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Abstract
Background: Since the launch of ResearchKit on the iOS platform in March 2015 and ResearchStack on the Android platform
in June 2016, many academic and commercial institutions around the world have adapted these frameworks to develop mobile
app-based research studies. These studies cover a wide variety of subject areas including melanoma, cardiomyopathy, and autism.
Additionally, these app-based studies target a variety of participant populations, including children and pregnant women.
Objective: The aim of this review was to document the variety of self-administered remote informed consent processes used
in app-based research studies available between May and September 2016. Remote consent is defined as any consenting process
with zero in-person steps, when a participant is able to join a study without ever seeing a member of the research team. This type
of review has not been previously conducted. The research community would benefit from a rigorous interrogation of the types
of consent taken as part of the seismic shift to entirely mobile meditated research studies.
Methods: This review examines both the process of information giving and specific content shared, with special attention to
data privacy, aggregation, and sharing.
Results: Consistency across some elements of the app-based consent processes was found; for example, informing participants
about how data will be curated from the phone. Variations in other elements were identified; for example, where specific information
is shared and the level of detail disclosed. Additionally, several novel elements present in eConsent not typically seen in traditional
consent for research were highlighted.
Conclusions: This review advocates the importance of participant informedness in a novel and largely unregulated research
setting.
(JMIR Mhealth Uhealth 2017;5(8):e126) doi:10.2196/mhealth.7014
KEYWORDS
mHealth, informed consent, smartphone, cell phone, mobile applications, privacy, research ethics

Introduction
Patients want to share their health data to accelerate scientific
discovery efforts [1]. This desire to share data has led to projects
such as Open Humans [2], whereby people can upload data
from many sources to share with researchers, and
http://mhealth.jmir.org/2017/8/e126/
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PatientsLikeMe [3], a popular website to find communities of
patients clustered by disease or condition. In both of the
aforementioned cases, the Internet serves as a powerful tool for
remote connection and a central location for data.
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Recent advances in technology, especially mobile platform
development, offer further opportunity for data aggregation and
sharing by activated patients [4]. Smartphones: portable, loaded
with sensors, and virtually ubiquitous have the potential to
revolutionize both the way in which individuals monitor their
health and the way they share that data with researchers [5].
In March 2015, Apple launched ResearchKit [6] and in June
2016 Android launched ResearchStack [7]. Both open source
frameworks can be used to create apps for research on mobile
devices. Unsurprisingly, by offering a dynamic, customizable,
and responsive platform for engaging participants in research
and enabling rapidly scalable, longitudinal investigations, these
devices are being heralded as a potential boon to human health
researchers [8].
In order to fully capitalize on the promise of mobile technology
to enable scalable research, approaches to informed consent
must be adapted in parallel [9]. Novel approaches to informed
consent must still ensure the core tenets of informedness,
comprehension, and voluntariness [10-12]. Further, informed
consent must address unique issues that arise from conducting
research using mobile platforms, such as data security and
transferability. Researchers are faced with a novel challenge of
consenting participants in a completely self-administered setting
with no required contact with the research team [9].
Research apps present new challenges and opportunities in
informed consent [9]. In this review, a granular inventory of
the informed consent processes of publically available research
apps has been presented to serve as a foundation for a
community-wide discussion on how best to uphold the tenets
of informed consent in mobile research settings.

Methods
Establishing a Task Team
A task team was convened under the Global Alliance for
Genomics and Health (GA4GH) [13]. The GA4GH, established
in 2013, works to enable responsible and effective sharing of
genomic and clinical data to advance understanding of human
health. Aware of the developments in mobile device-facilitated
human subjects’ research, GA4GH convened an international
task team in May 2016 to examine issues of informed consent
within this novel setting.

Inclusion and Exclusion Criteria
First, we sought to establish a listing (inventory) of app-based
research studies with entirely self-administered consent
processes currently available worldwide (Multimedia Appendix
1). We excluded app-based research studies that had one or
more mandatory in-person informed consent steps.
The inventory included research apps using the ResearchKit
framework that are publically available on the Apple iOS
platform. We do not include any ResearchStack apps (based on
Android platform) in the inventory as none were publically
available during our period of review.
Within the inventory (Multimedia Appendix 1), there are
multiple sheets based on the consent information available for
each app. The sheet of the app-based research study informed
http://mhealth.jmir.org/2017/8/e126/

XSL• FO
RenderX

Moore et al
consent inventory labeled “Apps with no consent info” contains
limited information of apps that claim to use the ResearchKit
framework. However, these apps do not have a defined consent
process, and are therefore excluded from the complete review.

Identifying Mobile Research Apps
Due to the emergent nature of the field, as there were few
scientific publications and no centralized listings or public
catalogs of research apps, we were unable to employ traditional
review approaches. Instead, we used an automated continuous
web search of the terms “ResearchKit” and “ResearchStack”
over three months (May-July, 2016). The primary reviewer
received email notification each time the search terms yielded
a new result. Through this search, we were able to identify newly
released apps via press releases, blog postings, and other web
mentions (eg, social media). When possible, we corresponded
with authors of web content about research apps to ensure we
achieved saturation of the field. We created a listing of the
names of individual apps and then searched for them in the
respective app download site (iOS or Android). Additionally,
we relied on contacts both in the US and in other countries
aware of this project to inform us of new research apps. The list
of research apps was continuously updated to include newly
released study apps throughout the development of the
inventory.

Identification and Refinement of Domains
We identified 3 components within app-mediated research where
information is presented to a potential participant: the eConsent,
long form consent (LFC), and privacy policy (PP). Across the
apps surveyed, after meeting the eligibility criteria, prospective
participants typically self-guide through the eConsent. The
eConsent is a series of screens within the research app that a
participant navigates prior to enrollment. It contains information
traditionally disclosed during an informed consent process such
as information about the study, study procedures, alternatives
to participation, and risk and benefits. The LFC document is
commonly interpreted to be required by US regulation.
Participants are presented with the document on the phone prior
to signing and joining the study. Participants receive a copy of
the document following electronic signature and enrollment
(Figure 1). Additionally, we found privacy policies, traditionally
used within apps and by websites that alerted users on how data
is gathered, used, managed, and potentially disclosed by the
organization hosting the app or website, as a repository of study
information critical to the informed consent process. Participants
can view the PP from the app download site before downloading
the app and, for some of the apps, review from within the app
as well.
We began by surveying each app’s informed consent materials
for the 8 required elements of consent under the US Common
Rule (description, risks, benefits, alternatives, confidentiality,
compensation, contact information, and voluntary
participation/withdrawal). We considered these domains to be
predefined by regulatory requirements. Due to the nature of
app-based research, we expanded our assessment of some core
consent topics to include subtopics critical to app-based research.
For example, “risks” needed to include not only general
discomforts one may experience as being part of the study, but
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e126 | p.4
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also address the risk to privacy. “Confidentiality” was expanded
to include data collection, handling, and protection of participant
privacy. We considered these domains to be emergent in
reviewing the apps. Further, we chose to include domains based
on thematic consistency. For example, if we saw that the
majority of apps surveyed addressed a certain topic, we chose
to include this topic in our review.
In reviewing eConsent processes and LFC documents for both
predefined and emergent domains within “confidentiality,” we
concluded that we must expand our survey to include the PP as
another possible source of this information in order to accurately
assess disclosure. We expanded the inventory to include the
source of information as well as its presence or absence.

Moore et al
The task team iteratively reviewed and discussed findings to
refine domains included in the inventory via monthly video
meetings as well as email discussions between meetings. Each
of the 6 authors of this paper engaged in the discussions.
Domains were finalized through group consensus based on a
combination of information presented in the consent processes
as well as calling attention to domains that have been omitted
from the consent processes. After deciding on the domains, we
determined how we would categorize the information gleaned
from the informed consent materials to populate each domain
(ie, Boolean, multi-option, or qualitative description).

Figure 1. Summary of methods.
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Data Extraction and Coding
Due to mobile device country of registration app access
restrictions, the primary reviewer downloaded and performed
the initial assessment of only US-based apps. Non–US-based
apps were reviewed by a member of the task team residing in
the country of origin of the app. We used key word text searches
and subsequent coding to identify data within the consent
materials for each domain. For example, to determine whether
a particular app disclosed information about encryption, we
searched the text of the consent document and/or PP for the
word “encrypt.” If the word was found within the text, the
domain would be filled with “YES” to indicate that the app
disclosed information about data encryption. When needed, a
second reviewer cross examined the original and extracted
content.

Results
We surveyed a total of 34 app-based informed consent processes
for apps available between May and August, 2016, of which 26
underwent complete review (see Multimedia Appendix 1). Some
apps were closed during the period of review which limited the
information we were able to obtain (3/26 apps closed;
GlucoSuccess, Share the Journey and mTech).
Within the inventory, the sheet, “US-based apps with
partial/complete consent,” gives an overview of the apps
inventoried, including the app name (column A), the version
we reviewed (B), and the date of review (C). The study’s focus
is described in Subject/Disease Area (D), Targeted Population
(E), Identifiable/Personal Data Collected (F), and Data
Collection (G). Given that one of the key components of the
informed consent is the ability for potential participants to ask
questions and request clarification, we identify whether columns
for the Sponsor, Principal Investigator, and Contact Information
(H-J) are listed, as well as for the Institutional Review Board
(IRB) for the study, if any (K). However, one of the key criteria
for the apps included in this review is that participants are not
required to have contact with anyone on the study team prior
to consent and enrolling in the study.
“Elements of Consent LFC” catalogues US Common Rule
consent requirements as presented in the LFC with the exception
of confidentiality, which is addressed in its own sheet due to
the number of subcriteria identified. Under the Common Rule
(45 CFR part 46 subpart A) the description of the research
should include a statement indicating that the study is intended
as research, the purpose of the study, the expected duration, and
the procedures (column B). Additional Common Rule
requirements are covered in “Risks” (C), “Benefits” (D),
“Alternatives to Participation” (E), “Compensation” (F), and
“Whom to Contact” (G). The voluntary nature of research (H)
and any data retention after withdrawal (I) are described. It is
important to note that all of the apps we surveyed were for
observational studies, and none administered any treatment. For
each domain, a checkmark indicates that all required subcriteria
are met; missing subcriteria are listed by number. The sheet
labeled “Elements of Consent eConsent” addresses whether or
not these same US Common Rule consent requirements are
addressed within the eConsent.
http://mhealth.jmir.org/2017/8/e126/
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The theme of confidentiality is of critical importance in
app-based research. We assessed 24 domains on the
“Confidentiality” sheet. The first 4 columns address data
collection. “Data Collection: Active/Passive” (column B)
describes participant effort in data generation. Active tasks
require deliberate action on the part of the participant, for
example, by responding to surveys or doing a sensor-based task
like a tapping test. Passive tasks are those in which the
participant donates data without conscious effort, such as
through the tracking and transmitting of GPS data. Some studies
request permission access to data from other apps on the phone,
for example HealthKit (C), or to phone features (D) like the
camera and the microphone. Column E addresses whether the
research app integrates any other data provided by an outside
source. At present, this domain includes the integration of
genomic data from testing companies or research sponsor
organizations.
Columns labeled “Data Security” address the transmission of
data from the participant phone to the backend collection
including the app developer (F), whether or not the data will be
encrypted (G), the name of the backend collector (H), and
whether or not the data collected will be coded or
pseudonymized (I). It is important to note that the information
described in the table represents what is disclosed to participants.
In reviewing the encryption of data, we found variation in which
point in the process data is encrypted. Some apps appear to
encrypt participant data on the participant phone and maintain
this encryption during transmission, while others appear only
to encrypt the data when it arrived to the backend server. The
domain labeled “Backend Collection” is particularly important
to note. In this column, we noted when a researcher has
contracted out to a third party to provide data collection services
(H).
We include 4 columns describing disclosure. “Required
Disclosure” includes informing participants of possible sharing
of data with US federal agencies, such as the US Department
of Health and Human Services, and the institutional review
board (IRB) or other ethics committee (J). “Commercial resale
of data” addresses whether the participant is informed about the
possibility that the data they have donated for research may be
sold to third parties for advertising or other commercial
endeavors (K). Additionally, we noted whether this information
was found in the LFC or the PP. “Open data sharing for
scientific discovery” (L) describes whether the research app has
any kind of data sharing outside the primary investigator. If so,
we have described what kind of data sharing the participant may
consent to: with researchers within the institution of the primary
research, with researchers at other institutions, or with qualified
researchers worldwide including cross-border data transfer.
The remaining columns on the “Confidentiality” sheet address
the option of using of the app without enrolling in research (M),
if the recontact of participants is addressed (N), the return of
the participant’s own data (O), and incidental findings (P). “Data
Preservation” addresses how long the data is authorized to be
used by the researcher (Q). About half of the apps surveyed
addressed this information either by giving a date that the data
will expire or by giving a time period (eg, “6 years after the
close of the study”). “Closure” addresses if information is given
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e126 | p.6
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to participants about what will happen to their data after the
period of authorization is over, or in the case of the close of
databank or research institution (R). None of the apps reviewed
address this domain.
The “Privacy Policy” sheet inventories the availability and
content addressed within each app’s PP. Column B addresses
whether the PP in the iOS app store, prior to download, was
reviewed. As it is an Apple requirement for any app collecting
any user or usage data, including personal health information,
all domains are marked “YES.” “Privacy Policy presented as
part of consent interaction” addresses whether the prospective
participant is made aware of the PP before consenting to
participate (C) (eg, Figure 2). In many cases, the PP addresses
what personal identifiers the app collects (D) and states that it
cannot fully guarantee privacy (E). Column F for “notes”
includes whether the PP is tailored specifically to the app and
whether it includes the date on which it was last updated. The
“Unique to eConsent” sheet addresses elements novel to
self-administered, entirely remote consent, including the use of
an assessment to assess informedness (D) and approach to

Moore et al
consent documentation. If an app uses a quiz at the end of the
eConsent, we have indicated whether it is mandatory (E), how
many questions are part of the assessment (F), and the
information the questions are assessing (G). As eConsent may
not meet US informed consent requirements, participants also
have access to a LFC (H). We indicate whether finger signature
is required (I) (Figure 3, mPower, Sage Bionetworks) and
whether the participant would receive the signed LFC via email
automatically (J).
The sheet, “Non–US-based apps,” contains the same descriptive
domains (eg, app name, version, and subject matter) as the
overview “US-based apps” sheet. Due to the geolocation
requirements of app download, we struggled to review these
apps completely. We were successful in completing a partial
review of 2 non–US-based apps: ACL Rupture and Depressed,
both from Germany. In the US based review, there was
tremendous diversity in the detail and information provided by
the apps about the nature of the research being conducted and
elements of informed consent.

Figure 2. 6th Vital Sign, Duke University privacy policy embedded in consent process.
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Figure 3. Participants use finger signature to authorize consent to research (image from mPower, Sage Bionetworks).

Discussion
Limitations to Methods
Due to the limitations of the approach, the listing may not be
comprehensive. Any omissions are due to inability to find these
apps through the methods described above rather than deliberate
exclusion. Additionally, because of the duration of this project,
3 apps that were available the beginning of the study are no
longer available (GlucoSuccess, MGH; mTech, University of
the Pacific; Share the Journey, Sage Bionetworks). The
inventory is current as of September 1, 2016.
Using mobile platforms for research creates new opportunities
for both the types and volume of data collected within a highly
http://mhealth.jmir.org/2017/8/e126/
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scalable, delocalized framework. To harness the full potential
of these platforms, informed consent must be similarly scalable
without betraying the core principles of informedness,
voluntariness, and comprehension [12].
In this novel research ecosystem, without a face-to-face
interaction, participants must rely solely on eConsent, LFC, and
PP documents to understand what researchers intend to do with
their data and how they will protect it. Because of this, it is vital
that researchers take an intentional approach to participant
informedness, as seen in The Pride Study app (Figure 4).
In current practice, the eConsent, LFC, and PP are used in
tandem with one another to inform the prospective participant,
with key information potentially found in any of these locations.
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e126 | p.8
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For example, the disclosure that researchers “cannot fully
guarantee privacy,” was found in either in the PP or the LFC,
without a consistent standard across the apps surveyed.
Additionally, it was found that in most apps, participants were

Moore et al
only required to review the eConsent, but not the LFC and/or
PP (See sheet “Privacy Policy,” Column C) prior to
participating.

Figure 4. The Pride Study, UCSF researcher and participant agreement.

Privacy, Security, and Data Use
Privacy is the ability to control the recording and sharing of
personal information with others. This requires knowledge of
what will be recorded, how it will be used and for how long,
who will have access to this information, and what risks are of
discovery and misuse by third parties [14].
The opportunity for researchers to gather more and different
types of data through app-mediated research than they would
be able to gather in a traditional clinical study poses a unique
risk to privacy. For example, in mPower, a study on Parkinson
Disease, researchers are also able to gather GPS data.
Because of the diversity and volume of data being collected,
participants are potentially more easily identifiable. It may be
impossible to deidentify an individual’s mobile phone data, the
standard way of protecting personal privacy in research [14].
Further, a number of the apps surveyed use a backend data
collection service other than the primary research sponsor (See
sheet “Confidentiality,” Column K). Third party cloud and
hosting services provide an economical solution for hosting and
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storing large amounts of collected data. In addition to an outside
group having access to the data collected, the use of a third party
poses the threat via hacking of information sent over the Internet
[15]. Furthermore, data collected through app-mediated research
is collected in the context of a particular disease or condition,
such as Parkinson Disease, Melanoma, Autism, or
Cardiomyopathy, potentially compromising a participant’s
confidentiality through reidentification.
The multitude of potential mishandlings of data make a strong
case for participants to be informed of these possibilities.
Information for participants about the collection, transfer, and
use of their data often resides in the app PP. Within its
AppStore/iOS policies, Apple states that any app collecting any
user or usage data, including personal health information must
have a PP, however they provide no guidelines on what elements
are required within that PP [16]. Unsurprisingly, we found PPs
with a broad spectrum of detail and transparency from the very
minimalist mTech, University of the Pacific (Figure 5) to the
exhaustive Team Study, Harvard University (Figure 6) which
is tailored specifically to the research app.
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Figure 5. Privacy policies: mTech, University of the Pacific and Team Study, Harvard University.

Figure 6. Privacy Policy, Team Study, Harvard University.
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Redistribution of Data
Because of its highly structured, electronic nature, data collected
through app-mediated research can be easily redistributed. There
are 16 apps that specifically engage participants on the topic of
data reuse for additional research as part of the eConsent. In the
consent processes of these apps, participants designate if their
data will be available in aggregate for reuse in future
independent research. For those who advocate for open data
sharing, app-mediated research has the potential to revolutionize
how data is shared and analyzed by many researchers at one
time, and thus maximize the scientific value of participant data
donation (Figure 7). Of the apps included in this review, many
use the nomenclature of “Qualified Researchers Worldwide”
advocated by Wilbanks and Friend of Sage Bionetworks [17].
This nomenclature was first used by Sage Bionetworks as a
process to qualify researchers to access open data from the
ResearchKit app and mobile study mPower [18]. Even though
the process and requirements to access such data may be
different from the process used by Sage Bionetworks, this
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standard nomenclature sets a precedent for open data sharing
in app-mediated research.
Data is easily redistributed for commercial use. Of the apps
surveyed, 18 of 26 disclose to participants that they will not sell
or share participant data for commercial purposes (See sheet
“Confidentiality, Column K”). But perhaps more interesting to
this review are the 8 apps that do not explicitly state that
participant data will not be sold. As per the Apple developer
guidelines, “Apps may not use or disclose to third parties data
gathered in the health, fitness, and medical research
context—including from the HealthKit API, Motion and Fitness,
or health-related human subject research—for advertising or
other use-based data mining purposes other than improving
health management, or for the purpose of health research, and
then only with permission” [16].
However, it is unclear whether these apps intend to disclose
data to third parties, or simply fail to state that they will not
disclose this data to participants.

Figure 7. Participants have the option to share data broadly with other qualified researchers. Image from mPower, Sage Bionetworks.

Integration of Genomic Data
Recently, researchers have expanded the scope of their
app-mediated research to include genomic data from outside
sources. Participants in the MyHeart Counts, Stanford and
Asthma Health, Mount Sinai studies may elect to integrate their
23andMe genomic analysis into the app. However, at the time
of this review, there was no update to any of the primary
informed consent documentation to reflect this optional
expansion of scope. Rather, a second consent specific to
http://mhealth.jmir.org/2017/8/e126/
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genomic information integration is contained within the app
under the 23andMe module. PPD ACT, University of North
Carolina (UNC) at Chapel Hill has elected to integrate genomic
data through independent sequencing, in which a subset of
participants will receive a “spit kit” in the mail to be returned
to the researchers. This optional research activity is disclosed
in Phase I of the consent and was included in the initial scope
of the research. In Phase I consent, participants agree to
answering survey questions contained within the app.
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Participants go through Phase II of the consent process if they
have been chosen and elected to donate genomic data. The
reviewers were unable to include analysis of the consent to
donate genomic data, as it is only available to participants who
have been selected by researchers to participate in Phase II of
the study.

Vulnerable Populations
App-mediated research may include vulnerable populations,
most notably children (Autism and Beyond, Duke; FeverPrints,
Boston Children’s Hospital) and pregnant women (Yale EPV,
Yale). The consent for app-mediated research targeting
vulnerable populations differ from those enrolling only
populations considered not vulnerable. Both Autism and Beyond
and FeverPrints modify the consent process to reflect the assent
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of children and consent by parents or guardians. FeverPrints
requires that the person going through the consent process on
the phone be 18 years of age or above. Then they are asked who
they are enrolling (see Figure 8). However, beyond this
designation, there is no difference in the eConsent or lexicon
used to reflect differences in who is being enrolled.
Traditionally, pregnant women have been considered vulnerable
populations when they cannot expect benefit from participation
in research or when the fetus might be adversely impacted by
the mother’s participation [19]. In the case of the Yale EPV
app, participants are expected to receive benefit (tracking of
placental development) without any suspicion of risk to the
fetus. In this way, pregnant women may not be deemed
vulnerable within this research study.

Figure 8. Enrolling children. Image from Autism and Beyond, Duke University.

Recontact
About half (12/26, 46%) of apps surveyed address recontacting
participants, primarily in the context of participating in future
research studies (See sheet “Confidentiality,” Column N).
Fourteen studies also address the return of the data the
participant shares with the study to the participant (See sheet
“Confidentiality,” Column O). Mobile research studies ease the
return of data and potential results to participants and may
facilitate a deeper reciprocal relationship between researchers
and participants, although the risk of return of data and/or results
are just beginning to be explored.
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Informedness in Remote Consent
According to the Nuremberg Code, a human subject consenting
to research “should have sufficient knowledge and
comprehension of the elements of the subject matter involved
as to enable him to make an understanding and enlightened
decision” [10]. Thus, it is an ethical requirement of human
subjects research, and one of many IRBs, that researchers ensure
participants are adequately informed about the research before
participation.
Lexicon used within the eConsent slides and the LFC document
to explain potentially complex concepts to participants is central
to participants’ understanding of consent. Many have advocated
for the use of simple language to promote participant
comprehension and encourage informedness. Within clinical
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e126 | p.12
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care, the National Quality Forum advocates for the use of
universal symbols and pictures to improve comprehension in
informed consent and specifies that written informed consent
documents be at a US fifth-grade reading level (age 11) or lower
[20]. Of the LFC documents reviewed, the average reading level
is 10.9 (age 15-16) using the Flesh Kinkaid scale. Within the
eConsent, another potential factor effecting comprehension was
noted: a deviation in nomenclature from traditional consent
documents, including the app’s own LFCs. “Risks” in the LFC
document (risk to privacy, risk of general discomforts) are
referred to as “Issues to Consider” in the eConsent.
As consent processes reviewed are administered entirely
remotely, this creates a new challenge for researchers in
assessing informedness of participants. In a traditional research
setting, a study coordinator or other personnel would sit
face-to-face with potential participants to administer consent,
with the opportunity to assess informedness in real time. Clearly
a different strategy is needed for remote, self-administered
consent. Perhaps the most common response among the apps
surveyed is the use of an assessment. Some apps use this
assessment as a summative evaluation and as a measure of
participant ability to give informed consent. With these
evaluations, if a prospective research participant does not answer
enough questions correctly, they are sent back to the beginning
of the consent process. However, more commonly researchers
used the assessment as a formative evaluation, a chance to
enhance participant understanding by prompting incorrect
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answers with the correct information about the study. About
one-third of apps surveyed (9/26, 35%) have implemented a
summative evaluation at the end of the consenting process to
test participants’ understanding of key concepts contained in
the consent (See sheet “Unique to eConsent,” Column D). Most
commonly, these quizzes test participant understanding of the
purpose of the study, the fact that it is not medical care, that
study data will be stored without direct identifiers, and
participants’ ability to withdraw at any time.

Conclusions
The consent processes presented in this review contain varying
elements to contribute to participant informedness and
transparency on the part of the research team. The new
ecosystem of app-mediated research holds great promise to
accelerate medical discovery through gathering potentially
unprecedented amounts of highly structured data. However,
app-mediated research also holds unique risks to participant
data. The self-administered consent processes reviewed here
present scalable approaches to informed consent to facilitate
app-based research studies. The research community must
continue to advocate for the importance of participant
informedness, voluntariness, and comprehension in human
subjects research. The variation, including strengths and gaps,
observed in these informed consent processes have been
highlighted to open a community dialogue about standards
within this emerging field.
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Abstract
Background: Although current technological advancements have allowed for objective measurements of sedentary behavior
via accelerometers, these devices do not provide the contextual information needed to identify targets for behavioral interventions
and generate public health guidelines to reduce sedentary behavior. Thus, self-reports still remain an important method of
measurement for physical activity and sedentary behaviors.
Objective: This study evaluated the reliability, validity, and sensitivity to change of a smartphone app in assessing sitting,
light-intensity physical activity (LPA), and moderate-vigorous physical activity (MVPA).
Methods: Adults (N=28; 49.0 years old, standard deviation [SD] 8.9; 85% men; 73% Caucasian; body mass index=35.0, SD
8.3 kg/m2) reported their sitting, LPA, and MVPA over an 11-week behavioral intervention. During three separate 7-day periods,
participants wore the activPAL3c accelerometer/inclinometer as a criterion measure. Intraclass correlation (ICC; 95% CI) and
bias estimates (mean difference [δ] and root of mean square error [RMSE]) were used to compare app-based reported behaviors
to measured sitting time (lying/seated position), LPA (standing or stepping at <100 steps/minute), and MVPA (stepping at >100
steps/minute).
Results: Test-retest results suggested moderate agreement with the criterion for sedentary time, LPA, and MVPA (ICC=0.65
[0.43-0.82], 0.67 [0.44-0.83] and 0.69 [0.48-0.84], respectively). The agreement between the two measures was poor
(ICC=0.05-0.40). The app underestimated sedentary time (δ=-45.9 [-67.6, -24.2] minutes/day, RMSE=201.6) and overestimated
LPA and MVPA (δ=18.8 [-1.30 to 38.9] minutes/day, RMSE=183; and δ=29.3 [25.3 to 33.2] minutes/day, RMSE=71.6,
respectively). The app underestimated change in time spent during LPA and MVPA but overestimated change in sedentary time.
Both measures showed similar directions in changed scores on sedentary time and LPA.
Conclusions: Despite its inaccuracy, the app may be useful as a self-monitoring tool in the context of a behavioral intervention.
Future research may help to clarify reasons for under- or over-reporting of behaviors.
(JMIR Mhealth Uhealth 2017;5(8):e119) doi:10.2196/mhealth.6974
KEYWORDS
Sedentary and physical activity measurement; smartphone daily-log app; self-monitoring app; BeWell24
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Introduction
Lack of physical activity (PA; <150 minutes of
moderate-vigorous PA per week [1]) and sedentary behavior
(ie, sitting/reclining with low energy expenditure while awake
[2-4]) are associated with increased risks for cardiometabolic
diseases, such as hypertension, dyslipidemia, diabetes, and
coronary heart disease. As such, accurate assessment of these
behaviors is integral in developing potent behavioral
interventions aimed at improving overall cardiometabolic health.
Assessment of PA and sedentary behaviors have improved
significantly in recent years. Technological advancements have
led to the development of sensors that can objectively and
accurately measure these behaviors [5-7]. Although these
sensors have led to an unprecedented objectivity in PA
measurement, the self-report method is still ubiquitous in PA
research; this is because it offers advantages over objective
methods [8]. Accelerometers do not capture the contextual
information associated with these activities. Researchers
studying specific domains of these behaviors (ie, leisure-time,
occupational, or transportation) still rely on self-reports to isolate
the behaviors that occur in each of these domains. Distinguishing
which domains these behaviors occur in is necessary for
developing and evaluating targeted interventions to modify
these domain-specific behaviors [9]. Thus, self-reports remain
an important method of measurement for PA and sedentary
behaviors.
Various types of PA questionnaires have been developed,
ranging from global questionnaires to detailed quantitative
histories. Strath et al [8] classified PA questionnaires into three
broad categories: global, short recalls, and quantitative history.
Global PA questionnaires are usually short (2 to 4 items) and
provide an overview of an individual’s overall activity level.
These questionnaires are primarily used to identify whether
individuals meet the PA standard, or classify individuals
according to their PA levels (eg, active vs inactive). In contrast,
short recalls provide a measure of an individual’s PA level, as
classified by the dimension of intensity level or domain.
Quantitative history questionnaires are detailed measures that
are used to understand the types and intensity of PAs that
contribute to mortality or morbidity. A systematic review of
studies that evaluated the reliability and objective
criterion-related validity of new and existing PA questionnaires
examined 65 studies that looked at a total of 96 PA
questionnaires [10]. The results revealed poor-to-moderate
validity, with median validity coefficients ranging from
0.30-0.39 for existing (and from 0.25-0.41 for new) PA
questionnaires. Furthermore, other studies have shown that
although these questionnaires show acceptable agreement for
structured vigorous-intensity PAs, they are less accurate for
more prevalent lower-intensity activities [11-14]. Similar
patterns of accuracy and reliability are also consistent with
existing instruments that measure sedentary behavior. For
example, habitual domain-specific sedentary behaviors tend to
have higher correlations with criterion measures than overall
sedentary time (0.14-0.83 vs 0.07-0.61) [15]. This pattern is
mainly due to the high cognitive demands associated with
reporting usual daily activities [14].
http://mhealth.jmir.org/2017/8/e119/
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The PA diary is another type of self-report measure of PA and
sedentary behavior that is often used to obtain a detailed
hour-by-hour or activity-by-activity record [8]. An example of
a daily diary is the Bouchard Physical Activity Record, which
asks participants to categorize their activity every 15 minutes
in 1 of 9 types of movement behaviors [16]. Using a PA diary
is advantageous because it includes detailed information on
dimensions and domains of PA and sedentary behavior, and is
less subject to memory bias than other methods. However, the
detail of information and frequency of reporting required causes
significant participant burden, which limits its use in long-term
studies. A possible solution to this problem is to leverage mobile
technology as a platform to deliver these PA and sedentary
behavior measurement tools. The ubiquitous use of mobile
phones offers an opportunity to capture self-report behaviors
in real-time and with minimal recall bias [17]. Utilizing mobile
platforms to deliver these questionnaires can lead to an
easy-to-use and a readily accessible version of PA and sedentary
behavior assessment tool, which could significantly lessen the
burden associated with traditional diaries.
The purpose of this paper is to evaluate the reliability, validity,
and sensitivity to change of a smartphone-based app (BeWell24),
which is designed to assess sedentary behavior, light-intensity
physical activity (LPA), and moderate-vigorous physical activity
(MVPA), as compared to an objective measure (activPAL3c;
PAL Technologies Ltd, Scotland, UK). Evaluating the accuracy
of the app is the first step in establishing its usefulness as a
self-report tool to measure PA and sedentary behavior in
free-living environments, and provide rationale for future studies
to evaluate its capacity in measuring context-specific activities.

Methods
Recruitment
Participants were US veterans that were receiving care at a
regional Veterans Health Administration (VHA) hospital, and
employees from a university in the Southwestern United States.
All participants were aged 35-60 years and were recruited to
participate via flyers and targeted emails for a smartphone-based
lifestyle behavior program. Inclusion criteria included: (1)
insufficient PA (activity ranking category of <4 on the Stanford
Leisure-Time Activity Categorical Item) [18], (2) excessive
sitting (defined as >8 hours of sitting from the International
Physical Activity Questionnaire) [19], (3) short sleep duration
(<7 hours/night) or a mild-to-moderate sleep complaint
(modified version of the insomnia Severity Index) [20], (4)
fasting glucose level of <100 mg/dL, and (5) owning an Android
smartphone. All study procedures were approved by the
institutional review boards of the local VHA hospital and the
university. Each participant underwent telephone screening for
eligibility and those who were eligible provided written
informed consent.

BeWell24 App Design
The smartphone app design has been discussed previously [21].
In brief, the smartphone app included four components: (1) a
self-monitoring component to allow for rapid self-monitoring
of sleep, sedentary time, LPA, and MVPA across the full
24-hour day; (2) a behavioral sleep component that included
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e119 | p.16
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sleep education, sleep hygiene, and stimulus control therapy;
(3) a sedentary component that provided graphical feedback on
total sitting time and time spent sitting at work, watching
television, socializing, transportation, and other activities; and
(4) a PA component that included goal setting, feedback, and
problem-solving interventions.

Study Protocol
Eligible participants were randomized to receive some
combination of the sleep, sedentary behavior, and PA
components using a full factorial or multiphase optimization
strategy [22] study design to optimize efficiency and explore
potential synergies among behavioral outcomes (more study
design details are provided elsewhere [23]). Briefly, we utilized
a full-factorial 2x2x2 screening experiment in which participants
were randomized to receive one of eight possible combinations
(k) of the sleep, sedentary, and exercise components of the app:
none (k=1), one of three app components (k=3), two of three
app components (k=3), or all three app components (k=1). More
relevant to the purpose of this study, all participants received
access to the self-monitoring component of the app for the entire
duration of the study. Using this self-monitoring component,
participants were asked to log time spent across 24 hours into
domains of sleep, sedentary behavior, LPA, and MVPA
throughout the 3-week baseline period and 8-week intervention
period. Participants simultaneously wore an activPAL3c
accelerometer (criterion) on three 7-day time periods (week 3
as baseline, week 7, and week 11).

Toledo et al

Measures
BeWell24 Self-Monitoring App
Self-reported time spent in sedentary behavior, LPA, and MVPA
were assessed using the BeWell24 app. The app provided an
interface for users to report sleep, sedentary behavior, LPA, and
MVPA behaviors in 5-minute epochs across the 24 hours. Figure
1 displays this interface. Users were given standardized
definitions of each behavior [21] by tapping the icon on top of
each column. Participants were instructed to log any nap or
main sleep period, including all time in bed for the purpose of
sleep under “Sleep Activities”. Any sitting behaviors (eg, sitting
at desk or watching television) were logged in “Sedentary
Activities”. All MVPAs such as brisk walking, jogging/walking,
and aerobic exercise were logged under “Exercise Activities”.
Participants were also instructed to categorize all other activities
not fitting into the previous categories (eg, household chores,
light gardening, leisurely walking, and other activities of light
intensity) under “Other Activities”. For this study’s purposes,
all activities categorized under “Other Activities” were classified
as LPAs. Users allocated their time into each behavior by
dragging their finger down the column throughout the specified
time. Although the app was designed to gather contextual
information about each of the activities performed, this paper
focused on evaluating total time spent on each activity category
due to lack of a gold standard measure for these contexts. For
the purposes of analyses, time spent in each behavior was
summed over all 5-minute epochs after excluding reported sleep
time for each day.

Figure 1. Self-monitoring component of the BeWell24 app.
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Criterion Measure of Sedentary and More Active
Behaviors

SAS Enterprise Guide 6.1 (SAS Institute Inc., Cary, NC) and
SPSS version 23 (SPSS, Inc., Chicago, IL).

Objective measures were derived from the activPAL3c
accelerometer. The devices were waterproofed using medical
grade adhesive coverings. Participants wore the device on the
midline of their right thigh using breathable hypoallergenic tape,
and were instructed to continuously wear the device for 7 days.
The validity and reliability of this device in measuring sedentary
and PA behaviors have been previously evaluated [24-27].
Collected data were processed into events of sitting, standing,
or stepping using the activPAL software version 7.2.32 (PAL
Technologies Ltd, Scotland, UK). Self-logged sleep and wake
times collected from the BeWell24 app were used to exclude
sleep time from the analyses. We used the consensus definition
of sedentary behavior as seated/lying positions with low energy
expenditure [4]; therefore, all wake time measured by the
activPAL3c as lying/seated were considered sedentary. LPA
time was defined as time spent standing or stepping at <3
metabolic equivalents (METs). MVPA was defined as time
spent stepping at >3 METs. Although the activPAL3c device
was primarily developed for measuring sedentary behavior, a
recent study has shown that the device is also accurate at
classifying and estimating the time spent at these
higher-intensity activities (mean bias=-2.6 [-5.8, 0.7] minutes,
RMSE=8.4, ICC=0.98 [0.95, 0.99]) [28]. All behaviors were
summed to total time spent in that category and expressed in
minutes/day. Bouts of continuous sedentary behavior >10 hours
from the activPAL3c were considered nonwear time and were
excluded from the analyses.

Reliability

Statistical Analyses
Data were summarized using means, standard deviations (SDs),
frequencies, and percentages. Analyses were performed using

Reliability of the BeWell24 app was evaluated using the data
collected during the last two weeks of the baseline period. The
last two weeks of the baseline period were arbitrarily chosen
because they represent a period when participants were well
acquainted with the app but before the start of intervention.
Days with >80% completion rates on the BeWell24 app were
considered valid days, and weeks with less than 3 valid days
were excluded from the analyses. The activities spent per day
in the second and third baseline weeks were summarized into
weekly averages and intraclass correlations (ICCs; 95% CI),
with absolute agreement between the two weeks calculated
using two-way random effects models [29]. Reliability was
considered poor, moderate, or strong when correlation
coefficients were <0.4, 0.4-0.8, or >0.8, respectively [21].

Validity
The validity of the BeWell24 app was evaluated by comparing
the app-based reported values to activPAL3c-measured
sedentary time, LPA, and MVPA. Days with <80% completion
rate of the app or those with <8 hours of valid activPAL3c wear
time were excluded from analyses. Agreements between the
two measures were assessed using single-measure with absolute
definition ICCs using the two-way random effects model.
Validity coefficients were interpreted with the scale referenced
in the reliability section. Bias estimates such as mean difference
(δ) and root of mean square error (RMSE; Figure 2) were also
used to determine the degree of over/underestimation of the
time spent on each behavior.

Figure 2. Root mean square error equation.

The Bland-Altman method was also used to estimate the mean
bias and the 95% limits of agreement (2 SD of the difference)
between the two measurement methods. The plots were visually
inspected for the presence of heteroscedasticity. The degree of
heteroscedasticity was then assessed by calculating the Kendall’s
tau (τ) correlation between the absolute differences and the
corresponding means. When τ>.1, the data were denoted
heteroscedastic. When τ<.1 or negative, the data were denoted
homoscedastic. If heteroscedasticity was present, the data were
transformed by logarithms to the base 10. The limits of
agreement from the log transformed data were then transformed
back into the original scale by taking antilogs, which were then
expressed as a function of the mean in the Bland-Altman plot
[22].
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Responsiveness to Change
The responsiveness statistic (RS) quantifies the minimal
clinically important difference, in relation to the variability in
scores of stable participants [30,31]. Ideally, participants are
measured multiple times during the baseline and postintervention
period to calculate the amount of variability in scores over a
stable period. In this analysis, we categorized participants as
stable if they did not change their sedentary or LPA time by 30
minutes/day or MVPA by 10 minutes/day. The SDs of the
differences in scores between weeks 3 and 7 of these stable
participants were used as the denominator in the RS calculation.
For each participant, we also used the mean change in time
spent in each behavior from week 3 (baseline) to week 7 (∆) as
our estimate of the minimal clinically important difference. To
supplement our results, we calculated the degree of
over/underestimation of the mean change in behavior by the
BeWell24 app using mean percentage error (MPE; Figure 3).
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Figure 3.

Data Exclusion
Uncategorized hours in the app and sleep time were excluded
from the data analyses. A total of 595 participant days were
gathered from participants. Days with <10 hours of activPAL3c
wear time and days with >20% annotation (n=219 days, 36.8%)
were excluded from the analyses.

Results
User Statistics
A total of 26 adults (age 49.0 years, SD 8.9; 85% men; 73%
Caucasian; body mass index [BMI]=35.0 kg/m2, SD 8.3)
participated but only 17 participants completed all aspects of
http://mhealth.jmir.org/2017/8/e119/
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RenderX

the study. Four subjects withdrew from the study during the
3-week run-in period due to an unrelated health concern (n=1),
burdensome assessment protocol (n=2), and loss of contact
(n=1). Four subjects were lost to follow-up after randomization
(17/21, 81% retention) due to an unrelated health concern (n=1)
and loss of contact (n=3). There were no differences in
demographic characteristics between withdrawn and lost to
follow-up participants among participants who completed the
study (N=17). All available data, from both completers and
noncompleters, were included in subsequent analyses.
Participants were asked to report their sedentary behavior, LPA,
and MVPA in the app over the 11-week study period but only
days with matching activPAL3c data (weeks 3, 7, and 11) were
included in the analyses. A total of 376 days from 21 participants
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e119 | p.19
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were analyzed. Across all time points, participants spent an
average of 695.5 (SD 139.3) minutes/day being sedentary, 144.9
(SD 112.4) minutes/day on LPAs, and 21.5 (SD 16.5)
minutes/day on MVPAs, as measured by the activPAL3c.

Reliability
Reliability in this study refers to the consistency of the
BeWell24 app in measuring a behavior over a stable 2-week
period (baseline). Based on the test-retest data, the reliability
of the BeWell24 app revealed moderate agreement between
measures of total time spent in sedentary behavior, LPAs, and
MVPAs (ICC=0.65 [0.43, 0.82], 0.67 [0.44, 0.83], and 0.69
[0.48, 0.84], respectively).

Toledo et al

Validity
Table 1 shows the agreement between the BeWell24 app and
activPAL3c in total minutes/day spent in each of the three
behaviors. Overall, the agreements between the two measures
were poor (ICC range=0.10-0.35). Figure 4 A shows the
Bland-Altman plot for self-reported sedentary behavior and
activPAL3c-derived total time spent in sedentary activity per
day. The data were determined to be homoscedastic (τ=-.35,
P<.001). Linear regression showed a significant positive bias
(β=0.53, P<.001) with increasing sedentary time. On average,
the BeWell24 app substantially underestimated total sedentary
behavior by -160.4 (-179.8, -141.0) minutes/day, and RMSE of
249.5.

Table 1. Agreement between activPAL3c and the BeWell24 app.

a

Intraclass correlationa (95% CI)

δb (95% CI)

Root of mean square error

Sedentary Activity

0.35 (0.04, 0.56)

-160.4 (-179.8, -141.0)

249.5

Light-Intensity Physical Activity

0.20 (0.02, 0.36)

144.4 (125.4, 163.5)237.0)

237.0

Moderate-Vigorous Physical Activity

0.10 (-0.01, 0.17)

15.5 (8.8, 22.3)

68.2

Calculated using two-way random effects model with absolute agreement

b

Mean difference between two measures calculated as δ= (BeWell24-activPAL3c)/n

Figure 4B and 4C show the Bland-Altman plot for self-reported
and activPAL3c-derived time spent per day in LPA and MVPA
activities, respectively. For both LPA and MVPA, visual
inspection of the Bland-Altman plots on their original unit of
measurement revealed heteroscedasticity, which were confirmed
by Kendall’s τ correlation coefficients (0.52 and 0.72,
respectively). As such, data were analyzed on the

log-transformed scale. There was significant negative bias
(β=-0.56, P<.001 for LPA, and β=-1.1, P<.001 for MVPA).
Furthermore, the BeWell24 app significantly overestimated
time spent on LPA activities by 144.4 (125.4, 163.5)
minutes/day with RMSE of 237.0 and slightly overestimated
the time spent on MVPA by 15.5 (8.8, 22.3) minutes/day with
RMSE of 68.2.

Figure 4. Bland-Altman plot of the BeWell24 app versus activPAL3c. (A) Total time spent sedentary (minutes/day); (B) total time spent in LPAs
(minutes/day); (C) total time spent in MVPAs (minutes/day). The y-axes are the difference between the two measures (BeWell24 app – activPAL3c),
and the x-axes are the average between the two measures ([BeWell24 app + activPAL3c]/2). SED: sedentary activity; LPA: light-intensity physical
activity; MVPA: moderate-vigorous physical activity; LoA: Limits of agreement for heteroscedastic data (calculated as a function of the mean,
LoA=±2Mean[10^SD-1]/[10^SD+1]).

Responsiveness to Change
Table 2 depicts the variability of each measure in each activity
category in the preintervention period, the mean change from
week 3 to week 7, and the RS of the BeWell24 app and
activPAL3c. The mean change in sedentary behavior was greater
in the BeWell24 app (-17.7 [-91.5, 56.0] minutes/day vs 2.16
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[-49.3, 53.6]) minutes/day). However, the RS of the BeWell24
app was lower compared to the activPAL3c (0.20 vs 0.64) due
to higher variability in changed scores among stable participants
using the app. Similarly, the LPA and MVPA RS of the
BeWell24 app was smaller (0.04 vs 2.0, and 0.19 vs 0.40) due
to greater variability of changed LPA and MVPA time from the
BeWell24 app.
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Table 2. Responsiveness to change of the BeWell24 app and activPAL3c (n=20).
Variable

% Substantial Change
(n/N)

Mean T1 and T2 Change (95% SD
CI)

Responsiveness Statistics

Sedentary Activity

85 (17/20)
BeWell24

-17.7 (-91.5, 56.0)

87.7

0.20

activPAL3c

2.16 (-49.3, 53.6)

3.4

0.64

BeWell24

-3.50 (-44.9, 37.9)

79.7

0.04

activPAL3c

-29.2 (-70.4, 11.9)

14.7

2.00

BeWell24

-6.40 (-28.8, 15.9)

34.0

0.19

activPAL3c

-2.00 (-5.00, 0.96)

5.00

0.40

Light-Intensity Physical Activity

Moderate-Vigorous Physical Activity

35 (7/20)

10 (2/20)

a

Percentage of participants who decreased by at least 30 minutes/day for sedentary activity, increased by at least 30 mins/day of LPA, or increased 10
minutes/day of MVPA based on activPAL3c
b

A measure of variability in change score of stable participants

b

Calculated as (mean change/SD), with direction of change removed

On average, the BeWell24 app slightly underreported change
in sedentary behaviors and MVPAs (MPE, 95% CI=-2.0%
[-161.7, 157.6.2] and -9% [-316.5, 298.5], respectively). The
app significantly overestimated change in LPA time by 207.1%
(-28.6 to 442.7). Nevertheless, both measures showed similar
directions in change scores for all behaviors.

association in ICC scores between BMI and sedentary behaviors
and LPAs (β= 0.026, P<0.01 and β=0.025, P=.02, respectively),
suggesting that participants with higher BMIs tended to be more
accurate at reporting their sedentary and LPA behaviors.
However, our analysis was limited in power due to a small
number of observations within each subject.

To understand the reasons for between-subject reporting error,
we explored the agreement between the two measures within
participants. We observed substantial variation in the agreement
of the two measures between subjects (ICC range=-0.19 to 0.74,
-0.85 to 0.93, and <-0.001 to 0.75 for sedentary behaviors, LPAs,
and MVPAs, respectively; Figure 5). We then evaluated possible
predictors of this observed variability using a linear regression
model. Multiple variables (age, sex, BMI, activPAL3c-derived
total time spent in sedentary behavior, LPA, and MVPA, and
total percent of day categorized in the app) were evaluated for
their associations with accuracy at reporting sedentary behaviors,
LPAs, and MVPAs. We only found a significant positive

We also explored the accuracy of the reported time spent in
each behavior by hour (Figure 6) to understand whether subjects
were more accurate in their reporting during morning, midday,
or evening times. In general, hourly ICCs ranged from -0.26 to
0.37, -0.16 to 0.41, and -0.22 to 0.43 (for sedentary behaviors,
LPAs, and MVPAs, respectively). The overall pattern suggested
greater accuracy during morning hours for sedentary and
MVPAs, and uniform levels of accuracy for MVPAs during
daytime hours with lower accuracy during early morning and
late evening hours. The number of observations in each hour
are presented beside each bar. Sleep time has been excluded
from all analyses.
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Figure 5. Individual variability in accuracy of self-reported behavior among participants. LPA: light-intensity physical activity; MVPA: moderate-vigorous
physical activity; ICC: intraclass correlation.

Figure 6. Hourly variability in accuracy of self-reported behavior among participants. The number of observations in each hour is presented beside
each bar. Sleep time has been excluded from all analyses. LPA: light-intensity physical activity; MVPA: moderate-vigorous physical activity; ICC:
intraclass correlation.
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Discussion
Principal Results
This study examined the utility of the BeWell24 app for
assessing time spent in sedentary and more active behaviors.
The results indicated that the app has moderate reliability and
comparable RS to the activPAL3c when measuring sedentary
and more active behaviors. This method of sedentary and PA
behavior assessment leverages the mobile platform to deliver
a more accessible and user-friendly assessment tool. This
approach lowers the burden associated with daily diaries and
allows for continuous reporting of sleep, sedentary behaviors,
LPAs, and MVPAs.
However, our results also indicated poor absolute agreement
between the app and the criterion measure for sedentary, LPA,
and MVPA behaviors. These results were similar to other
paper-based self-report measures of these behaviors (median
Spearman of 0.23 for sedentary behavior and 0.30 for total
activities) [10]. However, it must be noted that these PA
questionnaires were evaluated using Spearman correlations,
thus systematic differences between the two measurement
methods were not taken into account [32]. Using ICCs to
evaluate the reliability and validity of a measure is more suitable
because it accounts for these systematic differences, which are
considered to be an important element of overall measurement
error [33].
Technological advances have led to the development of various
mobile technologies that directly measure PA through sensors
(ie, accelerometers) integrated into the mobile system. A review
that included 10 studies that utilized mobile systems to measure
PA found that these systems varied in their ability to classify
behaviors (accuracy ranges from 52-100%) [34]. Although these
mobile apps do measure behaviors passively and objectively,
they are also limited in their ability to detect the context
associated with these behaviors. A similar study that used mobile
technology to deliver a self-report questionnaire to participants
showed that total activity level (as assessed by the questionnaire)
was moderately correlated with total counts from the Actigraph
(r=.45, P<.05) [17]. However, the mobile app was only designed
to measure total activity level of a person and does not measure
the time spent in each activity category. A major advantage of
our approach is that we allowed for 24-hour annotation of
activity and did not just focus on MVPAs. This factor enabled
us to critically evaluate the app for its ability to measure time
spent in each activity category. This design will also allow future
researchers to evaluate the independent health impacts of these
behaviors.
The discrepancies in reported PA behaviors could be due to
misclassification of MVPAs to LPAs by the activPAL3c. One
limitation of the activPAL3c device, and with other
accelerometer-based monitors, is that they are limited in their
ability to measure the relative intensity of an activity. For
example, a person walking leisurely at 3 miles per hour could
be logged as an LPA in the activPAL3c device but could be at
moderate intensity relative to the person’s fitness level, which
would be reported as MVPA in the app. The under-reporting
of LPA time and over-reporting of MVPA time in the BeWell24
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app supports this notion. It must also be emphasized that LPA
time was calculated from the app using the total time classified
as “others”, in which participants were instructed to include
behaviors that do not belong to other specified categories. This
instruction could have led to some misclassification by the
participants. However, participants were given clear and
exhaustive instructions when classifying their activities, and
any misclassification that occurred could also have randomly
occurred in real-life settings, and should be treated as random
errors.
Our results also included a responsiveness to change analysis
to determine how well the app detects changes in behavior
relative to the activPAL3c measure. This change is an important
metric to evaluate, given its utility in the context of behavioral
interventions, in which the absolute estimate of an activity may
be less important than whether change in that activity has
occurred. Notably, the app has consistently higher variability
in changed scores among stable participants. This result also
led the RS scores of the app to be consistently lower compared
to the activPAL3c. Regardless, the mean change scores for both
the activPAL3c and the BeWell24 app had similar trends in
LPA and MVPA categories, suggesting that these measures
agree on the overall direction of change for each of the
behaviors.

Strengths and Limitations
One strength of this study is the use of the activPAL3c device,
which allowed us to compare the self-report measure to a more
valid measure of sedentary behavior and LPA. We also reported
the RS of both measures, which enabled us to determine the
ability of our instrument to detect changes in our target behavior
over time. One key feature of this app that may be useful in
future studies is the ability to capture the contextual information
of these sedentary and more active behaviors, which greatly
improves its utility in interventions targeting domain-specific
behaviors. However, this feature was not evaluated in this study
due to lack of objective criterion measures. The results from
this study will provide useful information for future studies that
would evaluate the validity of the app to measure these
domain-specific behaviors.
A limitation of our study was the lack of a control group. Due
to our study design, all participants received the at least one
component of the app (self-monitoring component and/or a
combination of the sleep, sedentary, or exercise component).
This factor limited our ability to determine whether the observed
change in behaviors were due to actual change caused by the
intervention, or due to other causes, such as systematic
misreporting of the behavior. As pointed out by Gardiner et al
[35], a larger RS in our study suggests a greater magnitude of
reported change in behavior during the intervention period, and
not necessarily a better ability to detect a minimal clinically
meaningful change. Furthermore, the activPAL3c device is
primarily aimed at measuring sedentary activities and may be
limited in its usefulness in measuring MVPAs. The lack of a
more accurate measure of active behaviors may have led to the
lower validity of the app in measuring MVPA. However, recent
studies have shown that although the activPAL3c does
overestimate and underestimate the energy expenditure of higher
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intensity activities, it does a satisfactory job of estimating time
spent in these activities [28,36]. We were also limited in our
ability to generalize the findings due to our small sample size,
which was slightly older and had one or more morbid conditions
compared to the general population.

Conclusions
Our results suggest that the BeWell24 app is reliable and
sensitive to change in both sedentary behavior and more active
behaviors after an intervention. The analysis showed poor
agreement with the activPAL3c when measuring these

Toledo et al
behaviors. However, this finding is not unexpected, given that
using self-reports for absolute measurement of these forms of
activities have traditionally been difficult. Despite this limitation,
the app is still useful in studies aimed at evaluating interventions
targeted at changing these specific behaviors. In addition, the
app could be used as a tool to capture context-specific forms of
sedentary, LPA, and MVPA behaviors. Further study is needed
to evaluate possible correlates for the large amount of
between-subject variability in the accuracy of participants when
reporting sedentary and more active behaviors.
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Abstract
Background: Acquired Brain Injuries (ABIs) can result in multiple detrimental cognitive effects, such as reduced memory
capability, concentration, and planning. These effects can lead to cognitive fatigue, which can exacerbate the symptoms of ABIs
and hinder management and recovery. Assessing cognitive fatigue is difficult due to the largely subjective nature of the condition
and existing assessment approaches. Traditional methods of assessment use self-assessment questionnaires delivered in a medical
setting, but recent work has attempted to employ more objective cognitive tests as a way of evaluating cognitive fatigue. However,
these tests are still predominantly delivered within a medical environment, limiting their utility and efficacy.
Objective: The aim of this research was to investigate how cognitive fatigue can be accurately assessed in situ, during the
quotidian activities of life. It was hypothesized that this assessment could be achieved through the use of mobile assistive technology
to assess working memory, sustained attention, information processing speed, reaction time, and cognitive throughput.
Methods: The study used a bespoke smartphone app to track daily cognitive performance, in order to assess potential levels of
cognitive fatigue. Twenty-one participants with no prior reported brain injuries took place in a two-week study, resulting in 81
individual testing instances being collected. The smartphone app delivered three cognitive tests on a daily basis: (1) Spatial Span
to measure visuospatial working memory; (2) Psychomotor Vigilance Task (PVT) to measure sustained attention, information
processing speed, and reaction time; and (3) a Mental Arithmetic Test to measure cognitive throughput. A smartphone-optimized
version of the Mental Fatigue Scale (MFS) self-assessment questionnaire was used as a baseline to assess the validity of the three
cognitive tests, as the questionnaire has already been validated in multiple peer-reviewed studies.
Results: The most highly correlated results were from the PVT, which showed a positive correlation with those from the
prevalidated MFS, measuring 0.342 (P<.008). Scores from the cognitive tests were entered into a regression model and showed
that only reaction time in the PVT was a significant predictor of fatigue (P=.016, F=2.682, 95% CI 9.0-84.2). Higher scores on
the MFS were related to increases in reaction time during our mobile variant of the PVT.
Conclusions: The results show that the PVT mobile cognitive test developed for this study could be used as a valid and reliable
method for measuring cognitive fatigue in situ. This test would remove the subjectivity associated with established self-assessment
approaches and the need for assessments to be performed in a medical setting. Based on our findings, future work could explore
delivering a small set of tests with increased duration to further improve measurement reliability. Moreover, as the smartphone
assessment tool can be used as part of everyday life, additional sources of data relating to physiological, psychological, and
environmental context could be included within the analysis to improve the nature and precision of the assessment process.
(JMIR Mhealth Uhealth 2017;5(8):e125) doi:10.2196/mhealth.6333
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Introduction

questionnaires, the MFS is the only one that measures cognitive
fatigue irrespective of neurological conditions [14].

Cognitive fatigue can be caused by multiple different conditions,
including Acquired Brain Injuries (ABIs) [1], Parkinson’s
disease [2], stroke [3], heart failure [3], and many more. For
those suffering from an ABI, cognitive fatigue can be triggered
by carrying out simple everyday tasks, and is often much more
prevalent [1]. Correct, timely, and accurate information is
important to inform long-term management and rehabilitation
from cognitive fatigue. Correspondingly, one of the primary
challenges related to cognitive fatigue and its associated
assessment is the subjective nature of the condition, coupled
with a lack of identifiable biological markers. Consequently,
there is a clear lack of technology-based approaches to assist
with assessment and recovery management. Diagnosis and
assessment typically relies upon assessment conducted within
a clinical environment, meaning that incidents of cognitive
fatigue can potentially go unrecognized, as they are most likely
to happen when no professional or clinical supervision is
present.

Computerized Fatigue Assessment Approaches

Traditional Fatigue Assessment Approaches
Evaluation of cognitive fatigue has traditionally been performed
using self-assessment in the form of easy-to-comprehend
questionnaires that are often delivered within a clinical setting
[4]. Accordingly, a number of self-assessment questionnaires
have been designed to specifically assess cognitive ability and
its relationship to fatigue, including the Mental Fatigue Scale
(MFS) [5], Fatigue Severity Scale (FSS) [6], and Visual
Analogue Scale for Fatigue (VAS-F) [7]. All of these scales use
a visual analogue representation or targeted questions to aid a
participant in self-evaluation. Upon completion, a clinician must
then calculate the resulting score to categorize the level of
cognitive fatigue. The MFS is a multidimensional questionnaire
containing 15 questions developed by Johansson and Rönnbäck
[8] (adapted from Rödholm et al [9]) which utilizes a range of
questions that cover the most common symptoms occurring
after an ABI [10,11]. The questions concern fatigue in general,
lack of initiative, mental fatigue, mental recovery, concentration
difficulties, memory problems, slowness of thinking, sensitivity
to stress, increased tendency to become emotional, irritability,
sensitivity to light and noise, and decreased or increased duration
of sleep (as well as 24-hour variations). A resulting rating is
calculated based on intensity, frequency, and duration of
cognitive fatigue. The scale has been clinically evaluated and
has adequate internal consistency with a Cronbach alpha of 0.94
[12]. Similarly, the FSS is a 9-item questionnaire that assesses
the effect of general fatigue on daily living, in which each item
is rated on a 7-point Likert scale [6]. Originally designed to
assess general fatigue in patients with multiple sclerosis and
systemic lupus erythematosus, the FSS has been successfully
adapted to the measurement of fatigue in relation to other
conditions [13]. By contrast, the VAS-F developed by Lee et
al [4] employs an 18-item visual analogue scale to allow
participants to determine their own rating regarding each
statement in the scale. However, of these self-assessment
http://mhealth.jmir.org/2017/8/e125/

XSL• FO
RenderX

More recently, research into computerized cognitive fatigue
assessment has sought to adopt cognitive testing methods by
either adapting paper-based methods or repurposing cognitive
testing batteries [15-17]. While cognitive testing methods have
traditionally been used to determine relative cognitive ability,
they have also been shown to indicate discrepancies in
performance in relation to cognitive fatigue [16,18]. Van
Dongen et al [19] defined three computerized methods for
assessing fatigue: (1) a Mental Arithmetic Test to assess
cognitive throughput; (2) the Psychomotor Vigilance Task
(PVT) to assess reaction time; and (3) a Digit-Symbol Coding
test to assess working memory. This study focused on measuring
cognitive performance after periods of restricted sleep, with
results indicating that even a relatively small amount of sleep
restriction can seriously impair cognitive performance on
everyday tasks [19].
Originally designed for a static desktop computer-based
evaluation, PVT has since been modified for use on a
mobile-based platform (to improve the utility of on-the-go
assessment [16,20]) and has been shown to be an accurate
predictor of vigilance due to fatigue and sleep loss [21,22],
which is a direct predictor of cognitive fatigue. A shorter
3-minute version of PVT has been shown to be equally
successful in evaluating cognitive fatigue as longer-administered
versions [15]. Drawbacks observed from lengthier administered
adaptations include an increased resource demand on
participants due to the time on task required; this could
potentially be harmful to participants already suffering from
cognitive fatigue due to an ABI. The design of some of the
PVTs mentioned above allowed for a degree of learning or
preempting that occurred in these studies [20,21]. This problem
needs to be addressed for tests to be equally taxing over time,
so that results are continually obtained under the same level of
effort. Johansson et al [18] compared the utility of the MFS to
a suite of cognitive tests to determine if there is a direct
correlation in their ability to subjectively and objectively
measure cognitive fatigue. Neuropsychological tests that were
employed included Digit Symbol Coding, Digit Span, Spatial
Span [23], and Trail Making [24], which were used to measure
processing speed, cognitive attention, working memory, verbal
fluency, and reading speed. It was concluded that subjective
cognitive fatigue following brain injury mainly correlates with
objectively measured information processing speed [18]. In
particular, specific cognitive tests from the Wechsler Adult
Intelligence Scale, such as Spatial Span, have been shown to
be effective when used to evaluate cognitive fatigue in terms
of cognitive attention and working memory [8]. Consequently,
these computerized tests allow for a detailed level of accuracy
in testing, thus providing a more comprehensive view of
cognitive ability than can be found using paper-based tests
[16,18]. Work by Kay and Rector [16] and Gartenberg and
McGarry [20] investigated the efficiency of using short
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mobile-based tests, along with the potential usability issues that
arise from test delivery on a mobile platform. These studies
concluded that mobile-based assessment approaches were just
as effective as desktop computer-based approaches [16,20]. Due
to the simple design of tests such as the PVT, there were no
usability issues noted when delivering it using a mobile
platform. By contrast, Swendeman et al [25] conducted a study
examining the validity of using a self-assessment-based
approach on a smartphone; the study aimed to evaluate
emotional and behavioral self-reports daily over a 6-week
period. Daily completion rates were reported to be 50%, with
70% of participants completing three follow-up surveys after
the 6-week period. However, adherence to daily assessment
was observed to be low, which was attributed to errors in data
that subsequently had to be excluded from the evaluation results.
To resolve this issue, it was suggested that prior training with
the technology should be provided for participants, as it is often
the case that brain-injured individuals find technology difficult
to use due to their condition [26].

for accurate in situ assessment. This study primarily explored
the adaptation of cognitive fatigue tests for delivery using a
smartphone. During the study, the validity of the
smartphone-based tests was compared to self-reported cognitive
fatigue levels, as measured using the MFS. Accordingly, the
MFS version employed had to be adapted to allow for delivery
on a smartphone. Three cognitive tests were chosen from those
identified in the literature. The Spatial Span Test was selected
for inclusion to assess working memory. The PVT was also
selected, as it has been proven as a cognitive fatigue evaluation
method [27]; moreover, the nature of the test allows for small
discrepancies in performance to be determined due to the timing
of reactions being measured to approximately 1 millisecond. A
Mental Arithmetic Test was also included, as simple addition
and subtraction questions have been shown to successfully
measure cognitive throughput [28], and are effective in assessing
the characteristics associated with cognitive fatigue [19]. The
adaptation and implementation of these cognitive tests are
detailed later in this paper.

The study presented in this paper aimed to address the research
question, “ How can cognitive fatigue be accurately assessed
through the use of a mobile assistive technology?”. As such,
the study sought to evaluate the correlations between subjective
and objective measures of cognitive fatigue, with a future view
to supplement traditional clinical evaluations with in situ
cognitive assessment. From this approach, the following
hypotheses were formulated: (1) a correlation will be observed
between objective cognitive testing performance and the
subjective measure reported by the MFS; (2) participants who
are cognitively fatigued would exhibit a reduced level of
performance in Spatial Span, PVT, and Mental Arithmetic Tests;
and (3) accurate cognitive fatigue assessment can be carried out
on a mobile app for use in everyday life.

Smartphone App Design Process

Methods
As highlighted, the assessment of cognitive fatigue commonly
takes place within a clinical environment, which does not allow

A multi-disciplinary, iterative approach (as illustrated in Figure
1) was employed to systematically inform and evaluate each
aspect of the smartphone app’s design. The research team
included experts in the fields of ABI, psychology, and
interaction design, which informed initial design decisions and
the proposed functionality of the app. This Expert Review
informed the development and design process to establish a
Prototype app. In turn, this Prototype was then used in a Pilot
Study that focused on user-centered design, to test our three
hypothesized assumptions and to refine the protocol for eventual
deployment during the target study. This process permitted the
design and development of the app to be informed by clinical
theory and practice, as well as commercial design theory and
participant feedback. Table 1 shows the different development
stages of the study, in addition to the requirements within each
stage, that facilitated the desired outcome. Accordingly, each
outcome was met before moving on to the next stage.

Figure 1. Smartphone app iterative design process.
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Table 1. Requirements for each Development Stage.
Development
Stage

Targeted Outcome

Specific Processes

Expert Review

Overall workflow of app finalized. Requirements list and features identified.

Research into appropriate cognitive testing Sequencing of cognitive tests were dismethods was carried out alongside mobile cussed and finalized based upon perceived
workflow and design research. Expert
enjoyment and difficulty.
opinion was used for each requirement
inclusion.

Prototype

Prototype app finalized, based upon requirements set up from Expert Review.

Storyboarding of smartphone app screens
to create a structured guide for design.
Color scheme and visual design was finalized. Front and backend development finalized to create a stable, secure, and usable app.

Through storyboarding and visual planning, complexity of the cognitive tests was
reduced to improve their usability. The
Mental Fatigue Scale was adapted for
easier use on a smartphone.

Pilot Study

Deployment of the prototype app to a
small group of participants in a pilot study.
Gather usability feedback from participants.

Carried out a two-week pilot study using
the developed app. Participants did not
have any prior acquired brain injuries (to
validate the app on a healthy population
first, as using a vulnerable population is
unethical).

Feedback from the pilot study informed
the team of usability issues and bugs, and
participants suggested improvements to
make the app more enjoyable.

Deploy

Deployment of the finalized app to a larger Targeted study was used to validate the
Targeted study deployment allowed for
number of participants. Data collection to cognitive fatigue measures that were used data collection through participant use of
allow for analysis of results.
within the app.
the finalized app. This data was then analyzed to establish the accuracy and validity
of proposed cognitive testing methods.

Expert Review
The initial phase of the design process primarily focused on
using the research team’s multidisciplinary expertise to inform
the overall nature and workflow of the app. The order in which
the cognitive tests would be delivered was considered an
important design decision, as retaining participant engagement
(particularly when cognitively fatigued) is crucial. Through
Expert Review, the order of the selected tests was based on a
combination of the perceived level of difficulty and expected
level of participant enjoyment. These considerations
subsequently lead to potentially less-engaging tests being
sequenced earlier in the workflow of the app, whereas more
engaging tests were sequenced later. Accordingly, the cognitive
tests presented to participants would become increasingly
stimulating over the course of a session. As a result, the ordering
of the tests presented by the app was: MFS, Spatial Span Test,
PVT, and Mental Arithmetic Test. In addition, the Expert
Review also helped to ensure that any changes made to the
MFS, specifically its redesign for optimal presentation on a
smartphone screen, did not compromise the validity of the
corresponding results.

Pilot Study
Following the initial Expert Review stage, a Pilot Study was
delivered to a small set of participants (n=5), using a
first-iteration prototype app. This stage facilitated an evaluation
of the efficacy of each of the selected cognitive tests to help
ensure that they would challenge participants sufficiently, and
facilitate collection of a dataset with appropriate variability to
permit subsequent analyses. The Pilot Study also provided an
opportunity to gain feedback on information design and visual
design choices made during the Expert Review, which might
affect the usability of the app.
http://mhealth.jmir.org/2017/8/e125/
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Modifications

Iterative Improvements to Mobile App Cognitive Test
Design
The iterative nature of the design process allowed for further
Expert Review to inform a response to findings from the Pilot
Study, which helped to further refine and optimize the design
of the app and the planned larger-scale study. A notable instance
of this process is the design of the Spatial Span Test, which was
revised from a 5x5 grid to a 4x4 grid layout, as the original
design proved difficult to accurately tap when displayed on a
smartphone screen. Additionally, a countdown timer and
progress bar were added to inform participants of both the
remaining time during the test and their ongoing progress.
The design of the PVT was also revised to introduce a randomly
positioned stimulus, to prevent participants from preempting a
response. Immediate visual feedback was also incorporated to
encourage concentration and participation during the test. In
terms of the Mental Arithmetic Test, initial concerns regarding
the layout of the on-screen number keypad used for participant’s
responses was validated, with a telephone style layout proving
acceptable to participants. Moreover, changes to the MFS
element of the app required much more care, as the purpose of
including it was to provide an established cognitive fatigue
assessment tool to help evaluate how effective the mobile
cognitive tests were at assessing cognitive fatigue. To maintain
the validity of the MFS, it was important that it differed as little
as possible from the original paper-based questionnaire.
However, the presentation of each question as a separate element
marks a departure from the original paper-based version; this
change was made in response to feedback from the design
process that found a single continuous onscreen set of questions
to be awkward from a user-interaction viewpoint.
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Target Study Delivery
Upon completion of different iterations of Expert Review, Pilot
Study, and subsequent iterations of Prototype development, the
smartphone app was ready to Deploy within the target study.
At the start of the study, guidance was given to each participant
on the nature of the study and informed consent was obtained,
for the purpose of conducting the study in an ethical manner.
Subsequently, a brief tutorial on how to use the app was
presented. Once the study had commenced, participants received
a push notification daily at 3 o’clock p.m. as a reminder to carry
out a session with the app. Upon launching the app, the

Price et al
participant was initially presented with brief instructions
regarding the purpose and usage of the app, which was
subsequently followed by delivery of the MFS and the set of
cognitive tests in the predefined order: (1) MFS; (2) Spatial
Span Test; (3) PVT; and (4) Mental Arithmetic Test. Completion
of both the MFS and set of cognitive tests took approximately
5 minutes in total. Upon completion, the data collected was
initially stored on the mobile device, before subsequent
transmission to an online database. The set of tests presented
to participants are illustrated in Figure 2. The individual tests
and sequencing within the app are detailed in Textbox 1.

Figure 2. Screenshots of the smartphone app’s four main screens from left to right: Mental Fatigue Scale, Spatial Span Test, Psychomotor Vigilance
Task, and Mental Arithmetic Test.

Textbox 1. Sequencing of measures within the smartphone application.
•

As shown on the left side of Figure 2, the first test presented was the MFS, which displayed 15 individual questions to participants, along with
an associated 7-point response scale, each on a separate screen with a button at the bottom to progress to the next question.

•

The second test presented was the Spatial Span Test, which required each participant to recreate a sequence of flashing boxes that appeared on
the screen one after the other in a grid formation. If the participant correctly repeated the presented sequence, they were then presented with a
new sequence that contained one additional box. Conversely, if the participant entered an incorrect sequence, then the next sequence was one
box shorter, with a minimum sequence of three boxes being presented. The use of adaptive difficulty in this manner was intended to help maintain
engagement regardless of the participant’s level of performance. The Spatial Span Test lasted for a total of 90 seconds, during which time
participants attempted to complete as many sequences as possible.

•

Upon completion, the PVT was presente: the mobile implementation of PVT required the participant to attempt to achieve the quickest reaction
times possible in response to the presentation of onscreen stimuli 20 times; each time a large block of color was randomly displayed on one half
of the smartphone screen.

•

The final test presented was the Mental Arithmetic Test, as illustrated on the right side of Figure 2, which required participants to make a single
attempt at solving a number of serial addition and subtraction tasks within a predefined time limit of 90 seconds. Although the components of
the individual arithmetic operations were randomly generated, they were restricted to ensure that the problem numbers were in the range 0-9 and
the result was a positive number in the range 0-18. Immediate visual feedback was provided on the correctness of the answer before presenting
the next addition or subtraction task.
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Table 2. Data collected from mobile fatigue assessment app.
Test

Factors Measured

Data Collected

Type of Data

Mental Fatigue Scale

Overall fatigue assessment

Date and time test was started

Date/time

Questionnaire results

Numerical array

Cognitive attention

Total number of sequences complete

Numerical

Working memory

Longest sequence achieved

Numerical

Total number of correct sequences

Numerical

Total number of incorrect sequences

Numerical

Time to complete each full sequence

Numerical array

Alertness

Reaction times

Numerical array

Reaction time

Total number of premature reactions (wrong)

Numerical

Total number of timely reactions (right)

Numerical

Total number of correct answers

Numerical

Total number of incorrect answers

Numerical

Total number of questions presented

Numerical array

Correct answer

Numerical array

User’s answer

Numerical array

Spatial Span Test

Psychomotor Vigilance Test

Mental Arithmetic Test

Cognitive throughput

Data Collection
Each specific test captured a range of different data points to
assess relative performance. These data included correct and
incorrect responses and time it took to respond during each task.
Data that was collected via the app is detailed in Table 2. All
collected data were stored locally on the participant’s device
before being transmitted to a secure central server.

Participant Feedback
Upon conclusion of the study, all participants were invited to
provide feedback on the smartphone app using an online version
of the System Usability Scale (SUS) [29]. For the SUS,
participants were asked to score 10 items with one of five
responses ranging from Strongly Agree to Strongly Disagree.
Additionally, participants were asked to freely comment on any
aspect of the app or study to provide further feedback.

Participant Recruitment
Participants (n=21) were recruited within Ulster University to
undertake the study over a two-week period. Participants with
no prior brain injuries were explicitly chosen, as it was
considered unethical to test a newly developed method on a
clinical population without first understanding how it might be
of benefit. Moreover, the experience of cognitive fatigue, while
a characteristic of ABI, is not limited to the condition. The mean
age of participants recruited was 22 years (standard
deviation=4). In addition, participants were required to own an
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iPhone to ensure that they were familiar with using iOS-based
smartphone apps, which removed the need for additional training
in device use prior to undertaking the study. Participants were
required to use the app once daily to self-assess their cognitive
fatigue levels. During the study, 81 individual testing instances
were recorded, resulting in an overall daily adherence by
participants of 28%.

Target Study Statistical Analysis
Data were analyzed using IBM SPSS version 22. Descriptive
statistics were used to provide information on average reaction
time, MFS questionnaire total score, total number of timely
reactions, total number of correct Spatial Span sequences, total
number of correct answers to Mental Arithmetic questions, and
longest sequence achieved in the Spatial Span Test (Table 3).
Pearson’s correlations explored the relationships between the
MFS and the three cognitive tests. Finally, multiple linear
regression was utilized to investigate variables thought to be
predictive of fatigue. Although prompting notifications were
issued at 3 o’clock p.m. every day, participants could take the
test at any time they chose. This flexibility facilitated a range
of testing instances throughout the day. Data obtained from the
overall set of results was grouped into three episodic epochs
and analyzed separately: (1) morning (midnight to midday); (2)
afternoon (midday to 6 o’clock p.m.); and (3) evening (6 o’clock
p.m. to midnight). Subsequently, the groupings were utilized
to assess if there was a predominant time of day when fatigue
levels were higher, based on self-reported figures.
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Table 3. Correlations of testing variables to the self-reporting MFS scale.
Mental Fatigue Scale Score

a

Average Psychomotor

Average Psychomotor

Average Spatial

Average Arithmetic

Average Highest

Vigilance Task

Vigilance Task

Span Correct

Questions Correct

Spatial Score

Reaction Time

Reactions Correct

Correlation

.342

Significance (P-value)

.008

a

Reached

.159

-.141

-.016

-.064

.157

.209

.884

.568

Correlation is significant at the 0.01 level (2-tailed).

Correlation and Regression Analysis

Data Exclusion
To identify outliers of extreme and incorrect testing instances,
data were analyzed using box plots. Analysis of outliers used
the standard measure of 1.5 times the interquartile range to find
outliers that were viewed to be too far from the central values
to be reasonable. A likely cause of outliers is inaccurate
self-assessment (eg, assessment scores were abnormally high
or low in comparison to testing scores), in conjunction with a
simplistic pattern of responses observed (ie, all responses were
the lowest or highest possible choices). Removal of outlying
instances of this type helped to ensure only reliably accurate
tests were included during analysis.

Results
Overall, 81 individual testing instances were recorded by the
participant population, resulting in a daily adherence by
participants of 28%. Daily reminder notifications resulted in a
participant adherence rate of 23% within the first two hours of
receiving the notification; this finding indicates that a large
proportion of app usage instances occurred due to the daily
reminders.

Initial analysis of the results obtained indicated the average
reaction time during the PVT had the strongest correlation with
the MFS for evaluating cognitive fatigue, measuring 0.342
(P=.008). By comparison, the average Spatial Span sequences
correct had a correlation of -0.141 (P=.209), and the total Mental
Arithmetic questions correct had a correlation of -0.016
(P=.884). All correlations are detailed in Table 4.
The best correlation to the MFS was from the average reaction
times in the PVT. The significance of this correlation shows
that the PVT may be a valid way to assess cognitive fatigue as
a replacement for self-reporting. Average reaction time, total
number of correct reactions, total number of correct Spatial
Span sequences, and total number of correct Mental Arithmetic
questions were entered into a multiple linear regression model
to determine which factors were predictive of fatigue (see Table
5). Correspondingly, a statistically significant model emerged
(P=.038, F=2.682), which explained 8% (adjusted
R-square=.078) of the variance observed in fatigue scores. The
only statistically significant variable to predict fatigue was PVT
average reaction time.

Table 4. Correlations of testing variables against the self-reported MFS scale.
Mental Fatigue Scale Score

a

Average Psychomotor

Average Psychomotor

Average Spatial

Average Arithmetic

Average Highest

Vigilance Task

Vigilance Task

Span Correct

Questions Correct

Spatial Score

Reaction Time

Reactions Correct

Correlation

.342a

.159

-.141

-.016

-.064

Significance (P-value)

.008

.157

.209

.884

.568

Reached

Correlation is significant at the 0.01 level (2-tailed).

Table 5. Standardized and unstandardized regression coefficients for variables entered into the model.
Variable

B

Standard Error

Βeta Coefficient

T-statistic

P-value

95% CI

Mental Fatigue Scale

-6.990

27.042

N/A

-0.258

.797

-60.848 to 46.869

Average Reaction Time

46.610

18.898

.312

2.466

.016

8.971 to 84.249

Average Reactions Correct

1.442

1.654

.099

0.872

.386

-1.853 to 4.737

Average Spatial Span Correct

-3.505

2.991

-.138

-1.172

.245

-9.462 to 2.452

Total Mental Arithmetic Correct

0.696

0.488

.179

1.427

.158

-.276 to 1.668
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Figure 3. Average reaction time performance over the duration of the study.

Time Series Trend Analysis
Self-reported cognitive fatigue measured by the MFS was also
shown to correlate with a slower average reaction time, which
supports the hypothesis that information processing speed is a
predictor of fatigue. From Figure 3, it can be observed that there
is no significant increase or decrease in performance in the PVT
over the two-week testing period. Average reaction time stayed
consistent apart from several outliers above the upper control
limit, which could be attributed to lapses in concentration. If a
significant performance increase were observed, it would
suggest a level of training and learning over time; however, this
is not the case from the overall results obtained.
As previously mentioned, results data were grouped into three
epochs throughout the day (morning, afternoon, evening).
Analysis of the results obtained from the MFS demonstrates
that the morning epoch produced the highest self-reported levels
of cognitive fatigue, which were 30.18% higher than during the
afternoon epoch, and 28.21% higher than during the evening
epoch. Although there was no statistical significance observed,

there is an interesting correlation with the metrics outlined in
Textbox 2 all being lower, which also indicates higher levels
of cognitive fatigue.
It may be appropriate for future work to further analyze the time
of day that tests were undertaken. Consequently, this data could
support the hypothesis that a reduced level of performance
would be seen in participants with higher self-reported fatigue
(see Table 6).
After completion of the study, participants were further invited
to evaluate the smartphone app using an online version of the
SUS and to comment on changes to the app that could encourage
higher levels of participation. Subsequently, results obtained
from this evaluation indicated that the primary reason for
nonadherence was the MFS, which was considered boring and
strenuous in terms of having to answer multiple questions. By
comparison, the cognitive tests were perceived to be fun and
enjoyable. This finding supports the study in trying to determine
an accurate and more engaging method of in situ fatigue
evaluation than is currently available.

Textbox 2. Observed lower scores during morning epoch.
•

Mean amount of correctly answered arithmetic questions was 4.34% lower during the morning epoch than the afternoon epoch and 4.58% lower
than the evening epoch

•

The longest sequence achieved in the Spatial Span test was 1.05% lower in the morning epoch than the afternoon epoch and 1.57% lower than
the evening epoch

•

The total number of correct Spatial Span sequences achieved was 0.41% lower in the morning epoch than the afternoon epoch and 1.63% lower
than the evening epoch
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Table 6. Descriptive statistics for morning, afternoon, and evening epochs.
Epoch

N

Minimum

Maximum

Mean

Standard Deviation

Reaction time (seconds)

15

0.34846

0.60071

0.41786a

0.07409

Mental Fatigue Scale result

15

24

84

40.93

17.123

Total number of timely reactions

15

12

15

14.53

0.834

Total number of correct Spatial Span sequences

15

4

5

4.87

0.352

Total number of correct Mental Arithmetic answers

15

15

28

23.47

3.461

Longest Spatial Score sequence reached

15

4

7

5.67

0.9

Reaction time (seconds)

45

0.2950

0.65199

0.386a

0.05733

Mental Fatigue Scale result

45

14

78

30.2

12.836

Total number of timely reactions

45

12

15

13.89

0.959

Total number of correct Spatial Span sequences

45

4

6

4.89

0.573

Total number of correct Mental Arithmetic answers

45

14

31

24.51

3.501

Longest Spatial Score sequence reached

45

3

9

5.73

1.372

Reaction time (seconds)

21

0.3069

0.7600

0.37417a

0.1443

Mental Fatigue Scale result

21

14

53

30.81

10.731

Total number of timely reactions

21

12

15

14

0.894

Total number of correct Spatial Span sequences

21

4

6

4.95

0.590

Total number of correct Mental Arithmetic answers

21

19

31

24.57

3.682

Longest Spatial Score sequence reached

21

3

9

5.76

1.411

Morning

Afternoon

Evening

a

Denotes the median reaction time

Discussion
While it is clear from the results obtained that all cognitive
fatigue tests showed a degradation in the participant’s
performance when there is a higher level of self-reported fatigue
(as hypothesized prior to the study), analysis indicates that only
the PVT is significant enough to make claims on its validity.
Subsequently, both the Spatial Span Test and Mental Arithmetic
Test do not provide a strong correlation with the MFS for
measuring cognitive fatigue. Although a correlation may be
observed from all three of the tests as hypothesized, currently
only the PVT has the potential to accurately assess cognitive
fatigue using a mobile device, as it is able to determine the
current level of mental fatigue concordant with the levels
reported using the MFS. Furthermore, PVT is less demanding
for participants to undertake than the other cognitive tests.
Feedback from a usability viewpoint also suggested that the
PVT was considered by participants to be more engaging than
the MFS. From a participant perspective, assessment of
cognitive fatigue is feasible via a smartphone app; however,
adherence to regular testing is crucial to gaining an
understanding of the condition over time.
Adaptation of the smartphone app to increase the overall time
on the cognitive tests could potentially lead to more accurate
evaluation results across all tests, although this is only possible
http://mhealth.jmir.org/2017/8/e125/
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if participants are willing to take part in a longer daily task.
Tailoring time-on-task to promote continued adherence, while
also collecting sufficient data to accurately assess the condition,
is a critical balance that requires further research. Such studies
will enable a greater understanding of the testing duration
required to permit accurate mobile-based cognitive fatigue
evaluation. Future work may benefit from increased time-on-task
for each of the three cognitive tests.
When considering the scores of the PVT from individual
participants, it can be observed that there was no improvement
in scores over time. It is important that the participants find the
test equally taxing over time, so that the same indicators of
fatigue are present, rather than a participant learning from
previous sessions and becoming increasingly expert in
undertaking the assessment. Such learning would
consequentially mask any underlying cognitive fatigue.

Principal Findings
The approach of interpreting fatigue using a mobile device has
been demonstrated to have validity. However, a number of
improvements could be made to the process, in addition to
changes to the specific data that is collected. Such changes could
include collecting data on environmental factors such as the
quantity and quality of sleep, daily exercise levels, current
location and social environment, and current emotional status.
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Based on the study performed, participant feedback indicated
that carrying out the MFS was one of the least enjoyable parts
of the overall process, which potentially lead to a reduction in
engagement. The use of PVT has been shown to provide a
similar capability in the assessment of cognitive fatigue,
meaning that future work can potentially exclude the use of
MFS. Subsequently, this exclusion may further increase user
participation rates, which in turn may potentially increase the
accuracy of the cognitive fatigue evaluation. An abridged
variation of PVT was employed within the smartphone app;
however, it is anticipated that a higher degree of accuracy could
be achieved by using a longer test session. Accordingly, future
work should increase the length of the PVT utilized, which
could produce a more precise indicator of fatigue.

Limitations
A limitation of the study is that daily participation was not
enforced. This enforcement could have increased the amount
of data obtained, thereby improving the confidence of the
findings. Given the real-world approach employed throughout
the study, the only available (and appropriate) participation
encouragement mechanism was seen to be mobile device
notifications. Future work will aim to improve participation
rates, in conjunction with increasing the amount of data collected
to potentially obtain a more accurate assessment of daily fatigue
levels. Furthermore, all cognitive test metrics that were
employed alongside the MFS were constrained to a relatively
short timeframe, in order to aid participation rates. However,
this limitation may have had an adverse impact on the
effectiveness of the tests in identifying small discrepancies in
performance. Other limitations of the current study include the
short duration of the overall study; future work will seek to
address all of these limitations.

Comparison with Prior Work
The validity of assessing fatigue using both the Spatial Span
Test and Mental Arithmetic Test has been proven to be effective
by Van Dongen et al [19] and Johansson et al [18]. In both cases,
longer forms of the tests were utilized; however, a static
nonmobile platform was employed for test delivery. Aspects of
the research carried out by Johansson et al [18] directly
corresponds with the research discussed in this paper. In their
comparative study on the utility of self-assessment and cognitive
tests, Johansson et al found that both the questionnaires and
cognitive tests produced the same results when measuring
fatigue in an individual [18]. In particular, significant decreases
in information processing speed were measured using the Digit
Symbol Coding and Trail Making Tests [18]. Furthermore, the
cognitive tests that were used proved to be quicker than filling
out a self-assessment questionnaire. Accordingly, the results
obtained from the research carried out in this paper concur that
information processing speed, measured through cognitive tests
such as PVT, correlates to subjective measurements of fatigue.
Work carried out by Thomson et al [30] demonstrates visual
reaction time using a smartphone is a simple and repeatable
method for objectively monitoring the effects of sedation. Visual
reaction times were found to be considerably less variable than
patient-assessed sedation scores and could be used to identify
impending over-sedation [30]. Again, this finding shows the
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validity of a reaction time test as a valid measure of attention
and wakefulness. Work carried out in this paper shows its
adaptability and provides evidence that it can be translated for
use in measuring cognitive fatigue.
However, in terms of the efficacy of mobile-based
self-assessment, Swendeman et al [25] carried out a study on
the validity of self-reporting via a smartphone and found
relatively low compliance with daily assessment. Consequently,
these findings indicated the potential unreliability of
self-assessment with respect to assessment completion rates
[25]. A more playful approach to consider would be the
integration of game-based testing, which may potentially
improve the adherence to completion, as suggested by the results
obtained from the research presented herein.
One key concern with cognitive tests (such as PVT) that have
been previously adapted for a mobile platform [16] is general
usability, particularly for individuals with brain injuries, due to
their specific cognitive impairments. Although this concern
could potentially be alleviated with initial training, it does not
allow for immediate assistance if issues are encountered when
used outside of a clinical environment. Kay and Rector initially
adapted PVT for use with a modern touchscreen device to assess
reaction time as a means to evaluate fatigue in everyday life
[16]. PVT requires accurate evaluation of reaction time (down
to approximately 1 millisecond), making accurate input
sensitivity crucial. Within the work conducted by Kay and
Rector, they first evaluated different input methods including
touchdown, swipe, and touch-up, and concluded that participants
preferred touchdown due to it similarities to a button press [16].
The study was then carried out with 20 participants to assess
everyday fatigue, and results were comparable to those gathered
from the desktop computer-based implementation of PVT [16].
Kay and Rector concluded that future work in the area should
aim to add situational context to the app so that assessment
could be moved away from the clinical environment, thereby
reducing cost and increasing contextual evaluation when needed.

Conclusions
Previous studies have confirmed the use of the MFS and PVT
as a feasible way to assess cognitive fatigue in a clinical setting.
This study demonstrated that smartphone-based adaptations of
these proven methods are internally compatible methods of
assessing cognitive fatigue in situ. The smartphone app
presented in this research provides a potentially effective tool
for the individual evaluation of cognitive fatigue levels in
situations where formal intervention and assessment approaches
are neither feasible nor available. Furthermore, the use of
smartphone app-based fatigue assessment permits evaluation
to be carried out on a continual daily basis.
All three of the cognitive tests employed within the smartphone
app produced positive participant feedback, with some
participants even indicating that they would like personal scores,
as it would further encourage them to participate more
frequently. Consequently, by introducing a competitive aspect
to the cognitive tests, participant effort and daily participation
rates could potentially be improved. Future work may
additionally permit the provision of real-time data to relevant
medical professionals, so effective and timely interventions can
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be arranged if extreme fatigue becomes apparent.
Correspondingly, there exists three main areas that in situ fatigue
assessment could benefit from sensor data and contextual
factors: (1) to improve notifications so that daily participation
can be increased; (2) to provide additional data that may give
a more precise indication of the occurrence of cognitive fatigue;
and (3) to track a participant’s daily activity and advise them
on appropriate steps to further combat cognitive fatigue.
Based on the three episodic epochs, results from both the MFS
and PVT indicated that the morning epoch produced higher

Price et al
levels of fatigue. Accordingly, this knowledge could be
employed on an individual basis to help tailor the time of
delivery of the test session, to pinpoint higher fatigue levels
throughout the day. Adaptation of notifications (based on
collected data over time) would further facilitate assessment
when fatigue is usually at its highest. Correspondingly,
identifying the time of day when fatigue levels are high offers
an increased ability to prevent mental fatigue by preempting its
arrival and suggesting steps to take to reduce its severity.
Assessing the time of an individual’s participation could help
inform notifications for the most likely time of adherence.
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Abstract
Background: Electronic screening and brief intervention (eSBI) apps demonstrate potential to reduce harmful drinking. However,
low user engagement rates with eSBI reduce overall effectiveness of interventions. As “Digital Natives,” young adults have high
expectations of app quality. Ensuring that the design, content, and functionality of an eSBI app are acceptable to young adults is
an integral stage to the development process.
Objective: The objective of this study was to identify usability barriers and enablers for an app, BRANCH, targeting harmful
drinking in young adults.
Methods: The BRANCH app contains a drinking diary, alcohol reduction goal setting functions, normative drinking feedback,
and information on risks and advice for cutting down. The app includes a social feature personalized to motivate cutting down
and to promote engagement with a point-based system for usage. Three focus groups were conducted with 20 users who had
tested the app for 1 week. A detailed thematic analysis was undertaken.
Results: The first theme, “Functionality” referred to how users wanted an easy-to-use interface, with minimum required
user-input. Poor functionality was considered a major usability barrier. The second theme, “Design” described how an aesthetic
with minimum text, clearly distinguishable tabs and buttons and appealing infographics was integral to the level of usability. The
final theme, “Content” described how participants wanted all aspects of the app to be automatically personalized to them, as well
as providing them with opportunities to personalize the app themselves, with increased options for social connectivity.
Conclusions: There are high demands for apps such as BRANCH that target skilled technology users including young adults.
Key areas to optimize eSBI app development that emerged from testing BRANCH with representative users include high-quality
functionality, appealing aesthetics, and improved personalization.
(JMIR Mhealth Uhealth 2017;5(8):e109) doi:10.2196/mhealth.7836
KEYWORDS
alcohol; drinking; young adults; mHealth; brief intervention; apps; usability testing; user experience; focus group

Introduction
Electronic screening and brief intervention (eSBI), delivered
through devices such as computers, tablets and smartphones, is
an increasingly popular method to deliver alcohol brief
interventions [1-3]. Meta-analyses demonstrate eSBI to be
http://mhealth.jmir.org/2017/8/e109/

XSL• FO
RenderX

effective in reducing alcohol consumption by 1 to 2 drinks per
week after 6 months compared to controls [4,5]. However the
majority of eSBIs that have been evaluated are Web-based, as
opposed to app-based programs. A recent systematic review of
mobile interventions for alcohol and substance use reported that
while mobile delivery of alcohol interventions is an acceptable
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and effective communication channel, targeting of interventions
to specific populations is required [6]. Another enduring
challenge for eSBI development is usability. A recent review
of online feedback for existing alcohol apps reported that
nonintuitive functionality, software malfunctions, and lack of
personalization of content are frequently cited criticisms of
existing alcohol apps [3,7]. While many eSBI apps are available,
the majority are not evidence-based [2,8]. Indeed eSBI is still
in its infancy and should be subjected to multiple stages of
rigorous development and testing [9].
The app “BRANCH” targets harmful drinking in young adults
(18-30 year olds). This study reports the second stage of
development of the BRANCH app that aims to evaluate the
usability of the prototype app to improve its functioning, content,
and design. Usability testing is a crucial stage in the app design
process as it provides end user feedback about what does and
what does not work in the program. This is an important step
as the effectiveness of an electronic intervention has been shown
to be associated with its level of usability [10]. Conversely,
poor usability is associated with nonusage [11].
Usability testing is widely used in digital health intervention
design, and more recently in the development of digital
programs for alcohol harm reduction. A range of methods for
usability testing exist including questionnaires [12,13],
think-aloud observation, and interview-based techniques [14].
For alcohol field, the interview-based techniques are more
widely used. Crane et al [7] conducted usability testing on an
app designed to reduce alcohol consumption using think aloud
testing and semistructured interviews to determine if the features
in the app were acceptable and feasible to users and also
determine what could be improved. Similarly, Davies [15]
assessed the feasibility and acceptability of a digital alcohol
harm reduction tool for adolescents, and Dulin [16] conducted
usability testing via questionnaires and interviews of a
smartphone intervention for adults. These studies highlighted
issues of ease-of-use, clarity of information, and appealing
design as integral to improvement of the digital tools.
However, the BRANCH app is different from other alcohol
harm reduction apps in that it targets young adults specifically.
Young adults' preferences for the usability of apps may differ
from other groups who have lower usage rates of apps, such as
older population. Indeed, young adults have the highest level
of smartphone ownership out of all age groups [17]. Referred
to as “digital natives,” many are proficient in technology use
having grown up being exposed to computers, smartphones,
and the Internet [18] . It is therefore critical to optimize usability
for apps targeting this age group. Moreover, usability data and
experiences may be of use in the development of other apps
designed to influence substance use among young adults.
The aim of the current study was to explore experiences of app
usability, in terms of content, functionality, and design of the
BRANCH app to improve user experience.
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Methods
Design and Setting
Qualitative interviews were chosen as most appropriate to meet
the aim of the current project. While other methods such as
questionnaires can provide useful overviews of app functioning,
the level of fine-grained detail provided can be limited.
Qualitative methods provide additional insights as they
encourage participants to think about ways to improve usability
and identify unanticipated challenges [19]. Focus groups were
chosen as the most appropriate method of data collection instead
of 1:1 interviews as they allow for views to be developed and
discussed, and also for individual opinions to be expressed. As
the aim of the study was to identify specific usability issues,
the intention was that participants in the focus groups would
remind and prompt each other about specific issues they
experienced, hence yielding higher identification of usability
issues compared to 1:1 interviewing. Ethical approval was
obtained from the University Ethics Committee (ref. number
HR14/150453).

Participants
Young adults, aged 18-30 years, who lived in South London
and scored 16+ on the alcohol use disorders identification test
(AUDIT), indicating harmful drinking (AUDIT score between
16-19) or probable dependence (AUDIT score ≥20) [20].

Materials
The app “BRANCH” targeted harmful drinking in young adults.
Prototype development was informed by 3 studies: (1) a
systematic review of engagement promoting strategies for online
substance use interventions, (2) a review of user-reviews of
existing alcohol eSBI apps available on iTunes and Google Play
stores [3], and (3) focus groups with young adults drinking at
harmful levels and residing in South London exploring their
preferences for content features and style for an alcohol brief
intervention app [3]. The prototype was designed iteratively,
using a user-centered design approach (UCD) [21,22]. This
involved collaboration between the program developers, research
team, and target population. The core functions of BRANCH
were based on the FRAMES model (feedback, responsibility,
advice, menu of options, empathy, and self-efficacy) of alcohol
brief interventions [23], which has been previously adapted for
eSBI [24]. The FRAMES model is based upon the principles
of motivational interviewing, an established and evidence based
method to reduce alcohol harm [25]. The core functions included
a drinking diary for recording alcohol consumption (see
Multimedia Appendix 1) and a goal setting function where users
could set weekly goals based on cost, calories, and alcohol units
as well as setting a drink free day (see Multimedia Appendix
2). Users monitored their drinking over time and received
feedback on it, both descriptively and graphically. Information
on drinking risks and cutting down was available to users (see
Multimedia Appendix 2).
In addition to the core components, several strategies to optimize
engagement with the app were incorporated. In order to tailor
the app to young adults, these strategies were developed in
collaboration with a user group recruited from the target
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population. The two main components young adults requested
were social features and tailoring of the app to broader wellbeing
issues associated with alcohol use [3]. Consequently, the app
included a Twitter-style newsfeed enabling interaction between
app users, as well as providing personalized notifications,
motivational messaging, and reminders based on goals (see
Multimedia Appendix 3). The research team could also upload
relevant material for young adults, such as links to Web-based
articles, YouTube videos, and photos. There was also a
personalization feature in which the app users selected their
motivations for cutting down drinking when signing up. These
motivations were chosen by the user group and included options
such as mental health, sugar intake, appearance, and weight.
Personalized feedback and targeted information was delivered
to users based on their selection of motivators. For example, if
a user selected “fitness” as their primary motivator, they would
receive tailored messaging on their newsfeed on this topic as
well as feedback on how much exercise would be needed to
burn off the alcohol calories they had consumed over the last
week. Additionally, users were allocated to a team based on
these motivators. Users could compare their progress against
other users in their team and were awarded points for engaging
with the app (see Multimedia Appendix 3). The app was
Web-based, and could therefore be accessed from all devices.

Recruitment
Participants were recruited through Gumtree, an online classified
and social community website. Potential participants were
invited to take part in a focus group interview to test the app
designed to support young adults reducing their alcohol use. A
link was provided to an online screening questionnaire where
they completed the AUDIT and provided their contact and basic
demographic data. Eligible participants were invited to take
part. Participants who attended a focus group interview were
compensated £30 for their time.

Data Collection
The focus group participants were provided with the BRANCH
app 1 week before and instructed to use it daily over the course
of the week to monitor their drinking. Participants were provided
with the following specific tasks to complete: (1) set up the app,
(2) fill out a weeks’ worth of drinking in the drinks diary, (3)
set a goal and 3 drink free days, and (4) join a team and review
team feedback (See Multimedia Appendices 1-).
A topic guide was designed to explore the extent to which the
participants found the different features acceptable, in terms of
content, features, and design. Participants were asked to give
their views on their experience of using the different features
in the app, focusing around what did and what did not work
well. Written informed consent was obtained before
commencement of the focus group. The focus group was
facilitated by 3 researchers (JM, JD, and RD). They were
introduced to participants as researchers who were developing
an app to reduce harmful drinking. JM led the group; JD and
RD took notes of key themes.

Data Analysis
Focus group interviews were recorded and transcribed verbatim
by a professional transcription company. All data were coded
http://mhealth.jmir.org/2017/8/e109/
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using NVivo qualitative data analysis software (QSR
International Pty Ltd. Version 10, 2012). JM coded the
transcripts and JD double-coded. Any discrepancies that arose
were discussed until a consensus was reached.
A thematic analysis was undertaken as outlined by Braun and
Clarke [26]. A deductive approach was used. Usability issues
were coded into categories of (1) App content, (2) Functionality,
or (3) Design. Each of these categories was considered in terms
of being a barrier or an enabler to use or a suggested
improvement. Themes were systematically refined by going
back and forth between the data and the coding framework.

Results
A total of 70 people completed the online screening survey. Of
these, 32 (46%) scored 16 or more on the AUDIT, were between
18-30 years of age, and lived in South London.

Participant Characteristics
A total of 20 participants attended 1 of the 3 focus groups with
6 to 7 participants in each over a 1-month period in August
2016. These numbers in each group allowed for meaningful
discussions to take place between participants. Of the 20
participants, 18 were female (90%), 10 (50%) were employed,
1 (5%) was unemployed, and 9 (45%) were students. The mean
age was 23 years (SD 3.9). The mean AUDIT score across the
participants was 21 (SD 5.7).

Usability Analyses
Functionality
This theme reflected how all the participants wanted simple and
fast functionality, with features that would minimize the amount
of effort, input, and time required from them. Features that had
efficient and automated functionality were praised as enablers
to usability. For example, being able to quickly complete
functions in the app such as posting a newsfeed message, setting
up the app, or adding data to the drinking diary via a guided
walkthrough.
However, while participants typically appreciated features of
the app that functioned well, some still expressed views that
there were scopes for improvements. When discussing their
experiences of using the app, several participants reported
becoming quickly frustrated when a feature was hard-to-use or
took too much time. Some expressed strong views that their
time was precious and that they did not want to spend
unnecessary time inputting data, such as when entering drinks
into the drinking diary:
Generally when I’m having a cocktail I can’t put in
a brand so it’s difficult...for example, a Long Island
Iced Tea...has five different variants of alcohol in it...
[P7; Focus group 3]
And if you had a double, like a double gin and tonic,
I had to put in a single and then a shot because you
can’t put in a double. [P3; Focus group 3]
Many participants also wanted push notifications (ie, reminders)
on their phone to prompt them to use the app. A few wanted
reduced scrolling to find information on the newsfeed and a
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help feature to facilitate app usage. Functionality requests were
typically related to increasing the level of “automation” in the
app, subsequently reducing the amount of time required to use
it. For the majority of the participants, increasing automation
seemed to improve usability and make the app more valued.
Another important finding that arose was related to the impact
that the quality of the functionality of an app can have on a
user’s intentions to interact with it. There was a consensus for
deleting apps that did not immediately function as expected:
The NHS Change for Life? Was it yellow? [P1; Focus
group 3]
Yes, it was that and I hated it. The notifications were
awful, it just wouldn’t let me do anything so I was
like what’s the point of you? Just delete. [P7; Focus
group 3]
I really hate apps that do that when they send you
notifications as well and you still get emails. [P5;
Focus group 3]
This underlines a difficult balance between too little and too
much output, both of which impact usability. As this quotation
suggests, it is not a case of providing users with as much content
as possible, instead carefully tailoring the content to the
requirements of the individual user. Overall, what participants
appeared to want from the functionality of BRANCH were
features “at their fingertips,” pressing as few buttons as possible,
in a fast and seamless interaction. If this was not achieved then
there was a risk of losing the user entirely.

Design
The design of the app was the usability issue most discussed in
all the focus groups. Participants frequently commented on the
need for the app to have a well-considered design, with short
pieces of clearly presented text and features that were easily
distinguishable from one another. An aesthetically displeasing
app seemed to be considered to be a major usability barrier. For
instance, many participants commented on how the newsfeed
was too text heavy, with large blocks of text, not separated by
pictures or colors, which made the information difficult to
absorb and certain core features not clearly distinguishable:
Did anyone get any goal related messaging? [JM;
Focus group 1]
I got something like ‘you went to a barbeque this
weekend’... [P7; Focus group 1]
No, it wouldn’t have been that, it would have had a
star next to it here on the newsfeed... [P1; Focus group
1]
Oh yeah, look, oh dear...didn’t achieve your goals.
[P3; Focus group 1]
This is a critical issue as participants were not aware that certain
integral features aimed at reducing alcohol-related harm even
existed, as the buttons and tabs through which they were
advertised were not easily discernible from other newsfeed
content.
While participants seemed to express the view that too much
text and a poor design hindered usability, the use of multimedia
http://mhealth.jmir.org/2017/8/e109/
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in the “information about drinking” section was the preferred
style of most of the participants. This section had been especially
designed with an infographic style, which aims to present
complex information in easy-to-digest, short components in a
colorful, succinct presentation with lots of pictures (see
Multimedia Appendix 2):
I like that, I think that would be better, that style, on
the Newsfeed. Because I think I'd be more inclined to
read it with the pictures and bits and bobs. Cause
that looks more...like if you clicked on that and then
there’s something in different colours and...Yeah,
looks really good. [63; Focus group 2]
From this extract, it is apparent that the design of the app can
impact the level of engagement a user has with it; in this case,
motivating the user to read through information provided.
Appealing designs seemed to promote usage while those which
were difficult to digest or read through discouraged usage.
Another significant finding about the design of the app was the
importance of consistency in style. While efforts were made to
present a consistent and coherent theme throughout the design
of BRANCH, many participants still expressed a desire for a
greater level of consistency. However, it appeared from the
views expressed in the focus groups that while participants
unanimously agreed that a consistent and appealing design was
integral to app usability, participants could not necessarily agree
on the type of design which was the most appealing, with many
different opinions being expressed. This identifies another
usability barrier for BRANCH, ie, providing an aesthetic that
is agreeable to all.
It looks a bit like it was maybe made on Word. So it
just needs to be a bit more like corporate. [P3; Focus
group 2]
It was very green. [P4; Focus group 2]
I didn’t find it that exciting and fun to go into like
other apps...they’re colourful and, you know, didn’t
find it that...found it quite bland. [P2; Focus group 2]
Overall, this theme highlights how important a well-considered
design is to the usability of an app. Participants reported that to
promote usability and subsequent motivation to engage with
the app, information must be clearly and succinctly provided,
with standout features and a consistent design throughout.

Content
Maximized personalization of app content emerged as an
important usability issue. Personalization was presented as a
two-fold concept where participants wanted the app to be both
automatically personalized to them as much as possible, but
they also wanted the autonomy to personalize the app by
themselves. Providing autonomy gave participants a sense of
empowerment over their interactions with the app, and made
them feel in control of their drinking.
While participants commonly enjoyed the personalization of
the motivators and feedback features, there were aspects of the
app that some reported could be improved. A particular issue
was the daily newsfeed messages. These messages were sent
to the entire user-base each day and were generic and not
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e109 | p.43
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targeted to the individual. The majority said that these messages
were not relatable (See Multimedia Appendix 4). Indeed,
participants appeared to adeptly identify any area of the app
that was not specifically tailored to each user. Surprisingly, this
is in spite of the messages being written by the user-group of
young adults with whom the app was developed. For the focus
group participants, it seemed that personalization to every aspect
of the individual, such as motivations for use, preferences for
style and content, and even targeting geographical area, were
usability enablers.
Equally, while participants wanted maximum automated
personalization, they also wanted independence and autonomy
to personalize the app by themselves. For example they wanted
to be able to select whose posts were visible on their newsfeed
and to be able to personalize the colors and content in the app.
Having the option to personalize the app made them feel that
the app was unique, belonging to them, and tailored specifically
to their own preferences, which made the app more relatable
and appeared to increase the usability of the app:
Cause if it was personalise...you could say that I don't
like this kind of tip or I don't like certain things, and
then you could kind of have it specific to you... [P3;
Focus group 2]
Or you [could] save it for later. ‘Cause a lot of these
things...could be something you might not need now
but in a month’s time you might think, oh, let me have
a look on that app. [P7; Focus group 2]
A novel feature of the app was the “social” component, where
participants could post messages and interact with other users
through the newsfeed and a “teams” page where users collected
points for engaging with the app (see Multimedia Appendix 3).
The majority of participants found the newsfeed feature a useful
way to connect with other users, which made them feel like
they were part of a community of like-minded others.
Participants compared the newsfeed feature with other social
media apps they enjoyed using, like Facebook, and reflected
on how the newsfeed elevated using the app from an isolated,
solitary activity to something that is shared with and connected
to others. Participants also found it a useful tool to be able to
compare their experiences with that of others, which enabled
participants to normalize their experiences and motivated them
to both continue using the app and to continue their drinking
goals.
However, not all participants had a positive view on connecting
with other users on the newsfeed. As the newsfeed connected
users together who did not know each other, some participants
reported that connecting with strangers was irrelevant to them.
Participants held conflicting views on this issue and discussed
how they had different ways of using online social tools, with
no single model being suitable for everybody. Some users liked
to be very active, while others did not want to be involved at
all. In general, participants wanted the flexibility to be able to
choose how involved they were with the social features:
You've got the danger of weirdoes and all that kind
of stuff... [P7; Focus group 1]
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I mean I don't care what Steve from Birmingham has
got...it's irrelevant for me...I would opt out of other
people’s comments. [P3; Focus group 1]
I liked hearing other people’s struggle and I liked
hearing about other people’s triumphs. I didn’t feel
so bad when I kind of, you know, fell off the wagon
myself, okay, it’s not just me. [P5; Focus group 1]
While the social feature of the newsfeed was highly praised by
the participants, the teams section of the app was one of the
most criticized areas. Participants reported that the teams
concept was underdeveloped and not engaging to use. In
particular, most of the participants mentioned that the objective
of joining a team and the benefits of the feature, (which provided
points for using the app) were not clear. However, participants
generally still thought the feature had merit but that it needed
to be improved. One method participants suggested to improve
the usability of the Teams section, was to make it more socially
interactive, and have a live feed where users could interact
specifically with people in their team. However, as mentioned
above, some participants were hesitant about interacting with
people they did not know, and that interactions with friends
would be more meaningful:
I think what needs to be really clear is once you’ve
picked a team and once you’re in a team what can
you do? [P5; Focus group 3]
What do you get for winning? Otherwise it all just
seems a bit pointless. [P3; Focus group 3]
I’d just quite like to...go with my six or seven mates
who all play football...and then your newsfeed is
based around the team that you choose, so you see
what your mates are saying. [P6; Focus group 3]
Overall, the option for social connectivity within the app was
a highly praised feature, which participants strongly believed
improved the usability by fostering an engaging and interesting
user experience that could be shared with others. However,
participants also highlighted the need for improvement in the
teams section, making the objectives and concepts clearer to
understand and also increasing the level of social connectivity.

Discussion
Principal Findings
The aim of this study was to explore the experiences of enablers
and barriers to usability for a prototype eSBI app called
BRANCH targeting harmful drinking in young adults. The study
found that an easy-to-use interface, with minimum required
user-input and high levels of automated functioning were the
most important usability requirements for participants. It also
found that clear, consistent, and visually appealing design was
integral to the level of usability. The option for social
connectivity was important to participants, as were high levels
of personalization. Poor functionality, text heavy content, high
user-burden costs in time and effort, and unappealing design
were considered major usability barriers. This study showed
how focus group interviews can be used to get detailed feedback
on the usability of an alcohol app, which can then be used to
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improve its effectiveness and ultimately increase its potential
for reducing drinking among users.
The findings of this study are consistent with previous research,
which found that difficulties in inputting data were among the
most frequently criticized functionality issues in existing eSBI
alcohol apps [3]. High data entry burden costs, which were
considered a usability barrier by participants using BRANCH,
have been reported to be a primary reason why people stop
using health apps [27]. Participants wanted features that reduced
the amount of time and effort required from them. They
suggested that reminders, guided walkthroughs, and reduced
scrolling were all features that could improve usability. The
level of data participants are expected to enter into
self-monitoring apps should be carefully considered in future
app development [27]. Indeed, frustration with poor performance
is one of the most common complaints of app users and results
in apps being deleted entirely [28].
A well-conceived visual design was integral to the usability of
BRANCH. Participants wanted clear, concise presentation of
information which was not text heavy, a finding which is
consistent with previous research [7]. Poor design, such as
features and buttons not standing out, inhibit use as users are
unable to distinguish between features. This has implications
not only for usability but also for the potential effectiveness of
the intervention. If an eSBI user cannot identify that a particular
feature is available, then the user will not be exposed to the
targeted alcohol harm reduction intervention. Furthermore,
visual design influences the credibility of an app and users are
more likely to rate consumer health information on the web as
credible if it is presented in an aesthetic style [29].
An issue closely related to usability was engagement.
Engagement refers both to how a user interacts with a
technology and their emotional response to it [30-32]. For
BRANCH, participants often stated how positive experiences
of usability made them engage more with the app, making them
more likely to keep on using it. For example, participants praised
the newsfeed feature as one which enhanced their experience
of app usability, as it provided them with meaningful
interactions with other users and a sense of community.
Participants also praised how personalization made the app feel
more tailored to their own needs, providing a positive user
experience. This is consistent with the elaboration likelihood
model (ELM), which proposes that people are more motivated
to engage with and process information more thoroughly if the
message is personally relevant and meaningful [33]. The
theoretical model of user engagement by Short et al [34]
proposes that an individual’s characteristics and personal
circumstances may influence their user experience of the app.
It may be that future applications can enhance usability by
targeting features and increasing personalization to target
specific user characteristics.
Not improving usability would result in frustrating features and
boredom is associated with disengagement with online programs
[35]. The teams section in BRANCH, where participants were
awarded points for engaging with the app, was criticized for
being a major usability barrier because the objective of the
feature came across as confusing to participants. While
http://mhealth.jmir.org/2017/8/e109/

XSL• FO
RenderX

Milward et al
gamification methods (the use of gaming design in nongaming
contexts) are popular and effective methods with which to
improve engagement [36], it is apparent from the present study
that the design of such features needs to be carefully considered
in the context of the intervention, otherwise its relevance will
be challenged.
Engagement is an ongoing issue for health app development.
Issues such as low login rates and limited use of intervention
features are consistently reported in literature [37,38]. Findings
from the online intervention “Down Your Drink” reported that
only 6% of users stayed with the program until the end of the
6 week program [39]. Enhancing the usability of engagement
features is crucial to the effectiveness of an eSBI app. The more
usable an app is, the more likely an individual is to revisit it and
repeatedly use the program intervention features. Indeed, higher
engagement through logins and repeated use is associated with
better participant health outcomes [38,40,41].

Conclusions
Optimizing usability for eSBI apps is a critical step in the
development process. Consumer expectations for digital
products are high and if products do not meet their expectations,
then they may cease to use them. A recent survey demonstrated
that peoples’ tolerance for poor performing apps has reduced,
with approximately 50% of people reporting that they are less
tolerant of problems in apps they use compared to a few years
ago [28]. In case of young adults, the age group with the highest
use of health apps [27], if an app does not function as they want
it to, regardless of its objective, they will delete it. It is not good
enough to have only a strong evidence-based core intervention,
the whole package of delivery, including design, aesthetics,
usability, and functionality needs to be iteratively refined and
improved. As there are high demands on apps such as BRANCH
that target skilled technology users such as young adults, the
development of future eSBI apps that allows for usability testing
with representative users may help support the effectiveness of
eSBI to reduce harmful drinking. The BRANCH app is currently
being evaluated as part of a randomized controlled trial with
results expected in early 2018.

Limitations
Significant efforts were made to recruit a sample of young
adults, both male and female; however, the majority of
participants (90%) were female. This is consistent with a
previous study for a Web-based alcohol intervention, which
also reported a high sample of females (73%) [42]. The
advertisement was designed for both men and women, however
more females replied to the advert and requested to bring along
more female friends, creating a multiplying effect. While
potentially introducing bias, there is research to suggest that
women are more motivated to use the Internet for seeking health
information [43,44] and are more likely to use eHealth
interventions as recommended [45]. Therefore, the sample in
the current study may represent the type of individuals more
likely to engage with the Web-based BRANCH app. Future
studies may wish to explore these differences in more detail,
examining how males and females engage with eSBI, informing
how interventions can be tailored to gender. Participants were
not screened on their intention to cut down their alcohol use.
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Consequently, there may have been differences between the
participants in the current study and some end-users in terms
of how motivated they would be to engage with the app.
However, BRANCH was not designed exclusively for those
wishing to cut down, but also for those wanting to monitor their
use or learn more about the risks of drinking. While this data
was not collected, there were 20 participants in the present study
who would have likely held a range of reasons for wanting to
participate in the study, reflecting the target end-user of the app.
Future studies should be further improved by specifically
targeting at recruitment stage the types of end users the app is
designed for. Focus groups can be subject to response bias,
where participants provide answers based on what they think

Milward et al
the researchers want to hear. However the findings in the current
research reflect those in previous research both from the alcohol
field [3,7] and from usability testing research in the computer
science disciplines, suggesting that the results have meaning
across different populations. Focus groups may also limit the
full range of views due to convergence of ideas. Future research
may wish to conduct both 1:1 as well as focus group interviews.
The participants in the focus group scored high on the AUDIT.
Alcohol is a topic seen as sensitive and stigmatizing, therefore
participants may not have been comfortable sharing all of their
experiences of using the app, as this may reveal details about
their level of drinking.
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Abstract
Background: Flare-ups in juvenile idiopathic arthritis (JIA) are characterized by joint pain and swelling and often accompanied
with fatigue, negative emotions, and reduced participation in activities. To minimize the impact of JIA on the physical and
psychosocial development and well-being of young people (YP), it is essential to regularly monitor disease activity and side
effects, as well as to support self-management such as adherence to treatment plans and engagement in general health-promoting
behaviors. Smartphone technology has the potential to engage YP with their health care through convenient self-monitoring and
easy access to information. In addition, having a more accurate summary of self-reported fluctuations in symptoms, behaviors,
and psychosocial problems can help both YP and health care professionals (HCPs) better understand the patient’s condition,
identify barriers to self-management, and assess treatment effectiveness and additional health care needs. No comprehensive
smartphone app has yet been developed in collaboration with YP with JIA, their parents, and HCPs involved in their care.
Objectives: The objective of this study was to design, develop, and evaluate the acceptability and usability of JIApp, a
self-management smartphone app system for YP with JIA and HCPs.
Methods: We used a qualitative, user-centered design approach involving YP, parents, and HCPs from the rheumatology team.
The study was conducted in three phases: (1) phase I focused on developing consensus on the features, content, and design of
the app; (2) phase II was used for further refining and evaluating the app prototype; and (3) phase III focused on usability testing
of the app. The interview transcripts were analyzed using qualitative content analysis.
Results: A total of 29 YP (aged 10-23, median age 17) with JIA, 7 parents, and 21 HCPs were interviewed. Major themes
identified as the ones that helped inform app development in phase I were: (1) remote monitoring of symptoms, well-being, and
activities; (2) treatment adherence; and (3) education and support. During phase II, three more themes emerged that informed
further refinement of the app prototype. These included (4) adapting a reward system to motivate end users for using the app; (5)
design of the app interface; and (6) clinical practice integration. The usability testing during phase III demonstrated high rates of
overall satisfaction and further affirmed the content validity of the app.
Conclusions: We present the development and evaluation of a smartphone app to encourage self-management and engagement
with health care for YP with JIA. The app was found to have high levels of acceptability and usability among YP and HCPs and
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has the potential to improve health care and outcomes for this age group. Future feasibility testing in a prospective study will
firmly establish the reliability, efficacy, and cost-effectiveness of such an app intervention for patients with arthritis.
(JMIR Mhealth Uhealth 2017;5(8):e121) doi:10.2196/mhealth.7229
KEYWORDS
juvenile idiopathic arthritis; self-management; adolescent; young adult; mobile applications; qualitative research; smartphone

Introduction

monitoring problems and achievements, or offering incentives
in ways that are acceptable and appropriate for YP.

Juvenile idiopathic arthritis (JIA) is one of the most common
chronic diseases with an early onset in childhood or adolescence.
It causes articular inflammation, which in turn leads to pain,
swelling, and stiffness of the joints [1]. The progression of JIA
into adulthood is common in the majority of teenagers with JIA
[2] and, if not treated effectively during the childhood and
adolescent years, it can lead to disability and complications
related to educational, psychosocial, and physical development
in later life [3]. There are now effective therapies for JIA that
have the potential to transform the quality of life for young
people (aged 10-24 years; YP) [4] with the disease [1]. If
optimal treatment is instigated, it can improve JIA prognosis
and negate the need for further health care input such as joint
replacement surgery, which was often required in YP before
the advent of new therapies [5-8].

An ideal resource-efficient way of improving self-management
is by incorporating multiple intervention functions to address
all three sources of behaviors through smartphone technology.
In general, YP are already familiar and comfortable using
smartphone apps in their everyday lives. It is estimated that
75% of adolescents over the age of 13 years in the United
Kingdom use smartphones on a daily basis, and smartphone
ownership is highest among YP [32]. Capitalizing on the
popularity of smartphone-based entertainment in adolescents,
health apps may represent an important means of increasing
self-management through remote monitoring and access to
information [33-36]. For example, health management behaviors
can be integrated with daily activities, using technologies that
can track information “on the go.” Apps used to monitor
symptoms remotely also have considerable potential in helping
HCPs deliver safe and timely health care, as it provides more
accurate and frequent reports of health status compared with
using paper diaries [37-39]. Reliable and secure electronic data
collection of symptoms and emotions not only benefits clinical
assessments, but it is also an established method for validly
collecting daily data in research as well [40-43] and can help
advance knowledge on factors influencing disease progression.

However, treating JIA requires patients to take regular
medications and attend frequent hospital appointments for
monitoring disease progression and side effects. In addition,
successful treatment often relies on a holistic approach such as
engaging YP in appropriate physical exercises and maintaining
psychological well-being [9-11]. Health outcomes are thus
highly dependent on self-management behaviors to facilitate
adherence of YP to treatment protocols and engagement in
behaviors that promote physical and emotional well-being
[12-15]. As YP mature and transition from pediatric to adult
services, they are expected to become more independent and
responsible for their own health care. Unfortunately, health
service provision often fails to offer the type of support and
skills that YP need to manage their JIA, especially during times
of significant change [16-18], which may explain the poor
adherence to treatment and disengagement with services in YP
[19-22]. It is therefore essential for health care professionals
(HCPs) to adopt effective and innovative ways to promote
self-management promptly and effectively [14,23-26].
According to a model known as the COM-B system [27] that
emerged from a systematic review of behavior change theories,
behavior (B) may depend on an interaction between three
important components: capability (C), opportunity (O), and
motivation (M). When one component is not fulfilled, it could
impose barriers to self-management; this has been used to
explain issues with adherence [28] and applied in several
interventions [29,30]. The COM-B model can explain why
providing educational information aimed at increasing skills
and understanding alone, which was the main focus of previous
self-management interventions, has not been sufficient in
engaging YP and that additional intervention functions may be
necessary [17,31]. These may require sending reminders,
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However, recent systematic reviews of the literature exploring
the effectiveness of mobile apps designed to support the
management of chronic physical conditions by YP [44-46] found
a limited number of apps in the scientific database. This is in
stark contrast to the thousands of commercial apps available
that have not been developed in close partnership with end users.
Only one app [47-49] has been developed for JIA patients, but
it did not involve parents and HCPs in the development process
and its function is limited to monitoring symptoms. The app is
also targeted for patients in pediatric clinics (<18 years), whose
needs and preferences may differ from YP who have already
transitioned to adult clinics (18-24 years). Moreover, previous
reviews did not identify a single app for YP that designed a
clinician interface jointly with the patient app portal, and none
had a sound theoretical rationale.
Therefore, this study aimed to address issues with
self-management and engagement with health care in YP by
developing and evaluating a comprehensive smartphone-based
app system for, and in collaboration with, (1) YP with JIA and
(2) HCPs involved in their care. We followed a theory- and
user-driven approach [50-52], where user feedback helped
understand optimal ways of delivering intervention functions
that have been identified in the COM-B model to overcome
barriers to self-management in YP. This approach is in line with
the United Kingdom Medical Research Council (MRC)
guidelines, which highlight the importance of identifying
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appropriate theory to inform the development of a complex
intervention [50-52].

all three phases of the study. Table 1 summarizes which patient
participated multiple times.

Methods

Process

Participants
Patients were eligible for recruitment to the study when they
fulfilled the following criteria: (1) a diagnosis of JIA, defined
as arthritis of unknown etiology lasting more than 6 weeks and
of onset at less than 16 years [53]; (2) were aged 10 to 24 years;
(3) were able to read and speak English; and (4) were seen at
the Great Ormond Street Hospital (GOSH) or University College
London Hospital (UCLH) rheumatology clinics. Patients were
excluded if they had severe cognitive impairments or major
comorbid medical or psychiatric illnesses that would preclude
their ability to participate in focus group discussions (FGDs).
Parents of patients were eligible if they could read and
understand English. Patient demographics and disease-related
data collected were age at time of study, age at diagnosis,
classification of JIA category, and current medication. The
HCPs working in the multidisciplinary team at the two recruiting
centers were eligible to participate if they had worked in
pediatric/adolescent rheumatology for at least 6 months
according to self-report. Participants were able to take part in

The overall project adopted a qualitative, user-centered approach
as per the standard published guidance [54-56]. The study was
conducted in three phases (see Figure 1). Phase I focused on
developing consensus on the features and content of the app.
This involved understanding barriers and enablers to
self-management in YP, and, as suggested by the MRC guidance
[50-52], identifying intervention functions from the COM-B
model that should be incorporated in the app. Phase II was used
to further refine and evaluate the functionalities and improve
the design of the app prototype and the Web application for
HCPs. Phase III focused on usability testing of the final app
interface for YP. Purposive sampling was used to encompass
variations in opinions because of demographic characteristics
(age, gender, and ethnicity), disease duration, and JIA subtype.
Both YP and parents were approached by a member of the
research team in clinics before the rheumatology appointment.
The families who agreed to participate gave informed consent
or age-appropriate assent with parental consent for those aged
under 16 years. Thereafter, YP were offered a group based on
their age for phases I and II. The study was approved by the
Local Ethics Committee (NRES Committee London – Queen
Square, 15/LO/1288).

Figure 1. Study phases and iterative development cycle.
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Table 1. Patient baseline characteristics, disease duration, and treatment received.
Phase

Patient ID

Age, in
years

Gender

JIAa subclassification

I

1

21

F

Persistent oligoarticular JIA 17

Nil. Previously treated with intra-articular steroid injections

2

18

M

ERAb

Methotrexate (15 mg/m2 scc weekly)

3

17

M

Persistent oligoarticular JIA 4

Nil. Previously treated with intra-articular steroid injections

4

18

M

ERA

Etanercept (0.8 mg/kg sc weekly) and methotrexate (15

Disease duration, Current medication
in years

3

7

mg/m2 sc weekly)
15

Methotrexate (15 mg/m2 sc weekly) and adalimumab
(40 mg sc fortnightly)

5

18

F

Polyarticular JIA

6

10

M

Extended oligoarticular JIA 4

Methotrexate (15 mg/m2 sc weekly)

7

14

F

Systemic JIA

Methotrexate (15 mg/m2 sc weekly)

8

12

M

Extended oligoarticular JIA 7

Nil. Previously treated with intra-articular steroid injections

9

11

M

Systemic JIA

Tocilizumab (8 mg/kg fortnightly) and methotrexate

3

2

(15 mg/m2 sc weekly)

II

10

12

F

Psoriatic arthritis

0.4

Methotrexate (15 mg/m2 sc weekly)

2

18

M

ERA

3

Methotrexate (20 mg/m2 sc weekly) and humira (40 mg
sc weekly)

6

10

M

Extended oligoarticular JIA 5

Methotrexate (15 mg/m2 sc weekly)

7

14

F

Systemic JIA

Methotrexate (15 mg/m2 sc weekly)

8

12

M

Extended oligoarticular JIA 7

Nil

9

12

M

Systemic JIA

Tocilizumab (8 mg/kg fortnightly) and methotrexate

3

3

(15 mg/m2 sc weekly)
10

13

F

Psoriatic arthritis

0.8

Methotrexate (15 mg/m2 sc weekly)

11

23

F

Bilateral inflammatory hip
arthritis

11

Methotrexate (10 mg/m2 sc weekly)

12

17

F

Systemic JIA

2

Hydroxychloroquine (400 mg orally daily)

13

20

F

Persistent oligoarticular JIA 5

Methotrexate (20 mg orally weekly)

14

16

F

Extended oligoarticular JIA 14

Methotrexate (15 mg/m2 sc weekly)

15

17

F

Polyarticular JIA

9

Etanercept (25 mg sc weekly)

16

14

F

Psoriatic arthritis

12

Adalimumab (40 mg sc fortnightly)

17

12

F

Persistent oligoarticular JIA 8
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Phase

Patient ID

Age, in
years

Gender

JIAa subclassification

Disease duration, Current medication
in years

III

4

18

M

ERA

8

Methotrexate (15 mg/m2 sc weekly)

18

16

F

Oligoarticular JIA

12

Nil

19

12

M

Polyarticular JIA

4

Methotrexate (25 mg orally weekly)

20

14

F

Psoriatic arthritis

8

Methotrexate (12.5 mg/m2 sc weekly)

21

15

M

Extended oligoarticular JIA 8

Naproxen (500 mg twice a day)

22

17

F

Extended oligoarticular JIA 15

Methotrexate (15 mg/m2 sc weekly) and folic acid (5
mg orally weekly)

23

13

F

Oligoarticular JIA

10

Methotrexate (15 mg/m2 sc weekly) and humira (40 mg
fortnightly)

24

15

F

Systemic JIA

3

Methotrexate (27.5 mg/m2 sc weekly), anakinra (150
mg sc daily), and folic acid (5 mg orally weekly)

25

15

F

Oligoarticular JIA

4

Nil

26

23

M

Extended oligoarticular JIA 21

Keppra (500 mg twice a day)

27

15

F

ERA

3

Methotrexate (15 mg/m2 sc weekly) and folic acid (5
mg orally weekly)

28

16

M

Polyarticular JIA

1

Methotrexate (15 mg orally weekly) and folic acid (5
mg orally weekly)

29

18

F

Polyarticular JIA

2

Enbrel (50 mg sc weekly) and methotrexate (7.5 mg
orally weekly)

JIA: juvenile idiopathic arthritis.

b

ERA: enthesitis-related arthritis.

c

sc: subcutaneously.

Phase I: Design and Development
For phase I, we used a nominal group technique to develop
consensus on the app content and features. This included a
number of separate FGDs for HCPs, younger patients (aged
10-15 years) and their parents, and older patients (aged 16-24
years). Following an introductory presentation on the overall
goals of the meeting, YP and parents were asked what features
and information will help them or their child better follow their
treatment plans and cope with arthritis-related symptoms and
consequences. The HCPs were asked what data can be collected
remotely to help with understanding and assessing patient’s
condition and treatment effectiveness. All participants were also
questioned regarding the design and aesthetics of the user
interface. Lists of questions posed to each of the groups are
summarized in Multimedia Appendix 1. Consensus was
considered as having been achieved when 75% of the
participants endorsed a given answer. Answers that did not reach
75% endorsement were discarded or reformulated through
discussion.
Participants’ answers to the questions posed during phase I
FGDs were used to generate a catalog of initial system
requirements. An app prototype was then developed in
collaboration with the Computer Science Department at UCLH.
The agreed set of features were iteratively built into the app
codebase by a developer from the Computer Science
Department. When clarification of the data generated was
required, participants were queried by email and phone to
http://mhealth.jmir.org/2017/8/e121/
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provide further feedback (see Figure 1). The prototype was
developed using open frameworks for cross-platform
compatibility and runs on both the Google Android (version
4.4.1 and above) and the Apple iOS (version 8 and above)
operating systems.

Phase II: Evaluation and Integration Into Clinical
Practice
The FGDs were again conducted with HCPs and YP with JIA
during phase II to vet and refine the requirements of the phase
I app prototype. Participants were able to test and navigate
through the app’s various features using a smartphone to
improve their understanding of the app and focus on their
recommendations. Screenshots of important pages in the app
were also shown to examine whether YP and HCPs liked or
disliked the design and the question format. They were asked
to provide further suggestions for improvement, and technical
problems with the app were also recorded.
Both HCPs and YP were also asked whether the information
collected would be useful during consultations, and how
clinically relevant information reported by patients should be
imported to, summarized, and displayed in a Web application
for HCPs. Also, what data recorded by patients and information
on app usage should be stored for research were discussed.
Semistructured interview questions that were developed based
on the Usefulness, Satisfaction, and Ease of Use questionnaire
[57] were used to guide the FGDs (see Multimedia Appendix
1). The design of the app was modified and new screenshots
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were generated and evaluated until no further changes were
suggested. All FGDs were conducted with each participant
group until point of data redundancy or point of no proposed
new data [58] and lasted between 60 and 90 min. System
analysis and final design were done in joint effort with the
developer from the Computer Science Department.

Phase III: Usability and Acceptability Pilot
Following the development of the final app, the usability and
acceptability of the user interface, as well as the registration
and data extraction process were tested with YP during phase
III. The interviews with YP took place on a one-to-one basis
and YP were shown the app on a smartphone. The researcher
explained that the purpose of the study was to pilot ease of use
and evaluate its features and encouraged YP to input information
in all sections of the app at least once. After navigating the
various features of the app and using it for 10 to 15 min, YP
answered a usability and acceptability questionnaire [57] where
they rated on 5-point scales their general impressions of the
app, its user-friendliness, clarity of information provided, and
whether or not they found the app useful and would recommend
it to other YP (see Multimedia Appendix 2). In addition, YP
answered qualitative questions regarding the specific features
of the app, and how it can help them improve self-management
(see Multimedia Appendix 1). Each interview lasted between
25 and 45 min. Discussions were audio-recorded for all phases
of the project, and field notes were made for phase III. At all
FGDs, RAC and HC were present as interview leader and
observer, respectively.

Data Analysis
All audio recordings were transcribed and qualitative content
analysis [59,60] was applied. Qualitative data from transcripts
and field notes were carefully reviewed to develop a coding
system that reflected perceptions and suggestions for the
smartphone-based JIA app. Data were then assigned with codes
based on their content. Codes with similar content were grouped
into meaningful categories. RAC and HC read and analyzed the
transcripts separately and then compared the results. Differences
from the separate analyses were discussed until consensus was
reached. The coding system and analytic process were further
discussed with DE, an experienced pediatric rheumatologist.
The final analysis organized the categories together into
overarching themes that were developed and refined by
discussions between RAC, HC, and DE. Discussions were also
held between the researchers on how each category mapped
onto the COM-B model. In addition, content analysis was
performed according to the age group of YP (10-15 years and
16-24 years) to identify any age-specific differences in opinion.
All qualitative data were analyzed using NVivo software (NVivo
version 10, QSR International, 2012) [61].
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Results
Participant Characteristics
For phase I, a total of 10 patients were recruited and were
separated into two groups: group A included 5 patients (median
age 12 years, range 10-14 years, 2 females) and group B
included 5 patients (median age 18 years, range 17-21 years, 2
females). A separate FGD was conducted with 7 parents of
patients from group A. Two patient FGDs were again conducted
for phase II: group A included 7 patients (median age 12 years,
range 10-14 years; 4 females) and group B included 6 patients
(median age 18 years, range 16-23 years, 5 females). Phase III
interviewed 13 YP. Demographics and disease characteristics
of YP included in the study are shown in Table 1. The
participants had a variety of JIA categories with a median time
since diagnosis of 4 years (range 5 months-17 years) for patients
in phase I, 5 years (range 10 months-14 years) for patients in
phase II, and 8 years (range 1-21 years) for patients in phase
III. The participants were also diverse in ethnicity (62% white,
24% Asian, 10% black, 3% Hispanic).
Two FGDs with HCPs were also conducted for phases I and II.
For phase I, a total of 19 HCPs with a median of 7 years (range
1-20 years) of experience in pediatric/adolescent rheumatology
participated. These HCPs included 7 medical consultants, 4
clinical nurse specialists, 4 rheumatology trainees, 2 research
nurses, 1 physiotherapist, and 1 clinical psychologist. For phase
II, a total of 15 HCPs with a median of 8 years (range 1 to 20
years) of experience participated. The group included 6 medical
consultants, 3 rheumatology trainees, 2 clinical nurse specialists,
2 research nurses, and 2 research fellows.

Phase I: Design and Development
It was apparent that YP with JIA wanted a multifaceted way to
help them manage their condition. Transcript analysis of data
collected during phase I revealed three distinct themes that
guided the development of this app (see Figure 2).

Theme 1: Self-Monitoring
The first theme was self-monitoring, as all participants thought
that tracking certain information will (1) help them understand
what influences their JIA symptoms and (2) provide better data
for HCPs to use during assessments. This theme included six
initial categories for monitoring; however, only those for which
there was >75% agreement on its importance among YP,
parents, and HCPs were included in the app. These were
monitoring (1) symptoms, (2) general well-being, (3) activities,
and (4) sleep. Categories that did not achieve this concordance
were related to tracking (5) weather and (6) nutrition.
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Figure 2. Results of content analysis of transcripts from focus groups for phase I.

All participants identified tracking of joint symptomatology,
including stiffness, swelling, and pain as very important,
particularly as this varies in intensity, location, and duration
over time. They felt that using the app would reduce recall bias
and enable both patients and clinicians to monitor symptoms
in real time:
I want to note the dates of when I have symptoms
before I forget them, so that I can show the doctors,
and help them better understand my illness and what
is really going on. [Patient 3]
One patient stated:
Daily monitoring of pain is better than giving a
monthly average at the clinic. [Patient 2]
Participants indicated that the app should include continuous
visual analog scales (VAS) to indicate the intensity of
JIA-related symptoms by moving a bar across a horizontal line
in preference to categorical selections. One adolescent stated:
Instead of choosing just one number, I want to be able
to choose a range between the numbers, like between
6 to 7. [Patient 3]

http://mhealth.jmir.org/2017/8/e121/

XSL• FO
RenderX

As requested by YP, each scale was accompanied with a cartoon
face that changed facial expressions from extremely positive at
the left to extremely negative at the right. Psychometric
properties of the VAS have been widely explored with children
as young as 8 years of age and have confirmed its test-retest
reliability, construct validity, and criterion-related validity
[62,63].
Additionally, YP wanted to use a body map to indicate how
painful and swollen a specific joint is. Body maps can facilitate
children’s reports of location of pain [64,65], and electronic
versions have been used successfully with children as young as
8 years old [40]. The app will include a simple body map (see
Figure 3) with circles at major joint areas in the body, mirroring
what is used in routine clinical assessments [66]. YP can click
on a joint that is painful or stiff and use a VAS to indicate the
intensity of their pain and stiffness, and the joint’s color will
then change accordingly. This is important to include, as YP
often experience different pain intensities from different joints,
and their stiffness intensity also vary by location and time of
day. Both YP and HCPs thought that recording this will help
them better explain their symptoms and assess whether treatment
is required (eg, physiotherapy exercises targeting specific joints).
Lastly, YP requested an open text area where they can input
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e121 | p.56
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additional details regarding their symptoms and add comments
about the type of pain, with one of the patients stating the
following reason:
It’s about how you feel and how you describe it
instead of just having a number. [Patient 4]
Being able to monitor general well-being such as mood, fatigue,
and functional health were also identified as important. For
example, YP indicated:
Tracking stressful events and mood and how that
impacts your symptoms is most important. [Patient
4]
Three positive (excited, energetic, happy) and three negative
emotions (anxiety/fear, sad, angry) were chosen together with
YP and HCPs, which were adapted from the Positive and
Negative Affect Schedule for Children [67]. These were assessed
using the VAS and the horizontal line ranged from “not at all”
on the left to “extremely” on the right. A stress scale was also
included, but a verbal rating scale for stress (VRSS) was
preferred by YP instead of a VAS. The VRSS was found to be
more reliable than the VAS and can be easily understood and
completed by children as young as 7 years old [68]. It measures
stress on a scale from zero to five with responses describing an
increase in stress levels. In addition, YP wanted an electronic
version of a JIA-related childhood health-assessment
questionnaire (CHAQ) [69], which is a widely used functional
health status measure in YP with JIA and is administered during
routine clinic consultations. They recognized that completing
it once every 3 to 6 months during clinic consultations may
provide unreliable responses, as it does not reflect variations
over time:
I’d like to track more precisely because the answers
to those questionnaires can change every day, or even
every hour. [Patient 10]
Digital CHAQs have been developed and tested in previous
studies [63] and were found to yield similar outcomes when
compared with the paper form of CHAQ.
Recording activities such as participation in school and physical
exercise and sports was another important area for YP. One YP
said,
Exercise usually makes me feel better afterwards and
doing sports takes the pain away. [Patient 8]
Another stated,
I want to be able to write down what type of exercise
I did, such as swimming. [Patient 1]
YP suggested that the app should provide visual feedback of
their data so that they can see how different factors impacted
their condition, and what techniques were helpful in managing
their symptoms.
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Theme 2: Treatment Adherence
Participants were interested in using the app to improve
treatment adherence by setting reminders for when to take
regular medications, request repeat prescriptions, complete
physiotherapy exercises, and attend hospital appointments for
important assessments and tests (eg, regular blood tests). One
of the patients said,
Sometimes when life gets busy I do forget, so having
a reminder would be really useful. [Patient 4]
However, some participants felt that these reminders should be
optional to avoid any disengagement with the app because of
annoyance from compulsory reminders. Furthermore, YP were
interested in recording when medication doses were missed,
reasons for missing doses, side effects, medication change, and
whether they took any additional medicines such as analgesics
or antibiotics and anti-emetics (see Figure 4). Regarding
physiotherapy exercises, YP could select which ones they were
assigned or would like to perform from a list of possible
exercises recommended by physiotherapists at GOSH and could
input the number of sets and repetitions. Additionally, both
patients and HCPs wanted a section where patients could input
their blood test results, with an indication of whether these
results were normal and what the tests measured:
I think it’s interesting to have your blood results on
the app, together with the doctor’s comments such as
there’s nothing to worry about or that something
might be a problem. [Patient 2]

Theme 3: Education and Support
Besides wanting to learn more about their condition, YP wanted
to have a discussion forum in the app with other patients. Also,
YP from all age groups highlighted the need to have easy access
via the app to condition- and treatment-related information,
news about research, and social support:
The app should have information on arthritis…also
news about research, involvement, and being able to
talk to other people. [Patient 2]
Additionally, YP said that learning different ways of managing
their stress and pain from peers, and knowing that they are not
alone, will make them feel more empowered and confident.
Moreover, YP mentioned that their arthritis symptoms tend to
worsen during times of stress and exams and would like
information on how to better manage stressful situations and
pain. Therefore, the app will include general information
regarding JIA, medications, physiotherapy exercises, and
practical coping advice, with links to more detailed and trusted
Web resources (see Figure 4). It will also signpost users to
information regarding support groups that are reputable and
age-appropriate, as well as possible involvement activities
organized by local organizations and charities.

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e121 | p.57
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Cai et al

Figure 3. Screenshots of the app for monitoring symptoms, thoughts, & feelings.
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Figure 4. Screenshots of the app for adherence and information.

Older patients (18-24 years) requested additional information
on how to become more independent as they become an adult
and what support is available for higher education and work.
The app will provide general information covering these topics,
with links to how other YP with JIA overcame challenges of
growing up. In addition, there is a diary section where YP can
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write down any questions or comments that they have and can
easily refer to during consultations.

Phase II: Evaluation and Integration Into Clinical
Service
During phase II, three more themes emerged (see Figure 5),
which related to incentives, design, and integration.
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Figure 5. Results of content analysis of transcripts from focus groups for phase II.

Theme 4: Incentives
It was observed that YP wanted to be rewarded for using the
app, and they preferred a reward-based rather than a punitive
system. One of the patients stated:
You should get points to buy rewards for using the
app but you shouldn’t get points taken away, even if
you don’t use it for a while. [Patient 6]
Therefore, the app will incorporate a point-based reward system
and include encouraging video messages from celebrities and
athletes. However, this was more appealing to the younger group
rather than the older group. Older group enjoyed choosing
reward pictures (eg, of landscapes, animals, and sports) to use
as their wallpaper and motivational quotes that they could
display on the home page.

Theme 5: Design of Patient Interface
In terms of designing the user interface, three aspects were
important for YP and HCPs: (1) data security, (2) visual
appeal/clarity, and (3) convenience. First, as the app will contain
patient’s personal details, it needs to be password-protected:
Arthritis is quite personal so some things you might
not want to share with other people. [Patient 6]
Also, YP wanted the option of diarizing information that would
not necessarily be shared with clinicians:
Some things might be a bit personal, and just for me
to look at in a diary format. [Patient 13]
Second, YP wanted a colorful visual display, easy-to-read fonts,
and pictures and were keen on being able to personalize colors
and backgrounds. One participant stated,
It’s important to have pictures and as little words as
possible. [Patient 3]
Participants also suggested that scales should include faces to
represent different pain or fatigue levels:
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Using faces and cartoon will brighten it up a bit
[Patient 4]
Moreover, YP wanted more space on the home page to display
reward videos and pictures on the bottom; therefore, the home
page displays a dial (instead of a drop-down ladder) to count
down the number of days that are left until the next weekly
deadline (see Figure 4).
Lastly, there was a consensus among YP that it should typically
take less than 10 min to input all required information:
Input must be very quick to do and not feel like a
chore. [Patient 12]
Moreover, YP felt that there needed to be an agreed minimum
input to provide clinicians with interpretable data. One
adolescent stated:
Even if you have no pain, you can just indicate “no
pain” so that doctors know that you didn’t just forget
about the app. [Patient 10]
It was agreed by both YP and HCPs that the most important
data to collect were arthritis-related symptoms, CHAQ, and
mood, which should be provided at least once a week. The
frequency of completion of other sections should be decided
by the YP themselves to give them control over the process.
Ease of use was thus improved in several important ways. First,
YP were now able to access the three main monitoring
components of the app (symptoms, CHAQ, and mood) directly
from the home page rather than from the menu bar. Second,
after submitting each input, YP were presented with a pop-up
showing how many days ago was their last input for each of the
other section, which allowed them to quickly select another
section that had not been completed recently. Similarly,
hyperlinks were added within the app itself to facilitate access
to relevant tips and advice. YP confirmed that these changes
made inputting data and finding relevant information faster and
more convenient. Lastly, YP requested a calendar display of
entries, and the ability to input data retrospectively. One patient
said,
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Sometimes we have a bad day and we’re tired so we
don’t want to the use the app, but we might want to
go back and re-enter it later. [Patient 1]
All the themes and their associated app functionalities were
mapped onto the COM-B model (see Table 2).

the Web interface via a patient’s existing electronic health
records, which can increase the likelihood of integration and
access from all multidisciplinary members of the rheumatology
team. Information can also be downloaded by HCPs and used
to populate clinic letters.

Theme 6: Clinical Practice Integration

The HCPs also identified possible barriers to integration such
as accessibility to all patients and demands for additional
resources. For example, HCPs proposed that a desktop version
of the app will be beneficial to allow access to YP without a
mobile phone. In addition, HCPs were concerned about the
additional time needed to monitor remote symptom
deteriorations and interpret additional information collected
from the app. It was agreed that HCPs are only expected to
review the data during or right before a clinic consultation.
Therefore, before downloading the app, participants will be
informed that data will not be monitored in real time for this
stage of the project but will be reviewed during clinic
consultations. This is also explicitly explained on the app with
a disclosure statement. The HCPs suggested that the effect of
app use on HCP-patient interactions and cost-effectiveness of
the intervention should be formally assessed in the next stages
of the project during a prospective pilot study.

The HCPs discussed how JIApp can be integrated seamlessly
into clinical practice and how reports from patients will be
received. Clinically relevant data collected from the app will
be automatically aggregated and presented in table and graphical
summaries (see Figure 4) on a clinician Web interface. The
interface was optimized for usability and data are presented in
an intuitive format such that any changes over time or
associations between various factors (eg, pain and mood) are
visually presented to aid comprehension. Figure 6 illustrates
the system, where raw data recorded by YP are stored and
clinically relevant information can be summarized and displayed
on the clinician interface.
The within-application workflow was also aligned with
clinician’s regular work streams. For example, HCPs can access

Table 2. Applying the Capability, Opportunity, Motivation-Behavior (COM-B) model to major themes identified for JIApp.
Themes

Capability

Theme 1:

Self-awareness and understanding
patterns

Self-monitoring

Opportunity

Motivation
Perception of illness and self-efficacy
Better patient-clinician communication

Theme 2: Treatment adherence

Reminders for treatment adherence Recording past adherence can stimulate action

Theme 3: Education and support Knowledge of juvenile idiopathic
arthritis and treatments

Confidence in skills and empowerment

Knowledge of self-management skills
and emotion regulation
Theme 4: Incentives
Theme 5: Design of user interface

Expectation of rewards
Convenient monitoring
Convenient access to reliable information and support

http://mhealth.jmir.org/2017/8/e121/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e121 | p.61
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Cai et al

Figure 6. JIApp system.

Phase III: Usability and Acceptability Pilot
All YP endorsed the app and thought that it would be beneficial
for them right from the point of initial diagnosis (mean
acceptability rating=4.29; standard deviation, SD=0.70). Also,
YP were able to input important data within 10 min and found
it intuitive to use and easy to navigate (mean usability
rating=4.25, SD=0.79).
The usefulness of each of the app functionality was reviewed
using qualitative interviews. It was apparent that there were
multiple reasons for using the app such as its potential to provide
YP with opportunities for better self-management, as all YP
discussed the importance of having medication reminders and
easy access to information, advice, and support. Furthermore,
http://mhealth.jmir.org/2017/8/e121/
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YP commented on how the app made them feel as if all the
information they need is now at their “fingertips,” which makes
managing their arthritis seem less difficult and increases the
likelihood of actually reading the information and engaging in
recommended behaviors and self-monitoring. They also
appreciated how the information displayed was relevant to their
condition and concise. One patient said,
I like the way the sections are organized, and how it
is not too overwhelming, but how I do have the option
of finding out more if I want to. [Patient 22]
In terms of improving motivation to self-manage, YP believed
that through self-monitoring, they were able to understand the
importance of their own behaviors and how factors under their
control can influence disease activity:
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I never know when I will flare up…so if this can help
me see if what I do can “actually” affect my arthritis,
then that would be very helpful. [Patient 29]
Moreover, YP emphasized how reading about other people’s
successes and having a record of their own past success with
managing pain and adhering to treatments can increase their
confidence in being able to effectively cope with future
challenges.
Also, YP were especially interested in doctors acknowledging
their input and using data collected from the app to make better
assessments and improve their care. They were enthusiastic
about integrating the app into their care, as it will make it easier
to discuss issues and symptoms that were recorded beforehand:
This app can help me remember what I wanted to say
to my doctors, which I often forget by the time I come
to the hospital…it will make it easier for me to show
them what I mean. [Patient 18]
Improving communication and patient-clinician relationship
can in turn motivate further engagement with health care. Lastly,
YP thought the reward system makes it enjoyable to use and is
simple, yet engaging:
The app itself is already beneficial to the users, but
the images as rewards is actually pretty nice and
simple. I like it. [Patient 4]
Most of the YP also fed back on how using the app can improve
areas related to self-management capability, as reading reliable
recommendations regarding pain management techniques will
teach them better coping strategies:
Sometimes there’s nothing you can do except deal
with it yourself, and this app can help you do that.
[Patient 21]
Patients also highlighted the fact that recording symptoms the
moment they occur using the app enables better understanding
of their condition and treatment beyond what can be provided
by education alone. One of the patients said,
The app is a good way to keep track of my symptoms
and should be given by doctors, especially when
you’re first diagnosed. [Patient 4]
They believed that each individual is different, and inputting
data on a regular basis can help them become aware of their
personal triggers and feel more in control of their arthritis:
I like visual information and to see how my stress
levels interact with my arthritis. [Patient 26]

Discussion
Principal Findings
This study presents the design and development of a smartphone
app to remotely record symptoms and encourage
self-management and engagement with health care for YP of
all ages (10-24 years) with JIA. We worked closely with YP,
parents, and HCPs to identify a catalog of initial requirements
for the app system and the necessary changes needed to improve
the functionalities of the app and its ease of use. Phase III
usability testing demonstrated high rates of overall satisfaction
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with the app among YP and further affirmed the theoretical
validity of the choices made in its design.
Through this app, YP are now able to record numerous
additional parameters relating to their physical and psychological
well-being, access relevant educational information and social
support forums, receive treatment-related reminders, and
improve communication with HCPs. More importantly,
clinically relevant data is collected by YP themselves in the
real-world environment rather than by the HCPs in the hospital
environment and is owned by the patient, thus fostering the
concept of independent management of health care as the YP
mature [70-72]. Moreover, having a clear theoretical basis
allows future studies to identify which functions of the app
system are driving improvements in self-management.
From the HCP perspective, this app also has the potential to
standardize the way reports of clinical symptoms and medication
adherence are captured in natural settings and enable
fine-grained monitoring of arthritis in a way that is impossible
to obtain with occasional clinic visits. Having a more accurate
and holistic overview of the symptoms and problems of YP
may improve the dynamics of consultation, as time spent on
gathering information can be directed to discussing issues that
are of concern to the patient. Such a system may also allow
systematic collection of a clinically relevant standardized
dataset, intended to ensure uniform data collection in the clinical
setting [73] that can then inform NHS commissioning processes
such as monitoring the efficacy of biologic therapy and the
impact of such therapies on patient’s functional status. We also
wish to prospectively assess in the next stages of the project the
feasibility of collecting and processing additional mood- and
pain-related data for HCPs, and the impact this has on future
resource use (efficient use of consultation time, early
identifications of problems, and efficient referrals), treatment
effectiveness (whether it facilitates joint decision making with
YP and the patient-doctor relationship), and, ultimately,
health-related outcomes.
From the health care information technology perspective, the
effort was not limited to a standalone app. JIApp is the front-end
data-collection and patient-interaction component of a larger
platform, involving a substantial back-end architecture, which
includes (1) a flexible database mechanism that synchronizes
cached phone data to the data repository, (2) a YP reward
service, (3) user feedback and issue tracking system, and (4)
secure transport of data from devices to the back-end. Most
importantly, the platform also comprises a Web-based clinician’s
interface to facilitate retrieval and presentation of patient data
in a suitable and efficient manner for HCPs.
Moreover, this is not purely a bespoke app for GOSH and UCLH
Rheumatology, and the development efforts did not limit the
system design to this domain. For example, the software
component for the questionnaires could generate any form of
questionnaire with a variety of answer options such as
optional/blank, single, multiple, free-text, slider-based, and so
on. One could reuse such components for rapid development
and deployment of similar data-oriented health care apps. The
front-end JIApp will be made available via popular app stores
(Google Play and Apple).
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Comparison With Prior Work

Limitations

To our knowledge, this study is the first to report a theory-driven
and user-centered approach to develop a smartphone-based
multifunctional app system for HCPs as well as YP with JIA.
Previous JIA-related apps have only focused on monitoring
symptoms [47-49] and have not considered how the app can be
integrated into clinical practice. It is also the only app developed
that addresses all components of the COM-B model for
self-management.

Our user groups were diverse, even though relatively small,
with participating patients having different JIA subtypes at
various stages of their treatment and from different ethnical
backgrounds. The app’s design and evaluation were not affected
by the characteristics of YP, but participation bias may have
influenced the themes that emerged from our FGDs and
interviews. For example, all study participants were computer
literate and had easy access to smartphones; whether further
refinements of the app are necessary for patients who are less
familiar with this technology needs to be established. We
considered this limitation by using open frameworks to develop
the app so that it can be deployed as a desktop version (running
on most modern browsers such as Chrome, Safari, and Firefox)
with minimal effort. It is important for future studies to evaluate
patient’s smartphone usage/ownership and its association with
recruitment, app usage, and app satisfaction to ensure that the
intervention is suitable and easily accessible for all YP.

Similar self-management apps have been developed for chronic
pediatric conditions other than JIA, particularly for YP with
diabetes [74,75], asthma [76,77], and cancer [78,79]. Themes
that emerged from previous studies were related to what YP
with JIA discussed in terms of ease of use, information sharing,
rewards, and design. However, medication reminders and
tracking missed medications and blood test results were not
discussed by YP with other chronic conditions. This shows how
certain requirements are unique to JIA patients and highlights
the importance of developing condition-specific apps.
In terms of app effectiveness, some asthma and diabetes apps
have been shown to benefit YP by increasing asthma control
[76] and frequency of blood glucose monitoring [74], whereas
others have found no benefits of mobile apps [75,77]. Research
in this area is still scarce, and more studies with larger sample
sizes and longer follow-ups are needed to evaluate the impact
of apps on self-management in YP. However, it is likely for
apps that go through iterative development cycles involving
both YP and HCPs to be more effective.

Conclusions
In summary, a qualitative user-centered approach was used to
develop the first comprehensive smartphone app for YP with
JIA. Next steps will involve long-term feasibility testing of the
app to establish its effect on patient’s self-management skills,
disease outcomes, and general well-being, as well as the
cost-effectiveness of such an intervention. In addition, patient’s
app usage will be monitored to assess long-term sustainability
and understand reasons for disengagement.
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Abstract
Background: Photoplethysmography (PPG) is a proven way to measure heart rate (HR). This technology is already available
in smartphones, which allows measuring HR only by using the smartphone. Given the widespread availability of smartphones,
this creates a scalable way to enable mobile HR monitoring. An essential precondition is that these technologies are as reliable
and accurate as the current clinical (gold) standards. At this moment, there is no consensus on a gold standard method for the
validation of HR apps. This results in different validation processes that do not always reflect the veracious outcome of comparison.
Objective: The aim of this paper was to investigate and describe the necessary elements in validating and comparing HR apps
versus standard technology.
Methods: The FibriCheck (Qompium) app was used in two separate prospective nonrandomized studies. In the first study, the
HR of the FibriCheck app was consecutively compared with 2 different Food and Drug Administration (FDA)-cleared HR devices:
the Nonin oximeter and the AliveCor Mobile ECG. In the second study, a next step in validation was performed by comparing
the beat-to-beat intervals of the FibriCheck app to a synchronized ECG recording.
Results: In the first study, the HR (BPM, beats per minute) of 88 random subjects consecutively measured with the 3 devices
showed a correlation coefficient of .834 between FibriCheck and Nonin, .88 between FibriCheck and AliveCor, and .897 between
Nonin and AliveCor. A single way analysis of variance (ANOVA; P=.61 was executed to test the hypothesis that there were no
significant differences between the HRs as measured by the 3 devices. In the second study, 20,298 (ms) R-R intervals
(RRI)–peak-to-peak intervals (PPI) from 229 subjects were analyzed. This resulted in a positive correlation (rs=.993, root mean
square deviation [RMSE]=23.04 ms, and normalized root mean square error [NRMSE]=0.012) between the PPI from FibriCheck
and the RRI from the wearable ECG. There was no significant difference (P=.92) between these intervals.
Conclusions: Our findings suggest that the most suitable method for the validation of an HR app is a simultaneous measurement
of the HR by the smartphone app and an ECG system, compared on the basis of beat-to-beat analysis. This approach could lead
to more correct assessments of the accuracy of HR apps.
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Introduction
The rapid evolution of technology has brought highly
sophisticated electronic devices such as smartphones in our
daily lives. The market for these devices is growing at a rapid
pace. Globally, there are about 2.6 billion smartphone
subscriptions, and by 2020, this number is projected to reach
6.1 billion [1]. Smartphones with multimedia capabilities open
new possibilities for app development and service delivery [2].
Recently, smartphones have started to be used for medical
purposes to measure numerous vital parameters such as heart
rate (HR) and body temperature. This enables the use of a
smartphone as a wireless HR monitor [3]. HR is nowadays
measured by nurses who have congested schedules and therefore
limited time to measure the HR of patients. HR-sensing devices
may be a solution for this problem and can be useful in
extending the reach of vital signs monitoring in- and outside
hospitals, which is typically limited by constraints on human
resources [4]. Nowadays, the use of wireless monitors for
assessment of HR is a common component of health and fitness
programs. Unlike HR apps on smartphones, these HR monitors
require a telemetric strap to be worn around the thoracic region
or arm to ensure electrocardiography (ECG)-derived HR [5].
The heart is an electromechanical pump with a rhythmic
pumping cycle, in which the electrical activity of the heart can
be represented in the electrocardiogram by a P-, QRS-, and
T-wave. For HR and rhythm analysis, the ECG still remains the
gold standard. The contraction of the heart propagates a blood
pressure pulse wave through the arterial system that travels to
the peripheries. A typical arterial blood pressure waveform
comprises a systolic upstroke representing the ventricular
ejection. After the systolic contraction, the aortic valve closes,
which results in a sudden drop in pressure called the dichroic
notch [6]. When the pulse pressure wave is passed, these
capillaries relax and eject the excessive blood they accumulated,
allowing them to return to their initial state. When the areas
with dense capillary beds are studied (ie, fingertips, toes, and
earlobes), it is possible to observe this pooling of blood by using
optical technologies. This technique is also known as the
photoplethysmography (PPG) principle. The relationship
between ECG, arterial blood pressure (ABP), and PPG is
visualized in Figure 1.
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PPG is already used in the clinic to measure oxygen saturation
and pulse rate [7]. Additionally, it can also be used to estimate
cardiac output [8]. PPG used as signal to measure HR is
described as the pulse signal. As such, PPG can be used to
measure HR without the need for an ECG device. Furthermore,
the HR derived from the PPG signal can be used in a series of
calculations to determine the heart rate variability (HRV) [9].
PPG is easy to set up, convenient, simple, and economically
efficient. It uses a probe that contains a light source and a
photodetector to detect the blood volume pulse. The amount of
backscattered light corresponds with the variation in blood
volume [10]. Hertzman [11] were the first to find a relationship
between the intensity of backscattered light and blood volume
in 1938.
Traditional PPG systems typically use a narrow wavelength
light source (ie, light-emitting diodes [LEDs] with certain colors
such as infrared, red, or green) and a specific photodetector to
detect PPG signals through the skin. Interestingly, the
smartphone camera in combination with the LED flashlight is
able to detect these small variations in skin color caused by the
blood flow (Figure 2). The camera uses wide-bandwidth
pixel-enabling color detection in the red, green, and blue range
(RGB-color).
In 2010, Jonathan and Leahy presented a case study which
concluded that HR could indeed be measured through PPG by
using a smartphone. This case experiment was confirmed by
Gregoski et al in 2011 [5,12]. Currently, numerous smartphone
apps exist that measure HR. However, the validity of these apps
has not always been confirmed [13]. At this moment, there is
no consensus on a gold standard method for the validation of a
HR app based on a PPG signal. This results in different
validation processes that not always reflect the veracious
outcome of comparison. Validation can be done in two ways:
(1) by comparing the HR [4,14] or (2) by comparing the ECGderived R-R intervals (RRI) [15,16] and the PPG-derived
peak-to-peak intervals (PPI) [17] as shown in Figure 3. The
goal of this paper was to explore which of the two validation
approaches is more suited and to investigate and describe the
necessary elements in validating and comparing HR apps versus
standard technology.
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Figure 1. Visualized relation between electrocardiography (ECG), arterial blood pressure (ABP), and photoplethysmography (PPG).
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Figure 2. Photoplethysmography (PPG) principle by smartphone.
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Figure 3. Beat-to-beat analysis from R-R intervals (RRI) and peak-to-peak intervals (PPI).

Methods
To investigate the correct method that should be used to
clinically validate smartphone apps that measure HR, the
smartphone app FibriCheck was used as test case. For this
purpose, two separate, independent, prospective nonrandomized
studies were performed. In the first study, the HR as measured
by FibriCheck was compared with the HR measured by 2
sequentially used Food and Drug Administration (FDA)-cleared
HR-measuring devices. In the second study, the beat-to-beat
(RRI/PPI) accuracy of the FibriCheck app was compared with
a raw single-lead ECG that was recorded in a synchronized way.
For this, a validated and wearable ECG recorder [18] (Imec
Holst Centre,) was used. Both studies comply with the
Declaration of Helsinki. The study protocol was approved by
the local committee on human research, and all participants
provided written informed consent.

Oost-Limburg (ZOL, Genk, Belgium) in 2015. Inclusion criteria
were 18 years or older and able to provide the Dutch written
informed consent. Exclusion criteria were failure to obtain valid
data with any device or failure to correctly follow the protocol.
A normalization period of 10 min before the first measurement
was used to obtain a resting HR. For standardization, all
measurements were performed in the same order, that is,
FibriCheck app, Nonin oximeter, and AliveCor. The FibriCheck
app measures the HR for 10 s by placing the index finger over
the rear camera and LED while holding the smartphone in the
other hand (Figure 4, left). Nonin and AliveCor measurements
were performed according to the manufacturers’ guidelines.

Study 1: FibriCheck Compared With FDA-Approved
HR Devices

Figure 5 represents a graphical overview of the step-by-step
approach of measurement in study 1. In case of the FibriCheck
app, the shown HR result value in beats per minutes (BPM) was
used, whereas for both the Nonin oximeter and AliveCor app,
the minimum and maximum HR during a 10 s measurement
were averaged. Subsequently, all results of HRs measured by
the different devices were statistically compared with each other.

Only 2 FDA-cleared HR measurement devices were used, that
is, Nonin oximeter and AliveCor. These 2 devices, which
employ different measurement methods, were used to validate
a novel smartphone app that measured the participant's HR
based on the PPG principle. Nonin uses the transmission PPG
method as a stand-alone device, whereas AliveCor uses the
ECG as a method measured with a smartphone. The participant's
HR was measured 3 times with each measuring device according
to the protocol of Terbizan et al [19]. Both FibriCheck and
AliveCor were installed on an iPhone 5 (Apple Inc). Participants
were recruited in the tertiary care center Ziekenhuis

The Shapiro-Wilk test was performed to test for normality.
Different tests were performed to analyze the results. First, a
Pearson correlation test of each possible pair of methods was
performed to assess correlation. Second, the agreement between
methods was assessed by the construction of Bland-Altman
plots of the same pairs. Finally, a paired student t test and
single-way analysis of variance (ANOVA) test were executed
to see whether there was a significant difference between the
HR as measured by the different methods. Statistical analysis
and generation of Bland-Altman plots were performed by using
R statistical software (version 3.2.2).
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Figure 4. Graphical representation of how measurements are performed using the different devices. Left, FibriCheck application; Middle, Nonin
oximeter; Right, AliveCor.

Figure 5. Graphical overview measurement-process study 1.

Study 2: FibriCheck Beat-to-Beat Accuracy Compared
With Wearable ECG in Broad Dynamic Range
The beat-to-beat accuracy of the FibriCheck app was verified
by comparing it with a wearable ECG patch. To do so, the
FibriCheck smartphone app was used and installed on an iPhone
5S. This app also enables synchronization of the PPG signal,
with a simultaneously measured ECG signal of a single-lead
wearable ECG patch. This wearable device was attached to the
upper left corner of the patient’s chest with 2 disposable
electrodes (Figure 6). This enables comparing the raw data of
the 2 devices (ie, FibriCheck and wearable ECG) and
measurement principles (ie, PPG and ECG). Inclusion criteria
were 18 years or older and able to provide the Dutch written
informed consent.
Patients with an active pacemaker rhythm were excluded.
Patients were either included by a general practitioner (GP) or
by a researcher in ZOL between November 2015 and March
2016.
The GP enrolled male and female patients over the age of 65
years, with or without a history or diagnosis of atrial fibrillation
(AF). The researcher included subjects who were diagnosed
with AF by a 12-lead ECG system and healthy subjects who
underwent a sports session. The study population is
heterogeneous since it contains patients with a regular or
irregular heart rhythm as well as low and high HRs.
Subjects, included by the GP, were measured in a sitting position
and asked to perform three consecutive measurements of 60 s.
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AF patients, included by the researcher, were measured 3 to 6
times in a lying or sitting position. The sports session involved
5 min cycling at a high pace on a stationary exercise bike to
reach a maximum HR. Two measurements before and after the
exercise were done.
The FibriCheck app converts 60 Hz video data to raw signals,
which were processed with Matlab (Math-Works) to derive the
corresponding PPG signal. Time synchronization between ECG
and PPG was automatically done by the FibriCheck app.
Subsequently, peak detection of the ECG signal and the
preconditioned PPG signal was performed by blinded and
manual annotation of the identified peaks using Matlab. Finally,
it was possible to extract the interpeak distance. An example of
the automatic synchronization is shown in Figure 7.
The Kolmogorov-Smirnov test was performed to test for
normality. The not normally distributed data are expressed as
a median and interquartile range (IQR). A two-sided Wilcoxon
signed-rank test was performed to compare two continuous
variables for the not-normally distributed data. Correlation
between the two continuous variables was calculated by a
Spearman correlation test. All analyses were two-sided, and the
level of significance was set at a value of .05. Root mean square
error (RMSE) and normalized root mean square error (NRMSE)
were performed to evaluate the range of errors between predicted
and observed values. Data analyses were performed with R
statistical software (version 3.2.2). Graphical presentations,
such as correlations plots, Bland-Altman plot, and Kernel
density plots, were made in RStudio version 0.99.486 (Rstudio
Inc).
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Figure 6. Measurement setup for simultaneous photoplethysmography (PPG) and electrocardiography (ECG) recording. A wearable ECG sensor to
measure 1-lead ECG data; B, FibriCheck app to measure PPG data.
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Figure 7. Synchronization of electrocardiography (ECG) and photoplethysmography (PPG) signal.

Results

these patients. Data are expressed as mean (standard deviation
[SD]).

Study 1: FibriCheck Compared With FDA-Approved
HR Devices

The HR measurements as acquired by the three different
methods were compared for assessing the ability of the
FibriCheck app to correctly measure subjects’ HR. First,
two-sided Pearson correlation tests were performed to evaluate
the correlation between each possible pair of devices. Second,
a paired student t test was performed. Thereafter, the RMSE
and NRMSE were calculated (Table 3).

In total, 91 persons were included in the study. A total of 3
persons were excluded from analysis because of failure to obtain
valid data with 1 or more devices. This resulted in a final study
population of 88 subjects. Table 1 shows the characteristics of
Table 1. Characteristics of patients in study 1.
Variable

Men (n=50)

Women (n=38)

All

Age in years, mean (SD)

49.34 (17.62)

44.63 (17.69)

47.31 (17.70)

Height, mean (SD)

177.14 (8.11)

165.97 (5.22)

172.26 (8.92)

Weight, mean (SD)

82 (14.12)

66.55 (6.56)

75.25 (13.75)

Table 2.

a

Measuring device

Heart rate, mean (SDa)

Nonin, bpmb

69 (12)

FibriCheck, bpm

71 (13)

AliveCor, bpm

69 (12)

SD: standard deviation.

b

BPM: beats per minute.

Table 3. Correlation coefficients, statistical significance, root mean square error, and normalized root mean square error for each pair of devices.
Pair of devices

Correlation coefficient (r)

Statistical significance
(two-tailed)

Root mean square error
(beats per minute)

Normalized root mean
square error (beats per
minute)

FibriCheck–Nonin

.834

P=.36

7.40

0.11

FibriCheck–AliveCor

.88

P=.45

6.26

0.09

Nonin–AliveCor

.897

P=.87

5.46

0.08
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Finally, an ANOVA test was performed to evaluate whether
there was a significant difference between the results of the HR
measurements of the different devices. The results indicate no
significant difference (P=.61) between the HRs measured by
the 3 different devices.
Results show high correlations without significant differences
for all device pairs. However, since correlation does not

necessarily imply agreement, Bland-Altman plots were
constructed to evaluate agreement between each pair of devices
(Figure 8).
The mean bias ranged from 0.29 bpm (Nonin–AliveCor) to 1.42
bpm (FibriCheck–AliveCor) and 1.72 bpm (FibriCheck–Nonin).
Some measurements were not situated between the lower limit
of agreement (LLA) and the upper limit of agreement (ULA).

Figure 8. Bland-Altman plots for each device pair. The mean difference (bias), 1.96 (lower limit of agreement, LLA) and +1.96 standard deviations
(upper limit of agreement, ULA) are plotted as full lines.

Study 2: FibriCheck Beat-to-Beat Accuracy Compared
With Wearable ECG in Broad Dynamic Range
A total of 247 subjects were measured with the FibriCheck app
in the presence of a GP (n=238) or a researcher in ZOL (n=19).
The researcher included both healthy subjects (n=12) and

patients who were diagnosed with AF by a 12-lead ECG system
(n=7). Around 18 patients from the total study population, all
included by the GP, had a pacemaker and were all excluded.
Therefore, the final study population included 229 subjects.
Table 4 shows the characteristics of these patients.

Table 4. Characteristics of patients in study 2.

a

Variable

Men (n=105)

Women (n=120)

Alla

Age in years, mean (SDb)

73.54 (13.86)

75.51 (14.34)

74.59 (14.12)

Height in centimeters, mean (SD)

173.79 (8.04)

161.22 (7.32)

166.25 (13.79)

Weight in kilograms, mean (SD)

80.3 (13.59)

67.52 (13.83)

73.45 (15.11)

Diabetic, n (%)

20 (19)

24 (20)

44 (20)

Atrial fibrillation, n (%)

50 (47.62)

48 (40)

98 (43.56)

Systolic blood pressure in mm Hg, mean (SD)

128.54 (13.84)

130.6 (20.34)

129.65 (17.13)c

Diastolic blood pressure in mm Hg, mean (SD)

74.39 (7.59)

73.55 (11.10)

73.94 (9.62)c

CHA2 DS2-VAScd score, mean (SD)

3.61 (1.75)

4.58 (1.86)

4.13 (1.87)

Demographics of 4 patients were reported as missing data.bSD: standard deviation.Systolic and diastolic blood pressure were not included for patients

who underwent the sport session.dCHA2DS2-VASc calculates the stroke risk for patients with atrial fibrillation.

Table 5 provides the study results. In total, 237 measurements
(PPG-ECG pairs) were performed, which resulted in a 20,298
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Table 5. Overview study results.

a

Variable

ECGa

PPGb

Number of Intervals

20,298

20,298

Average interval (ms)

758.4 (351.6)

758.2 (333.3)

Minimum value (ms)

312.5

316.7

Maximum value (ms)

2223.0

2233.0

ECG: electrocardiography.

b

PPG: photoplethysmography.

The Wilcoxon signed-rank test showed no significant difference
between ECG and PPG (P=.92). To calculate the correlation
and difference between the ECG and PPG measurement, the
Spearman rank-order correlation, RMSE, and NRMSE were
calculated. A correlation of rs=.993 was found, with
RMSE=23.04 ms and NRMSE=0.012 ms.

9). The mean bias is 0.26 (23.045) with a 95% CI from −45.82
to 46.35. The CI (μ±1.96σ) is visualized by the dashed lines.
An in-depth analysis was performed to investigate differences
within the study results. This detailed analysis was based on
two categories: low versus high HR and regular versus irregular
intervals.

Additionally, a Bland-Altman plot was made, showing the
differences between the beat-to-beat intervals of the PPG-ECG
pairs in function of the means. The error distribution and the
distribution of the mean duration of the intervals of the
PPG-ECG pairs are visualized by kernel density plots (Figure

On the basis of the definition by Laskowski of a resting HR
[20] a distinction was made between a resting HR (40-100 BPM)
and high HR (100-170 BPM). Figure 10 visualizes and Table
6 describes the study results for this distinction.

Table 6. Summary of intervals divided in low, high, and overall heart rate.
Variable

a

Interval 40-100 heart rate

Interval 100-170 heart rate

ECGa

PPGb

ECG

PPG

Number of intervals

13,913

13,913

6385

6385

Average interval (ms)

869.5 (203.2)

868.9 (200)

516.4 (70.3)

516.9 (66.6)

Minimum value (ms)

601.6

483.3

312.5

316.7

Maximum value (ms)

2223.0

2233.0

597.7

1000

ECG: electrocardiography.

b

PPG: photoplethysmography.

No significant difference was observed between both techniques
within the interval 40-100 (P=.76) or interval 100-170 (P=.69).
Correlation of interval 40-100 between ECG and PPG was
strong (rs=.985; RMSE=25.32 ms and NRMSE=0.014). Interval
100-170 was also strongly correlated (rs=.956; RMSE=17.06
ms and NRMSE=0.025). The correlation between both
techniques is plotted in Figure 11.

A last step in analysis was performed by investigating the
differences between regular and irregular intervals. Figure 12
visualizes the measurements divided into irregular and regular
intervals.
Table 7 describes the study results for this category. A total of
2648 intervals were obtained from patients with AF versus
17649 from patients with regular heart rhythms.

Table 7. Summary of intervals divided into regular and irregular beat-to-beats.
Variable

a

Regular

Irregular

ECGa

PPGb

ECG

PPG

Number of intervals

17,649

17,649

2648

2648

Average interval (ms)

738.9 (204.8)

738.6 (205.3)

888.5 (241.4)

888 (241)

Minimum value (ms)

312.5

316.6

406.3

400

Maximum value (ms)

1835.9

1850

2222.6

2233.3

ECG: electrocardiography.

b

PPG: photoplethysmography.

No significant difference was observed between both techniques
within group regular HR (P=.92) or group AF (P=.93).
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Correlation for group regular between ECG and PPG was strong
(rs=.994; RMSE=20.49 ms and NRMSE=0.013). Group
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irregular was also strongly correlated (rs=.9832; RMSE=37.62
ms and NRMSE=0.021). The correlation between both
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techniques is plotted in Figure 13.

Figure 9. Bland-Altman plot comparing the reference R-R intervals (electrocardiography [ECG]) to the peak-to-peak intervals (photoplethysmography,
PPG).

Figure 10. Overview heart rates divided in resting and high heart rates.
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Figure 11. Correlation of intervals for both techniques (ie, electrocardiography [ECG] and photoplethysmography [PPG]) in milliseconds. Gray, high
heart rates; Black, low heart rates.

Figure 12. Overview of beat-to-beat intervals divided in irregular and regular beats.
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Figure 13. Correlation of intervals for both techniques (ie, electrocardiography [ECG] and photoplethysmography [PPG]) in milliseconds. Gray,
irregular intervals; Black, regular intervals.

Discussion
Principal Findings
We sought to determine an approach to validate an
HR-measuring app. For this experiment, we set up two different
studies for determining the correct approach to answer the
research question. The results were interpreted on the criterion
validity (demonstrated by statistical test for a high correlation
between new tool and the existing standard) and construct
validity (refers to the systematic change in results when the
input variable is under varying conditions) as described by
Franko [21].
Study 1, FibriCheck compared with FDA approved HR devices,
compared 3 tools for measuring HRs in a large sample of
volunteers. The tools (Nonin and AliveCor) are approved by
the FDA and are already used in clinical practice. The third one
is the FibriCheck app. The results of the study, for criterion
validity, show a correlation coefficient of .834 between
FibriCheck and Nonin, .88 between FibriCheck and AliveCor,
and .897 between Nonin and AliveCor. A single way ANOVA,
P=.61 was executed to construct validity indicating that there
is no significant difference between the HRs as measured by
the 3 devices.
Study 2, FibriCheck beat-to-beat accuracy compared with
wearable ECG, compared the RRI-PPI intervals at the same
moment from the FibriCheck app in relation to the data of a
wearable ECG. The results of the study show a positive
correlation of .993 between RRIs and PPIs. This result supports
the validity criteria. For construct validity, no significant
difference (P=.92) was shown between the intervals from
FibriCheck and the intervals from the wearable ECG.
Terbizan et al [19] suggested a minimum correlation of .9 for
heart monitors to be clinically reliable. On the basis of the
measured results in study 1, no pair of devices complies with
this correlation. Terbizan et al suggest to interpret the device
http://mhealth.jmir.org/2017/8/e129/
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as “not reliable.” This is contradictory because both AliveCor
and Nonin have an FDA approval. Bland-Altman plots showed
some outliers between the devices. In this study, outliers need
to be included in the dataset because of the legitimate character
of the observation.
A “not reliable” correlation could have multiple causes. For
example, there are device-related (eg, different hardware) causes
that could influence the signal of the measurement. Furthermore,
algorithms converting the PPG signal into HR measurements
differ between manufacturers, including in the way they cope
with nonperfect measurements. Therefore, when the captured
PPG signal is incomplete, for example, because of vibrations
or movement by the finger, resulting HR measurements can
differ between HR apps and monitors, even when the raw data
are identical.
These differing results can be assessed by running the algorithms
on a reference database such as the MIT-BIH arrhythmia
database for ECG records [22].
In addition, it is important to consider device specifications
when evaluating an HR app on the smartphone. The app
therefore needs to be validated on a smartphone with minimal
device requirements. Smartphones with lower system
specifications than required could result in “‘not reliable” results
of the app. It is important for the manufacturer of that HR app
to ensure the minimal hardware requirements of hardware. This
creates the obligation for manufacturers to evaluate apps on
multiple smartphones.
Besides possible hardware and algorithm explanations, there
could be time-related causes (eg, measurement on different
time) that could result in physiological changes causing a change
in HR. This could be eliminated by doing synchronous
measurements with these devices.
Another explanation could be that taking average of the
minimum and maximum HR during a 10-s interval is not the
optimal procedure to obtain a reading from these devices. The
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e129 | p.82
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FibriCheck app gives a single result after a 10-s measurement,
whereas the Nonin oximeter gives a continuous reading and the
AliveCor a minimum and maximum HR result after 10 s. To
address this mismatch, the average of the minimum and
maximum HR of a 10-s reading was used in case of the Nonin
oximeter and AliveCor.
Further research should be conducted to investigate whether
there is a stronger correlation between Nonin and AliveCor than
the current results suggest; some suggestions are given below.
Related to the possible time- and analytics-related causes of
this result, the next step in validation was performed. Experiment
2 for the beat-to-beat detection between the FibriCheck and an
ECG device was set up.
Study 2 shows a positive correlation result of .993, an RMSE
of 23.04 ms, and an NRMS of 0.012 for the intervals of the
FibriCheck app and ECG device. This means that both methods
are almost identical. This result suggests that the FibriCheck
app could be used as a clinically validated app for measuring
HR. The protocol of study 2 confirms the research question of
an approach to validate an HR-measuring smartphone app.

Study Limitations
Although the results of this study are encouraging, there are a
number of limitations to the study that could be taken into
account for further research. First of all, the sample comprised
both healthy and unhealthy volunteers who were recruited in a
hospital setting and in general practice. However, this means
that the sample may not be representative of the general
population outside the hospital and general practice that could
benefit from the smartphone app.
Measurements of the PPG signal could result in multiple
limitations. For example, people with small or calloused
fingertips may not be suitable for the detection of a PPG signal
measured by the smartphone app. They will have inaccurate
HR measurements because of problems with light absorption,
on which the PPG principle is based. Additionally, patients with
poor blood circulation can also show bad signals. Besides
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physical factors, environmental factors should also be taken
into account. For example, ambient temperature has an influence
on the blood circulation in the fingertips.
Study 1 coped with some specific limitations based on the study
protocol. Due to the need to use both hands for the AliveCor
and FibriCheck app, HRs from the 3 different devices were
measured sequentially, leading to time intervals of about 30 s
to 1 min between the different measurements. This could cause
small changes in HR because of small physiological changes.
Another limitation of nonsimultaneous HR measurement could
be a learning effect for using a mobile HR app. This learning
effect could result in a (small) decrease in HR.
There were a number of measurements that fell outside the LLA
and ULA. These deviations could be caused by several factors
compromising an optimal reading. For example, it could be
possible that pressing too hard on the smartphone’s camera
impairs the possibility of a good PPG measurement.
For the Nonin oximeter, an incorrect positioning of the device
on the finger could hamper a correct reading. Further research
could assess whether incorrect usage of these devices can cause
deviant HR readings and how to optimally instruct people to
avoid these errors.

Conclusions
Smartphones with multimedia capabilities open new possibilities
for app development and service delivery [2]. In the last decades,
smartphone apps that measure different vital parameters, such
as HR, were developed. At this time, apps that measure the HR
of a subject can be installed on a variety of smartphones [10].
However, the validity of these apps has not always been
confirmed. This paper describes an approach for the clinical
validation of an HR app. The current findings suggest that the
most suitable method for the validation of an HR app is a
simultaneous measurement of the HR by the smartphone app
and an ECG system and comparing the obtained intervals. This
approach could lead to almost exact accuracy in the clinical
setting. Further studies are needed to evaluate the accuracy
outside the hospital and in daily life of subjects.
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ABP: arterial blood pressure
AF: atrial fibrillation
ANOVA: analysis of variance
BPM: beats per minute
ECG: electrocardiography
FDA: Food and Drug Administration
GP: general practitioner
HR: heart rate
HRV: heart rate variability
IQR: interquartile range
LED: light-emitting diode
LLA: lower limit of agreement
NRMSE: normalized root mean square error
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PPI: peak-to-peak interval
PPG: photoplethysmography
RGB: red, green, and blue
RMSE: root mean square error
RRI: R-R intervals
SD: standard deviation
ULA: upper limit of agreement
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Abstract
Background: Physical activity apps are commonly used to increase levels of activity and health status. To date, the focus of
research has been to determine the potential of apps to influence behavior, to ascertain the efficacy of a limited number of apps
to change behavior, and to identify the characteristics of apps that users prefer.
Objective: The purpose of this study was to identify the mechanisms by which the use of physical activity apps may influence
the users’ physical activity behavior.
Methods: This study used a cross-sectional survey of users of health-related physical activity apps during the past 6 months.
An electronic survey was created in Qualtrics’ Web-based survey software and deployed on Amazon Mechanical Turk. Individuals
who had used at least one physical activity app in the past 6 months were eligible to respond. The final sample comprised 207
adults living in the United States. 86.0% (178/207) of respondents were between the ages of 26 and 54 years, with 51.2% (106/207)
of respondents being female. Behavior change theory informed the creation of 20 survey items relating to the mechanisms of
behavior change. Respondents also reported about engagement with the apps, app likeability, and physical activity behavior.
Results: Respondents reported that using a physical activity app in the past 6 months resulted in a change in their attitudes,
beliefs, perceptions, and motivation. Engagement with the app (P<.001), frequency of app use (P=.03), and app price (P=.01)
were related to the reported impact of the behavior change theory or mechanisms of change. The mechanisms of change were
associated with self-reported physical activity behaviors (P<.001).
Conclusions: The findings from this study provide an overview of the mechanisms by which apps may impact behavior. App
developers may wish to incorporate these mechanisms in an effort to increase impact. Practitioners should consider the extent to
which behavior change theory is integrated into a particular app when they consider making recommendations to others wishing
to increase levels of physical activity.
(JMIR Mhealth Uhealth 2017;5(8):e114) doi:10.2196/mhealth.7206
KEYWORDS
mHealth; mobile apps; health behavior; smartphone

Introduction
Regular physical activity is effective in primary and secondary
prevention of chronic diseases, including those relating to both
physical and mental health outcomes [1]. It is associated with
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cardiovascular and metabolic health, reduced body mass,
decreased risk of type 2 diabetes, optimal bone health, and
strong motor control and physical functioning [2].
Obesity-related conditions, including heart disease, stroke, and
type 2 diabetes, remain the leading causes of preventable death
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[3]. Consistently engaging in physical activity has also been
linked to improved mental health status, as well as increased
cognitive functioning and academic performance [4,5].
Despite clear and consistent guidelines establishing standards
for physical activity, only half of the adults worldwide meet the
recommended levels [6]. Inactivity is much higher in the United
States where nearly 80% of adults fail to get the recommended
amount of physical activity each week [7]. In light of the low
global prevalence of physical activity and the strong connection
to health outcomes, the current paradigm could rightly be
considered a pandemic [8]. Promoting physical activity will
require a sustained effort across multiple domains and
disciplines, including behavioral science [8]. Efforts to date
have included environment and policy changes [9], school and
worksite interventions [10,11], and technology solutions [12-14].
Moving forward, our public health approaches may benefit from
increased innovation and creativity [8], including an emphasis
on mobile technologies with increased capacities for delivering
timely and adapted promotion [15].
Smartphone apps have emerged as a potential tool for
individuals seeking to increase levels of physical activity in an
effort to improve health status [13-15]. Indeed, tens of thousands
of health apps are available across all platforms and have now
been downloaded billions of times [16]. The results from studies
of these tools appear promising [17,18]. However, little is known
about the behavior change techniques included in most physical
activity apps [19]. It’s one thing to measure and observe that
an app may increase levels of physical activity, but it’s another
to understand the mechanisms to explain such effects [20].
These mechanisms may involve techniques inspired by behavior
change theory, an accepted approach for increasing the
effectiveness of physical activity interventions [8,21-23].
Despite the wide use of health-related physical activity apps by
millions of Americans [24], only a few studies have considered
the effectiveness of these apps at impacting the factors known
to influence changes in behavior. Health behavior theory can
inform behavior change interventions. The health belief model,
for example, contains several primary constructs used to predict
whether and why people take action to prevent, detect, or control
disease outcomes. These constructs include perceived
susceptibility, perceived severity, perceived benefits, and
barriers to engaging in a behavior. Also addressed are cues to
action, meaning internal or external factors that could trigger
health behavior [25]. Social cognitive theory elucidates the
interaction and impact of environment as it relates to influencing
health behaviors. Cognitive influences on behavior (eg,
knowledge, self-efficacy, and outcome expectancies) as well
as the physical and social environment are core constructs [26].
The theory of planned behavior represents an attempt to predict
behavior through impacting behavioral intentions. This is
accomplished by changing attitudes, subjective norms, and
self-efficacy [26].
The focus of several recent studies has been to analyze the
content of physical activity apps and identify the extent to which
behavior change theory is integrated [13,15,27-30]. Studies of
this nature have provided an initial framework and context by
which app potential can be evaluated. However, such studies
http://mhealth.jmir.org/2017/8/e114/
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are limited in that they only evaluate potential rather than actual
impact, and there is no indication as to the role of these
theory-based mechanisms of behavior change. For example,
prominent theories such as the social cognitive theory and the
health belief model emphasize the self-efficacy construct.
Although attempts to label its inclusion in a physical activity
app have been made recently, no empirical effort has been made
to identify whether, in an app environment, it can be impacted
and whether that can result in a change in physical
activity-related behaviors. Constructs from the transtheoretical
model [31-33] and the theory of planned behavior [34] also
inform mechanisms whose impact should be measured, as each
of these have been successfully used previously to influence
physical activity. Provided the complexities relating to human
behavior and in the context of physical activity, it may be that
no one single theory adequately accounts for the most influential
determinants. Therefore, a practical approach may involve a
combination of distinct constructs and elements from each
theory, effectively forming a polytheoretical approach [35]. The
purpose of this study was to, first, identify whether and which
behavior change mechanisms are impacted by using a physical
activity app, and second, whether changes in these mechanisms
also relate to physical activity behaviors.

Methods
Design
This study involved a cross-sectional survey designed to analyze
the self-reported impact of using a physical activity app on the
mechanisms of behavior change. This was done through a survey
directed to individuals who had utilized at least one physical
activity app within the last 6 months. The survey gathered
information regarding mechanisms of behavior change informed
by behavior change theory, app engagement and likeability, app
usage, and self-reported physical activity behavior.

Recruitment
The study sample comprised respondents who were recruited
through Amazon Mechanical Turk (MTurk) and Turk Prime.
MTurk is a crowdsourcing Internet marketplace that enables
individuals and businesses to coordinate the completion of tasks,
of which surveys are a common variety.
The sample was limited to respondents who were 18 years of
age or older and residents of the United States. A total of 251
respondents completed the survey. The results for 10
respondents were excluded from the final sample because they
reported not having used a health-related physical activity app
in the past 6 months. Additionally, only respondents who
completed all of the survey items were included in the final
sample, which included a total of 207 respondents.

Procedure
An electronic survey constructed through Qualtrics’ Web-based
survey software was used to collect data through MTurk. The
survey was available in MTurk for approximately 2 weeks with
a US $1 incentive. The incentive was increased to US $2 after
2 weeks, and the survey was relaunched with Turk Prime to
improve the response rate. As part of relaunching the survey
using Turk Prime, an authenticator was built into the survey to
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prevent repeat respondents. Compensation was entirely based
upon completing the survey and not on the quality of the
responses.

Measurement
Demographic information was gathered and respondents were
asked to report their age, race, ethnicity, sex, highest level of
education obtained, and annual household income (Table 1).
Additional information relating to app usage was also gathered.
This included the number of physical activity apps respondents
had used in the past 6 months, how often each app was used,
which apps they used most frequently, and the average price of
the apps that they used. The average survey completion time
was 5 min and 48 sec.
Respondents gave responses to a series of questions designed
to measure the app’s impact on the mechanisms of behavior
change. The questions were based on three prominent behavior
change theories: social cognitive theory, the theory of planned
behavior, and the health belief model. Items were developed to
measure specific constructs within these theories. For example,
“My belief that physical inactivity leads to disease” is a
reflection of outcome expectancies, a fundamental construct of
social cognitive theory. A full list of items and their
corresponding theories are displayed in Table 2. These items
were adapted from Cowan et al [13]. The adaptations were done
to make them applicable for users’ perceptions of the apps’
impact. The items were then pilot-tested with 36 individuals.
The pilot test comprised completing the survey in its entirety
and then discussing each item with the pilot test takers to
determine that each item was clearly written, understandable,
and interpreted in the way it was intended.
A standard, 5-point Likert response scale was used to measure
these items, ranging from Strongly disagree (−2) to Strongly
agree (+2). A composite theory variable was constructed by
summing the values of these 20 items, and the Cronbach alpha
of this variable was .931. This variable provided a global
assessment of the extent to which the apps impacted constructs
believed to be important in influencing behavior change. A
polytheoretical measure was determined to be in line with the
viewpoint that multifactorial behaviors are too complex for any
one single theory and may be best addressed with multiple
theories [35]. The composite variable constructed in this study
was not normally distributed, and a square root transformation
was used to normalize it.
Five items related to the likeability and engagement (actual
items displayed in Table 3) of the apps were also assessed using
the same Likert scale. A composite variable was constructed to
provide an assessment of the extent to which respondents liked
and engaged with the apps. The Cronbach alpha for this scaled
variable was .890. A square root transformation was used to
normalize this scaled variable. Respondents were also asked to
report about physical activity behaviors (actual items displayed
in Table 4) that changed as a result of using the apps. These
items were adapted from a recent study of physical activity apps
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[36]. The same Likert scale was used to measure physical
activity. A composite variable was constructed with these 4
items, and the Cronbach alpha of this variable was .854. Again,
a square root transformation was used to normalize this
composite variable.

Statistical Analysis
Stata version 14 was used to calculate all statistics. Descriptive
statistics were calculated for each of the demographic, app
usage, theory, engagement, and behavior variables. Multiple
regression analysis was used to identify factors associated with
behavior change theory constructs as well as with physical
activity behavior, after controlling for potentially confounding
variables.

Results
Demographics
The majority of respondents were between the ages of 26 and
54 years, with 45.9% (95/207) reporting their age between 26
and 34 years, and 40.1% (83/207) reporting their ages between
35 and 54 years (Table 1). Concerning race and ethnicity, 82.1%
(170/207) of respondents reported being white and 94.2%
(195/207) of respondents reported being of a
non-Hispanic/Latino ethnicity. Females comprised 51.2 %
(106/207) of respondents. Whereas the levels of education varied
from less than a high school education to a professional degree,
63.8% (132/207) of respondents had either a 4-year degree or
some college (not graduated) education. When asked about the
number of physical activity apps used in the past 6 months,
60.9% (126/207) of respondents reported using only 1 physical
activity app, whereas 29.0% (60/207) reported using 2 physical
activity apps. Regarding frequency of physical activity app use
in the past 6 months, 41.0% (85/207) of respondents reported
using the apps daily, whereas 48.3% (100/207) of respondents
reported using the apps multiple times a week. The most
commonly used apps as reported by study respondents were
Fitbit and MyFitnessPal, with 22.2% (46/207) of respondents
reporting using Fitbit and 17.4 % (36/207) of respondents
reporting using MyFitnessPal.

Responses
A majority of respondents (58.0%, 120/207) reported “Strongly
agree” that using the apps increased their desire to be healthy
(Table 2). Similarly, 56.0% (116/207) strongly agreed that the
apps increased their desire to be physically active. Respondents
reported similar “Strongly agree” response rates for increased
motivation, intention, goal setting desire, and ability to be
physically active as a result of app use. A minority of
respondents strongly agreed that the apps increased their belief
that people important to them want them to be physically active
(21.7%, 45/207), their knowledge of the diseases that are caused
by physical inactivity (22.2%, 46/207), and their belief that
physical inactivity leads to disease (24.6%, 51/207).
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Table 1. Demographics (N=207).
Demographics

n (%)

Age, in years
18-25

17 (8.2)

26-34

95 (45.9)

35-54

83 (40.1)

55-64

11 (5.3)

65 or older

1 (0.5)

Race
American Indian or Alaska Native

1 (0.5)

Asian

16 (7.7)

Black or African American

18 (8.7)

Native Hawaiian or Other Pacific Islander

2 (1.0)

White

170 (82.1)

Ethnicity
Hispanic/Latino

12 (5.8)

Non-Hispanic/Latino

195 (94.2)

Gender
Male

101 (48.8)

Female

106 (51.2)

Education level
Less than high school

2 (1.0)

High school/General educational development

27 (13.0)

Some college (not graduated)

56 (27.1)

2-year college degree

28 (13.5)

4-year college degree

76 (36.7)

Master’s degree

15 (7.3)

Professional degree (JD, MD, etc)

3 (1.5)

Region of residence in the United States of America
Northeast

36 (17.4)

Midwest

34 (16.4)

South

93 (44.9)

West

44 (21.7)

Annual household incomea
Less than 30,000

47 (22.7)

30,000-39,999

39 (18.8)

40,000-49,999

23 (11.1)

50,000-59,999

28 (13.5)

60,000-69,999

15 (7.3)

70,000-79,999

19 (9.2)

80,000-89,999

12 (5.8)

90,000-99,999

6 (2.9)

100,000 or more

18 (8.7)
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All values are in 2016 US dollars.

Table 2. Responses to behavior change constructs (N=207). A composite behavior theory variable was computed by summing these variables, Cronbach
alpha=.931.
Construct or mechanism of changea

n (%)
Strongly
disagree

Somewhat
disagree

Neither
agree nor
disagree

Somewhat
agree

Strongly
agree

My belief that physical inactivity leads to disease (outcome expectations)b

11 (5.3)

39 (18.8)

32 (15.5)

74 (35.8)

51 (24.6)

My belief that diseases related to physical inactivity are harmful (outcome ex-

8 (3.9)

26 (12.6)

36 (17.4)

65 (31.4)

72 (34.8)

My belief that being physically active can prevent disease (behavioral belief)c

2 (1.0)

14 (6.8)

27 (13.0)

85 (41.1)

85 (41.1)

My belief that physical activity is important in preventing disease (behavioral

2 (1.0)

15 (7.3)

24 (11.6)

86 (41.6)

80 (38.7)

My ability to be physically active (self-efficacy)b

1 (0.5)

8 (3.9)

14 (6.8)

80 (38.7)

104 (50.2)

My confidence that I can be physically active (self-efficacy)b

1 (0.5)

5 (2.4)

8 (3.7)

104 (50.2)

89 (43.0)

My motivation to be physically active (behavioral attitudes)c

0 (0)

3 (1.5)

10 (4.8)

79 (4.8)

115 (55.6)

My desire to be physically active (behavioral attitudes)c

0 (0)

1 (0.5)

17 (8.2)

73 (35.3)

116 (56.0)

My intentions to be physically active (behavioral intention)c

0 (0)

1 (0.5)

13 (6.3)

81 (39.1)

112 (54.1)

13 (6.3)

25 (12.1)

87 (42.0)

81 (39.1)

31 (15.0)

50 (24.2)

72 (34.8)

45 (21.7)

8 (3.9)

29 (14.0)

39 (18.8)

71 (34.3)

60 (29.0)

2 (1.0)

14 (6.8)

15 (7.3)

95 (45.9)

81 (39.1)

My knowledge of the diseases that are caused by physical inactivity (knowledge)b 15 (7.3)

43 (20.8)

36 (17.4)

67 (32.4)

46 (22.2)

My awareness of the benefits of being physically active (perceived benefits)d

1 (0.5)

8 (3.9)

22 (10.6)

88 (42.5)

88 (42.5)

My desire to be healthy (behavioral attitudes)c

0 (0)

1 (0.5)

12 (5.8)

74 (35.8)

120 (58.0)

The social support I have received for being physically active (reinforcement)b

7 (3.4)

35 (16.9)

45 (21.8)

67 (32.4)

53 (35.6)

The positive feedback I have received for being physically active (reinforcement)b 7 (3.4)

21 (10.1)

38 (18.4)

80 (38.7)

61 (29.5)

My desire to set goals to be physically active (attitude toward behavior)b

0 (0)

1 (0.5)

10 (4.8)

87 (42.0)

109 (52.7)

My ability to achieve my physical activity goals (self-efficacy)b

1 (0.5)

3 (1.5)

11 (5.3)

91 (44.0)

101 (48.8)

pectancies)

belief)

b

c

My attitudes about the importance of physical activity in preventing disease (be- 1 (0.5)
havioral attitudes)

c

My belief that people important to me want me to be physically active (subjective 9 (4.4)
norm)c
My perception that many other people are physically active (situational perception)b
My knowledge of ways in which I can be physically active (knowledge)b

a

All theory questions in the survey were preceded by this statement: “Now think about the physical activity/exercise apps that you have used in the past
6 months. Using the apps has increased”:
b

Social cognitive theory.

c

Theory of planned behavior.

d

Health belief model.
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Table 3. Responses to likeability and engagement items (N=207). A composite engagement variable was computed by summing these variables,
Cronbach alpha=.890.
Itema

a

n (%)
Strongly
disagree

Somewhat
disagree

Neither
agree nor
disagree

Somewhat
agree

Strongly
agree

The app was useful.

0 (0)

1 (0.5)

4 (1.9)

67 (32.4)

135 (65.2)

The app was easy to use.

0 (0)

1 (0.5)

3 (1.5)

64 (30.9)

139 (67.2)

I enjoyed using the app.

0 (0)

2 (1.0)

13 (6.3)

68 (32.9)

124 (59.9)

I liked the app.

0 (0)

0 (0)

7 (3.4)

72 (34.8)

128 (61.8)

I would recommend the app to others.

0 (0)

1 (0.5)

5 (2.4)

72 (34.8)

129 (62.3)

All engagement questions in the survey were preceded by this statement: “Considering the apps that you have used in the past 6 months”:

Regarding the app likeability and engagement (Table 3), most
respondents (65.2%, 135/207, “Strongly agree” and 32.4%,
67/207, “Somewhat agree”) found the physical activity apps
“useful.” Respondents reported similarly for “The app was easy
to use,” “I enjoyed using the app,” “I liked the app,” and “I
would recommend the app to others.”
More than half of respondents strongly agreed that apps
influenced frequency (58.5%, 121/207) and consistency (58.9%,
122/207) of physical activity (Table 4). Whereas 46.4% (96/207)
of respondents strongly agreed that the apps helped their actual

goal setting to be physically active, 42.0% (87/207) strongly
agreed that their intensity of physical activity increased as a
result of using the apps.

Regression Analysis
App engagement (P<.001), frequency of app use (P=.03) and
app price (P=.01) were all positively associated with health
behavior theory (Table 5). Health behavior theory and app
engagement were positively associated (P<.001) with physical
activity (Table 6).

Table 4. Responses to physical activity behavior items (N=207). A composite behavior change variable was computed by summing these variables,
Cronbach alpha=.854.
Itema

n (%)
Strongly
disagree

Somewhat
disagree

Neither
agree nor
disagree

Somewhat
agree

Strongly
agree

My actual goal setting to be physically active

1 (0.5)

2 (1.0)

6 (2.9)

102 (49.3)

96 (46.4)

My frequency of physical activity

1 (0.5)

0 (0)

9 (4.4)

76 (36.7)

121 (58.5)

My intensity of physical activity

0 (0)

14 (6.8)

24 (11.6)

82 (39.6)

87 (42.0)

My consistency in being physically active

0 (0)

3 (1.5)

7 (3.4)

75 (36.2)

122 (58.9)

a

All theory questions in the survey were preceded by this statement: “Now think about the physical activity/exercise apps that you have used in the past
6 months. Using the apps has increased”:
Table 5. Regression analysis and behavior change theory (N=207).
Variable

Coefficient (Standard error)

t

P

App engagement

.23 (0.04)

6.22

<.001

Frequency of app use

.39 (0.17)

2.27

.03

Price

.46 (0.18)

2.54

.01

Age

.05 (0.11)

0.46

.65

Gender

.22 (0.16)

1.31

.19

Education

.01 (0.06)

0.11

.91
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Table 6. Regression analysis and physical activity (N=207).
Variable

Coefficient (Standard error)

t

P

Theory

.21 (0.028)

7.52

<.001

App engagement

.40 (0.074)

5.45

<.001

Frequency of app use

−.01 (0.067)

−0.02

.99

Price

−.01 (0.07)

−0.17

.86

Age

.01 (0.04)

0.27

.79

Gender

−.06 (0.06)

−0.98

.33

Education

.019 (0.023)

0.83

.41

Discussion
Principal Findings
The purpose of this study was to identify mechanisms of
behavior change that are impacted by using a physical activity
app. Second, we sought to explore the relationship between
mechanisms of behavior change and self-reported actual changes
in physical activity behaviors. The majority of respondents
reported that apps had a favorable impact on their perceptions,
attitudes, and beliefs. Physical activity apps certainly resulted
in a marked increase in their desire to be healthy and motivation
to be physically active. A recent review of app-based
interventions reported that the method for increasing motivation
to be physically active may include providing prompt and timely
feedback to the user [37]. The positive impact on beliefs,
attitudes, and perceptions may be useful for prioritizing features
in future app-based interventions. These theory-based
mechanisms have been shown in nontechnology settings to
predict changes in behavior [38], which is corroborated by their
impact in this study as well. By contrast, only a few respondents
reported an increase in their knowledge of diseases related to
physical inactivity as a result of app use. This could be the result
of a lack of information available through the apps. This seems
somewhat unlikely, provided that the previous research into
health and fitness apps has shown that the provision of
information is a dominant feature [13,15]. Alternative
explanations may include that the respondents already had
knowledge regarding the prevalence and effects of these diseases
and that using the apps did little to improve upon their
preexisting knowledge, or that the respondents were already
motivated to be physically active and therefore had little interest
in attending to any knowledge-related content. More
importantly, it is not clear whether the lack of effect observed
in this study is because of the apps truly being ineffective at
impacting this aspect of behavior change theory, or whether the
apps simply did not address it. A future study could be designed
to study this aspect.
An association between the frequency of use and reported impact
on the theory-based mechanisms of behavior change was
observed. The exact reason for this relationship is not known.
Some possible explanations may include the user-friendly nature
of the apps that impacted theoretical constructs, increased user
motivation, or higher user satisfaction. In a recent study of
physical activity app users, respondents valued receiving push
prompts and feedback [39], which may be indicators of
http://mhealth.jmir.org/2017/8/e114/
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engagement. Self-reported measures of app engagement and
likeability were generally positive in this study, a finding that
has also been reported broadly regarding health apps [37]. The
relationship between mechanisms of change and self-reported
app engagement is a novel finding. It is plausible that engaging
apps influenced respondents’ perceptions of the overall impact
of an app. It may also be the case that engaging with the apps
allows for sufficient opportunities for impact. Whatever the
reason, it may be of interest to practitioners and developers
wishing to use apps to note the importance of engagement.
Additionally, strategies to increase the frequency of use of the
app should also be considered. Frequency of use continues to
be a topic of interest for researchers in this space [40], but it
stands to reason that an effective app will be more impactful if
it is used more frequently.
Higher priced apps in this study were more likely to have a
positive influence on the mechanisms of change, including
constructs such as respondents’ attitudes, beliefs, and
perceptions. A similar finding has also been reported in other
studies of health and fitness apps, where apps with a higher cost
were evaluated to have greater potential for influencing behavior
change [15,41]. There could be several explanations for this
correlation. It is possible that paid-for apps provide additional
features or have higher quality programming and functionality
allowing for greater behavior change theory integration.
Additionally, respondents paying for apps may be more
dedicated to using the apps because of their financial investment.
Respondents who already regularly engage in physical activity
may also consider a paid-for app a wise investment, as they will
use it often. Similarly, the willingness of respondents to pay for
physical activity apps may be representative of a stronger
commitment or dedication to engage in physical activity. This
finding may have implications for health professionals in that
it might be advantageous for practitioners to recommend paid
apps, as opposed to those that can be downloaded for free.
This study makes two unique contributions to extant literature.
First is the identification of the theory-based mechanisms that
are most impacted by using a physical activity app. Second is
the connection between the theory-based mechanisms of change
and physical activity behavior. The significant findings of the
latter provide at least some validation of the major findings of
this study. If there had been no association between the
mechanisms of change and physical activity behavior, the study
findings would be of little practical significance. In light of this
finding, future efforts could focus on development-related
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questions to determine the most effective way to integrate and
impact these theory-based mechanisms of change.

Limitations
The limitations of this study should be considered when
interpreting the findings. First, respondents in this study had
limited diversity regarding race, ethnicity, education, and
income. Respondents in this study were primarily white,
educated, and had higher income status. This limitation is likely
a reflection of the demographic using mTurk’s Web-based
surveying system, which also tends to mirror these demographic
characteristics [42]. Furthermore, a national survey of health
app users revealed that most are young, educated, and have a
higher income status [43]. Perhaps a future study could include
a more diverse sample. Second, this study would be strengthened
by collecting additional respondent data and information. For
example, collecting information regarding respondents’ body
mass index, health status, or motivations for using a physical
activity app may have been useful to explore the extent to which
such characteristics determine apps’ impact. Furthermore,
additional validation of the survey is required before using it in
new studies. Lastly, respondents’ use of apps and the attending
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impact was not measured longitudinally. Future studies may
benefit from qualitative and quantitative designs that explore
these relationships in a longitudinal fashion. Despite these
limitations, this study represents an initial effort to understand
the mechanisms by which physical activity may be impacted
and strategies for both future app development and research
design.

Conclusions
The purpose of this study was to investigate the mechanisms
by which changes in physical activity might occur when using
a physical activity app. Findings indicate that increased
engagement and use may be related to mechanisms of behavior
change informed by behavior change theory. Furthermore, these
mechanisms of change appear to be related to physical activity.
Those wishing to develop physical activity apps may consider
ways to integrate these mechanisms of change. Additionally,
practitioners in search of apps for recommendation to improve
physical activity behaviors should consider apps with an
emphasis on these theory-informed mechanisms with more
confidence, as they may be more likely to result in behavior
change.
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Abstract
Background: Despite experiencing a high prevalence and co-occurrence of mental health disorders and health-compromising
behaviors, young people tend not to seek professional help for these concerns. However, they do regularly attend primary care,
making primary care providers ideally situated to identify and discuss mental health and lifestyle issues as part of young people’s
routine health care.
Objective: The aim was to investigate whether using a codesigned health and lifestyle-screening app, Check Up GP, in general
practice influenced young people’s assessment of the quality of their care (measures of patient-centered care and youth friendliness),
and their disclosure of sensitive issues. In addition, this study aimed to explore young people’s acceptance and experience of
using a screening app during regular health care.
Methods: This was a mixed methods implementation study of Check Up GP with young people aged 14 to 25 years attending
a general practice clinic in urban Melbourne, Australia. A 1-month treatment-as-usual group was compared to a 2-month intervention
group in which young people and their general practitioners (GPs) used Check Up GP. Young people in both groups completed
an exit survey immediately after their consultation about disclosure, patient-centered and youth-friendly care, and judgment. In
addition, participants in the intervention group were surveyed about app acceptability and usability and their willingness to use
it again. Semistructured interviews with participants in the intervention group expanded on themes covered in the survey.
Results: The exit survey was completed by 30 young people in the treatment-as-usual group and 85 young people in the
intervention group. Young people using Check Up GP reported greater disclosure of health issues (P<.001), and rated their GP
higher in patient-centered care: communication and partnership (P=.01), personal relationship (P=.01), health promotion (P=.03),
and interest in effect on life (P<.001). No differences were found on core indicators of youth-friendly care: trust, level of comfort,
expectations met, and time to ask questions. In all, 86% (73/85) of young people felt the app was a “good idea” and only 1%
(1/85) thought it a “bad idea.” Thematic analysis of qualitative interviews with 14 participants found that Check Up GP created
scope to address unmet health needs and increased sense of preparedness, with use moderated by honesty, motivation, app content
and functionality, and app administration.
Conclusions: Integrating a health and lifestyle-screening app into face-to-face care can enrich young people’s experience of
seeing their GP, create scope to identify and address unmet health needs, and increase patient-centered care. Further research is
needed to investigate the effect of using a health and lifestyle-screening app in a diverse range of clinic types and settings, and
with a diverse range of GPs and youth.
(JMIR Mhealth Uhealth 2017;5(8):e118) doi:10.2196/mhealth.7816

http://mhealth.jmir.org/2017/8/e118/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e118 | p.96
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Webb et al

KEYWORDS
adolescent; needs assessment; general practice; primary prevention; health behavior; health information technology; patient-centered
care

Introduction
Adolescence and young adulthood are periods of major
transition in physical, cognitive, social, and emotional
development along the journey from childhood to adulthood
[1]. These are also periods when mental health disorders and
health-compromising behaviors emerge [1]. Worldwide,
substance use, poor diet, lack of exercise, and mental health
disorders are the leading risk factors for years lost due to ill
health, disability, or early death for young people [2]. These
disorders and behaviors tend to co-occur [3,4] and persist into
adulthood [5-7].
Despite experiencing a high prevalence and co-occurrence of
mental health disorders and lifestyle issues, young people do
not usually seek professional help for these concerns [8]. Yet,
they do regularly attend primary care, usually to address
physiological concerns [9,10], making primary care providers
(PCPs) ideally situated to opportunistically discuss mental health
and lifestyle issues, and to provide health promotion and early
intervention as needed. Both young people and PCPs report
wanting to have these discussions [11,12], yet seldom do so
[10,12,13], even during well-child visits in the United States,
which are appointments dedicated to screening for health and
lifestyle issues and providing preventive health care [14].
Patient-centered care is a theoretical concept proposing that for
therapeutic benefits patients need to be actively engaged in their
care, with a focus on communication, partnership, and health
promotion in the doctor-patient consultation [15].
Patient-centered care has been associated with improved
symptom burden, satisfaction, and enablement [16]. Although
there is limited research in youth populations, evidence suggests
that young people prefer a patient-centered approach, and taking
an active partnership role in decision making over a more
passive role [17]. Despite this, many young people do not
receive patient-centered care, even though it is associated with
higher ratings of quality care [18].
Similar to patient-centered care, youth-friendly care is an
evidence-based theoretical framework for delivering quality
health care. However, youth-friendly care looks specifically at
the indicators of quality service delivery for adolescents and
young adults. Ambresin et al [19] have developed a theoretical
framework for youth-friendly care at both the clinic and
individual level: accessibility of health care, staff attitude
(trustworthy, supportive, respectful), communication, medical
competency,
evidence-based
guideline-driven
care
(confidentiality, comprehensive care), age-appropriate
environment (privacy, teen-orientated health information),
involvement in health care, and health outcomes. Thus, the
patient-centered and youth-friendly care theoretical frameworks
can provide the foundations for designing and evaluating
technological interventions designed to improve young people’s
engagement with health care.
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Regular screening of young people for a range of health and
lifestyle issues is recommended by peak professional bodies
[20,21] and, along with subsequent intervention, may improve
health outcomes [22]. It is known that screening via technology
increases disclosure when compared with paper [23,24] and
face-to-face [25,26] formats. Furthermore, young people prefer
initially disclosing health information via technology rather
than face-to-face, even when they know the results will be
reviewed by their practitioner [27,28]. Previous studies have
validated technology-based health and lifestyle-screening tools
for young people [29,30].
Evidence in non-youth populations suggests that
technology-based screening improves patient-centered care
[31,32]; however, evidence is limited for the impact on young
people’s patient-centered and youth-friendly care. One study
by Gadomski et al [33] undertook an analysis of audiotaped
consultations and found that technology-based screening tool
use increased doctor engagement and discussion of psychosocial
and mental issues, without affecting partnership or rapport.
However, this study did not interview young people about their
experience of care. Another study by Olson et al [34] found that
young people using a technology-based screening tool were
more likely to feel that they were listened to carefully, that the
discussion was confidential, and to feel more satisfied. Other
core elements of youth-friendly care, such as trust and respect,
and key elements of patient-centered care, such as health
prevention and promotion and shared power, remain unexplored.
Both the studies of Gadomski et al and Olson et al were limited
to young people aged 19 years or younger and attending
well-child visits [33,34]. More evidence is needed about the
use of technology-based screening during other occasions of
care because less than 50% of young people attend well-child
consultations [35,36]; therefore, most are not receiving
preventive care. Further, young adults aged 18 to 25 years have
a higher prevalence of significant health risks, such as sexually
transmitted infections, substance use, and mental health
problems [37], and have more unmet health needs [38] compared
to younger adolescents. Hence, testing of the utility of
technology-based screening is also required in this group.
Guidelines recommend annual preventive screening [20,21];
however, there is a paucity of research on whether young people
are willing to use technology-based screening tools on a regular
basis and, if so, how often. Although one study in a
hospital-based adolescent and young adult clinic found that
84% of young people would be willing to complete a screening
tool once a year, participants responded before their consultation
[39]. It is possible their responses might be different after the
experience of using the tool with their practitioner and at a
practice not servicing only youth.
The aim of this study was to investigate how using a codesigned
health and lifestyle-screening app, Check Up GP , based on the
theoretical principles of patient-centered and youth-friendly
care, in an Australian general practice influenced young people’s
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e118 | p.97
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assessment of care and their engagement through disclosure of
sensitive issues. We were also interested in understanding young
people’s acceptance and experience of using a screening app
as part of their regular health care.
This study addresses several aspects of the evidence gap by first
conducting an in-depth mixed methods analysis of young
people’s experience of using a technology-based screening tool
incorporated opportunistically into routine health care visits
rather than well visits, and second, by including young people
aged 14 to 25 years in the study. Furthermore, Australian general
practice, although being the most commonly accessed form of
primary health care by Australian youth, caters for the
population across the life span rather than being a youth-specific
service, hence this study also provides evidence relevant to
generalist health care settings.

Methods
Study Design and Setting
We conducted a mixed methods implementation study in 2016,
comparing a 1-month treatment-as-usual (TAU) phase with a
2-month intervention phase. In the intervention phase, Check
Up GP was integrated into the routine care of young people
attending a general practice. The length of the study was decided
by mutual agreement between the clinic and researchers prior
to the commencement. Ethics approval was obtained from the
University of Melbourne (Ethics ID #1544281).
One general practice clinic was recruited through the Victorian
Primary Care Practice-Based Research Network, managed by
the Department of General Practice at the University of
Melbourne. The clinic is a large general practitioner (GP)-owned
and operated practice located in an area of relative
socioeconomic advantage in urban Melbourne, Australia, staffed
by 12 GPs, a practice manager, a reception coordinator, and
eight receptionists. Open 365 days a year, the practice is funded
by a patient copayment on top of the national health care basic
amount.

Participants
The four GP principal owners of the practice participated in the
study, along with their patients aged 14 to 25 years attending
for routine primary care during the study period. Patients were
excluded from the study if their GP assessed that their patient
was very unwell (eg, vomiting, weak, psychotic), unable to
read/speak English, or if they were younger than 18 years of
age and not a mature minor [40]. The practice support staff,
being the practice manager, reception coordinator, and all eight
receptionists, also participated. The practice support staff were
responsible for administering Check Up GP to young people.

Check Up GP App and Codesign Process
Based on the design needs identified in codesign workshops
held with young people, GPs, practice support staff, and parents
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(reported previously [41]), we contracted a commercial software
developer to build the health and lifestyle-screening tool, Check
Up GP . To continue the codesign process, we recruited two
reference groups representing the main end users of the tool;
one of young people aged 14 to 25 years and another of GPs.
These reference groups provided feedback and guidance on the
design, content, and implementation of Check Up GP to ensure
the final product reflected the requirements identified in the
original codesign workshops. This process was also directly
guided by the two theoretical frameworks, with each component
of patient-centered care and youth-friendly care (described
previously) being incorporated into Check Up GP. The resulting
key technology and design features of Check Up GP are mapped
onto each component of patient-centered care and youth-friendly
care theoretical frameworks in Table 1.
Check Up GP consisted of two components: the questionnaire
that patients answered and the summary report for GPs. The
questionnaire was adapted from the HEEADSSS (Home
environment, Education and employment, Eating, peer-related
Activities, Drugs, Sexuality, Suicide and depression, Safety
from injury and violence) preventive health framework for
interviewing adolescents [42,43] recommended by the Royal
Australian College of General Practitioners [21]. The framework
covers the range of health, social, psychological, and
physiological issues and behaviors contributing to the major
burdens of disease for young people and suggests that they be
raised and explored with young patients. We included validated
screening tools in many of the HEEADSSS domains: eating
disorders (SCOFF Questionnaire) [44], anxiety (Generalized
Anxiety Disorder-2 [GAD-2]) [45], depression (Patient Health
Questionnaire-2 [PHQ-2]) [46], and drugs and alcohol (CRAFFT
screening test) [47]. At the beginning of the app, we included
information about the research study and the purpose of the app,
supplemented by a short video. Youth responses to the questions
in the app in the format of a clinician summary report were
immediately available to the GP via a secure website. The
summary highlighted areas of concern, and strengths, along
with tips on youth-friendly consultations and suggested actions
to take on areas of concern including referral options,
information, and resources. Screenshots of the youth and GP
interfaces are included in Multimedia Appendix 1.

Study Procedure and Measures
The study had three main phases: a TAU phase that consisted
of a GP profile survey conducted at the start of data collection
on GPs self-perceived ratings of consulting and communicating
with youth, and youth “exit surveys” conducted at the practice
of young people postconsultation with their GP; an intervention
phase, that involved exit surveys of young people
postconsultation after Check Up GP had been implemented;
and a postintervention phase employing semistructured
interviews with young people. The measures and procedure for
each phase are described subsequently and summarized in Table
2.
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Table 1. Key technology and design features of Check Up GP according to codesign workshop requirements and theoretical framework components.
Young people’s identified
requirements

Theoretical framework (component)a

GPs’ identified requirementsa

Theoretical framework (component)a

Link to Check Up GP sent
via SMS at time of making
the appointment

YFC (age-appropriate, accessibility)

Secure server

YFC (guideline-driven: confidentiality)

Secure log in

YFC (guideline-driven: confidentiality, Areas of concern/strengths displayed YFC (guideline-driven care), PCC
accessibility)
via traffic-light system from low risk (partnership, communication)
(green) through to moderate (yellow)
and high risk (red)

Choice of whether to com- YFC (age-appropriate; accessibility)
plete on own device prior to
attending appointment or on
tablet in clinic waiting room
immediately prior to appointment

High level summary, with ability to
expand for more detail

Youth-friendly language,
design

Tips on youth-friendly practice includ- YFC (guideline-driven care, involveing communication skills, negotiating ment in health care, communication,
a management plan
staff attitude), PCC (partnership, communication)

YFC (age-appropriate, communication), PCC (communication)

Ability to skip questions and YFC (involvement in health care), PCC Suggested evidence-based/recomflag issues for discussion
(partnership)
mended for actions and health promotion, referrals to appropriate services
and self-help apps
Ability to save as PDF for export to
electronic health record
a

PCC (partnership, communication)

YFC (medical competency, guidelinedriven, health outcomes), PCC (health
promotion, partnership, communication)
YFC (medical competency, guidelinedriven)

PCC: patient-centered care theoretical framework; PDF: portable document format; YFC: youth-friendly care theoretical framework.

Phase 1: Treatment As Usual
The GPs completed a brief paper-based profile survey of
demographic information and self-rated their enthusiasm,
knowledge, and confidence in consulting and communicating
with youth. We then collected exit interviews from young people
attending the clinic. During this phase, researchers approached
young patients in the waiting room when they arrived and, if
they were seeing a participating GP and aged 14 to 25 years,
the researcher provided them with information about the study
and invited them to participate. If they agreed to participate, the
young patient was asked to take a form into their consultation
for their GP to assess their eligibility to participate in the study.
The patient handed the form back to the researcher on returning
to the waiting room. After their consultation, each participant
completed the short exit survey on a tablet in the waiting room,
with consent provided at the start of the survey. As described
in Table 2, this survey asked young people to self-rate levels
of disclosure and to rate patient-centered and youth-friendly
care and perceived judgment from their GP.
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Phase 2: Intervention
Following the TAU phase, clinic staff were introduced to the
Check Up GP app. The GPs and practice support staff were
trained in administrating and using Check Up GP. This included
showing a short video, which demonstrated how to administer
and integrate the tool into the consultation with young people.
We then met individually with each GP to ensure that they could
easily access the online clinician summary on their computer
and felt comfortable using it. At this time, two training points
were stressed: (1) the importance of acknowledging all issues
raised and, if time was not available to address them, to then
organize a follow-up consultation and (2) to ask for time alone
when discussing personal or sensitive issues if a parent was
attending with the young person. These practice points were
also available to GPs in the clinician interface of the app. We
worked closely with GPs and practice support staff throughout
the intervention phase to refine the app and its administration
in rapid cycles of continuous quality improvement [51].
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Table 2. Measures used in the treatment-as-usual (TAU), intervention, and postintervention phase.
Name of measure

Type, source, and content of measure

Method and phase of
administration

GP profile survey

Demographic information survey; age, gender, previous training in youth health

Paper questionnaire,
TAU

Knowledge and confidence

Self-rated Likert scales (from 1=not at all to 7=extremely) from Sanci et al [48]; how knowl- Paper questionnaire,
edgeable and confident in consulting with young people aged 14-17, consulting with young
TAU
people aged 18-25, consulting with male young people, consulting with female young people,
communicating with young people, and exploring issues beyond the presenting problem

Enthusiasm

Self-rated Likert scale (from 1=very unenthusiastic to 11=very enthusiastic) from Sanci et al
[48]; enthusiasm for seeing young people

GP measures

Paper questionnaire,
TAU

Young people’s measures (completed post consultation)

a

Disclosure

Self-rated Likert scales (from 1=no disclosure to 5=full disclosure, or not applicable) adapteda Tablet questionnaire,
from Bradford and Rickwood [25]; disclosure about home life, school/work, bullying/harassment, TAU and intervention
alcohol and drug use, sexual health and sexuality, safety, mood, addiction, stressful events, diet,
exercise, sleep patterns, and risky behavior

Patient-centered care

Self-rated Likert scales (from 1=very strongly agree to 7=very strongly disagree), validated
Tablet questionnaire,
tool by Little et al [16]; a 21-item validated tool consisting of 5 components of patient-centered TAU and intervention
care: communication and partnership, personal relationship, health promotion, positive approach
to diagnosis and prognosis, and interest in the effect on life

Youth-friendly care

Self-rated Likert scales, selected items from toolb by Haller et al [49]; trust in the GP (from
1=poor to 5=excellent), whether expectations were met (from 1=strongly disagree to
4=strongly agree), whether there was enough time to ask questions (from 1=strongly disagree
to 4=strongly agree), and level of comfort with GP (from 1=not at all to 5=very comfortable)

Fear of judgment

Tablet questionnaire,
Self-rated Likert scales (from 1=not at all concerned to 5=very concerned) adaptedc from
TAU and intervention
Bradford and Rickwood [25]; how worried young people were that the GP would think they
were a bad person if they talked about everything they had been thinking, feeling, and doing;
the GP would think there was something really wrong with them; they would learn things about
themselves they didn’t want to know; they would lose control of their emotions; and that the
GP would judge them

App acceptability

Self-rated Likert scales (from 1=not at all to 5=very much) from Bradford and Rickwood [25]; Tablet questionnaire,
confidence of Check Up GP providing an accurate picture, comfort in disclosing personal infor- intervention
mation through Check Up GP, whether questions were difficult to understand, whether questions
caused upset, and whether GP addressed issues raised

App usability

Self-rated Likert scales selected items from validated tool by Stoyanov et al [50]; how easy
Check Up GP was to learn (from 1=very hard to 5=able to use immediately) and how good
Check Up GP looked (from 1=no visual appeal to 5=very attractive)

Tablet questionnaire,
intervention

Overall opinion and
Self-rated categorical responses; opinion of using Check Up GP (good idea, bad idea, don’t
willingness to use again know), whether willing to use again (yes, no, and, if so, how often)

Tablet questionnaire,
intervention

Youth interview

Phone interview, audiotaped, postintervention

Semistructured interview; experience of using Check Up GP, how it was administrated and
integrated into routine care, if they would like to use again in the future

Tablet questionnaire,
TAU and intervention

Adaption was replacing “therapist” with “doctor” and “I lied or misrepresented myself” with a “not applicable” option.

b

English version of tool validated in Bosnian language.

c

Adaption was replacing “therapist” with “doctor.”

Receptionists informed young people or parents about Check
Up GP when they called the clinic to make an appointment.
Receptionists then flagged the appointment in the clinical
software so the reception coordinator would send the patient a
short message service (SMS) text message containing the tool
link. Patients could choose to complete Check Up GP before
they arrived at the clinic or in the waiting room just prior to
their appointment. When young patients arrived at the clinic,
receptionists asked those aged 14 to 25 years who were patients
of participating GPs if they had received the SMS text message
http://mhealth.jmir.org/2017/8/e118/
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and completed the app. Patients who had not completed the app
were handed a tablet to complete it in the waiting room before
their consultation. The receptionist made a note in the clinical
software reminding the GP to review the young person’s
responses prior to calling them into the consultation.
During the intervention phase, researchers approached young
people in the waiting room to participate in the study and
complete an exit survey postconsultation, in the same manner
as in the TAU phase. This exit survey had the same questions
as those in the TAU phase, with additional items related to
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e118 | p.100
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
Check Up GP as described in Table 2: acceptability, usability,
overall opinion, and willingness to use again in the future.

Phase 3: Postintervention
At the end of the exit survey, participants were invited to
participate in a follow-up postintervention interview held within
2 weeks of their consultation at a mutually agreed time. The
interview guide was informed in part by the themes emerging
from the codesign workshops [41]. The aim of these interviews
was to explore young people’s experience of using Check Up
GP, including how it affected the consultation and their
relationship with their GP, and whether they would like to use
the app again in the future.

Reimbursement
Each patient who completed an exit survey received an Aus $10
gift voucher. Youth participants who were interviewed received
an additional Aus $30 gift voucher. The clinic received Aus
$2000 for their involvement. In addition, each receptionist
received Aus $100 at the end of the study for the additional
work required of them to administer the app.

Analysis
Quantitative data from youth exit surveys were analyzed using
SPSS version 23. Youth participant characteristics in the TAU
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and intervention groups were compared using chi-square test
for independence. Where assumptions of expected cell frequency
were not met, Fisher exact test was used. Data from all scaled
variables showed major deviation from the normal distribution.
Transformation did not adequately improve normality, so the
nonparametric Mann-Whitney U analysis was used to compare
groups for all variables. The Mann-Whitney U test has the added
advantage of being suitable for uneven sample sizes. In
comparing disclosure ratings between groups, “not applicable”
responses were not included in the analysis. Scores for
patient-centered care items were combined into five core
components of the patient-centered model as described by Little
et al [16]: communication and partnership, personal relationship,
health promotion, positive and clear approach to problem, and
interest in effect on life. Items for disclosure and
patient-centered care were also combined to create a total
disclosure and patient-centered care score. Internal consistencies
of the following were calculated using Cronbach alpha: items
in each of the four patient-centered core factors, total
patient-centered care, and total disclosure. Effect sizes for all
Mann-Whitney U analyses were calculated and reported as r
with magnitudes using Cohen criteria (.1=small, .3=medium,
.5=large) [52].
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Figure 1. Recruitment breakdown of young people approached in the treatment-as-usual and intervention phases of the study.

Interviews were audio-recorded and transcribed verbatim by a
professional transcription service. The first author compared
the transcriptions to the audio recordings to ensure accuracy
before coding all transcripts using NVivo 11 software. The
second and third authors used this coding structure to
independently code two transcripts. All authors then met to
compare codes, revising the coding structure as required. The
first author recoded all transcripts using the updated coding
framework before conducting a thematic analysis [53]. These
themes were discussed with all authors resulting in final themes.

Results
Participant Characteristics: Quantitative Phase
All four GPs were male and reported having had previous
training in adolescent health. As shown in Table 3, each GP
rated their enthusiasm for seeing a young person highly, with
a mean rating of 9.5 (SD 1.3) out of 11. The participating GPs
also highly rated their knowledge and confidence in consulting
and communicating with young people, and exploring issues
beyond the presenting problem.
Figure 1 shows the breakdown of young people who were
approached and participated in the TAU and intervention phases
of the study. In the TAU phase, 45 young patients were
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approached, of whom 30 (67%) agreed to participate. In the
intervention phase, 209 patients were invited to participate, of
whom 85 (40.7%) agreed. Of the 124 patients (59.3%) who

Webb et al
declined to participate, 15 had completed Check Up GP, but
did not have time to complete the exit survey.

Table 3. General practitioner (GP) self-rated enthusiasm, and knowledge and confidence of consulting and communicating with young people.
GP characteristics

GP 1

GP 2

GP 3

GP 4

Mean (SD)

Age group (year range)

45-54

45-54

45-54

55-64

Enthusiasm for seeing young people (max=11)

10

8

9

11

9.5 (1.3)

Knowledgeable

5

5

6

7

5.8 (1.0)

Confident

6

4

5

7

5.5 (1.3)

Knowledgeable

5

5

6

7

5.8 (1.0)

Confident

6

5

6

7

6.0 (.8)

Knowledgeable

5

5

6

7

5.8 (1.0)

Confident

6

5

5

7

5.8 (1.0)

Knowledgeable

5

5

5

7

5.5 (1.0)

Confident

6

4

5

7

5.5 (1.3)

Knowledgeable

5

5

5

7

5.5 (1.0)

Confident

6

4

5

7

5.5 (1.3)

Knowledgeable

6

4

6

7

5.8 (1.3)

Confident

6

3

4

7

5.0 (1.8)

Consulting with young people (age 14-17) (max=7)

Consulting with young people (age 18-25) (max=7)

Consulting with male young people (max=7)

Consulting with female young people (max=7)

Communicating with young people (max=7)

Exploring issues beyond presenting problem (max=7)
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Table 4. Characteristics of youth participants in the treatment-as-usual (TAU) (n=30) and intervention (n=85) phase.
Youth characteristics

TAU (n=30)

Intervention (n=85)

Gender, n (%)
Male

11 (37)

39 (46)

Female

19 (63)

46 (54)

Age (years), mean (SD)

19.13 (2.62)

19.93 (3.32)

Age range (years)

14-23

14-25

14-17

9 (30)

22 (26)

18-25

21 (70)

63 (74)

27 (90)

83 (97)

Group comparisona
χ21

P

0.8

.38

0.2

.66

Sexuality, n (%)
Heterosexual
Bisexual

1 (1)

Questioning

2 (7)

Other

1 (3)

2 (2)

Activities, n (%)
Full-time work

.19
3 (10)

16 (19)

Part-time work

10 (12)

Unemployed

2 (2)

Home duties

1 (1)

Have job, but not there due to illness

1 (1)

Student attending school

9 (30)

22 (26)

Student attending university

18 (60)

33 (33)

First time at clinic, n (%)

.28

Yes

2 (7)

2 (2)

No

28 (93)

83 (98)

First time with doctor, n (%)

.56

Yes

6 (20)

12 (14)

No

24 (80)

73 (86)

Attending with parent, n (%)
Yes, went into consult with young person

.20
12 (40)

Yes, but remained in waiting room
No
a

.20

27 (31)
8 (9)

18 (60)

51 (59)

Those comparisons that were not chi-square values were calculated with Fisher exact test.

Demographic characteristics of youth participants who
completed the quantitative exit survey are presented in Table
4. There were no differences between the characteristics of
patients in the TAU group and those in the intervention group.

one was unemployed. Five of the 14 attended the clinic with a
parent, with two of these five young people reporting their parent
went into the consultation with them.

Participant Characteristics: Qualitative Interviews

Young people’s median ratings of disclosure of health and
lifestyle issues are shown in Table 5, with higher ratings
indicating greater disclosure. Compared to the TAU group,
young people using Check Up GP reported higher ratings of
disclosure on all health and lifestyle issues, except for physical
health. Median ratings of disclosure for four issues
(alcohol/other drugs, sexual health, sexuality, and hurt

Fourteen youth participants from the intervention phase
participated in qualitative interviews. Of those interviewed, nine
were female and five were male; three participants were aged
14 to 17 years and 11 were aged 18 to 25 years (mean 20.9, SD
3.4 years). Eight participants were university or college students,
two were at high school, three in full-time employment, and
http://mhealth.jmir.org/2017/8/e118/
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self/others) improved from the minimum rating (1/5) in TAU
to the maximum rating (5/5) in the intervention group. Medium
effect sizes were found for all domains, except for sexual
activity, sexuality, and diet that each had small effect sizes.
The items for each of the five core components of
patient-centered care had high internal consistency. The
Cronbach alpha coefficients were .99 for communication and
partnership, .97 for personal relationship, .96 for health
promotion, .97 for positive and clear approach to problem, and
.89 for interest in effect on life.
Young people’s median ratings of patient-centered care are
shown in Table 6, with lower ratings indicating greater
patient-centered care. Compared to those in the TAU group,
young people in the intervention group rated patient-centered
care better (lower median ratings) in four of the five core factors

of patient-centered care: communication and partnership,
personal relationship, health promotion, and interest in effect
on life. Effect sizes were small for each, except for “interest in
effect on life,” which had a medium effect size. There was no
difference between TAU and intervention groups for positive
and clear approach to the problem.
There were no overall differences between TAU and
intervention groups for patients’ ratings of youth-friendly care:
how comfortable they felt, the level of trust in the GP, the extent
to which their service met their expectations, and whether they
had enough time to ask the GP everything they wanted to.
Young people in the intervention group had lower ratings for
“I would lose control of my emotions” (z=–2.087, P=.04)
compared to those in the TAU group. The effect size was small
(r=.19). There were no other differences in rating of judgment.

Table 5. Youth disclosure ratings of health and lifestyle issues in the treatment-as-usual (TAU) and intervention phase.
Health domain

a

TAU

Intervention

U

z

P

r

Median (IQR)

n

Median (IQR)

n

Physical health

5.0 (2.0)

30

5.0 (2.0)

80

1042.50

–1.259

.21

.12

Home life

2.0 (1.0)

25

4.0 (3.0)

76

487.50

–3.789

<.001

.38

School/work

2.0 (2.0)

27

4.0 (2.0)

81

523.50

–4.188

<.001

.41

Bullying

1.0 (0)

22

3.5 (4.0)

56

312.50

–3.663

<.001

.41

Alcohol/other drugs

1.0 (0)

24

5.0 (3.0)

68

411.00

–3.839

<.001

.40

Sexual health

1.0 (2.0)

25

5.0 (4.0)

69

627.00

–2.168

.03

.22

Sexuality

1.0 (1.0)

24

5.0 (4.0)

66

548.00

–2.463

.01

.23

Hurt self/others

1.0 (0)

21

5.0 (4.0)

63

337.00

–3.717

<.001

.41

Mood

2.0 (1.0)

27

4.0 (2.0)

78

517.50

–4.142

<.001

.40

Addiction

1.0 (0)

19

4.5 (4.0)

58

256.50

–3.756

<.001

.43

Stressful events

2.0 (2.0)

28

4.0 (3.0)

80

611.50

–3.732

<.001

.36

Diet

3.0 (2.0)

27

4.0 (4.0)

75

706.50

–2.417

.02

.24

Exercise

2.5 (3.0)

26

5.0 (4.0)

75

607.50

–3.044

.002

.30

Sleep

3.0 (2.0)

27

4.0 (2.0)

81

681.50

–3.069

.002

.31

Risky behavior

1.0 (0)

23

2.5 (4.0)

66

475.00

–2.923

.003

.31

Safety

1.0 (0)

22

3.0 (4.0)

65

422.00

–3.129

.002

.34

Totala

27.5 (11.0)

30

44.5 (45.0)

84

648.50

–3.938

<.001

.37

Cronbach alpha=.968.

Table 6. Reported ratings of patient-centered care by patients in treatment-as-usual (TAU) (n=30) and intervention groups (n=85).

a

Patient-centered care components

TAU, median (IQR)

Intervention, median (IQR)

U

z

P

r

Communication and partnership

26.5 (44.5)

12.0 (14.0)

849.00

–2.794

.01

.26

Personal relationship

9.5 (9.5)

4.0 (7.5)

880.50

–2.605

.01

.24

Health promotion

7.5 (5.8)

4.0 (6.0)

944.50

–2.175

.03

.20

Positive and clear approach to problem

10.5 (12.3)

5.0 (9.0)

991.00

–1.851

.06

.23

Interest in effect on life

7.0 (5.3)

3.0 (4.5)

734.50

–3.550

<.001

.33

Totala

54.5 (69.0)

29.0 (35)

801.50

–3.030

.002

.28

Cronbach alpha=.991.
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Table 7. Youth experience and acceptability of using Check Up GP.
Youth experience and acceptability

Not at all,

Only a little bit, Somewhat, Quite a bit, Very much,

n (%)

n (%)

n (%)

n (%)

n (%)

2 (2)

4 (5)

31 (37)

37 (44)

11 (13)

How comfortable were you disclosing personal information through Check 0
Up GP?

10 (12)

23 (27)

24 (28)

28 (33)

Were the questions in Check Up GP difficult to understand?

55 (65)

15 (18)

11 (13)

4 (5)

0

Did any of the questions in Check Up GP cause you to become upset?

66 (78)

10 (12)

6 (7)

1 (1)

2 (2)

To what extent did you feel your GP address the issues raised in CUGP?

3 (4)

7 (8)

17 (28)

32 (38)

26 (31)

How confident are you that Check Up GP was able to provide an accurate
picture of yourself to your GP?

Check Up GP was highly acceptable to patients. In all, 86%
(73/85) thought the app was a “good idea,” 13% (11/85) felt
unsure (“don’t know”), and only 1% (1/85) thought it was a
“bad idea.” Most young people (63/85, 74%) wanted to use
Check Up GP again, and only 6% (5/85) did not. Of those who
wanted to use Check Up GP again, and responded to the
question, more than half (36/62, 58%) wanted to use it twice a
year or more, 15% (9/62) wanted to use it once a year, and a
further 23% (14/62) wanted to use the app every time they saw
their GP.
Table 7 shows the experience and acceptance by patients using
Check Up GP. The majority of patients (48/85, 56%) were “very
much” or “quite a bit” confident that the app provided an
accurate picture of them to their GP. The majority of patients
(52/85, 61%) were also either “very much” or “quite a bit”
comfortable about disclosing personal information about
themselves through Check Up GP. Most patients (58/85, 68%)
reported that their GP addressed issues raised by Check Up GP
“quite a bit” or “very much.” Almost all (76/85, 89%) reported
that the questions caused them to become upset either “not at
all” or “only a little bit.” In all, 82% of patients (70/85) rated
the questions as being difficult to understand either “not at all”
or “only a little bit.”
The usability and design of Check Up GP was also highly rated
by patients. In all, 95% (81/85) rated Check Up GP as either
being “able to use immediately” or “easy to learn”’ and 75%
(64/85) rated Check Up GP as having either a “high level of
visual appeal” or being “very attractive, memorable.”

Qualitative Findings
Our analysis of interviews with participants found four main
themes: identifying unmet needs, creating scope, moderating
factors for use, and future use.

Identifying Unmet Health Needs
Many participants reported that using Check Up GP helped
them to identify and disclose issues that they had not previously
discussed, or thought would be relevant to discuss, with their
GP:
It definitely brought things up that wouldn’t normally
have been discussed in a consult...I feel like even the
fact that those questions are being asked about your
sleeping habits, your alcohol consumption, your drug
use; the fact that they’re being asked in a health
context at all could be beneficial. [Male, 24]
http://mhealth.jmir.org/2017/8/e118/
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In particular, participants reported that using Check Up GP
made it easier to disclose sensitive issues, even though they
knew the responses would be available to their GP. These young
people “wouldn’t really like to tell the doctor in person...I’ve
just always felt more comfortable with [technology]” (female,
19 years). There was a recognition that once the difficulty of
disclosure could be overcome, problems could then be
addressed:
I’ve wanted to bring up [mental health issues] with
my doctor before and haven’t because I hadn’t really
had the platform and felt a bit nervous about it. [Male,
23]
In addition to facilitating disclosure, it was felt that using Check
Up GP enabled participants to go into the consultation feeling
more prepared and in control, and knowing what topics were
going to be discussed. Check Up GP allowed them to “indicate
to your doctor that this is what I’m going to talk to you about
and this is where I’m heading” (female, 18 years). Thus, a shared
understanding of what would be focused on in the consultation
was achieved through the app in a timely manner:
You and the GP are obviously on a similar
understanding, and then you can get right into
whatever your concerns are. [Female, 17]

Creating Scope for Addressing Unmet Health Needs
As well as facilitating the disclosure of unmet health needs,
using Check Up GP created scope for addressing these needs
within the consultation:
[The GP] took my responses...and gave a good reason
to keep that [behavior] in check. Which I thought was
good. It wasn’t just tick, tick, tick, it’s like he used it
to explore further about my lifestyle choices and he
did ask probing questions. [Male, 24]
Although participants were generally very satisfied with how
their GP addressed their concerns, a few felt they did not have
sufficient time because their GP was either running well behind
schedule or their responses were only addressed at the very end
of their consultation. However, these participants also reported
that their GP invited issues to be discussed at a future time:
We didn’t really address any of the problems in detail
because it was towards the end of the consultation
and he was going over time. But he said at the end,
“If you do ever want to talk about any of these, you’re
more than welcome to.” [Female, 23]
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A positive consequence of discussing unmet needs was that
many participants felt that their GP had improved their
understanding of the young person’s life.
When you go in sometimes you just focus on one
question. So I think it was good to have a bit more of
a general understanding. [Female, 24]
Indeed, the process of unpacking responses led to some
participants feeling a greater sense of connection and rapport
with the GP. These young people felt that their GP showed a
genuine interest and “actually care about what’s happening”
(female, 24 years) in their lives:
They’re not just saying “how’s it going,” they’re
sitting there and asking you about things that might
be concerning you. [Male, 23]
In addition to addressing unmet needs, the two participants who
went into the consultation with a parent reported that the GP
asked for time alone. One participant reported that this was the
first time that time without parents had been requested: “I’ve
never had that before, so that was good” (female, 15 years).
Only one participant reported having a negative experience of
using Check Up GP. This young person felt their GP did not
adequately attempt to explore the issues raised due to a lack of
time:
He just said “I don’t think I need to lecture you on
drugs and alcohol”...I just thought well what’s the
point of me putting it in there if I’m going to get a bit
of a judgy comment about it rather than in an
endeavor to understand a bit more to see if it’s worth
talking about...if he’d had more time then he would
have gone into that a bit more. [Male, 23]

Moderating Factors of Use
We discovered three factors that moderated use of the tool:
young people’s motivation and honesty, the content and
functionality of the tool, and administration.
All participants recognized the potential value of the tool, even
those who had no current issues or had a good relationship with
their doctor:
Perhaps it doesn’t necessarily apply to me, but I can
see it working really well for other people, or at least
it didn’t apply to me that time. Who knows in the
future? [Male, 19]
Four of the five males interviewed, along with one of the nine
females, volunteered that Check Up GP gave them something
useful to do in the waiting room:
I get bored very easily, especially in the waiting room,
and if I have something to do that is actually relevant,
it definitely will be a big help. [Male, 16]
Almost all participants reported they answered questions
honestly because they understood that disclosing was the aim
of the app: “I wouldn’t lie because I think I’m only hurting
myself if I’m lying to the GP because then he’s not going to be
able to help me” (male, 24 years).
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In contrast, five young people explained that there may be
occasions when they would lie or fail to disclose the full extent
of a behavior: if they were uncomfortable discussing an issue
(such as sexting) or if they believed it did not affect their health:
Anything that I felt comfortable telling him, I
definitely told the truth about. But there were maybe
one or two things that I probably didn’t want to
discuss with him that I just chose not to. [Female, 23]
Another moderating factor to using Check Up GP was its content
and functionality. Although participants felt there was a “good
range of questions to get a general idea on someone” (female,
18 years), the language of the questions could be also perceived
as “very direct and people might not want to answer that
truthfully” (female, 24 years). Also, for a few participants, the
length was “a little bit long because if the doctor was running
on time, you probably wouldn’t have enough time to finish it”
(female, 25 years).
We found that the context of using Check Up GP could be an
important factor influencing young people’s engagement with
the app. Although all young people felt they had sufficient
privacy when completing it in the waiting room, a few
participants also expressed the concern that their responses
would be influenced if a parent or family member was sitting
next to them:
If I’d been sitting next to a parent or family member,
and they’d been looking over my shoulder—people
curious [about] what it is—I think that would
influence a lot of people’s answers, my own included.
[Male, 19]
Many participants felt they had received insufficient explanation
about Check Up GP by receptionists. Instead, most relied on
the information provided at the start of the tool or by the
researcher to understand the app’s purpose and how the
information would be used by GPs:
Reception didn’t really say much about it, which was
a bit weird. But on the tool the front page gave it a
pretty decent, pretty lengthy explanation (male, 19
years).

Future Use
All participants reported that they wanted to use Check Up GP
regularly, when they see their GP one or two times per year.
They felt that this would enable new issues that emerge to be
identified and discussed:
[Twice a year] seems like the right space of time
where things can change, life events happen, you
know, relationships, or family members going through
difficulties, yourself going through difficulties,
employment changing. [Male, 19]
Participants felt regular use of Check Up GP would also ensure
that issues that had emerged previously could be revisited to
“see how I’m tracking” (female, 23 years).
Finally, participants suggested a number of ways that the Check
Up GP app could be developed. One suggestion was adding the
ability to view previous answers. Another was the ability to
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receive automated, personalized health information, such as on
healthy diet or exercise.

Discussion
Principal Results
This mixed methods study aimed to investigate whether the
implementation of a health and lifestyle-screening app, Check
Up GP, codesigned by young people and GP staff and grounded
in the theories of patient-centered and youth-friendly care,
improved disclosure of health risks and care experiences of
young patients attending general practice. We were also
interested in understanding young people’s acceptance of and
experience with using a screening app as part of their routine
health care with their GP.
Overall, we found using Check Up GP improved disclosure
across all health and lifestyle domains, including sexual health,
alcohol and other drugs, and risky behavior, except for physical
health where disclosure was already high. This supports previous
research showing that the use of technology improves young
people’s disclosure of sensitive health issues [24,25]. Our
qualitative interviews suggested that using Check Up GP not
only led to identification of unmet needs, but created scope for
discussing and addressing these needs in a way that does not
usually occur for young people during routine care. It is
encouraging that the majority of young people (75/85, 88%)
felt the issues raised were at least somewhat addressed,
particularly given previous research has found that GPs ignored
certain domains identified as issues by young people [54]. It is
possible that the functionality of Check Up GP for the GPs (eg,
traffic-light summary report with suggested actions and referral
options), in addition to the emphasis in GPs’ training on the
need to follow up on all raised issues, facilitated GPs in our
study to more consistently address raised issues. It is also
possible that the GPs in this study felt particularly engaged and
skilled to address issues, and willing to spend extra time doing
this.
Young people who used Check Up GP felt more prepared to
discuss the issues raised in their consultation. In our quantitative
findings, young people using the app were less concerned that
they would lose control of their emotions than those in the TAU
group. This finding was reflected in our interviews with young
people, with participants appreciating that the tool provided
them a chance to prepare and reflect on their responses before
the consultation. In doing so, young people felt more
emotionally prepared to have a conversation about sensitive
issues than they otherwise would have been. Although similar
results were found with young people using a screening tool
with a nurse in a school setting [55], this is the first study to our
knowledge that explores young people’s experience of the tool
in the general practice setting, outside of well-child visits.
Using Check Up GP had a profound impact on young people’s
perception of patient-centered care. These findings support and
extend previous research that had only measured and found
improvements in one element of communication [34]. As well
as communication and partnership, we found that using Check
Up GP improved personal relationships, health promotion, and
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interest in the effect of the problem on life. In contrast,
Gadomski et al [33] only found improvements in doctor
engagement and no change in partnership or rapport. This
difference may be due to measuring patient-centered care by
analyzing audio recordings of consultations, rather than patient’s
own ratings. Another recently published study found no changes
in communication and experience of care, or in health
information [56]. However, both of these studies were conducted
with young people at well visits, which are not well-attended
by key subgroups of young people such as low income and
uninsured [14]. Thus, our findings suggest that the use of a
technology-based screening tool has the potential to transform
young people’s experience of care.
In contrast to patient-centered care, using Check Up GP did not
improve core indicators of youth-friendly care. We found no
difference between TAU and intervention groups for young
people’s assessment of trust, whether they had enough time to
ask the GP everything they wanted to, their level of comfort,
nor the extent to which the service met their expectations. There
was also no change on all but one measure of judgmental
reactions. The lack of improvement may be due to a ceiling
effect, with these variables being rated very highly in the TAU
group. Indeed, a previous randomized controlled trial of a
paper-based screening tool also found youth participants rated
their level of trust in their GP highly in both control and
intervention groups [57]. Perhaps practices volunteering for
these studies are already interested in meeting the needs of
young people and therefore have high baseline scores. That
there was almost no negative effect on youth-friendly variables
in our study is a positive finding and suggests that this
technology can be integrated into routine care and can direct
focus away from the presenting issue without necessarily
undermining the delivery of quality youth-friendly care.
However, further research is needed to determine whether
factors other than the ceiling effect or participating GP
characteristics are responsible for the nonsignificant differences
in youth-friendly care.
There are a number of established theories that may explain the
underlying causal mechanisms of our findings. The Culture of
Situated Cognition theory proposes that cultural mindsets
influence what feels fluent and what is engaged with [58].
Drawing on this theory, the patient decision aid theoretical
framework developed by Alden and colleagues [59] proposes
that patient screening and decision aids that are culturally
targeted to specific cultural groups, using appropriate imagery,
evidential information, linguistics, and values relevant to that
group, will enhance feelings of congruency with the material,
thereby increasing “processing fluency.” Improved processing
fluency in turn predicts enhanced preparedness (eg, confidence
and openness to participating) leading to improved outcomes.
In addition, in the context of technology and using the
Stimulus-Organism-Response theory, Jiang and colleagues [60]
demonstrated that interactive features or cues on websites trigger
a greater cognitive and emotional involvement of users, which
in turn elicit desired behaviors. Thus, these theories would
predict that an interactive technology-based screening tool that
is designed specifically for a youth subculture is likely to
enhance processing fluency and increase engagement, resulting
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in increased disclosure and perceptions of patient-centered care.
Further research is needed to further explore the underlying
causal mechanisms with this technology.
A particularly interesting finding from the qualitative interviews
was the dynamic nature of honesty in participants’ responses
on Check Up GP. For these young people, honesty was not a
binary but was fluid, considered and controlled by the young
person. Indeed, a substantial minority (31/85, 37%) reported
that Check Up GP only “somewhat” provided an accurate picture
of them. Given this was the first time participants had used such
a tool, it may be that, understandably, young people wanted to
“test the water” with their GP, to ensure any disclosure would
be addressed with sensitivity. Alternatively, it may be that some
participants were not yet ready to acknowledge they had a
problem or to change their behavior. Perhaps using an app, such
as Check Up GP, has the potential to be a catalyst for young
people to reflect on their health and lifestyle and to begin the
process of behavior change.
A positive finding of this study was the high proportion of young
people who not only assessed Check Up GP as a “good idea,”
but who also wanted to continue to use it at least once a year
as part of their routine care. Although best practice guidelines
recommend this type of screening to be done annually [20,21],
and previous studies of technology-based [39] and paper-based
[57] screening have also found a high acceptance rate, there has
been no research on whether young people themselves want to
be screened regularly for health and lifestyle issues. Our results
suggest that young people see value in this kind of technology
being integrated into their routine care with their GP.
Finally, our findings suggest that administration of the app may
influence young people’s engagement with and use of Check
Up GP. Most young people we interviewed felt that they did
not receive adequate explanation from the clinic about Check
Up GP. We also found that 42% (52/124) of young people who
were not eligible to be included in the study were excluded
because they did not have time to finish Check Up GP in the
waiting room before their consultation. The introduction of
technology into general practice needs to ensure all young
people have the opportunity to use and benefit from it. There
is now a solid body of research to suggest that the
implementation of technology in health settings such as general
practice is determined by interrelated individual, organizational,
and social factors [61]. Further research is needed to understand
how a screening app for young people can be successfully
integrated within a general practice setting; another component
of this study will address this theme in future work.

Webb et al

Limitations
This study had a number of limitations. Because it was
conducted at one clinic in a relatively socioeconomically
advantaged area of one city, the generalizability of results may
be limited. The four participating GPs were all male and of a
similar age, all had previous adolescent health training, and all
reported being highly confident and knowledgeable in consulting
with young people. It is possible that GPs with less experience
and enthusiasm for young people may not use and engage with
Check Up GP in the same way as the GPs in this study, which
in turn may influence young people’s experience of using it
within their routine care. Young people in other socioeconomic
areas may experience Check Up GP differently to those in this
study. Another limitation of our study is that it did not have an
experimental design and so did not have a randomized control
group. Although we found no significant difference between
the TAU and intervention groups in the quantitative data in key
characteristics such as gender, age, and sexuality, it is possible
that there were underlying and unidentified differences between
the two groups.

Future Research
This implementation study of a health and lifestyle-screening
app for young people was conducted in one general practice
clinic. Further research is needed to investigate the effect of
using a health and lifestyle-screening app in a diverse range of
clinic types and settings, and with a diverse range of GPs and
youth participants. Future research could also investigate
whether improvements found in this study are sustained over
time and influence young people’s health and lifestyle. Finally,
there is a need to explore the experience of PCPs and practice
support staff in integrating Check Up GP into their clinical and
administrative work, respectively; we will report on that phase
of the study in the future.

Conclusions
Previous research has found that using a technology-based health
and lifestyle-screening tool as part of routine care can improve
disclosure and communication with health professionals, which
aids in early identification of issues and delivery of preventive
health care. This study extends this research by providing new
insights about the use and experience of using such an app by
young people as part of their routine care in general practice.
The results suggest that integrating a health and
lifestyle-screening app into face-to-face regular care can enrich
young people’s experience of seeing their GP, create scope to
address unmet health needs, and become integrated into their
regular health care.
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Abstract
Background: In Peru’s urban communities, tobacco smoking generally starts during adolescence and smoking prevalence is
highest among young adults. Each year, many attempt to quit, but access to smoking cessation programs is limited. Evidence-based
text messaging smoking cessation programs are an alternative that has been successfully implemented in high-income countries,
but not yet in middle- and low-income countries with limited tobacco control policies.
Objective: The objective was to assess the feasibility and acceptability of an short message service (SMS) text message-based
cognitive behavioral smoking cessation program for young adults in Lima, Peru.
Methods: Recruitment included using flyers and social media ads to direct young adults interested in quitting smoking to a
website where interested participants completed a Google Drive survey. Inclusion criteria were being between ages 18 and 25
years, smoking at least four cigarettes per day at least 6 days per week, willing to quit in the next 30 days, owning a mobile phone,
using SMS text messaging at least once in past year, and residing in Lima. Participants joined one of three phases: (1) focus
groups and in-depth interviews whose feedback was used to develop the SMS text messages, (2) validating the SMS text messages,
and (3) a pilot of the SMS text message-based smoking cessation program to test its feasibility and acceptability among young
adults in Lima. The outcome measures included adherence to the SMS text message-based program, acceptability of content, and
smoking abstinence self-report on days 2, 7, and 30 after quitting.
Results: Of 639 participants who completed initial online surveys, 42 met the inclusion criteria and 35 agreed to participate
(focus groups and interviews: n=12; validate SMS text messages: n=8; program pilot: n=15). Common quit practices and beliefs
emerged from participants in the focus groups and interviews informed the content, tone, and delivery schedule of the messages
used in the SMS text message smoking cessation program. A small randomized controlled pilot trial was performed to test the
program’s feasibility and acceptability; nine smokers were assigned to the SMS text message smoking cessation program and
six to a SMS text message nutrition program. Participant retention was high: 93% (14/15) remained until day 30 after quit day.
In all, 56% of participants (5/9) in the SMS text message smoking cessation program reported remaining smoke-free until day
30 after quit day and 17% of participants (1/6) in the SMS text message nutrition program reported remaining smoke-free during
the entire program. The 14 participants who completed the pilot reported that they received valuable health information and
approved the delivery schedule of the SMS text messages.
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Conclusions: This study provides initial evidence that a SMS text message smoking cessation program is feasible and acceptable
for young adults residing in Lima.
(JMIR Mhealth Uhealth 2017;5(8):e116) doi:10.2196/mhealth.7532
KEYWORDS
Pilot Projects, Text Messaging, Smoking Cessation, Young Adult, Cognitive Therapy, Feasibility Studies, Latinos

Introduction
Smoking tobacco and exposure to particulate matter and
carcinogenic agents in tobacco smoke have detrimental effects
on health [1,2] leading to a greater incidence of cancer; cardiac,
cerebrovascular, and respiratory failure; eye and skin damage;
and fertility problems [1]. Smoking is highly addictive due to
pharmacological [3] and psychological factors, making it
difficult to quit [4,5]. Studies have demonstrated that
interventions for smoking cessation can be effective [6,7] at
reducing morbidity and mortality related to tobacco use [6,8-10].
Increased awareness of tobacco-related morbidity and mortality
has led many countries to implement policies, control measures,
and interventions for smoking cessation [5,7], which have helped
to reduce the prevalence of smoking in developed countries
[11]. However, developing countries such as Chile, Costa Rica,
Jamaica, Suriname, and Peru [12] have maintained a high
prevalence of tobacco smoking: approximately 20% to 30% in
men and 10% to 20% in women [13]. In urban areas of Peru,
tobacco smoking begins between 12 and 18 years. Young adults
have a higher prevalence rate. In 2013, 3 in 10 individuals aged
between 19 and 28 years in Lima smoked at least one cigarette
during the year compared to 1 in 10 individuals aged between
12 and 65 years [14]. Between 6 and 7 of 10 adolescents in
urban areas of Peru who smoke tobacco have tried to quit, most
of whom were not successful [15].
Mobile phones can be effective public health interventions due
to their ubiquity and relative ease of use. Delivering text
messages is program-initiated (one-way) and proactive, reaching
the user wherever he or she happens to be, with minimal barriers
(the mobile phone notifies the user when a short message service
[SMS] text message is received and SMS text messages may
automatically appear on the screen) [16-19]. In addition, using
cell phones avoids the high cost of in-person interactions with
health personnel and facilitates the efficient collection and
processing of information. Messages can be adapted based on
the user’s characteristics and delivered at any time of day
[20,21]. It is also cost-effective and can reach a large number
of people in a large geographical area [22].
Most people in Peru own mobile phones. In 2014, there were
approximately 104 mobile phones for every 100 inhabitants
according to the Ministry of Communications and Transportation
[23]. In particular, young people are more prone to carry mobile
phones and use text messages. In Peru, the use of mobile
technology has demonstrated great potential as a cost-effective
health strategy to improve access to health care [24].
There is evidence that SMS text messaging programs using
cognitive behavioral therapy (CBT) for smoking cessation are
effective, increasing its likelihood of success by 35% in
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comparison with control groups [17,25-27]. Its success rate is
similar to other interventions, such as helpline services to quit
smoking, and face-to-face cognitive behavioral and cognitive
therapy and counseling [25,28], with the additional benefit of
being delivered at a lower cost [17]. Compared with other
treatment methods, there is evidence that SMS text message-only
interventions affect 6-month cessation outcomes similarly to
other effective treatments [26,29-31]. Likewise, a meta-analysis
that included 20 manuscripts with 22 interventions showed that
SMS text message cognitive behavioral smoking cessation
programs can be an effective strategy to help individuals stop
smoking [27].
Intervention strategies for smoking cessation should consider
its target population [30,32]. Attitudes and behaviors related to
tobacco use are often dependent on factors such as gender, race,
and age, among others. For example, most Latinos prefer
nonpharmacological methods to quit smoking (eg, replacement
of nicotine, bupropion, varenicline) [33,34], whereas a lower
proportion of young people decide to use these therapies
compared with other age groups [35].

Theoretical Frameworks
The theoretical frameworks that guided the development of the
SMS text message cognitive behavioral smoking cessation
program were the transtheoretical model, CBT, increasing
self-efficacy, and relapse prevention. As defined by the
transtheoretical model, behavior change is a process over time
and involves progression through a series of stages:
precontemplation, contemplation, preparation, action, and
maintenance [36,37]. Program content was based on CBT and
increasing self-efficacy, and program components identified in
smoking cessation telephone-based counseling (quitlines)
[4,30,38-41]. CBT focuses on cognitive restructuring, education,
self-monitoring, and practical coping strategies aimed at
successful smoking cessation. CBT implies that mental rules
guide behavior, such that applying illogical beliefs (cognitive
processes) lead to dysfunctional behavior (behavioral actions).
To acquire the capability to quit smoking, individuals need to
recognize, understand, and change their behavior patterns.
Increasing self-efficacy was also considered a key element in
developing the SMS text message cognitive behavioral program
content [42-44] because it includes constructs such as perceived
temptations and self-regulatory strategies increases relapse
prevention [45] and low self-efficacy may undermine the ability
to maintain or initiate efforts to cope with high-risk situations
[46-48]. Relapse prevention is a cognitive behavioral approach
to relapse with the goal of identifying and preventing high-risk
situations; in the case of smoking cessation, preventing smoking
after a period of abstinence [49,50]. Relapse prevention includes
adapting coping responses to life stressors and risky situations
by minimizing exposure to cues. For example, understanding
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e116 | p.115
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that discomfort will reach a peak and then subside, encouraging
patience to wait out the urge, using nicotine replacement
treatment (NRT), and seeking health professional advice about
other pharmacological evidence-based treatments [51-53].
The objective of this study is to evaluate the feasibility and
acceptability of an SMS text message cognitive behavioral
program for smoking cessation among young people aged 18
to 25 years who live in Lima, Peru. In this study, we report on
feasibility and acceptability of an SMS text message cognitive
behavioral program for smoking cessation and develop initial
content and methodology in preparation for a randomized
controlled trial (RCT).

Methods
Recruitment
Participants were recruited through advertisements on Facebook
and Google, a Facebook fan page, and flyers in locations where
young people frequent (eg, cafeterias, stores, pubs, technical
schools, universities, near public transportation), which directed

Blitchtein-Winicki et al
them to a website with smoking cessation information.
Participants had to be interested in quitting smoking and seeking
help to quit. Those interested in participating completed an
online eligibility questionnaire on the website, which was hosted
on Google Drive. Eligible participants were residents of Lima,
between ages 18 and 25 years, smoked four or more cigarettes
daily, had their own cell phone, and sent and received at least
one SMS text message in the previous 12 months. We measured
intention to quit by asking: “Are you seriously thinking of
quitting smoking?” Response options were (1) “No, not thinking
about quitting,” (2) “Sometime, but not within the next 6
months,” (3) “Yes, within the next 6 months,” and (4) “Yes,
within the next 30 days.” Only those who selected the fourth
option were eligible. Those who met the eligibility criteria were
contacted by a member of the research team who provided a
description of the study, answered questions, and asked
participants to provide informed consent. Recruitment continued
during the entirety of the study. Figure 1 shows the eligibility
criteria used to evaluate individuals interested in participating
in the study. Content development and technical development
are discussed in further detail subsequently.

Figure 1. Flowchart of individuals included in the study based on inclusion criteria.
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All participants who met the inclusion criteria were included
in only one of the following study phases, which were conducted
consecutively:
1.
2.
3.

Phase A: adapting SMS smoking cessation and nutrition
program content with focus groups and in-depth interviews;
Phase B: individual sessions to validate SMS text messages
with young adults; and
Phase C: SMS text message smoking cessation program
pilot where participants were randomly assigned to the SMS

Blitchtein-Winicki et al
text message smoking cessation program (intervention) or
the SMS text message nutritional program (control).
Figure 2 describes the main components of the study and the
number of participants in each phase. All participants provided
informed consent. Prior to phase C, the smoking cessation
program was piloted with members of the research team. The
pilot study was conducted between July 2013 and November
2014. Recruitment lasted 10 months.

Figure 2. Program outline and participation in different phases of the study.

Content Development
General Characteristics of the SMS Text Message
Smoking Cessation Program (Intervention)
The smoking cessation SMS text message program content
consisted of tailored messages and pathways based on individual
assessment [54]. Program content was tailored to create
individualized intervention strategies according to gender, stage
of quitting (prequit, quit, relapse), and smoking status at
different stages of the study. Likewise, participants received
bidirectional messages, which allowed them to provide
self-reported smoking cessation data on days 2, 7, and 30 after
quit date. Participants received tailored sets of messages
depending on their responses, which were sent automatically
using algorithms.
Content was developed based on the theoretical frameworks
described previously, and participant feedback through focus
groups and in-depth interviews to validate the SMS text
messages with the target population. Examples of the type of
information included in the SMS text message smoking
cessation program are shown in Figure 3.
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Examples of Types of Information Included in Different
Stages of the SMS Text Message Cognitive Behavioral
Smoking Cessation Program
Prequit Stage
1. Organizing a plan to quit smoking: setting a date; informing
family and friends; asking for their support; identifying
situations, triggers, and risks (eg weekends, friends, and
social activities), and alternatives to cope with or avoid
them; identifying social support resources; planning to
reward oneself for achieving short-term smoking cessation
goals; and educating oneself about how to avoid nicotine
withdrawal symptoms.
2. Preparing the physical environment for quitting smoking:
removing cigarettes and objects related to smoking.
3. Preparing mentally to quit smoking: for example, debunking
myths such as “smoking is ok as long as I engage in other
healthy behaviors” or “e-cigarettes are the most effective
method to quit smoking.” Messages that promote
self-confidence and identifies benefits and reasons to quit
and stay tobacco free.
4. Motivational content that reinforces commitment to quit.
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Figure 3. Types of information included in each stage of the SMS text message smoking cessation program.

Quit Day and Day 2 After Quit
1. Coping strategies and skills to stay quit: activities and
suggestions that help to stay quit and meet short-term quit
goals.
2. Motivation: celebrate successes and reinforce commitment
to quit.
Early Quit Stage
1. Coping strategies and skills to stay quit: reminders of
reasons for quitting; engaging in other enjoyable activities;
how to cope with withdrawal side effects; helpful tips, such
as keeping hydrated; and capitalizing on prior successful
actions and strategies to stay quit.
2. Difficulties and inconveniences: for instance, how to cope
with common withdrawal symptoms, what to expect and
how to face them, and when they are expected to appear.
Late Quit
1. Coping strategies and skills to stay quit: address concerns
such as gaining weight and how to manage stress without
smoking, how to identify and handle relapse triggers, and
how to deal with cravings.
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2.

3.

Motivation to stay quit: planning activities to celebrate each
milestone achieved, preparing to continue, perceiving self
as a nonsmoker, and continuing setting short-term goals.
Difficulties and inconveniences: for instance, recognizing
gains in health and information about withdrawal symptoms
and timeline.

Relapse
1. Standards for relapse prevention and commitment to quit
smoking: positive reminders of achievements; information
about how successfully quitting smoking may require
several attempts, but is achievable; reinforcing messages
about benefits of quitting and motivations and steps for
continuing to try quitting.
2. Lessons learned from an unsuccessful attempt and
alternatives to overcome them in a future quit attempt:
identify reasons for relapse and employ prevention strategies
in next quit attempt, and encouragement to try quitting
smoking again within a short period of time (one month).

General Characteristics of the SMS Text Message
Nutrition Program (Control)
The nutrition text messages were designed to motivate healthy
eating and physical activity in order to achieve health benefits.
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e116 | p.118
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Messages included increasing vegetable intake, decreasing
sweetened beverage consumption, and improving eating
behaviors and physical activity.

Focus Groups and In-Depth Interviews
We held two focus groups and four in-depth interviews with 12
participants with the aim to provide insight into young adult
smoking behavior, SMS text message-related behavior and
preferences, experiences with quitting smoking, and perceived
reasons for prior unsuccessful smoking attempts. The themes
explored included participants’ initial smoking experiences,
smoking practices, smoking-related perceptions, reasons for
continuing smoking, previous attempts to quit smoking, reasons
for deciding to quit, the influence of close friends and family
on quitting, perceived consequences of smoking, strategies and
activities to stay quit, knowledge and prior use of alternative
tobacco products, use of mobile phones for text messaging,
acceptability of using SMS text messages to quit smoking, and
preferences regarding the type, frequency, and content of SMS
text messages they would like to receive. Their answers were
audiotaped, transcribed, and analyzed and considered in the
adaptation and development of the program content.

Validating SMS Text Messages With Young Adults
Once we had a final pool of messages, eight participants were
recruited to review a set of messages from the proposed SMS
text message smoking cessation program. A member of the
research team met for 1.5 to 2 hours with each participant
individually and explained the purpose of the SMS text message
program, and the role and importance of using messages in the
program. Each participant was given a list of 60 messages to
review between the initial meeting and a follow-up meeting 7
to 10 days later, using a guide provided by the researchers.
During the follow-up meeting, they were requested to provide
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feedback on the messages. At least two participants were asked
to review each SMS text message to ensure that all the messages
had been reviewed. Each participant received messages from
all the stages in the program (prequit, quit day, early quit, late
quit, and relapse). Participants were asked to provide feedback
on the following: was the message understandable, how did
they perceive the tone of the message, was the message phrased
in a way that young adults could relate, and did the messages
provide relevant information according to the participant’s
smoking status. Four research team members modified the SMS
text messages based on participant feedback.
Participants received a code of prepaid text message credit
equivalent to US $6 after each face-to-face meeting (two
meetings per participant).

Technological Development
The automated text messaging system was developed using the
following components: list of SMS text messages for both
programs, list of participants’ cellphone numbers, and
randomizing methodology and tailoring criteria for the SMS
text message smoking cessation program and the SMS text
message nutrition program. The system used a script written in
Python 2.7 in the app SMS Scheduler [55] to manage, schedule,
and send SMS messages. The system was configured on a
Samsung Galaxy S5 mini with Android 4.4 (KitKat).
On days 2, 7, and 30 after the participant’s quit day, a message
was sent to participants asking them about their ability to remain
smoke-free. Participants answered 1 (“yes”) or 0 (“no”), which
the system registered and used to automatically assign the next
set of messages to be received by the participant in the SMS
text message smoking cessation program. In the SMS text
message nutrition program, participants received the same set
of messages regardless of their response, as shown in Figure 4.
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Figure 4. Flowchart of the SMS text message smoking cessation program and the SMS text message nutrition program pathways.

Beta Test of the SMS Text Message Smoking Cessation
Program With the Research Team
Before piloting the SMS text message smoking cessation
program with the participants, it was tested by members of the
research team over 6 weeks to troubleshoot any technological
difficulties. Three research team members received the SMS
text message nutrition program (control) and five members the
SMS smoking cessation program (intervention). During the beta
test, various difficulties were addressed: the software was
corrected to include letters and symbols used in the Spanish
language; difficulties with scheduled SMS text message delivery
were solved by sending SMS text messages separately and
restricting simultaneous messages; due to constant changes in
http://mhealth.jmir.org/2017/8/e116/
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cell phone ownership, the research team frequently updated the
participants’ contact information and encouraged participants
to take advantage of mobile numerical portability (MNP), which
allows users to retain their mobile telephone numbers
independent of changes in cell phone or mobile network carrier.

Piloting the SMS Text Message Smoking Cessation
Program with Young Adults
Fifteen participants were recruited to test the feasibility and
acceptability of the SMS text message smoking cessation
program. The participants were randomly assigned to the SMS
text message smoking cessation program (nine participants) or
the nutrition program (six participants). Only two women were
recruited for the pilot; one woman was assigned to each arm
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e116 | p.120
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
through randomized assignment. Every week, participants sent
feedback about the content and timing of the SMS text messages
received. Feedback received was used to measure acceptability
of the program among participants.
The outcome—successfully quitting on days 2, 7, and 30 after
quit day—was measured using self-reports of smoking cessation
for both arms of the study. We sent an SMS bidirectional
question on days 2, 7, and 30 after the participant’s quit day,
asking “Have you stayed tobacco free (not even a single puff)
since the day you quit?” If yes, the participant answered “1”
and if no, the answer was “0.” The answer allowed the program
to assign the next set of messages that the participant received
as shown in Figure 4. The research assistant called to remind
the participant to answer the SMS text question the same day
the bidirectional question was sent. This approach was effective
for almost all the participants, except for one who left the
country during the study.
The participants were asked to provide feedback weekly to
minimize recall bias. They sent their comments through SMS
text message and they received the equivalent of US $3 in credit
for mobile calls and SMS text message through a code sent to
them by SMS text message to compensate for the cost of sending
SMS text messages related to the program.
To assess the feasibility we considered issues related to ease of
implementation of the SMS text message pilot study, and any
technical problems and issues which arose from taking part in
the intervention or control arm as other SMS text message
studies have previously measured [16,20,56,57].
We included the following measures:
1.

2.

3.

Recruitment rate: ability to recruit our target sample size
of 75 participants from Peru (of which 40 were residents
of Lima) in the time allotted for the project, which was 10
months.
Retention rates: measures included (1) within the SMS text
message smoking cessation program, whether participants
responded to queries about their smoking status on days 2,
7, and 30 after quit day, and (2) in the research, to be able
to achieve the follow-up rates necessary to conduct a RCT
at day 30 after quit day (93% of 15 participants).
Performance of the software that delivers the program’s
text messages (eg, successful delivery of messages to all
designed mobile phone carriers).
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comments and feedback about their experiences with the study
[16,57,58].
We included the following measures: participant responses to
the text messages, feedback from participants, the number of
participants who asked to be removed from the program during
the intervention phase, and a series of questions about the
program’s characteristics and likability, administered one month
after the quit day.
This pilot study was approved by the institutional review boards
of Michigan State University and Universidad Peruana Cayetano
Heredia.

Statistical Analysis
All data during the SMS text message smoking cessation
program pilot was entered into a Microsoft Excel 2011 database.
Data was cleaned and checked for disparities before and after
the data entry. Descriptive statistics (percentage, mean, median,
standard deviation) were used to describe demographic,
smoking-related characteristics, SMS text message use, nicotine
dependence, and smoking cessation self-report outcome of
respondents. Descriptive analyses were performed using STATA
(12.0 version). Nicotine dependence was classified using the
Fagerström Test of Nicotine Dependence (FTND) score and
used the following categories: very low/none, low, medium,
and high [3].

Results
Participants
A total of 639 individuals answered our online screening survey;
565 met the inclusion age criteria (18-25 years), 319 reported
having smoked 6 to 7 days a week (frequency), 140 smoked
four or more cigarettes a day (intensity), 87 had decided to quit
smoking in the next 30 days, 46 lived in Lima, and two did not
have a mobile phone (Table 1). Forty-two participants had sent
at least one SMS text message in the previous 12 months of
which 35 consented to participate in the pilot study: focus groups
and in-depth interviews (n=12), young adult participants to
validate messages (n=8), and the validation of the SMS text
message smoking cessation program (n=15). We recruited
during the entirely of the study using paid Facebook ads to
increase recruitment rates, recruiting 70 individuals with the
inclusion criteria at the national level, of which 42 were Lima
residents.

To assess the acceptability of the program, we considered
consent and response rates during the entirety of the study, and
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Table 1. Characteristics of participants in the SMS text message smoking cessation program pilot.
Characteristics of participants

Smoking cessation (intervention), n (%) (n=9)

Nutrition (control), n (%)
(n=6)

Total, n (%) (N=15)

18-19

1 (11)

2 (33)

3 (20)

20-21

4 (44)

3 (50)

7 (47)

22-23

4 (44)

1 (17)

5 (33)

Female

1 (11)

1 (17)

2 (13)

Male

8 (89)

5 (83)

13 (87)

Secondary education completed

1 (11)

0 (0)

1 (7)

Technical studies not completed

1 (11)

2 (33)

3 (20)

University education not completed

6 (67)

4 (67)

10 (67)

University completed

1 (11)

0 (0)

1 (7)

Claro

7 (78)

4 (67)

11 (73)

Movistar

2 (22)

1 (17)

3 (20)

Entel

0 (0)

1 (17)

1 (7)

Prepaid

2 (22)

0 (0)

2 (13)

Postpaid

7 (78)

6 (100)

13 (87)

≤5

5 (56)

3 (50)

8 (53)

6-10

2 (22)

2 (33)

4 (27)

≥11

2 (22)

1 (17)

3 (20)

As soon as it arrives

8 (89)

5 (83)

13 (87)

During the afternoon

0 (0)

1 (17)

1 (7)

At night

1 (11)

0 (0)

1 (7)

Very low

5 (56)

4 (67)

9 (60)

Low

2 (22)

0 (0)

2 (13)

Mild

1 (11)

2 (33)

3 (20)

High

1 (11)

0 (0)

1 (7)

No

5 (56)

2 (33)

7 (47)

Yes

4 (44)

4 (67)

8 (53)

No

5 (56)

4 (67)

9 (60)

Yes

4 (44)

2 (33)

6 (40)

No

7 (78)

4 (67)

11 (73)

Yes

2 (22)

2 (33)

4 (27)

Age

Gender

Education level

Carrier

Service plan

Average number of SMS text messages received per
day at the beginning of the study

When do you check your SMS text messages?

Dependency level (FTND scale)

Do you live with other people who smoke?

Have you had problems with alcohol and other drugs?

Do you have a medical problem?
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Characteristics of participants

Smoking cessation (intervention), n (%) (n=9)

Nutrition (control), n (%)
(n=6)

Total, n (%) (N=15)

Asthma

0 (0)

1 (17)

1 (7)

Back pain

1 (11)

0 (0)

1 (7)

Prediabetes

1 (11)

0 (0)

1 (7)

Renal inflammation nephritis

0 (0)

1 (17)

1 (7)

9 (100)

6 (100)

15 (100)

1

1 (11)

1 (17)

2 (13)

2

2 (22)

2 (33)

4 (27)

3

4 (44)

1 (17)

5 (33)

4

2 (22)

2 (33)

4 (27)

No

5 (56)

5 (83)

10 (67)

Yes

4 (44)

1 (17)

5 (33)

Chewing gum

1 (11)

0 (0)

1 (7)

E-cigarette

2 (22)

1 (17)

3 (20)

Book

1 (11)

0 (0)

1 (7)

1 day

0 (0)

1 (17)

1 (7)

3 days

3 (33)

0 (0)

3 (20)

1 week

1 (11)

2 (33)

3 (20)

2 weeks

0 (0)

1 (17)

1 (7)

3 weeks

1 (11)

0 (0)

1 (7)

1 month

1 (11)

0 (0)

1 (7)

2 months

0 (0)

1 (17)

1 (7)

3 months

3 (33)

1 (17)

4 (27)

No (relapse)

4 (44)

2 (33)

6 (40)

Yes

5 (56)

4 (67)

9 (60)

0 (0)

3 (50)

3 (20)

5 (56)

1 (17)

6 (40)

No (relapse)

0 (0)

0 (0)

0 (0)

Yes

5 (56)

1 (17)

6 (40)

Medical problem

Have you tried to quit smoking before? (yes)
Number of previous quit attempts

Have you used some kind of aid when you tried to
quit?

What type of aid?

What’s the longest time you’ve been smoke-free (not
even a puff), from any prior quit attempt?

Quit report “not even a puff” on day 7 after quita

Quit report “not even a puff” on day 7 after quita
No (relapse)
Yes
a

Quit report “not even a puff” on day 30 after quit day

a

Participants answered 0=“no” or 1=“yes.” Each participant could only answer “no” once. On answering no, they were sent messages from the relapse
stage for 6 days.
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Adapting SMS Text Message Smoking Cessation and
Nutrition Program Content with Focus Groups and
in-Depth Interviews
Findings from the focus group discussions and in-depth
interviews demonstrated that the majority of the participants
(n=12) who wanted to quit smoking did not have a plan. Most
had tried previously but were unsuccessful. What they least
liked about smoking was the smell, increased probability of
having wrinkles and yellow teeth, and the shortness of breath
during regular activities such as climbing stairs. They were
unfamiliar with evidence-based alternatives and were not be
willing to take medication. They were willing to try nicotine
patches, but they did not know where to get them; cost was also
a barrier. Many considered the e-cigarette an easily accessible
alternative to cigarettes and knew acquaintances who had used
it to quit.
The biggest obstacle to quitting was smoking triggers during
the weekends: meeting friends who smoke, being at bars and
parties, and being around people who smoke. One of the most
common reasons for individuals to not quit smoking was the
fear of gaining weight.
From the results of the focus groups, messages were added or
modified to address participant concerns and triggers (see
Multimedia Appendix 1). For instance, one theme that emerged
was the idea that healthy behaviors compensated for the negative
health effects of smoking. Another main concern about quitting
was weight gain. We included messages related to the following:
including exercise in their plan to quit, consuming low-calorie
foods, drinking lots of water, and focusing all their efforts on
quitting (only after they successfully quit smoking should they
focus on other goals).

Validating SMS Text Messages with Young Adults
Once we had a final pool of messages, we recruited eight
participants to validate the messages. The group read and
provided feedback on each text message. Recommendations
included rewording the messages, expressions and tone as if a
peer had sent the messages, sending different messages for men
and women, personalizing certain messages by including their
name, and sending messages during certain hours or days of
the week (eg, sending messages on the weekends about
alternative enjoyable activities instead of going to a bar with
friends). At least two participants reviewed each message.
Suggestions were reviewed by four research team members and
were used to improve the program messages and delivery
schedule. Examples of the messages are found in Multimedia
Appendix 2.

Beta Test With Research Team
Overall the software program and messaging infrastructure (eg,
mobile phone and server) were reliable. Text messages were
sent to eight research team members during the beta test. Certain
issues arose such as the initial inability to use accented letters
and Latin characters, inability to send multiple messages
simultaneously, and frequent changes in mobile network
operators. We identified strategies to overcome these barriers,
such as finding an alternative to include accented letters and
Latin characters, and asked participants to take advantage of
http://mhealth.jmir.org/2017/8/e116/
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MNP when their mobile phone was lost or stolen. MNP allows
an individual to retain the same phone number regardless of
changing from one mobile network carrier to another was an
advantage.

SMS Text Message Smoking Cessation Program Pilot
Of the 15 young adults who provided consent to participate in
the SMS text message smoking cessation program, more than
87% (13/15) were male, and all reported having attempted to
quit smoking in the past on at least two previous occasions
(Table 1). Three young adults (20%) used an e-cigarette as an
aid to quit smoking in previous attempts; 53% (8/15) lived with
other smokers and 40% (6/15) reported previous consumption
of alcohol and/or drugs. The level of nicotine dependence was
measured with the FTND. Based on the FTND score, nine (60%)
had very low dependence, two (13%) had low, three (20%) had
mild, and one (7%) had high.
The intervention retention rate was high: 14 of 15 participants
(93%) remained until day 30 after quit day. One participant
traveled out of the country and could not continue. Fourteen
participants were contacted weekly during their participation
and on day 30 after quit day. We called all the participants at
the end of the same day the question was sent. If they did not
answer the question, we reminded them to answer the text
question, on which the participant was assigned to the
corresponding pathway.
All nine individuals assigned to the intervention to quit smoking
completed the program. Length of participation in the program
was dependent on their answers regarding quitting smoking;
for instance, if the participant responded “no” to “Have you
stayed tobacco free (not even a puff) since the day you quit?”
then they were assigned to receive messages with content from
the relapse stage for 6 days. The control arm was completed by
five of six (83%) of the participants.
All participants in the intervention group (n=9) stated that they
received valuable information about health issues, treatment
resources, NRT, and strategies to avoid smoking. Furthermore,
78% (7/9) reported that the messages were motivating and easy
to understand, 89% (8/9) reported that they would recommend
the program to others, 78% (7/9) agreed with the number of
messages sent during the duration of the program, and 100%
(9/9) agreed with the number and schedule for delivering
messages. In all, 33% (3/9) suggested increasing the number of
messages in the late quit stage and 11% (1/9) suggested
including a partner to share messages when necessary.
Of the nine participants in the SMS text message smoking
cessation program, 56% (5/9) reported having remained
smoke-free (not even a puff) during the entire program (until
day 30 after quit day); 44% (4/9) reported relapsing on day 2
after quit day. However, of six participants receiving nutritional
messages, one (17%) reported having remained smoke-free
during the entire program; 33% (2/6) reported relapsing on day
2 after quit day and 50% (3/6) reported relapsing on day 7 after
quit day.
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Discussion

measures) show that e-cigarettes are at least as effective as NRT
in helping young adults smokers to quit [71].

This pilot study suggests that a SMS text message cognitive
behavioral smoking cessation program would be used by young
adults in Lima, Peru. Main findings supporting this conclusion
include high recruitment rate and intervention retention rate
during the pilot of 93% (14/15), content and technological
acceptability, and high self-reported abstinence rate at day 30
after quit day (40%, 6/15; 56%, 5/9 in smoking cessation SMS
text message intervention arm).

Limitations

This pilot demonstrated that it is possible to use low-cost
methods (website and social media) to identify and recruit
specific populations who may otherwise be difficult to recruit
at an on-site location (young adults between ages 18 and 25
who smoke at least four cigarettes daily, etc) [59]. Web-based
recruitment strategies are suggested to be associated with better
abstinence outcomes than other recruitment strategies [27],
probably due to the fact participants are more familiar with
technology and technological interventions. Facebook ads may
be less cost-effective in Peru than in other countries [60];
however, it may be more effective for recruitment at the national
level. Compared with alternatives for pilot studies on smoking
cessation, the number of participants recruited was sufficient
[59].
Evidence shows that content adaptation is critical for the
successful development of mobile behavioral interventions [61].
Relevant information about past experiences and behaviors that
contribute to quit characteristics of young adults and Latino
populations [33,62-66] was included into the SMS text message
cognitive behavioral smoking cessation program content.
Participant suggestions were used in designing and modifying
the content, syntax, and tone of the SMS text message smoking
cessation program content. Participants expressed preferences
for messages that contained accurate spelling and grammar (eg,
Latin characters), used positive versus negative framing, and
were designed to help participants achieve personal goals. These
findings coincide with results from other studies [61,67-69]. In
addition, adapting the SMS text message cognitive behavioral
smoking cessation program content to young adult and Latino
populations [33], who have expressed resistance to the use of
pharmacotherapy, was an important factor in the development
and adaptation of program content to achieve behavioral change
[70]. An advantage in Peru for SMS text message health
program development and implementation is that there is no
cost for receiving SMS text messages unlike other countries,
which makes health strategies using SMS text messaging quite
accessible.
Some of the preliminary findings from the focus groups and
in-depth interviews are similar to findings from systematic
reviews and studies in other countries [71,72]: participants
perceive the use of e-cigarettes as an accessible, convenient aid
in smoking cessation, and less harmful than cigarettes. This
alternative can be considered as a resource if evidence (RCTs
and population-based studies with precise exposure and safety
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If we want to scale up the pilot, we need to consider strategies
to continue and strengthen the high adherence shown in this
preliminary results because it may be related to the provision
of weekly credit for text messages which allowed participants
to provide program feedback (93% overall participation for the
entirety of the study; 100% in the intervention arm and 83% in
the control arm). Interaction may have increased adherence and
response [21]. Additional research is needed to measure
adherence without a prepaid card: how much money are
participants willing to spend and will they make an effort to
continue in the program? Future studies may also help identify
whether prepaid cards can help to improve adherence and/or
results in long-term studies.
Self-reporting [16,73] (answering yes to “have not smoked even
one puff since the quit day”) was used to measure the
intervention’s effectiveness; nonetheless, this measure is not
the most accurate way to measure abstinence and may produce
a high level of negative self-reports among some populations
[73,74]. Thus, it would be important to consider biochemical
verification of smoking status as an outcome measure in future
studies.
In future studies we may consider more accurate forms of
measuring abstinence. One approach would be to ask individuals
to approach a physical location to collect samples demonstrating
abstinence. Another alternative would be to use strips to detect
cotinine in the saliva, which can either be mailed by courier or
have a photo of the result taken by the participant and sent by
mobile phone or email to be read as abstinence confirmation.
Portable meters that allow carbon monoxide measurement [75]
have already been used in more limited geographical contexts
such as universities [76]. This would enable us to request
measurement at any time of the day in real time to prevent dose
handling. All these measures should be considered for an RCT.
Other forms of measuring abstinence include measurement of
the saliva cotinine level, carbon monoxide confirmation, and
cotinine analysis [73,74]. In addition, in future studies we want
to know outcomes in terms of true smoking cessation, which
requires increasing follow-up periods to at least 6 months
[17,77].
This preliminary data show that a SMS text message cognitive
behavioral smoking cessation program can be implemented and
should be acceptable for young adults in Lima, Peru, in addition
to contributing knowledge about the current evidence gap about
appropriateness of a SMS text message smoking cessation
program for young adults in a middle-income country with an
inactive tobacco control policy [26,27].
The results from our pilot could broaden access to this type of
health intervention and be adapted to help other groups quit
smoking, such as younger populations, other health conditions
(mental, chronic, cardiovascular, neoplastic and infectious
diseases), other cultures, and rural areas.
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Some of the focus group and in-depth interviews analysis results taken in consideration to adapt characteristics of the smoking
cessation SMS text message program.
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Abstract
Background: The Special Supplemental Nutrition Program for Women, Infants, and Children (WIC) in the United States
provides free supplemental food and nutrition education to low-income mothers and children under age 5 years. Childhood obesity
prevalence is higher among preschool children in the WIC program compared to other children, and WIC improves dietary quality
among low-income children. The Children Eating Well (CHEW) smartphone app was developed in English and Spanish for
WIC-participating families with preschool-aged children as a home-based intervention to reinforce WIC nutrition education and
help prevent childhood obesity.
Objective: This paper describes the development and beta-testing of the CHEW smartphone app. The objective of beta-testing
was to test the CHEW app prototype with target users, focusing on usage, usability, and perceived barriers and benefits of the
app.
Methods: The goals of the CHEW app were to make the WIC shopping experience easier, maximize WIC benefit redemption,
and improve parent snack feeding practices. The CHEW app prototype consisted of WIC Shopping Tools, including a barcode
scanner and calculator tools for the cash value voucher for purchasing fruits and vegetables, and nutrition education focused on
healthy snacks and beverages, including a Yummy Snack Gallery and Healthy Snacking Tips. Mothers of 63 black and Hispanic
WIC-participating children ages 2 to 4 years tested the CHEW app prototype for 3 months and completed follow-up interviews.
Results: Study participants testing the app for 3 months used the app on average once a week for approximately 4 and a half
minutes per session, although substantial variation was observed. Usage of specific features averaged at 1 to 2 times per month
for shopping-related activities and 2 to 4 times per month for the snack gallery. Mothers classified as users rated the app’s WIC
Shopping Tools relatively high on usability and benefits, although variation in scores and qualitative feedback highlighted several
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barriers that need to be addressed. The Yummy Snack Gallery and Healthy Snacking Tips scored higher on usability than benefits,
suggesting that the nutrition education components may have been appealing but too limited in scope and exposure. Qualitative
feedback from mothers classified as non-users pointed to several important barriers that could preclude some WIC participants
from using the app at all.
Conclusions: The prototype study successfully demonstrated the feasibility of using the CHEW app prototype with mothers of
WIC-enrolled black and Hispanic preschool-aged children, with moderate levels of app usage and moderate to high usability and
benefits. Future versions with enhanced shopping tools and expanded nutrition content should be implemented in WIC clinics to
evaluate adoption and behavioral outcomes. This study adds to the growing body of research focused on the application of
technology-based interventions in the WIC program to promote program retention and childhood obesity prevention.
(JMIR Mhealth Uhealth 2017;5(8):e102) doi:10.2196/mhealth.7477
KEYWORDS
pediatric obesity; health education; public health informatics; mobile apps

Introduction

all of the nutritionally beneficial items included in their food
packages and to consume them at home [13].

The Special Supplemental Nutrition Program for Women,
Infants, and Children (WIC) serves 9.3 million low-income,
nutritionally at-risk mothers, infants, and children under age 5
years in the United States by providing free supplemental
healthy foods, nutrition education, breastfeeding support, and
health care referrals. Prevalence of childhood overweight and
obesity has increased rapidly in recent decades, and risk for
obesity increases sharply after age 5 years [1,2]. Prevalence is
greater among black and Hispanic children compared to white
children and greater among low-income families served by WIC
compared to the general population [3-5]. The WIC program
improves diet quality among low-income children [6], but
participation in the program declines as children age, particularly
among 2- to 4-year-olds [5].

Very limited research has been conducted to date on the use of
technology-based interventions in the WIC program [14-16].
Technology-supported interventions such as smartphone apps
can impact a substantially larger number of people more
frequently and usually at a lower cost than in-person education.
Nearly two-thirds of all adults and 85% of young adults in the
United States own a smartphone, with higher levels of ownership
among racial/ethnic minorities compared to whites [17-19].
Mobile phone–based interventions have been effective with
minority and low-income populations to improve nutrition and
other health-promoting behaviors [20-23]. A handful of
smartphone apps are commercially available that include some
WIC shopping features and limited nutrition information or
recipes. However, no published studies to date have reported
on the development or testing of a smartphone app for WIC
participants that combines nutrition education and WIC shopping
tools.

Studies have found that the vast majority of WIC participants
are satisfied with the nutrition education provided by WIC every
3 months, predominantly delivered in person in WIC clinics.
However, repetition of information, long wait times, and
accompanying children have been identified as barriers and
predictors of program attrition [7,8]. Compared to the nutrition
education component, WIC participants tend to have lower
satisfaction with the process of redeeming their WIC benefits
in the grocery store [8,9].
WIC benefits consist of approved food packages assigned to
each WIC participant in the family, which list the specific types,
brands, sizes, and quantities of products that can be purchased.
In addition, a cash value voucher (CVV) provides a flat dollar
amount per WIC participant that can be spent on fruits or
vegetables, currently $8 for children and $10 for mothers. As
of May 2017, the majority of states (30/50, 60%), including
Tennessee, have not yet implemented electronic benefits transfer
(EBT) statewide and continue to provide benefits in the form
of paper vouchers; the majority of these remaining states are
scheduled to transition to EBT in 2018 (including Tennessee)
or 2019, with the deadline of 2020. Challenges with the WIC
shopping experience can act as a barrier for participants to
redeem all of their benefits and can lead to program attrition,
particularly with paper vouchers [8-12]. An expert review panel
recommended that in-clinic nutrition education be
complemented with reinforcement education using innovative,
multilevel strategies to make it easier for participants to purchase
http://mhealth.jmir.org/2017/8/e102/
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This paper describes the development and beta-testing of the
Children Eating Well (CHEW) smartphone app. This app was
developed for WIC-participating families with preschool-aged
children as a home-based intervention to reinforce WIC nutrition
education and improve the WIC shopping experience. The
objective of beta-testing was to test the CHEW app prototype
with target users, focusing on usage, usability, and perceived
barriers and benefits of the app.

Methods
Needs Identified by Stakeholders
As part of the larger Nashville CHEW for Health project, the
CHEW Community Advisory Board (CAB) was formed in
2011, comprising 8 to 10 WIC participants and several nonprofit
organizations focused on food security. The CAB provided
input on the project’s objective to develop a home-based
nutrition education intervention for WIC-participating families
with preschool children ages 2 to 4 years with a particular focus
on black and Hispanic families, given their elevated risk for
obesity. CAB members indicated that they were largely satisfied
with availability of nutritious foods available through the WIC
program but would like for the cash value voucher for fruits
and vegetables to be increased in value.
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CAB members expressed that their main concern with the WIC
program, similar to the findings of previous studies [8-11], was
that the WIC shopping experience was confusing and included
the following challenges: each family member having a different
paper voucher; specific limits on brands, quantities, and sizes;
allowed choices and combinations within categories; the CVV
requiring math skills; embarrassment at the register when items
did not match up to their approved benefits; and not always
getting all of their allowed items due to these complexities.
They strongly desired that something be done to make the
process easier. In terms of specific topics for nutrition education,
CAB members indicated that they would be interested in
receiving quick and simple recipes with WIC items that their
children would eat and practical advice on parent feeding
strategies to help them more easily provide healthy food to their
children.
The CHEW team also engaged in a series of conversations with
state and local WIC program staff to identify program needs
and feasible intervention strategies that would enhance the
existing WIC program. WIC program staff expressed interest
in opportunities to provide participants with tools and resources
to complement the nutrition education they received during
WIC clinic visits. The program staff had two main concerns:
many participants not redeeming all of their monthly WIC
benefits and lower program retention as children age past 2
years. They agreed with the feedback from the CAB that
frustrations with the shopping experience could contribute to
both of these problems. The combined feedback of the CAB
and WIC program staff inspired the idea of creating an app with
WIC shopping tools plus nutrition education to include simple
recipes and practical advice.
In 2012, the team conducted the CHEW Nutrition Survey in a
multiethnic sample of 150 families with WIC-participating
children ages 2 to 4 years [24,25]. Analysis of the survey data
on the dietary needs of the children informed the selection of
dietary targets for the nutrition education to be developed.
Compared to the US dietary guidelines that were in effect in
2012 [26], the children in the survey consumed less than the
recommended amounts of vegetables, whole grains, dairy, and
fiber [27]. Intake of whole grains and water was lowest among
Hispanic children, while intake of fat, added sugars, and whole
milk was highest among black non-Hispanic children, even
though WIC did not provide whole milk to participants older
than 2 years at the time. Commonly reported barriers to eating
more fruits and vegetables included that the cost was more than
the value of the CVV, parents or other family members did not
like them, and parents did not have time to prepare fresh fruits
and vegetables (unpublished findings). Finally, the team
identified some cultural differences in food preferences for black
and Hispanic children compared to white children, based on
which fruits and vegetables the parents chose to purchase with
the preschool child’s CVV.

Theoretical Framework and Conceptual Model

Hull et al
a home-based nutrition education intervention to complement
and reinforce WIC’s in-clinic nutrition education with a specific
focus on black and Hispanic children ages 2 to 4 years. The
theoretical framework that guided the development of the
CHEW app was the socioecological model [28-30]. The CHEW
app interplays with the following 5 levels of influence on child
dietary intake (Figure 1):
1.

2.

3.

4.

5.

The policy level represents the state WIC program that
determines the approved food packages compliant with
federal regulations for each family and provides periodic
nutrition education and other services.
The grocery store food environment is where clients will
use the app to facilitate WIC shopping and ideally maximize
purchasing all of their eligible items.
The home food environment is where the user will interact
with the app most of the time, bringing home more healthy
food, planning shopping, and viewing content.
The interpersonal level is where the parent will interact
with the child, implementing tips learned through the app
for feeding the child. Parents are the primary agents of
change within the family, especially for younger children;
thus they are the primary audience for the app.
The individual level represents the child, where all of the
influences will converge to impact the child’s consumption
of food and beverages.

The concept is for the app to improve the WIC shopping
experience, which should lead to maximizing benefit redemption
and an improved home environment as well as increased
satisfaction and program retention. Moreover, the nutrition
education provided through the app will improve the home food
environment and improve parent-feeding practices, which will
lead to improved child dietary intake.

Development of the Children Eating Well Smartphone
App Prototype
Overview
The CHEW team carried out an iterative [31], user-centered
[32] design process to develop the CHEW app prototype with
periodic input on concepts, content, and functional prototypes
from the CAB and the WIC program as the target end-users.
Computer science engineering graduate and undergraduate
students, under supervision of engineering faculty, programmed
the prototype version for the Android operating system. The
goals of the app are to improve the WIC shopping experience,
increase benefit redemption, and improve parent snack feeding
practices. The app consists of 2 components: WIC shopping
tools to make the WIC shopping process easier and nutrition
education for parents of 2- to 4-year-olds [33,34]. See
screenshots in Figure 2. All app content was prepared in both
English and Spanish with the assistance of one of our key
partners, a Hispanic community organization. Users have the
option to switch between English and Spanish versions of the
app.

Based on the input from the CAB and WIC program, we
established the goal of developing a smartphone app for use as
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Figure 1. Conceptual model for Children Eating Well smartphone app based on socioecological framework.
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Figure 2. Screenshots and features of Children Eating Well smartphone app prototype.

WIC Shopping Tools
Several app features were developed to assist users with making
selections while in the grocery store. Two large grocery chains
where the majority of WIC benefits are redeemed in Tennessee
provided the research team with lists of all the WIC-authorized
items carried by each store and the corresponding universal
product codes (UPC). The research team combined the databases
and coded approximately 1000 items to indicate to which regular
vouchers each corresponded as an allowed item along with over
12,000 fruit and vegetable items that could be purchased with
CVVs. In addition, the programmers constructed logical
arguments to represent which items, combinations of items, and
item limits were included on each regular voucher type.
http://mhealth.jmir.org/2017/8/e102/
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For the prototype version, only standard food package types
were included, excluding food packages for special dietary
needs. The programmers built a barcode scanner feature that
enables the user to scan the UPC barcode of any item in the
store to see if the item is (1) approved by WIC and (2) on one
of the family members’ vouchers. Users can then select if they
want to purchase the item, for which voucher, and the quantity,
if applicable. The app notifies users when they reach the limits
for specific categories. At any time during the shopping trip,
users can view the products and quantities allowed for each
voucher and a running list of the items they have selected for
each voucher.
For the CVV, the programmers built calculator tools to assist
the shopper with using the specified dollar amount for each
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CVV. The cost of fruits and vegetables is challenging for
participants to keep track of given the various ways that they
are priced in grocery stores. Thus, 4 calculators are available
depending on which type of fruits or vegetables the user wants
to purchase: packaged fresh—fixed price (eg, bag of carrots,
package of strawberries), packaged frozen—fixed price (eg,
box of frozen spinach, bag of frozen peaches), loose
produce—price per pound (eg, apples or green beans priced per
pound), and loose produce—price per item (eg, individual
cucumbers or watermelons priced per unit). Since prices in each
store vary day to day, the app does not include a price database,
so the user is prompted to enter the package or unit price and
quantity. The cost for the total quantity is then calculated. The
app keeps a running tab of the amount spent on each CVV and
alerts the user when maximum values are reached.

Nutrition Education
Based on feedback from the CAB and WIC program and the
survey findings for the prototype version, the team chose to
focus the nutrition education content on age-appropriate snacks
and beverages for preschoolers. The two nutrition education
features in the prototype version are a Yummy Snack Gallery
and Healthy Snacking Tips. The objective of these features is
to give parents practical skills and strategies to improve the
following dietary targets for children: increased intake of fruits,
vegetables, fiber, low-fat milk, and water and decreased intake
of sugar-sweetened beverages.
In the prototype version, the Yummy Snack Gallery includes
35 snack and beverage recipes developed by the CHEW team
to be quick and easy to prepare, have few ingredients, include
WIC-approved items, require no cooking skills, and be appealing
to 2- to 4-year-olds. Each recipe includes images for visual
step-by-step instructions. The recipes were selected to target
the dietary preferences of black and Hispanic WIC participants
based on findings from the CHEW Nutrition Survey of the most
frequent fruits and vegetables purchased by each group.
Examples of recipes include fast collard greens, peanut butter
and fruit smash-wich, avocado toast, chayote salad, veggie
boats, and peachy banana smoothie. Users can browse the snack
gallery, view the details of each recipe, flag specific recipes as
favorites, and add the ingredients to a snack shopping list.
In the prototype version, the Healthy Snacking Tips feature
includes a database of 21 short educational messages and 21
reminders to use the various app features. The educational
messages are based on evidence from the scientific literature
about parent feeding strategies to provide parents with advice
on practical strategies they can employ with their preschool
children to improve the targeted dietary behaviors. The main
topic areas cover beverages (eg, “Whole milk is for toddlers
under two. For older kids and adults, gradually switch to 2%
then 1% and then skim. Try mixing them for an easier switch!”),
kid-friendly snacking (eg, “Let healthy foods fill the gaps! If
your child misses fruit at lunch, offer it as an afternoon snack.”),
introducing new foods (eg, “It may take more than 12 tries for
your child to like a new food. Stay positive and keep motivating
them to try a bite!”), parents as role models (eg, “Be a great role
model! Let your child see you enjoying fruits, vegetables, water,
and low-fat dairy every day.”), and health benefits (eg, “Fiber
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helps the tummy do its work and helps you go regularly! Get it
from: Apples * Carrots * Broccoli * Pears * Spinach”). These
topics were selected with input from the CHEW CAB. Examples
of reminders include, “Remember to use your WIC shopping
tools when you're ready to buy WIC items at the store,” and
“Just a few minutes until snack time? Check out the Yummy
Snack Gallery for quick and tasty ideas!”
The app is programmed to make the messages appear on the
phone via push notifications per a predetermined schedule. In
the prototype version, the schedule was set to vary the number
of notifications sent each week, with each messages being sent
twice across the 3-month testing period. The default time to
send the notification is 10:00 AM on the designated day, and
the user has the option to change the time.

Study Sample and Recruitment
The prototype app was beta-tested with a sample of 80 mothers
of WIC-participating children ages 2 to 4 years, stratified by
race/ethnicity of the child with 40 black non-Hispanic children
and 40 Hispanic children of any race. Study participants were
enrolled from August 2014 through January 2016. To recruit
families actively enrolled in the WIC program, potentially
eligible families were randomly sampled from periodic lists of
black and Hispanic participants 2 to 4.5 years of age who made
a WIC clinic visit in the previous 3 months. The upper age cutoff
was set at 4.5 (4 years and 6 months) to allow time to recruit
families and complete the testing period before the child turned
5 and would no longer be eligible for WIC benefits. The study
team then contacted the adult contact person to invite the mother
to be screened and participate in the study if eligible. The mother
was targeted for inclusion in the study since mothers are
typically the parent primarily responsible for feeding young
children in families. They were first contacted by mail and given
the opportunity to opt out of further contact, then study staff
followed up with phone calls.
Eligibility screening was completed over the phone in English
or Spanish, per the preference of the respondent. Inclusion
criteria were as follows: child is between 2 and 4.5 years of age,
either non-Hispanic black/African American or Hispanic of any
race (as identified by a parent or guardian), currently receives
benefits from WIC, will receive benefits for the 3 months
following enrollment, and receives one of the standard food
packages (not special dietary needs); mother is 18 years of age
or older (or if under 18 years of age, her guardian provides
consent to participate), currently owns and regularly uses an
Android smartphone, and uses the family’s WIC vouchers at
one of the two major grocery chain stores included in the UPC
database. The following exclusion criteria were applied: mother
does not speak and read English or Spanish, is currently
pregnant, currently has a child under the age of 6 months, is
unable to provide consent, or someone other than the mother
regularly does the WIC shopping for the child participant or
family. The study inclusion and exclusion criteria were extensive
and strict in order to help ensure that we enrolled people who
would most likely be able to use the app and complete the study;
it was not intended as a model for how the app will be
disseminated in practice settings in the future.

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e102 | p.136
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
Out of all the families on the sampled lists, 22% were not
reachable due to incorrect contact information, 20% were
nonresponsive, 10% opted out of further contact or declined to
be screened, and the remaining 48% were successfully screened
for eligibility. Among those screened, approximately two-thirds
(69%) did not qualify based on the inclusion and exclusion
criteria listed above. The most common reasons for failing
screening were as follows: not owning an Android smartphone
(39%), having an infant under 6 months of age (15%), not
shopping regularly at one of the two targeted chain grocery
stores (14%), currently being pregnant (10%), and speaking a
language other than English or Spanish (7%). Potential
participants may have owned smartphones with other operating
systems (eg, iPhone iOS, Windows), but for the purposes of
testing the prototype programmed on the Android platform,
they were not eligible to participate in this study. Among those
screened, 14% were deemed eligible but did not follow through
with the baseline interview appointment or subsequently
declined and 17% were deemed eligible and enrolled in the
study (ie, 55% of those who were screened as eligible decided
to enroll). This study was approved by the Institutional Review
Board of the lead institution.

Study Design and Procedures
Beta-testing of the CHEW app prototype was conducted using
an observational design based on data collected after the testing
period. Interested mothers who were screened as eligible
scheduled an in-home visit with trained interviewers to complete
enrollment. After completing the informed consent process,
enrolled mothers completed a baseline questionnaire in English
or Spanish. The interviewers then installed the CHEW app
prototype on their Android smartphones, loaded the family’s
current WIC voucher information into the app, gave the mother
an overview of how to use the app, and asked her to test the app
during the next 3 months. The app was successfully installed
for 74 of the 80 enrolled mothers (92%); partially installed for
3/80 mothers (4%), meaning that the main app worked, but the
scanning function was not fully operable; and was not
successfully installed for 3/80 mothers (4%) due to
incompatibility of their model of Android phone.
A second in-home visit was scheduled for 3 months after the
baseline visit, during which the mothers completed a follow-up
questionnaire that included a series of questions about their
experiences with the app prototype. At the follow-up visit, the
interviewers also attempted to manually download an app usage
log from the participant’s phone that tracked the frequency of
using specific features in the app. Follow-up visits were
successfully completed with 63/80 mothers (79% retention),
with 7/80 (9%) declining follow-up and 10/80 (13%) lost to
follow-up. Among the 63 who completed the follow-up visit,
usage logs were successfully downloaded from 42/63
participants’ phones (67%). Interviewers were unable download
logs from the remaining participants: 3/63 (5%) whose
installation failed at baseline due to phone incompatibility, 11/63
(18%) who had replaced their phones since the first interview
and no longer had the app, 3/63 (5%) whose phone was currently
broken or lost, and 4/63 (6%) in which the interviewer was
unable to locate and retrieve the log file from the phone.
Participants received a $25 for each completed in-home visit.
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Measures
App Usage Log
Overview
The app was programmed with a simple logging function to
record time-stamped notations when certain activities or events
were performed by the user in the app, such as opening the app
or one of the features, into an archived file. The log could then
be manually downloaded from the phone in the form of a raw
text file. Next our team converted each text file into a
spreadsheet with usable data fields. Then we aggregated all of
the event rows up to the level of the individual user, creating
computed variables using arithmetic functions such as sum or
mean. Finally the data points for each user were merged into a
cumulative log database with one row per participant.
Frequency and Duration of App Sessions
Individual app events were sorted by date and time to identify
discrete user sessions. A new session was operationalized as
any new event (eg, opening the home page) occurring at least
one hour after the previous event. When aggregating the data
to the individual level, we hand-counted the number of discrete
app sessions per user. At the same time, we calculated the
duration of each session in minutes, then upon aggregation
calculated the average duration across all of the individual user’s
sessions.
Frequency of Using App Features
Within each participant’s usage log, we counted the frequency
of several specific logged events as indicators for using a
specific app feature. For using the WIC shopping tools, we
counted the number of times the user selected a grocery store
(one of the two stores included in the app) to initiate a shopping
session as well as the number of times the user opened any of
the produce calculators. For use of the snack gallery, we counted
the number of times the user opened one of the snack recipes.
It was not possible to track receipt or reading of the healthy
snacking tips messages using the log since these messages were
delivered on a predefined schedule to the user through the
Android phone’s native push notification function.

Questionnaire
At baseline, mothers provided sociodemographic information
about themselves, the preschool-aged child, and the family. At
follow-up, mothers responded to a series of items about their
experiences with the CHEW app prototype during the testing
period, described below.
Self-Reported Usage
The mother reported whether or not she had used each of the
main features of the app at least once (Yes or No) during the
past 3 months: WIC shopping tools, snack gallery, and healthy
snacking tips. A “yes” response on any of these 3 items was
then coded in a new variable to indicate using any of the features
in the past 3 months.
Usability
Concepts from an existing smartphone app usability model [35]
were used to construct a series of usability items specific to the
features of the CHEW app in terms of ease of use, helpfulness,
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usefulness, and satisfaction. The response choices for all of the
items consisted of 5-point Likert scales ranging from 1=strongly
disagree to 5=strongly agree, with higher values indicating
greater usability. Some examples of items include, “The Snack
Gallery recipes were easy to follow” (ease of use), “The fruit
and vegetable calculator was helpful” (helpfulness), “The
Healthy Snacking Tips gave me new information” (usefulness),
and “I would recommend the WIC Shopping Tool to other WIC
families” (satisfaction).
Perceived Benefits
A series of items was created specific to the CHEW app
prototype to assess the extent to which the user felt the app
helped the mother perform the targeted behaviors. For each app
component (shopping tools, snack gallery, snacking tips), the
items asked whether this component helped the user perform
specific WIC shopping tasks or recommended parent feeding
strategies. The response choices for all of the items consisted
of a 5-point Likert scale ranging from 1=strongly disagree to
5=strongly agree, with higher values indicating greater benefits.
Examples of items include, “The WIC Shopping Tool made
checking out easier with my cash value vouchers for fruits and
vegetables,” “The Snack Gallery helped me introduce new
vegetables to my child,” “The Healthy Snacking Tips helped
me give my child water instead of sugary drinks,” and “The
Healthy Snacking Tips helped me with my picky eater.”
Qualitative User Feedback
In addition to the structured, quantitative questionnaire items
described above, the interviewers asked the participants several
open-ended questions to elicit qualitative responses of user
feedback regarding the key app features. For all of these
questions, the mother could answer however she wanted, and
the interviewer typed her response into the data collection form
as close to verbatim as possible.
Reasons for nonusers: If the participant indicated in the usage
questions above that she did not use or view one of the 3
components (shopping tools, snack gallery, healthy snacking
tips) at all during the past 3 months, the interviewer asked why
she did not use the feature, as an open-ended question.
Barriers and benefits for users: At the end of each set of usability
and benefits items for each of the 3 main app features, the
interviewer asked the following 2 open-ended questions
regarding each feature: “Is there anything you would like to see
changed about the [fill in] feature in the CHEW app?” and “Do
you have anything else you'd like to say about the [fill in] feature
in the CHEW app?”

Data Analysis
Analyses were performed on the data from the 63 mothers who
completed the posttesting follow-up questionnaires and the
subset of 42 mothers with app usage logs that were downloaded
at follow-up. Sample characteristics were described using
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cross-tabulations with chi-square tests to indicate associations
with race/ethnicity of the child, since the sample was stratified
by African Americans and Hispanics. Descriptive statistics were
used to report the other quantitative variables, using frequencies
and percentages for categorical variables and means with
standard deviations for continuous and ordinal variables.
The qualitative responses to the open-ended questions were
pooled together, reviewed to identify emergent common themes
where applicable, and assigned categories corresponding to the
themes. The themes were then summarized in a table with counts
to provide a general idea of how often they were mentioned by
participants. The responses of nonusers for each feature (ie,
reasons for not using a feature at all) were summarized
separately from the responses of mothers who had at least some
experience using a feature. For these mothers, the themes
emerging from the 2 open-ended questions were divided into
barriers and benefits for using the respective app feature.
For purposes of informing development of future versions of
the app, the team chose to interpret mean scores of 4.0 or higher
as successful in usability or benefits, mean scores of 3.0 to 3.99
as a moderately positive responses that indicate areas needing
focus for improvements in usability or benefits, and mean scores
below 3.0 as not meeting minimum criteria for usability or
benefits and needing major changes.

Results
Sample Characteristics
Table 1 reports the characteristics of the sample by racial/ethnic
group of the child. The racial/ethnic group of the mother
matched that of the child for all but 2 women, one in each group
(results not shown). The majority of children were 2 or 3 years
old, given that the upper age cut off was 4.5 years. The sample
had slightly more male than female children, all of whom were
born in the United States. For mothers, the largest age group
was 25 to 34 years. Roughly equal percentages of mothers were
either married or single/never married. All but one of the
mothers of Hispanic children were born outside of the United
States. Over half of the mothers had only one child receiving
WIC, approximately one-third had 2 family members receiving
WIC, and nearly one-tenth had three or more family members.
More than 4 out of 5 families also received benefits from the
federal Supplemental Nutrition Assistance Program (SNAP) in
addition to WIC. Race/ethnicity of the child was significantly
associated with mothers’ education (P<.001), employment status
(P=.01), country of birth (P<.001), and food insecurity (P=.001).
We compared the baseline demographic characteristics in Table
1 for those who did and did not complete the 3-month follow-up
interview. The only significant difference was that families also
receiving SNAP benefits were more likely to complete follow-up
(results not shown).
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Table 1. Sample characteristics from the Children Eating Well smartphone app prototype study (note: some column percentages do not add up to 100%
due to rounding).
Variable

Black children

Hispanic children

N=33

N=30

n (%)

n (%)

2 years

18 (54)

13 (45)

3 years

14 (42)

10 (35)

4 years

1 (3)

6 (21)

Male

17 (52)

17 (57)

Female

16 (49)

13 (43)

No

0

0

Yes

33 (100)

30 (100)

18-24 years

5 (17)

1 (3)

25-34 years

14 (47)

18 (60)

35-44 years

11 (37)

11 (37)

Married

10 (30)

17 (57)

Single, never married

20 (61)

12 (40)

Single, divorced

3 (9)

1 (3)

<High school degree

2 (6)

15 (52)

High school degree

8 (24)

10 (35)

Any college/technical

22 (67)

4 (13)

Not employed

12 (36)

22 (73)

Employed full-time

14 (42)

5 (17)

Employed part-time

7 (21)

3 (10)

4 (12)

29 (97)

29 (88)

1 (3)

1

19 (57)

18 (60)

2

11 (33)

9 (30)

3 or more

3 (9)

2 (9)

No

4 (12)

5 (17)

Yes

29 (88)

25 (83)

Never

9 (27)

1 (3)

Sometimes

11 (33)

5 (17)

P value

Child—age
.09

Child—gender
.68

Child born in United States
1.00

Mother—age
.21

Mother—marital status
.10

Mother—education
<.001

Mother—employment
.01

Mother born in United States
No
Yes
Family members on WIC

<.001

a

.73

Family receives SNAPb
.61

Run out of money for food
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Variable

a

Black children

Hispanic children

N=33

N=30

n (%)

n (%)

Often

2 (6)

12 (41)

Nearly every month

11 (33)

11 (38)

P value

WIC: Special Supplemental Nutrition Program for Women, Infants, and Children.

b

SNAP: Supplemental Nutrition Assistance Program.

Usage
Table 2 presents usage of the main app components. According
to the available app logs, on average mothers engaged in 12.57
discrete sessions, which roughly translates to once a week over
a 3-month period. More than one-third of mothers (15/42, 36%)
used it more than 12 times, or more than once a week. However,
frequency of usage varied substantially, with a range from 0 to
70 and fairly even distribution across the various categories.
Over 20% (9/42) only used the app once or not at all, while over
half (22/42, 52%) used it more than 6 times, or more than twice
a month. The average duration of sessions also varied
substantially, with a mean of 4.67 minutes and a range from 0
to 22 minutes, which was spread fairly evenly across 2-minute
intervals up to 6+ minutes.
Mothers engaged in a shopping session in the app by selecting
a grocery store on average 5.14 times, with a range of 0 to 19.
Over half (22/42, 52%) selected a store more than 3 times, or
at least once a month. Users opened the produce calculators on
average 3.21 times, or approximately once a month, ranging
from 0 to 17 times. Over one-third opened the calculator more
often than 3 times (15/42, 36%). The snack gallery had the
highest average usage at 12.76 times, or roughly once a week.
However, the wide range of 0 to 111 times and SD 24.67 suggest
a right-tail skewed distribution influenced by a few outliers.
Nevertheless, 40% (17/42) of participants opened a recipe 6 or
more times, or more than twice a month. Each feature had no
logged record of use for nearly a third of mothers.
In the self-reported questionnaire items, 4 out of 5 mothers
(51/63, 81%) reported that they used the WIC shopping tools,
over two-thirds (43/63, 68%) said they used the snack gallery,
and three-fourths (47/63, 75%) indicated that they received or
read the healthy snacking tips. Combined, 9 out of 10 mothers
(57/63, 91%) reported using at least 1 of the 3 components at
some point during the 3 months. This overall percentage
coincides with the app log data indicating that 90% (38/42)
opened at least 1 app session, and the 2 estimates for using the
snack gallery at least once were similar. However, mothers
self-reported using the shopping tools at least once more often
than the logged count of users selecting a store or using the
produce calculators at least once.
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Qualitative Feedback on Barriers and Benefits
Table 3 includes a summary of the reasons given by mothers
who indicated they had not used a specific app feature at all
during the 3-month test period. Many in this group experienced
technical barriers that precluded their ability to use a specific
feature or the entire app, such as a broken phone, unsuccessful
installation, and problems with features working properly on
their phone. A few pointed to the app not being easy enough to
use, lack of interest in the content, forgetting to use it, or not
noticing alerts.
Also included in the table are themes that represent barriers and
benefits mentioned by mothers in the open-ended questions.
Notably, the overwhelming majority of users did not mention
any barriers to using each of the features when asked what they
would want to change about them. Nevertheless, the users
identified some important issues with the shopping tools that
may have interfered with some users taking full advantage of
them. The most common problem was the barcode scanner not
functioning well on certain Android phones. Some noticed
potential errors in the database of WIC-approved items provided
by the 2 grocery store chains as well as a delay in our team
updating the database when WIC implemented some food
package changes in October 2014. A few users experienced
some challenges in using the shopping tools. At the same time,
even though the open-ended questions did not specifically ask
mothers to comment on what they liked about the app, many
were enthusiastic about how they liked the shopping tools and
found them to be helpful.
Many mothers also expressed enthusiasm and satisfaction with
the snack gallery, saying they liked it, it was helpful, their
children loved it, and it was easy and affordable. The common
barrier noted for the snack gallery was a demand for it to be
expanded with more recipes. One mother also said she would
prefer to use it on a different device besides her phone.
Regarding the healthy snacking tips, a couple users experienced
technical issues in receiving the alerts, some did not like the
delivery schedule, and some were not interested in the
information or reminders. Roughly as many mothers pointed
out that they liked the tips or wanted more. A few said they
were helpful, specifically for helping them buy or eat more fruits
and vegetables.
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Table 2. Children Eating Well smartphone app prototype usage (note: some column percentages do not add up to 100% due to rounding).
Variable

n (%)

Logged app usage (n=42)
App sessions (mean 12.57, SD 14.98)
None

4 (9.5)

1

5 (11.9)

2-3

6 (14.3)

4-6

5 (11.9)

7-9

4 (9.5)

10-12

3 (7.1)

13-15

1 (2.4)

16-18

4 (9.5)

19 or more

10 (23.8)

Average minutes per session (mean 4.67, SD 4.29)
Less than 2

11 (28.9)

2-3.9

8 (21.1)

4-5.9

8 (21.1)

6 or more

11 (28.9)

Times selected store for shopping (mean 5.14, SD 5.43)
None

13 (31.0)

1-3

7 (16.7)

4-6

10 (23.8)

7-9

2 (4.8)

10-12

4 (9.5)

13 or more

6 (14.2)

Times opened produce calculators (mean 3.21, SD 4.25)
None

14 (33.3)

1-3

13 (31.0)

4-6

8 (19.0)

7-9

4 (9.5)

10 or more

3 (7.1)

Times opened a snack recipe (mean 12.76, SD 24.67)
None

12 (28.6)

1-5

13 (31.0)

6-10

5 (11.9)

11-20

4 (9.5)

21-30

3 (7.1)

31 or more

5 (11.9)

Self-reported usage in follow-up interview (n=63)
Used any feature at least once

57 (90.5)

Used WICashopping tools at least once

51 (81.0)

Used snack gallery at least once

43 (68.3)

Viewed healthy snacking tip alerts at least once

47 (74.6)
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WIC: Special Supplemental Nutrition Program for Women, Infants, and Children.

Usability and Perceived Benefits
Table 4 reports means and SD for the usability and perceived
benefits items for each of the app prototype components. None
of the items scored below a 3 on usability or perceived benefits
dimensions, which would have indicated a need for major
changes.
For usability, the WIC shopping tools overall, the barcode
scanner, and produce calculators scored just under 4 for ease
of use (3.81-3.98), indicating a need for some improvement.
The barcode scanner also scored just under 4 for helpfulness
(3.90) and usefulness/correct information (3.96), while the
calculators and overall tools scored above 4 on these dimensions
(4.16-4.40). The WIC shopping tools scored above 4 (4.33) on
satisfaction in terms of willingness to recommend them to other
WIC participants. In terms of perceived benefits of the shopping
tools, 6 of the 7 items scored above 4 (4.10 to 4.51), with 1 item
scoring 3.57 for the tools helping to spend more of the CVV,
indicating a need for some improvement to facilitate that target
behavior.
Mothers who used the Yummy Snack Gallery in the previous
3 months scored it high on all of the indicators of ease of use,
helpfulness, usefulness, and satisfaction, with averages ranging
from 4.63 to 4.95. For the 2 perceived benefits of the Yummy
Snack Gallery, introducing new fruits scored just under 4 (3.93)
and introducing new vegetables scored just above 4 (4.05).
Among mothers who viewed the Healthy Snacking Tips in the
previous 3 months, on average they also scored it above 4 on
all of the indicators, ranging from 4.34 to 4.68. For perceived
benefits, 6 of the 8 items scored below 4, ranging from 3.20 to
3.96, with the lowest for switching to low-fat/skim milk. The
2 items scoring above 4 were reducing sugary drinks and
offering more fruits.

Discussion
Principal Findings
Overall, our beta-testing successfully demonstrated the
feasibility of using the CHEW app prototype with mothers of
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WIC-enrolled black and Hispanic preschool-aged children.
Study participants testing the app for 3 months used the app on
average once a week for approximately 4 and a half minutes
per session, according to app usage logs. However, substantial
variation was observed, with very low to no use among 20% of
mothers while another half of mothers used it more than twice
a month. Usage of specific features averaged at 1 to 2 times per
month for shopping-related activities and 2 to 4 times per month
for the snack gallery. Over two-thirds of users were tracked
using the shopping tools or the snack gallery at least once over
the 3-month period. This moderate level of engagement with
the prototype app suggests that the app generated enough interest
and perceived benefits for most participants to try it and many
to continue using it periodically. In order to further expand
initial uptake and ongoing engagement with the next version of
the app, it will be crucial to maintain high usability and appeal
to generate perceived benefits among users.
Mothers classified as users rated the app’s WIC Shopping Tools
relatively high on usability and benefits, although variation in
scores and qualitative feedback highlighted several barriers that
need to be addressed: improving the functionality of the barcode
scanner, making the shopping tools and produce calculators
easier to use, and establishing a process for resolving occasional
errors or changes in the database of WIC-approved items.
Explicit attention should be paid to planning a mechanism for
a future version of the app to communicate seamlessly with
WIC’s new EBT system in the future.
The Yummy Snack Gallery and Healthy Snacking Tips scored
higher on usability than benefits, suggesting that the nutrition
education components may have been appealing but too limited
in scope and exposure. Qualitative feedback revealed that some
users had technical problems with push notifications, some
wanted access to more recipes and tips, and individual
preferences varied regarding the timing and frequency of
Healthy Snacking Tips. In addition to expanding the quantity
and frequency of nutrition content, users may benefit from
individual tailoring of content to enhance perceived benefits
[36,37].
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Table 3. Summary of qualitative feedback from users on Children Eating Well smartphone app prototype features.
Feature

Response

Reason

Number

Lost/broken phone

4

Initial installation failed

3

Problems with scanner

3

Inconvenient

1

Confusing

1

Hard in store with children

1

None

34

Scanner slow/inconsistent

8

Incorrect after WIC change

3

Items say non-WIC approved

3

Confusing

3

Needed more instructions

2

Forgot to use

1

Limited time to shop

1

Would like to include prices

1

Liked it/great/worked well

4

Shopping tools were helpful

2

Scanner was helpful

1

Helpful for using CVVd

1

Should give to everyone

1

Forgot to use

5

Lost/broken phone

3

Unsuccessful installation

3

No reason given

3

Problems with other features

2

Not interested in recipes

2

Limited variety in recipes

1

Did not know how to use

1

None

33

Wanted more recipes

9

Wanted on another device

1

Liked it/great/fun

6

Helpful

5

WICa Shopping Tools
Reasons for nonusers (n=12)b

Barriers for users (n=51)c

Benefits for users (n=51)

Yummy Snack Gallery
Reasons for nonusers (n=20)

Barriers for users (n=43)

Benefits for users (n=43)

http://mhealth.jmir.org/2017/8/e102/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e102 | p.143
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
Feature

Response

Hull et al
Reason

Number

Kids loved it

1

Easy

1

Affordable

1

Good for everyone (non-WIC)

1

No reason given

8

Unsuccessful installation

3

Lost/broken phone

3

Did not notice the alerts

2

None

38

Stopped receiving alerts

2

Messages too frequent

2

Child already ate healthy

2

Not interested in reminders

1

Repeated messages

1

Time of message delivery

1

Great info/loved it

3

Helpful to buy/eat more F/Ve

2

Wanted more tips

1

Reminders were helpful

1

Worked well

1

Healthy Snacking Tips
Reasons for nonusers (n=16)

Barriers for users (n=47)

Benefits for users (n=43)

a

WIC: Special Supplemental Nutrition Program for Women, Infants, and Children.

b

One person provided 2 reasons.

c

Five people provided 2 reasons.

d

CVV: cash value voucher.

e

F/V: fruits and vegetables.
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Table 4. Usability and perceived benefits of Children Eating Well smartphone app prototype features (note: response choices for each item ranged
from 1=strongly disagree to 5=strongly agree. Interpretation: successful—4.0 and higher; needs improvement—3.0 to 3.99; needs major changes—below
3.0).
Feature

Mean (SD)

WICa Shopping Tools (n=51)
Usability
Ease of use
Overall

3.98 (1.12)

Barcode scanner

3.81 (1.32)

Produce calculators

3.95 (1.16)

Helpful
Overall

4.40 (0.90)

Barcode scanner

3.90 (1.42)

Produce calculators

4.16 (1.00)

Useful: correct information
Overall

4.29 (1.15)

Barcode scanner

3.96 (1.52)

Produce calculators

4.39 (0.97)

Satisfaction: recommend to others

4.33 (1.05)

Perceived Benefits
Keep track of family vouchers

4.45 (1.08)

WIC shopping easier

4.10 (1.13)

Show foods allowed to buy

4.51 (0.83)

Regular checkout easier

4.10 (1.14)

CVVbcheckout easier

4.30 (1.09)

Buy all regular voucher items

4.37 (1.06)

Spend more of CVV

3.57 (1.35)

Yummy Snack Gallery (n=43)
Usability
Ease of use: simple

4.81 (0.50)

Ease of use: easy to follow

4.84 (0.43)

Helpful: photos and steps

4.95 (0.21)

Useful: age appropriate

4.77 (0.43)

Useful: fruits that I buy

4.88 (0.39)

Useful: vegetables that I buy

4.63 (0.73)

Satisfaction: recommend to others

4.84 (0.37)

Perceived benefits
Introduce new fruits

3.93 (1.24)

Introduce new vegetables

4.05 (1.17)

Healthy Snacking Tips (n=47)
Usability
Helpful

4.68 (0.59)

Useful: new information

4.40 (0.83)

Satisfaction: enjoy receiving

4.34 (0.94)
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Feature

Mean (SD)
Satisfaction: recommend to others

4.60 (0.77)

Perceived benefits

a

Increase child's water

3.77 (1.32)

Reduce sugary drinks

4.07 (1.29)

Replace sugary drinks with water

3.96 (1.35)

Switch to low-fat/skim milk

3.20 (1.58)

Offer more fruits

4.11 (1.12)

Offer more vegetables

3.94 (1.24)

Help with picky eater

3.68 (1.31)

Improve my own diet

3.98 (1.27)

WIC: Special Supplemental Nutrition Program for Women, Infants, and Children.

b

CVV: cash value voucher.

Qualitative feedback from mothers classified as nonusers pointed
to several fundamental barriers that could preclude some WIC
participants from using the app at all. These included technical
problems with their phone (eg, lost or broken), the app not
working properly on their phone, challenges in understanding
how to use the app, forgetting that the app is on their phone,
and lack of interest. One challenge of programming apps on the
Android platform is variation in the compatibility of the app
across the multiple manufacturers of Android smartphones to
use features such as a barcode scanner and push notifications.
The multiple manufacturer situation does not apply to the iOS
platform, so it my have fewer compatibility issues in the future.
This study adds to the small but growing body of research
focused on the application of technology-based interventions
in the WIC program to promote program retention and healthy
weight gain during childhood. A report on WIC research agenda
recommendations identified the need for interventions to
increase benefit redemption and consumption of WIC foods,
effective approaches to reinforce WIC education between
quarterly visits, and effective use of technology in WIC nutrition
education [38]. A study in New York found that the two most
common reasons for participants to drop out of WIC were
negative shopping experiences and low perceived value of the
WIC food package [39]. The CHEW app addresses these needs
as a technology-based reinforcement intervention designed to
increase benefit redemption through WIC shopping tools and
consumption of WIC foods through built-in nutrition education
tools. In addition, the app could potentially have a positive effect
on retention in the WIC program in preschool ages by improving
the shopping experience for parents and caregivers and
providing greater incentive to remaining in the program.
A study in Michigan found that online WIC education modules
were as effective as traditional WIC education for increasing
fruit and vegetable consumption [14]. In a 2011 survey of WIC
clients/parents in western US states, the majority among ages
20 to 31 years reported interest in the following options for
WIC-related services: checking WIC EBT balance online,
accessing WIC-authorized food guides online, a smartphone
UPC barcode scanning app to check WIC-authorized items, and
online recipes [15]. In a recent focus group study, WIC
http://mhealth.jmir.org/2017/8/e102/
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participants expressed interest in the idea of receiving a
comprehensive WIC app with multiple features such as recipes,
shopping lists, how-to videos, and tools for tracking health
behaviors [16].

Limitations
As a common limitation among most studies using self-report
data, the survey responses of participants could have been
influenced by social desirability bias [40]. Thus, we
complemented the subjective self-report data with objective
app usage logs to confirm patterns of usage. However, another
limitation was not having a mechanism to automatically
download extensive app usage data directly from all of the
participants due to budget constraints; thus, we had to rely on
manual downloads of app usage data among the participants
who completed follow-up. Our analyses indicated that
participants receiving SNAP benefits were more likely to
complete follow-up, but we did not find other demographic
differences between completers and noncompleters. However,
it is possible that the attrition of noncompleters could have
introduced bias in the app usage data. Budget limitations
prevented us from continuously modifying and upgrading the
app prototype based on ongoing feedback while it was being
beta-tested. We plan to incorporate automatically synced app
analytics and additional iterative design cycles to develop the
next version of the app. Finally, as a pilot study of a prototype
app, our sample size was relatively small, particularly for the
app usage logs that could not be collected on all participants.
However, the findings have generated very useful insights that
will inform our future work with this app on a larger scale.

Conclusions
Our team plans to leverage the findings and lessons learned
from the CHEW prototype development and testing process to
guide our next phase of research, in which we will undergo a
new phase of iterative development and usability testing to
upgrade to CHEW version 2.0. We plan to create both Android
and iOS versions that will be adapted to communicate directly
with Tennessee’s forthcoming EBT system, overcoming many
of the technical challenges we faced in the prototype phase
associated with the paper voucher system, multiple participants
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per family, and special dietary needs. Subsequently we will
assess the impact of the app on improving food purchasing
behaviors, parent feeding strategies, and child dietary intake in
a randomized trial. We will also explore how certain educational
components of the app could be adapted for a Web-based
program and print resources to increase accessibility beyond
those who do not use smartphones.
With further development, the CHEW app offers the potential
to be disseminated eventually to WIC programs in states across
the country to improve nutrition and reduce obesity risk among
preschoolers. Future versions of the CHEW app will need an
efficient mechanism to update the app with periodic revisions
to the WIC food packages, changes to the WIC-approved food
lists, and changes in the inventory of WIC-authorized products
from a wide range of vendors. Since WIC is a federal program
that is administered by the states and includes several options
for states to customize the program, considerable variation exists

Hull et al
across states regarding which foods are approved. Thus, in order
to disseminate the app to states beyond Tennessee, future
iterations would need to be adapted to specific state-level rules
and approved food databases.
The WIC program represents an ideal setting to disseminate
technology-based behavioral interventions targeting parents of
young children when early intervention is needed to reduce the
risk of childhood obesity. Parents and the home environment
play a crucial role in primary prevention of childhood obesity
[41-43]. Smartphone apps offer the potential to make a
substantial impact on population health outcomes, even if the
magnitude of impact on each individual is relatively small, given
the potential for smartphone apps to reach large numbers of
people [44]. More applied research is needed to develop and
evaluate innovative interventions implemented in the WIC
context such as the CHEW app.
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Abstract
Background: Studies have consistently shown that mobile and Web-based apps have positive impacts on people’s daily lifestyles,
health management, and disease treatment. As the development of medical and health informatization in China has evolved,
different kinds of mobile-based apps for individuals and hospitals have been developed by software vendors. However, doubts
and challenges posed by the media have prevented these apps from having a stable and substantial user base. Analyses of user
requirements have not typically been performed prior to the design of such mobile apps. The health information government
authority in Liaoning Province, China, was planning to establish a mobile health (mHealth)-based health management platform,
aiming to alleviate the difficulties citizens have in seeking hospital services.
Objective: The goal of this study was to determine the actual health and medical needs of citizens that may be addressed by
medical information technologies. The results may contribute to the functional design and development of health management
and appointed treatment-oriented mobile apps.
Methods: In this study, a semi-structured questionnaire on mHealth requirements was designed and tested, and 240 questionnaires
were given to the outpatients of the First Hospital of the China Medical University in Shenyang, Liaoning Province, China; of
these, 228 valid responses were collected, for a response rate of 95%. We discussed the current development of mHealth with 50
related experts and engineers from health authorities and a medical information company. SPSS 13.0 was used for statistical
analyses.
Results: After detailed analyses of the questionnaire data, several findings were evident: first, most citizens and patients were
unclear about their health conditions (64.5%, 147/228) and were interested in receiving a mobile app as a tool to manage their
health and medical needs (71.1%, 162/228). Patients in different outpatient departments had different opinions regarding online
registration. Conversely, the main problems for outpatients were long waiting times (66.4%, 148/223) and difficulties in making
appointments (46.5%, 106/228), and they also worried about payments and Internet problems when using a mobile app for
appointment reservations. Furthermore, as the main service target of mHealth is the health management of the general population,
we first need to solve the associated interoperability and data security problems associated with such apps.
Conclusions: This study provides insight into the health and medical requirements of smartphone apps, and draws attention to
some of the challenges and opportunities of mHealth. We suggest several value-added features and characteristics that app
developers should take into consideration when developing health and medical-related apps. The findings also highlight some
major challenges that require further consideration and research to ensure that these apps meet the core needs of patients and aid
the development of the health information system in Liaoning Province, China.
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Introduction
Development and App of mHealth Apps
The concept of mobile health (mHealth) appeared in the early
21st century with the development of mobile phones and
wireless technology [1], and since that time research has
consistently shown the deployment of mHealth will benefit
patients with chronic disease [2], making it easier to implement
primary health care [3] and reduce health care costs [4].
Different kinds of mobile phone or tablet-based apps on Android
and/or iOS operating systems have been exploited for use inside
[5] and outside of hospitals for the purposes of nursing support,
outpatient management, chronic disease management, online
medical consulting, daily health, and public service [4,6,7].
Research on evidence-based practices consistently show the
positive effects of using mHealth-based apps [8-10]. In China,
mHealth is in a stage of rapid growth, and many mHealth apps
that are not specifically used by health care providers are
familiar to (and used by) patients outside of hospitals, including
online doctor services that are available at any time, health data
tracking, and real-time analyses using wearable devices and
self-help checking. Some hospitals have even developed their
own hospital mobile apps in cooperation with online payment
companies. Governments in China are taking positive measures
to encourage mHealth development, and venture capital funds
are investing in mHealth apps to promote the prosperity of the
health market [11].

mHealth-Based Health Management Platform in
Liaoning Province, China
The entire health information structure of Liaoning Province is
at the forefront of development in China. The system includes
five parts known as 46312: a four-level health information
platform integrating county-city-province to nation; six key
business apps (medications, medical service, health care, health
insurance, fertility service, and integrated apps); three-database
construction (electronic medical records, electronic health
records, and population); one virtual private network connecting
all platforms and apps; and a two-standard hierarchy (health
information and security). The ultimate aim of this structure is
to provide more convenient services for patients using current
information technologies, which is the underlying reason for
genesis of this project involving an mHealth-based health
management platform in Liaoning Province (referred to as the
platform in the sections below). To alleviate the difficulties that
regional citizens experience while seeking medical and health
services [12], the platform will be integrated with large regional
hospitals by adopting data exchange and mHealth-related
technologies, which would solve the main problems that patients
confront by providing multiple ways of accessing medical and
health services (including mobile phone apps, websites, and
Wireless App Protocol-based apps) [13].
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Purpose of This Study
Various kinds of mHealth-based apps for patients are presently
available on the Internet, yet none can maintain a stable and
large-scale user base to support a range of province-based health
requirements. We believe the underlying reason for this problem
lies in the fact that existing apps do not meet the fundamental
health requirements of the general public [14]. Compared with
foreign research (eg, on online information-seeking, appointment
making, and patient-provider interactions [15,16]), we have not
found any comprehensive requirement studies of patients or
experts on mHealth for the purpose of a system designed in
China, except for some small Internet surveys that are not
credible for platform development [17]. In this study, we aimed
to acquire and analyze patients’ requirements of medical, health,
and related mHealth apps in Liaoning Province, which will
become the foundation for the functional design and
development of a province-wide innovation platform in China.

Methods
Questionnaire Development
There were few preexisting questionnaires that were suitable
for the investigation of mHealth requirements in this study, so
we designed a new questionnaire that includes two parts: Part
A for citizens and patients (30 questions), and Part B for health
information-related persons (10 questions). Part A is divided
into three sections: basic information questions, medical and
health-related questions, and smartphone app questions (see the
detailed contents in Multimedia Appendix 1). Part B concerns
the current and future development (and current problems) of
mHealth, as relayed by health information-related professionals.
We invited four experts (three from the Medical Informatics
Department of China Medical University and one from the
Ministry of Health in Liaoning Province) to review the content
and structure validity of the questionnaire. Subsequently, we
distributed the questionnaire to 300 volunteers and, using
SPSS13.0 to collect the data and assess its reliability, modified
the questionnaire to make it workable for a large-scale
investigation. The final reliabilities were 0.802 and 0.848 for
Parts A and B, respectively.

Participants
For questionnaire Part A, we randomly selected patients and
related citizens (consisting of family or friends accompanying
the patients) in six outpatient departments (medicine,
dermatology, gynecology, ophthalmology, otorhinolaryngology,
and mental health) of the First Hospital of China Medical
University, which is the largest comprehensive hospital in
Northern China with an outpatient capacity of over 2,630,000
per year. Patients with different kinds of disease conditions
come from different cities in Liaoning Province because they
prefer to visit this hospital first. Thus, the opinions of
participants from the hospital outpatient areas represent a
substantial proportion of the viewpoints of citizens in Liaoning
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Province. For Part B, we randomly chose engineers, clerks, and
managers from three information centers in a hospital, Liaoning
Province Ministry of Health, and an information technology
(IT) company to complete the questionnaire.

Survey Deployment
Three investigators visited the waiting areas of the six outpatient
departments during the periods of December 2-4 and December
9-11 in 2013, when outpatient visits are typically at the highest
level. Investigators individually explained the questionnaire to
participants and asked the patients or citizens to fill it in, and
retrieved each completed questionnaire. For Part B, we
investigated health-related persons from three institutions that
are the main participants in the health informatization process
(a hospital information center, an information center of the
health board, and an IT company). At the beginning of each
questionnaire, we explained that the survey was part of a
platform project that was proposed by China Medical University
and that the information collected from the participants was
only for research purposes. We did not give out the
questionnaires until the patients understood this and were willing
to complete the survey.

Analysis
We used SPSS13.0 to process and analyze the questionnaire
data, which included the following three parts: Define Variables,
Data Entry, and Data Statistics.

Define Variables
In the variable view, each question item of the questionnaire
was treated as a variable; we defined the name, data type, width,
label, values, and other variables for each.

Data Entry
The types of questions were choice questions or multiple-choice
questions; we entered all options selected by our respondents
in the questionnaires into SPSS according to the defined
variables.

Data Statistics
After data entry, we used the frequency, crosstabs, and tables
in the descriptions function, defined multiple response sets, and
conducted multiple response analyses. Cross tab analysis is a
Chi-square test method to measure relevance between every
two variables in SPSS13.0. Multiple response analysis is a
frequency analyzed when there can be more than one response
to a survey question per participant, and allows the set of
responses to be combined and collectively analyzed.

Results
Overview
Two hundred and forty patients and citizens responded to
questionnaire A, of whom 12 were excluded due to incomplete
answers (more than two missing answers). At total of 228 valid
respondents were included in our analysis (see Table 1). Many
studies have pointed out that age and sex heavily affect online
information-seeking behavior. We hypothesized that visit type
(whether a person is visiting for the first time [first] or second
time [subsequent], or is a companion [citizen] with patients
visiting a hospital during the past 2 months) was a key factor
for patients acquiring health information. Patients tend to go to
large hospitals instead of general practitioners to seek medical
treatment once they get sick. In the current health system of
China, the more times that patients go to a hospital, the more
they learn about their health conditions. Of the 228 respondents,
almost half were women (111/228, 48.7%), and the average age
was 31.5 years, with a high rate of young adults (43.9%,
100/228); 42.5% (97/228) were first-time visitors to the hospital,
and 35.5% (81/228) were second-time visitors to the hospital.
Nine of 60 respondents to Part B of the questionnaire were
excluded due to careless and repeated answers. These
respondents covered all health information departments in
Liaoning Province; different position levels may have influenced
their opinions about mHealth development (see Table 2).

Table 1. Participant demographics of the Part A questionnaire.
Characteristic

n (%)

Total (N)

228 (100.0%)

Age (years)

Sex

Visit type
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18-29

100 (43.9%)

30-40

87 (38.2%)

41-69

41 (18.0%)

Male

117 (51.3%)

Female

111 (48.7%)

First

97 (42.5%)

Subsequent

81 (35.5%)

Citizen

50 (21.9%)
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Table 2. Participant characteristics of the Part B questionnaire.
Department

Position
Clerk

Chief Information Officer

Engineer

Researcher

Government health information center, n (%)

0 (0.0%)

8 (34.8%)

15 (65.2%)

0 (0.0%)

Hospital, n (%)

8 (57.1%)

1 (7.1%)

1 (7.1%)

4 (28.6%)

Information technology company, n (%)

0 (0.0%)

1 (7.7%)

12 (92.3%)

0 (0.0%)

Evaluation Outcomes
Questionnaire A
Questionnaire A is divided into three parts: health
information-seeking, appointment making and medical
treatment, and smartphone usage. Comprehensive analyses are
detailed in Multimedia Appendix 2.
Health Information-Seeking
Regardless of age, sex, or visit type, most of the respondents
were unaware of their health conditions (62.3%, 142/228) and
unclear about former preventive care records (84.6%, 193/228)
or hospital visit records (65.4%, 149/228). Most patients (73.7%,
168/228) were willing to check their health, visit, or test records
if it was convenient, with most respondents (64.5%, 147/228)
obtaining disease information mostly and/or only from their
doctors. Patients (citizens) preferred to get health information
from a health expert or hospital visits (65.4%, 149/228)
compared to Internet searches (21.1%, 48/228); 55.2% (126/228)
indicated that they would likely and/or certainly use the Internet
or a mobile app to get some information before seeking a doctor.
Additionally, 67.1% (153/228) of respondents answered that
they might follow some health suggestions from a prestigious
health website; 71.5% (163/228) said they wanted to learn
medical-related knowledge if it was convenient. Among all of
the above, some significant findings include: women were more
likely than men to know partially about their former preventive
records (χ2=10.855, P<0.01); subsequent patients knew more
about their health status than first-visit patients (χ2=21.075,
P<0.01); patients were more aware of their former hospital visit
records than nonpatients (χ2=9.553, P<0.05); males were more
likely than females to choose Internet searches as the way to
obtain health information (χ2=10.592, P<0.05); first-visit
hospital
patients
would
rather
choose
Internet
2
information-seeking than others (χ =15.612, P<0.05); and young
adults (18-29 years old) would be more likely than others to
use the Internet or a mobile app to obtain some health
information before seeking a doctor.
Multiple response analysis showed the most wanted health
information included a physical examination, disease awareness,
and daily health; computer and smartphone apps were the most
favorable ways to search the Internet.
Appointment Making and Medical Treatment
Multiple response analysis showed that the three most common
problems during medical treatment were long waiting times
(66.4%, 148/223), difficulty making appointments (46.5%,
106/228), and unclear treatment results (40.3%, 87/216). Table
analysis and Chi square tests showed the most desirable way to
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make an appointment with a doctor was online (49.6%, 113/228)
regardless of age or sex, especially in outpatient departments
of internal medicine, otorhinolaryngology, and mental health
(χ2= 213.077, P<0.01). However, the results varied by visit type
(χ2=25.782, P<0.01), which meant citizens were more likely
to choose online appointment-making than others. Respondents
showed similar degrees of concern regarding online
appointment-making, which included: tedious processes (37.3%,
85/228), registering with the wrong department (33.6%, 75/223),
inability to find the most wanted doctor (35.0%, 78/223), and
more difficult hospital processes (30.9%, 69/223).
Compared with hospital payment (30.7%, 69/225) and uncertain
answers (22.7%, 51/225), most respondents indicated that they
wanted to pay the appointment-making fee online (46.7%,
105/225) regardless of age, sex, or visit type, especially in
outpatient
departments
of
internal
medicine,
otorhinolaryngology, and mental health (χ2= 28.843, P<0.05).
After online appointment-making, 81.9% (86/105) of the
respondents wanted an alert to show the time and process of
seeking a doctor in the hospital. If the appointed doctor could
not be available on the day (doctors’ schedules are often changed
in the hospital), 58.9% (66/112) of respondents chose to make
a decision later based on the factual situation, while subsequent
visit patients were less likely to continue their hospital visit
(χ2=10.911, P<0.05).
In total, 49.1% (112/228) of participants preferred to choose a
time to go to the waiting room and wait for the doctor rather
than staying in the waiting room after appointment-making,
especially in outpatient departments of internal medicine,
otorhinolaryngology, and mental health χ2= 27.543, P<0.01),
regardless of age or visit type. However, females showed more
willingness to wait than males (χ2=9.968, P<0.01). Most
respondents only showed partial satisfaction with their medical
treatment outcome (54.6%, 112/205). Reasons for dissatisfaction
with the doctor-seeking experience included: still unclear about
my condition (29.1%, 62/213), have unanswered questions
(49.3%, 105/213), and doctors’ poor attitude (21.6%, 46/213).
Thirty-six respondents wrote down other reasons and
suggestions about unsatisfactory hospital outpatient experiences,
including: five pointed out a lack of clarity of hospital processes
and/or ways to choose the correct doctor because of unclear
doctor interfaces; three were unclear about the doctors’
prescriptions; three complained about the high medical treatment
price, which mainly included medication and physical tests;
five respondents did not trust their doctors’ diagnosis; three
complained of doctors’ and nurses’ poor service attitudes; five
pointed out the prolonged waiting time of outpatients, and
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waiting for test results after a difficult appointment-making
process in the hospital; four respondents were still unclear about
all of their conditions or test results; two reported poor
navigation and disorder in the outpatient section in the hospital;
and four expressed their opinions about the online
appointment-making process (Internet problems causing failure,
functions that should be customized, mobile payments should
also be acceptable, and the process should record the entire view
of a patient’s health care).
Smartphone and App Usage
We defined a smartphone as a phone that has a standalone
operating system, running memory, and connection to wireless
Internet and mobile communication Internet (so that users can
install any third-party software, such as games, navigation, and
so on). Data analysis showed that 96.4% (216/224) of our
respondents had smartphones, but department difference
(χ2=14.18, P<0.05) indicated that elderly patients from the
ophthalmology department may not use smartphones. Pearson
Chi-square test results showed daily time spent on a smartphone
significantly declined as the users’ age increased (χ2=20.593,
P<0.01), and differences were noted in different departments
(χ2=31.613, P<0.01). Among the three age groups (18-29, 30-40,
>41), the percentages of daily time spent on a smartphone >3
hours were 45.9% (45/98), 28.2% (24/85), and 22.5% (9/40),
respectively. Most respondents (69.8%, 150/215) chose “YES”
when asked about receiving pushed messages from health and
medical-related apps.
Multiple response analysis results showed several trends: the
two most used functions of smartphones were apps (85.5%,
189/221) and phone calls (49.3%, 109/221); the two most used
kinds of smartphone-based apps were instant messengers
(84.2%, 186/221) and news (59.3%, 131/221); the three most
desired kinds of apps were health related (63.9%, 138/216),
daily life service related (52.3%, 113/216), and medical
treatment
related
(48.6%,
105/216);
respondents
comprehensively showed high health-related app expectations
regarding health management (47%, 101/215), health learning
(59.5%, 128/216), and health record queries (52.1%, 112/216);
medical-related app expectations included appointment-making
(65.1%, 142/218), treatment results queries (59.2%, 129/218),
and patient-provider interactions (53.7%, 117/218). The most
accepted kinds of push messages from smartphone apps were
test results (58.3%, 127/218) and appointment alerts (51.8%,
113/218).

Questionnaire B
Crosstab analysis showed that 68% of respondents (34/50)
thought mHealth would benefit general citizens more than other
institutions, regardless of working units or positions. Multiple
response analysis showed: information technology development
(71%, 35/49), the health care industry (43%, 21/49), and
citizens’ health needs (39%, 19/49) together gave rise to
mHealth development; the roles that smartphones play in the
mHealth industry mainly involved the information display
platform (78%, 39/50) and data collection (or transmission)
tools (46%, 23/50); the most used smartphone functions in the
health industry were the Internet (70%, 35/50), apps (58%,
http://mhealth.jmir.org/2017/8/e117/
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29/50), messaging (52%, 26/50), and sensors (42%, 21/50).
Based on current health informatization achievements, mHealth
was thought to benefit citizens by enhancing health information
access (63.3%, 31/49) and improving the hospital visiting
process (63.3%, 31/49). Respondents indicated that mHealth
usage could benefit the health industry by optimizing health
care process management (60%, 30/50) and embodying the
value of the whole health informatization structure (48%, 24/50).
Data security (49%, 24/49), interoperability (41%, 20/49) and
legality (47%, 23/49) were nominated as the main concerns that
mHealth is facing in the current situation. The health department
(72%, 36/50), hospitals (78%, 39/50), insurance entities (68%,
34/50), researchers (44%, 22/50), and patients (68%, 34/50)
were all thought to be important participants in mHealth
development. Participants also indicated that data sharing
between providers and patients (62%, 31/50), health services
(eg, health education and family health; 74%, 37/50) and chronic
disease management (56%, 28/50) could be improved by
mHealth in the current health environment.

Discussion
Principal Results
Health Information-Seeking
In this study, we found women were more likely than men to
be concerned about health information. Patients were more
likely to be familiar with their historical health records than
nonpatients, which is in accordance with one of the common
Chinese health scenarios, which is that people usually do not
care about their health until they get sick. Women are usually
more conservative than men regarding new technologies, which
explains why males were more likely than females to choose
an Internet search as a way to obtain health information. This
finding is similar to German research conducted by Bidmon
and Terlutter [18], who suggested that women were more
engaged in searching for health information, while men were
more likely to adapt to a virtual patient-physician relationship,
such as personal appointment-making, referral to other doctors,
writing prescriptions, discussions of normal test results, and
doctor’s notes/certificates of health. First-time hospital-visiting
patients would rather choose Internet information-seeking than
subsequent patients; young adults (18-29 years old) would be
more likely than others to use the Internet or a mobile app to
obtain some health information before seeking a doctor, which
provides evidence for the conclusion that health communication
efforts utilizing mHealth will have a strong impact when the
target population is a younger generation [19]. The Internet is
increasingly becoming one of the major health information
media formats [20]. Patients were favorably disposed to learning
health-related information through the Internet or mobile phones.
The results above suggest that we should provide functions for
checking historical health records and a medical knowledge
database for self-help learning when designing an
mHealth-based health management platform in Liaoning
Province.
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Hospital Visiting

Smartphone Usage

Significant results include: citizens tended to choose online
appointment-making more than first and/or subsequent patients,
which is similar to the result for online information-seeking and
indicates that people would like to search for health information
before seeking a doctor. These responses may be due to limited
health care access [21], especially in China. Subsequent patients
do not seem to like to continue with hospital visits when their
appointed doctor changes, indicating that they want to choose
the doctor themselves. This trend indicates another problem in
the Chinese health system: patients require a constant primary
health care provider instead of seeking unknown hospital doctors
[22]. The long waiting time after an outpatient appointment has
been made is a major problem during hospital visits; thus, most
respondents want to choose an appropriate time to come to the
hospital waiting area. However, women are more willing than
men to wait until the doctor’s office calls them, which reflects
the fact that men in China are more open-thinking and more
readily adapt to new things whereas women are more
conservative, which is the opposite to the situation in many
foreign countries in which women are more likely to seek and
accept online health information [18,23].

The results found in this part are in accordance with current
mobile technology development. Almost all respondents had a
smartphone, and over half were familiar with smartphone-based
apps. Time spent on the Internet on smartphones was negatively
correlated with age because most of our respondents were young
adults who display online health information-seeking behaviors
[20,24]. Most of the respondents would like to try new health
apps, such as health management and medical treatment-related
apps. In addition to online appointment-making and health
history recording, respondents want to use apps to query test
results, learn about their conditions, and talk with their doctors.
Future research should pay more attention to doctor/patient
communication.

The findings from this part of the survey have great significance
for our platform design and development. In general, we found
appointment-making and long waiting times were the most
commonly confronted problems in hospital outpatient visiting,
and most patients and citizens were willing to make
appointments online, which means that designing an online
appointment-making function to alleviate the current situation
is necessary. However, some patients worried that they might
possibly choose the wrong department or doctor, or encounter
a more complicated hospital process when making an
appointment online, so we need to take these factors into
consideration when developing mobile apps. To integrate with
the hospital management system, hospitals need to make some
changes to the outpatient process to accommodate online
appointment-making to make it more convenient. As we
perceived, patients would like to pay the appointment fee online,
as this is more convenient; after successful payment, most
patients want to receive alert messages to remind them of the
hospital visiting time, address, and other instructions. Most
citizens, and especially patients, would hesitate if the appointed
doctor is changed, and when a patient goes to the hospital
outpatient department on the appointed day, they do not like to
wait for a long time until it is their turn.
According to the results above, we should take every possible
expected (or unexpected) circumstance into careful consideration
when designing the function frame and workflows of the
platform, keeping users fully informed of every change in their
appointments. Online payment is a key point for more
convenient appointment-making for hospital outpatient visits.
However, there are some special challenges that cannot be
solved solely by mHealth platform development, such as the
increasingly intense relationship between patients and providers,
high medical costs and medication prices, and the deficiency
of high quality medical resources.
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mHealth Development
We predict the future direction of mHealth is health management
and health improvement, targeted at meeting the major
requirements of general citizens, such as health management
apps, health monitoring, and telemedicine [10,25]. Smartphone
apps could be connected with wearable devices through
technologies (eg, Bluetooth, Wi-Fi, and wireless sensors) to
realize real-time data collection and analytical functions on
regional health information platforms, which would provide
citizens with online services such as health information storage,
information querying, personal health assessments, and chronic
disease management [26]. To achieve the final goal of providing
more convenient health services for general citizens, mHealth
development should be supported by the government, medical
institutions, medical insurance, and patients themselves.
Governments should set performance standards to evaluate the
safety, validity, and practicality, together with hospitals and
patients [9,27]. The most common problems we need to solve
for mHealth development are safety and interoperability [28].
Due to the explosive increases in health and medical data, data
safety is a major problem in the medical field, which is
exacerbated by the implementation of mHealth-based app usage
[29]. Overall, respondents were all positive about mHealth
usage, development, and significance, which is in accordance
with current health policy suggestions.

General Suggestions for mHealth-Based Health
Management Platform Development
Platform development needs to focus more on basic functional
designs. Our requirements analysis showed that most citizens
were unclear about their historical health records, so the query
function design should use this as a foundation. This approach
is in accordance with other studies showing that we should
provide better means of navigating online health information
by improving systems supporting patients’ health
information-seeking activities [30,31].
We also need to pay more attention to small details, which is
the key to the success of mHealth apps. Study results indicated
patients usually encounter many problems during their hospital
visits, such as unfamiliarity with hospital outpatient doctors,
difficulty knowing which doctor to choose, inability to find a
particular location, and frustration from waiting times that are
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too long during their hospital visits. mHealth app development
should try to solve these particular problems.
We also need to address interoperability. Referring to medical
treatment functions (eg, appointment making and online
payment), hospitals and the mHealth platform should exchange
some key parameters, and the hospital should also make some
changes to simplify the process of patients visiting their doctors
after they have made online appointments, to make it easier for
patients to make an online appointment to encourage app usage.
Regarding sustainable development, mHealth development
needs to continue to devote funds, manpower, and devices to
maintain a sustainable operation, which is a key point [32].
Apart from providing free basic services, some customized
value-added services are needed and necessary, and more
research is needed to investigate what kinds of services would
be acceptable.

Novelty
To our knowledge, this is the first comprehensive study
analyzing the requirements of an mHealth platform before
proceeding to system design and development in Liaoning
Province. We designed and verified a set of questionnaires
directed at discovering Internet health information-seeking
behavior, online appointment making, mHealth-based app usage,
and mHealth development. Based on the current achievements
of health informatization, such as the comprehensive regional
health platform connecting large hospitals and the unified
payment platform, the Health Ministry encourages the

Zhang et al
development of mHealth-related apps to provide patients with
more convenient tools for health management and medical
treatment. We believe this study provides many meaningful
ideas for functional design and program development of
mHealth related apps.

Limitations
There is the possibility of selection bias among respondents,
since we only chose patients (or citizens) who were willing to
fill in the questionnaire for us. Young adults showed more
interest and understood our questions better, which caused a
disproportionate age distribution, and a few elder respondents
missed one or two questions, which may be due to their limited
health literacy or our incomprehensive design of the
questionnaire. There may be more health information-seeking
problems or requirements that will need to be explored in the
future. It is very common in China that elders use fewer
computer or smartphone functions than young adults, even when
they have access to the Internet, and we also saw this trend in
our results. We believe that the design of the mHealth app
should mainly be oriented to young adults, who will help elder
family members when seeking a doctor in a hospital online, and
will also help elder people improve their online health
information-seeking behavior [33]. Furthermore, our study is
simply an analysis of the requirements for a large-scale
information system development process; the effectiveness of
our study should be evaluated according to the implementation
of the mHealth-based platform and other similar projects.
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Abstract
Background: The importance of the preconception period and preconception care (PCC) are broadly acknowledged and the
potential benefits regarding health promotion have been studied extensively. PCC provides the opportunity to identify, prevent,
and treat modifiable and nonmodifiable risk factors to optimize the health of couples trying to become pregnant. The prevalence
of modifiable and nonmodifiable risk factors in these couples is high, but the uptake of PCC remains low.
Objective: The aim of this study is to identify the preferences and experiences of women and men (patients) trying to become
pregnant and of health care providers and other involved professionals regarding mobile health (mHealth), in particular the
coaching platform Smarter Pregnancy, and its potential role in PCC.
Methods: Patients who participated in the Smarter Pregnancy randomized controlled trial (RCT) and health care providers and
professionals also involved in PCC were invited to participate in a qualitative study. The barriers, benefits, and opportunities of
big data collection by mHealth were discussed in focus group sessions, prompted with statements regarding PCC.
Results: We composed five focus groups, consisting of 27 patients in total (23 women and 4 men), who participated in the RCT,
and nine health care providers and other professionals. Of the patients, 67% (18/27) were familiar with the concept of PCC, but
only 15% (4/27) received any form of PCC. A majority of 56% (combined percentages of statements 1 [n=18], 2 [n=11], and 3
[n=16]) of the patients believed in the benefit of receiving PCC, and all agreed that men should be involved in PCC as well.
Patients did not have a problem using anonymized data obtained from mHealth tools for scientific purposes. Patients and health
care providers and other professionals both acknowledged the lack of awareness regarding the importance of PCC and stated that
mHealth provides several opportunities to support clinical PCC.
Conclusions: Our findings substantiate previous studies addressing the low uptake of PCC due to unawareness or lack of
perception of its relevance by couples who are trying to become pregnant. The positive judgment and experiences with mHealth,
in particular Smarter Pregnancy, will stimulate future research and further development of effective and cost-effective personalized
mHealth apps for patients, health care providers, and other professionals as an add-on to clinical PCC.
(JMIR Mhealth Uhealth 2017;5(8):e123) doi:10.2196/mhealth.7834
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Focus group; Lifestyle; mHealth; Nutrition; Personalized medicine; Preconception care
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Introduction
Since the recommendation of preconceptional folic acid
supplement use for the prevention of neural tube defects in the
early 1990s, the importance of the preconceptional period in
the physiology and pathophysiology of pregnancy outcome and
preconception care (PCC) is broadly acknowledged. The
potential benefits of health promotion and interventions during
this period of at least 14 weeks before conception has been
extensively studied [1-3]. PCC can be used to identify, prevent,
and treat modifiable and nonmodifiable risk factors and it
optimizes the health of couples trying to conceive and,
ultimately, the pregnancy outcome [4]. In the Netherlands, PCC
is only delivered to a select group of women, mainly those who
have a fertility problem or a high risk for adverse pregnancy
outcome due to a known genetic or medical condition or a
previous poor pregnancy outcome. However, at their own
request, couples can receive PCC from a health care
professional, but so far only a very small proportion of the
general population takes advantage of this. The low uptake of
PCC, combined with the high prevalence of unhealthy nutrition
and lifestyle behaviors, illustrates the lack of awareness
regarding the importance of PCC in couples who are trying to
conceive [5-7].
Currently, rapid developments in the field of telemedicine by
means of electronic health (eHealth) and mobile health
(mHealth) are opening doors to new opportunities to empower
patients and health care providers and professionals and to fill
the gaps in patient care [8,9]. In 2010, more than 200 million
health-related online apps were downloaded, suggesting that
mHealth indeed has the potential to reach, inform, and educate
a large population [10]. Inherent to such mHealth apps,
programs, or services, an enormous amount of data, referred to
as “big data,” can be obtained and stored by integrating data of
online questionnaires, biofeedback, and diagnostic and
monitoring tools. Consequently, big data can be used to study
specific populations of interest and is therefore considered to
be of great medical and scientific importance in the future [11].
Because nearly all women and men of reproductive age have
Internet access and/or own a mobile phone, we believe that
mHealth can play a role in providing information that can induce
awareness and eventually support the implementation of PCC.
Although there are many pregnancy-related mHealth solutions,
mHealth solutions focusing on PCC are scarce [12]. Therefore,
we consider this study regarding “Smarter Pregnancy” as a
pioneer in the field of PCC using mHealth.

Van Dijk et al
The aim of this qualitative study was to explore the preferences
and experiences of women and men regarding mHealth,
including big data, and its potential role in PCC. Moreover, we
discussed these preferences and experiences with health care
providers and other involved professionals in the field of PCC.

Methods
Participants and Recruitment
All participants (hereafter referred to as “patients” to improve
readability) of the Smarter Pregnancy randomized controlled
trial (RCT) (ie, fertile and subfertile couples trying to conceive)
who completed the first six months of the program or resigned
prematurely were invited to participate. The details of the
Smarter Pregnancy mHealth platform and the RCT design have
previously been published [13,14]. In short, during the Smarter
Pregnancy RCT, the intervention group received individual
coaching consisting of a baseline screening and a follow-up
screening at 6, 12, 18, and 24 weeks regarding nutrition and
lifestyle behavior. Coaching also included a maximum of three
interventions per week, which consisted of short message service
(SMS) text messages and email messages containing tips,
recommendations, vouchers, seasonal recipes, and additional
questions addressing gender, behavior, first day of last menstrual
period, pregnancy status, body mass index, and adequacy of the
diet. The control group did not receive the weekly personal
coaching after the baseline screening and only received a
minimum of feedback on the screening questionnaires at
baseline and at 12 and 24 weeks.
For this qualitative study, all potential participants received an
email that included an invitation to participate in a focus group
session. In this email, we stated that we were interested in their
feedback on our mHealth coaching platform and their views on
the general concept of mHealth and big data by means of a
semistructured interview, prompted with statements about PCC
(Table 1).

Data Collection Procedure
To compose homogeneous focus groups and consequently lower
the barrier to participate and increase the response rate, we chose
to stratify the groups according to gender, known fertility status,
and RCT study group (ie, intervention or control group). We
aimed to recruit 6 to 10 patients per group. One week before
the meeting, patients received a list of the statements that were
going to be discussed during the focus group. At the start of a
focus group, patients were asked to fill out a questionnaire
regarding their personal information, medical information, and
experiences and knowledge on PCC in general.

Table 1. Statements used during the focus groups with patients.
Statement

Topic

1. I consider the background information and coaching received by the mHealth program Smarter Pregnancy as useful.

Preconception care

2. Personal coaching by email and text messages is a valuable additive.

mHealth

3. Smarter Pregnancy has a pleasant way of communicating.

mHealth

4. Mobile health is a right method to give preconception care.

mHealth

5. Data obtained from Smarter Pregnancy can be (anonymously) used for other (non)commercial purposes.

Big data
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Every focus group meeting took place at the Erasmus MC,
University Medical Centre, Rotterdam (the Netherlands), and
was preceded by an individual introduction of each patient and
a short presentation by a researcher (MRvD) to repeat the aim
of the meeting and to ensure confidentiality. During the 2 to 2.5
hour focus group session, a professional moderator (ANR)
guided the discussion. The involved researcher (MRvD) took
minutes and ensured optimal audio recording.

were approved by the Medical Ethical and Institutional Review
Board of the Erasmus MC, University Medical Centre,
Rotterdam, in the Netherlands. Informed consent was obtained
from all participants to use anonymized data for analysis.

Health Care Providers and Professionals

A total of 509 patients received an invitation, of which 23
women and 4 men accepted the invitation and were able to
participate in four focus groups. Patients who had an indication
to receive fertility treatment by means of an in vitro fertilization
(IVF) or intracytoplasmic sperm injection (ICSI) were labeled
as the IVF-ICSI population, whereas patients who did not
receive this treatment were labeled as the general population.
Groups were composed as follows:

After the focus group sessions with the patients, we also invited
health care providers and professionals involved in the fields
of reproductive medicine, obstetrics or PCC, policy makers,
and representatives of a health care insurance company. Because
all focus group sessions with the patients had already been
processed and analyzed, health care providers and other
professionals were not only asked to discuss their own views
regarding PCC, mHealth, and big data, but also to reflect on the
patients’ input on these topics.

Theoretical Framework and Data Analysis
This study is based on a framework described by Fleuren et al
[15], which identifies four main stages in innovation processes:
dissemination, adoption, implementation, and continuation.
These processes can be considered as potential failure points in
which the transition from one stage to another is determined by
both positive and negative factors (determinants). The
framework considers characteristics of the organization, the
innovation itself, the end user, and the sociopolitical
environment. By using statements prompted during the focus
groups, determinants regarding patients’ preferences and
experiences were derived. The same was done within the focus
group of the professionals; however, specific information from
the patient’s focus groups was added and discussed.
All recorded audio was transcribed verbatim, using the minutes
as guidance. To perform thematic analysis, a set of preliminary
codes was developed from the notes and transcripts and
discussed between the researchers involved. Subsequently, the
codes were structured to the concepts of determinants as
previously described. Two researchers (MRvD and MPHK)
coded one transcript independently and then compared the
coding to reach consensus. Thereafter, the remaining scripts
were coded by MRvD. All coding took place using NVivo
version 10 (QSR International, Cambridge, MA, USA).

Ethical Considerations
All data were anonymously processed. This qualitative study
was conducted according to the guidelines laid down in the
Declaration of Helsinki and all procedures involving patients
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Results
Study Population

1.
2.
3.
4.

Women, general population (n=5);
Women, IVF-ICSI population, intervention group (n=9);
Women, IVF-ICSI population, control group (n=9); and
Men, IVF-ICSI population (n=4).

Overall, baseline characteristics of these women and men, such
as age, ethnicity, educational level, and lifestyle were
comparable between patients of the four focus group sessions
(Table 2).
The focus group session with health care providers and
professionals consisted of nine attendants (ie, a gynecologist,
a midwife, a general practitioner, a fertility doctor, a preventive
health care center physician, a dietician, a medical advisor from
a health insurance company, a representative of the municipality
of Rotterdam, and a representative of the Dutch association of
parent and patient organizations).

Preconception Care: Beliefs and Perception
A summary of the patients’ answers on the additional
questionnaire at the start of the focus group session is shown
in Table 3, illustrating their perceptions and beliefs regarding
PCC. Despite the observation that only 67% (18/27) of patients
were familiar with the current concept of PCC (ie, a consultation
with a health care professional) and only 15% (4/27) received
any form of PCC (Table 2), a majority of 56% (combined
percentages of statements 1 [n=18], 2 [n=11], and 3 [n=16] in
Table 3) indicated the benefits of receiving PCC and adopting
a healthy lifestyle when trying to conceive. Whether they believe
that if they become pregnant, their child benefits from received
PCC remains questionable because only 32% (combined
percentages of statements 4 [n=7] and 5 [n=10] of Table 3)
agreed with this statement.
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Table 2. Baseline characteristics of all patients, based on the additional questionnaire (N=27).
Baseline characteristics

General population

IVF-intervention group

IVF-control group

Men

(n=5)

(n=9)

(n=9)

(n=4)

Focus group, n

1

2

3

4

Age (years), mean (SD)

33.0 (5.1)

33.7 (5.1)

35.2 (4.3)

43.3 (17.5)

Single

—

—

1 (11)

—

Married or living together, without children

1 (20)

4 (44)

3 (33)

4 (100)

Married or living together, with children

4 (80)

5 (56)

5 (56)

—

Dutch or Western

5 (100)

8 (89)

9 (100)

4 (100)

Non-Dutch, non-Western

—

1 (11)

—

—

None

—

—

—

—

Low

—

—

1 (11)

—

Middle

1 (20)

3 (33)

1 (11)

—

High

4 (80)

6 (67)

7 (78)

4 (100)

Smoking (yes), n (%)

—

—

1 (11)

1 (25)

Alcohol consumption (yes), n (%)

1 (20)

1 (11)

4 (44)

4 (100)

Drug use, n (%)

—

—

—

—

Vitamin use, n (%)

1 (20)

7 (78)

7 (78)

1 (25)

Medication use, n (%)

1 (20)

—

1 (11)

1 (25)

Comorbidity, n (%)

3 (60)

2 (22)

3 (33)

2 (50)

Spontaneous

3 (60)

1 (11)

1 (11)

—

Hormonal treatment

—

—

—

—

IVF or ICSI

—

5 (56)

4 (44)

2 (50)

Nulliparous

1 (20)

6 (67)

5 (56)

4 (100)

Familiar with preconception care, n (%)

2 (40)

8 (89)

4 (44)

4 (100)

Received preconception care, n (%)

2 (40)

—

2 (22)

—

Marital status, n (%)

Ethnicity, n (%)

Education, n (%)

Mode of conception, n (%)
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Table 3. Patients perceptions and beliefs regarding PCC, prior to the focus group (N=27).
Patients perceptions and beliefs regarding PCC

Focus group, n

Overall, %

1

2

3

4

Strongly disagree

0

0

0

0

0

Disagree

0

0

2

1

11

Neither agree nor disagree

1

1

3

1

22

Agree

4

8

4

2

67

Strongly agree

0

0

0

0

0

Strongly disagree

0

0

0

0

0

Disagree

0

2

2

1

19

Neither agree nor disagree

1

4

4

2

41

Agree

4

3

3

0

37

Strongly agree

0

0

0

1

4

Strongly disagree

0

0

0

0

0

Disagree

0

0

1

1

7

Neither agree nor disagree

1

4

3

1

33

Agree

4

5

4

2

56

Strongly agree

0

0

1

0

4

Strongly disagree

0

0

0

0

0

Disagree

0

1

0

0

4

Neither agree nor disagree

3

6

5

4

67

Agree

2

2

3

0

26

Strongly agree

0

0

0

0

0

Strongly disagree

0

0

0

0

0

Disagree

0

1

2

0

11

Neither agree nor disagree

3

6

2

3

52

Agree

2

2

4

1

33

Strongly agree

0

0

1

0

4

Yes

1

1

1

1

15

No

4

8

8

3

85

Women only

0

0

0

0

0

Men only

0

0

0

0

0

Women and men

5

9

9

4

100

0

5

3

2

37

Preconception care: beliefs and perception
1. PCC will make me adopt a healthy lifestyle.

2. Through PCC, I know whether it’s wise to become pregnant.

3. Through PCC, I’m better prepared to become pregnant.

4. PCC reduces the risk of complications during pregnancy or labor.

5. PCC makes my baby more healthy.

Preconception care: logistics
6. PCC should be obligated

7. PCC should be given to:

8. When should PCC be reimbursed by an insurance company
Only if a woman has a high-risk (medical) condition
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Patients perceptions and beliefs regarding PCC

Focus group, n

Overall, %

1

2

3

4

5

4

6

2

63

Women only

2

7

4

2

56

Couples only

0

1

1

1

11

No opinion

3

1

4

1

33

Yes

0

0

1

0

4

No

5

9

8

4

96

Yes

3

2

1

1

26

No

2

7

7

3

74

Yes

4

7

9

4

93

No

1

1

0

0

7

Yes

4

5

8

3

74

No

1

4

1

1

26

Always
9. For whom should PCC be reimbursed

Preconception care: conditions and content
10. Would you prefer anonymous PCC over personal

11. PCC should consist of one consultation

12. PCC by mobile health can be useful

13. PCC can be used unconditionally regarding treatment

Preconception Care: Logistics
All patients acknowledged that men should be involved in PCC.
On the contrary, more than half (15/27, 56%) stated that only
the costs of PCC received by women should be reimbursed by
the insurance company. Despite the agreement on the importance
of PCC, 85% (23/27) stated that it should not be mandatory for
couples trying to conceive.

Preconception Care: Conditions and Content
Most patients (26/27) would not prefer anonymous PCC. Despite
previous findings showing a majority stating PCC should not
be obligatory, 74% (20/27) stated that PCC should be mandatory
as a part of fertility treatment (Table 3).

mHealth
In general, patients feel comfortable using mobile apps. They
believe that using mobile devices in health care is a good
development and a modern approach to provide patients with
information and background. Most male patients acknowledged
that mobile health can be used to substitute for certain parts of
regular consultations, especially during fertility treatment, but
women emphasized the importance of face-to-face contact and
nonverbal communication and stated that mHealth should only
be used as an additive to routine clinical care:
It is not necessary to have a face-to-face consultation,
if I need to discuss something, I’ll find my way to
contact a health care professional. [Man, group 4]
If they ask me over the phone through an app, how
am I doing, I’ll just say “I’m doing good,” but if they
http://mhealth.jmir.org/2017/8/e123/
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ask me during a consultation, they can see me and
notice I’m not doing okay. [Woman, group 1]

Awareness
The most frequently discussed topic during most focus group
sessions was “awareness.” Some female patients specifically
mentioned the visual feedback, as provided by the Smarter
Pregnancy platform, as a trigger and motivator to improve
behavior. Knowing they would perform better on the next
monitoring questionnaire gave them perceived control, but a
high frequency of coaching and incorporated positive feedback
is needed to secure adherence to the program and to truly
improve awareness:
It makes you more aware of what you’re eating, so
when you’re tired you won’t eat an unhealthy snack
because you want to reach the best score on the
questionnaire. [Woman, group 2]
If you truly want to change someone’s behavior, one
reminder per week is nice, but not enough to provide
sufficient information. [Woman, group 3]
Besides all the coaching on what to improve, it’s also
nice to hear you’re doing a good job. [Woman, group
2]

Education
Patients agreed that background information on the importance
of healthy nutrition and lifestyle as a part of PCC improves
awareness, but only if they believe it is trustworthy and
preferably evidence-based. The Smarter Pregnancy coaching
platform is supported by multiple health care organizations of
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e123 | p.165
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which the logos are displayed at the website. This was highly
appreciated by the patients:
Using received information as an online reference book, which
was always accessible on demand, was suggested to be of great
value. Also adding visual content by means of images and videos
was considered valuable.

Personalized Mobile Health
In addition to awareness, participants agreed on the fact that
mHealth needs to be highly personalized to be really effective.
Impersonal messages or general messages were considered not
effective or even countereffective. Men and women both
suggested that the psychological aspect of trying to conceive
should be integrated in mHealth as well as the functionality of
asking online questions to a health care professional:
I guess it would really work if patients can use an
accessible “chat function” or “email service” to ask
questions to a health care professional. [Woman,
group 3]

Big Data
Scientific and Commercial Use
All patients were asked their opinion on data obtained through
a mHealth platform being used either anonymously or
nonanonymously, for scientific purposes. Patients were very
willing to support prepregnancy- and pregnancy-related research
in general in this way, provided it was anonymous, because
they considered it to be helpful for other patients and future
parents. Some patients approved of nonanonymous scientific
use of their data. Also, “medical-related” companies and
organizations, such as hospitals and pharmaceutical companies,
were considered to be relevant purposes. On the contrary, most
patients did not allow usage of nonanonymous or anonymous
data for commercial purposes. There was a general perception
that companies or organizations, and health care insurance
companies in particular, should not benefit from this data,
although one participant mentioned this could be an opportunity
to develop profitable PCC:
I am willing to help science, but not willing to help a
company sell more of its products. [Woman, group
1]
I really value that I decide what to share with the
outside world, and with whom. [Woman, group 1]

Safety and Monitoring
In general, patients were not worried about data leakage due to
limited safety of storage by mHealth devices. It was believed
that every medical institute itself, or together with governmental
support, could guarantee data safety and monitoring.

Health Care Providers and Professionals
Preconception Care
Participating health care providers and professionals also agreed
on the general lack of awareness for PCC. To create awareness,
the importance of evidence-based information and education
was emphasized. For example, consistent online and offline
information can educate patients and health care providers and
http://mhealth.jmir.org/2017/8/e123/
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professionals and consequently increase the intrinsic motivation
to change certain unhealthy behavior that are not often addressed
in health care and PCC. It was suggested that awareness in
general can be increased by offering PCC through employers
or, even better, through secondary schools integrated within
biology or sex education lessons. The health care providers and
professionals recognize the fact that patients are familiar with
the broad and inconsistent spectrum of online information
regarding PCC and notice that especially higher-educated
patients use the Internet to obtain information regarding fertility
and pregnancy, whereas more lower-educated patients with
limited health literacy and the highest health risks prefer to visit
a professional first:
It feels like selling something to someone who doesn’t
want to buy it. You are trying to convince them of
something they don’t believe it’s important.
[Gynecologist]
With the existence of online communities, patients
are “educated” by peers instead of professionals.
That is their preconception care. [Fertility doctor]

mHealth
Health care providers and professionals were familiar with
mHealth, especially apps to monitor menstrual cycles, fetal
development during pregnancy, and for online questionnaires
to identify risk factors for certain conditions (eg, depression
and anxiety). In addition to monitoring, they were concerned
whether mHealth can reach and educate those who need it the
most, for example due to a language barrier. Therefore, it is
suggested that developing apps in multiple languages will
overcome this. If so, it is believed that mHealth can be used to
substitute for certain elements of routine consultations (eg,
nutrition and lifestyle recommendations). Replacing
consultations by alternative techniques, such as video chat, is
believed to be an upcoming development, but is currently not
appreciated due to the lack of technical support and security.
All health care providers and professionals were very
enthusiastic about the concept of using an online questionnaire,
such as the one incorporated in the Smarter Pregnancy platform,
including a link between the given answers and the patient’s
medical record. The prospect of having all the results before a
face-to-face PCC consultation was considered very useful and
timesaving. Moreover, providing questionnaires to patients was
in itself already thought to increase awareness:
Monitoring over time is very useful, because knowing
whether a patient is improving gives the opportunity
to give them a compliment, which can be very helpful.
[Gynecologist]

Big Data
The health care providers and professionals unanimously agreed
that big data can be of great medical and scientific importance.
By obtaining detailed information on target groups and
populations, interventions can be designed and clinical care can
be tailored at specific behaviors, needs, or risk factors of specific
patient groups. Although the health care providers and
professionals were aware of the perception of patients toward
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e123 | p.166
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the use of big data, they believed that commercial use could
also be beneficial in creating large-scale awareness.

Discussion
Principal Findings
This qualitative study addressed the preferences and experiences
of patients and health care providers and other professionals
regarding PCC in general and mHealth in particular. Based on
the four focus group sessions with patients the following can
be summarized:
Patients are familiar with PCC in general and confirm that there
is a lack of awareness regarding the importance.
Patients believe that mHealth can play a role in PCC, especially
regarding awareness and providing evidence-based information,
but mainly as an additive to standard care with face-to-face
contact with a health care professional.
Patients also believe that mHealth should be personalized,
customized, and tailored to their needs, risks, and behaviors to
reach its full potential and become truly effective.
Patients approve that data obtained from mHealth, referred to
as big data, can be used anonymously for scientific purposes.
The health care providers and other professionals agree on the
potential role of mHealth in PCC, especially as an effective tool
to inform and educate couples to improve awareness of the
importance of PCC care in general. They are optimistic about
the concept of mHealth integrated into the patients’ medical
records, but emphasize that the current situation is not suitable
for this innovation due to the lack of technical support.

Comparison With Literature
Our findings correspond with existing literature, in which low
uptake of PCC due to unawareness or a lack of perception of
relevancy by couples trying to conceive have been described
[16-18]. Concerning mHealth and its role in PCC, previous
studies have suggested that tailored interventions may improve
the uptake of PCC, especially when added to standard care
[19,20]. Currently, the development and uptake of commercial
and non-evidence-based apps continues, whereas there is an
ongoing debate on the efficacy of mHealth in general, because
the scientific merit is questionable due to the absence of robust
evidence [13,20-23]. Therefore, many studies are conducted to
provide scientific evidence on the effectiveness of mHealth
interventions in general [14,24-28]. To our knowledge, the
perception of patients regarding the use of big data for scientific
purposes has not been described before.
Regarding the preferences and experiences of patients using
mHealth interventions in general, our findings are in line with
previous studies. The personalized character and credibility of
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mHealth interventions have recently been described to be
important to enhance adherence to therapy and nutrition and
lifestyle recommendations [29-31].

Strengths and Limitations
Patient involvement during the designing phase of an
intervention is essential, followed by end user participation and
evaluation of an intervention to further improve customization
[32,33]. Consequently, the main strength of this study is the
involvement of several end users of our mHealth platform (ie,
participants of the Smarter Pregnancy RCT), including the
participation of men. Also, we included multiple health care
providers and other professionals, representing various
organizations and professions in the field of PCC, which is an
important strength. These professionals were able to state their
own opinion, substantiated by the policy of the organization or
profession they represent. Due to the careful stratification and
composition of the focus groups, we created a safe environment
for the patients in which the structured discussion took place.
Furthermore, with the presence of a professional moderator, we
were able to give all participants the opportunity to express and
interactively discuss their opinions, experiences, and feelings
equally and without any consequences.
The most important limitation to address is the low acceptance
rate resulting in a very small number of patients in total and per
focus group, although this can be considered as confirmation
of the main underlying problem: the lack of knowledge and
awareness regarding PCC. This, together with the involvement
of end users, may also introduce selection bias; the patients
involved in this study are generally highly educated and
probably more engaged with the topic because they already
participated in a previous study regarding mHealth and PCC.
Although this bias is hard to overcome when conducting
qualitative studies in general, and especially in this field of
research with a population of interest that is very hard to reach,
it needs to be addressed because it could influence the external
validity of the results.

Conclusions
Overall, we conclude that patients and health care providers
and professionals believe that mHealth has several unique
opportunities for PCC. Our findings imply that future research
should focus on the development of mHealth apps as an add-on
to standard care, preferably integrated or connected to patients’
medical records, allowing health care providers and other
professionals to become involved and support their patients.
The first step to increase awareness would be to provide
evidence-based information, followed by providing apps or
programs containing this information, but also tailored to
individual conditions. Therefore, patient involvement and end
user participation will be indispensable in designing effective
interventions.
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Abstract
Background: Effective disease self-management lowers asthma’s burden of disease for both individual patients and health care
systems. In principle, mobile health (mHealth) apps could enable effective asthma self-management interventions that improve
a patient’s quality of life while simultaneously reducing the overall treatment costs for health care systems. However, prior reviews
in this field have found that mHealth apps for asthma lack clinical evaluation and are often not based on medical guidelines. Yet,
beyond the missing evidence for clinical efficacy, little is known about the potential apps might have for improving asthma
self-management.
Objective: The aim of this study was to assess the potential of publicly available and well-adopted mHealth apps for improving
asthma self-management.
Methods: The Apple App store and Google Play store were systematically searched for asthma apps. In total, 523 apps were
identified, of which 38 apps matched the selection criteria to be included in the review. Four requirements of app potential were
investigated: app functions, potential to change behavior (by means of a behavior change technique taxonomy), potential to
promote app use (by means of a gamification components taxonomy), and app quality (by means of the Mobile Application
Rating Scale [MARS]).
Results: The most commonly implemented functions in the 38 reviewed asthma apps were tracking (30/38, 79%) and information
(26/38, 68%) functions, followed by assessment (20/38, 53%) and notification (18/38, 47%) functions. On average, the reviewed
apps applied 7.12 of 26 available behavior change techniques (standard deviation [SD]=4.46) and 4.89 of 31 available gamification
components (SD=4.21). Average app quality was acceptable (mean=3.17/5, SD=0.58), whereas subjective app quality lied between
poor and acceptable (mean=2.65/5, SD=0.87). Additionally, the sum scores of all review frameworks were significantly correlated
(lowest correlation: r36=.33, P=.04 between number of functions and gamification components; highest correlation: r36=.80,
P<.001 between number of behavior change techniques and gamification components), which suggests that an app’s potential
tends to be consistent across review frameworks.
Conclusions: Several apps were identified that performed consistently well across all applied review frameworks, thus indicating
the potential mHealth apps offer for improving asthma self-management. However, many apps suffer from low quality. Therefore,
app reviews should be considered as a decision support tool before deciding which app to integrate into a patient’s asthma
self-management. Furthermore, several research-practice gaps were identified that app developers should consider addressing in
future asthma apps.
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Introduction
Asthma, a chronic airway disease characterized by respiratory
symptoms, affects an estimated 235 million [1] to 334 million
[2] people worldwide. In the United States alone, 24 million
people suffer from asthma (ie, 8.6% of children and 7.4% of
adults; [3]). Due to its high prevalence and ongoing treatment
throughout the lifetime of most patients, asthma costs the US
health care system around US 56 billion dollars annually [4].
Health information technology can reduce the burden of chronic
diseases such as asthma for patients and health care systems
[5,6]. Mobile health (mHealth) apps in particular could enable
low-cost and clinically efficacious interventions for asthma [7].
With virtually unlimited scalability and availability, apps could
empower patients in their everyday asthma self-management
by delivering evidence-based interventions. Research has shown
that such interventions (eg, dissemination of educational
materials and symptom monitoring tools) improve a patient’s
quality of life and limit excess health care utilization [8].
Moreover, data obtained through mobile phone sensors and
connected medical devices (eg, smart inhalers) can be used to
deliver self-management interventions tailored to the specific
needs of patients, thus increasing the intervention’s efficacy
[9,10].
However, whereas first studies have indicated that asthma apps
can indeed be effective tools for supporting patients in their
self-management [11,12], reviews of asthma apps come to either
ambiguous [13] or rather disappointing conclusions regarding
the value of apps for improving asthma self-management
[14,15]. These reviews have based their conclusions mainly on
a lack of methodologically sound studies [13] and the limited
application of medical guidelines [14,15].
Although an evidence base is highly desirable for health apps
in general, it is unrealistic to expect app developers to conduct
clinical studies or to hire clinical experts as consultants. Reasons
for this are, among others, the high costs and difficulty of
clinical research [16]. Additionally, app stores do not require
developers to indicate the evidence base of an app (eg, Apple
App store [17]). mHealth apps are also often not
comprehensively regulated by public authorities (eg, in the
United States, the Food and Drug Administration only regulates
a subset of the available apps [18]). Even though patients tend
to consider the evidence base as an important selection criterion
for mHealth apps [19], they are often not able to make an
informed judgment regarding such characteristics of an app
[20]. All these factors contribute to the fact that patients keep
using publicly available asthma apps regardless of missing
validation studies or an app’s limited application of medical
guidelines.

available asthma apps might offer for asthmatics. Research
pursuing this objective would need to address the limitations
of the aforementioned reviews, which have focused exclusively
on peer-reviewed papers and not publicly available apps [13]
or on qualitative analysis of app content without applying review
frameworks with quantifiable results [14,15].
To overcome these shortcomings, the present review applies
review frameworks (eg, behavior change technique and
gamification taxonomies [21,22]) and thereby, quantifies the
characteristics of asthma apps. By making use of such
frameworks, this review investigates the potential of
well-adopted asthma apps for supporting asthmatics, even if
clinical evidence is not available. In the next section, a
functional definition of the term “app potential” is provided.
The definition consists of specific requirements that an asthma
app should fulfill to enable a positive effect on a patient’s asthma
self-management.
In conclusion, this app review assesses the potential of publicly
available and well-adopted asthma apps for supporting patients
in their disease management. Furthermore, research-practice
gaps will be identified in hopes of stimulating the development
of new and more sophisticated asthma apps.

Methods
Overview
In this review, an app’s potential to support patients in their
disease management is defined as the degree to which an app
fulfills the following four requirements: (R1) an app has to
contain some kind of “active ingredient,” that is, functions
supporting patients in their disease management; (R2) similar
to traditional asthma self-management programs offered by
health care entities [23], an app should be able to change or
guide behavior relevant for effective asthma self-management;
(R3) an app should motivate the patient to use the app to deliver
the active ingredients; and (R4) an app has to be of adequate
quality (eg, functionality and aesthetics of an app) to guarantee
a sufficient implementation quality of the other postulated
requirements.
More specifically, this review addresses (R1) by reviewing
available functions (similar to [14,15]), (R2) by applying a
taxonomy of behavior change techniques [21], (R3) by rating
a taxonomy of gamification components [22], and (R4) by using
the Mobile Application Rating Scale (MARS; [24]).

Systematic Search
The second author (RJ) searched the term “asthma” in the US
versions of the two most popular app stores: Google Play store
and Apple App store [25]. The latest app search was conducted
on April 10, 2016. In total, 523 apps were identified (Figure 1).

Therefore, it is necessary for the clinical practice to develop a
more comprehensive understanding of the value that publicly
http://mhealth.jmir.org/2017/8/e113/
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Figure 1. Systematic search and exclusion criteria.

Inclusion and Exclusion Criteria
The strategy for app selection was to include publicly available
and well-adopted apps that are designed specifically for asthma.
To identify these apps, the following exclusion criteria were
applied: no access (eg, only accessible through a special health
program), irrelevance (ie, apps completely unrelated to asthma),
target group are professionals (eg, apps supporting physicians),
primary content is not asthma (eg, general weather or nutrition
apps with very limited ancillary functions dedicated to
asthmatics), no medical pretense (eg, yoga and acupressure
apps), duplicates (ie, different versions of the same app with
marginally different functions), and foreign language (ie, apps
not in English). To ensure that relatively well-adopted apps are
reviewed, apps with less than 1000 downloads (Google Play
store) or less than five reviews (Apple App store) were excluded.
Because the number of downloads or reviews of an app depends
on its release date, apps with less than 1000 downloads (Google
Play store) or five reviews (Apple App store) were not excluded
if they were updated in 2016. Otherwise, a selection bias against
recently released apps would have occurred. In fact, ten
otherwise excluded apps remained in this review due to this
criterion (ie, four Android and six iPhone operating system
[iOS] apps).
Based on the specified criteria, 477 apps were excluded. The
remaining 46 apps were checked for duplicates between the two
platforms (ie, Android and iOS). After excluding eight
duplicates, the systematic search yielded 38 apps to review.

Review Process
The review process consisted of two main steps. First, basic
information about the app was gathered from the corresponding
app store (eg, app description, date of last update, developer,
number of downloads if available, number of user reviews, and
average rating). Only publicly available data, which was directly
http://mhealth.jmir.org/2017/8/e113/
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extracted from the app stores, was used in this process.
Additionally, an app’s website was consulted if available.
Second, the four requirements for app potential were evaluated.
Except for the MARS framework, for which multiple mobile
phones and tablets were used (ie, Huawei P9 Lite, HTC M9,
LG Leon 4G LTE, iPad Air 2, and iPhone 6), apps were
reviewed on a LG Leon 4G LTE (Android) and iPhone 6 (iOS).
In the next section, the measures of the four app potential
requirements are introduced in more detail.

Measures of App Potential Requirements
R1: App Functions
An exhaustive list of all existing functions was developed
through a bottom-up review approach: whenever a function was
encountered that was not yet specified in the list, it was
expanded accordingly. In this way, a total of 42 functions was
identified. Afterwards, the available functions were assessed in
all apps based on the complete list.
Additionally, functions were grouped post hoc into four
categories: tracking (eg, of peak flow values), information (eg,
about asthma symptoms), assessment (eg, indicating asthma
control by color-coding peak flow values), and notification
functions (eg, medication intake reminder). These function
categories are conceptually identical to prior app reviews
[14,15], except for one difference: the category of therapeutic
tools was replaced with notification functions. Reasons for this
are the low prevalence of therapeutic tools in asthma apps [15]
and the potential utility of notification functions for asthma
self-management (eg, as reminders for physician appointments
[26]).

R2: Potential to Change Behavior
Many reviews have applied behavior change technique
taxonomies as measures of behavior change efforts in health
interventions and apps (eg, [27-29]). However, to the best of
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the authors’ knowledge, they have not yet been applied to the
domain of asthma apps.
In this review, the application of the 26 behavior change
techniques proposed by Abraham and Michie [21] was rated
for each app. Ratings were dummy coded (1=“technique fully
applied”, 0=“technique not applied”). The first and second
author (PT and RJ) agreed on explicit rating criteria (see
Multimedia Appendix 1 for an exemplary criteria list) and
related functions for all behavior change techniques (eg, social
network functions enable the application of the behavior change
techniques “provide information about other’s approval,”
“provide opportunities for social comparison,” and “plan social
support or social change”). This approach addressed the issue
of mediocre interrater reliability for some of the behavior change
techniques (ie, whereas the mean kappa values ranged from .74
to .82 in the original publication, 20 out of 71 kappa scores
(28%) were below .70 [21]). By applying explicit and objective
rating criteria, the process of rating behavior change techniques
was facilitated, and rating ambiguity was reduced. Differences
in ratings between the first and second author were resolved in
discussions.
In some instances, a behavior change technique was rated as
partially applied (.50). This was the case if an app fulfilled the
application criteria only partially (eg, nonadjustable task
reminder for “time management”) or if an agreement between
the first and second author could not be reached.

R3: Potential to Promote App Use
Gamification is a promising way to promote the use of
information technology (IT) systems such as mobile apps
[22,30]. A taxonomy of 31 gamification components [22] was
applied to rate an app’s potential for motivating app use. Similar
to the rating process of behavior change techniques, the first
and second author agreed on an explicit list of relevant rating
criteria and related functions for gamification components (see
Multimedia Appendix 2 for an exemplary criteria list). Again,
dummy coding was used for rating gamification components
and partially implemented components were considered
(1=“gamification component fully applied,” .50=“gamification
component partially applied,” and 0=“gamification component
not applied”). Differences in ratings were resolved in discussions
between the first and second author and may have resulted in
rating a gamification component as “partially applied.”
In addition to listing individual gamification components, the
applied taxonomy groups individual gamification components
into five categories: system design (seven components),
challenges (three components), rewards (six components), social
influences (eleven components), and user specifics (four
components). The original publication provides comprehensive
definitions of each category [22].

R4: App Quality
Four of the authors (PT, RJ, JK, and FB) participated in rating
app quality by means of the MARS framework [24]. However,
the ratings of the first and second author were averaged due to
their close cooperation in the rating process, thereby preserving
independency of ratings. The MARS framework contains 19
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items on a 5-point Likert scale (1=inadequate, 2=poor,
3=acceptable, 4=good, and 5=excellent) to assess app quality.
Items are grouped into four subscales: engagement (5 items),
functionality (4 items), aesthetics (3 items), and information
quality (7 items). The average of the four scales determines the
app quality score.
One item from the information quality scale requires a literature
search regarding clinical efficacy. PubMed and Google Scholar
were searched using the following term: [%app name%] AND
[“randomized controlled trial”/”RCT”] OR [“study”]. Literature
inclusion criteria were published in a peer-reviewed journal,
clearly defined outcome construct that is a valid measure for
asthma (eg, peak flow values) and description of the applied
study design.
Additionally, MARS contains a subjective quality scale that
measures the subjectively perceived app quality. This scale
consists of four 5-point Likert scale questions regarding personal
recommendation, potential future usage, willingness to pay for
an app, and an overall star rating.
MARS is an objective (intraclass correlation coefficient [ICC]
between raters=.79) and highly reliable scale (alpha=.90). As
recommended by the authors of MARS [24], all raters
participated in a workshop regarding the application of the
framework. This workshop was based on the MARS training
video [31].

Statistical Methods
To assess the status quo of app potential in asthma apps, ratings
were analyzed descriptively. ICC between raters were computed
as a measure for interrater reliability of the MARS scales.
Finally, correlations between the aggregated framework scores
were calculated.

Results
General App Characteristics
Out of the 38 reviewed apps, 13 apps were available for both
iOS and Android (34%). The remaining apps were exclusively
developed for either iOS (16/38, 42%) or Android (9/38, 24%).
The vast majority of apps was free of charge (36/38, 95%).
In-app purchases were offered in seven apps (18%, 7/38).
Additionally, eight apps contained some form of advertising
(21%, 8/38).
Most apps were developed in the United States (14/38, 37%),
followed by Switzerland (4/38, 11%), Australia, India, Spain,
the United Kingdom (each 2/38, 5%), Germany, Portugal,
Lithuania, Latvia, and the Czech Republic (each 1/38, 3%).
Private companies accounted for the development of half of the
apps (n=19), independent developers for nine apps (24%, 9/38),
and university hospitals and health-related foundations for four
apps each (11%, 4/38). Both nonprofit organizations and
governmental nonprofit bodies were responsible for one app
each (3%, 1/38). Almost half of the apps claimed that they
involved health care entities in the development process (16/38,
42%).
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Table 1. Overview general app characteristics.

a

App characteristics

n (%)

Mean (SDa)

Median (IQRb)

Range

Paid apps and price (USD)

2 (5)

3.49 (2.12)

3.49 (1.50)

1.99-4.99

Average user rating (iOS)

15 (39)

3.53 (0.90)

3.50 (1.00)

1.50-5.00

Average user rating (Android)

22 (58)

3.94 (0.51)

3.90 (0.50)

3.00-5.00

Number of ratings (iOS)

29 (76)

22.52 (58.26)

5 (16)

0-304

Number of ratings (Android)

23 (61)

47.35 (87.72)

17 (48.50)

0-419

Number of downloads (Android)c

23 (61)

5275.43 (8189.73)

3000 (4725)

30-30,000

Days since last update

38 (100)

498.63 (601.65)

177 (922)

2-2231

SD: standard deviation.

b

IQR: interquartile range.

c

The Google Play store reports download numbers in ranges (eg, “10-50”). These values were standardized by calculating the mean of the minimum
and maximum (eg, 10-50 downloads equals 30 downloads).

In general, a wide range in the distinct app characteristics
became apparent (Table 1). The range was particularly
noticeable in the category “days since last update”: one app was
updated just two days before the review deadline
(“e-symptoms”), whereas “Asthma Journal Free” was last
modified over 6 years ago. On average, apps were not updated
for approximately more than 1 year and 4 months.

Evaluating App Potential
R1: App Functions
Tracking functions were the most common function category.
Out of all 38 apps, 30 apps (79%) offered at least one of the
following functions: peak flow tracking (23/38, 61%),
medication tracking (22/38, 58%), symptom tracking (19/38,
50%), trigger tracking (18/38, 47%), notes (15/38, 39%), clinical
asthma questionnaires (14/38, 37%), sleep tracking (11/38,
29%), health parameter tracking (9/38, 24%), medical
appointment tracking (8/38, 21%), location tracking (6/38, 16%),
asthma attack tracking (4/38, 11%), accomplishment tracking
(3/38, 8%), snapshots (3/38, 8%), score tracking of games and
quizzes (2/38, 5%), tracking through Apple or Google Health
(2/38, 5%), and medication package size tracking (1/38, 3%).
Except for apps using Apple or Google Health for physical
activity tracking and location tracking over the global
positioning system (GPS), all parameters had to be entered
manually. Additionally, 26 apps (68%, 26/38) provided
functions to record the tracked values over time through diaries
(eg, calendars) and logs (eg, lists and charts).
A total of 26 apps (68%, 26/38) incorporated at least one of the
following information functions: therapeutic information or
instruction (22/38, 58%), general asthma information (20/38,
53%), medication information or instruction (16/38, 42%), first
aid information or instruction (10/38, 26%), inhaler technique
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guidance (10/38, 26%), app tutorial (9/38, 24%), peak expiratory
flow information or instruction (9/38, 24%), news (8/38, 21%),
air quality (7/38, 18%), information through doctor dashboard
(4/38, 11%), information through games or quizzes (3/38, 8%),
and clinic or pharmacy locator (2/38, 5%).
Assessment functions can be considered an extension of tracking
functions by providing an interpretation or evaluation of
recorded values. Twenty apps (53%, 20/38) offered one or more
of these functions: decision support (14/38, 37%), peak flow
classification (9/38, 24%), adjustable asthma action plan (5/38,
13%), standardized asthma action plan (4/38, 11%), and
symptom forecast (1/38, 3%).
The least common category was notification functions. A total
of 18 apps (47%, 18/38) notified the user in at least one of the
following contexts or events: medication intake (12/38, 32%),
asthma questionnaire reminder (7/38, 18%), peak flow reminder
(7/38, 18%), alert notification to health care professionals (7/38,
18%), medical appointment reminder (6/38, 16%), news
notification (4/38, 11%), adjustable task reminder (3/38, 8%),
weather and pollen notification (1/38, 3%), and medication
package depletion (1/38, 3%).
In summary, the most widespread functions in asthma apps
were tracking and information functions. More specifically,
providing therapeutic information or instruction, general asthma
information, as well as tracking of peak flow values, medications
and symptoms were implemented by at least half of all apps.

R2: Potential to Change Behavior
On average, apps applied 7.12 (standard deviation [SD]=4.46)
of the 26 behavior change techniques (B1-B26). The amount
of applied techniques ranged from 1 (“Asthma Treatment”) to
19 (“Wizdy Pets”).
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Figure 2. Percentage of asthma apps fully applying the corresponding behavior change technique (B1-B26; N=38).

The fraction of behavior change techniques rated as “partially
applied” was negligible (27/988 ratings, 2.7%). For the sake of
simplicity and interpretability, only behavior change techniques
rated as “fully applied” are reported in this section and in Figure
2. The prevalence of behavior change techniques in asthma apps
varied considerably between techniques. To aggregate findings,
behavior change techniques were divided into four categories
based on their application frequency: no application at all (ie,.
technique not applied by any app resulting in an application
frequency of 0%), seldom applied (ie, technique applied by one
to nine apps resulting in an application frequency between
0-25%), considerable application rates (ie, technique applied
by ten to 19 apps resulting in an application frequency between
25-50%), and frequent application (ie, technique applied by 20
to 28 apps resulting in an application frequency between
50-75%).
Four behavior change techniques were not applied at all: provide
general encouragement (B6), teach to use prompts or cues (B15),
stress management (B24), and motivational interviewing (B25).
The nine seldom applied techniques were set graded tasks (B7;
3/38, 8%), provide contingent rewards (B14; 2/38, 5%), agree
on behavioral contract (B16; 9/38, 24%), provide opportunities
for social comparison (B19; 1/38, 3%), plan social support or
social change (B20; 1/38, 3%), prompt identification as a role
model (B21; 1/38, 3%), prompt self-talk (B22; 2/38, 5%),
relapse prevention (B23; 6/38, 16%), and time management
(B26; 8/38, 21%). Seven techniques were applied with
considerable frequency: provide information about other’s
approval (B3; 11/38, 29%), prompt intention formation (B4;
13/38, 34%), prompt barrier identification (B5; 16/38, 42%),
model or demonstrate the behavior (B9; 10/38, 26%), prompt
specific goal setting (B10; 10/38, 26%), prompt practice (B17;
12/38, 32%), and use follow-up prompts (B18; 12/38, 32%).
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The list of the most commonly applied behavior change
techniques in mHealth asthma apps contained six techniques:
provide information about behavior-health link (B1; 20/38,
53%), provide information on consequences (B2; 21/38, 55%),
provide instructions (B8; 21/38, 55%), prompt review of
behavioral goals (B11; 28/38, 74%), prompt self-monitoring of
behavior (B12; 28/38, 74%), and provide feedback on
performance (B13; 22/38, 58%).

R3: Potential to Promote App Use
Asthma apps contained on average 4.89 gamification
components (SD=4.21) of a total of 31 components (G1-G31).
The app with the most implemented gamification components
was “WizdyPets” (n=24.50), whereas “choO” integrated the
fewest components (n=0.50). Similar to the ratings of behavior
change techniques, the amount of gamification components
rated as “partially applied” can be considered insignificant
(31/1178 ratings, 2.6%). Following the reporting logic from the
previous section, only gamification components rated as “fully
applied” are illustrated in Figure 3 and covered in this section.
Again, gamification components were grouped based on their
prevalence into four categories: not implemented at all (ie,
component was not implemented by any app resulting in an
implementation frequency of 0%), seldom implemented (ie,
component was implemented by one to nine apps resulting in
an implementation frequency between 0-25%), considerably
often implemented (ie, component was implemented by ten to
19 apps resulting in an implementation frequency between
25-50%), and frequently implemented (ie, component was
implemented by 20 to 28 apps resulting in an implementation
frequency between 50-75%).
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Figure 3. Percentage of asthma apps fully applying the corresponding gamification component (G1-G31; N=38).

In total, four gamification components were frequently
implemented in the reviewed apps: feedback (G1; 22/38, 58%),
meaning (G4; 20/38, 53%), shadowing (G22; 28/38, 74%), and
ideological incentives (G29; 21/38, 55%).
Two gamification components were considerably often
implemented: reminder (G3; 12/38, 32%) and collaboration
(G18; 11/38, 29%).
However, the vast majority of gamification components was
seldom implemented: audible feedback (G2; 3/38, 8%),
interaction concepts (G5; 9/38, 24%), visually resembling
existing games (G6; 3/38, 8%), fantasy (G7; 2/38, 5%), goals
(G8; 3/38, 8%), time pressure (G9; 1/38, 3%), progressive
disclosure (G10; 2/38, 5%), ownership (G11; 2/38, 5%),
achievement (G12; 2/38, 5%), point system (G13; 2/38, 5%),

badges (G14; 2/38, 5%), bonus (G15; 1/38, 3%), loss aversion
(G16; 1/38, 3%), status (G17; 1/38, 3%), reputation (G19; 1/38,
3%), social facilitation (G23; 4/38, 11%), conforming behavior
(G24; 1/38, 3%), leaderboards (G25; 2/38, 5%), altruism (G26;
1/38, 3%), virtual goods (G27; 1/38,3%), user levels (G28; 1/38,
3%), virtual characters (G30; 1/38, 3%), and self-expression
(G31; 1/38, 3%). Competition (G20) and envy (G21) were not
implemented in the reviewed apps.
In addition to listing individual gamification components, the
taxonomy groups individual gamification components into five
categories: system design, challenges, rewards, social influences,
and user specifics [22]. Figure 4 illustrates how many apps
implemented at least one component of the corresponding
category.

Figure 4. Percentage of apps which applied at least one component fully from the corresponding gamification component category.
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Table 2. Descriptive results of Mobile Application Rating Scale (MARS) scores (N=38).

a

MARS scales

ICCa,b,c

Mean (SDd)

Range

Engagement

.92

2.77 (0.78)

1.00-4.73

Functionality

.72

3.55 (0.57)

1.75-4.42

Aesthetics

.72

3.12 (0.68)

2.00-4.78

Information quality

.88

3.24 (0.66)

1.40-4.33

Subjective quality

.85

2.65 (0.87)

1.00-4.50

App quality

.88

3.17 (0.58)

1.54-4.55

ICC: intraclass correlation coefficient.

b

Intraclass correlations were calculated as a measure for interrater reliability in a two-way random model evaluating consistency among the three sets
of ratings.
c

Interrater reliability was assessed based on the ratings of 37 apps. One app (“Asthma”) was removed from the app store before it was rated by all raters.

d

SD: standard deviation.

In terms of gamification component category, system design
components (eg, feedback, reminder, and meaning) were
implemented by almost every app (35/38, 92%). The majority
of apps also made use of components from the categories social
influences (28/38, 74%; eg, leaderboards, competition, and
reputation) and user specifics (21/38, 55%; eg, user levels,
virtual character, and self-expression). In contrast, challenges
(ie, goals, time pressure, and progressive disclosure) and rewards
(eg, achievements, point system, and badges) were applied very
infrequently (each 3/38, 8%).

R4: App Quality
The average quality of asthma apps can be considered
marginally above acceptable (mean=3.17), whereas average
subjective app quality laid between poor and acceptable
(mean=2.65). In terms of MARS subscales, asthma apps
performed worst in user engagement (mean=2.77) and best in
app functionality (mean=3.55). Ratings for aesthetics
(mean=3.12) and information quality (mean=3.24) were rather
mediocre (Table 2).
In the literature review, no study was identified that evaluated
the efficacy of any of the included asthma apps. The only
peer-reviewed papers to mention apps were app reviews or
clinical communications (eg, [32]). Hence, the information
quality mean was calculated from a maximum of 6 items.
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Additionally, eleven out of the 38 apps (29%) could not be
assessed in some of the information quality items due to a lack
of corresponding functions (eg, no visualized information was
provided that made it impossible to rate the visual information
quality).
Considerable quality differences between apps emerged in the
analysis. The range of app quality ratings and subjective app
quality ratings reached from inadequate or poor (eg, “Asthma”
scored a 1.54 and a 1.00 in terms of app quality and subjective
app quality) to almost excellent (eg, “Wizdy Pets” scored a 4.55
and 4.50 in terms of app quality and subjective app quality).

Summary of Requirements (R1-R4)
Overall, the results demonstrate vast differences between apps
in all of the investigated requirements of app potential (Table
3; see Multimedia Appendix 3 for the complete aggregated
ranking table).
To synthesize the findings, associations between the different
review frameworks were considered by calculating the
corresponding correlation coefficients between the aggregated
scores (Table 4). All correlations between review frameworks
were significant. This pattern of correlations implies consistency
of ratings between different review frameworks. In other words,
apps that scored well in one review framework tended to also
score well in all the other frameworks.

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e113 | p.178
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Tinschert et al

Table 3. Summary of all rated app potential requirements. Behavior change techniques or gamification components rated as “fully applied” and “partially
applied” were included in the analysis.
Mean (SDa)

Range

Scale

Tracking functions

4.21 (3.39)

0-11.00

0-16.00

Information functions

3.21 (2.63)

0-8.00

0-12.00

Assessment functions

0.87 (0.98)

0-3.00

0-5.00

Notification functions

1.26 (1.65)

0-5.00

0-5.00

Functions (overall)

9.55 (5.73)

1.00-24.00

0-42.00

7.12 (4.46)

1.00-19.00

0-26.00

System design

2.20 (1.35)

0.50-4.00

0-7.00

Challenges

0.22 (0.60)

0-3.00

0-3.00

Rewards

0.26 (1.07)

0-6.00

0-6.00

Social influences

1.37 (1.24)

0-5.00

0-11.00

User specifics

0.84 (0.74)

0-4.00

0-4.00

Gamification components (overall)

4.89 (4.21)

0.50-24.50

0-31.00

Engagement

2.77 (0.78)

1.00-4.73

1.00-5.00

Functionality

3.55 (0.57)

1.75-4.42

1.00-5.00

Aesthetics

3.12 (0.68)

2.00-4.78

1.00-5.00

Information quality

3.24 (0.66)

1.40-4.33

1.00-5.00

Subjective quality

2.65 (0.87)

1.00-4.50

1.00-5.00

App quality

3.17 (0.58)

1.54-4.55

1.00-5.00

App potential requirements
R1: functions

R2: behavior change techniques
R3: gamification components

R4: MARSb scales

a

SD: standard deviation.

b

MARS: Mobile Application Rating Scale.

Table 4. Pearson correlations between aggregated review frameworks (N=38). All ratings of behavior change techniques and gamification components
were included in the analysis (including techniques and components rated as “partially applied or implemented”).
Aggregated review frameworks

Number of functions
(R1)

Number of behavior change techniques (R2)

r=.73

Number of behavior change techniques Number of gamification components
(R2)
(R3)

(P<.001)
Number of gamification components (R3)

MARSa app quality (R4)

a

r=.33

r=.80

(P=.04)

(P<.001)

r=.38

r=.56

r=.62

(P=.02)

(P<.001)

(P<.001)

MARS: Mobile Application Rating Scale.

Discussion
Principal Findings
This review analyzed whether asthma apps have the potential
to improve a patient’s asthma self-management. For this
purpose, different requirements of app potential were considered,
namely available functions (R1), applied behavior change
techniques (R2), implemented gamification components (R3),
and general app quality (R4).
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In terms of available functions (R1), asthma apps offered
functions associated with active ingredients of effective
self-management to a considerable extent (ie, asthma education,
self-monitoring of symptoms or peak flow values, regular review
of treatment, and an action plan [8]). However, with regard to
self-monitoring of symptoms and peak flow values, not a single
app offered options to track asthma-related parameters through
mobile phone sensors. Without exploiting the full potential of
today’s technology (eg, through automated tracking functions
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[33]), therapeutic advantages of mobile phones cannot be fully
realized (eg, delivery of just in time adaptive interventions [34]).
The investigated apps applied a number of behavior change
techniques (R2). This finding implies that the apps could in
principle enable behavior change relevant for asthma
self-management. However, techniques related to stress
management and motivational interviewing were not
implemented at all. This is particularly striking because stress
management is recommended by asthma guidelines [23], and
asthmatics tend to trivialize their disease symptoms [35], which
might result in a lack of long-term motivation for disease
management.
In general, asthma apps also seemed to be able to motivate users
through gamification components (R3) but with considerable
differences between apps: the relatively high standard deviation
of gamification components relative to its mean and its wide
range imply that only a few apps have implemented gamification
features to a significant extent. For example, the category
“rewards” was rarely implemented: only three out of all 38 apps
(8%) implemented at least one gamification component of this
category. This is somewhat surprising as rewards usually belong
to the most commonly implemented gamification components
[22]. Point systems, badges, and achievements can be
implemented comparatively easy, and their effectiveness is
backed by operant conditioning theory, one of psychology’s
most recognized theories [36].
Furthermore, app quality varied widely (R4). In terms of MARS
subscales, engagement scored worst. This may call into question
the long-term engagement with asthma apps, a crucial factor
for determining their value [7]. In other domains like diabetes
self-management, researchers have observed that long-term
engagement of app users is generally limited [37]. However,
chronic diseases like asthma require long-term self-management
[23]. One potential way to improve long-term engagement,
which has been successfully applied to physical activity, are
interactions with virtual coaches [38]. Thus, developers of
upcoming asthma apps might consider the implementation of
virtual coaches (eg, chat bots) to enhance long-term engagement.
In summary, great variation in all of the investigated
requirements of app potential was found. Therefore, an
unequivocal conclusion whether currently available asthma apps
have the potential to improve asthma self-management is neither
reasonable nor possible. However, due to the high correlations
between review frameworks, this review has shown that ratings
are consistent across the four requirements of app potential.
This implies that high quality apps tend to score well in all
requirements for app potential. For example, “Asthma Health
by Mount Sinai,” which was ranked second best out of all 38
apps in terms of MARS app quality, performed also very well
in terms of behavior change techniques (rank 2/38), gamification
components (rank 4/38), and available functions (rank 3/38).
On the other hand, one of the apps with the lowest MARS app
quality ratings (“Asthma Treatment”; rank 36/38) also scored
extremely poorly in terms of behavior change techniques (rank
38/38), gamification components (rank 37/38), and available
functions (rank 38/38). The consistency between frameworks
facilitates the decision which asthma apps to recommend to
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patients: a promising decision strategy might be to pick one of
the best rated apps (see Multimedia Appendix 3 for aggregated
app ratings); no trade-off between app potential requirements
is necessary. In this way, the asthma apps with the potential to
improve a patient’s self-management can be selected for clinical
practice.

Limitations
In the definition of app potential used in this paper, no measure
for long-term engagement was included. As mentioned before,
long-term engagement is highly relevant for asthma apps in
specific and mHealth apps in general. To the best of the authors’
knowledge, there is no valid proxy that predicts long-term use
reliably. App reviews and developers would highly benefit from
the identification of such proxies, making it a promising field
for future research.
Furthermore, apps that are not publicly available were excluded.
This limits the generalizability of the results. For example, two
apps, which were restricted to study participants and thus were
not publicly available, have indicated promising results
regarding efficacy [9,12]. Excluding not publicly available apps
might have led to a systematic selection bias against apps with
a greater potential for improving asthma self-management.
Finally, this review did not contain a content analysis. It only
assessed whether a function was implemented, but conclusions
regarding its medical value are beyond the scope of this review.
However, such an analysis was already conducted in prior
reviews [14,15].

Comparison With Prior Work
In general, this review extends the findings of previous reviews
by focusing on the potential of apps for asthma
self-management. Some of the findings are in line with prior
research [13-15,39]: the biggest concern regarding currently
available apps is the lack of clinical validation. Not a single
study demonstrating efficacy for any of the investigated apps
could be identified. However, as argued above, this constraint
might be limited to apps that are publicly available.
Nevertheless, this review suggests that even without scientific
proof for efficacy, at least some of the investigated apps still
have the potential to improve asthma self-management.
Therefore, a somewhat more positive conclusion regarding the
value of asthma apps can be cautiously drawn in comparison
with prior reviews (eg, [14,15]). Among other factors, this may
be due to the bottom-up research perspective focusing on app
potential instead of an app’s evidence base and the development
that asthma apps have undergone since the last reviews have
been conducted.

Conclusions
In conclusion, this review has found that the potential of asthma
apps for improving asthma self-management varies considerably
between apps. Physicians and asthmatics should therefore
carefully read app reviews before deciding which app to
recommend or to use. Additionally, currently available asthma
apps do not take full advantage of today’s technology.
Developers should address the research-practice gaps outlined
in the discussion.
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Abstract
Background: Adherence to evidence-based therapies such as medications and exercise remains poor among patients after a
myocardial infarction (MI). Text message reminders have been shown to improve rates of adherence to medication and exercise,
but the existing studies have been of short duration.
Objective: Two single-center randomized controlled pilot trials were conducted to evaluate the impact of text message reminders
over 12 months on adherence to cardiac medications and exercise among patients receiving cardiac rehabilitation after hospitalization
for MI.
Methods: In the medication adherence trial, 34 patients were randomized to receive usual care alone or usual care plus daily
text message reminders delivered at the time of day at which medications were to be taken. In the exercise adherence trial, 50
patients were randomized to receive usual care alone or usual care plus 4 daily text messages reminding them to exercise as
directed.
Results: The text message reminders led to a mean 14.2 percentage point improvement in self-reported medication adherence
over usual care (P<.001, 95% CI 7-21). In the exercise trial, text message reminders resulted in an additional 4.2 days (P=.001,
95% CI 1.9-6.4) and 4.0 hours (P<.001, 95% CI 2.4-5.6) of exercise per month over usual care and a nonsignificant increase of
1.2 metabolic equivalents (METS; P=.06) in exercise capacity as assessed by a BRUCE protocol at 12 months.
Conclusions: Text message reminders significantly increased adherence to medication and exercise among post-MI patients
receiving care in a structured cardiac rehabilitation program. This technology represents a simple and scalable method to ensure
consistent use of evidence-based cardiovascular therapies.
Trial Registration: Clinicaltrials.gov NCT02783287; https://clinicaltrials.gov/ct2/show/NCT02783287 (Archived by WebCite
at http://www.webcitation.org/6sBnvNb05)
(JMIR Mhealth Uhealth 2017;5(8):e110) doi:10.2196/mhealth.7144
http://mhealth.jmir.org/2017/8/e110/
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Introduction
Acute myocardial infarction (MI) remains a leading cause of
death and disability worldwide [1]. The use of evidence-based
therapies, including exercise and medications, has contributed
to substantial reductions in cardiovascular morbidity and
mortality [2]. Whereas the prescription of these highly effective
therapies is now nearly universal, many patients do not adhere
to their medications or exercise regimens over the long term,
which in turn is associated with negative consequences for
cardiovascular outcomes and spending [3-5].
Although many factors are associated with such gaps in care,
simple forgetfulness has been identified as a key contributor
[6-8]. Strategies to address this barrier include improvements
to pillboxes and bottles, including manual and electronic
reminder systems; however, only a few have been rigorously
evaluated and, in some cases, their complexity, cost, and the
need for patients to purchase and set them up to use them may
limit their ultimate value [9-13].
With the widespread use of mobile phones, including the recent
increase in uptake among elderly patients, text message–based
reminders may represent a potentially effective avenue for
intervention [14-16]. Although some clinical benefit from text
message reminders has been established in improving both
medication and exercise adherence, there is little evidence about
the effectiveness of this strategy for patients recently discharged
after MI [17-20], which represents a particularly high-risk
patient subgroup [21]. The few studies that do exist have been
of limited duration, with the longest study among post-MI
patients being of an 8-week duration only. Accordingly, we
sought to assess the impact of structured daily text message
reminders on adherence to post-MI medications and exercise
in two randomized controlled pilot trials.

Methods
To assess the impact of text message reminders on adherence
to medications and exercise, we conducted two single-center,
open-label, randomized controlled pilot trials in patients recently
discharged from hospital after MI. This research was approved
by the University of Waterloo Research Ethics Committee
(20980) and is registered with clinicaltrials.gov (NCT02783287).
The trials were conducted at Cambridge Cardiac Rehab in
Ontario, Canada, which enrolled consecutive patients aged 18
years and older, who within the preceding 2 weeks had been
discharged from hospital after MI and enrolled in a structured
cardiac rehabilitation program. In the medication adherence
trial, we included patients who were receiving treatment with
medications from all four of the following classes: antiplatelets,
beta-blockers, angiotensin converting enzyme inhibitors-I or
angiotensin receptor blockers, and 3-hydroxy-3-methylglutarylcoenzyme reductase enzyme inhibitors (statins). As the trial
involved daily text messaging, patients taking medications in
dosing regimens of more than once daily were excluded. In the
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exercise adherence trial, we included patients who had been
prescribed an exercise regimen comprising 45 min of exercise
5 days a week. In both trials, individuals without a mobile
phone, those who were unable to read and write in English or
provide informed consent, or those who were incarcerated were
excluded.
In both trials, following recruitment and written informed
consent, we collected demographic information, including age,
gender, medical diagnosis, medication list, and educational
status. Participants were randomized using a Web-based random
number generator in a 1:1 ratio to intervention or control.
Patients were not permitted to participate in both trials.
In the medication adherence trial, patients randomized to
intervention received daily text messages at the time they
preferred to take their medications. The text messages simply
indicated that patients should remember to take their medications
and contained no identifiable information such as medications
names or classes. For example, patients who took their
medication in the morning received a text message that read,
“Please remember to take your morning medications now.”
Patients randomized to the control arm of the study did not
receive text reminders. Automated text message reminder
software was developed with Microsoft Small Basic, a simplified
version of Microsoft Visual Basic, and did not utilize
bidirectional contact.
For the exercise adherence trial, patients randomized to the
intervention group were sent text message reminders 4 times
daily, at 7:30 am, 12:00 pm, 6:00 pm, and 9:00 pm. The text
message reminders simply read, “Please remember to exercise
for 30 minutes today.” These timings were identified as common
timings for exercise by the staff of the cardiac rehabilitation
center where the study was conducted. Patients randomized to
the control arm of the study did not receive any text message
reminders.
All patients in both trials participated in the structured outpatient
cardiac rehabilitation program in which they were enrolled. The
program comprised 1 week of education about diet, proper
exercise technique, heart disease and MI, smoking cessation,
and stress management and was followed by 2 sessions per
week of on-site exercise under the supervision of kinesiologists
and nurses. The study protocol was conducted with the help of
the staff at the study site. Cardiac rehabilitation nurses and
kinesiologists distributed and collected logbooks and enrolled
patients into the text message reminder system. After completing
the initial 3 months of the program, patients continued their
rehabilitation at home but were instructed to return for a
follow-up assessment at 1 year. In both trials, patients were
followed up for up to 12 months, including the 3 initial months
of the program, and patients and their health care providers were
aware of the arm to which they had been randomized.
In the adherence trial, all study participants were asked to use
a logbook to record the name and timing of the medications
they had taken on a daily basis. The logbooks were based on
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the standard logbooks used by the cardiac rehabilitation center
as suggested by The Canadian Association of Cardiovascular
Prevention and Rehabilitation. The logbooks had 1 page per
day, with separate rows for different times of the day. Patients
were instructed not to log anything if they missed a medication
or did not exercise on a specific day. Missing entries were
interpreted as a missed dose. Logbooks were collected monthly.
From these logs, absolute medication adherence was calculated
as the percentage of total prescribed doses that were actually
taken each month. For example, if a patient took 27 out of the
30 prescribed doses for a month, they were deemed to be 90%
adherent. The primary outcome for this trial was average
adherence over 12 months, calculated as the mean of each of
the 12 monthly measurements of the percentage of days covered
(PDC). The secondary outcome was “full adherence,” which
was a measure of whether average adherence over the 12 months
of follow-up was greater than 80%, which in turn represented
a level of use above which patients with coronary artery disease
benefit from statins and the threshold used by most quality
measures [21-23].
In the exercise trial, all participants were asked to log the time
when they started and finished exercising every day. Logbooks
were collected on a monthly basis. The primary outcome for
this trial was the average number of days per month that a
patient exercised over 12 months, calculated as the mean of
each of the 12 monthly measurements of the days per months
exercised. Secondary outcomes included the average number
of hours of exercise per month and cardiopulmonary fitness as
assessed by a BRUCE protocol 12 months after randomization
[24,25]. Cardiopulmonary fitness was evaluated with an exercise
stress test conducted according to the BRUCE protocol, which
is the most widely used method employed in routine clinical
practice. In this approach, patients walk on a treadmill and the
speed and inclination are adjusted based on a preset schedule.
Patients walk until they are unable to continue or are instructed
to stop by the technician conducting the test. The duration of
time that elapses before stopping is then converted to metabolic
equivalents (METS) based on standard calculations.
Sample sizes for the trials were estimated based on the results
of two preparatory studies conducted at the Cambridge Cardiac
Care Center. The medication adherence study was a 2-month
crossover study of 30 patients who were recently discharged
from hospital after admission for coronary artery disease; these
patients were randomized to receive text message reminders for
1 month and to receive no text message reminders the other
month. The exercise adherence study was a 2-month parallel
group study of 16 post-MI patients who were randomized to
either receive daily text message reminders or not to receive
daily text message reminders for 2 months. The medication
adherence pilot found a 10.8 percentage point (standard
deviation [SD] 8.9) increase in adherence from text message
reminders. On the basis of this increase in adherence, and

http://mhealth.jmir.org/2017/8/e110/

XSL• FO
RenderX

Pandey et al
assuming an alpha of .05, we estimated that we could achieve
80% power with a sample size of at least 32 patients. The
exercise adherence pilot trial found an increase of 10.3 (SD
18.7) days per month of exercise; on the basis of this increase
and assuming an alpha of .05, we estimated that we could
achieve 80% power with a sample size of 50 patients.
All analyses were performed based on the intention-to-treat
principles. We calculated means and frequencies of
prerandomization variables separately by study arm. For the
medication adherence trial, we evaluated the impact of text
messaging on average adherence and optimal adherence using
linear and logistic regression, respectively. For the exercise
adherence trial, all outcomes were evaluated using linear
regression. After performing these analyses, we ran
multivariable models adjusting for characteristics that were
imbalanced by chance at baseline.
We additionally conducted hypothesis-generating subgroup
analyses on the following factors: sex, age >65 years versus
≤65 years, postsecondary education versus up to postsecondary
education, and self-reported depression versus no depression at
baseline. Specifically, we evaluated whether model-based
interaction terms were statistically significant for the primary
outcome. We used Statistical Analysis System version 9.4 for
all statistical analyses.

Results
Medication Adherence
We screened a total of 90 patients discharged from hospital after
acute MI, of whom 56 (63%) did not meet study inclusion
criteria or declined to participate (Figure 1). The remaining 34
were randomly assigned to receive usual care alone (control)
or usual care plus text message reminders (intervention). One
control patient withdrew from the study during the first month
of the study. Baseline characteristics of the study participants
are shown in Table 1. Intervention subjects were slightly older,
more likely to be smokers, taking more medications at baseline,
and female. Baseline adherence before the beginning of the
study was not measured. At month 1, patients in the control
group achieved 90% medication adherence.
The impact of text messaging on medication adherence is shown
in Figure 1 and Table 2. The average medication adherence
during follow-up for patients randomized to usual care was 80%
(95% CI 73-86). The mean difference in PDC between the text
message and control groups was 14.2 percentage points (95%
CI 7-21, P<.001; Table 2). All intervention patients were
optimally adherent to their prescribed medications during
follow-up compared with 50% (8/16) of control patients
(P<.001). The results remained unchanged in a multivariable
model adjusting for differences in sex, the only characteristic
that was statistically significantly imbalanced at baseline.
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Figure 1. Monthly percentage of days covered (PDC) by study arm.

Table 1. Baseline characteristics.
Characteristic

Adherence trial
Text message

Exercise trial
Usual care (N=16)

reminders (N=17)

Text message

Usual care (N=25)

reminders (N=25)

Demographic
Age in years, mean (SD)

64.6 (11.5)

62.1 (11.0)

64.3 (10.7)

63.7 (9.6)

Male gender, n (%)

6 (35)

14 (88)

15 (60)

11 (44)

Secondary school, n (%)

10 (67)

8 (50)

17 (71)

16 (64)

Postsecondary school, n (%)

5 (33)

8 (50)

7 (29)

9 (36)

1 (6)

1 (6)

2 (8)

1 (4)

COPD , n (%)

3 (18)

3 (19)

4 (16)

5 (20)

Dementia, n (%)

3 (18)

2 (13)

5 (20)

4 (16)

Depression (self-report), n (%)

6 (35)

6 (38)

12 (48)

10 (40)

Diabetes, n (%)

6 (35)

7 (44)

10 (40)

8 (32)

Heart failurec, n (%)

-

-

10 (40)

9 (36)

Chronic kidney disease, n (%)

2 (12)

3 (19)

6 (24)

5 (20)

Smoker, n (%)

7 (41)

4 (25)

10 (40)

9 (36)

Stroke, n (%)

4 (24)

1 (6)

4 (16)

3 (12)

Baseline BRUCEc, mean (SD)

-

-

5.0 (1.7)

5.1 (1.9)

Number of medicationsd, mean (SD)

10.1 (4.5)

8.0 (5.2)

10.5 (4.6)

9.0 (6.1)

Education

a

Clinical characteristics
Cancer, n (%)
b

a

2 patients missing from Adherence trial, intervention arm; 1 patient missing from Exercise trial, intervention arm.

b

COPD: chronic obstructive pulmonary disease.

c

Not collected for Adherence trial.

d

1 patient missing from Adherence trial, control arm.
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Table 2. Impact of text messaging on study outcomes.
Trial and outcome

Parameter

Text message

Usual care

Difference

reminders

(95% CI)

(95% CI)

P valuea

(95% CI)
Medication adherence
Primary

Average percentage of days covered during follow-up

94 (92-96)

80 (73-86)

14 (7-21)

<.001

Secondary

Percentage (N) fully adherent during follow-up

100 (17)

50 (8)

50

<.001b

Primary

Mean days of exercise per month during follow-up

17.2 (16.0-18.5) 13.1 (11.1-15.0) 4.2 (1.9-6.4)

.001

Secondary

Mean hours of exercise per month during follow-up

12.5 (11.5-13.6) 8.5 (7.3-9.8)

4.0 (2.4-5.6)

<.001

7.4 (6.5-8.3)

1.2 (−0.1 to 2.5) .06

Exercise adherence

Cardiopulmonary fitness at month 12 (METS)
a

c

6.2 (5.2-7.2)

Satterthwaite method, except where noted.

b

Fisher exact test.

c

METS: metabolic equivalents, where 1 MET is equal to a whole-body oxygen consumption of 3.5 mL O2/kg/min.

Table 3. Subgroup analysis.
Trial and subgroup

Text message

Usual care (N)

Absolute difference

P valuea

reminders (N)
Adherence outcome: percentage of days covered
Male

93 (6)

80 (14)

13

.95

Female

94 (11)

81 (12)

13

.95

Age >65 years

91 (7)

73 (8)

18

.01

Age ≤65 years

96 (10)

85 (8)

11

.01

>12 years of education

94 (5)

82 (8)

12

.60

<12 years of education

93 (10)

77 (8)

16

.60

Depression (self-report)

95 (6)

79 (6)

16

.95

No depression

94 (11)

80 (10)

14

.95

Male

16.8 (15)

11 (11)

5.8

.38

Female

19.2 (10)

10.5 (14)

8.7

.38

Age >65 years

18.2 (12)

12 (11)

6.2

.15

Age ≤65 years

16 (13)

14.2 (14)

1.8

.15

>12 years of education

17.5 (7)

13.9 (9)

3.6

.74

<12 years of education

17.1 (17)

12.6 (16)

4.5

.74

Depression (self-report)

18.4 (12)

12.6 (10)

5.8

.31

No depression

15.8 (13)

12.7 (15)

3.1

.31

Exercise outcome: days of exercise per month

a

Regression model-based interaction term.

Adherence was consistently higher for patients randomized to
receive text messages across all subgroups but was statistically
significantly only for age (Table 3). Text messages increased
adherence by an average of 18% among patients ≥65 years of
age compared with 11% among patients younger than 65 years
(P value for interaction .009).

Exercise Adherence
We screened a total of 92 patients discharged from hospital after
an acute MI (Figure 2). Of these, 42 were ineligible to participate
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in the study. The remaining 50 patients were randomized to
either receive usual care or usual care in addition to text message
reminders.
Baseline characteristics of the study participants are shown in
Table 1. As in the medication adherence trial, intervention
subjects tended to be older, more likely to smoke, and, on
average, taking more medications at baseline. Additionally,
intervention subjects were more likely to be female but were
similar to controls with respect to cardiopulmonary fitness.
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e110 | p.188
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Baseline exercise behavior before the beginning of the study
was not observed. At month 1, patients in the control group
exercised on an average of 16.7 days per month.
The impact of text messaging on exercise adherence is shown
in Figure 2 and Table 2. The patients assigned to usual care
exercised on an average of 13.1 days per month. In the text
message group, the average number of days of exercise per
month increased by 4.2 days (95% CI 1.9-6.4) to 17.2 days

Pandey et al
(P<.001). In multivariable models adjusting for imbalances in
baseline characteristics, the results remained unchanged.
Patients receiving text messages also exercised an additional
4.0 hours per month (P<.001) and had a nonstatistically
significant increase of 1.2 METS (P=.06) of exercise capacity.
In subgroup analyses, days of exercise per month were
consistently higher across all strata of patients randomized to
the intervention arm (Table 3).

Figure 2. Monthly days of exercise by study arm.

Discussion
Principal Findings
In this pair of randomized controlled pilot trials of text message
reminders delivered to post-MI patients participating in cardiac
rehabilitation, we found significant improvement in both
adherence to medications and the frequency and duration of
exercise over 12 months of follow-up as measured by patient
self-report. In addition, the secondary outcome of the trial
focusing on exercise adherence showed a nonsignificant trend
to improved cardiopulmonary fitness as measured by exercise
stress testing.
Several studies have demonstrated the potential benefits of
external reminders, including text messaging, for improving
medication adherence [17,26]. A recent meta-analysis of 16
randomized studies of adult patients with chronic disease,
including coronary artery disease, HIV, and epilepsy, found
that the odds of full adherence was more than doubled for those
who received text messages [17]. Of the studies included, only
3 explicitly studied patients taking medications for secondary
prevention after acute coronary syndrome, of which only 2 were
ultimately included in the meta-analysis [19,20]. Both studies
followed patients for only 30 days, sending daily personalized
reminders to patients in the intervention arms to take their
cardiovascular medications. Moreover, neither of these studies
was conducted within the context of a comprehensive post-MI
cardiac rehabilitation program, in which approximately 40% of
patients post-MI in the United States enroll [27-29], and which
http://mhealth.jmir.org/2017/8/e110/
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could conceivably have augmented or extinguished the impact
of text message reminders. In contrast, our study, despite being
small in size and conducted at a single center, found sustained
improvements in medication-taking from text message reminders
delivered in addition to cardiac rehabilitation, as compared with
cardiac rehabilitation alone that persisted over the course of 12
months of follow-up.
Several studies have demonstrated the beneficial effects of text
message reminders on exercise adherence among patients with
heart disease [26,30,31]. For example, the TEXT-MI trial
enrolled patients with documented cardiovascular disease and
randomized them to usual care or to receive text messages that
provided advice, motivational reminders, and support to change
a wide range of lifestyle behaviors, one of which was physical
activity [26,30,31]. This trial found clinically meaningful and
statistically significant improvements in exercise, low-density
lipoprotein cholesterol, blood pressure, body mass index, and
smoking even though follow-up ended after 6 months. A few
existing studies have specifically enrolled patients in the
immediate post-MI setting or have been conducted concurrently
with cardiac rehabilitation. Frederix et al [32] studied the impact
of augmenting cardiac rehabilitation with a “tele-rehabilitation”
program in which emails and texts were sent by a coach based
upon patient’s individual accelerometer data. The intervention
resulted in significant improvements in physical fitness and
quality of life over 24 weeks of follow-up. In contrast, our
intervention relied on fully automated messages, without the
need to receive and process accelerometer data, and followed
patients for 12 months. The improvements in self-reported
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exercise adherence translated to higher exercise tolerance, as
measured by the BRUCE protocol exercise stress test
administered at 12 months. Although these results did not reach
statistical significance, they demonstrate a strong long-term
trend that bears confirmation in a larger study.
There are many similarities between medication adherence and
exercise adherence behaviors that suggest why a highly similar
intervention may have been effective for both behaviors. In
specific, medication and exercise adherence require daily
engagement and have multiple barriers to their performance,
including motivation, literacy or knowledge, or simple
forgetfulness. Moreover, studies of text messaging to improve
medication adherence or exercise adherence have reported high
patient satisfaction, with the vast majority of patients reporting
that the short message service messages were useful and easy
to understand [19,26,31].
A greater drop-off in the days of exercise per month was noted
in the control group at month 3. This corresponds to the end of
the on-site cardiac rehabilitation program. For the first 3 months
of cardiac rehabilitation, patients exercised on-site for 2 sessions
per week. Following this, patients continued to exercise at home
but did not exercise on-site. No similar drop-off was noted in
the text message arm of the study.
In our subgroup analyses, we observed consistent effects of
texting on medication and exercise adherence. Although we had
hypothesized a priori that access and knowledge of the
technology may have been a barrier to effective use of this
intervention among the elderly, our observations revealed the
contrary. These results are consistent with studies that found
other electronic interventions to be as or more effective among
older individuals [33,34]. This being said, more research is
required to confirm these results in larger and more diverse
patient populations.
Patients were surveyed following the end of the study to discuss
their experience with daily text message reminders. The majority
reported that these reminders were helpful in maintaining
adherence to their therapies and did not find them to be overly
intrusive. They reported their preference for the text messages
over alarms, which could be turned off more easily. Patients
also reported liking that the reminders came from an outside
source and likened them to calls from a nurse or other health
care provider. More formalized polling of patient participants
in future studies may provide further insight into patient
experience with reminder systems such as the one examined in
this study.

Pandey et al

Limitations
There are several limitations to our trials. First, both trials had
small sample sizes and were conducted at a single cardiac
rehabilitation facility in Ontario, Canada. Future studies with
larger sample sizes could seek to evaluate other end points such
as hospital readmissions. Data collected in this study were
largely self-reported, although this has been the primary mode
of outcome evaluation in the majority of existing studies
evaluating text reminders on medication adherence [17]. The
fact that the improvement in exercise adherence we observed
was correlated with objective improvements in aerobic fitness
measured by stress testing suggests that our outcome
measurement was reliable and any mismeasurement was
nondifferential with respect to the exposure. Our medication
adherence trial included only patients on once-a-day regimens
of the four classes of medications studied. Whereas all four
medication classes we studied are widely available with this
dosing strategy, our results may not be generalizable to all
post-MI patients. Additionally, most of the patients in the study
had one or more chronic diseases and were taking medications
for these diseases. The message sent to patients reminding them
to take their medications read, “Please remember to take your
morning medications now.” Although we expect this nonspecific
messaging would have encouraged patients to take all of their
therapies as prescribed, we only evaluated adherence to the four
post-MI medications. Also, the long follow-up of the study
during which no one dropped out and which required patients
to complete logbooks on a daily basis may limit generalizability
to other patient groups. In both trials, logbooks were used to
measure medication and exercise adherence because this
method, previously validated, was already in use at the cardiac
rehabilitation center where we conducted the study, and we
hoped to integrate study procedures into the cardiac
rehabilitation program. It is possible that patients may have
taken a medication or exercised but forgotten to log this in the
logbook; however, we do not believe that this has significantly
impacted our results [35]. Finally, there were baseline
imbalances in the treatment arms in potentially important
characteristics, notably sex, although our overall results
remained unchanged in multivariable and subgroup analyses.
Further research should be conducted in larger and more diverse
populations.

Conclusions
In conclusion, structured text message reminders were found
to significantly improve adherence to both medications and
exercise. Although further research is required to validate our
results in larger and more diverse settings, text messaging
appears to represent a simple and scalable strategy for improving
adherence to medications and exercise among post-MI patients.
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Abstract
Background: Inertial sensors are one of the most commonly used sources of data for human activity recognition (HAR) and
exercise detection (ED) tasks. The time series produced by these sensors are generally analyzed through numerical methods.
Machine learning techniques such as random forests or support vector machines are popular in this field for classification efforts,
but they need to be supported through the isolation of a potentially large number of additionally crafted features derived from
the raw data. This feature preprocessing step can involve nontrivial digital signal processing (DSP) techniques. However, in many
cases, the researchers interested in this type of activity recognition problems do not possess the necessary technical background
for this feature-set development.
Objective: The study aimed to present a novel application of established machine vision methods to provide interested researchers
with an easier entry path into the HAR and ED fields. This can be achieved by removing the need for deep DSP skills through
the use of transfer learning. This can be done by using a pretrained convolutional neural network (CNN) developed for machine
vision purposes for exercise classification effort. The new method should simply require researchers to generate plots of the
signals that they would like to build classifiers with, store them as images, and then place them in folders according to their
training label before retraining the network.
Methods: We applied a CNN, an established machine vision technique, to the task of ED. Tensorflow, a high-level framework
for machine learning, was used to facilitate infrastructure needs. Simple time series plots generated directly from accelerometer
and gyroscope signals are used to retrain an openly available neural network (Inception), originally developed for machine vision
tasks. Data from 82 healthy volunteers, performing 5 different exercises while wearing a lumbar-worn inertial measurement unit
(IMU), was collected. The ability of the proposed method to automatically classify the exercise being completed was assessed
using this dataset. For comparative purposes, classification using the same dataset was also performed using the more conventional
approach of feature-extraction and classification using random forest classifiers.
Results: With the collected dataset and the proposed method, the different exercises could be recognized with a 95.89%
(3827/3991) accuracy, which is competitive with current state-of-the-art techniques in ED.
Conclusions: The high level of accuracy attained with the proposed approach indicates that the waveform morphologies in the
time-series plots for each of the exercises is sufficiently distinct among the participants to allow the use of machine vision
approaches. The use of high-level machine learning frameworks, coupled with the novel use of machine vision techniques instead
of complex manually crafted features, may facilitate access to research in the HAR field for individuals without extensive digital
signal processing or machine learning backgrounds.
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Introduction
Background
Inertial sensors are ubiquitous in everyday objects such as
mobile phones and wristbands and can provide large amounts
of data regarding movement activity. Analysis of such data can
be diverse, but in general terms can be characterized as complex
operations using a broad range of machine learning techniques
and highly sophisticated signal processing methods. The latter
is required to extract salient features that can improve
recognition performance. These features are not only complex
to calculate, but also making a priori reasoned arguments toward
their effectiveness in improving overall results is difficult. The
temptation to include additional features in an attempt to
improve classification accuracy may result in pipelines
(infrastructure) with excessive complexity, yielding slower
processing and increased resource usage. To counter this
proliferation of features, it is common to use dimensionality
reduction techniques including linear approaches such as
principal component analysis and increasingly common
nonlinear methods principally based on manifold learning
algorithms.
In contrast to this complex tool, we propose a method to classify
human activity from inertial sensor data based on images and
using deep learning-based machine vision techniques. This
approach reduces the amount of deep domain knowledge needed
in terms of digital signaling processing (DSP), down to some
basic steps of preprocessing and segmentation, substituting
instead a neural network that can learn the appropriate features
independent of a user-driven feature candidature step.
Convolutional networks are not trivial to work with, but the
recent availability of higher level deep learning frameworks
such as TensorFlow [1] and the use of transfer learning, a
technique to reuse already trained convolutional neural networks
(CNNs), considerably reduces the skills needed to set up and
operate such a network.
In this study, we sought to demonstrate a novel application of
machine vision techniques as a classification method for inertial
measurement unit (IMU) data. The main goal of this work was
to develop a novel data analysis pathway for researchers who
are most interested in this type of work, such as medical and
exercise professionals. These individuals may not have the
technical background to implement existing state-of-the-art data
analysis pathways. We also aimed to evaluate the efficacy of
our new classification technique by attempting to detect five
commonly completed lower-limb exercises (squats, deadlifts,
lunges, single-leg squats, and tuck jumps) using the new data
analysis pathway. The accuracy, sensitivity, and specificity of
the pathway were compared with recently published work on
the same dataset.
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Related Work
The three main topics in this section are as follows: (1) a brief
overview of the current human activity recognition (HAR) and
exercise detection (ED) literature, (2) an account of some of the
newer advances in the field that are using neural networks for
certain parts of the feature discovery and reduction process, and
(3) an introduction to transfer learning, highlighting its benefits
in terms of time and resource savings, and working with smaller
datasets.

Activity Classification for Inertial Sensor Data
Over the past 15 years, inertial sensors have become increasingly
ubiquitous due to their presence in mobile phones and wearable
activity trackers [2]. This has enabled countless applications in
the monitoring of human activity and performance spanning
applications in general HAR, gait analysis, the military field,
the medical field, and exercise recognition and analysis [3-6].
Across all these application spaces, there are common challenges
and steps which must be overcome and implemented to
successfully create functional motion classification systems.
Human activity recognition with wearable sensors usually
pertains to the detection of gross motor movements such as
walking, jogging, cycling, swimming, and sleeping [5,7]. In
this field of motion tracking with inertial sensors, the key
challenges are often considered to be (1) the selection of the
attributes to be measured; (2) the construction of a portable,
unobtrusive, and inexpensive data acquisition system; (3) the
design of feature extraction and inference methods; (4) the
collection of data under realistic conditions; (5) the flexibility
to support new users without the need for retraining the system;
and (6) the implementation in mobile devices meeting energy
and processing requirements [3,7]. With the ever-increasing
computational power and battery life of mobile devices, many
of these challenges are becoming easier to overcome.
Whereas system functionality is dependent on hardware
constraints, the accuracy, sensitivity, and specificity of HAR
systems are most reliant on building large, balanced, labeled
datasets; the identification of strong features for classification;
and the selection of the best machine learning method for each
application [3,8-10]. Investigating the best features and machine
learning methods for each HAR application requires an
individual or team appropriately skilled in signal processing
and machine learning and a large amount of time. They must
understand how to compute time-domain, frequency-domain,
and time-frequency domain features from inertial sensor data
and train and evaluate multiple machine learning methods (eg,
random forests [11], support vector machines [12], k-nearest
neighbors [13], and logistical regression [14]) with such features
[3-5]. This means that those who may be most interested in the
output of inertial sensor based activity recognition systems (eg,
medical
professionals,
exercise
professionals,
and
biomechanists) are unable to design and create the systems
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without significant engagement with machine learning experts
[4].
The above challenges in system design and implementation are
replicated in activity recognition pertaining to more specific or
acute movements. In the past decade, there has been a vast
amount of work in the detection and quantification of specific
rehabilitation and strength and conditioning exercises [15-17].
Such work has also endeavored to detect aberrant exercise
technique and specific mistakes that system users make while
exercising, which can increase their chance of injury or decrease
their body’s beneficial adaptation due to the stimulus of exercise

Dominguez Veiga et al
[17,18]. The key steps in the development of such systems have
been recently outlined as (1) inertial sensor data collection, (2)
data preprocessing, (3) feature extraction, and (4) classification
(Figure 1) [4]. Whereas the first step can generally be completed
by exercise professionals (eg, physiotherapists and strength and
conditioning coaches), the remaining steps require skills outside
that included in the training of such experts. Similarly, when
analyzing gait with wearable sensors, feature extraction and
classification have been highlighted as essential in the
development of each application [19,20]. This again limits the
type of professional who can create such systems and the rate
at which hypotheses for new systems can be tested.

Figure 1. Steps involved in the development of an inertial measurement unit (IMU)-based exercise classification system.

Neural Networks and Activity Recognition
In the past few years, CNNs have been applied in a variety of
manners to HAR, in both the fields of ambient and wearable
sensing. Mo et al applied a novel approach utilizing machine
vision methods to recognize twelve daily living tasks with the
Microsoft Kinect. Rather than extract features from the Kinect
data streams, they developed 144×48 images using 48 successive
frames from skeleton data and 15×3 joint position coordinates
and 11×3×3 joint rotation matrices. These images were then
used as input to a multilayer CNN which automatically extracted
features from the images that were fed in to a multilayer
perceptron for classification [21]. Stefic and Patras utilized
CNNs to extract areas of gaze fixation in raw image training
data as participants watched videos of multiple activities [22].
This produced strong results in identifying salient regions of
images that were then used for action recognition. Ma et al also
combined a variety of CNNs to complete tasks, such as
segmenting hands and objects from first-person camera images
and then using these segmented images and motion images to
train an action-based and motion-based CNN [23]. This novel
use of CNNs allowed an increase in activity recognition rates
of 6.6%, on average. These research efforts demonstrated the
power of utilizing CNNs in multiple ways for HAR.
Research utilizing CNNs for HAR with wearable inertial sensors
has also been published recently. Zeng et al implemented a
method based on CNNs which captures the local dependency
and scale invariance of an inertial sensor signal [24]. This allows
features for activity recognition to be identified automatically.
The motivation for developing this method was the difficulties
in identifying strong features for HAR. Yang et al also
highlighted the challenge and importance of identifying strong
features for HAR [25]. They also employed CNNs for feature
learning from raw inertial sensor signals. The strength of CNNs
in HAR was again demonstrated here as its use in this
circumstance outperformed other HAR algorithms, on multiple
datasets, which utilized heuristic hand-crafting of features or
http://mhealth.jmir.org/2017/8/e115/
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shallow learning architectures for feature learning. Radu et al
also recently demonstrated that the use of CNNs to identify
discriminative features for HAR when using multiple sensor
inputs from various mobile phones and smartwatches, which
have different sampling rates, data generation models, and
sensitivities, outperforms classic methods of identifying such
features [26]. The implementation of such feature learning
techniques with CNNs is clearly beneficial but is complex and
may not be suitable for HAR system developers without strong
experience in machine learning and DSP. From a CNN
perspective, these results are interesting and suggest significant
scope for further exploration for machine learning researchers.
However, for the purposes of this paper, their inclusion is to
both succinctly acknowledge that CNN has been applied to
HAR previously and to distinguish the present approach which
seeks to use well developed CNN platforms tailored for machine
vision tasks in a transfer learning context for HAR recognition
using basic time series as the only user created features.

Transfer Learning in Machine Vision
Deep learning-based machine vision techniques are used in
many disciplines, from speech, video, and audio processing
[27], through to HAR [21] and cancer research [28].
Training deep neural networks is a time consuming and resource
intensive task, not only needing specialized hardware (graphics
processing unit [GPU]) but also large datasets of labeled data.
Unlike other machine learning techniques, once the training
work is completed, querying the resulting models to predict
results on new data is fast. In addition, trained networks can be
repurposed for other specific uses which are not required to be
known in advance of the initial training [29]. This arises from
the generalized vision capabilities that can emerge with suitable
training. More precisely, each layer of the network learns a
number of features from the input data and that knowledge is
refined through iterations. In fact, the learning that happens at
different layers seems to be nonspecific to the dataset, including
the identification of simple edges in the first few layers, the
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subsequent identification of boundaries and shapes, and growing
toward object identification in the last few layers. These learned
visual operators are applicable to other sets of data [30]. Transfer
learning then is the generic name given to a classification effort
when a pretrained network is reused for a task for which it was
not specifically trained for. Deep learning frameworks such as
Caffe [31] and TensorFlow can make use of pretrained networks,
many of which have been made available by researchers in
repositories such as the Caffe Model Zoo, available in their
github repository.

needs of the new dataset (alongside other hyperparameters such
as learning rate and training steps).

Retraining requires not only a fraction of the time that a full
training session would need (min/h instead of weeks), but more
importantly in many cases, allows for the use of much smaller
datasets. An example of this is the inception model provided
by Google, whose engineers reportedly spent several weeks
training on ImageNet [32] (a dataset of over 14 million images
in over 2 thousand categories), using multiple GPUs and the
TensorFlow framework. In their example [33], they use in the
order of 3500 pictures of flowers in 5 different categories to
retrain the generic model, producing a model with a fair
accuracy rating on new data. In fact, during the retraining stage,
the network is left almost intact. The final classifier is the only
part that is fully replaced, and “bottlenecks” (the layer before
the final one) are calculated to integrate the new training data
into the already “cognizant” network. After that, the last layer
is trained to work with the new classification categories. This
happens in image batches of a size that can be adapted to the

Methods

Each step of the training process outputs values for training
accuracy, validation accuracy, and cross entropy. A large
difference between training and validation accuracy can indicate
potential “overfitting” of the data, which can be a problem
especially with small datasets, whereas the cross entropy is a
loss function that provides an indication of how the training is
progressing (decreasing values are expected).

Study Design
Given the potential advantages of transfer learning in machine
vision for the purposes of HAR, we next describe an exemplar
study where we apply these ideas for the purposes of classifying
exercise data from inertial sensors. This very specific example
is sufficiently comprehensive in scale, and scope to represent
a typical use case for the approach which to reiterate will use
pretrained CNNs with one lightweight additional training step,
to classify inertial sensor data based on images generated from
the raw data (Figure 2). The level of DSP skills to perform this
analysis will be shown to be much lower compared with other
methods of classifying this type of data with other machine
learning techniques that rely on engineered features (Figure 1).
This section contains all the details required to replicate this
approach, focusing on how the data was collected, and how our
system was set up and used.

Figure 2. Depiction of the changes between traditional methods and the one presented in this paper, in particular steps 3 and 4.
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Data Collection
Participants
A total of 82 healthy volunteers aged 16-38 years (59 males,
23 females, age: 24.68 years [SD (standard deviation) 4.91],
height: 1.75m [SD 0.09], body mass: 76.01kg [SD 13.29]) were
recruited for the study. Participants did not have a current or
recent musculoskeletal injury that would impair performance
of multi-joint, lower-limb exercises. All participants had been
completing each of the five exercises as part of their training
regime for at least one year. The human research ethics
committee at University College Dublin approved the study
protocol and written informed consent was obtained from all
participants before testing. In cases where participants were
under the age of 18 years, written informed consent was also
obtained from a parent or guardian.

Procedures
The testing protocol was explained to participants upon their
arrival at the laboratory. Following this, they completed a
10-min warm-up on an exercise bike (Lode BV, Groningen,
The Netherlands), maintaining a power output of 100W at 75-85
revolutions per min. Next, an IMU (SHIMMER, Dublin, Ireland)
was secured on the participant by a chartered physiotherapist
at the spinous process of the 5th lumbar vertebra (Figure 3).
The orientation and location of all the IMUs was consistent for
all the study participants across all exercises.

Dominguez Veiga et al
A pilot study was used to determine an appropriate sampling
rate and the ranges for the accelerometer and gyroscope on
board the IMU. In the pilot study, squat, lunge, deadlift,
single-leg squat, and tuck jump data were collected at 512
samples/s. A Fourier transform was then used to determine
signal and noise characteristics of the signal that were all found
to be less than 20 Hz. Therefore, a sampling rate of 51.2
samples/s was deemed appropriate for this study based upon
the Shannon sampling theorem and the Nyquist criterion [34].
The Shimmer IMU was configured to stream tri-axial
accelerometer (±16 g) and gyroscope (±500 ˚/s) data with the
sensor ranges chosen based upon data from the pilot study. Each
IMU was calibrated for these specific sensor ranges using the
Shimmer 9DoF Calibration application.
After completion of their warm up, participants proceeded to
do one set of 10 repetitions of bodyweight squats, barbell
deadlifts at a load of 25kg, bodyweight lunges, and bodyweight
single-leg squats (Figure 4). A chartered physiotherapist
demonstrated the correct technique for each of the exercises.
Participants familiarized themselves with each exercise, and
their technique was assessed to be correct by the physiotherapist.
Correct technique for squats, lunges, and deadlifts was defined
using guidelines from the National Strength and Conditioning
Association [35]. Single leg squats were completed according
to the scoring criteria outlined by Whatman et al [36]. Finally,
each participant completed the 10-second tuck jump test while
attempting to maintain good form throughout [37].

Figure 3. Inertial measurement unit (IMU) position: the spinous process of the 5th lumbar vertebra.
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Figure 4. The five exercises completed for this study: bodyweight squat (upper left), bodyweight lunge (upper middle), barbell deadlift (lower left),
single leg squat (lower middle), and tuck jump (right).

Preparation for Transfer Learning
Based on the previous design for an IMU-based exercise
classification system (Figure 1), with this new method the
feature extraction step is not needed (Figure 2) as the CNN will
take care of automatically both training the model and
discovering the features by itself. The segmentation process is
directly followed by the classification task (training and
inference).

Convolutional Neutral Network (CNN) Infrastructure
Working with convolutional networks is not a trivial task.
Fortunately, since the advent of deep learning in the last few
years, a number of frameworks such as TensorFlow and Caffe
have appeared in the market and are readily available for
researchers. Most of these frameworks are open source,
supported by large companies or universities, and provide not
only helper libraries for numerical computation and machine
learning but also a flexible architecture and the possibility to
almost trivially use multiple central processing units (CPUs)
and GPUs if available.
The authors used TensorFlow for the particular results provided
in this paper, but any other framework or higher level library
would suffice. Installing TensorFlow can be cumbersome, but
Google provides a Docker container [38] with all the
components to run TensorFlow out of the box. Documentation
and scripts are also provided to retrain [39] networks and query
[40] the new classifier. The aforementioned Docker container
and scripts were used in this paper with minimal modifications.
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The preprocessing and segmentation of inertial data to create
the images that are fed into the CNN were prepared with
MATLAB (2012, The MathWorks), as explained in the
following section.

Data Preparation
Six signals were collected from the IMU; accelerometer x, y,
and z; and gyroscope x, y, and z. Data were analyzed using
MATLAB. To ensure the data analyzed applied to each
participant’s movement and to eliminate unwanted
high-frequency noise, the six signals were low pass filtered at
fc=20 Hz using a Butterworth filter of order n=8.
The filtered signals were then programmatically segmented into
epochs that relate to single, full repetitions of the completed
exercises. Many algorithms are available to segment human
motion during exercise. These include the sliding window
algorithm, top-down, bottom-up algorithms, zero-velocity
crossing algorithms, template-base matching methods, and
combination algorithms of the above [4]. These algorithms all
have advantages and disadvantages. For the purpose of the
creation of a functioning exercise detection classifier, a simple
peak-detection algorithm was used on the gyroscope signal with
the largest amplitude for each exercise. The start and end points
of each repetition were found by looking for the corresponding
zero-crossing points of the gyroscope signal leading up to and
following the location of a peak in the signal. Example results
of the segmentation algorithm used on the gyroscope x signal,
from an IMU positioned on the spine during 3 repetitions of the
deadlift exercise, are provided (Figure 5).

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e115 | p.199
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
Each extracted repetition of exercise data was resampled to a
length of 250 samples. The six signals were then plotted using
the MATLAB subplot function. The first subplot, gyroscope x
(sagittal plane) was plotted between the y-axis range of ±250
°/s. Subplots 2 and 3, gyroscope y and z (frontal and transverse
plane) were plotted between the y-axis range of ±100 °/s.
Accelerometer x (subplot 4) was plotted in the y-axis range of
±3 m/s2 and accelerometer y and z (subplots 5 and 6) were
plotted in the range ±15 m/s2. Axes labels and markers were
programmatically hidden, and the blank space between each
subplot was minimized. Following this, the graphs were saved
as 470x470 JPEG files. Examples of the generated JPEG files
are provided (Figure 6).

Retraining and Using the New Model
Transfer learning is the main technique used in this paper. This
reuses an already trained CNN for classification purposes. In
this case, the framework TensorFlow was used, which provides
access to a model called “inception” trained on over 14 million
images and also provides example scripts to retrain the network,
that is, discarding the provided classifier and adjusting the values
of the last layer of the network according to the new data
provided. The retraining scripts expect to find the images in a
particular folder (passed as a parameter) and layout (Figure 7),
that is, a folder for each category that the new classifier will
learn to identify, containing training pictures in jpg format.

Dominguez Veiga et al
During training, the network will automatically identify the
features to use to create the classifier.
There are a number of hyperparameters that can be changed
depending on the new data used to retrain, such as the validation
and training split of data to be used, the size of the batches to
train on, or the learning rate applied (probably the most
important of all for fine tuning and avoiding extra computation).
The only parameter changed in this work was the number of
steps, from a default 4000 iterations to 96,000 steps. This
number provides high accuracy without showing signs of
overfitting (see Results section).
The output of the training phase is simply two files, one with
new weights (the retrained network) and a second file with
labels for the data trained (the default names are
retrained_graph.pb and retrained_labels.txt). These two files
are all that is needed to predict results coming from new data.
The classifier can be queried with the classify_image script
mentioned previously.
Retraining and querying are actions that can be performed in a
multitude of ways, with different frameworks and in different
configurations. This work is about making things accessible
and available. The Docker container for Tensorflow, with the
documentation and helper scripts, was the simplest route the
authors could find.

Figure 5. Detection of peak, start, and end points of exercise repetitions (neighboring zero crossing values to the peak locations).

Figure 6. Samples of the generated plots (JPEG files) which were used as training and test data in this study.
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Figure 7. Folders containing images for the five exercises (Bodyweight squat: SQ, bodyweight lunge: LUL, barbell deadlift: DL, single leg squat:
SLSL, and tuck jump: TJ).

Results
As mentioned in the previous section, each training batch
outputs training and validation accuracy and a cross entropy
(loss function) amount, alongside with final validation accuracy.
Rolled averages for those four values for training sessions of
96,000 steps are shown (Figure 8).
As observed, the cross entropy keeps falling steadily, and the
average difference between training and testing is not very large,
so overfitting is not an issue. Averaged over 5 runs of training,
the final accuracy result was a 95.89% (3928/3991) for 96,000
steps. Figure 9 shows a confusion matrix for this method.
Figure 10 is an illustration of a misclassified plot. Part (a) of
the image shows a typical lunge signal, whereas part (c) shows
a typical single leg squat signal. Part (b) in the middle shows
an example of a lunge repetition misclassified as a single leg

squat. The issue seems to be concentrated in the top part of the
image. The most likely reason for the odd lunge signal shape
is that the subject may have looked over their shoulder or twisted
for some reason during the repetition, and the final result is
confusing the classifier, as it would confuse an expert looking
directly at the plot.
These results are equivalent with a recently published method
on the same dataset whereby the accuracy was found to be
94.1% [17]. Figure 11 shows the confusion matrix for this
feature-based classification effort, and as it can be seen, the
results are similar. However, leave-one-subject-out-crossvalidation was used in this instance, so the results are not
directly comparable.
The emphasis on this work, though, is in the ease of setup by
using transfer learning and the need of only basic digital
processing skills to prepare the data, when compared with other
methods in this area.

Figure 8. Training (blue) and validation (green) accuracy during training phase, with final accuracy (orange) and cross entropy (red) for 96,000 steps.
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Figure 9. Confusion matrix for the machine vision-based classification method.

Figure 10. A lunge signal (a), a lunge signal misclassified as a single leg squat (b), and a single leg squat signal (c) for comparison.

Figure 11. Confusion matrix for the feature based classification method.

http://mhealth.jmir.org/2017/8/e115/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e115 | p.202
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Discussion
Principal Findings
An analysis of the data collected with the method proposed
obtained an average 95.89% (3827/3991) classification accuracy,
which is competitive with current state-of-the-art techniques.
This high level of accuracy indicates that the distinctive
waveforms in the plots for each of the exercises can be
generalized among different participants, and the patterns
created are appropriate for classification efforts. These results
are coupled with the underlying recurrent theme for this
work—to enable a more approachable entry path into the HAR
and ED fields. To do so, high-level machine learning
frameworks, coupled with a novel use of machine vision
techniques, are used in two main ways: first, to avoid the
complexity of manually crafted features only available through
advanced DSP techniques, and second, to facilitate
dimensionality reduction by allowing the CNN to take care of
both feature extraction and classification tasks.

Comparison With Prior Work
The methodology employed and the results achieved in this
paper can be directly compared with a recently published ED
paper on the exact same dataset [17]. In this recently published
work, identical filtering and segmentation methodologies were
employed. However, a vast amount of additional signals and
data processing were required to achieve classification with the
lumbar worn IMU. As well as the 6 signals from the
accelerometer and gyroscope used in this paper, 12 additional
signals were used for classification. These were magnetometer
x, y, and z, magnitude of acceleration, magnitude of rotational
velocity, and the IMU’s three-dimensional (3-D) orientation as
represented by a rotation quaternion (W, X, Y, and Z) and Euler
angles (pitch, roll, and yaw). Furthermore, 19 features were
then computed from the segmented epochs of the 18 signals.
These features were namely “mean,” “RMS,” “standard
deviation,” “kurtosis,” “median,” “skewness,” “range,”
“variance,” “max,” “index of max,” “min,” “index of min,”
“energy,” “25th percentile,” “75th percentile,” “level crossing
rate,” “fractal dimension,” and the “variance of both the
approximate and detailed wavelet coefﬁcients using the
Daubechies 4 mother wavelet to level 7.” This resulted in a total
of 342 features per exercise repetition. These features and their
associated exercise label were used to evaluate and train a
random forests classifier with 400 trees. Following
leave-one-subject-out-cross-validation an accuracy result of
94.64% was achieved with this method. This recent work also
demonstrated the laborious process of identifying the most
important features for classification that can improve the
efficiency of the reported technique used.
Although the accuracy result achieved in this recent work
(94.64%) is slightly less than that presented in this paper
(95.89%), the results should not be directly compared. This is
because the additional signals used by O’Reilly et al [17] and
the different method of cross-validation utilized in both studies
to compute accuracy mean it is not a perfectly like-for-like
comparison. However, it can be stated that similar levels of
accuracy have been achieved with both methods. Most
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importantly, the ease of implementation of the classification
method presented here greatly exceeds that presented by
O’Reilly et al [17]. Most notably, the need to use additional
signals and derive many features from them has been eliminated.
This minimizes the signal processing and machine learning
experience needed by the person investigating the possibility
of creating a classifier. This is in line with the core objective of
this paper.

Limitations
Simplicity was of utmost importance when designing this novel
classification method for accelerometer and gyroscope data.
Subsequently, maximal possible accuracy may not have been
achieved. Utilizing a better understanding on how to
parameterize the retraining effort and other techniques such as
fine tuning (a method to reuse certain parts of a pretrained
network instead of simply changing the last layer and classifier),
could produce better results. A better understanding on how to
deal with the type of data we are using could be beneficial. In
general, machine vision work is plagued with issues such as
partial occlusion, deformation, or viewpoint variation, which
the data in this work does not suffer from. Due to that, and also
to make the baseline of this work as simple as possible, no data
augmentation or any kind of image processing techniques has
been used. The results reported have been obtained only with
resources from readily available frameworks, mostly on default
settings.
It should also be noted that the presented method of classifying
inertial sensor data with machine vision techniques has only
been evaluated on exemplar samples of exercises that were
conducted in a laboratory setting. Results are of high accuracy
and competitive, with recent work on the same dataset [17] and
therefore, act as a proof of concept for the method. However,
the method has not yet been evaluated in classifying inertial
sensor data arising from free-living activities and other HAR
classification tasks. Future work should investigate the method’s
efficacy in such areas. Of key importance will be to simplify
each application’s preprocessing and segmentation of the inertial
sensor data.

Conclusions
This paper has described a novel application approach for the
classification of inertial sensor data in the context of HAR.
There are two stand-out benefits of the machine vision approach
described. The first is the ease of setting up the infrastructure
for the CNNs involved through the use of transfer learning. The
second is the reduction in the depth of digital signal processing
expertise required on the part of the investigator. Due to the
many difficulties in creating inertial sensor based activity
recognition systems, the authors believe there is a need for a
system development path which is easier to use for people who
lack significant background in signal processing and machine
learning. In particular, the new development pathway should
eliminate the most difficult tasks conventionally identified with
this area, that is, feature development or extraction and
dimensionality reduction for the best machine learning method
for each new application (Figure 1). The new development
pathway, although eliminating these steps, does not compromise
the attainment of high quality classification accuracy, sensitivity,
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and specificity which is currently achieved through their
successful implementation by appropriate experts (Figure 4).
The exemplar study described here illustrates that the method
is very competitive in comparison with customized solutions.
Either way, the new pathway, at the very least, will allow for
the easier testing of hypotheses relating to new inertial
sensor-based activity classification systems, that is, is the
classification possible at all based on the collected dataset?
Ideally, it should also achieve equivalent.
Whereas the presented method does successfully eliminate the
need for feature crafting and identification of optimal
classification algorithms, it does not eliminate the process of
signal preprocessing and signal segmentation before performing
classification. Therefore, there remains some complexity in the
process of achieving exercise classification when using the
machine vision technique. However, the authors consider the
process of filtering, segmenting, and plotting inertial sensor
signals considerably less complex than identifying and
computing strong features and an optimal classification method
for the classification of inertial sensor data.

Dominguez Veiga et al

Future Work
Even though the current infrastructure used is readily available,
certain skills such as familiarity with Docker or with Python
data science stacks and basic DSP skills are still needed. The
creation of a full package that could be installed on the
researcher’s machine could be an avenue to explore. Also the
preprocessing and segmentation steps to prepare the data could
be simplified by providing a set of scripts.
A number of professional machine vision companies exist in
the market, and some provide online services that allow
retraining of their custom models and could also be used for
this type of work, avoiding the need for setting up the CNN
infrastructure locally.
The availability of this technology on Android mobile devices
is something that the authors are also pursuing. TensorFlow
may provide some initial support in this area. Finally, although
this paper emphasizes the lack of a necessity to present features
other than the basic time series, it is clear that augmentation
with derived features presents further opportunities for
performance tweaking. For researchers more comfortable with
such feature development, this application avenue is worth
exploring.
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Abstract
Background: Is someone at home, at their friend’s place, at a restaurant, or enjoying the outdoors? Knowing the semantic
location of an individual matters for delivering medical interventions, recommendations, and other context-aware services. This
knowledge is particularly useful in mental health care for monitoring relevant behavioral indicators to improve treatment delivery.
Local search-and-discovery services such as Foursquare can be used to detect semantic locations based on the global positioning
system (GPS) coordinates, but GPS alone is often inaccurate. Mobile phones can also sense other signals (such as movement,
light, and sound), and the use of these signals promises to lead to a better estimation of an individual’s semantic location.
Objective: We aimed to examine the ability of mobile phone sensors to estimate semantic locations, and to evaluate the
relationship between semantic location visit patterns and depression and anxiety.
Methods: A total of 208 participants across the United States were asked to log the type of locations they visited daily, using
their mobile phones for a period of 6 weeks, while their phone sensor data was recorded. Using the sensor data and Foursquare
queries based on GPS coordinates, we trained models to predict these logged locations, and evaluated their prediction accuracy
on participants that models had not seen during training. We also evaluated the relationship between the amount of time spent in
each semantic location and depression and anxiety assessed at baseline, in the middle, and at the end of the study.
Results: While Foursquare queries detected true semantic locations with an average area under the curve (AUC) of 0.62, using
phone sensor data alone increased the AUC to 0.84. When we used Foursquare and sensor data together, the AUC further increased
to 0.88. We found some significant relationships between the time spent in certain locations and depression and anxiety, although
these relationships were not consistent.
Conclusions: The accuracy of location services such as Foursquare can significantly benefit from using phone sensor data.
However, our results suggest that the nature of the places people visit explains only a small part of the variation in their anxiety
and depression symptoms.
(JMIR Mhealth Uhealth 2017;5(8):e112) doi:10.2196/mhealth.7297
KEYWORDS
semantic location; geographic positioning systems; mobile phone; classification; decision tree ensembles; extreme gradient
boosting; depression; anxiety
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Introduction
Passive and unobtrusive detection of the physical location of
individuals has been made possible over the years by embedding
global positioning system (GPS) systems into commonly used
devices, such as mobile phones. Physical location alone is
usually not very useful for understanding human activity, or the
motivations that underlie that activity. In contrast to physical
location, semantic location carries additional information about
the meaning of the location [1]. For example, semantic location
might tell us if a location is a home, place of work, dining
establishment, or place of worship, thereby infusing the
geographic location with human relevance.
A growing number of papers have shown that a variety of
location features, measured by GPS, can detect mental health
problems such as depression [2-6], bipolar disorder [7], and
social anxiety [8]. It is unclear at this point why these GPS
location features may be related to depression or anxiety. It may
be that the nature of the places and the meaning inherent in
different locations affect how we feel. Previous research has
shown that there is a relationship between mood and certain
activities, such as religious practice [9], participating in social
activity [10], and spending excess sedentary time at home [11].
Improving the ability to detect locations affiliated with these
activities could offer not just a greater understanding of the
behavioral and environmental contributors to depression and
anxiety, but also unique methods for prompting just-in-time
adaptive interventions (JITAIs) using mobile technologies. This
approach could add value beyond that gathered using other
JITAI triggers (eg, self-reported difficulties, GPS location, and
electro-cardiogram signals), and may enable us to determine if
a person with a history of depression is relapsing, or if a person
is about to have a panic attack [12].
Local search-and-discovery services, such as Foursquare, can
estimate semantic locations based on GPS coordinates and the
data they have globally collected from populated areas in the
world. When these services are embedded in a mobile app using
an application programming interface (API), they can passively
provide location-specific information for the locations that users
visit. Since its launch in 2009, Foursquare has been used in
research applications to accomplish diverse tasks, ranging from
the analysis of individuals’ food and drink habits across cultures
[13] to the examination of the popularity of venues and
identifying factors contributing to venue popularity [14].
Foursquare has tapped into a new model of location-based
advertising such that users can be notified of businesses in their
immediate vicinity, and can receive benefits such as discounts
and coupons for “checking in” to these businesses.
However, asking search-and-discovery services such as
Foursquare about semantic locations, based on a given GPS
coordinates, has limitations. First, GPS can be inaccurate, and
particularly in denser urban environments, variability in GPS
may lead to the detection of false locations. For example, one
might be at a restaurant within a shopping mall, and the
search-and-discovery service may classify the person as at a
shop rather than a restaurant. Second, although these services
can detect “residential” locations, they cannot distinguish a
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person’s home from another home they are visiting. These
limitations prevent such services from being a reliable source
of information, especially for behavioral sensing and
intervention, where it is crucial to know exactly when a person
is at home, work, a friend’s home, or other locations.
In addition to GPS, mobile phones can sense many more
variables in the environment, such as light, sound, and Wi-Fi
signals. Using a mobile phone, we can also determine what type
of physical activity an individual is performing, how much time
they spend in a location, and how they interact with their phones.
Semantic locations may have distinct signatures, such as the
length of time a person spends at a location, time of the day and
day of the week that they visit, type of activities that they
perform, and the sound and light conditions in the environment.
These features may help us to determine if the place is home,
a grocery store, place of worship, or a library. As an obvious
example, a place that a person spends time over night is most
likely home, and a bright place visited during the day, with
intermittent walks and stops, is likely a store. Therefore,
detection of semantic locations using mobile phone sensors
seems feasible.
The aim of this paper was first to develop methods for improving
mobile phone-based detection of semantic locations by
incorporating sensors beyond the simple GPS. We developed
methods for detecting semantic locations, and compared their
accuracy to that of Foursquare. While improving semantic
location detection is worthwhile and could further serve clinical
and consumer-driven purposes, our second aim was to explore
the relationship between semantic location detection and
depression and anxiety. We specifically investigated the
relationship between semantic location visits and the severity
of depression and anxiety symptoms, as well as the differences
between individuals with and without those symptoms.

Methods
Participant Recruitment
We recruited participants between October 28, 2015 and
February 12, 2016. The recruitment was done in collaboration
with Focus Pointe Global (FPG), a company that specializes in
market and scientific research strategies and participant
recruitment and retention [15]. FPG maintains a panel of 1.5
million potential participants from the general population. For
our study, FPG sent out emails to potential participants with
links to the screener questionnaire. Additionally, FPG used
phone calls to contact potential participants from their in-house
registries.
Interested individuals from the general population of the United
States contacted FPG and were screened for eligibility using a
brief questionnaire. Individuals were eligible for our study if
they were at least 18 years old, able to read and understand
English, owned a mobile phone with Android 4.4 through 5.1,
and had access to Wi-Fi for at least one 3-hour period per day.
We excluded individuals who indicated on self-report that they
were diagnosed with any psychotic disorders, were unable to
walk more than half a mile (4 city blocks), or had positive
screens for alcohol abuse (Alcohol Use Disorders Identification
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(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
Test [16] score >16), drug abuse (Drug Abuse Screening Test-10
[17] score >6), suicidal ideation (Beck Depression Inventory-II
[18] item 9 rating >2), or bipolar disorder (Mood Disorder
Questionnaire [19] question 1 score 7, an endorsement of
question 2, and a response of 2 or 3 for question 3). We also
excluded individuals who shared their phone with others.
Depressive symptoms were measured using the Patient Health
Questionnaire, 9-item (PHQ-9) [20]. On the PHQ-9, participants
are prompted to indicate how frequently they have experienced
specific symptoms over the past two weeks, such as “feeling
down, depressed, or hopeless” and “feeling tired or having little
energy”. Participants respond on a four-point Likert-type scale,
ranging from 0 indicating “not at all” to 4 indicating “nearly
every day.” PHQ-9 scores range between 0-27. We also used
the cut-off point of 10 to divide participants into those who
screened positive for depression (PHQ-9 >10; termed depressed
in this paper) and those screened negative (PHQ-9 <10; termed
nondepressed). This cut-off point has been shown to maximize
the sum of sensitivity and specificity for depression diagnosis
[20].
For anxiety assessment, we used the Generalized Anxiety
Disorder, 7-item (GAD-7) [21]. The GAD-7 is structured
similarly to the PHQ-9, and participants are prompted to indicate
how frequently they have experienced symptoms such as,
“feeling nervous, anxious, or on edge” and, “being so restless
that it’s hard to sit still” over the past two weeks on the same
four-point Likert-type scale. GAD-7 scores range between 0-21.
We used the cut-off point of 10 to separate those participants
who screened positive for GAD (GAD-7 >10; termed anxious
in this paper) from those who screened negative (GAD-7 <10;
termed nonanxious). At this cut-off point, the sum of sensitivity
and specificity is maximized [21].
We wanted to have a wide range of depression and anxiety
symptoms in our sample, and therefore we selected roughly
equal numbers of participants in four groups, based on their
screening assessments: depressed and anxious, depressed and
nonanxious, nondepressed and anxious, and nondepressed and
nonanxious. In addition to assessment at baseline, we also
assessed each participant’s depression and anxiety at week 3
and week 6.

Participant Enrollment
Eligible participants were consented using procedures approved
by the Northwestern University Institutional Review Board.
Consenting was done using a website: participants were directed
to a webpage that contained information about the study
procedures, benefits, and potential risks. Specifically,
participants were informed about the sensor data that were going
to be collected from their mobile phones, the types of questions
that would be asked throughout the study, and the procedures
undertaken to protect their private information. After digitally
signing the consent form, participants were enrolled in our study.
Each participant was enrolled for a period of 6 weeks. First, a
study identification (ID) number was assigned to the participant
by FPG. Participants were then asked to complete an online
questionnaire regarding their demographic information, which
consisted of their age, gender, race, and ethnicity, along with
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their US state of residence, and information about various aspect
of their lives that could impact movement patterns (eg, health
difficulties, number of jobs, and job locations). Finally,
participants downloaded two apps: Purple Robot [22], which
collected sensor data from their phones; and EMA app, which
asked them questions about the places they visited. Participants
were compensated between US $25 and $270.40 depending on
how long they stayed in the study and how many of the daily
questionnaires they answered.

Mobile Phone Data Collection
After participants were enrolled, we started collecting two
categories of data from their mobile phones: (1) sensor data,
which contained data from the physical sensors as well as
software services such as phone and short message service
(SMS) communications; and (2) ecological momentary
assessment (EMA) data, which consisted of daily questions that
showed up on participants’ phones asking them about the
locations they visited throughout the day.
The phone sensor data were captured using the Purple Robot
[22] app. Purple Robot is a multi-purpose, open-source Android
app that we have developed for passive collection of mobile
phone sensor data [3]. This app gathers data from the sensors
and services available on the phone, including light, sound,
GPS, accelerometer, phone and SMS communications, screen,
and Wi-Fi. The app initially stores sensor data on the device,
and then transmits them as network connectivity becomes
available. This strategy allows us to collect data in a variety of
wireless connectivity scenarios with the confidence that
intermittent network access does not affect the nature, quality,
or quantity of the collected data.
For the collection of EMA data, we used a second Android app,
EMA app, which asked participants questions about the locations
they visited throughout the day. The app was specifically
developed for this study. Each evening, the app analyzed the
GPS data collected over the previous 24 hours. The EMA app
first clustered the GPS data using an adaptive k-means clustering
method [3], considering a maximum radius of 100 meters for
each cluster, and then removed the clusters that the user visited
for a duration of less than 10 minutes. This second step removed
clusters that were not actual locations, but were generated
because the user was moving slowly (eg, they were stuck in the
traffic). After detecting the visited locations, the EMA app
provided the participant with a map identifying each location,
the time they were at the location, and asked the following
questions: “What is the name of this place?” and, “What kind
of place is this?”

What is the Name of This Place?
A list of likely location names was provided to the user to
choose from. This list was obtained from the Foursquare location
API. The participant could also enter their own location name
if it was not provided.

What Kind of Place is This?
This list was adapted from Foursquare venue categories, and
included Arts & Entertainment, Food, Nightlife Spot, Outdoors
& Recreation, Professional or Medical Office, Spiritual, Shop
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e112 | p.209
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or Store, Travel or Transport, and Home. In addition, we added
Work, Another's Home, and Other. If the participant answered
Other, they were asked to enter the location type. The EMA app
saved the cluster center corresponding to each detected location,
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the visit times, and the participant’s answers to the questions
regarding that location. Table 1 lists the location categories we
used in the EMA app, and how they matched Foursquare’s
high-level location categories.

Table 1. Location category labels reported by our study participants (left) and their corresponding high-level Foursquare location categories.
EMA app Location Category

Foursquare Location Category

Nightlife Spot (Bar, Club)

Nightlife Spot

Outdoors & Recreation

Outdoors & Recreation

Arts & Entertainment (Theater, Music Venue, Etc.)

Arts & Entertainment

Professional or Medical Office

Professional & Other Places

Food (Restaurant, Cafe)

Food

Home

Residence

Shop or Store

Shop & Service

Travel or Transport (Airport, Bus Stop, Train Station, Etc.)

Travel & Transport

Work

-

Another’s Home

-

Purple Robot and EMA app anonymized any sensitive
information before storage and transmission. Specifically, the
apps used an MD5 hashing algorithm [23] to anonymize the
study participant identifiers. Once the data was anonymized, it
was transmitted to the data collection server, and the local copy
was deleted from the device. The data residing on the server
could be linked with other information gathered during the study
only if the unique identifiers used by the participants and the
study-specific keys used to encrypt the data were known.

the time of the query, which was 2016/8/10, so that we had the
latest version of the data. The limit parameter indicated the
number of guesses, for which we used 1, so that it returned the
best match. We performed these queries for each of the visited
locations recorded by EMA app.

Foursquare Evaluation

Foursquare’s response to our queries was in JavaScript object
notation (JSON) format [25], and contained the place ID, name,
contact information, address, distance from the queried
coordinates, and the location category. From this information,
we only saved location category and distance.

We wanted to assess how well Foursquare could predict the
type of locations that users reported daily. To do so, we used
the Foursquare wrapper library [24] in Python, and queried the
type of location for each location that participants visited. These
queries used 4 parameters: latitude, longitude, database version
date, and limit. For latitude and longitude, we used the GPS
coordinates of the visited location that was saved by the EMA
app. For the database version date, we used the current date at

The location category returned by the Foursquare website was
too specific, being as detailed as “Cambodian Restaurant” or
“College Math Building”. Since we did not need this level of
detail in our study, we used Foursquare’s Category Hierarchy
[26] to translate these low-level categories into high-level ones.
This category hierarchy can be obtained in JSON format using
the HTTPS query detailed in Textbox 1. The response contains
the whole category hierarchy.

Textbox 1. HTTPS query for category hierarchy.

https://api.foursquare.com/v2/venues/categories?oauth_token=<TOKEN>&v=<VERSION>
Where TOKEN can be obtained from Foursquare’s developers’ website, and VERSION is the database version date
in YYYYMMDD format
After querying the Foursquare category for each location cluster,
we compared it to the category reported by the participant, and
calculated the accuracy (see section: Classifier Evaluation). We
skipped locations reported as Work, Another’s Home, or
Spiritual for this comparison, since these did not exist in
Foursquare categories. The calculated accuracy gave us the
performance of Foursquare in predicting semantic locations.
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Detecting Semantic Location from Phone Sensor Data
Sensor Features
To classify semantic locations from phone sensor data, we first
calculated their features. These features were extracted from all
sensor data that were gathered during a visit to a location. In
this way, for every location visit, we obtained one feature vector.
This vector consisted of 45 features, which will be described
in the following sections.
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Light Features
Light features were calculated from light intensity, in lux,
sampled by the light sensor at 10 Hz. This sampling frequency
could vary from device to device, so light features were designed
such that they did not depend on the sampling frequency. These
features consisted of basic statistics including mean, variance,
skewness, and kurtosis. In addition, we calculated the percentage
of time the light sensor output was zero, and the number of
times that it crossed its mean value in 1 second.
Sound Features
Sound features captured different aspects of the sound in the
environment. Specifically, we sampled the audio using the
phone’s microphone every 5 minutes, each time for 15 seconds.
From each 15 second audio recording, we extracted the power
and the dominant frequency. Power was calculated as described
in Figure 1.
To calculate the dominant frequency, we obtained the amplitude
of the fast Fourier transform of the audio signal, and found the
frequency that maximized the amplitude.
Screen Features
We used screen activity to measure the amount of participants’
interaction with their phones. We calculated the number of times
the screen state transitioned from OFF to ON, as well as the
average and the standard deviation (SD) of the duration that the
screen was ON each time.
Activity Features
We used the physical activity states provided by the Android
Activity Recognition API. We sampled this API every 10
seconds. The Physical Activity API uses the accelerometer
sensor to detect the following physical activities: Still, Walking,
Running, Tilting, On Bike, In Vehicle, Unknown. We calculated
the percentage of time that the participant was in Still, Tilting,
Walking, and Unknown states. In addition, we calculated the
percentage of transitions for a number of state transitions that
we expected to be informative about the type of location the
participant was visiting. These transitions included Still to
Walking, Still to Tilting, Still to Unknown, and Walking to
Unknown.

Saeb et al
Wi-Fi Features
We sampled the current access point’s media access control
address and the number of available Wi-Fi networks every 5
minutes. We only used the number of Wi-Fi networks as a
feature.
Time Features
We calculated the visit duration, the timespan of the visit, the
visit mid-time in hour, and the day of the week at the start and
the end time of the visit. Visit duration was defined as the total
time a participant spent at a location on a given day, while visit
timespan was the time from when they entered that location
first on a given day to the time they left it on the same day.
Weather Features
We obtained the weather conditions at the location and time of
visits. For this data, we used the Weather Underground service
[27]. For each detected location, we queried Weather
Underground for the history of weather data in that location,
which returned those data for the past year from the date of
query. The responses were in JSON format, with each entry
corresponding to one weather report. We searched for the report
that was closest to the time the user visited that location, and
used the temperature, dew point, and weather condition as
features.

Classifier Architecture
We wanted to see how successfully we could detect semantic
locations, reported by the participants, using the sensor features
that were passively collected from their mobile phones. For this
classification problem, we used ensembles of decision trees
with the gradient boosting optimization method [28], also known
as extreme gradient boost (XGBoost). These classifiers have
been shown to outperform other classification methods in
high-dimensional machine learning problems [29]. In this study,
we particularly chose XGBoost because these classifiers perform
well when the dimensionality of the data relative to the number
of samples is large [30], and that they can deal with missing
values.

Communication features consisted of the total number of
incoming, outgoing, and missed phone calls. In addition, we
derived the number of incoming and outgoing SMS text
messages.

A decision tree, shown in Figure 3, determines the class of a
feature vector by making sequential, individual decisions on
the elements of that vector. Each decision is made at a node,
where the value of one feature is compared to a threshold value.
The node has two outgoing branches that reach next-level nodes.
Depending on whether the feature value is larger or smaller than
the threshold, one of the branches is chosen. One branch is also
designated to the condition where the feature value is missing.

GPS Features
These features were calculated from the latitude and longitude
values provided by the GPS sensor, sampled every 5 minutes.
GPS features included average latitude, average longitude, and
location variance defined as the equation in Figure 2.

Each decision tree in the ensemble is assigned to one class, and
provides a prediction score at its leaf node (Figure 3, boxes)
for the class it belongs to. The ensemble’s prediction score for
each class is calculated by summing over the prediction scores
of all trees in that class, as detailed in Figure 4.

In addition to these features, by filtering out the data points that
were outside the 50-meter radius of a location’s average latitude
and longitude during a visit, we approximated the visit frequency
to that location, and the mean time interval between the visits.

The final class probabilities are calculated as a softmax function
of the predictions scores using the equation shown in Figure 5.

Communication Features
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Therefore, for each given feature vector, the ensemble provides
a probability distribution over the classes.
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Figure 1. Sound power calculation; where S(n) is the sound amplitude (dB) at sample n, and N is the total number of samples.

Figure 2. Location variance feature; calculated as the logarithm of the sum of variances in latitude and longitude values.

Figure 3. An example of a single decision tree in the ensemble of decision trees. Each circle is a tree node, where a decision is made by comparing a
feature value fxx to a threshold. For a given feature vector, depending on which path is taken, a single prediction score is generated, shown in the boxes.
Note that one of the outgoing branches of each node is also dedicated to the situation where the data is missing.

Figure 4. Aggregation of prediction scores made by individual trees; where gk,m represents the decision tree k in class m, that maps a feature vector
x to a prediction score gk,m(x), and ym is the ensemble prediction score for class m. K is the total number of trees for each class.

Classifier Training
The goal of training is to push the class probabilities pm (Figure
5) as close as possible to the true classes in the training data.
However, we also wanted to avoid overfitting to the training
data. Therefore, our training objective should also prevent the
model from becoming too complex. Accounting for these two

objectives, the XGBoost optimization algorithm uses the cost
function explained in Figure 6.
While the logistic loss term in Figure 6 (leftmost term) penalizes
the discrepancy between the ensemble’s prediction and the
ground truth, the rest of the terms prevent trees from overfitting
by penalizing the number of nodes (T) as well as the magnitude
of their prediction scores (y).

Figure 5. Class probability calculation; where pm represents the probability for class m, ym is the ensemble prediction score for class m, and M is the
number of classes.
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Figure 6. General form of the cost function; where l(yi,yi*) is the logarithmic loss [31] between the prediction scores yi and the true prediction scores
yi*, T is the number of nodes in a tree, N is the number of training samples, γ, λ, and α are constants, and ‖.‖1 and ‖.‖2 are L1 and L2 norms,
respectively.

Figure 7. Cost function for training a new tree added at iteration t; where gt(.) is the prediction score provided by the new tree. See Figure 6 caption
for more details on the parameters.

In the gradient boosting method, trees are added to the ensemble
one by one. The ensemble starts with one tree, which is fit to
the training data using the cost function in Figure 6. At each
iteration, a new tree is added to the ensemble such that it fits to
the residual error of the existing trees on the training data.
Concisely, the new tree complements the existing trees such
that, at iteration t, the cost function in Figure7 is minimized.
The parameters of the new tree are chosen such that L(t) is
minimized. In this way, the ensemble gradually fits to the
training data. To find out when to stop adding new trees to the
ensemble, we calculated the cross-validation error within the
training dataset at each iteration. As the number of trees
increase, this error decreases. However, after a certain point,
the error starts to increase due to overfitting. We stopped adding
new trees at that point, and evaluated the resulting classifier on
the test set (see Classifier Evaluation).

Hyperparameter Tuning
We tuned the hyperparameters of the XGBoost classifier by
grid search, and used data from 10% of participants. Within this
subset of data, we performed a 10-fold cross-validation to
estimate the area under the curve (AUC; see Classifier
Evaluation). We chose the set of parameters on the grid that
maximized this AUC.
The parameters included in hyperparameter tuning were γ, L1
regularization weight (α), L2 regularization weight (λ), learning
rate, maximum tree depth, subsampling fraction (r), and feature
subsampling fraction (s). Subsampling fraction, r ∈ (0,1),
determines the fraction of training data samples that are seen
by each tree during training, while features subsampling fraction,
s ∈ (0,1), is the fraction of features that are seen by each tree
node. After finding the optimal value of these hyperparameters,
we trained and evaluated classifiers on the whole dataset.

Classifier Evaluation
Our goal was to create algorithms that could determine the
semantic locations for unseen individuals, so we trained and
evaluated the classifiers using a subject-wise cross-validation
scheme. Specifically, we randomly selected 70% of the subjects
to train the classifier, and used the remaining 30% to evaluate
its prediction accuracy. We repeated this procedure 100 times.
The distribution of prediction errors on held-out participants
used as test provides an unbiased estimate of the prediction
error of the algorithm for the population from which our dataset
is sampled [32]. Therefore, we could tell how well our classifier
would generalize to new, unseen individuals.
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To calculate the prediction error in each round of
cross-validation, we estimated the receiver operating
characteristic curve, and calculated the AUC. The AUC ranges
between 0 and 1, with 0.5 indicating chance level performance.
The advantage of using AUC is that it is robust to the imbalance
in the number of samples in the classes. Therefore, by iterating
over all participants as test, we obtained a good estimate of the
classifier’s accuracy.

Relationship Between Semantic Location and
Depression and Anxiety
We evaluated the relationship between the amount of time
participants spent at each semantic location and their level of
depressive and anxious symptoms, measured by PHQ-9 and
GAD-7, respectively. We performed two analyses. First, we
calculated Pearson’s correlation between the scores and the time
spent in each location, across all participants. For the second
analysis, we divided participants into depressed and
nondepressed, as well as anxious and nonanxious, based on
their scores. For depression, we defined the two groups by
considering participants who consistently had PHQ-9 <10
(termed nondepressed) or PHQ-9 >10 (termed depressed) across
all three assessment time points. Likewise, for anxiety, we
defined the two groups by considering participants who
consistently had GAD-7 <10 (termed nonanxious) or GAD-7
>10 (termed anxious). Therefore, in both analyses, we excluded
the participants who crossed the PHQ-9=10 or GAD-7=10
thresholds. The main reason was that these participants could
not be reliably classified. Furthermore, if we had included them,
it would have added two additional categories (those who
improved and those who got worse), which would have reduced
power. It is also unclear how we would interpret any
relationships with participants transitioning from one clinical
state to another. After dividing subjects into these groups, we
compared the duration of time that participants spent at each
semantic location between the groups, using two-sample t-tests.

Results
Participant Statistics
A total of 208 individuals passed the eligibility criteria for
participating in our study, and were recruited. One participant
did not install the software on their phone, and another had
invalid GPS data. These two participants were removed from
all analyses. Of the remaining 206 participants, 22 (10.7%)
stopped providing data before the end of the 6-week period.
However, many continued to send data after the end of 6 weeks,
with 27 (13.1%) providing more than 60 days of data.
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The 206 participants included in the analyses were 170 females
(82.5%) and 36 males (17.5%). Participants’ ages ranged
between 18 and 66 years, with a mean of 39.3 (SD 10.3). The
participants’ locations were diverse, covering most of the
populated states and major cities in the United States. Most of
these locations (86.8%, 178/206) were in “mostly urban” areas,
as defined by the United States Census Bureau [33], while
12.1% (25/206) were in “mostly rural” areas. The rural or urban
condition for the location of the remaining 3 participants could
not be determined. The average depression score (PHQ-9) was
9.72 (SD 5.10), and the anxiety score (GAD-7) was 9.01 (SD
5.41). These values show that our participants had a wide
distribution of depression and anxiety symptoms.
In response to a question on employment status, 61.2%
(126/206) indicated that they were employed, 20.9% (43/206)
were unemployed, 8.3% (17/206) had a disability which
prevented them from working, and 1.9% (4/206) were retired.
Sixteen participants (7.8%, 16/206) did not specify their
employment status. Of the 126 employed participants, 98
(77.8%) had one, 23 (18.3%) had two, 4 (3.2%) had three, and
one (0.8%) had four jobs. In addition, of these 126 participants,
36 (28.6%) worked in more than one location.

Semantic Location Self-Reports
The semantic locations reported by the participants were diverse.
While most participants reported the predefined locations in
Purple Robot, as the example in Figure 8 A shows for one
participant, many participants defined their own semantic
locations by selecting “Other” and typing in their desired
semantic location name. The total number of distinct location
types reported by all participants was 370; however, only a
small fraction of these locations was consistently reported by

most participants (Figure 8 B). Therefore, apart from a few
categories which need to be considered for future studies (eg,
School and Library), most of the visited locations were among
the locations that we had considered in the initial design of our
mobile app.

Classifier Hyperparameters
The optimized hyperparameters for the XGBoost classifier were
the following: for sensor-only classification, we set the number
of trees to 200, the fraction of samples seen by each tree to 0.2,
and the fraction of features to 0.5. For classification based on
both sensor and Foursquare features, these three parameters
were set to 300, 0.25, and 0.2, respectively. In both scenarios,
we set γ=0.4, λ=1, α=0, the maximum depth of decision trees
to 4, and learning rate to 0.025. Given these parameter values,
our training procedure was substantially regularized.

Predicting Semantic Location
We first measured how accurately Foursquare could detect the
semantic locations reported by participants. To obtain the
locations detected by Foursquare, we used the GPS coordinates
of that location, and queried Foursquare about its closest match
to that location. We then compared the results to the locations
reported by participants, and calculated the AUC for each
category. The results are shown in the left column of Table 2.
While Foursquare could detect Shop or Store with an average
AUC 0.76, its AUC for Home was close to the chance level.
Foursquare did not have location categories equivalent to Work,
Another’s Home, or Spiritual, and therefore the AUCs for these
categories could not be calculated. On average, the accuracy of
Foursquare in detecting 8 semantic locations was approximately
0.62.

Table 2. Mean area under the curve (AUC) in detecting each location category, using Foursquare only, mobile phone sensor features only, and both.
Note that we could not use Foursquare to detect Work, Another’s Home, or Spiritual locations; hence there are no results.
Semantic Location

Foursquare

Sensor

Sensor+Foursquare

Travel or Transport, mean (CI)

0.54 (0.49-0.60)

0.79 (0.72-0.86)

0.84 (0.78-0.91)

Nightlife Spot, mean (CI)

0.61 (0.53-0.72)

0.87 (0.78-0.94)

0.89 (0.79-0.95)

Spiritual, mean (CI)

N/A

0.82 (0.75-0.88)

0.87 (0.80-0.92)

Outdoors & Recreation, mean (CI)

0.59 (0.53-0.64)

0.81 (0.71-0.88)

0.86 (0.75-0.92)

Arts & Entertainment, mean (CI)

0.67 (0.61-0.73)

0.88 (0.85-0.91)

0.92 (0.88-0.95)

Work, mean (CI)

N/A

0.86 (0.82-0.90)

0.87 (0.83-0.91)

Professional or Medical Office, mean (CI)

0.65 (0.58-0.73)

0.85 (0.80-0.91)

0.88 (0.83-0.93)

Another's Home, mean (CI)

N/A

0.77 (0.69-0.82)

0.83 (0.75-0.89)

Food, mean (CI)

0.64 (0.59-0.68)

0.79 (0.74-0.83)

0.83 (0.78-0.87)

Home, mean (CI)

0.53 (0.51-0.56)

0.96 (0.95-0.97)

0.96 (0.95-0.97)

Shop or Store, mean (CI)

0.76 (0.73-0.79)

0.86 (0.82-0.90)

0.89 (0.85-0.92)

Mean AUC

0.62

0.84

0.88
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Figure 8. (A) Location report data from one example participant, collected between 11/07/2015 and 11/28/2015. Each rectangle shows the period of
time the participant has been in a specific location. The sensor data during that time period is used to create a feature vector, which is then used to detect
that semantic location. (B) Top locations visited by all participants, sorted by how many participants visited them. As the total number of unique reported
locations was 370, we only included the ones that had been visited by at least two participants.

We wanted to determine whether mobile phone sensors alone
could detect the semantic location of participants. We used 45
features that were extracted from a variety of sensors during
the time that the participant was visiting a location (see section:
Sensor Features). We trained the XGBoost classifiers to map
these features to semantic locations, and tested these classifiers
on participants that they had not seen during training. Compared
to Foursquare, the AUC of detecting certain locations was
considerably higher (Table 2, middle column). Specifically,
using the sensors instead of Foursquare yielded AUCs that were
on average more than 20% greater (Table 2, middle column).
This increase was mostly evident for Home, Nightlife Spot, and
Travel or Transport categories. Overall, the average AUC for
all semantic locations increased to 0.84. Therefore, not only
could we use phone sensors alone to detect semantic locations,
but their performance was considerably better than Foursquare.
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Next, we used both Foursquare and phone sensor data to see if
this approach could further increase the accuracy of our
classifiers. To this end, we added two extra features to the 45
features that we previously used for training the classifiers: the
Foursquare location type, which was represented by a binary
vector with 9 elements (each corresponding to one category);
and the distance to the nearest Foursquare location. Therefore,
the total number of features increased to 55. Using this new
feature set further increased the average AUC to 0.88 (Table 2,
right column). This increase was mostly evident in detecting
Food, Shop or Store, Art & Entertainment, and Spiritual
categories. Therefore, augmenting mobile phone sensor features
with Foursquare data made our classifiers better at detecting
semantic locations.

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e112 | p.215
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Saeb et al

Finally, we asked which features contributed the most to
detecting semantic locations by estimating their importance.
To obtain feature importance for each feature, we removed that
feature from the training data and calculated the resulting change
in the cross-validated AUC. The results are shown in Figure 9,
with features sorted by their importance. While features such
as Visit Timespan, Location Variance, Latitude, Number of
Wi-Fi Networks, Visit Duration, and Visit Frequency have the
highest importance, several features have close to zero or
negative importance, meaning that their removal does not affect
(or even slightly improves) the performance of the classifiers.
These features include some of the sensor features as well as
Foursquare features. However, one should note that each of
these effects are generated by removing only one feature from
the feature set, and the collective effect of removing multiple
features might be different. Nevertheless, it seems that most
sensor and Foursquare features are useful in distinguishing
semantic locations.

Relationship Between Semantic Location and
Depression and Anxiety
We evaluated the relationship between the time spent at different
semantic locations and the level of depression and anxiety
symptoms, measured by PHQ-9 and GAD-7, respectively. First,
we evaluated the linear correlation between these two groups
of variables (Table 3). When considering individual correlations,
some were statistically significant (P<.05). Notably, the duration
of time spent at Spiritual locations is negatively correlated with
depression and anxiety scores, for 3 of 6 assessments. When
we consider the total number of 66 comparisons between all
semantic locations and depression and anxiety scores, we cannot
rule out the possibility that these significant correlations are
generated by chance. However, because these calculations are
not independent, conservative corrections (such as a Bonferroni
correction) may not be appropriate [34].

Table 3. Linear correlation coefficients (r) between time spent at semantic locations and depression (PHQ-9) and anxiety (GAD-7) scores. Values
show the median of 1000 bootstrap estimates of r. Italicized values indicate coefficients that are significantly (P&lt;.05) different from zero. However,
by correcting for multiple comparisons (66 comparisons here) we cannot rule out the possibility that these correlations are a result of chance.
PHQ-9
Week 0

PHQ-9
Week 3

PHQ-9
Week 6

GAD-7
Week 0

GAD-7
Week 3

GAD-7
Week 6

Home

0.057

0.073

0.089

0.083

0.101

0.097

Shop or Store

-0.010

0.0183

-0.020

0.001

-0.030

-0.038

Work

-0.084

-0.139

-0.140

-0.083

-0.176

-0.085

Food

-0.088

-0.093

-0.152

-0.089

-0.086

-0.115

Another's Home

0.046

-0.065

-0.064

-0.016

-0.003

0.000

Professional or Medical Office

0.029

0.096

0.049

-0.069

0.019

0.051

Outdoors & Recreation

0.016

-0.123

-0.101

-0.065

-0.131

-0.109

Arts & Entertainment

-0.172

-0.092

-0.090

-0.044

-0.055

-0.057

Travel or Transport

-0.070

-0.037

-0.113

0.082

0.012

-0.088

Spiritual

-0.041

-0.078

-0.147

-0.094

-0.143

-0.168

Nightlife Spot

-0.126

-0.173

-0.045

0.041

-0.063

-0.045

We also performed a group difference analysis, by dividing the
participants into two groups (once based on their depression
scores, and another time based on their anxiety scores). We
compared the duration of time participants spent at each
semantic location between these groups. For depression, the
nondepressed group consisted of 51 participants and the
depressed group consisted of 68 participants. The remaining 88
participants crossed the PHQ-9=10 threshold between the
assessments, and were excluded from this analysis because they
could not be clearly classified. For anxiety, the nonanxious
group consisted of 51 participants while the anxious group
consisted of 61 individuals. The remaining 96 participants
crossed the GAD-7=10 threshold and were excluded.
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The results for depression are shown in Figure 10A. While the
depressed and nondepressed groups seemed to have different
distributions of time spent across locations, these differences
were significant (P<.05) only for two locations: the
nondepressed group spent significantly more time at Work,
while the depressed group had more time spent at a Professional
or Medical Office. For the anxious versus nonanxious
comparison (Figure 10B), the difference was only significant
for the Spiritual category, with the nonanxious group spending
more time in this location category, on average. Therefore, it
seems that time spent at semantic locations contains some
information about depression and anxiety, but these findings
are not consistent.
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Figure 9. Mobile phone sensor feature importance in detecting semantic locations. Features are sorted based on their importance, from top to bottom.
The importance of each feature is calculated by computing the decrease in the cross-validated area under the curve when that feature is removed from
the feature set. Negative values indicate an increase in performance. Each value is the mean feature importance across cross-validation folds, and error
bars show the standard error of the mean.
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Figure 10. The relationship between semantic location visit duration, depression, and anxiety. Each bar shows the average time spent at each location
by (A) depressed versus nondepressed and (B) anxious versus non-anxious groups, relative to the total time spent by all participants in that location.
Error bars show 95% CIs. Both mean and CIs are obtained by bootstrapping over 1000 iterations. Stars indicate significant difference between the
means, obtained using a 2-sample t-test at the P<.05 level. However, adjusting for multiple comparisons, these differences are all nonsignificant.

Discussion
Principal Results
In this paper, we were able to detect the type of locations that
individuals visited, using data passively collected from their
mobile phones. The phone sensor data were especially crucial
in detecting these semantic locations. Sensor features alone
produced accuracies that were more than 20% greater than those
reported by Foursquare, and combining the sensor features with
Foursquare produced even greater accuracy. This result is not
surprising since detecting semantic location based on GPS alone
is not necessarily accurate, especially in urban areas [35], and
can lead to detecting nearby locations instead of the actual
http://mhealth.jmir.org/2017/8/e112/
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location. Sensors, which are available on most mobile phones,
can provide valuable information about the type of locations
phone users visit, and can significantly improve the accuracy
of these services.
The performance of the classifiers considerably varied across
the location types. While Home could be detected with an AUC
of above 0.95, the classification AUC for Another’s Home and
Food was 0.83. This variability may have multiple causes. First,
visits to certain locations, such as home or work, are more
regular in time, which makes them easier to detect based on the
time of visit. Another cause might be that some semantic
locations such as Travel or Transport were less represented in
the data, since participants visited those locations less often.
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This factor has likely made it difficult for classifiers to find the
feature patterns that are distinct indicators of those locations.
Finally, while some locations (eh, Home) have a clear definition,
participants may have been confused about which location type
to report for some other locations. For example, a participant
might have had food in a store, and have reported that location
as either “Food” or “Shop or Store”. Overall, although
classification performance varied across different semantic
locations, it significantly benefited from incorporating mobile
phone sensor data.
While we could detect the types of locations, we found only
few significant relationships between the amount of time spent
in those locations and self-reported symptoms of depression
and anxiety. Furthermore, these few relationships were weak
and inconsistent. This failure may have multiple explanations.
First, our categorization of semantic locations was based largely
on Foursquare categories, which was not developed with mental
health or wellness in mind and may not be accurate, useful, or
relevant to mental health. These categories were also often
imprecise (eg, “Professional or Medical Office”). For mental
health research, we may need to create location categories that
are mostly relevant to the factors that influence mental health.
Second, the lack of a consistent relationship between semantic
location and depression or anxiety may reflect larger problems
in the literature. Past research has examined smaller, discrete
samples of participants, such as university students [2,4,8,36]
or residents of the same city [3,37]. This study sample was
geographically diverse, with a broader sample of the American
population. This diversity in location enriched our dataset by
including people from rural and urban areas, and different
climates, cultures, and lifestyles. While this diversity helped us
to obtain a better estimate of the accuracy of location detection
in real-world applications, it may also reflect problems with
increasing dimensionality, as this area of research moves
towards more generalizable samples.
It is possible that this finding is accurate: that the kinds of places
we go is not related to our level of depression or anxiety. This
theory would suggest that the relationship between movement
through geographic space and depression or anxiety [2-4,37]
may be related to some other aspect of mobility patterns. For
example, it may be that depression or anxiety is more related
to the processes of getting to various locations, such as physical
activity [10,38,39], than the actual locations themselves.
Furthermore, low motivation in depressed individuals may
decrease the likelihood of moving from a commonly visited
location (such as home or work) and a less frequently visited
place (such as a store or movie theater), but may have very little
to do with moving from a less frequently visited place to home
or work [40].

Limitations
There are a number of limitations that need to be mentioned.
First, when detecting semantic locations we did not consider
the transitions between locations. Knowing the transition
probabilities can be useful; for example, it may be more likely
to visit Home after Shop or Store. One reason for not
considering transitions was that we only considered the top 11
most-visited locations for the classification problem, and
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therefore the sequence of semantic locations in the training data
were not necessarily consecutive in time. Another reason was
the existence of gaps in the data, which caused further separation
between consecutive visits. Incorporating transition probabilities
in detecting semantic locations, when possible, will likely
increase the classification accuracy of the resulting algorithms.
Second, semantic locations may have signatures that we failed
to capture through our phone sensors. For example, the type of
phone apps people use, or individuals who they contact, can be
a good distinguishing feature between locations. Using such
sources of information as features in future studies may improve
the performance of semantic location detection.
Third, our study participants differed from the general
population in a few aspects. Approximately 83% of the
participants were women, significantly different from 50.8%
in the general population of the United States [41]. Furthermore,
nearly 21% of the participants were unemployed, compared to
the nationwide estimate of 5% unemployment [42]. Finally, we
only included individuals who owned smartphones, while
approximately 28% of Americans do not own such phones [43].
In addition, our inclusion of people with only Android phones
excluded 41% of smartphone users who use phones with other
operating systems [44]. Census data shows that owing a
smartphone is associated with certain demographic variables
such as age, education, and income [43]. Therefore, our
inclusion criteria might have affected the study sample.
Fourth, the assessment of depression and anxiety in this study
was based on self-report, and therefore may not generalize to
assessments based on diagnostic interview. A clinical diagnosis
usually involves an in-depth interview and consideration of
confounding factors, based on the criteria in the Diagnostic and
Statistical Manual of Mental Disorders [45,46]. In our study,
the assessment was solely based on Web-based self-reported
PHQ-9 and GAD-7 scores, and therefore our study sample may
be different from a clinical sample. It is likely that we would
find a stronger relationship between mental health state and the
type of visited locations in a clinical sample, compared to what
we found in this study. Nevertheless, electronic assessment of
depression has been used and validated by many previous studies
[47,48].
Fifth, data collection took place from late October to early
February, and thus most participants were providing data during
the winter holiday season. While the geographic diversity of
the sample allows us to account for variations in weather (eg,
participants from Florida experienced a much different climate
than those in Minnesota), we recognize that holiday-related
travel, such as spending time at other family members’ homes,
and holiday-related time away from work presents a departure
from an individual’s typical behavior. The holiday season may
have served as a confounder, as participants may have been
engaged in activities not representative of how they would
behave during other times of the year. Furthermore, the 6-week
study period may not have been long enough to detect changes
or meaningful relationships between behavioral patterns and
mood. Ultimately, we aim to develop models to ascertain the
relative components of these factors. However, as this is a
relatively new field of inquiry, the timing and length of this
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study protocol may have interfered with our ability to detect
true signals.

Conclusions
In conclusion, mobile phone sensors promise considerably more
accurate estimations of individuals’ daily life behaviors. In this
study, we have shown that semantic location (the type of
locations that people visit) can be detected using a combination
of phone sensors and a mapping service such as Foursquare.
We performed this study in a sample that was diverse in terms
of geographic location, climate, education, employment, and

Saeb et al
lifestyle. However, there were no consistent relationships
between the time spent at different locations and depression or
anxiety. Future research should focus on those semantic
locations that are more likely to be relevant to depression or
anxiety. In addition, longer studies that extend across seasons,
and larger studies that are more adequately powered to manage
the level of dimensionality in human subject data, will be better
positioned to investigate the relationships between semantic
locations and mental health. The advancement of mobile phone
technology will facilitate the design of these future studies.
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Abstract
Background: The use of embedded smartphone sensors offers opportunities to measure physical activity (PA) and human
movement. Big data—which includes billions of digital traces—offers scientists a new lens to examine PA in fine-grained detail
and allows us to track people’s geocoded movement patterns to determine their interaction with the environment.
Objective: The objective of this study was to examine the validity of the Movn smartphone app (Moving Analytics) for collecting
PA and human movement data.
Methods: The criterion and convergent validity of the Movn smartphone app for estimating energy expenditure (EE) were
assessed in both laboratory and free-living settings, compared with indirect calorimetry (criterion reference) and a stand-alone
accelerometer that is commonly used in PA research (GT1m, ActiGraph Corp, convergent reference). A supporting cross-validation
study assessed the consistency of activity data when collected across different smartphone devices. Global positioning system
(GPS) and accelerometer data were integrated with geographical information software to demonstrate the feasibility of geospatial
analysis of human movement.
Results: A total of 21 participants contributed to linear regression analysis to estimate EE from Movn activity counts (standard
error of estimation [SEE]=1.94 kcal/min). The equation was cross-validated in an independent sample (N=42, SEE=1.10 kcal/min).
During laboratory-based treadmill exercise, EE from Movn was comparable to calorimetry (bias=0.36 [−0.07 to 0.78] kcal/min,
t82=1.66, P=.10) but overestimated as compared with the ActiGraph accelerometer (bias=0.93 [0.58-1.29] kcal/min, t89=5.27,
P<.001). The absolute magnitude of criterion biases increased as a function of locomotive speed (F1,4=7.54, P<.001) but was
relatively consistent for the convergent comparison (F1,4=1.26, P<.29). Furthermore, 95% limits of agreement were consistent
for criterion and convergent biases, and EE from Movn was strongly correlated with both reference measures (criterion r=.91,
convergent r=.92, both P<.001). Movn overestimated EE during free-living activities (bias=1.00 [0.98-1.02] kcal/min, t6123=101.49,
P<.001), and biases were larger during high-intensity activities (F3,6120=1550.51, P<.001). In addition, 95% limits of agreement
for convergent biases were heterogeneous across free-living activity intensity levels, but Movn and ActiGraph measures were
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strongly correlated (r=.87, P<.001). Integration of GPS and accelerometer data within a geographic information system (GIS)
enabled creation of individual temporospatial maps.
Conclusions: The Movn smartphone app can provide valid passive measurement of EE and can enrich these data with
contextualizing temporospatial information. Although enhanced understanding of geographic and temporal variation in human
movement patterns could inform intervention development, it also presents challenges for data processing and analytics.
(JMIR Mhealth Uhealth 2017;5(8):e122) doi:10.2196/mhealth.7167
KEYWORDS
telemedicine; smartphone; validation studies; geographic information systems; locomotion; physical activity; humans

Introduction
The World Health Organization (WHO) recognizes physical
inactivity as one of the leading global risk factors for morbidity
and premature mortality [1]. Despite the considerable benefits
of regular physical activity (PA; [2,3]), it has been estimated
that 21.4% of the global population is inactive (perform little
or no activity), with greater prevalence of physical inactivity
among most developed countries (27.8%; [4]).
To move forward in PA research, it has been suggested that
“more of the same is not enough” [5]. Different approaches are
needed to reduce the burden of disease associated with physical
inactivity. Technological innovations such as smartphones and
wearable sensors offer potential to improve the reach, enhance
delivery (greater frequency of contact and duration of
intervention), and increase effectiveness of interventions to
improve PA levels. Despite their potential, it is unclear whether
these new devices provide research-grade precision
measurement. To address this concern, a number of validation
studies have been conducted [6-8].
Compared with the frequently used ActiGraph accelerometer,
studies have demonstrated acceptable levels of agreement over
periods of 7 days against the Fitbit Zip wearable sensor [6] and
CalFit smartphone app [8]. Despite the acceptable measurement
properties of new wearable sensors, the benefit of smartphones
is that they are carried by most people, most of the time. At the
population level, their ubiquitous use, the big data (millions of
data points) and geospatial information generated by
smartphones may offset any potential measurement inaccuracies
by providing valuable insight into behavioral patterns (eg,
temporal stability) and their contexts. Moreover, the potential
of these technologies are vast. For example, coupled with the
Internet of Things [9], smartphones can be used to track people’s
movement within cities or environments, thereby providing a
rich source of contextual information and the potential to deliver
“just-in-time” interventions. Compared with stand-alone
accelerometers, smartphones offer advantages in terms of
usability and integration of supplementary data. These features
support the delivery of more responsive, engaging, and
context-specific interventions that could improve uptake,
adherence, and effectiveness.
Few published studies have explored the utility of smartphones
to measure both PA and human movement. A recent convergent
validity study comparing an Android smartphone activity tracker
against the ActiGraph accelerometer found acceptable
associations and agreement in both laboratory and free-living
http://mhealth.jmir.org/2017/8/e122/
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environments [10]. To extend the evidence, further validation
work against criterion measures is required [11]. Furthermore,
health is geospatial, and if we can see trends in behavior
spatially, we can monitor (and improve) population and
individuals’ needs [12]. To illustrate, González et al [13] used
anonymized cellular phone data from 100,000 users in New
York, United States, to capture people’s position over a period
of 6 months. They showed that human trajectories had a high
degree of temporal and spatial regularity. In other words,
humans follow simple reproducible patterns; this in turn has
important implications for interventions to enhance human
mobility [13]. In PA research, the feasibility of linking global
positioning system (GPS) and accelerometer data has been well
established [14-16]. However, these studies have typically
involved the use of 2 separate devices (accelerometer and GPS)
for limited periods (7-28 days). Smartphone apps offer
advantages over these approaches; they are relatively cheap,
readily available, incorporate native sensors (GPS, gyroscopes,
and accelerometers), and permit passive data collection—thus
requiring minimal input from participants. This has clear
advantages in terms of reducing participant burden for research.
We aimed to examine the validity of the Movn smartphone app
for estimating PA energy expenditure (EE) and quantifying
human movement patterns. Two validation studies were
conducted against criterion and convergent methods; a
supporting cross-validated study assessed the consistency of
activity data when collected across different devices. GPS and
geographic information system (GIS) data were integrated to
demonstrate the feasibility of geospatial analysis.

Methods
A dual-phase cross-sectional study was conducted to determine
the validity of the Movn smartphone app (Moving Analytics)
for assessing EE and human movement patterns during
laboratory-based and free-living daily activities among a
convenience sample of healthy adults. Phase 1 comprised
laboratory-based treadmill exercise at light to vigorous levels
of intensity and free-living daily activities. Phase 2 comprised
a cross-validation during laboratory-based activities among a
separate sample of participants. EE was the main measurement
of interest; it is the most appropriate outcome for validating
accelerometers as it can be directly related to the accepted
methods of PA categorization, compared with robust criterion
data collected via indirect calorimetry, and allows standardized
comparison with other accelerometer devices [17].
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Study Participants and Recruitment
In phase 1, a total of 21 adults (13 female), aged 20 to 55 years,
were recruited in Dublin, Ireland (see Table 1). Participants
were recruited via direct contact through the university and by
word of mouth. Adults were eligible for inclusion provided they
met the following criteria: aged 18 to 65 years, able to give
written informed consent, and able to communicate in English.
In Phase 2, a total of 42 adults (27 male) aged between 18 and
33 years were recruited from the Greater Los Angeles Area.
Participants were recruited via direct contact through the
University of Southern California and by word of mouth. Phase
1 and 2 study protocols were approved by the Dublin City
University Research Ethics Committee and the institutional
review board of the University of Southern California,
respectively.

Phase 1 Procedures
Upon arrival to the laboratory, participants completed
demographic information, including age and sex, and the
Physical Activity Readiness Questionnaire [18]; all were deemed
safe to exercise. Anthropometric measurements were taken;
height was measured to the nearest 0.1 cm with a portable
stadiometer, and weight was measured to the nearest 0.1 kg on
an electronic scale (Seca).
Reference accelerometry was quantified using the GT1M
(ActiGraph Corp), a dual-axis accelerometer with established
reliability and validity [19]. Epoch duration was set to 1 s during
laboratory-based activities and 10 s during free-living activities.
ActiGraph devices were fitted to an elastic belt on participants’
right hip at the midaxillary line for the duration of the test.
Comparison accelerometry was quantified using the Moto G
first-generation smartphone (Motorola Mobility LLC) running
Android version 4.3 (Google Inc) and a research version of the
Movn app. Movn is a commercially available app—for Android
and Apple iPhone operating systems—that uses inbuilt
smartphone accelerometers to passively quantify time spent in
moderate-to vigorous-intensity physical activities such as
walking and running. Raw accelerometer data were captured at
the maximum frequency permitted by the phone hardware
(at/above 200 Hz) and downsampled to 50 Hz. The Movn app
samples GPS data every 30 min unless movement is detected,
and every minute during periods of movement; this sampling
approach was adopted to balance sampling frequency and power
consumption. Movn also allows users to set daily PA goals and
can issue prompts throughout the day to facilitate goal
achievement. The smartphone was secured in a phone holder
and positioned adjacent to the ActiGraph accelerometer. The
same phone was used for all the participants.
Following familiarization with the smartphone and
accelerometer, the K4b2 portable indirect calorimeter (Cosmed)
was used to assess resting and exercise EE [20]. A 2-point
calibration procedure was conducted before each testing session
according to the manufacturer’s guidelines. Calibration of the
oxygen (O2) and carbon dioxide (CO2) sensors was performed
with standard gases of known concentrations (gas 1: O2=20.93%,
CO2=0.04%; gas 2: O2=15.00%, CO2=5.00%). Respiratory
volume was calibrated using a 3-L syringe. The rate of EE was
http://mhealth.jmir.org/2017/8/e122/
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estimated using the following formula as calculated by the K4b2
system: EE (kcal/min)=(3.781 × V̇O2) + (1.237 × V̇CO2) if
UN (urea nitrogen)=0, where V̇O2=oxygen uptake (L/min) and
V̇CO2=carbon dioxide production (L/min) [20].
A face mask (Hans Rudolf) held in place by a nylon harness
covered the participants’ nose and mouth. The mask was
attached to a bidirectional digital turbine flow meter to measure
the volumes of inspired and expired air. Heart rate data were
captured using the FT1, a chest-worn sensor (Polar Electro Oy).
Once instrumented, participants remained seated for 15 min
while physiological data were recorded; the last 5 min of data
were averaged to calculate resting EE. Participants then
completed four discrete bouts of walking and running on a
motorized treadmill (Quasar Med, H/P Cosmos Sports &
Medical GmbH). Participants completed 5-min bouts of exercise
at light (4 km/h and 6 km/h), moderate (10 km/h), and vigorous
intensity levels (≥12 km/h), separated by 3-min bouts of passive
recovery.
Following laboratory-based activities, participants were
instructed to wear the ActiGraph accelerometer (as described
above) and carry the smartphone (as they would normally carry
their personal phone) for 24 hours during free-living daily
activities. Participants were instructed to remove the devices
during water-based activities such as swimming, showering,
and bathing. An optional sports armband carry case was
provided to participants who preferred this carry method during
free-living exercise. After 24 hours, participants returned the
phone and accelerometer.

Phase 2 Procedures
Procedures for the cross-validation sample have been described
elsewhere [21]. In brief, each participant wore a Samsung
Galaxy Nexus S phone, Android version 2.3.3 with Movn app,
installed on the right iliac crest with a belt holder to record
movement. EE was measured by the Oxycon portable indirect
calorimeter (CareFusion) worn in a backpack fitted to the
comfort of the participant. Participants completed three 6-min
bouts of treadmill walking (4, 5, and 6 km/h), separated by 2
min of passive recovery.

Data Handling
Heart rate, calorimeter, and ActiGraph data were downloaded
using the manufacturers’ software; smartphone data were
downloaded using a text reader, exported for manual analysis,
and synchronized in postprocessing.
Mean values were calculated during the last 2 min of each
laboratory-based activity bout, following similar procedures in
phase 1 and 2. Free-living accelerometer data were cleaned by
removing nonwear time, equivalent to >60 min of continuous
zero counts. A minimum of 10 hours of available free-living
data were required for the analysis. Data were processed to
generate comparable units of EE for analysis [17].

Statistical Analysis
Statistical analyses were performed using the Statistical Package
for the Social Sciences (SPSS) version 21 for Windows (IBM
Corp).
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To derive estimates of EE from Movn activity counts,
multivariate regression was conducted following established
methods [19] to identify the strongest relationship between
Movn activity counts, participant characteristics, and EE
measured via indirect calorimetry. Estimates of EE were then
used to identify Movn activity count thresholds associated with
accepted classifications for light (<3 metabolic equivalent of
task [MET]), moderate (3-6 MET), hard (6-9 MET), and very
hard (>9 MET) activity intensity levels [19]. The regression
equation was also applied to phase 2 laboratory-based data to
cross-validate the accuracy of EE estimation among an
independent sample using different smartphone hardware.
EE measurement validity was evaluated following guidelines
proposed by Welk et al [17], who suggest that agreement
between two measurement methods requires demonstration of
three unique characteristics: equivalent group estimates,
association between measurements, and absence of systematic
and/or heterogeneous bias. Furthermore, supplementary analyses
at an individual level are also recommended to determine
whether group-level agreement is consistent across individuals.
The criterion and convergent validity of Movn EE measurement
were assessed compared with EE measured via indirect
calorimetry during phase 1 laboratory-based activities and with
EE estimated from ActiGraph movement counts during phase
1 laboratory and free-living activities, respectively; t-tests were
conducted to detect systematic criterion and convergent
group-level measurement biases. Simple analyses of variance
were also conducted to determine whether group-level criterion
or convergent measurement biases were affected by activity
intensity level during laboratory-based activities; significant
main effects were explored with Bonferroni-corrected paired
comparisons (ie, least significant difference P × N(N−1)/2 paired
comparisons). Furthermore, 95% limits of agreement for biases
were calculated to assess absolute measurement agreement and
homogeneity of biases across the measurement range [22,23].
Relationships between Movn and reference measurement
methods were assessed by calculating Pearson correlation
coefficients and two-way random effects intraclass correlation
coefficients for absolute agreement (ICC).
Supplementary analyses compared time-synchronized
group-level measurements throughout the laboratory-based
activity protocol to determine agreement between measurement

patterns [17]. Furthermore, individual-level biases were
calculated to determine whether group-level agreement was
consistent across the sample.
To determine the feasibility of using smartphone sensor data to
ascertain the geographic location of activity and patterns of
human movement, accelerometer and GPS data were combined
to provide an indication of the location and intensity of PA.
Data were imported into ArcGIS version 10.2.2 (Esri)
transformed to location points and interpolated into
two-dimensional (2D) spatial paths and three-dimensional (3D)
spatiotemporal trajectories.
Descriptive data are reported as mean (standard deviation); bias
data are reported as mean and 95% CI; alpha=.05 for all
hypothesis tests.

Results
Phase 1 participants included 21 adults (13 female) aged 20 to
55 years (see Table 1); phase 2 participants included 42 adults
(27 male) aged 18 to 33 years. All participants were at normal
weight.

Estimating Energy Expenditure
A multivariate regression model including Movn activity counts
and participant body mass was the strongest predictor of
measured EE (Equation 1, r2=.83; SEE=1.94 kcal/min). The
relationship between measured and predicted EE is shown in
Figure 1.
Equation 1: EE (kcal)=0.00063 × activity level (counts/min) +
0.121 × body mass (kg) − 5.66
Equation 1 was used to identify Movn activity count thresholds
that correspond with accepted classifications of light (<3 MET),
moderate (3-6 MET), hard (6-9 MET), and very hard (≥9 MET)
activity intensity levels [19]; thresholds derived from phase 1
laboratory-based data are presented in Table 2. A correction
factor (2121) was applied to the smartphone accelerometer data
to facilitate scale congruence and allow comparison between
Movn and ActiGraph activity counts.
When applied to the cross-validation sample (phase 2), Equation
1 estimation accuracy was lower during laboratory-based
walking (r2=.24; SEE=1.10 kcal/min).

Table 1. Participant characteristics.
Demographics

Phase 1

Phase 2

Mean (SD)

Mean (SD)

N (men/women)

21 (8/13)

42 (27/15)

Age, in years

27 (7.9)

26 (3.8)

Height (cm)

171.2 (7.3)

172 (8)

Weight (kg)

70.5 (11.6)

68 (12.0)

Body mass index (kg/m2)

23.1 (2.6)

22.0 (3.0)
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Table 2. Movn activity count thresholds for classifying activity intensity level.

a

Activity intensity levela

METbrange

Activity (counts/min)

Light

<3

<1253

Moderate

3-6

1253-1272

Hard

6-9

1273-6987

Very hard

≥9

>6987

Activity intensity level classification adapted from Freedson et al [19].

b

MET: metabolic equivalent of task.

Figure 1. Relationship between measured energy expenditure (EE; indirect calorimetry) and Movn app EE derived from multivariate regression of
Movn activity counts on measured EE during phase 1 laboratory-based activities.

Laboratory-Based Activities
Criterion Validity
Table 3 summarizes EE during phase 1 laboratory-based
treadmill exercise, assessed with indirect calorimetry, Movn,
and ActiGraph. Movn overestimated EE compared with the
criterion indirect calorimetry method (Table 3), but the small
magnitude did not represent a systematic measurement bias
(t82=1.66, P=.10). A statistically significant main effect of
activity intensity level was detected on measurement biases
(F1,4=7.54, P<.001), indicating systematic variance across
laboratory-based activity levels. The Movn app overestimated
EE at rest and slower locomotive speeds and underestimated
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EE at faster locomotive speeds (Table 3). Bonferroni-corrected
paired comparisons revealed that the absolute EE measurement
bias at 12 km/h was statistically significantly larger than all
other speeds with the exception of 10 km/h. Furthermore, the
EE measurement bias at 10 km/h was statistically significantly
smaller than during rest.
The 95% limits of agreement for criterion EE measurement
biases were moderate at most activity intensity levels (Figure
2), indicating acceptable absolute measurement agreement.
Biases were relatively consistent across the measurement range;
however, variance was slightly wider at faster locomotive speeds
(10-12 km/h, Table 3). Finally, Movn and criterion EE measures
were strongly correlated (r=.91, ICC=.95, both P<.001),
indicating excellent relative measurement agreement.
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Figure 2. The 95% limits of agreement for phase 1 laboratory-based criterion energy expenditure measurement biases, categorized by activity intensity
level.

Convergent Validity
Compared with EE derived from the convergent reference
ActiGraph device during phase 1 laboratory-based activities,
Movn systematically overestimated EE (t89=5.27, P<.001, Table
3). There was no statistically significant main effect of activity
intensity level (F1,4=1.26, P<.29), indicating convergent
measurement biases were relatively consistent across
laboratory-based activity levels.

The 95% limits of agreement for convergent EE measurement
biases were also moderate at all activity intensity levels (Figure
3), indicating acceptable absolute measurement agreement.
Once again, measurement error was relatively consistent across
the measurement range; however, similar to the criterion
analysis, variance was slightly wider at faster locomotive speeds
(10-12 km/h, Table 3). Finally, Movn and criterion EE measures
were strongly correlated (r=.92, ICC=.93, both P<.001),
indicating excellent relative measurement agreement.

Table 3.
Activity

Energy expenditure (kcal/min)
Calorimeter

Movn

Biases (kcal/min)
ActiGraph

Criterion

Convergent

Mean (SD)

Mean (95% CI)
d,e

Rest

1.75 (0.64)

3.25 (1.80)

1.83 (1.68)

1.60 (0.85-2.35)

1.30 (0.65-1.96)

4 km/h

4.15 (1.20)

4.66 (1.69)

4.10 (1.83)

0.52 (−0.04 to 1.08)e

0.59 (0.22-0.95)

6 km/h

6.42 (2.13)

6.95 (2.45)

6.67 (2.30)

0.74 (−0.05 to 1.52)e

0.40 (−0.02 to 0.82)

10 km/h

11.94 (2.22)

11.78 (2.18)

10.26 (2.52)

−0.53 (−1.67 to 0.60)a

1.08 (0.01-2.15)

12 km/h

14.15 (2.68)

11.76 (2.97)

10.87 (1.86)

−1.90 (−3.37 to −0.42)a-c

1.05 (−0.81 to 2.92)

Total

7.08 (4.79)

7.45 (4.15)

6.54 (3.90)

0.36 (−0.07 to 0.78)

0.93 (0.58-1.29)f

a-e

Systematic difference in bias between locomotive speeds (P<.001-.01, Bonferroni-corrected).

a

Rest.

b

4km/h.

c

6km/h.

d

10km/h.

e

12km/h.

f

Overall systematic bias compared with the ActiGraph device (P<.001).
Energy expenditure=average during third and fourth min of each intensity bout.
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Figure 3. The 95% limits of agreement for phase 1 laboratory-based convergent energy expenditure measurement biases, categorized by activity
intensity level.

Supplementary Analyses
Supplementary analyses comparing time-synchronized
group-level measurements throughout the phase 1
laboratory-based activity protocol indicate that Movn and
calorimetry EE measurement patterns were very similar at low
and moderate activity intensity levels (Figure 4; [17]); however,
two important trends were identified. First, the Movn EE
measurement pattern diverts substantially below the criterion
calorimetry measurement late in the exercise protocol during
the fastest locomotive speeds; differing measurement patterns
at faster speeds indicate that the Movn app may be less valid
for quantifying high-intensity locomotive activities. Second,
http://mhealth.jmir.org/2017/8/e122/
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notable asynchronicity between Movn and calorimeter EE
measurement patterns reflects the expected latency between
changes in energy demands (ie, instant change in locomotive
speed) and physiological EE (ie, gradual increase in oxygen
consumption).
Examination of individual-level measurement biases revealed
relatively small overestimation of total EE among the majority
of participants; however, EE was substantially overestimated
for 2 participants and underestimated for 6 participants (Figure
5; [17]). This inconsistency suggests Movn may have more
utility for group-level surveillance tool than individual-level
measurement.

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e122 | p.229
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Maddison et al

Figure 4. Supplementary analysis of the relative accuracy of measured (indirect calorimetry) and estimated (Movn app) energy expenditure (EE) during
phase 1 laboratory-based activities. Minute-by-minute EE measured by the Movn app and criterion reference calorimeter.

Figure 5. Supplementary analysis of the relative accuracy of measured (indirect calorimetry) and estimated (Movn app) energy expenditure (EE) during
phase 1 laboratory-based activities. Mean EE measurement biases across individual participants.

Free-Living Activities
Convergent Validity
Sensor wear time compliance was lower than anticipated during
phase 1 free-living activities. After removing nonwear time,
only 8 participants met minimum data requirements. Participants
recorded an average of 766 (SD 189) min of activity on valid
days, yielding a total free-living convergent reference sample
of 6124 min. Table 4 summarizes EE during phase 1 free-living
activities, assessed with Movn and ActiGraph devices.
Compared with the convergent reference ActiGraph, Movn
overestimated EE during free-living activities (Table 4); the
http://mhealth.jmir.org/2017/8/e122/
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mean bias was larger than during laboratory-based activity and
represented a systematic bias between devices (t6123=101.49,
P<.001). Consistent with laboratory-based activities, a
statistically significant effect of activity intensity level was also
detected on free-living measurement biases (F3,6120=1550.51,
P<.001), indicating systematic variance in measurement biases
across commonly used levels for classifying free-living activity
intensity (Table 2). Movn overestimated EE during all
free-living activity levels and, with the exception of light- and
moderate-intensity activity levels, bias magnitudes grew with
activity intensity level (Table 4). Heterogeneous measurement
biases during free-living activity are presented in Figure 6,
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which has been graphically categorized by individual participant
(n=8) to highlight both the variance in resting EE, and relatively
consistent pattern of bias heterogeneity between individuals.
Positive and negative biases appear relatively symmetrical
within participants (Figure 6). Further investigation indicates
negative measurement biases may reflect periods of smartphone
noncarry time; however, as it was not possible to validate this

Maddison et al
assumption, we conservatively treated the data as measurement
error.
Finally, despite the systematic bias, EE measures from Movn
and ActiGraph were strongly correlated (r=.87, ICC=.83, both
P<.001), indicating excellent relative measurement agreement
during free-living activities.

Table 4. Energy expenditure during phase 1 free-living activities.
Level of intensity

Energy expenditure (kcal/min)

Bias (kcal/min)

Movn

ActiGraph

Mean (95% CI)

Mean (SD)

Mean (SD)

Light (<3 metabolic equivalent of
task [MET])

2.43 (1.15)

1.61 (1.34)

0.83 (0.81-0.84)c,d

Moderate (3-6 MET)

2.32 (0.86)

1.01 (0.65)

1.31 (0.69-1.93)c,d

Hard (6-9 MET)

4.19 (1.49)

2.24 (1.6)

1.96 (1.87-2.04)a,b,d

Very hard (≥9 MET)

7.66 (1.19)

4.25 (2.01)

3.41 (3.16-3.66)a-c

Total

2.73 (1.51)

1.73 (1.45)

1.00 (0.98-1.02)e

a-d

Systematic difference in biases between activity intensity levels (P<.001-.02, Bonferroni-corrected).

a

Light.

b

Moderate.

c

Hard.

d

Very hard.

e

Overall systematic bias compared with the ActiGraph device (P<.001).

Figure 6. The 95% limits of agreement for phase 1 free-living convergent energy expenditure measurement biases; categorized by individual participants
who recorded ≥10 hours activity data per day.
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Table 5. Accuracy of global positioning system (GPS) location data.

a

Accuracy radius (m)a

Location samples n (%)

Median accuracy radius (m)

≤25

246 (32.3)

19

26-50

307 (40.3)

30

51-75

29 (3.8)

57

76-100

45 (5.9)

96

>100

134 (17.6)

2370

Total

761 (100.0)

30

68% probability of the true position lying within specified radii of the recorded location coordinates.

Understanding Geospatial Human Movement
Free-living accelerometry yielded 30,666 records; during this
time, Movn logged 761 GPS coordinate pairs. The majority of
GPS data (553/761, 72.7%) had acceptable location
measurement accuracy (68% probability of true position lying
within a 50-m radius of recorded location; [24]) and the median
location accuracy radius was 30 m (Table 5); however, almost
20% of GPS location data were characterized by low

http://mhealth.jmir.org/2017/8/e122/

XSL• FO
RenderX

measurement accuracy (accuracy radius>100 m, median=2370
m).
Figure 7 presents an example of mapped daily location data for
1 participant; blue and red markers indicate accuracy radii of
≤50 m and >50 m, respectively. Straight paths were interpolated
between sequential locations; arrows show movement direction.
The circled location is likely erroneous given the significant
deviation from previous and subsequent locations over a
relatively short time and sharp turning angle (see the yellow
highlighted path).
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Figure 7. Example of participant location markers and interpolated spatial path.
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Figure 8. Detailed example of a participant’s daily movement. Position is depicted on the two-dimensional plane, and time is depicted on the vertical
plane. Graduated shading of the movement path indicates activity level (dark shading=higher activity level). Orange point markers represent locations
with an accuracy of >50 m.

The temporal variability of activity intensity level is not readily
displayed by the two dimensions, and dense concentrations of
location markers make it difficult to resolve movement direction
sequences. To address this, a time-geography approach [25]
was used to present an enhanced 3D illustration of activity
patterns; position is depicted on a typical 2D plane, time on the
vertical plane, and intensity level using graduated shading
(Figure 8). Duration, sequence, and movement information can
be observed or inferred from such spatiotemporal trajectories;
for example, with the exception of the segments that link to less
accurate locations (ie, vertices with orange marker points), the
main concentration of points and paths indicate that this nominal
participant spent the majority of the day (approximately 11:00
AM-17:40 PM) conducting light-intensity activities around a
central location. In the evening (approximately 17:40 PM-18:40
PM), the participant traveled a relatively long distance with
higher-intensity PA.

Discussion
Principal Findings
This study sought to examine the validity of the Movn
smartphone app for assessing PA and human movement patterns.
In agreement with previous research, Movn activity counts were
strongly related to measured EE, and the SEE for the predictive
function compared favorably with that reported by Freedson et
al [19]. Activity counts associated with thresholds for
categorizing intensity levels were lower than those reported by
Freedson et al [19], possibly because of differences between
algorithms that convert raw accelerometer output signals (ie,
voltage) into activity counts. Compared with indirect calorimetry
in a controlled laboratory setting, an absence of systematic
http://mhealth.jmir.org/2017/8/e122/
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overall measurement bias, moderate limits of agreement, and
very strong correlations demonstrated good agreement for
Movn-derived estimates of EE. Agreement was not as strong
when using a different model smartphone in the cross-validation
model, and this may be explained by differences between
integrated solid state accelerometer chips.
Together, these data suggest that Movn could provide acceptable
PA measurement precision in controlled laboratory settings;
however, greater error variability at higher activity intensity
levels suggests that it may be better suited to quantifying general
daily PAs than higher intensity exercise training. These findings
are comparable with the recent validations of Android
smartphone-based activity measurement tools, which
demonstrated strong correlations but larger measurement error
at higher activity intensity levels when compared with the
ActiGraph GTX3 accelerometer [7,8].
During 24 hours of free-living activity, Movn overestimated
EE compared with the commonly used and validated ActiGraph
accelerometer; biases were, once again, larger and more variable
during higher intensity activities. Nonetheless, Movn and
reference estimates of EE were strongly related, and these data
compare favorably to other data comparing smartphones and
the Fitbit Zip wearable sensor with the ActiGraph in free-living
settings [6,7]. Differences in measurement units preclude more
detailed comparisons of measurement validity.
Interindividual variability revealed in exploratory supplementary
analyses indicated the Movn app may be most suitable for
group-level monitoring. As smartphone apps can be more
feasibly and affordably distributed across large populations than
wearable sensors such as the ActiGraph, this approach holds
considerable potential for large-scale population-based research.
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e122 | p.234
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It was feasible to integrate smartphone-collected geospatial and
accelerometry data within a GIS to provide insight into temporal
movement patterns (location and intensity). In combination with
the potential for large-scale population surveillance, the
capability to augment EE data with mapped movement patterns
highlights the potential for smartphone-based measurement
tools to support novel research evaluating the drivers and effects
of interventions and policies that impact PA. However, such
large-scale analyses also present challenges for data processing
and analytics.
Collectively, this study and previous works highlight the value
of smartphones as an acceptable measure of PA in both
laboratory-based and free-living contexts. Given their ubiquity,
integrated sensor features (accelerometry, gyroscope,
inclinometer, and GPS), and passive data collection,
smartphones offer additional value compared with existing
measurement approaches. Further value is added by the capacity
to generate large datasets that could be used to understand
temporal, location, and contextual factors that affect PA. Such
information could be used to provide point of decision prompts
or behavior change strategies to increase PA and decrease
sedentary behavior.
The integration of geospatial and accelerometry data within a
GIS in this study demonstrates the potential of using
smartphones for describing the context (ie, time and location
of activity) of human movement patterns. This approach has
been demonstrated but has typically relied on separate devices
to collect activity and geospatial data, which adds participant
burden and limits the duration of observation (7-14 days).
Passive smartphone data collection reduces participant burden
and permits sustained data collection, for as long as the app is
installed and individuals continue to charge their smartphones.
This is exemplified by many commercially available smartphone
apps that currently harness these features (eg, Moves, Human,
and Movn). Smartphones offer pragmatic advantages over
stand-alone GPS devices, although the maximum data capture
frequency is typically lower (approximately 1 Hz vs 5+ Hz)
[26]. Increased sampling frequencies have the potential to
improve GPS measurement accuracy but would have a
detrimental effect on smartphone battery life and may only offer
additional benefits during activities with rapidly fluctuating
movement patterns [26]. In this study, the Movn app was
configured to record GPS location every 30 min, or when
activity was detected via accelerometry to optimize smartphone
battery life. More frequent sampling would increase the
resolution of geospatial movement patterns but may limit the
maximum recording duration because of faster power
consumption.
This study has important implications for future research.
Smartphones can passively measure PA in large population
groups without the use of dedicated measurement tools and
provide opportunities to enrich traditional PA measurement
with contextualizing temporal and geopositional data. Future
work could leverage existing integration between smartphones,
smartwatches, and consumer-grade wearable activity trackers
to capture PA during periods of smartphone noncarry time.
Temporal and positional contextual data provide opportunities
to understand peoples’ movement patterns, and this may help
http://mhealth.jmir.org/2017/8/e122/
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to identify and capitalize on optimal opportunities for PA
intervention. Utilizing the big data generated by smartphone
apps offers opportunities to provide detailed information on
how and where people move and whether these patterns are
stable over time. If patterns can be predicted, then interventions
could be delivered via smartphones to promote PA and reduce
sedentary behavior. Geospatial data could be linked with other
sensors or data sources via the Internet of Things to provide
“just-in-time” interventions such as promoting active transport
options (nearby cycling or walking routes) rather than driving
a motor vehicle. Such an approach would be consistent with
the notion of smart city research, which harnesses the Internet
of Things for public and environmental health surveillance [9].
Smart cities focus investment on digital infrastructure, including
information and communication technology rather than
traditional physical infrastructure. Whereas smart city
technologies typically focus on system efficiencies (traffic and
waste management, etc), they offer potential to promote PA
and health [9,27]. To fully maximize the benefits of smartphone
data, it will be necessary to develop big data analytical methods
to extract, process, and interpret large quantities of data. To
achieve this, PA researchers need to develop expertise in these
techniques or collaborate with people who have appropriate
expertise in big data processing and analytics.

Strengths and Limitations
Strengths of this study include the use of indirect calorimetry
as a criterion reference for the validation of EE estimation, the
use of a cross-validation sample to assess the validity of EE
estimation on different smartphones, and the integration of
geospatial and accelerometry data within a GIS. A limitation
of this research relates to the data reduction methods of
smartphone data. Unlike research-grade accelerometers, there
are no established methods for managing smartphone
accelerometer data. Periods of negative EE measurement bias
may have indicated smartphone noncarry time; however, as
methods for classifying phone and individual inactivity have
yet to be determined, it was not possible to validate this
assumption. We applied criteria typically used for
accelerometers (removing >60 min of consecutive zero values),
which may have assisted with agreement between methods but
do not differentiate smartphone noncarry time from true
inactivity. Further research is needed to characterize data
patterns that can distinguish these use patterns, and this will
have a significant impact on how smartphone data are
interpreted. The increasingly common inclusion of embedded
gyroscopic sensors could help to overcome this problem. It
should be noted that stand-alone wearable accelerometers are
also subject to this limitation, and prolonged nonwear time may
result in greater data loss than intermittent smartphone noncarry
time. Researchers should consider these limitations and select
the type of measurement tool that best suits their experimental
objectives. Additional limitations include the number and
characteristics of participants and the limited period of
free-living activity monitoring. As the primary sampling unit
in this study is sensor observations not individuals (ie, 50 Hz
accelerometer data), the study is appropriately powered to
achieve validation objectives. Because participants were healthy
adults, these results may not generalize to populations with
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musculoskeletal limitations or medical conditions that modify
the energetic demands of comparable PAs. Finally, the short
24-hour free-living validation period may limit the range of
activities and activity intensity levels included in the free-living
analysis. Although high frequency sensor sampling enables
ample statistical power for validation objectives, future research
may consider longer data collection periods that may include a
wider range of activities.

Conclusions

Maddison et al
levels; however, measurement validity was reduced during
higher intensity activities. Given their ubiquity, integrated
sensors, passive data collection, and potential to connect with
external data streams, smartphones provide an ideal opportunity
to enhance understanding of the nature and context of human
movement, particularly at a population level. This presents
future challenges for data processing and analytics, as well as
opportunities to inform novel, responsive, and individualized
interventional strategies.

The Movn smartphone app provided valid measurement of
physical activity EE at low and moderate activity intensity
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Abstract
Background: As commercially available activity trackers are being utilized in clinical trials, the research community remains
uncertain about reliability of the trackers, particularly in studies that involve walking aids and low-intensity activities. While
these trackers have been tested for reliability during walking and running activities, there has been limited research on validating
them during low-intensity activities and walking with assistive tools.
Objective: The aim of this study was to (1) determine the accuracy of 3 Fitbit devices (ie, Zip, One, and Flex) at different
wearing positions (ie, pants pocket, chest, and wrist) during walking at 3 different speeds, 2.5, 5, and 8 km/h, performed by
healthy adults on a treadmill; (2) determine the accuracy of the mentioned trackers worn at different sites during activities of
daily living; and (3) examine whether intensity of physical activity (PA) impacts the choice of optimal wearing site of the tracker.
Methods: We recruited 15 healthy young adults to perform 6 PAs while wearing 3 Fitbit devices (ie, Zip, One, and Flex) on
their chest, pants pocket, and wrist. The activities include walking at 2.5, 5, and 8 km/h, pushing a shopping cart, walking with
aid of a walker, and eating while sitting. We compared the number of steps counted by each tracker with gold standard numbers.
We performed multiple statistical analyses to compute descriptive statistics (ie, ANOVA test), intraclass correlation coefficient
(ICC), mean absolute error rate, and correlation by comparing the tracker-recorded data with that of the gold standard.
Results: All the 3 trackers demonstrated good-to-excellent (ICC>0.75) correlation with the gold standard step counts during
treadmill experiments. The correlation was poor (ICC<0.60), and the error rate was significantly higher in walker experiment
compared to other activities. There was no significant difference between the trackers and the gold standard in the shopping cart
experiment. The wrist worn tracker, Flex, counted several steps when eating (P<.01). The chest tracker was identified as the most
promising site to capture steps in more intense activities, while the wrist was the optimal wearing site in less intense activities.
Conclusions: This feasibility study focused on 6 PAs and demonstrated that Fitbit trackers were most accurate when walking
on a treadmill and least accurate during walking with a walking aid and for low-intensity activities. This may suggest excluding
participants with assistive devices from studies that focus on PA interventions using commercially available trackers. This study
also indicates that the wearing site of the tracker is an important factor impacting the accuracy performance. A larger scale study
with a more diverse population, various activity tracker vendors, and a larger activity set are warranted to generalize our results.
(JMIR Mhealth Uhealth 2017;5(8):e106) doi:10.2196/mhealth.6321
KEYWORDS
activities of daily living; activity tracker; mobility limitations; mobile health
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Introduction
Increasing physical activity (PA) level and maintaining a healthy
diet are among the important factors to sustain and improve
cardiovascular health [1-3]. Measuring daily PA is important
to objectively monitor an individual’s health. A simple, yet
effective, approach to measure PA is to count the number of
steps an individual takes in a given day [4]. Based on a common
PA guideline, healthy adults are recommended to take 10,000
steps per day to maintain physical fitness and health [5].
However, common recommended levels of PA are challenging
targets for less active individuals [6]. Various
accelerometer-based devices such as Jawbone, Fitbit, Misfit,
and Garmin have been developed for PA monitoring. These
devices are small, non-invasive, easy-to-use, and provide an
objective indicator of PA behavior [7]. Furthermore, they intend
to avoid common sources of error in subjective measurement
(eg, self-reporting) [4,8-10]. As researchers continue to utilize
the commercially available PA trackers in clinical trials, there
is a need to assess the accuracy of these trackers, particularly
for low-intensity PAs and those that involve assistive devices
[11-13]. Currently, the research community remains uncertain
about how reliable off-the-shelf trackers are while performing
the aforementioned PAs [14].
There have been several studies analyzing these trackers of
which some are aimed at older adults and patients with chronic
diseases [4,5,7-10,12,15-25]. These studies evaluated validity
and reliability of activity trackers such as Fitbit (ie, Zip, One,
Ultra, and Flex) during slow, moderate, and brisk walking in
laboratory settings or free living environments. These research
studies mostly utilized Yamax SW200 pedometer (Yamax
Corporation, Tokyo, Japan), and ActiGraph GT3X (ActiGraph
LLC,
Pensacola, FL, USA) as the gold standard step counters. A study
presented by Lauritzen [22], investigated the accuracy of the
commercially available trackers (eg, Fitbit) during low-intensity
activities in older adults with reduced mobility. However, the
study focused on a small number of participants (ie, 5 to 7 in
each activity group) and wearing sites. Furthermore, although
activity trackers are designed to be worn on certain positions
on the body, the relationship between the wearing site and types
of PAs that are best tracked by activity trackers is unknown till
date. Prior research studied potential impacts of wearing site
on the performance of the PA trackers [26,27]. Furthermore,
the effect of sensor localization on activity monitoring
performance has been studied in the past [28,29]. However,
such studies did not investigate the influence of the wearing
site of activity trackers on step count accuracy. By analyzing
step count data gathered from trackers worn on different body
positions, we can demonstrate if the wearing site can improve
the step count accuracy for one or a subset of activities.
Our primary focus in this paper is to evaluate the reliability of
commercially available trackers during low-intensity PAs and
those activities requiring assistive tools. Specifically, our goals
are to (1) determine the accuracy of 3 Fitbit devices, Zip, One,
and Flex, worn at different wearing sites including pants pocket,
chest, and wrist during walking at 2.5 km/h, 5 km/h, and 8 km/h
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performed by healthy adults on a treadmill; (2) determine the
accuracy of the Fitbit trackers worn at different sites (ie, pants
pocket, chest, and wrist) during real-life activities including
walking with a shopping cart, walking with a walker, and eating;
and (3) examine whether the intensity of PAs impacts the
optimal wearing site of the tracker.

Methods
Pre-Study Experiment
Fitbit trackers use micro-electro-mechanical systems (MEMS)
three-axis accelerometers to capture motion signals from users.
It is important to mention that any disagreement among step
numbers reported by the trackers was due to the wearing site
of the tracker rather than the embedded signal-processing
algorithm that infers step counts from the accelerometer signals.
Therefore, prior to the main experiment, we performed a series
of experiments to identify if the step counting algorithms of
different trackers were similar in their performance while worn
on the same wearing site.
The wearing site of each tracker was determined based on their
specifications and convenience. Fitbit Flex is typically worn on
the wrist. The extra movements of the upper body can contribute
to an inability to detect steps correctly using Flex. To solve this
problem, one can change the hand settings from “non-dominant”
to “dominant.” The dominant option in Fitbit decreases the
sensitivity of step counting [30]. We activated the dominant
hand option on Fitbit Flex for left-handed participants. Fitbit
Zip is often worn on locations such as a shirt pocket, bra, pants
pocket, belt, and waist. Fitbit One can be worn comfortably in
a pocket or on a bra.
In this experiment, one of the participants wore Fitbit Zip, One
and Flex on the same wearing site for 4 hours performing daily
living routines in a free-living setting. The experiment was
repeated 3 times with the following scenarios: wearing all 3
Fitbit trackers (1) on the left wrist, (2) on the left pants pocket,
and (3) on the chest. After each experiment, we compared the
number of the steps each tracker counted in each 5-minute
interval with those of the other trackers. The 5-minute interval
is the shortest time interval in which the Fitbit tracker numbers
can be obtained through the online dashboard [31].

Main Experiment
We conducted a study with healthy adults who performed 6
PAs while wearing 3 different Fitbit trackers including Zip,
One, and Flex on 3 different sites including chest, pants pocket,
and wrist. Two sets of PAs were included in our experiment,
including (1) walking on a treadmill at 3 different speeds, 2.5
km/h, 5 km/h, and 8 km/h and (2) real-life activities including
walking with a shopping cart, walking with a walker, and eating
an apple while sitting. In the treadmill experiment, participants
were asked to walk on a treadmill at 3 different speeds for 5
minutes each. Our goal was to investigate the performance of
the trackers in normal walking activities. In the shopping cart
and walker experiments, participants walked with a shopping
cart and a walker for 5 minutes each. In the eating activity,
participants were asked to eat an apple while sitting on a chair.
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To capture data from participants, 2 data collection methods
were used: a motion sensor based activity tracker for recording
the number of steps and a camera to record videos to keep track
of the actual number of steps. In our analysis, the steps measured
by the trackers were compared against the gold standard number
extracted from the videos. We set the dominancy option of the
Fitbit Flex of the left-handed and right-handed participant to
“dominant hand” and “non-dominant hand,” respectively.
During the eating experiment, Fitbit Flex was worn on the
dominant wrist. Therefore, we set its dominancy option to
“dominant hand” for all the participants during the eating
experiment. Figure 1 shows a participant wearing the trackers
on left wrist, chest, and left pants pocket during a treadmill
experiment.

Recruitment and Participants
The study protocol was reviewed and approved by the
Washington State University (WSU) Institutional Review Board
(IRB). Inclusion criteria included the absence of gait affecting
conditions such as fractures and broken bones as well as
neurological impairments. Exclusion criteria included inability
to walk with an assistive device, inability to walk on treadmill,
and inability to conduct 30 minutes of light to moderate PA
(MET<6) with multiple rests in between. Prior to data collection,

Alinia et al
all participants were informed by the study coordinator regarding
the study aims, testing procedure, and methods. Participants
completed an eligibility questionnaire regarding physical
condition, age, and gender. The participants were recruited
through direct contact as well as through an advertisement at
the WSU School of EECS (Electrical Engineering & Computer
Science).

Statistical Analysis
We first assessed systematic differences between trackers on 3
wearing sites and the gold standards by a one-way analysis of
variance (ANOVA) test. We also defined 2 error parameters:
errors per minute and error rate. Error per minute is defined
as the difference between the number of steps recorded by the
trackers and the actual number of steps in 1 minute. Error rate
refers to the percentage of the misestimated. We note that for
the eating experiment, given that the actual number of steps is
0, the absolute error is not reported.
Second, we evaluated the test-retest reliability of the tracker on
each wearing site by computing the intraclass correlation
coefficient (ICC) (2-way random, absolute agreement, single
measures with 95% CI). We used common cut-off points for
reliability assessment. The cut-off points were >0.90 (excellent),
0.75-0.90 (good), 0.60-0.75 (moderate), and <0.60 (low) [5].

Figure 1. A participant wearing 3 trackers on the wrist, chest, and pants pocket while walking on a treadmill.
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Results
Pre-Study Results
A total of 15 healthy adults, including 7 females and 8 males,
aged between years 21 and 31, were recruited to participate in
this experimental study. Table 1 shows demographic information
as well as PA statistics for the participant groups.
Table 2 shows the results of the t test analysis on pairs of the
Fitbit trackers and gold standard during the pre-study test. The
results show no significant difference in the number of steps
recorded during the test experiment. Therefore, we conclude
that any possible differences in the number of steps reported by
various trackers used in the main study must be due to the
tracker’s wearing site for that specific task.

Main Results
Descriptive Statistics Analysis
Figure 2 shows the results of the ANOVA test (95% CI
0.55-1.00) on the mean value of the step counts captured by the

Alinia et al
trackers on each wearing site compared to gold standard values.
There are no significant differences in recorded steps in each
of the 3 wearing sites (chest, pants pocket, and wrist) for walking
on treadmill and shopping cart experiments. In the walker
experiment, all trackers exhibit a significant difference from
the actual step count (P<.001). In the eating experiment, the
wrist tracker occasionally counted steps due to the hand
movements while eating the apple.

Systematic Difference and Mean Absolute Error Analysis
The performance of the trackers in step counting was compared
using the average error rate and error per minute values of all
the participants during the experiment. Figure 3 illustrates the
performance of the trackers in different wearing sites during
activities of daily living. This figure compares error per minute
and error rate in counting steps. The error rate and error per
minute metrics for the various trackers are detailed in Table 3.
Furthermore, the chest tracker recorded 0 steps during the eating
experiment, the wrist tracker counted 4.8 steps per minute in
the eating experiment, and the pants pocket tracker counted 0
steps during the eating experiment.

Table 1. Physical and demographical characteristics of the participants.
Variables

All

Female

Male

(N=15)

(n=7)

(n=8)

Age in years

21-31

24-26

23-31

Height (cm)

155-189

155-178

175-189

Body mass (kg)

47-86

47-75

65-86

Body Mass Index (kgm−2)

19.0-24.8

19.0-24.8

20.1-24.8

Average number of steps taken in treadmill experiments

610

583

643

Average number of steps taken in walker experiment

236

231

240

Average number of steps taken in shopping cart experiment

417

400

418

Table 2. t test results on the number of the steps different Fitbit trackers count when used on the same wearing sites.
Wearing site

Trackers

Hypothesis

Probability

Wrist

Zip and One

0

.65

Zip and Flex

0

.79

One and Flex

0

.83

Zip and One

0

.69

Zip and Flex

0

.83

One and Flex

0

.85

Zip and One

0

.84

Zip and Flex

0

.78

One and Flex

0

.93

Chest

Pants pocket
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Figure 2. The result of the ANOVA tests on the steps recorded by trackers worn on different wearing sites (chest, pocket, and wrist) with the gold
standard number of steps.

Figure 3. Error rate (left) and error per minute (right) of activity trackers in different wearing sites during the activities of daily living except eating.
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Table 3. Error rate and error per minute values for trackers.
Wearing site

Activity

Error rate

Error per minute

Wrist

Walking with walker

73.1%

34.2

Walking at 2.5 km/h

6.8%

6.2

Walking with shopping cart

19.8%

16.4

Walking at 5 km/h

3.9%

4.4

Brisk walking at 8 km/h

4.4%

2.6

Walking with walker

95.6%

45.0

Walking at 2.5 km/h

6.7%

6.6

Walking with shopping cart

19.8%

15.4

Walking at 5 km/h

1.4%

1.8

Brisk walking at 8 km/h

1.8%

6.3

Walking with walker

83.6%

38.8

Walking at 2.5 km/h

5.5%

5.0

Walking with shopping cart

6.4%

5.9

Walking at 5 km/h

3.7%

5.5

Brisk walking at 8 km/h

5.5%

5.7

Chest

Pants pocket

Table 4. Intraclass correlation coefficients between the wearing sites and gold standard values.
Wearing site

Activity

ICC

95% CI

Wrist

Treadmill walking at 2.5 km/h

0.76

0.61-0.94

Treadmill walking at 5 km/h

1.07

0.91-0.99

Treadmill brisk walking at 8 km/h

1.07

0.90-0.98

Walking with the walker

<0.01 (0.003)

0.68-0.99

Walking with the shopping cart

0.10

0.73-0.87

Eating

0.00

0.67-1.00

Treadmill walking at 2.5 km/h

0.70

0.56-0.93

Treadmill walking at 5 km/h

1.37

0.97-0.99

Treadmill brisk walking at 8 km/h

0.68

0.55-0.92

Walking with the walker

<0.01 (0.006)

0.87-0.97

Walking with the shopping cart

0.61

0.74-0.79

Eating

N/Aa

N/A

Treadmill walking at 2.5 km/h

0.91

0.73-0.97

Treadmill walking at 5 km/h

0.83

0.67-0.95

Treadmill brisk walking at 8 km/h

0.71

0.58-0.93

Walking with the walker

0.02

0.82-0.95

Walking with the shopping cart

0.74

0.83-0.87

Eating

N/A

N/A

Chest

Pants pocket

a

N/A: not available.

Correlation Analysis
Table 4 shows the ICC between the trackers on each wearing
site and the gold standard for each PA type. The ICC values
ranged from 0.56 (chest) to 0.97 (pants pocket) for walking on
the treadmill at 2.5 km/h, 0.55 (chest) to 0.99 (wrist) for walking
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on the treadmill at 5 km/h, 0.58 (pants pocket) to 0.98 (wrist)
walking on the treadmill at 8 km/h, 0.68 (wrist) to 0.99 (wrist)
for walking with the shopping cart, 0.74 (chest) to 0.87 (wrist)
for walking with the walker, and 0.67 (wrist) to 1.00 (wrist) for
eating.

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 8 | e106 | p.244
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Discussion
We evaluated the performance of 3 Fitbit trackers during 2 sets
of PAs: (1) Easy to monitor activities such as walking on a
treadmill, and (2) real-life activities that are potentially harder
to monitor such as walking with a walker, walking with a
shopping cart, and eating. Among these activities, the ones
performed with lower intensity such as walking with a walker
and walking at 2.5 km/h may represent some of the activities
that older adults perform regularly. While we acknowledge that
a limitation of our study is the lack of older adult participants,
this study may have implications for utilizing activity trackers
in populations that routinely perform PAs with a lower intensity
or those that involve carrying walking aids.
The fact that the utilized trackers in this study were most
accurate during treadmill walking can be explained by the
controlled nature of human gait during treadmill walking as
well as the fact that in normal gait the body will not exert extra
movements to control the balance. As a result, trackers can
easily detect each strike during treadmill walking. We also
observed that decreasing or increasing the walking pace from
normal speed reduces the accuracy of step counting. In
non-treadmill activities, step detection becomes less accurate
because movement patterns deviate from typical human gait
patterns.
Our systematic differences analysis revealed that the intensity
of PA impacts the choice of optimal wearing site of the tracker.
Our results showed that the chest was the best site for more
intense activities such as moderate walking at 5 km/h and brisk
walking at 8 km/h, while the same site was least accurate in low
intensity activities such as walking at 2.5 km/h and walking
with the walker. This is consistent with the results by other
researchers who reported the waist as the least accurate site for
tracking low-intensity activities [4]. Furthermore, our results
show that wrist was the most promising site during less intense
activities such as walking at 2.5 km/h and walking with a walker.
These results confirm prior findings by Diaz et al [15], who
discovered that a wrist tracker had the biggest difference during
slow, moderate and brisk walking on the treadmill. Moreover,
our results showed that the pants pocket was a better wearing
site in terms of step counting accuracy while pushing a shopping
cart. Yet, this wearing site was least accurate during intense
activities. This finding is also consistent with the results obtained
in several prior studies such as a study by Mammen et al [4].
Looking at the result of the error-per-minute for all of the
activities, one could conclude that there are 2 triggers to
accurately detect the steps in PA. First, more intense activities
are easier to detect. Second, steps in activities that better imitate
normal walking such as walking at 5 km/h and 8 km/h are better
identifiable compared to activities with abnormal walking
patterns such as walking with a walker. Crouter et al [16],
examined the accuracy of 5 electronic pedometers and found
that pedometers are less accurate at slower walking speeds. In
another work performed by Thorup et al [23], Fitbit Zip
demonstrated high accuracy (absolute error <3%) on the walking
speeds of 3.6 km/h and higher.
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In our ICC analysis, the wrist site (ie, Flex) showed
good-to-excellent correlation (ICC>0.75) during treadmill
walking. Several prior studies indicated good correlation (ICC
0.75-0.90) between the wrist tracker (Flex) and the gold standard
as well as the experiments conducted by Kooiman et al [5] on
the accuracy of 10 consumer level activity trackers.
A study by Beets et al [32] on the accuracy of the pedometers
in youth with developmental disabilities indicated a low
correlation (ICC<0.60) during a shopping cart experiment [7,8].
In our study, the site pants pocket (ie, One) demonstrated
good-to-excellent correlation (ICC>0.75) as well. This amount
of correlation is smaller than the prior results by Beets et al.
They identified that a hip worn tracker demonstrated excellent
correlation (ICC 0.97-0.99) with the gold standard values [8].
This can be explained by the fact that a hip tracker is potentially
more stationary in body coordinates compared to a pants pocket
tracker than can be potentially loose during human gait. We
observed a moderate correlation (0.60<ICC<0.75) with the gold
standard while walking with the shopping cart.
In our analysis, the chest site had a moderate correlation in
treadmill walking at 2.5 km/h and 5 km/h, while it was excellent
during walking on the treadmill at 8 km/h. In a research study,
the upper body Fitbit tracker had a low correlation (ICC 0.1-0.4)
for low-intensity treadmill walking (1.7-2.7 km/h) [4]. It showed
moderate correlation (0.60<ICC<0.75) with gold standard during
the shopping cart experiment.
Our data show that accelerometer-based trackers provide reliable
measures for moderate and brisk walking on treadmill. The
performance of these trackers decline as the walking speed
increases or decreases from the normal walking pace. Moreover,
the accelerometer-based trackers demonstrate a major
performance drop in step detection during activities that deviate
from a normal walking pattern. An example of such abnormal
walking patterns is when walking with a walker. This may
suggest that utilizing commercially available trackers in studies
that involve low-speed activities and those involving walking
aids requires either careful selection of an activity tracker robust
to such activities or exclusion of participants whose routine
behavior involves these activities.
Furthermore, our result, in particular those related to walker
and shopping cart experiments, may suggest a need for
developing more advanced algorithmic solutions that consider
tracker wearing sites as well as activity intensity into account
while computing step counts. Accelerometer-based step
detection algorithms usually try to find one stride by detecting
the minimum and maximum peaks from the accelerometer
sensor signal. Finding a stride pattern in the acceleration signal
of irregular walking patterns such as walking with a walker or
a shopping cart can be more challenging that requires real-time
adaptation of the underlying algorithms to personalize the step
counting methods for each individual and with respect to the
changing context of the user [23]. Developing such an algorithm
first requires detecting the user’s activity type in real-time and
second identifying the wearing site of the sensor to obtain the
highest accuracy. Using advances discussed in recent studies,
we are able to locate the sensor on the user’s body coordinate
by identifying the wearing site [28,29]. Furthermore, the study
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presented by Krishnan et al [33]and other researchers on activity
recognition suggest that we can use machine learning algorithms

Alinia et al
to identify PA types and wearing sites of the sensors from
accelerometer sensor data.
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