001

<.001

N/A

<.001

<.001

AICc

−455

−767

−824

−389

−527

−698

R2

0.14

0.44

0.48

0.19

0.37

0.53

R2 training set

0.15

0.45

0.49

0.20

0.38

0.54

R2 testing set

0.11

0.44

0.48

0.18

0.33

0.50

MAEd training set

0.20

0.14

0.13

0.26

0.22

0.19

MAE testing set

0.21

0.14

0.14

0.27

0.23

0.19

R2

0.16

0.58

0.62

0.25

0.50

0.66

MAE

0.21

0.12

0.11

0.25

0.20

0.16

Likelihood ratio test

Nonblinded

5-fold cross-validation

Blinded

a

Degrees of Freedom.

b

N/A: not applicable.

c

AIC: Akaike information criterion.

d

MAE: mean absolute error.

Associations With Compliance
The results in model 1s/1w generally replicated previous
findings of associations with compliance: conscientiousness
(model 1s: odds ratio [OR] 1.25, 95% CI 1.07-1.46, P=.02;
model 1w: OR 1.34, 95% CI 1.14-1.58, P=.001) and age (model
1s: OR 1.02, 95% CI 1.00-1.03, P=.03; model 1w: OR 1.02,
95% CI 1.00-1.02, P<.001) were positively associated with
compliance [13,31,34], sex did not have an effect on compliance
[31], and extraversion had a negative effect (model 1s: OR 0.74,
95% CI 0.64-0.85, P<.001; model 1w: OR 0.67, 95% CI
0.57-0.78, P<.001) in compliance [31]. However, agreeableness
(model 1w: OR 0.68, 95% CI 0.56-0.83, P=.001) and
neuroticism (model 1w: OR 0.85, 95% CI 0.73-0.98, P=.05)
were negatively associated with compliance, and income,
education, and openness were not found to be statistically
significant, which contradicts previous studies [13,31,33,34],
possibly because of the following methodological differences:
we treated compliance as a ratio and not a binary variable, our
models included more controls than previous studies, and our
sample was one of information workers, not of students, that
also under sampled lower-income workers.
English as a native language was associated with higher
compliance in our sample (model 1s: OR 1.38, 95% CI
1.05-1.80, P=.06; model 1w: OR 1.39, 95% CI 1.05-1.85,
P=.05). Command of the English language could have facilitated
https://mhealth.jmir.org/2021/11/e22218
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participation in our study, given how all manuals, surveys, and
communications with participants were written in English.
Having a supervisory role, which we speculated could be an
indicator of busyness, was negatively associated with
compliance as expected. Participating in the study is one more
competing need in a busy schedule that could preclude
participants from dedicating as much time as they would have
done otherwise. Finally, having had a wearable was positively
associated with compliance (model 1s: OR 1.25, 95% CI
1.04-1.51, P=.06; model 1w: OR 1.50, 95% CI 1.23-1.83,
P<.001). People who have had wearables before were familiar
with the technology and demonstrated interest in them, which
could serve as motivation to use it more, thus staying more
compliant.
The significance of age, supervising role, and having had a
wearable changed in the models as early compliance variables
were added, possibly because of early compliance being highly
correlated with long-term compliance (Table 2), and these other
variables not helping above and beyond early compliance as
controls.

RQ1: Participant Characteristics and Compliance
Before the Study Starts
When it comes to goodness of fit, the results from model 1s and
model 1w show that with a demographics and personality
survey, we can explain 19% of the wearable compliance
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e22218 | p.334
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variance (model 1w) and 14% of the daily survey compliance
variance (model 1s). Cross-validated and blinded set R2 shows
that the models are not substantially overfitting with R2 values
close (15% versus 11% and 20% versus 18%) or slightly higher
(14% versus 16% and 19% versus 25%) than the values for the
data used in fitting the model (training versus testing and
nonblinded versus blinded). Cross-validated results show a
testing set MAE of 0.21 (model 1s) and 0.27 (model 1w),
indicating that when using 80% of the data for training and
predicting on new data, the predictions are on average within
0.21 and 0.26 of the actual compliance. The correlation between
the predicted and actual values slightly decreases when
comparing training and testing sets, which is expected. However,
the MAE also indicates that the model is not substantially
overfitting (even when training on 80% of the data) as the error
increase from training to testing is ≤0.01.
In the blinded set, the error of model 1s was similar to that of
the cross-validated version when comparing MAE (0.21). In
the case of model 1w, the MAE was lower in the blinded set
(0.20 versus 0.23).

RQ2: Early Assessment of Compliance and Long-term
Compliance
We constructed models 2s/2w and 3s/3w to address whether
very early compliance would be indicative of future compliance,
as compliance has been shown to be trait-like [12,31,74]. Early
daily survey compliance in week 2 was a good predictor for
both survey and wearable compliance (model 2s: OR 1.03, 95%
CI 1.03-1.04, P<.001; model 2w: OR 1.02, 95% CI 1.02-1.03,
P<.001), and thus a good proxy for trait-like compliance.
Models 2s/2w and 3s/3w show a significant improvement when
compared with the corresponding model 1. Adding early
wearable compliance in model 3s/3w improved the fit across
all tests and provided an improvement in our blinded data set
by reducing error. As more tasks are added, more trait-like
compliance can be captured early on. A lower Akaike
information criterion indicated that both models are of better
relative quality than the corresponding model 1, and models
3s/3w are better than models 2s/2w. Likelihood ratio tests further
confirmed this. Although a training increase in R2 is expected
in regression models as more variables are added, the
improvement on the cross-validated and blinded set R2 with
respect to the respective model 1 values shows a far better fit
to previously unseen data.
When comparing model 3s with model 2s in predicting survey
compliance, the benefit of including wearable compliance in
week 2 (model 3s: OR 1.01, 95% CI 1.01-1.01, P<.001) is
minor, with only a small increase in fit and a decrease in error.
In the case of predicting wearable compliance, model 3w shows
an improvement over model 2w by including wearable
compliance in week 2 (model 3w: OR 1.02, 95% CI 1.02-1.03,
P<.001). Cross-validated MAE reduced by 0.04, and R2
increased by 0.17, whereas the blinded set R2 increased by 0.16,
and MAE decreased by 0.04.
Overall, survey compliance can be predicted with less error than
wearable compliance. The cross-validated and blinded set MAE
https://mhealth.jmir.org/2021/11/e22218
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of both predictions is within a reasonable value to be useful,
and the relatively high R2 indicates that the predictions correlate
highly with actual compliance.
Finally, as we predicted aggregated compliance, we needed to
make sure that compliance is relatively stable to make sure that
the predictions of these models could be generalized to studies
of varying lengths. We know from Table 2 that week 2
compliance and long-term compliance are correlated. Therefore,
we calculated intraclass correlation coefficients (ICC) and found
that there was good agreement [75] between weekly compliances
throughout the study in the entire data set (blinded and
nonblinded) for both variables: wearable compliance, ICC was
0.695 (95% CI 0.673-0.718), and survey compliance, ICC was
0.656 (95% CI 0.630-0.682). Furthermore, to test the agreement
of aggregate measures when surveys were no longer required,
we aggregated wearable compliance until day 56 and correlated
it with study-long compliance showing good agreement as well
r=.82 (95% CI 0.80-0.85). The correlations in Table
2—ICCs—along with previous findings [31], suggest that any
long-term aggregate of compliance would significantly correlate
with the aggregation of compliance used in the analyses (56
days for surveys and year-long for wearable).

RQ3: Self-assessment of Compliance
Among the participants who answered our questions related to
compliance and study participation, 80.9% (466/576) thought
that it was easy to participate in the study, 75.9% (438/577)
thought that they were extremely well- or somewhat
well-compensated, and 95.1% (548/576) said that we could
contact them if we were to run another study like this one.
Notably, 65.1% (375/576) of the participants agreed that the
portal was useful, 17.4% (100/576) neither agreed nor disagreed
that the portal was useful, and only 17.5% (101/576) found the
portal not useful or did not recall using it. 84.5% (484/573) of
the participants felt somewhat or extremely satisfied with the
way issues were resolved throughout the study. Overall,
participants found that the biggest obstacles toward compliance
were technical issues (280/555, 50.5%), followed by personal
reasons (203/555, 36.6%), work reasons (107/555, 19.2%),
survey issues (75/555, 13.5%), difficulty with setup (48/555,
8.6%), privacy (20/555, 3.6%), and other reasons (63/555,
11.4%).
In addition, portal use and perceptions were correlated with
compliance. Portal usefulness was positively correlated with
wearable compliance (r=0.139; P=.002) and survey (r=0.217;
P<.001) compliance. Perceived timely resolution was correlated
with wearable compliance (r=0.250; P<.001) and survey
compliance (r=0.128; P=.002). Ease of study participation was
associated with wearable compliance (r=0.355; P<.001) and
survey compliance (r=0.252; P<.001). Finally, compensation
was positively correlated with wearable compliance (r=0.281;
P<.001) and survey compliance (r=0.190; P<.001). Taken
together, these correlations demonstrate that, in general,
perceived usefulness, timely issue resolution, ease of study
participation, and adequate compensation are associated with
higher compliance. Thus, effective feedback and timely problem
resolution are useful goals for researchers looking to maximize
compliance.
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Discussion
Recommendations for Future Study Design
Although researchers cannot change the characteristics of
participants found to be associated with compliance (ie,
demographics and personality), there are still different strategies
based on the models presented throughout this work and the
exploration of the RQs proposed.

Oversampling
One initial strategy could be oversampling groups likely to drop
out or be less compliant (eg, those who had higher extraversion
or lower conscientiousness). We do not recommend simply
excluding participants based on these variables, as this would
introduce bias. We showed that a short survey of demographics
and personality traits could predict compliance early on, with
an MAE of 0.26 for wearable compliance (model 1w) and 0.20
for daily survey compliance (model 1s). Furthermore, our
findings related to RQ2 suggest that there is value in an initial
2-week pilot in which participants fill out a subset of actual
tasks or rough equivalents. We do not think the items themselves
matter but only that the surveys are short (<2 minutes to
complete). We would expect this to generalize as follows:
completion of some of the full set of study tasks during the pilot
will allow researchers to observe a trait-like characteristic of
compliance in the participants, which will be indicative of how
much they comply with study tasks in general. Alternatively,
the pilot could include the full set of tasks (eg, survey
completion and wearable use). This proved to have the best fit
in our models for both kinds of compliance studied. However,
in the case of a study involving wearables, providing the devices
to the pilot participants could entail higher costs with minimal
benefit (Table 9; models 3s/3w versus model 2s/2w).
Nevertheless, a 2-week pilot would be cost-effective for studies
that pay more as more data get collected or studies that require
a certain level of data regardless of the population being
sampled. Using Tesserae payment as an example, participants
were paid US $50 to complete enrollment at week 1, US $150
at the end of week 12, US $200 at the end of 24 weeks, and US
$350 at the conclusion of the study. A total of 107 participants
dropped out of the study. In many study designs, data from
participants who do not complete the study might be excluded
because of insufficient data. If all 107 participants were
compliant through week 12 and subsequently became
noncompliant or dropped out, participants would have been
paid US $200 for data that may not be useful in achieving the
study goals. If a survey-only pilot lasting 2 weeks was conducted
that screened 107 noncompliant participants, they would only
have cost the study US $50. With the US $150 savings per
participant, plus the savings of US $550 not paid to participants
who dropped out, Tesserae researchers could have recruited an
additional 99 fully compliant participants without deviating
from the original budget. Researchers who have a specific
budget for participant payments can thus maximize data
collection by estimating compliance through a short pilot study.

Targeted Participant Engagement
If a study is not long enough or the budget does not allow for
oversampling, using the models early could suggest to
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researchers which participants are likely to require extra support
to engage with them properly or perhaps provide flexibility or
an adaptive schedule in the completion of tasks, such as EMAs
that interrupt ongoing activities unlike passive sensing [37].
Approximately 14% of the participants who answered what the
biggest difficulties in maintaining compliance were identified
surveys too often, too long, and too many as one of their
difficulties. However, researchers need to carefully consider
the interventions in the study to prevent them from being
counterproductive. Throughout our study, the interventions
were kept to a minimum. Participants were reminded of syncing
their wearable only once a week (Mondays) in the event of
missing data (most likely because of delayed data syncing from
the wearable) and only if initial data from the wearable had not
been received. Similar interventions were sent in the case of
missing smartphone agent data, lack of beacon sightings in a
significant period, or consistent periods of not responding to
daily surveys. Despite limited interventions, the compliance for
the study was quite high, with median compliance rates of 85.7%
(649/757) for the daily surveys, 84.7% (641/757) for the
wearables, and 93.7% (709/757) for the smartphone agent
among all participants. Obtaining adequate compliance with
minimal interventions can reduce experimenter effort and save
experimenter resources while reducing participant interaction.
More interventions do not necessarily produce better compliance
[19,31], and too many notifications can lower their importance
to participants [76].

Providing a Study Portal
Finally, we recommend providing support in the form of
troubleshooting and a compliance tracking portal that can help
participants stay compliant [77]. The portal in our study
comprised an issue tracker and dashboards for the researchers
and participants, with study researchers being able to track
compliance as a study aggregate as well as per participant.
Participants were able to track their compliance throughout the
study and easily contact the researchers in cases where they saw
a discrepancy between the compliance levels shown on the
portal and their own expectations. Participants confirmed the
usefulness of the portal, with 65.1% (375/576) believing that it
was useful and only 17.5% (101/576) thinking that it was not
useful or not remembering having used it.

Limitations and Future Work
It is important to note the several limitations of this work. As
the participants were largely drawn from a population of
information workers from 4 organizations, these participants
may not represent all information workers or the general
working population. For example, lower-income individuals
were underrepresented in the sample. Although ethnicity was
previously not found to be associated with compliance [31], we
did not collect information about race; thus, we do not have a
way of knowing if the sample was diverse and representative
of the broader US population.
In addition, the study design could not explore how maintaining
compliance on one stream affected compliance for other streams.
Thus, it is possible that a 2-week pilot with only surveys may
not have the same effect on compliance as a 2-week pilot with
all streams.
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Finally, there is the aspect of rewards and compensation that
we could not examine or control for in our analysis because of
study requirements and the fact that all participants that received
lottery payments belonged to a single cohort. Although Musthag
et al [78] found no differences among the 3 payment schemes
in a study comparing the effect of incentives on compliance,
the authors believed that if the incentives had lower values, they
would have observed differences in the compliance rate. Harari
et al [33] found a markedly different compliance across the 3
incentive schemes that relied on course credit and feedback,
compensation and feedback, and a prize reward—keeping the
wearable—at the end of the study. Given that at least 9.9%
(57/577) of our participants found compensation to be
inadequate, with a slight majority (35/57, 61%) of that 9.9%
having received lottery payments, it is possible that a future
study would find stipend compensation to be more effective
than lottery-based payments.
In addition to addressing the above limitations, future work
could examine the rate of dropouts through a survival analysis
using time-varying covariates, as well as whether periods or
onset of noncompliance are marked by spikes in stress or
changes in sleep patterns. In this work, as we focused on the
early prediction of long-term compliance instead of ongoing
prediction, we did not include time-varying covariates.

Martinez et al
Furthermore, developing purely predictive models based on the
findings of this work and such time-series analyses could lead
to the development of effective study design and management
tools that support decisions before and during the study to
maximize compliance in studies.

Conclusions
Our work is an extensive analysis of sensor compliance for a
longitudinal study of a population of information workers from
multiple organizations and across the United States. We
presented predictions of compliance in the Tesserae study along
with a detailed description of the methodology of the study. We
considered 31 variables and presented 6 beta regression models,
with 14 selected variables that evaluated the association between
compliance and participants’ demographics, personality, and
trait-like compliance early in the study. We presented
participants’ challenges in maintaining compliance, their
satisfaction with troubleshooting issues, and their assessment
of the portal that provided feedback on compliance and help
with troubleshooting. From this work, we draw
recommendations for future longitudinal studies that aim to
improve efficiency by maximizing the amount of data collected.
Ultimately, our work provides insights to improve the
experimental setup of a study to maximize the quantity of data
collection.
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Abstract
Background: Healthy behaviors are crucial for maintaining a person’s health and well-being. The effects of health behavior
interventions are mediated by individual and contextual factors that vary over time. Recently emerging smartphone-based ecological
momentary interventions (EMIs) can use real-time user reports (ecological momentary assessments [EMAs]) to trigger appropriate
support when needed in daily life.
Objective: This systematic review aims to assess the characteristics of smartphone-delivered EMIs using self-reported EMAs
in relation to their effects on health behaviors, user engagement, and user perspectives.
Methods: We searched MEDLINE, Embase, PsycINFO, and CINAHL in June 2019 and updated the search in March 2020.
We included experimental studies that incorporated EMIs based on EMAs delivered through smartphone apps to promote health
behaviors in any health domain. Studies were independently screened. The PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) guidelines were followed. We performed a narrative synthesis of intervention effects, user perspectives
and engagement, and intervention design and characteristics. Quality appraisal was conducted for all included studies.
Results: We included 19 papers describing 17 unique studies and comprising 652 participants. Most studies were
quasi-experimental (13/17, 76%), had small sample sizes, and great heterogeneity in intervention designs and measurements.
EMIs were most popular in the mental health domain (8/17, 47%), followed by substance abuse (3/17, 18%), diet, weight loss,
physical activity (4/17, 24%), and smoking (2/17, 12%). Of the 17 studies, the 4 (24%) included randomized controlled trials
reported nonstatistically significant effects on health behaviors, and 4 (24%) quasi-experimental studies reported statistically
significant pre-post improvements in self-reported primary outcomes, namely depressive (P<.001) and psychotic symptoms
(P=.03), drinking frequency (P<.001), and eating patterns (P=.01). EMA was commonly used to capture subjective experiences
as well as behaviors, whereas sensors were rarely used. Generally, users perceived EMIs to be helpful. Common suggestions for
improvement included enhancing personalization, multimedia and interactive capabilities (eg, voice recording), and lowering the
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EMA reporting burden. EMI and EMA components were rarely reported and were not described in a standardized manner across
studies, hampering progress in this field. A reporting checklist was developed to facilitate the interpretation and comparison of
findings and enhance the transparency and replicability of future studies using EMAs and EMIs.
Conclusions: The use of smartphone-delivered EMIs using self-reported EMAs to promote behavior change is an emerging
area of research, with few studies evaluating efficacy. Such interventions could present an opportunity to enhance health but need
further assessment in larger participant cohorts and well-designed evaluations following reporting checklists. Future research
should explore combining self-reported EMAs of subjective experiences with objective data passively collected via sensors to
promote personalization while minimizing user burden, as well as explore different EMA data collection methods (eg, chatbots).
Trial Registration: PROSPERO CRD42019138739; https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=138739
(JMIR Mhealth Uhealth 2021;9(11):e22890) doi:10.2196/22890
KEYWORDS
ecological momentary assessment; ecological momentary intervention; behavior change; health behavior; mHealth; mobile health;
smartphone apps; mobile phone

Introduction
Background
Mobile technologies have become popular approaches to
promote behavior change and improve health outcomes, offering
the ability to reach large populations in an easy, rapid, and
low-cost manner [1,2]. Until recently, mobile behavior change
interventions were limited to providing automated and
predefined generic or minimally tailored messages, mainly
based on estimates of baseline or usual behaviors and their
determinants [3]. As people’s behaviors are driven by individual
and contextual factors that vary across time [4,5], there is a need
to make behavior change interventions that are more adaptive
to the users’ evolving needs and context. Such an adaptive and
dynamic intervention approach might help maintain participant
engagement, sustain and support continued behavior change
for longer durations, and thereby achieve greater health benefits
[4-6].
Ecological momentary interventions (EMIs) are behavior change
interventions that deliver support in real time, when most needed
[7], for example, when the user is most likely to engage in
unhealthy behaviors. To provide the information or treatment
in real time and in real settings, EMIs are often based on
repeated user reports collected via questionnaires, that is,
ecological momentary assessments (EMAs) [8]. These EMA
self-reports are usually real time or near real time and can focus
on behaviors, contexts, emotional states, beliefs, attitudes,
perceptions, exposures, events, or experiences in naturalistic
settings (eg, “How are you feeling right now?”, “What are you
doing right now?”, and “Are you near anyone smoking?”) [9].
EMAs originated in psychology a few decades ago, when these
self-reports were primarily paper-based [8,9].
It has been suggested that tailoring EMIs based on EMAs may
lead to higher user engagement and intervention effectiveness
[7,10,11]. Given the ubiquity of smartphones [12,13],
researchers are starting to explore the use of these mobile
technologies to collect EMAs and deliver EMIs [14-17].
Previous systematic reviews of EMAs have focused on sedentary
behavior, physical activity, and diet, mixing different EMA
media for data collection, such as smartphones, PDAs
(precursors of smartphones, now discontinued), and
https://mhealth.jmir.org/2021/11/e22890
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paper-and-pencil diaries [18-22]. The few existing systematic
reviews on EMIs have focused on mental health and have also
included studies with mixed media for EMIs, such as telephone,
SMS text messaging, in-person counseling, computers, PDAs,
and smartphones (a minority of included studies) [23-25]. To
date, no studies have synthesized the current evidence on the
use of smartphone-delivered EMIs using EMAs and their impact
on health behaviors, user perspectives, or engagement.

Objective
The overall objective of this study is to systematically review
the evidence and characteristics of smartphone-delivered EMIs
to promote behavior change, using self-reported EMAs,
specifically (1) their effects on health behaviors in any health
domain, (2) user engagement, and (3) user perspectives.
Although not the original aim of this systematic review, another
objective arose upon data extraction and analysis—developing
a reporting checklist (adapted from an existing checklist [22])
to facilitate interpretation and comparison of findings and
enhance transparency and replicability of future studies using
EMAs and EMIs.

Methods
The PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) guidelines were used when
conducting and reporting this systematic review. The protocol
was registered in PROSPERO (International Prospective
Register of Systematic Reviews; CRD42019138739).

Search Strategy for Identification of Studies
A literature search was conducted in June 2019 (and updated
in March 2020) using MEDLINE (via PubMed interface),
Embase, PsycINFO, and CINAHL. Search strings included a
combination of free terms and controlled vocabulary when
supported (complete search strategy available in Multimedia
Appendix 1). The reference lists of relevant articles were also
screened to ensure that all eligible studies were included. The
authors were contacted if there was a need for any additional
information about the included studies.
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Study Selection Criteria
The eligibility criteria were developed using the PICO
(Participants, Intervention, Comparator, Outcomes; Multimedia
Appendix 2). Participants included healthy individuals or
patients with chronic conditions. We included all experimental
studies that incorporated EMIs to improve health behaviors in
any health domain. For the purposes of this review, an EMI
must have been delivered in real time through smartphone apps
and must have been based on data collected from users’ repeated
reports in their natural context (ie, EMAs) and also via
smartphone apps. Outcomes included any measures that
illustrated the effects on health behavior changes (eg, changes
in step counts and diet changes). Secondary outcomes included
perspectives on EMIs and user engagement behaviors with
different types of EMIs, including retention rate. No limiting
criteria were used regarding comparison groups. Peer-reviewed
studies published in English were included, and no restrictions
were set regarding publication dates.
We excluded protocols, reviews, opinion pieces, and design
and development papers without user evaluation of EMIs.
Studies that used EMAs only for the purpose of data collection
or outcome measurement were also excluded. Other exclusion
criteria included interventions that relied solely on the automated
data collected (eg, only through sensors and no user-reported
EMAs) and interventions that were not based on data submitted
by the participants (ie, EMAs) via smartphone apps or wearable
devices.

Screening, Data Extraction, and Synthesis
A pilot screening of the studies was completed before the actual
screening process began. The title and abstract screening and
full-text screening were conducted by 2 independent
investigators. A third researcher resolved disagreements. Cohen
κ was applied to measure the intercoder agreement in each
screening phase.
An investigator extracted the information from the included
studies into a standardized form, and another researcher
reviewed the form for consistency. The data collected from each
study included the first author, year of publication, location,
health domain, intervention aim, study design and duration,
participants’ settings and characteristics, EMA data collection
characteristics (eg, type of information collected from
participants, prompting design and frequency—following the
CREMAS [Checklist for Reporting EMA Studies] reporting
checklist [22]), intervention components (eg, app, website, and
therapy sessions), smartphone-based EMI characteristics (eg,
frequency), health-related outcomes, user’s perspectives
regarding EMIs and EMAs, and user engagement. Behavior
change techniques (BCTs) were coded by 2 researchers using
the BCT taxonomy [26]. Included randomized controlled trials
(RCTs) were appraised by 2 researchers using the Cochrane
risk of bias tool [27]. Nonrandomized studies were appraised
by 2 researchers using the Risk Of Bias In Non-randomized
Studies of Interventions tool [28]. A narrative synthesis was
conducted for all included studies.
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Results
Description of Included Studies
The search returned 2824 results (Figure 1). Of the 2824 studies,
after removing duplicates, 2162 (76.56%) studies underwent
title and abstract screening. Of the 2162 studies, there were 81
(3.75%) studies for full-text screening; of the 81 studies, 66
(81%) were excluded for not meeting the inclusion criteria
(reasons for exclusion are presented in Multimedia Appendix
3). Cohen κ scores were 0.3 and 0.5 for abstract and full-text
screening, respectively. We included 15 papers from the original
search and 4 additional papers from other sources (reference
lists of included studies and database search updates),
corresponding to 19 articles, describing 17 unique studies (Table
1).
The 17 included studies (19 papers) involved a total of 652
participants [29-47] (Table 1). Most studies (13/17, 76%; 15/19,
79% papers) were conducted in the United States
[29-32,34,37-45,47]. Publication years ranged from 2011 to
2020 (13/17, 76% studies were published from 2016 onward).
Study duration ranged from 2-15 weeks, and the average
duration was 4 weeks. Sample size varied from 7-121
participants (mean 35.2, SD 33.3; 67% women). The health
domains covered were: mental health [29-36], smoking cessation
[37-39], and substance abuse control [40-42], as well as diet,
weight loss, and physical activity [43,44,46,47]. Studies in the
mental health domain mostly recruited patients from outpatient
clinics diagnosed with a mental health problem (major
depressive disorder [29], schizophrenia [34,36], bipolar disorder
[31], and other conditions [30,32,35]), and only 1 study focusing
on mood and anxiety management recruited participants without
a diagnosis [33]. Studies focusing on smoking recruited
participants from smoking cessation clinics [37-39]. Studies on
substance abuse control recruited individuals currently in
treatment for an alcohol disorder from the community [40],
college students with problematic drinking [41], and marijuana
users from primary care clinics [42]. Finally, studies on diet,
weight loss, and physical activity recruited obese individuals
undergoing assessment for bariatric surgery [43], overweight
or obese participants from the community [44,45], university
students interested in well-being [46], and African American
women after breast cancer treatment, recruited from the
community [47].
Of the 17 studies, there were 4 (24%; 5/19, 26% papers) RCTs
[39,42,44,45,47] and 12 (71%; 13/19, 68% papers)
quasi-experimental studies (all with a single-arm design
[29-35,37,38,40,41,43,46] except for one with 2 arms [36]). Of
the 17 studies, participant retention was reported in 14 (82%;
16/19, 84% papers) studies, ranging from 62.1%-100% in the
intervention arm [29-31,34,36-47], with 11 (65%; 13/19, 68%
papers)
studies
having
retention
rates
>75%
[29-31,34,36-38,40,41,44-47]. The risk of bias of the 4 RCTs
was assessed as unclear for most of the risk of bias tool
categories (Multimedia Appendix 4). Overall risk of bias in
nonrandomized studies was assessed as serious for most studies
(Multimedia Appendix 5).
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Figure 1. Flowchart of included studies.
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Table 1. Characteristics of included studies.
Author, year, loca- Intervention
tion
aim

Study design

Duration (weeks);
Sample size (Ia;Cb);
Age (years), mean
(SD); Women
(%);Characteristics

Study reten- Intervention comtion rate (%) ponents

Health-related out- P value
comes

Mental health
Burns, 2011,
United States
[29]

Mood disorders Quasi-experimanagement
mental, 1 arm

7; 8 (N/Ac); 37.4
(12.2); 87%; Adults
with major depressive
disorder recruited on
the web

Bush, 2014,
United States
[30]

Mood and anxi- Quasi-experiety disorders
mental, 1 arm
management

Wenze, 2016,
United States
[31]

87

App, website,
Depressive sympphone coaching,
toms decreased
emails, and sensors postintervention

<.001

2; 8 (N/A); NRd; 37%; 100
Military personnel under treatment for behavioral health issues

App

—e

Bipolar disorder Quasi-experimanagement
mental, 1 arm

12; 8 (N/A); 44 (11.6); 100
65%; Patients with
bipolar disorder from a
psychiatric hospital (inpatient and outpatient)

App and therapy
—
NSf Change in
sessions (4 weekly symptoms or adherduring 1 month)
ence

Shrier, 2017,
United States
[32]

Impulse control Quasi-experidisorder manmental, 1 arm
agement

4; 16 (N/A); 19.6 (NR); NR
100%; Primary care patients with depressive
symptoms and at increased HIV risk

App and therapy
sessions

NR

—

Bakker, 2018,
Australia [33]

Mood and anxi- Quasi-experiety disorders
mental, 1 arm
management

4; 44 (N/A); 36 (13);
82%; Participants recruited on the web (no
diagnosis needed)

App

NR

—

Kreyenbuhl,
2019, United
States [34]

Promote antipsy- Quasi-experichotic medica- mental, 1 arm
tion adherence

2; 7 (N/A); 47.6 (10.4); 100
0%; African American
men with schizophrenia
from an outpatient
mental health clinic

App and clinician
appointment

Participants report- —
ed taking their antipsychotic medication in 100% of the

NR

NR

adherence EMAsg
to which they responded

Vaessen,
2019, The
Netherlands
[35]

Psychotic disor- Quasi-experiders managemental, 1 arm
ment

Results for intervention NR
arm of randomized
controlled trial; 16
(N/A); NR; NR; First
episode psychosis in the
past 3 years, recruited
from mental health
clinics

App and accepNR
tance and commitment therapy sessions (weekly)

Hanssen,
2020, The
Netherlands
[36]

Schizophrenia Quasi-experispectrum disor- mental, 2 arms
ders management

3; 64 (NR; NR); 37.9
(8.6); 33%; Patients
with schizophrenia
spectrum disorder, recruited from hospitals
and clinics

App

Psychotic symp.03
toms significantly
decreased postintervention in the intervention group
compared with
control (b=−0.005;
95% CI −0.01 to
−0.0006)

Smoking cessa- Quasi-experition and relapse mental 1 arm
prevention

13; 59 (N/A); 52 (7);
78
54%; Individuals attending a first visit at a
smoking cessation clinic

App, group counseling, and cessation pharmacotherapy

Abstinence rate de- —
creased over time
(41% in week 1
and 20% in week
12)

78

—

Smoking cessation
Businelle,
2016, and
Hebert, 2018,
United States
[37,38]
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Author, year, loca- Intervention
tion
aim

Hebert, 2020,
United States
[39]

Study design

Dao et al
Duration (weeks);
Sample size (Ia;Cb);
Age (years), mean
(SD); Women
(%);Characteristics

Smoking cessa- Randomized
tion and relapse controlled trial,
prevention
3 arms

Study reten- Intervention comtion rate (%) ponents

Health-related out- P value
comes

13; 81 (28; 28; 28);
66
49.6 (11.9); 50%; Individuals referred to a
smoking cessation clinic

App, group coun- Abstinence rate NS —
seling, and cessa- between groups
tion pharmacotherapy

Substance abuse control
Dulin, 2014,
United States
[40]

Alcohol abuse
treatment

Quasi-experimental 1 arm

5; 28 (N/A); 33.6 (6.5); 100
46%; Individuals currently in treatment for
an alcohol disorder, recruited from the community

App and sensor

Decrease in per<.001
centage of heavy
drinking days
postintervention
(56% vs 25%; Cohen d=1.0)

Leonard,
2017, United
States [41]

Alcohol abuse
prevention and
management

Quasi-experimental, 1 arm

3; 10 (N/A); 20.7 (NR); 100
100%; College students
with problematic drinking not under treatment

App, two counseling sessions, and
sensor

NR

Shrier, 2018,
United States
[42]

Marijuana use
cessation

Randomized
controlled trial,
3 arms

12; 70 (NR; NR; NR); 66
20.7 (NR); 60%; Marijuana users from primary care clinics

App and counseling sessions

Percentage of days —
abstinent, NS between arms

—

Diet and physical activity

a

Mundi, 2015,
United States
[43]

Promote
Quasi-experihealthy
mental, 1 arm
lifestyles to prepare for
bariatric
surgery

15; 30 (N/A); 41.3
67
(11.4); 90%; Patients
with obesity undergoing
assessment for bariatric
surgery

App

Nutrition knowledge and engagement with healthy
lifestyles: NS improvements

—

Goldstein,
2018 and
2020, United
States [44,45]

Diet adherence

Randomized
controlled trial,
2 arms

10; 121 (62; 59); 47.2 84.3
(13.4); 100%; BMI ≥25

App and Weight
Watchers program

Weight loss: NS
improvements;
Lapse frequency:
NS improvements

—

Pentikäinen,
2019, Finland
[46]

Diet adherence

Quasi-experimental, 1 arm

4; 74 (N/A); 36.2
(12.5); 61%; Individuals interested in wellbeing, recruited from
universities

App

The average interval between meals
increased; the
number of daily
eating occasions
decreased

.003;
.01

Allicock,
2020, United
States [47]

Promote physical activity and
diet adherence

Randomized
controlled trial,
2 arms

8; 22 (13;9); 52 (9);
100
100%; African American women post breast
cancer treatment, recruited from the community

App

Reduced sedentary <.05
time by 4.37 (SD
7.14) hours/day
versus controls;
waist circumference, BMI change,
physical activity,
diet: NS improvements

kg/m2 recruited from
the community
79

I: intervention.

b

C: control

c

N/A: not applicable.

d

NR: not reported.

e

Not available.

f

NS: not supported.

g

EMA: ecological momentary assessment.
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Intervention Characteristics
The commonly collected types of EMA data were affect-related
(eg, emotions, feelings, and mood; 12/17, 71% studies; 14/19,
74% papers) [29-33,35-39,41,42,44,45], related to behaviors
(eg, self-reported diet, physical activity, alcohol use, and
medication adherence; 12/17, 71% studies; 14/19, 74% papers)
[31-39,42-47], related to cognitions (eg, reasons for
nonadherence and reasons to quit alcohol; 10/17, 59% studies;
12/19, 63% papers) [29,31,33-39,42-45], and related to social
and environmental context (eg, distractions while eating and
interaction with someone smoking; 9/17, 53% studies; 11/19,
58% papers; Table 2) [29,36-45]. In addition to user-reported
EMAs, 18% (3/17) of studies also had sensor-collected data
(eg, GPS and accelerometer) [40,48,49]. User-reported data
collection was initiated either by the app (user would be
prompted by the app to provide certain data)
[29,31,32,34-39,41-45] or by the user (eg, as users saw fit; after
a certain event, such as a meal) [29,30,33,37-41,44-46],
sometimes with more than one modality in the same study
[37-39,41,44,45,47]. The daily frequency of EMA prompts in
app-initiated data collection was reported in 11 (65%; 13/19,
68% papers) studies [29,31,32,35-39,42-45,47], ranging from
2-8 times, with the most common being 4 to 5 times daily
[29,32,37-39,42,43]. In 12% (2/17) of studies, the daily
frequency was variable, depending on the number of times the
participant needed to take medication daily [34] and depending
on a trigger from a sensor [41]. The time window allowed for
responding to EMA prompts was reported in 29% (5/17) of
studies and varied between 1 and 130 minutes (Multimedia
Appendix 6) [31,36-38,43,44].
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EMIs consisted mostly of suggesting coping strategies (eg, use
of cognitive-behavioral skills) [29,31-33,35-45,47], followed
by motivational feedback (eg, positive reinforcement and
supportive messages) [29,32,34,37-43,47] and informational
feedback (eg, user-tailored graphs; Table 2) [30,31,44-47]. EMI
characteristics were poorly reported and were not described in
a standardized manner across studies, rarely detailing the
decision mechanism (eg, algorithm). The EMI mechanism was
not reported in 7 (41%, 8/19, 42% papers) studies [31-33,35-39],
predetermined in 8 (47%) studies [30,34,40-43,46,47], and
adaptive in 2 (12%; 3/19, 16% papers) studies [29,44,45]. The
delivery format was in the form of text in most studies
[29,31-34,36-45,47]; approximately 12% (2/17) of studies used
tailored graphs [30,46], and 6% (1/17) of studies used texts and
images [35]. Most interventions used other components in
addition to the app, the most common one being counseling
sessions with a therapist, either face-to-face or by telephone
[29,31,34,35,37-39,41,42].
There were 35 BCTs identified across the studies (Multimedia
Appendices 7 and 8). The most popular BCTs were social
support (unspecified; 13/17, 76% studies; 15/19, 79% papers)
[29,31,32,34,35,37-45,47], followed by prompt or cue (10/17,
59% studies; 11/19, 58% papers) [29,30,32,34-36,40,43-45,47],
problem solving (9/17, 53% studies; 11/19, 58% papers)
[29,31,33,36-41,44,45], feedback on behavior (6/17, 35%
studies) [31,34,36,41,43,46], self-monitoring of behavior (7/17,
41% studies) [29,31,34,40,42,46,47], and social support
(emotional; 6/17, 35% studies) [31-33,40-42]. The most
commonly mentioned theories, frameworks, or models were
cognitive behavioral therapy [31,33,41,42] and motivational
interviewing [40-42].
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Table 2. Characteristics of EMAa data collection and EMIb in included studiesc.
Author, year, location EMA data collection
Type of user-re- Mechanism
ported data

EMI
d

Format (input mode)

Sensors

e

Type of intervention content

Mechanismd

Coping strategies
(suggested activities) and motivational feedback
(message to reinforce improvement)

App-initiated and Text
adaptive (eg, suggested activities
when a user’s selfreported mood was
outside their typical range, based on
a machine-learning
algorithm built
from EMA and
sensor data); frequency, interval,
and time allowed:

Format (delivery mode)

Mental health
Burns, 2011,
United States
[29]

Affect-related
(mood), cognitions, social and
environmental
context, and
motivational
states

App-initiated
Likert scales
(predetermined, and multiple
≥5 times daily at choice
random times between 7 AM and
10 PM, depending on participant
preference) and
user-initiated
(frequency as
users see fit)

38 sensors
(eg, GPS and
accelerometer)

NRf
Bush, 2014, Unit- Affect-related
User-initiated
ed States [30]
and mental
(frequency as
health-related
users see fit)
symptoms and
events (stress,
head injury, depression, anxiety, well-being)

RenderX

—g

Informational
feedback (access to
customized reports
of mood data and
personalized
graphs of EMA data)

App-initiated; pre- Graph
determined; frequency, interval,
and time allowed:
N/Ah

Wenze, 2016,
United States
[31]

Affect-related,
behaviors (daily
medications and
appointments
and adherence
behaviors), cognitions (risk
factors for nonadherence), and
bipolar disorder
symptoms (eg,
sleep)

App-initiated
Likert scale —
(time-contingent; and multiple
2/day, 9 AM and choices
9 PM; time allowed: 12 min)

Coping strategies
and informational
feedback

App-initiated; NR

Text

Shrier, 2017,
United States
[32]

Affect-related,
behaviors (sexual behavior),
and self-efficacy for safer sex
behavior

App-initiated
(predetermined,
at random times,
4 times daily;
time allowed:
NR)

Bakker, 2018,
Australia [33]

Affect-related
User-initiated
(mood), cogni- (frequency as
tions, and physi- users see fit)
ological response

Kreyenbuhl,
2019, United
States [34]

Behaviors
(medication adherence at
scheduled times
throughout the
day) and cognitions (reasons
for nonadherence)
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Slide bar to
rate emotions and
states

NR

—

Coping strategies App-initiated; NR
and motivational
feedback (provided
supportive messages and prompted use of cognitive-behavioral
skills)

Text

Multiple
choice and
sliding bars

—

Coping strategies; NR
upon completion of
activities, gamified
rewards were issued

Text

—

Motivational feed- App-initiated and Text
back based on self- predetermined (Ifreported adherence Then, depending
on individual responses); frequency and interval dependent on EMA;
time allowed: NR

App-initiated
Multiple
(predetermined, choice
event-contingent
and dependent on
the number of
times the participant needs to take
medication daily)
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Author, year, location EMA data collection
Type of user-re- Mechanismd
ported data

EMI
Format (input mode)

Sensorse

Type of intervention content

Mechanismd

Format (delivery mode)

Vaessen, 2019,
Netherlands [35]

Affect-related
(current mood),
behaviors (activity), and symptoms

App-initiated
NR
(predetermined,
random times, 8
times daily); time
allowed: NR

—

Coping strategies App-initiated; NR
(suggested exercise
to train general acceptance and commitment therapy
principles)

Image and text

Hanssen, 2020,
Netherlands [36]

Affect-related
(feelings and
moods),
thoughts, behaviors, cognitions,
social and environmental context, and symptoms

App-initiated
(predetermined,
random, 6 times
daily between 10
AM and 10 PM,
intervals >130
min; time allowed: NR)

Likert scale,
multiple
choices, and
yes/no answers

—

Coping strategies
(provided suggestions for a certain
activity or behavior
change based on
previous EMA answers in the following categories:
psychotic symptoms, social engagement, health
behavior, and
mood and emotion)

App-initiated;
Text
mechanism NR;
frequency: 2
prompts/day; interval and time allowed: NR

Businelle, 2016
[37] and Hebert,
2018, United
States [38]

Affect-related,
behaviors (recent alcohol
consumption),
cognitions (motivation to quit),
social and environmental context (eg,
cigarette availability and interaction with
someone smoking), and urge
to smokes

Three types of
EMA with three
different frequencies: Daily diary
(app-initiated;
once daily, 30
min after waking;
time allowed: 60
seconds); Random sampling
(app-initiated;
predetermined,
random, 4 times
daily; time allowed: NR);
Event sampling
(user-initiated;
precessation
smoking, urge,
and postcessation
lapse)

Click but—
tons to report smoking
incidents

Coping strategies
(provided risk-tailored messages to
help participants
cope with lapse
triggers) and motivational feedback

App-initiated;
Text
mechanism NR;
frequency and interval: NR; time allowed: NR

Hebert, 2020,
United States
[39]

Affect-related,
behaviors (recent alcohol
consumption),
cognitions (motivation to quit),
social and environmental context (eg,
cigarette availability and interaction with
someone smoking), and urge
to smoke

Three types of
EMA with three
different frequencies: Daily diary
(app-initiated;
1/day, 30 min after waking); Random sampling
(app-initiated;
predetermined,
random, 4 times
daily; time allowed: NR);
Event sampling
(user-initiated;
precessation
smoking, urge,
and postcessation
lapse)

Click but—
tons to report smoking
incidents

Coping strategies
(provided risk-tailored messages to
help participants
cope with lapse
triggers) and motivational feedback

App-initiated;
Text
mechanism NR;
frequency and interval: NR; time allowed: NR

Smoking cessation

Substance abuse control
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Author, year, location EMA data collection

EMI

Type of user-re- Mechanismd
ported data

Format (input mode)

Sensorse

Type of intervention content

Mechanismd

Dulin, 2014,
United States
[40]

Social and envi- User-initiated
ronmental con- (frequency as
text (user-identi- users see fit)
fied high-risk
locations); cravings

NR

GPS

Coping strategies
(provided audible
alert and suggestions for maintaining control of
drinking when a
boundary was
crossed around a
GPS-triggered
high-risk location)
and motivational
feedback

App-initiated; pre- Text
determined; frequency and interval: based on EMA
and sensor data;
time allowed: NR

Leonard, 2017,
United States
[41]

Affect-related
(current emotions and level
of intensity) and
social and environmental context

App-initiated
Multiple
(event-continchoice
gent; frequency
and interval:
based on trigger
from sensor; time
allowed: NR) and
user-initiated

Electrodermal activity
and accelerometer

Coping strategies
(based on cognitive
behavioral therapy)
and motivational
feedback

App-initiated; pre- Text
determined; frequency and interval based on EMA
and sensor data;
time allowed: NR

Shrier, 2018,
United States
[42]

Affect-related,
behaviors (use
of marijuana),
cognitions (personal top three
triggers for use
and effort to
avoid use), social and environmental context,
and marijuana
desire

App-initiated
(random; 4-6
times daily; time
allowed: NR)

NR

—

Motivational feedback (provided
messages designed
to support self-efficacy)

App-initiated; pre- Text
determined; frequency and interval based on EMA
responses; time allowed: NR

App-initiated
(predetermined,
time-contingent;
five times daily;
time allowed: 60
min)

NR

—

Coping strategies
and motivational
feedback; upon a
study subject’s response to the given
EMA message, a
tailored EMI message was electronically generated (if
a patient endorsed
a healthy lifestyle,
they were sent a
congratulatory and
supportive message, and if a patient was struggling to make a
positive lifestyle
modification, they
were sent a supportive message outlining some alternative behavioral
strategies)

App-initiated; pre- Text
determined; frequency and interval based on EMA
responses; time allowed: NR

Format (delivery mode)

Diet and physical activity
Mundi, 2015,
United States
[43]

Behaviors (frequency of eating or snacking
and use of calorie-containing
beverages, meal
planning, frequency of foods
not prepared at
home, rate of
eating, and
quantity of
physical activity), cognitions
(barriers to
physical activity), and social
and environmental context (distractions while
eating)
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Author, year, location EMA data collection
Type of user-re- Mechanismd
ported data

a

EMI
Format (input mode)

Sensorse

Goldstein, 2018 Affect-related,
and 2020, United behaviors (diStates [44,45]
etary lapse),
cognitions, and
social and environmental context (variables
known to predict lapses)

App-initiated
(predetermined,
six times daily;
time allowed: 90
min) and userinitiated (after a
lapse)

Likert scales —
and yes or
no answers

Pentikäinen,
2019, Finland
[46]

Behaviors (eating rhythm)

User-initiated
Two buttons —
(when participant to record
had meal)
types of eating occasion

Allicock, 2020,
United States
[47]

Behaviors (diet Three types: Dai- NR
and physical ac- ly diary (app-inititivity)
ated; 1/day, 30
min after waking;
time allowed:
NR); Random
sampling (appinitiated; predetermined, random, 2
times daily; time
allowed: NR);
User-initiated
(before and after
meals or exercise)

—

Type of intervention content

Mechanismd

Format (delivery mode)

Coping strategies
and informational
feedback (alert was
issued when the algorithm classified
a user to be at risk
for lapsing, communicating (a) top
three factors contributing to level of
risk (contextawareness) and (b)
strategies to cope
with each specific
risk factor)

App-initiated;
adaptive; frequency and interval
based on EMA responses; time allowed: NR

Text

Informational
feedback (graphs
of EMA data)

App-initiated; pre- Tailored graph
determined; frequency and interval based on EMA
responses; time allowed: N/A

Informational, coping strategies, and
motivational feedback (providing
behavioral cues or
prompting, increasing self-efficacy,
building behavioral
capability, and
providing positive
reinforcements to
behaviors)

App-initiated; pre- Text
determined; frequency and interval based on EMA
responses); time
allowed: NR

EMA: ecological momentary assessment.

b

EMI: ecological momentary intervention.

c

EMA and EMI characteristics reported according to items specified in Table 3 based on information reported in the included studies.

d

Initiative, mechanism, frequency and interval, and time allowed.

e

Additional components for data collection.

f

NR: not reported.

g

Not available.

h

N/A: not applicable.

Incentives, Adherence, Reported Outcome Measures,
and User Perspectives
Participants in 64% (11/17) studies (13/19, 68% papers) received
material (eg, movie tickets) or monetary compensations for
participating in the study [31,32,36-42,44-47]. Of those 11
studies, 6 (55%) studies (8/13, 62% papers) had incentives
associated with EMA completion [31,37-39,42,44,45,47].
Adherence to EMA prompts (ie, to self-reporting data) was
mentioned in 59% (10/17) studies (12/19, 63% papers)
[31,34,36-39,41-45,47], most often in the form of response rate
(Multimedia Appendix 6). The response rate varied from
30.7%-87% (9/17, 53% studies; 11/19, 58% papers; average
64.7%) [31,34,36-39,42-45,47]. Studies with a time limit to
https://mhealth.jmir.org/2021/11/e22890
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RenderX

respond to EMA (4/17, 24% studies; 5/19, 26% papers) had
lower response rates (30.7%, 58%, 62.9%) [31,43-45], except
for 6% (1/17) of studies (2/19, 11% papers), with a response
rate of 87% and with a high financial incentive for participants
(those who completed 50%-74% of assessments received a US
$40 gift card; 75-89% completion, US $80 gift card; and >90%,
US $120 gift card) [37,38]. Of the 17 studies, 2 (12%) studies
(3/19, 16% papers) reported the average time spent on each
EMA prompt (ie, time spent self-reporting data), which varied
from 2-6 minutes [31,37,38]. Adherence to EMI was reported
in 24% (4/17) of studies (6/19, 32% papers) [36-38,44-46], with
different measurements in each study (Multimedia Appendix
6).
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Of the 17 studies, health-related outcomes were reported in 12
(71%) studies (14/19, 74% papers) [29,31,34,36-40,42-47]. Of
the 17 studies, the 4 (24%) included RCTs reported
nonstatistically significant improvements in substance
abstinence, diet, weight loss, and sedentary time compared with
the control group [39,42,44,47], and only 4 (24%)
quasi-experimental studies reported statistically significant
pre-post improvements in self-reported primary outcomes,
namely depressive (P<.001) [29] and psychotic symptoms
(P=.03) [36], drinking frequency (P<.001) [40], and eating
patterns (P=.01) [46].
Regarding user perspectives (Multimedia Appendix 9), all apps
were perceived as useful in supporting behavior change,
although to varying degrees. In half of the studies, apps’ ease
of use was assessed, with users rating the apps favorably
[30-34,36,40-42]. The most helpful aspect of the apps, according
to participants, was increasing awareness of their own behavior
patterns [29,31-33,36-42,44-46]. The preferred and desirable
features of the apps included personalization (eg, tailored
prompts, tailored content, and feedback based on user responses)
[29,31,32,35-40,44,45], communication with clinicians or
coaches [29,30,47], multimedia and interactive capabilities,
including voice recording [29,30,32,47], and an appealing design
of the graphical user interface [30,32,33,36,40]. Common
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negative perspectives included EMA prompts being too frequent
(more than five times daily), inopportune or tedious to complete
[33,35,36,41-45], technical issues (eg, battery drainage and
connectivity problems) [29-32,34,40-42], and repetitive content
and feedback [31,32,42,44,45]. Of the 17 studies, 2 (12%)
studies mentioned the potential negative impacts of momentary
prompts on users’ mental well-being, including increased
anxiety and stress because of prompts being too frequent or too
sudden [41], or prompts giving users an unpleasant degree of
self-awareness [35].

Checklist for Reporting EMA- and EMI-Specific
Aspects in Behavior Change Experiments
EMI and EMA components were rarely reported and were not
described in a standardized manner across studies. We found
that half of the studies failed to report EMA adherence rates,
and this was even lower for EMIs. In addition, the mechanism
details for EMAs and EMIs and incentives to complete EMAs
and adhere to EMIs have been infrequently reported. On the
basis of our findings and on an existing CREMAS [22], we
developed a set of reporting items to include in the methods
and results sections of EMA and EMI experiments (CREMAIs
[Checklist for Reporting EMA- and EMI-specific aspects];
Table 3).
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Table 3. Adapted checklist for reporting smartphone-delivered EMAa- and EMIb-specific aspects in behavior change experiments (CREMAIsc)d.
Paper section and item Description

EMA

EMI

Methods
Type

Details about the type of EMA and EMI Type of data collected (eg, affect-related, Intervention content (eg, coping stratebehaviors, cognitions, and social and
gies, motivational feedback, informationenvironmental context)
al feedback, and other behavior change
techniques)

Mechanism

Initiative

System (eg, app) and/or user-initiated
EMA

System (eg, app) and/or user-initiated
EMI

Mechanism responsible for triggering
the EMA/EMI

Predetermined (event-contingent, timecontingent and/or random) or adaptive
(eg, using statistical/machine learning
methods to adapt EMA prompting based
on user data)

Predetermined (eg, IF X EMA response,
THEN Y EMI) or adaptive (eg, using
statistical/machine learning methods to
adapt EMI based on previous EMA responses and other user data)

Frequency and interval

Number of EMA prompts/day and time
between each EMA

Number of EMI prompts/day and time
between each EMI

Time allowed

Total time allowed to answer/receive/per- Total time allowed to answer/receive/perform EMAs before prompt expires
form EMIs before prompt expires

Format

Details about how EMAs/EMIs are deliv- Input mode (eg, Likert scales, yes/no
ered
answers, multiple choice, voice, freetext, and image)

Delivery mode (eg, voice, text, and image)

Additional components

Other components used in conjunction
with the app (eg, sensors; face-to-face
behaviors; and website)

Other components used in conjunction
with the app (eg, sensors; face-to-face
behaviors; and website)

Other components used in conjunction
with the app (eg, sensors; face-to-face
behaviors; and website)

Behavior change
rationale

Theories/frameworks/models to inform
the design of the intervention

Theories/frameworks/models to inform
the design of the intervention

Theories/frameworks/models to inform
the design of the intervention

Incentives

Incentives provided for EMA/EMI adher- Incentives provided for EMA adherence Incentives provided for EMI adherence
ence

Results

a

Response latency Average time to respond to EMA/EMI
prompt

Average time to respond to EMA prompt Average time to respond to EMI prompt

Time spent per
prompt

Average time spent per EMA/EMI
prompt

Average time spent per EMA prompt

Average time spent per EMI prompt

Adherence rate

Response or adherence rate for
EMA/EMI prompts, detailing the total
number of prompts answered/EMI suggestions implemented, and the total
number of prompts delivered

Response or adherence rate for EMA
prompts, detailing the total number of
prompts answered/EMI suggestions implemented, and the total number of
prompts delivered

Response or adherence rate for EMI
prompts, detailing the total number of
prompts answered/EMI suggestions implemented, and the total number of
prompts delivered

Missing data

Report whether EMA/EMI adherence is Report whether EMA adherence is relat- Report whether EMI adherence is related
related to demographic or other variables ed to demographic or other variables (eg, to demographic or other variables (eg,
(eg, prompt relevance)
prompt relevance)
prompt relevance)

EMA: ecological momentary assessment.

b

EMI: ecological momentary intervention.

c

CREMAIs: checklist for reporting EMA and EMI-specific aspects.

d

Adapted from Liao et al [22].

Discussion
Principal Findings
Although the potential for EMIs that build on EMA data for
behavior change in the smartphone era seems promising,
research on this approach is lacking. We identified 17 studies
(only 4 RCTs), all with small sample sizes, short follow-up,
and limited evaluation of efficacy. EMIs described were
predominantly in mental health management, with a few
addressing smoking cessation, substance abuse, diet, weight
https://mhealth.jmir.org/2021/11/e22890
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loss, and physical activity. The most common type of EMA
data collected were related to subjective experiences, namely
affective states and cognitions, indicating the usefulness of
EMAs for this purpose. Behaviors were also often collected via
EMAs, with sensors rarely being used. Adherence to collection
of EMA data was a common barrier to implementation, with
participants disliking the high frequency and tedious nature of
EMA data collection. This suggests that EMAs could be
gathered via other methods preferred by users (eg, voice). In
addition, EMAs could be coupled with passively collected sensor
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e22890 | p.355
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data whenever possible to decrease user burden while still
enabling the collection of subjective experiences relevant to
user-desired personalization.

type/amount of support, at the right time, by adapting to an
individual’s changing internal and contextual state (usually
based on sensor-collected data) [61].

Description of interventions and reporting of evaluation
measures were heterogeneous in each health domain, and there
were few studies per health domain, limiting any conclusion
being made on their efficacy on health behaviors, engagement,
and outcomes.

Strengths and Limitations

Comparison With Existing Literature
To our knowledge, this is the first systematic review of
smartphone-delivered EMIs based on self-reported EMAs to
support behavioral changes. Existing reviews of EMIs in the
treatment of psychotic disorders [24], major depressive disorder
[50], alcohol use [51], and eating disorders [14] found that most
interventions were in the early stages of development, which
aligns with the findings of this review. Notably, the present
findings show that most uses of EMIs based on EMAs to date
seem to be in the field of mental health, where emotional and
cognitive states can vary considerably throughout the day and
influence behaviors. Previous systematic reviews on EMIs have
all focused on mental health, used mostly older technologies,
and did not tailor EMIs based on EMAs, having found mixed
results (2 meta-analyses [23,25] showing small but positive
effect sizes and another systematic review demonstrating
acceptability and feasibility [24]).
Our review found that EMI and EMA components were rarely
reported and were not described in a standardized manner across
studies, hampering progress in this field. EMA- and
EMI-specific aspects, such as the triggering mechanism and
incentives, are important determinants of intervention uptake,
retention, and efficacy. Hence, this poor reporting makes it
difficult to synthesize and replicate existing evidence. Thus, we
developed a set of reporting items—a checklist for reporting
EMA- and EMI-specific aspects in behavior change experiments
(CREMAIs)—based on an existing reporting checklist for EMA
studies (CREMAS) [22]. Given that our adapted checklist
focuses exclusively on EMA and EMI aspects, it should be used
in conjunction with other reporting guidelines, depending on
the type of experimental study design [52-55]. Our findings
extend on previous systematic reviews in the field and add to
the CREMAS checklist [22] by providing a detailed description
of both EMI and EMA components (not just EMA) and
specifically with respect to interventions that use smartphones.
EMI users had negative feedback regarding technical issues,
inopportune and repetitive alerts, and prompts not being tailored
enough, which may decrease participant engagement. The most
common recommendations for intervention design were to make
the intervention more personalized and engaging (eg,
personalized coping strategies) and to tailor data collection and
reduce reporting burden and invasiveness. These perspectives
expand on existing literature by showing that for sustained
efficacy of behavior change interventions, user engagement is
paramount [4,6,56]. Personalization has been commonly
suggested as a way to make interventions more engaging,
effective, and better received by users [57-60]. One example
includes just-in-time adaptive interventions, which are
system-triggered interventions that aim to provide the right
https://mhealth.jmir.org/2021/11/e22890
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This review has several strengths. We developed and followed
a protocol that was registered in the PROSPERO database at
the start of the study. Intervention components were
characterized in detail, including the coding of BCTs. However,
the results of this review need to be interpreted in the context
of certain limitations. Owing to the small number of RCTs, a
meta-analysis was not conducted, and thus it was not possible
to provide an estimation of preliminary efficacy. There was low
to moderate agreement in screening, which reflects the difficulty
in establishing whether a study met the inclusion criteria.
Screening was complicated by incomplete intervention
descriptions, particularly with regard to EMI and EMA
reporting. Finally, the definitions of EMI and EMA are not
consensual in the literature. Thus, the studies included in this
review reflect the predefined definitions we adopted.

Implications for Future Studies
The use of smartphone-delivered EMIs based on EMAs in
behavior change interventions is a novel area of research, where
more RCTs are needed to determine efficacy. Given the ubiquity
of smartphones, these interventions have the potential to support
behavioral changes at scale. Nevertheless, it is still uncertain
which populations may find the use of EMIs based on EMAs
most acceptable and which populations and settings may benefit
the most. So far, studies have focused on mental health,
smoking, substance abuse, diet, weight loss, and physical
activity, with mixed results. Appropriately powered clinical
trials are needed to examine the use of EMIs tailored by EMAs
in a range of populations and settings and to examine the impact
on health outcomes and the longevity of these benefits.
Future studies should explore the combination of EMAs and
sensor data to deliver more personalized and minimally
burdensome EMIs. EMA involves manual data collection at
several points in time, which can be burdensome for users, but
remains important to gather individual data that sensors are
currently unable to capture, such as subjectively perceived
cognitive and affective states [62]. Capturing subjective
experiences (eg, cravings, pain, and loneliness) enables a richer
and deeper insight into a person’s behavior and can foster the
tailoring of an intervention to a person’s needs, which in turn
may increase the perceived relevance of EMIs. By combining
self-reported EMAs of subjective experiences with additional
objective data passively collected via sensors (eg, physical
activity patterns and heart rate) [63,64], there is potential to
promote a more engaging personalized intervention, as
minimally burdensome as possible. Novel machine learning
algorithms can further explore these different types of data to
increase the precision of personalized interventions [65].
A more seamless EMA and EMI experience is crucial for
engagement. User burden associated with data entry is the most
reported reason why people stop using mobile health apps [66].
In addition to using sensors whenever possible, another
possibility to reduce user burden is to optimize the design of
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 11 | e22890 | p.356
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data collection modes. For instance, faster methods, such as
speech-based data entry, may be used instead of requiring users
to type in response [67]. Another option would be the use of a
chatbot to enable data collection in a conversational and more
engaging way. Other feasible options include data entry
templates, such as dropdown menus, and the use of
personalization to autopopulate some data fields [68] based on
previous entries or other data sources [33]. Co-designing
interventions with users may offer insights into the best options
for data collection in each particular case, regarding the types
and amount of data, and the mode, frequency, and timing of
data collection [69].
Future research in this area should adhere to existing reporting
standards, namely, what concerns the detailing of EMA- and
EMI-specific characteristics. Reporting guidelines are essential
in facilitating the evaluation of study validity and allowing for
comparisons across interventions. Consistency and detail in
reporting intervention characteristics enable replication efforts
and allow for meta-analyses and meta-regression to explore the
features associated with the highest user engagement and

Dao et al
intervention efficacy. Advancements in the field of EMAs and
EMIs and the higher scientific impact of published studies in
this area are dependent on the consistent use of reporting
guidelines.

Conclusions
This is the first systematic review of smartphone-delivered EMIs
based on self-reported EMAs promoting health behaviors. The
use of this approach in behavior change is an emerging area of
research, with few studies evaluating efficacy and most
interventions focusing on mental health management. EMAs
were commonly used to capture subjective experiences, as well
as behaviors, whereas sensors were rarely used. Future research
should explore combining self-reported EMAs of subjective
experiences with objective data passively collected via sensors
to promote personalization. Studies should also explore the
effects of different EMA data collection methods (eg, chatbots)
on user burden, engagement, and efficacy. A reporting checklist
was developed with the goal of facilitating interpretation and
comparison of findings and enhancing transparency and
replicability in future studies using EMAs and EMIs.
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