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Abstract

Background: The decline of cognitive processing speed (CPS) is a common dysfunction in persons with multiple sclerosis
(MS). The Symbol Digit Modalities Test (SDMT) is widely used to formally quantify CPS. We implemented a variant of the
SDMT in MS sherpa, a smartphone app for persons with MS.

Objective: The aim of this study wasto investigate the construct validity and test-retest reliability of the M S sherpa smartphone
variant of the SDMT (SSDMT).

Methods: We performed a validation study with 25 persons with relapsing-remitting MS and 79 healthy control (HC) subjects.
In the HC group, 21 subjects were matched to the persons with M'S with regard to age, gender, and education and they followed
the same assessment schedule as the persons with M S (the “HC matched” group) and 58 subjects had a less intense assessment
schedule to determine reference values (the “HC normative” group). Intraclass correlation coefficients (ICCs) were determined
between the paper-and-pencil SDMT and its smartphone variant (SSDMT) on 2 occasions, 4 weeks apart. Other |CCs were
determined for test-retest reliability, which were derived from 10 smartphone tests per study participant, with 3 daysin between
each test. Seven study participants with MS were interviewed regarding their experiences with the sSSDMT.

Results: The SDMT scores were on average 12.06% higher than the SSDMT scores, with a standard deviation of 10.68%. An
ICC of 0.838 was found for the construct validity of the sSSDMT in the combined analysis of persons with MS and HC subjects.
Average |CCsfor test-retest reliability of the SSDMT for persons with MS, the HC matched group, and the HC normative group
were 0.874, 0.857, and 0.867, respectively. The practice effect was significant between thefirst and the second test of the persons
with MS and the HC matched group and trivia for all other test-retests. The interviewed study participants expressed a positive
attitude toward the sSSDMT, but they also discussed the importance of adapting a smartphone cognition test in accordance with
the needs of the individual personswith MS.

Conclusions: Thehigh correlation between sSSDMT and the conventional SDMT scoresindicates avery good construct validity.
Similarly, high correlations underpin a very good test-retest reliability of the SSDMT. We conclude that the SSDMT has the
potential to be used as atool to monitor CPSin personswith MS, both in clinical studiesand in clinical practice.

(JMIR Mhealth Uhealth 2020;8(10):€18160) doi:10.2196/18160
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Introduction

Background

Multiplesclerosis (M S) isachronic diseasein which the body’s
immune system mistakenly attacksthe isolating sheath (myelin)
that surrounds the nerve fibers in the central nervous system.
MS may affect the brain, the spinal cord, and the optic nerves,
and disrupt the information flow across the affected nerves.
Thismay cause avariety of symptoms, including loss of vision
(optic neuritis), muscle weakness, sensory symptoms, cognitive
dysfunction, altered coordination, and fatigue. For most persons
with MS, sudden relapses contribute to the unpredictability of
the disease, which makesiit difficult to devise a treatment plan
specific to an individual patient.

The prevalence of cognitive dysfunction in personswith MSis
estimated to be between 40% and 70%, depending on the
research setting [1-4]. This can include dysfunction in
visuospatial processing, cognitive processing speed (CPS),
working memory, executive functioning, verbal and visua
learning, as well as episodic memory. CPS decline is among
the first cognitive signs and the most commonly observed
cognitive deficit in persons with MS. Importantly, CPS decline
has a significant impact on the quality of life [3,5]. CPS is
usually assessed by measuring the amount of information
processed in aunit of time or thetime needed to processagiven
amount of information.

The Paced Auditory Serial Addition Test (PASAT) [6] and the
Symbol Digit Modalities Test (SDMT) [7] are the most widely
used tests to formally quantify CPSin MS, and they focus on
auditory CPS and visuospatial CPS, respectively [8-10]. Both
are included in the Rao Brief Repeatable Battery of
Neuropsychological tests, amongst tests for learning and
executive function. Sometimes, the Brief Repeatable Battery
of Neuropsychological testsisadministered by cliniciansduring
check-ups[2,11]. Both testsare part of the Minimal Assessment
of Cognitive Function [12]. Notably, the more compact Brief
International Cognitive Assessment for MS (BICAMS) test
battery prefers SDMT over PASAT [13]. The SDMT score has
astrong correlation with the Expanded Disability Status Scale
(EDSS) score [14]—a stronger correlation than the PASAT
scores[15,16]—as well aswith abnormalities seenin magnetic
resonance images such as in brain lesion volume, cerebral
atrophy, diffusion tensor indices of normal appearing brain
tissue, and retinal nerve fiber layer thickness [17]. Although
both the PASAT and SDMT are highly sensitive in detecting
cognitiveimpairment, the SDMT has higher acceptability among
patients, is easier to administer, and has dlightly higher
sensitivity than PASAT [13,15]. Moreover, findings suggest
that the SDMT more accurately reflects the qualitative nature
of self-reported cognitive impairment and should perhapsreplace
the PASAT as part of the MS Functional Composite (MSFC)
[18]. Finally, the SDMT has been found to berelatively resistant
to practice effects and is therefore useful for serial testing and
screening [19].

https://mhealth.jmir.org/2020/10/€18160

Although the SDMT has been proven to be clinically relevant,
it is not regularly used in standard care. Thisis partly because
patients often do not complain about cognitive changes during
consultation with a health care professional. It is also because
of the time factor and administrative burden, despite the
relatively short duration of one assessment, that is, 90 seconds.
Paper-and-pencil variants of the SDMT have been existing for
quite some time [20,21], but digital variants have been
developed only in recent years for computers [18], tablets
[22,23], or smartphones [24,25]. It is believed that e-versions
will makeit easier to monitor CPS. However, to our knowledge,
no scientific papers about the validity of the smartphone variants
of the SMDT have been published to date.

MS sherpa (Orikami Digital Health Products) is a smartphone
app intended to support the monitoring of personswith MS, in
order to give patients and their heath care professionals
personalized insight into the presence and progress of
MS-related symptoms and signs. MS sherpa contains a
smartphonevariant of the SDMT (SSDMT). ThissSDMT works
as follows: alarge black symbol present in the middle of the
screen has to be matched to the correct digit. Matching can be
done at the bottom of the screen. Once an answer is given, a
new symbol appears. ThesSSDMT scoreisthe number of correct
answers in this 90-second test. A small stopwatch counting
down is shown above the numbers at the bottom of the screen.
The key is shown at the top of the screen. The samekey isused
during 1 assessment, but it varies between assessments; the
symbols are randomly matched to digitsin the key eachtime a
test is done. These symbols are different from those in the
original SDMT since these are protected by copyrights.

Notethat contrary to theoriginal SDMT, in SSDMT, one cannot
look ahead asto which symbol isto be matched next. However,
alsoin the original SDMT, skipping a symbol in the presented
sequenceis not alowed. There are 2 other aspectsin which the
sSDMT differs from the SDMT. First, in the original SDMT,
the first 26 items are selected from the first 6 symbols in the
key. In the SSDMT, symbols are selected from the full key
during the whole assessment. Thiswas a so the case in thefirst
version of other alternative versions of the SDMT [5]. Second,
instead of using thefirst 10 “practice” itemsthat can be matched
with guidance in the original SDMT, it is possible to practice
the sSDMT by pressing the corresponding button on the
instruction screen. In apracticetest, symbolsare again randomly
matched to digits in the key, which is therefore different from
the key in the “real” SSDMT. The rationale for not matching
exactly the “practice” phase to the original SDMT was that
home monitoring can be done frequently and practicing before
every test should not be mandatory, from ausability perspective.

Objective

We aimed to study the construct validity and test-retest
reliability of the SSDMT that is implemented in M S sherpa as
an assessment for CPS and present our findings in this paper,

along with respondents’ experiences with the sSDMT. The
validation of the sSSDMT was part of the MS Self study. The
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MS Self study was a validation study during which study
participants performed self-monitoring assessments during 4
weeks with a precursor of MS sherpa, which was called the
“Mijn Kwik” app and a Fithit Charge 2 wearable. Besides
investigating the validity of the sSDMT, another research
objective of the MS Self study was to investigate first the
experiences with digital self-monitoring through smartphone
apps and activity trackers of persons with MS by interviewing
7 study participants with MS. Furthermore, the study aimed to
validate a smartphone variant of the 2-minute walking test
(s2MWT) and a smartphone walking balance test (SWBT). In
particular, we investigated if the outcomes of the smartphone
tests were in agreement with the outcomes of corresponding
clinical tests, namely, SDMT, the 2-minute walking test
(2MWT), and the Timed Up and Go test (TUG). The other
results from the interviews as well as a description of the
methodology have recently been published [26]. Separate
research papers on the 2MWT, the SWBT, and the Fitbit data
arein preparation. A poster with the preliminary results of the
MS Self study [27] can befound onthe M S sherpawebsite [28].
This poster also contains an image of the SSDMT.

Methods

Study Design

This study was performed in 25 personswith relapsing-remitting
MS and 2 groups of healthy control (HC) subjects (n=79). The
HC subjectsin thefirst control group (HC matched, n=21) were
matched to the personswith M Swith regard to age, gender, and
education. Five education categories were defined: “ secondary

van Qirschot et al

genera education,” “senior secondary general education and
preuniversity education,” “secondary vocational education,”
“higher professional education,” and “ scientific education”. The
second control group (HC normative, n=58) was set up to
determinethe normal distribution for the smartphone test results.

Theinclusion criteriawere asfollows: (1) willing to participate
and capable of doing all the tasks mentioned in the protocol,
(2) able and willing to use own smartphone, which should be
an iPhone 5 or a newer Apple device, or a phone with an
Android operating system version 6 or higher, and (3) aged
between 20 years and 50 years. For persons with MS, the
following additional inclusion criteria were set: (1) diagnosis
of relapsing-remitting M Sfor morethan one year and (2) having
an EDSS score between 1.5 and 6.5. A maximal EDSS score
of 6.5 isneeded to perform the 2MWT. A minimal EDSS score
of 1.5 was chosen to find a difference in the 2MWT results for
persons with MS and HC subjects.

On thefirst and the last day of the study, personswith MS and
the HC matched group came to the premises of the Dutch
National MS Foundation (Nationaal MS Fonds [NMSF]) to
perform a paper-and-pencil SDMT, followed by a
simultaneously performed 2MWT and a 2MWT in the open
air. Later that day, and at most 24 hours later, they aso
performed the SSDMT in their home environment. During the
4-week follow-up, these study participants performed the
S2MWT and sSSDMT tests at home, once every 3 days, that is,
10 timesin total. A schematic overview of the study design is
givenin Figure 1. The EDSS was administered to every person
with MS by MH on the first day of the study.

Figure 1. Overview of the study design and assessment scheme. SDMT: Symbol Digit Modalities Test; 2MWT: 2-minute walking test.
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. 28-day study

The HC subjectsin the HC normative group were instructed to
do the 2MWT and the sSSDMT 3timesin total, with 1 week in
between the assessments. From these testsand from the 10 home
assessments of the other study participants, the test-retest
reliability of the sSSDMT was determined. The combined test
results “SDMT-sSDMT” for the persons with MS and the HC
matched group were used to determine the construct validity of
the sSSDMT. This combination will hereafter be referred to as
the validation assessment. Note that there are 2 validation
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assessments per study participant: onein the beginning and one
at the end of the study.

Recruitment

The persons with MS and HC matched group were recruited
viathe NM SF (Rotterdam, the Netherlands). The HC normative
group was recruited via the social network of the app
manufacturer.
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Ethical Approval and Informed Consent

This study was approved by the medical ethical committee
METC Brabant (Tilburg, the Netherlands) under protocol
number NL61291.028.17. All study participants agreed to the
privacy statement of the Mijn Kwik app prior to first use.
Personswith M S and the HC matched group signed an informed
consent letter on paper.

Data Collection

Data were collected between May 2017 and May 2018. The
ages of the HC subjectsin the HC matched group were matched
as closely as possibleto that of the personswith M S, which led
to at most 2 years difference for 86% (18/21) of the pairs.
Approximately 90% (19/21) of the pairs matched in gender. An
exact match in education category was obtained for 29% (6/21)
of the pairs.

Data Analysis

In the analyses performed in this study, the SDMT score on the
first day of the study was compared with thefirst SSDMT score
and the SDMT score on the last day of the study was compared
with the last SSDMT score. In the data cleaning process of the
sSDMT data, the home assessments in which the study
participants had a score below 20 were removed because these
were outliers. It was assumed that the users were distracted
during these tests. A score below 20 occurred in less than 1%
(3/423) of dl the sSSDMTsthat were done.

Statistical Analysis

Following the study protocol, the significance level a was set
to 5%. Two-sided t tests were conducted to comparethe SDMT
score with the SSDMT score. For the smartphone tests, the
median test score of each study participant was taken in the t
test analysis. Internal consistency was evaluated and quantified
using Cronbach a, in which an a value larger than .7 was
defined to be acceptable [29,30]. Test-retest reliability was
determined by calculating the intraclass correlation coefficient
(ICC) between measurements at different times. ICCs smaller
than 0.59 were considered to be “ moderate,” | CCs between 0.60
and 0.79 were considered “good,” and ICCs above 0.80 were
considered “very good” [31,32]. The effect size Cohen d was
determined to investigate the practice effect. A Cohen d below
0.20 was seen astrivial [33].

https://mhealth.jmir.org/2020/10/€18160
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To investigate the construct validity of the sSDMT, we
calculated the (1) 1CC between the SDMT and the SSDMT and
the (2) Pearson correlation coefficient between the SDMT and
the sSSDMT (the distributions were checked for normality by
applying Shapiro-Wilk tests).

For these statistical tests, we used the same acceptance criteria
as for the test-retest reliability: values smaller than 0.59 were
considered to be “moderate,” values between 0.60 and 0.79
were considered “ good,” and values above 0.80 were considered
“very good.”

We calculated different ICCs for the construct validity and the
test-retest reliability, following the McGraw and Wong [34]
convention. Although the “model” selection (two-way mixed
effects) and the “type” selection (single rater/measurement) of
both ICCsarethe same, the“definition” (consistency or absolute
agreement) is different [35]. ICCs of type “ICC(3,1)" were
calculated to compare the SDMT and the sSSDMT. These ICCs
have definition “consistency,” sincethese 2 test scoreswere not
expected to exactly match. ICCs of type “ICC(A,1)” were
calculated to determine test-retest reliability. These ICCs have
definition “absolute agreement,” since the test scores per
individual were not expected to change within the 1-month
follow-up of the study.

We checked if the distributions of the number of correct answers
on the first SSDMT that was done for the 3 populationsin this
study were normally distributed via Shapiro-Wilk tests and if
the 2 groups of the HC subjects had the same underlying
distribution via a 2-sample Kolmogorov-Smirnov test. Finally,
we did a two-sided t test to confirm the difference between
persons with MS and HC subjects.

Results

Participant Demographics

The mean, median, and standard deviation in the ages for the
various groups are listed in Table 1, as well as the gender, the
number of participants in each education category (for the HC
normative group, no education information was collected), and
the mean, median, and standard deviation in the EDSS score
(personswith MS).
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Table 1. Participant demographics.

van Qirschot et al

Characteristics

Persons with MS? n=25

HcP matched, n=21 HC normative, n=58

Age (years)
Mean (SD) 40 (8)
Median 43
Gender
Female, n (%) 23(92)
Male, n (%) 2(8)
Education
Secondary general education, n (%) 1(4)
Senior secondary general education and preuni- 3 (12)
versity education, n (%)
Secondary vocational education, n (%) 8(32)
Higher professional education, n (%) 9(36)
Scientific education, n (%) 4(16)
EDSS? score
Mean (SD) 3.1(1.4)
Median 3.0

37(8) 34(8)
36 K7

17 (81) 29 (50)
4(19) 29 (50)
3(14) _c
3(14) —
3(14) —
6(29) —
6(29) —
N/A® N/A
N/A N/A

3\S: multiple sclerosis.

bHC: healthy control.

“Not available.

9EDSS: Expanded Disability Status Scale.
EN/A: not applicable.

Besides these 104 study participants, 2 more persons were
recruited, but 1 person with MS dropped out of the study
because she was experiencing arelapse and 1 HC dropped out
because she did not like wearing Fitbit.

Distinctions Between Personswith MSand HC
Subjects

Figure 2 shows the number of correct answers for the first
SSDMT in the persons with MS and in the 2 control groups.
The number of correct answerswas normally distributed for all
3 groups as cal culated by the Shapiro-Wilk tests (P=.49, P=.29,

https://mhealth.jmir.org/2020/10/€18160

and P=.37 for persons with MS, the HC matched group, and
the HC normative group, respectively). The 2 groups of HC
subjects have the same underlying distribution as confirmed
using a 2-sample Kolmogorov-Smirnov test
(Kolmogorov-Smirnov  statistic=0.26, P=.20). Independent
2-sample t tests between persons with MS versus the HC
matched group and persons with M S versus the HC normative
group confirmed that the sSSDMT can distinguish between
personswith MS and HC subjectsat the group level (P=.02 and
P<.001, respectively).
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Figure2. Distributionsin the number of correct answers on thefirst test done with the SSDMT for the 3 groups in this study. The thin solid line shows
the distribution for persons with multiple sclerosis, the dotted line shows the distribution for the healthy control matched group, and the dashed line
shows the distribution for the healthy control normative group. The thick solid lines represent Gaussian fits to the distributions, of which the means
(SD) are shown in the legend. SSDMT: smartphone variant of Symbol Digit Modalities Test.
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Construct Validity

Two variants of the conventional SDMT were used in the
validation assessments: the original paper version of the SDMT
[7] (abbreviated as“ SDMT") and apaper version of thesSSDMT
(a variant of the SDMT, hereafter referred to as “vSDMT").
Sincethe SDMT is copyright protected, thevSDMT was printed
inthe study protocol. Thiswas misinterpreted by some members
of the research team (PvO and MH) as an extra variant of the
SDMT to be investigated and was randomly assigned to more
than half of the study participants. Different variants could
therefore be used in the 2 vaidation assessments of a given
person. Contrary to theregular instructionsfor an SDMT, study
participants did not get 10 “practice” items to be matched with
guidancein this study neither for thevSDMT nor for the SDMT.
In total, 37 SDMTs and 55 vSDMTs were conducted. In this
section, we present the comparison between the SDMT and the
SSDMT (raw datain Multimedia Appendix 1). The raw data of
the validation assessments with vSDMTs are listed in
Multimedia Appendix 2.

The construct validity was determined from 37 validation
assessments with the SDMT. One of these assessments was the
first validation assessments of adropout. The vSDMT score of
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the first validation assessments of the other dropout isincluded
in the Multimedia Appendix 2. However, including these
assessments did not increase the total number of validation
assessments since 1 HC subject did 2 invalid SDMTs. This
person did not match the symbols with the digits in the order
of appearance on the sheet of paper, but instead started matching
all symbols of a specific kind first, both on the first and on the
last day of the study.

It was found that, on average, 6.62 less correct answers were
given on the sSDMT than on the SDMT (Figure 3). A
Shapiro-Wilk test on the distribution of the differences accepted
normality (P=.15). This allows us to determine the 95% Cl, at
1.96*s around the mean difference, with SD=6.13 correct
answers, which is visualized in the Bland-Altman plot (Figure
4). In this plot, the difference between the 2 testsis shown asa
percentage of the mean of the 2 test outcomes on the vertical
axis, and the mean is shown on the horizontal axis. The number
of correct answers on the sSSDMT is, on average, 12.06%
(6.62/54.80) lower than the number of correct answers on the
SDMT (P<.001). The 1.96*s above and below this average
results in a difference of 8.87% more and 33.00% less correct
answers on the SSDMT than on the SDMT, respectively.
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Figure 3. Distribution of the differences between the number of correct answers on the sSSDMT and the SDMT. The dashed line represents a normal
distribution. SSDMT: smartphone variant of Symbol Digit Modalities Test; SDMT: Symbol Digit Modalities Test.
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Figure 4. Bland-Altman plot of differences between the number of correct answers on the SSDMT and SDMT, expressed as percentages of the mean
value (A/mean) versus the mean of the 2 measurements (raw datain Multimedia Appendix 1). The dashed line shows the mean percentage difference,
and the dotted lines show the 95% confidence interval. SSDMT: smartphone variant of Symbol Digit Modalities Test; SDMT: Symbol Digit Modalities
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When investigating the agreement between the SDMT and the
sSDMT using at test, as was planned in the study protocol, a
very small P value was obtained. A dependent t test for paired
samplesyielded atest statistic of 6.49 (P<.001). Sincethiswas
below the significance level of .05, we rejected the null
hypothesis of identical average scores. In Figure 5, the number
of correct answers on the SSDMT is plotted against the number
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of correct answers on the SDMT. 1CCs(3,1) were determined
for persons with MS and HC subjects separately and for the
combined dataset, which are shown in the top left corner of
Figure 5. The Pearson correlation coefficient and the formula
corresponding to the linear fit through the data are also shown
in the top left corner of Figure 5.
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Figure 5. Scatter plot showing the ICCs(3,1) and the correlation (Pearsonr,

(horizontal axis, “x") and the SSDMT (vertical axis, “y”). A linear fit throug
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upper left corner) between the number of correct answers on the SDMT
h the data pointsis visualized as a black solid line, for which the formula

is aso given in the upper left corner. ICC: intraclass correlation coefficient; SSDMT: smartphone variant of Symbol Digit Modalities Test; SDMT:

Symbol Digit Modalities Test.
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For the persons with MS, we checked if the number of correct
answers on the first SSDMT was dependent on the screen size
of their smartphones or their operating systems. The resulting
distributions are respectively shown in the left and right panels
of Figure 6. We took the total number of pixels as an estimate
for screen size. The screenswith lessthan 2 million pixelswere
considered small, while those with 2 million pixels or more
were considered large. The number of correct answers was
normally distributed for al 4 categories as calculated by the
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Shapiro-Wilk tests (P=.54, P=.48, P=.16, and P=.30for asmall
screen, large screen, iPhone operating system, or Android
operating system, respectively). Since weinvestigated the score
on the first SSDMT, we aso included the test results of the
persons with MS who dropped out of the study. We cannot
confirm if this dropout did not experience difficulties with
perceptual motor abilities, but inclusion of thisindividual does
not significantly affect the results.
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Figure 6. A: Distribution of the number of correct answers on the first SSDMT of 13 persons with multiple sclerosis who used a smartphone with a
large screen size (dashed line) and 13 persons with multiple sclerosis who used a smartphone with asmall screen size (dotted line). The thick solid lines
represent Gaussian fits to the distributions. B: Distribution of the number of correct answers on the first SSDMT of 11 persons with multiple sclerosis
who used a smartphone with an iPhone operating system (iOS) (dotted line) and 15 persons with multiple sclerosis who used a smartphone with an
Android operating system (dashed line). The thick solid lines represent Gaussian fits to the distributions. In both panels, the dot-dashed line represents
a Gaussian fit to the full distribution (both categories). MS: multiple sclerosis, SSDMT: smartphone variant of Symbol Digit Modalities Test.
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The 2 categories of screen size as well as the 2 categories of
operating systems had the same underlying distribution as
confirmed using 2-sample Kolmogorov-Smirnov tests
(Kolmogorov-Smirnov statistic for screen size=0.23, P=.83 and
Kolmogorov-Smirnov statistic for operating system=0.28,
P=.60). These distributions are plotted with a dot-dashed line
in both panels of Figure 6. Similarly, independent 2-samplet
tests between the 2 categories of screen size and between the 2
categories of operating systems confirmed that neither the screen
size nor the operating system had an effect on the test score
(P=.98 and P=.46, respectively).

Test-Retest Reliability

One of the dropouts did 7 home assessments with the SSDMT.
We consider this a sufficiently large number to calculate

test-retest reliability; therefore, weincluded thisdropout for the
analyses.
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Figure 7A shows the distribution of the total number of home
assessments done for personswith MS and HC matched group.
Even though 57% (27/47) of the persons with MS and HC
subjects in the matched group did more than 10 tests in total,
we included only their first 10 home assessments for the
test-retest reliability calculations, as planned in the study
protocol. Figure 7B shows the distribution of the average
number of days the persons with MS and HC subjects in the
matched group left between tests, which was averaged over all
tests of a study participant. This distribution peaks at 3 days,
but it is different from 3 days for 55% (26/47) of the study
participants. In these histograms, we also show the distributions
of 60% (28/47) of the personswith MS and HC subjectsin the
matched group who continued to do tests after 4 weeks. The
scatter plot in the lower right panel of Figure 7 (Figure 7C)
shows the relation between the number of tests done and the
average number of days in between tests. Study participants
who did al home assessments within 28 days are plotted with
filled circles, and the others with open circles.
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Figure 7. A: Histogram showing the distribution of total number of tests done. B: Histogram showing the distribution of number of daysin between
tests, averaged over all tests of a study participant. C: Scatter plot that shows the relation between the number of tests done (horizontal axis) and the
average number of daysin between tests, averaged over all tests of astudy participant (vertical axis) for all study participants. Filled circles correspond
to participants that finished the study within 28 days, open circles correspond to those for which the study duration exceeded 28 days. The blue linesin
panels A and B correspond to thesefilled circles, and the black linesin panels A and B correspond to the open circles.
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The ICCs(A,1) (with their 95% CI), Cronbach a, and Cohend  can be found in the Multimedia Appendix 3 and that of the HC
values that were derived from 9 test-retests of the SSDMT for  normative group in Multimedia Appendix 4. The mean values
the persons with MS and the HC matched group are listed in  of the ICC(A,1) for persons with MS, HC matched group and
Table 2, and the values of those derived from the 2 test-retests the HC normative group were 0.874, 0.857, and 0.867,
performed by the HC normative group are shown in Table 3. respectively.

Theraw datafrom personswith M S and the HC matched group
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Table 2. Test-retest reliability scores ICC(A,1), Cronbach a, and Cohen d of the sSSDMT for persons with multiple sclerosis and the healthy control
matched group. The numbers in the parentheses after the ICCs(A,1) indicate lower and upper boundaries of the 95% confidence interval, respectively.

Test-retest  |cCA(A,1) personswith  ICC(A,1), HC  subjects Cronbachaof  Cronbacha of HC  Cohend of persons - Cohen d of HC sub-
M personswith MS  subjects withMS jects
1 0.747 (0.297-0.902) 0.735(0.401-0.888)  .903 875 0.477 0.384
2 0.937 (0.863-0.972) 0.859 (0.688-0.940) .967 .926 0.062 0.153
3 0.899 (0.788-0.953) 0.885 (0.740-0.952) .945 943 0.030 0.160
4 0.849 (0.690-0.930) 0.797 (0.554-0.916) .922 .889 0.160 0.169
5 0.805 (0.611-0.909) 0.820 (0.567-0.931) .893 .895 0.138 0.000
6 0.880 (0.752-0.944) 0.913 (0.764-0.970) .934 .952 0.041 0.072
7 0.939 (0.867-0.972) 0.837 (0.586-0.942) .968 .908 0.059 0.095
8 0.915 (0.814-0.963) 0.961 (0.871-0.989) .956 978 0.094 0.000
9 0.898 (0.769-0.957) 0.904 (0.644-0.977) .946 .946 0.107 0.098
mean 0.874 (0.717-0.945) 0.857 (0.646-0.945) .937 .924 0.130 0.126

4 CC: intraclass correlation coefficient.
BMS: multi ple sclerosis.
byc: healthy control.

Table 3. Test-retest reliability scores ICC(A,1), Cronbach a, and Cohen d of the sSSDMT for the healthy control normative group. The numbersin the
parentheses after the ICCs(A,1) indicate the lower and upper boundaries of the 95% ClI, respectively.

Test-retest ICC¥A,1) Cronbach o Cohend
<SDMT® test-retest 1 0.877 (0.772-0.931) 943 0.201
SSDMT test-retest 2 0.857 (0.769-0.913) .925 0.116
mean 0.867 (0.771-0.922) .934 0.159

8 CC: intraclass correlation coefficient.
bsSDMT: smartphone variant of Symbol Digit Modalities Test.

As was planned, we quantified the practice effect using the
effect size Cohen d, with a value below 0.20 being trivial
(Cohen, 1988). The Cohen d valuesin Table 3 show that there
isasignificant practice effect after thefirst sSSDMT for al study
participants. When comparing the first and second sSDMT
scores of the persons with MS and HC subjects in the matched
group, wefound that the mean increase in the number of correct
answers in the second test was 3.38 points or 6.87% compared
to the first test. Toward the end of the study, the practice effect
on the sSDMT completely disappeared at group level. For
example, there was, on average, no difference in the scores
between the seventh and the eighth sSSDMT.

Study participants performed better on the SDMT on the last
day of the study, on average, compared to their score on the
first day of the study. The average increase between these 2
tests was 5.57%, with a standard deviation of 11.40%, as can
be calculated for the 14 study participants that did the SDMT
both at the first and at the last day of the study, and even
differences as high as 34.92% are reached. Comparing thefirst
and last sSSDMT for these 14 study participants yielded, on
average, anincreasein the number of correct answersof 11.77%,
with a standard deviation of 7.84%. The Cohen d values
quantifying the practice effect on the SDMT and the SSDMT
between thefirst and the last day of the study were found to be
0.365 and 0.908, respectively. The practice effect for the HC
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normative group was also investigated. The Cohen d values
corresponding to the first and the second retest were found to
be0.201 and 0.116 respectively (see Table 3). Although amean
increase in the test score of 3.32% at group level was found
between the first and the second test with a standard deviation
of 7.29%, the practice effect could be considered trivial for this
group on the basis of the Cohen d values.

Interview Results

The 7 participants with MS who were interviewed about their
experiences with the smartphone app and Fitbit activity tracker
in general expressed apositive attitude regarding SSDMT. They
liked doing the test, often describing it as a “game” or a
“puzzle” Moreover, 5 respondentsimagined that thistest could
provide valuableinformation to health care providers about the
health status of their patients, as this is relevant information
about how their patients are doing. Despitethisgeneral positive
attitude, respondents also expressed some remarks regarding
the SSDMT. Two respondents noticed that sometimesthe digits
they pressed did not seem to respond. They were unsure whether
this was caused by the app or their phone. Furthermore, severa
respondents discussed that in order to use a smartphone
cognition test in their daily life, such a test should become
personalized. Three respondents mentioned that every person
with M S has different difficulties regarding cognition and felt
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that these differences could not be captured by a single test.
Rather, they envisioned a smartphone app with multiple
cognition tests from which persons with MS can choose from,
depending on their personal cognitive issues. Another point of
personalization concerned the test frequency. Four respondents
expected that during the stable periods of their MS, they would
feel less need to perform the SSDMT than during periods of
relapse. Therefore, they desired flexibility in the SSDMT test
frequency when they would use the smartphone app in their
daily life.

Discussion

Principal Findings

We found that the sSSDMT can distinguish between persons
with MSand HC subjects at the group level. The test scoreson
the sSSDMT are, on average, 12.06% lower than that on the
paper-and-pencil SDMT. Although there is no exact agreement
between the SSDMT and the SDMT, the 2 tests are strongly
correlated, with ICC(3,1) values of 0.784 and 0.852 for persons
with MS and HC subjects, respectively. The sSDMT shows
very good test-retest reliability, with average ICCs of 0.874,
0.857, and 0.867 for persons with MS, the HC matched group,
and the HC normative group, respectively. The practice effect
was significant between the first and the second test of the
persons with M S and the HC matched group and trivial for all
other test-retests. A positive attitude toward the sSSDMT was
found during the interviews with study participants with MS.
Importantly, interview respondents expressed the desire to adapt
smartphone cognition tests according to the individual needs
of personswith MS, with regard to both the type and frequency
of testing.

Limitations

The SDMT isarelevant tool both for screening and monitoring
not only for MS but for many other clinical diseases such
as Huntington disease, Parkinson disease, and stroke [36]. This
study limits itself to persons with MS, and the validity of the
sSDMT will dtill have to be demonstrated for applications
outside MS. The validation and study population are limited to
Dutch people and the Dutch language. We expect that the
construct validity and test-retest reliability would have been
equally good if this study had been done with personswith MS
from various European countries, given the validity and
reliability that werefound in studiesin populations from various
countries with other digital assessment devices for CPS. The
MS sherpa app now also supports an English version of the
sSDMT, and a German version is planned. However, we
recommend a separate validation for each country where the
sSDMT will beused, for example, asdonefor BICAMS[37,38]
because the SDMT is known to be affected by culture [39]. It
was not expected that the number of correct answers on the
sSDMT and the SDMT would exactly match, because the
sSDMT was not designed to follow the SDMT as close as
possible, and systematic differences between the tests exist.
Therefore, the SDMT and sSDMT may not be used
interchangeably for monitoring. Thelower scoresonthesSDMT
compared to the SDMT are most likely caused by the fact that
al items of the SSDMT are selected from the full key, whereas
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in the SDMT, the first 26 items are selected from the first 6
symbolsin the key only.

A 10% difference between 2 SDMT scores of apatient isfound
to be an indication of a clinically meaningful change in the
patients CPS [8]. This study was not designed to derive the
boundary for meaningful change on the SSDMT score. Even
though there is a strong correlation between the SDMT and the
SSDMT, we cannot claim that a 10% difference on 2 SSDMT
scores also signifiesaclinically meaningful change. Moreover,
we found more than 10% increase in SSDMT performance
between thefirst and the last day of the study, on average, even
though the disability of the persons with MS was not expected
to change during the 4 weeks of follow-up. An explanation for
thisincrease and for the Cohen d value quantifying the practice
effect on the sSSDMT between the first and the last day of the
study of 0.908 isthat 60% (28/47) of the study participants had
been learningonthesSDMT every 3 daysor more often, leading
to accumulations of learning effects.

One might wonder how often an sSDMT could be scheduled,
to keep its value as an objective instrument for measuring CPS.
Benedict et al [19] showed that the SDM T has good-to-excellent
reproducibility over repeated testing when used in monthly
successive examinations. The HC subjects in the normative
group who had atime of 1 week between testsinstead of 3 days
had less of a practice effect than the persons with MS and HC
subjects in the matched group. Therefore, when trying to
minimize the practice effect, the scheduling frequency of
sel f-assessments should be considered for clinical practice. Our
current suggestion would be to schedule the SSDMT once a
month to avoid inducing large practice effects when supporting
monitoring for clinical practice.

This study was not set up to cross-device validate the SSDMT,
but we have tried to give some sense of the validity over
different screen sizes and the main software platforms, because
we believed that these 2 factors could affect the results. In our
study, we found an approximately equal number of study
participants using the Android or iPhone operating system
platform, which gave us the opportunity to significantly show
that there is no structural bias in using any of the platforms. A
more structural approach to cross-device validation and more
detailed analysis of the performance over different devices could
help to detect validity issuesin different devices.

In our study, we did not explicitly give the instructions to
self-monitor under the same conditions each time as much as
possible (preferably in a quiet room). We expect that such
instructions would improve the test-retest reliability. The fact
that the ICCs and Cronbach o values of the first test-retest of
the persons with MS and the HC matched group were lower
than al following 8 can likely be explained by the fact that there
is, in general, alarge practice effect between the first and the
second time acognitive test isdone, especially with only 3 days
in between thetests. Thisisalso reflected in the Cohen d values,
which are the highest for the first test-retest. We explain the
triviality of the Cohen d values corresponding to the first and
the second retest of the HC normative group with the larger
time in between successive tests (approximately 1 week).
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The fact that 60% (28/47) of the persons with MS and HC
subjectsin the matched group continued to do home assessments
after 4 weeks might be because the end day of the study could
often not be planned 4 weeks after the first day. It could also
be asign of high acceptance of the sSSDMT, as expressed by the
interviewed study participants. These results, together with the
qualitative findings that participants liked doing the SSDMT,
often describing it as a“game” or a“puzzle,” support that the
sSDMT was viewed as “game-like” and confirms that the
sSDMT iswell-designed for the user.

Since personswith M Swere asked to write down their answers
on the paper-and-pencil SDMT themselves, persons with MS
who had limited hand dexterity might perform lower on the
paper-and-pencil SDMT than those with the same CPS without
hand dexterity problems. There was no Nine Hole Peg Test
scheduled in this study to investigate this possible bias. During
the sSDMT, persons with MS are asked to tap the correct
answer. We expect hand dexterity problems to be less of a
problem for tapping on a smartphone than for writing down a
number on paper. An aternative solution for this bias would be
an oral SSDMT, which should then be validated against an oral
SDMT. However, personswith MSmight not find thisanatural
way of self-monitoring.

The number of study participants for which the test-retest
reliability of the paper-and-pencil SDMT could be studied was
relatively low, because 2 different versions of the
paper-and-pencil SDMT were used. Although the reliability of
the paper-and-pencil SDMT iswell knownin literature, it would
have been interesting to study the practice effect of frequently
performing our SSDMT on the paper-and-pencil SDMT in more
detail.

Finaly, an important limitation is the omission of the 10
mandatory practice items on the paper-and-pencil SDMT. This
could have introduced a bias toward a better correlation with
the SSDMT, becausein thedigital variant, practicing isoptional,
and thereforeit might affect our construct validity. The construct
validity should therefore ideally be reevaluated in a follow-up
study in which study participants do the standard 10 practice
items on the paper-and-pencil SDMT.

As mentioned in the Introduction, originally our rationale for
an optional practice assessment was that practicing should not
be mandatory for persons with MS that do the sSDMT
repeatedly from ausability perspective. Practicing was optional
but could be done unlimitedly by pressing the corresponding
button on the instruction screen. However, our results have let
us to reconsider this perspective and we now believe that the
SSDMT nor apractice session should be accessible unlimitedly,
because of the accumulative nature of the practice effect.
However, when the sSSDMT is scheduled only once a month,
users might want to practice before each digital assessment.
Therefore, we currently suggest 10 mandatory practice items
before each digital assessment, which is aso more similar to
the paper-and-pencil SDMT, and therefore might improve the
construct validity.
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Comparison With Prior Work

A fair number of computerized neuropsychological assessment
devices for monitoring cognitive impairment in MS has been
developed in recent years. A recent systematic review of the
literature on test batteries and single tests with good evidence
for reliability and validity yielded 44 CPS tests, of which all
computerized tests based on SDMT correlated with the
conventional SDMT, with correlation coefficientsranging from
0.75t0 0.88 [40]. Our correlation coefficient of 0.85isin line
with these findings. Most CPS tests also showed acceptable
reliability, for example, 1CC values of 0.88 and 0.97 were
reported for the Processing Speed Test (PST) [41] and the
computerized version of SDMT [ 18], respectively. The 95% Cl
on the mean |CC that we find ranges from 0.717 t0 0.945. This
isthus also similar to that reported in prior work.

To our knowledge, there are 2 other smartphone-based SDMT
apps for M S that should be mentioned as aternative solutions
to monitor CPS. OneisM SCopilot [24], which containsadigital
SDMT variant and 3 other digital variants of testsinthe MSFC.
However, results were only reported for the combined digital
MSFC assessment in comparison to MSFC z-scores. Data on
the validity and réliability of their digital SDMT variants
specifically have never been published to our knowledge.
FLOODLIGHT [25] isanother smartphone monitoring app for
persons with M'S, which was developed by Roche. At a poster
presented at the European Committee for Treatment and
Research in Multiple Sclerosis in 2018, Montalban et a [25]
reported a Spearman’s correlation of 0.615 between the
FLOODLIGHT smartphone-based SDMT and the conventional
in-clinic outcome measure (oral SDMT). Thisis considerably
lower than our correlation coefficients (ie, Pearson r=0.85).

Well-validated digital assessment devices for CPS screening
include the PST and the recently introduced Multiple Screener
tool, which containsa digital SDMT for which an ICC of 0.79
between digital and paper-and-pencil-based assessment was
reported [42]. Rudick et al [23] reported a Pearson correlation
coefficient of 0.80 between the PST and analogous technician
tests and concordance correlation coefficients to quantify
test-retest reproducibility of 0.853 for the technician and 0.867
for personswith MS. Our resultsare similar to theirs. However,
both the PST and Multiple Screener are only availablefor iPads
and are intended to be used for monitoring CPS in a more
controlled setting (in the clinic), whereasthe MS sherpaapp is
intended to be used for home monitoring. The importance of
personalization and customization of smartphone apps for
persons with MS has been noted in other studies [43,44]. It is
therefore recommended that the needs and context of the
individual with MS are taken into account in the design of apps
for personswith MS.

To our knowledge, thisisthe first study in which a smartphone
variant of the SDMT that can be done unsupervised was
cross-platform validated. We obtained valuable novel insights
into frequent home monitoring with the SDMT such as the
observation that the practice effect was only nontrivial between
the first and second sSDMT (with 10 assessments scheduled
and approximately 3 daysin between each assessment) but also
about the cumulative practice effects that are involved.
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Furthermore, we believe the qualitative insights obtained from
patient interviews on the needs and wishes of smartphone-based
home monitoring using sSDMT can inspire developers,
caregivers, and researchers for future developments.

van Qirschot et al

MS and HC subjects were 0.78 and 0.85, respectively. The
SSDMT does have very good test-retest reliability because only
thefirst test-retest of the personswith M S and the HC matched
groupyielded an ICC(A,1) smaller than 0.80. All the other ICCs

were higher than 0.80, both for persons with MS and for HC
subjects. We conclude that the SSDMT has the potential to be
used as a tool to monitor CPS in persons with MS, both in
clinical studiesand in clinical practice.

Conclusion

This study showsthe construct validity of the sSSDMT sincethe
ICCs(3,1) betweenthe SDMT and the SSDMT for personswith
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Abstract

Background: Markerless systems to capture body motion require no markers to be attached to the body, thereby improving
clinical feasibility and testing time. However, the lack of markers might affect the accuracy of measurements.

Objective: Thisstudy aimed to determinethe absol ute reliability and concurrent validity of the Kinect system with MotionM etrix
software for spatiotemporal variables during running at a comfortable velocity, by comparing data between the combination
system and two widely used systems—OptoGait and high-speed video analysis at 1000 Hz.

Methods: In total, 25 runners followed a running protocol on a treadmill at a speed of 12 km/h. The Kinect+MotionMetrix
combination measured spatiotemporal parameters during running (ie, contact time, flight time, step frequency, and step length),
which were compared to those obtained from two reference systems.

Results. Regardless of the system, flight time had the highest coefficients of variation (OptoGait: 16.4%; video analysis. 17.3%;
Kinect+MotionMetrix: 23.2%). The rest of the coefficients of variation reported were lower than 8.1%. Correlation analysis
showed very high correlations (r>0.8; P<.001) and almost perfect associations (intraclass correlation coefficient>0.81) between
systemsfor all the spatiotemporal parameters except contact time, which had lower values. Bland-Altman plots reveal ed smaller
systematic biases and random errorsfor step frequency and step length and larger systematic biases and random errorsfor temporal
parameters with the Kinect+MotionMetrix system as compared to OptoGait (difference: contact time +3.0%, flight time —7.9%)
and high-speed video analysis at 1000 Hz (difference: contact time +4.2%, flight time —11.3%). Accordingly, heteroscedasticity

was found between systems for temporal parameters (r>>0.1).

Conclusions: Theresultsindicate that the Kinect+M otionMetrix combination slightly overestimates contact time and strongly
underestimates flight time as compared to the OptoGait system and high-speed video analysis at 1000 Hz. However, itisavalid
tool for measuring step frequency and step length when compared to reference systems. Future studies should determine the
reliability of this system for determining temporal parameters.

(JMIR Mhealth Uhealth 2020;8(10):€19498) doi:10.2196/19498

KEYWORDS
OptoGait; runners; sport technology; validity; gait; motion capture; video; feasibility; accuracy; Kinect
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Introduction
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Methods

The use of marker-based motion capture technology has
increased significantly in both research and diagnostics. This
is evident in its prominent use in the field of biomechanics.
However, inherent limitations in data collection can preclude
its employment in settings such as patient homes, sportsfields,
and other public areaswhereimplementing an array of cameras
proves problematic. A potential solution that has been suggested
isthe use of a markerless motion capture system [1,2].

Markerless systems do not require attaching any markers or
sensors to the body, which substantially improves clinical
feasibility and testing time. However, thelack of markers might
affect the accuracy of measurements. Therefore, studiesfocused
on analyzing the validity of these systems under different
circumstances are especially important. In this context, a
markerless motion capture system (ie, the Kinect) has received
much attention from clinicians, sports practitioners, and
researchers[1,3-9]. The Kinect sensor was originally designed
for using body movement to interact with video games on the
Microsoft Xbox platform. The system projectsan infrared laser
speckle pattern onto the viewing area of the infrared camera.
Thisinfrared camera detectsthe pattern and enablesthe creation
of a3D map by measuring deformationsin the reference speckle
pattern.

Previous studies have eval uated the validity of the Kinect sensor
for the assessment of gait characteristics[1,3-7]. Among these
studies, different pieces of software, including different filters
and calibrators, have been examined. Clark et al [4] assessed
the validity of the Kinect system with a customized software
created in LabVIEW 2009 for examining the spatiotemporal
characteristics of gait in 21 healthy individuals. In contrast,
Lamine et a [7] compared the validity of the Kinect for gait
kinematics analysis with that of the Vicon system, and a
Cartesian calibration was performed for both motion capture
devices. Similarly, Pfister et al [6] compared the concurrent
validity of the Kinect with Brekel Kinect software for sagittal
plane gait kinematics analysis with that of the Vicon Nexus.
Dolatabadi et a [5] determined the concurrent validity of the
Microsoft Kinect for Windows for measuring gait spatiotemporal
parameters. Schmitz et al [1] tested the validity of the Kinect
system with the KinectFusion software for kinematic data
evaluation. All of these aforementioned studies included the
use of the MotionMetrix software, which might have
implications for the accuracy of measurements.

Since the validity of a gait analysis system is essential to
determine whether the results are due to changesin gait pattern
or simply systematic measurement errors, this study aimed to
evaluate the absolute reliability and concurrent validity of the
Kinect system with MotionMetrix software for measuring
spatiotemporal variables during running at comfortable velocity
(ie, 12 km/h) by comparing the data with two widely used
systems—the OptoGait system and high-speed video analysis
at 1000 Hz. Based on our previous experience with the
Kinect+MotionMetrix combination system, we hypothesized
spatiotempora parameters to be similar to those reported by
the OptoGait and high-speed video analysis systems.

http://mhealth.jmir.org/2020/10/€19498/

With the introduction of new systems, establishment of their
reliability and validity is essential before practical use. In this
study, the MotionMetrix system was compared to both
high-speed video analysis system (1000 Hz) and the OptoGait
system for measuring spatiotemporal parameters during a
running protocol followed at a comfortable velocity.

Participants

A group of 25 amateur endurance runners (male: n=22, 88%;
female: n=3, 12%; age: mean 24 years, SD 6 years; height: mean
1.75 m, SD 0.07 m; body mass. mean 71 kg, SD 7.4 kg)
voluntarily participated in this study. All participants met the
following inclusion criteria: (1) age, =18 years, (2) ability to
run 10 km in less than 50 min, and (3) absence of any injury
(points 2 and 3 are valid for the 6 months before data collection).
After receiving detailed information on the objectives and
procedures of the study, each participant signed an informed
consent form in order to participate, which complied with the
ethical standards of the World Medica Association’s
Declaration of Helsinki (2013). The participantswereinformed
that they were free to leave the study at any time. The study
was approved by the Ethics Committee of the University of La
Frontera (Universidad de La Frontera, Temuco, Chile; Ref:
030_019).

Procedures

Participants were individually tested on one specific day. Prior
to all testing, participants refrained from vigorous physical
activity for at least 48 hours, and al tests were performed at
least 3 hours after a meal. Tests were performed with the
participants usual training shoes to measure their typical
performance.

Participants performed a running protocol on a motorized
treadmill (Woodway Pro XL). The initial speed was set at 8
km/h, and the speed increased by 1 km/h each minute until a
speed of 12 km/h was reached. Thereafter, in order to control
theinfluence of running velocity on spatiotemporal parameters
[10], the running velocity was fixed. Since previous studies
[11,12] on human locomotion have shown that accommodation
to running on atreadmill occurs at around 6 to 8 min, an 8-min
accommodation program was performed at 12 km/h. Once the
accommodation period was reached, recording started. The
recording period lasted for 3 min and was performed at the same
running velocity. Therefore, the entire running protocol |asted
for 15 min. The slope was maintained at 0% over the entire
protocol.

Materialsand Testing

Overview

Anthropometric data were measured using a precision
stadiometer and balance (SECA 222 and 634). Spatiotemporal
parameters measured during running included contact time
(seconds), defined as time from when the foot contacts the
ground to when the toeslift off the ground; flight time (seconds),
defined as time from toe-off to initial ground contact of
consecutive footfals (eg, right-left); step length (meters),
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defined aslength the treadmill belt moves from toe-off toinitial
ground contact in successive steps from forefoot to forefoot;
and step frequency (steps per minute [SPM]), defined as number
of ground contact events per minute. We used two different
systems to measure these parameters—the OptoGait system
versus high-speed video analysisat 1000 Hz. Both systems have
the same temporal accuracy (1 ms). Participants right legs
were analyzed for temporal parameters in order to control
potential influencing factors (ie, asymmetry) [13]. Further
information about the systems are given below.

Microsoft Kinect

The Microsoft Kinect sensor (version 1.0, Microsoft) was
designed to interact with video gamesthrough body movement.
This sensor can track 3D motions via a depth sensor. It is also
capable of locating 20 body jointsin a 3D space at 30 Hz. We
set two Microsoft Kinect sensors on either side of a treadmill
in a specific configuration (170 cm from the center of the
treedmill in the forward direction and 190 cm in the
perpendicular direction from this point, according to the
manufacturer guidelines). These sensors were used with
MotionMetrix software (MotionMetrix AB). If both sensors
were able to track the same point simultaneously (according to
brand information), the Microsoft Kinect sensors could reach
60 Hz. Manufacturer recommendations were taken into account
(ie, dynamic calibration provided by the software, tight clothes,
no shiny black fabric or reflexes, no moving shoelaces, no
moving hair, no sunlight, and no treadmill parts blocking the
view of the runner). We recorded 30 s of datawith this system
(between minutes 1:30 and 2:00 of the recording period for each
participant).

OptoGait

The OptoGait system detects any interruptions and therefore
measures both contact time and flight time with a precision of
1/1000 seconds. Previous studies have analyzed the validity
and reliability of this system during walking [ 14-18] and running
[19]. Two parallel barswere placed on the lengthwise side edges
of the treadmill at the same level asthe contact surface, and the
default filter setting of 0_0 (Gait R.in filter: 0 and Gait R.out
filter: 0) was accepted. This setting indicates that contact time
begins when more than O light-emitting diodes (LEDs) are
activated (ie, when at least 1 LED is activated) and finishes
when the number of LEDs activated return to O. This setup has
been shown to provide the smallest biasfor temporal parameters
in racewalking [20]. Spatiotemporal parameters (ie, contact
time, flight time, step length, and step frequency) were measured
for every step during the 30-second recording interval (between
minutes 1:30 and 2:00 of the recording period for each
participant).

High-Speed Video Analysis

High-speed video analysis has been shown to be areliable and
valid method for measuring running kinematics[21-24]. Inthis
study, one experienced rater was involved in video analysis. In
order to determine thetest-retest reliability of the measurements,
10 recording intervals were analyzed on two different days, 24
hours apart, and an almost perfect agreement was found for all
the spatiotemporal parameters measured (intraclass correlation
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coefficients [ICCs]>0.94). In this study, 2D video data were
simultaneously collected at 1000 Hz using a high-speed camera
(Imaging Source DFK 33UX174, The Imaging Source Europe
GmbH). Therange of interest was adjusted to achieve 1000 fps
(784%144 resolution). The camerawas placed perpendicular to
the treadmill from a posterior view at 2 m from the center of
thetreadmill and at aheight of 0.80 m. We recorded 30-svideos
between minutes 1:30 and 2:00 of the recording period for each
participant. Subsequently, videos were analyzed using the open
license Kinovea software (version 0.8.27, Kinovea Open Source
Project), and spatiotemporal parameters were determined. The
contact time and flight time were cal culated by identifying both
theinitial contact and take-off frames and counting the frames
in between. Step length and step frequency were calculated as
follows:

Step time (seconds) = flight time (seconds) + contact
time (seconds) (1)

Step frequency (steps/second) = 1/step time (seconds)
@)

Step frequency (steps/minute) = 60 x step frequency
(steps/second) (3)

Step length (meters) = running velocity
(meter/minute)/step frequency (steps/min) (4)

Statistical Analysis

Descriptive statistics are represented as mean and standard
deviation. The normal distribution of the data and the
homogeneity of variances were confirmed through the
Shapiro-Wilk and Levene tests, respectively. Coefficients of
variation (CVs, %) were calculated as a measure of absolute
reliability [25,26]. To determine concurrent validity, a Pearson
correlation analysis was performed between spatiotemporal
parameters obtained from MotionMetrix and those obtained
from the OptoGait system and video analysis. The following
criteriawere adopted to interpret the magnitude of correlations
between measurement variables: <0.1 (trivia), 0.1-0.3 (small),
0.3-0.5 (moderate), 0.5-0.7 (large), 0.7-0.9 (very large), and
0.9-1.0 (almost perfect) [27]. The ICCs were also calculated
between systems (MotionMetrix vs OptoGait and MotionMetrix
vsvideo analysis) for spatiotemporal parameters during running.
Based on the characteristics of thisexperimental design and the
guidelines reported by Koo and Li [28], we decided to use a
two-way random-effects model (ICC [2,k]), mean of
measurements, and absol ute definition for the | CC measurement.
The interpretation of the ICC was based on the benchmarks
reported by a previous study [29]: 1CC<0 (poor), ICC 0-0.20
(slight), ICC 0.21-0.40 (fair), ICC 0.41-0.60 (moderate), ICC
0.61-0.80 (substantial), and ICC>0.81 (almost perfect).
Additionally, the 95% CI of the ICC value was provided.
Finally, Bland-Altman plots (ie, limits of agreement method;
mean difference [1.96 SD]) [30] were constructed to examine
the presence of systematic and proportional bias between video
analysis at 1000 Hz and the OptoGait system and estimated
values(ie, Kinect with MotionMetrix system) of spatiotemporal
parameters during running. Heteroscedasticity of error was

defined asr>0.1 [25]. Thelevel of significance used was P<.05.
Data analysis was performed using SPSS (version 23).
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Results

Table 1 shows descriptive values of spatiotemporal parameters
acquired from three different systems and the differences
between systems (in absolute and rel ative values). Asameasure
of absolutereliability, Table 2 showsthe CVsof spatiotemporal

Garcia-Pinillos et al

parameters obtained from the three different systems. The
Kinect+MotionMetrix system obtained higher CVs than the
reference systems for all the spatiotemporal parameters.
Regardless of the system, flight time had the highest CVs
(OptoGait: 16.4%; video analysis: 17.3%;
Kinect+MotionMetrix: 23.2%). Therest of CVsreported were
lower than 8.1%.

Table 1. Descriptive data of spatiotemporal parameters obtained from different systems (ie, Kinect with the MotionMetrix software, OptoGait, and

high-speed video analysis at 1000 Hz).

Variable OG? mean (SD) VAP, mean (SD) MM, mean (SD)  MM-OG difference, mean (%)?  MM-VA difference, mean (%)
Contact tine (9) 0.265(0.015)  0262(0013)  0.273(0.021) 0.008 (3.0) 0011 (4.2)

Flight time (s) 0089(0.018) 0097 (0017)  0.082(0.019) -0.007 (-7.9) -0.011 (-11.3)
Stepfrequency (spm?) 166.60(6.80)  16576(6.90)  167.23(7.28) 0.63(0.4) 1.47 (0.9)

Step length (cm) 11553(6.80)  11658(592)  115.44(5.26) -0.09 (-0.1) ~1.14(-1.0)

80G: OptoGait system.

BVA: High-speed video andlysis.

°MM: Kinect system with the MotionMetrix software.
dos; Refersto values reported by the reference system.
€spm: Steps per minute.

Table 2. Coefficients of variation (%) of spatiotemporal parameters during running at 12 km/h obtained from three different systems.

Variable

0G? VAP MM®
Contact time, CV¢ 5.7 52 81
Flight time, CV 16.4 17.3 23.2
Step frequency, CV 41 4.2 44
Step length, CV 4.6 4.6 5.02

80G: OptoGait system.

bya: High-speed video analysis.

°MM: Kinect system with the MotionMetrix software.
dev: Coefficient of variation.

A Pearson correlation analysis was conducted, and ICCs
between systems, as well as their Cls, were calculated (Table
3). In the comparison between the OptoGait and
Kinect+MotionMetrix systems, a significant substantial
correlation (r>0.645; P<.001; 1CC=0.712) was obtained for
contact time, whereas significant, almost perfect correlations

http://mhealth.jmir.org/2020/10/€19498/

RenderX

were found for flight time, step frequency, and step length
(r>0.901; P<.001; 1CCs>0.89). Similarly, the video analysis
versus Kinect+MoaotionMetrix comparison showed a significant
substantial correlation (r>0.664, P<.001; ICC=0.667) for contact
time and significant, almost perfect correlations for the rest of
variables (r>0.928; P<.001; ICCs>0.84).
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Table 3. Pearson correlation analysis and intraclass correlation coefficients between spatiotemporal parameters obtained from the Kinect system with
the MotionMetrix software and those obtained from two different systems (ie, OptoGait and high-speed video analysis) during running at acomfortable

speed.
Variables MM?2versus OGP MM versus VA®
r P value 1ccd (95% Cl) r P value ICC (95% Cl)
Contact time 0.645 <.001 0.712 (0.333-0.874) 0.664 <.001 0.667 (0.153-0.862)
Flight time 0901 <001 0.894 (0.420-0.967) 0928 <001 0.838 (0.159-0.961)
Step frequency 0.962 <.001 0.978 (0.951-0.990) 0.940 <.001 0.959 (0.873-0.984)
Step length 0971 <001 0.986 (0.968-0.994) 0954 <001 0.964 (0.881-0.986)

3MM: Kinect system with the MotionMetrix software.
boG: OptoGait system.

SVA: High-speed video analysis.

dicC: intraclass correlation coefficient.

Through Bland-Altman plots, the differences (systematic bias
and random error) and the degree of agreement between systems
(95% limits of agreement) were determined (Figure 1). The
plots of OptoGait and Kinect+MotionMetrix revealed small
systematic biases and random errorsfor step frequency and step
length (step frequency difference: mean —0.634 steps per minute,
SD 1.994 SPM; step length difference: mean 0.078 cm, SD
1.272 cm), but greater systematic biases and random errors for
contact time and fight time (contact time difference: mean
—-0.009 s, SD 0.017 s; flight time difference: mean 0.006 s, SD
0.016 s) during running at acomfortable velocity. Accordingly,
heteroscedasticity was found in temporal parameters (contact

time and flight time, r>>0.1), whereas homoscedasticity was

http://mhealth.jmir.org/2020/10/€19498/

RenderX

found in step frequency and step length (r?<0.1). Similarly,
when data were compared between video analysis and the
Kinect+MotionMetrix system, small systematic biases and
random errors for step frequency and step length were found
(step frequency difference: mean —1.475 SPM, SD 2.484 SPM;
step length difference: mean 1.131 cm, SD 1.815 cm), whereas
greater biases and errors were found for contact time and flight
time (contact timedifference: mean-0.012 s, SD 0.016 s; flight
time difference: mean 0.013 s, SD 0.007 s). In this case,

homoscedasticity was found only in step frequency (r>=0.024),
whereas the rest of parameters revealed heteroscedasticity

(r>>0.1).
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Figure 1. Bland-Altman plots for the measurement of spatiotemporal parameters (ie, from up to bottom: contact time, flight time, step frequency, and
step length) during running at acomfortable speed obtained from Kinect with MotionMetrix software and two different systems (OptoGait and high-speed
video analysis at 1000 Hz). The plot includes the mean difference (dotted line) and 95% limits of agreement (dashed line), along with the regression

line (solid line).
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This study aimed to evaluate the absolute reliability and
concurrent validity of the Kinect with MotionMetrix software
for measuring spatiotempora variables during running at a
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system to data obtained from two widely used systems—the
OptoGait system and high-speed video analysis at 1000 Hz.
Our results showed that the Kinect+MotionM etrix combination
reported higher CVs than the reference systems, even though
values higher than 10% only were found for flight time, which
issimilar to the other systemstested in this study (ie, OptoGait
and high-speed video analysis). Additionaly, regarding the
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concurrent validity, an amost perfect level of agreement
between systemswasfound for all the spatiotemporal parameters
except contact time, which reported a moderate agreement.

There is limited research on the reliability and validity of
markerless motion capture systemsfor measuring biomechanical
parameters during walking or running on a treadmill. Some
studies have examined the validity of the Kinect sensor for the
assessment of gait characteristics [1,3-7], even though
methodological inconsistencies (eg, software used, filters and
calibrations applied, testing protocol used, and conditions
present, etc) make comparisons difficult.

In that context, findings that have been reported about the
validity of the Kinect system for measuring spatiotemporal
parameters are controversial. A previous study [5] concluded
that the Kinect for Windows is a valid tool for measuring the
spatiotemporal parameters of gait during walking. Other studies
[34] have reported important differences between
spatiotemporal parameters measured from a3D motion capture
system and those measured from the Kinect system. Clark et al
[4] indicated that the Kinect system reported lower values (ie,
—-16% step time, —19% stride time, and —1.7% step length) than
a 3D system during walking. Similarly, Xu et a [3] indicated
that the Kinect system reported valid step time and stride time
values, but shorter stance times (ie, —9%) than a 3D system
during walking. Therefore, it seems that the validity of the
Kinect system for measuring spatiotemporal parametersishighly
dependent on variables, such as the software and filter setting
used, the gold standard or reference system tested, the protocol
performed, and the target variables measured.

Since it has been demonstrated that running on a treadmill
carries some biomechanical differences compared to
above-ground running [31], caution must be taken when
interpreting the results. Some of these studies, which were
focused on determining the validity of the Kinect system, were
conducted above the ground [4,5], while only 3 studies were
conducted on atreadmill [3,6,7].

To the best of our knowledge, only one study [6] has examined
the validity of the system during running. Thisis an important
point because validity and reliability dataduring walking should
not be extrapolated to running conditions, since the magnitude
of the parameters change and different phases appear (ie, fight
time does not exist during walking and there is no
double-support time during running). The af orementioned study

Garcia-Pinillos et al

[6] examined sagittal plane gait kinematics with no mention of
spatiotemporal parameters at different walking and jogging
velocities (ie, walking velocity of 4.8 km/h increasing to a
jogging velocity of 8.8 km/h) being lower than the velocity in
this study (ie, 12 km/h), and the authors concluded that the
measurement accuracy of the Kinect system was not acceptable
for clinical measurement analysis (ie, the system did not provide
consistent hip or knee measurements compared to a3D system).
Notably, Pfister et al [6] used old software combined with the
Kinect system (ie, Brekel Kinect software), which might explain
the differences between the Pfister et al [6] study and our study.
The Brekel software worked at 30 Hz, while the software used
in this study (ie, MotionMetrix) can reach 60 Hz. Therefore, a
higher accuracy is expected with our study. Ours is the first
study to examine the validity of the Kinect with MotionM etrix
software for measuring spatiotemporal variables while
participants ran on atreadmill at a comfortable velocity.

Ultimately, the main limitation of this study wasthe differences
in the precision of the systems. Both the OptoGait system and
high-speed video analysis captured data at 1000 Hz, whereas
the Kinect with MotionMetrix software works at 60 Hz. This
means that this system has a precision of 0.017 s, while the
reference systems have aprecision of 0.001 s. This point might
explain the differences found in the CVs. Therefore, the
differences between systems might be explained by the
limitations of the markerless Kinect with MotionMetrix
software.

In summary, our results indicate that the Kinect system with
the MotionMetrix software slightly overestimates contact time
and strongly underestimates flight time compared to both the
OptoGait system (difference: contact time +3.0%, flight time:
—7.9%) and high-speed video analysis at 1000 Hz (difference:
contact time +4.2%, flight time: —11.3%). However, itisavalid
tool for measuring step frequency and step length when
compared to these reference systems (differences lower than
1%). Future studies should determine the reliability of this
system for determining flight time with a CV of around 23%.

From apractical perspective, spatiotemporal gait characteristics
are readily assessable by such software (ie, MotionMetrix) in
conjunction with two Kinect sensors attached to a treadmill
after a simple 30-second calibration, even though users must
be aware of the characteristic of measurements. Further clinical
implications of this system include low cost, time efficient, and
wide availability.
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Abstract

Background: Rates of sexually transmitted infections and unintended pregnancies are disproportionately high among African
American adolescents and young adults (AYA). New media platforms such as social networking sites, microblogs, online video
sites, and mobile phone applications may be a promising approach in promoting safe sex and preventing sexually transmitted
infections.

Objective: The purpose of this scoping review was to address promising approaches in new mediathat may serve as valuable
toolsin health promotion, prevention, education, and intervention development aimed at African American AYA.

Methods: An electronic search was conducted using Google Scholar, Scopus, Cumulative Index to Nursing and Allied Health
(CINHAL), and PubMed online databases. Concept blocks and MeSH terminol ogy were used to identify articles around African
American youth and new media

Results: The search yielded 1169 articles, and 16 publications met the criteria. Studies from the review found themes in new
media that included feasibility, changing attitudes, and improving knowledge related to sexual health behavior among youth of
color.

Conclusions: New media is a promising and feasible platform for improving the sexual health of African American AYA.
Further research is suggested to better understand the benefits of new mediaas a sexua health promotion tool among this specific
population.

(JMIR Mhealth Uhealth 2020;8(10):€19459) doi:10.2196/19459

KEYWORDS

African American; adolescent; young adult; technology; safe sex; sexually transmitted infections; sexual behavior; new media;
social media; internet

prevalence and other risk factors among this population are
particularly acute in minority communities of low
socioeconomic status [6].

Introduction

Rates of sexually transmitted infections (ST1s) and unintended

pregnancies are disproportionately high among African  whileleading public health and medical organizations support

American adolescents and young adults [1]. Multiple personal
and social factors contribute to this increased risk, including
(2) having more sex partners than youth of other ethnicities, (2)
early sexual debut, (3) inconsistent condom use, and (4) limited
access to sexua health promotion resources [2-5]. STI

https://mhealth.jmir.org/2020/10/€19459

RenderX

comprehensive sex education for adol escents and young adults,
there are severa limitations of traditional or “formal” sex
education platforms that often take place in structured settings
(eg, schools, youth centers) [7]. According to the Centers for
Disease Control and Prevention (CDC), sexual health education
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is more commonly required in high school than middle or
elementary school [7]. Asaresult, thisinformation is provided
too late for many African American adolescents, as it is
estimated that 20% of youth have reported having had sex by
theageof 15 years, and it isknown that African American youth
report age at first sexual intercourse earlier than their peers[8].
Additionally, most schools fail to provide instruction covering
all 16 sexual health topics that the CDC considers essential;
less than half of high schools and only 20% of middle schools
cover all 16 topics [7]. Furthermore, only 35% of high school
students and only 10% of middle school students were taught
how to correctly use a condom in 2014 [7]. Lastly, 88% of
schools in the United States allowed parents to exempt their
children from sexual health education in 2014 [7].

New platforms for sexual health promotion and prevention
aimed at African American adolescents and young adults are
especially important, as this popul ation faces multiple barriers
to active engagement in health care [9]. Such barriers include
the inability to pay for hedth care services, lack of
transportation, long waiting times, conflict with work or school
schedules, confidentiality concerns, and embarrassment that is
attached to sexual health services [10,11]. Additional barriers
include actual or perceived fear and distrust of health care
institutions, discrimination, and provider bias[11]. Additionally,

Table 1. Classification of new media

Teadt et &

minority youth in urban settings report prioritizing basic needs,
such as housing, food, and transportation, over HIV risk
reduction or prevention [1]. Theseindividuals often experience
difficulty when navigating and affording quality sexual health
services [12]. Similarly, minority youth have higher rates of
medical poverty compared to their white counterparts[1]. The
financial, cultural, and institutional barriersto health careamong
minority youth often result in alack of accessto comprehensive
adolescent health services, including sexual health services[1].

One promising approach to improving adolescents and young
adults’ high-risk sexual behavior and filling critical gaps in
knowledge due to formal sex education platforms may be to
promote safe sex and ST prevention vianew media[13]. These
platforms include social networking sites, microblogs, online
video sites, and mobile phone applications (see Table 1) [13].
African American adolescents not only use cell phones and the
internet at high rates but they are also open to seeking and
receiving sexual health information via new media due to its
accessibility and ability to provide awide range of information
[14]. While African American adol escents and young adultsare
actively using new media on a day-to-day basis, it is essential
to assess the ways these platforms have been — and could be
— leveraged to promote engagement in health care and reduce
risk-related behaviors[15].

Types of new media® Primary purpose

Examples

Social networking sites Peer networking
Collaborative websites
Blogs (and microblogs)
Content communities
Virtual reality/online gaming

Communication/messengers Discussion

Information sharing, discussion
Opinion sharing, discussion
Entertainment, information sharing

Simulate experiences, entertainment

Facebook, Instagram, MySpace

Wikipedia, AskFM, answer.com

Twitter, Tumblr, Blogger

YouTube, Snapchat, Reddit

It's Your Game: Keep it Real, PlayForward
WhatsApp, Facebook Messenger, GroupMe

@ot inclusive of &l new media platforms that exist today. Adapted from [16].

Smartphone use and engagement with social media are high
among African American adolescents and young adults [17].
They are aready being used by this age group to search for
general health information and sensitive health topics[17]. New
media platforms provide a venue for greater anonymity and
client sengtivity, which are criticd to an adolescent’s
self-expression [18,19]. As the use of new media continues to
increase among adolescents and young adults, these platforms
may serve as valuable tools in health promotion, prevention,
education, and intervention development aimed at this
popul ation.

Many evidence-based sexual risk-reduction interventionstarget
African American youth. For instance, the “Compendium of
Evidence-Based Interventions and Best Practices for HIV
Prevention” is a collection of good and best-evidence sexua
risk-reduction interventions compiled by the CDC [20]. This
collection includes 59 evidence-based interventions, 10 of which
specifically target African Americans and 3 of which target
African American youth. None of these interventions include
new media as a method for intervention delivery. So, while the

https://mhealth.jmir.org/2020/10/€19459

extent of the sexual health risk among African American
adolescents is evident, it is not clear which health promotion
strategies (eg, peer-to-peer vs online) will be most effectivein
reducing risky sexual behaviors among this population [21].

Accordingly, the goal of this review was to investigate the
various forms of new media, the current state of evidence on
the platforms used, and how it can improve heath care
engagement and sexual health outcomes among African
American youth. Thefollowing research question is addressed:
How is new media useful in the delivery of STI prevention and
risk-reduction interventions among African American youth?

Methods

Search Strategy

A scoping review methodol ogy was selected asit (1) helped to
identify review parameters, (2) identified a process of mapping
the existing literature, and (3) explored aresearch gap [22,23].
We used the framework by Arksey and O'Malley [22] along
with the Preferred Reporting Itemsfor Systematic Reviewsand
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Meta-Analyses (PRISMA) guidelines [23,24] for this review.
Aninformationist was consulted to provide expertisein creating
tailored search strategies on this topic. The literature search
occurred between March 2018 and December 2018 using the
following electronic search engines and databases. Google
Scholar, Scopus, Cumulative Index to Nursing and Allied Health
(CINHAL), and PubMed. Concept blocks were used in each
search engine to combine keywordsin thetitle and abstract and
used with MeSH terminology. A manual review of systematic

Table 2. Search strategy concept blocks.

Teadt et &

reviews was also employed. See Table 2 for alist of standard
termsused. A name search was then conducted on articlesfrom
technology and media experts along with a manual review of
relevant articlesand aCDCl list of evidence-based interventions
around youth and sexual health. Finally, atable of evidence was
constructed to organize the articles by the level of evidence,
samplesize, type of new mediaused, results, and any limitations
within the study.

Concept block MeSH terms Title and abstract terms Additional terms
Adolescent Adolescent, young adult Adolescent, youth, young people, young adult Teenager, teen
New media Social media, cell phone, internet,  Socia media, new digital media, internet, mobile phones, text Apps, SNSb, social
telemedicine, text messaging, multi- - messaging, Facebook, instant messaging, multimedia, onlinesocial  peworking sites
media, mobile applications, smart-  networks, computer, technology, mobile health, smartphone, Web
phone 2.0, eHealth, mHealth?, SMS
Sexual health Risk reduction behavior, safe sex, N/Ad

sexually transmitted diseases, con-
doms, HIV infections, sex educa-
tion, sexual behavior

infection

African American African American

Risk reduction, sexual health, HIV/STIC risk, HIV prevention,
sexually transmitted diseases, sexua practices, sexually transmitted

African American

Black, minority
group

8mHealth: mobile health.

bSNS: social networking site.

CSTI: sexually transmitted infection.
IN/A: not applicable.

Selection and Assessment of Articles

Aninitial search trail document was created to detail al review
findings. Duplicates were screened for independently and then
by team review. Next, abstracts were reviewed for relevance,
followed by a full-text review. Discrepancies related to the
retention or removal of articles were discussed until consensus
was achieved. Finally, themes were created from the existing
domains. Inclusion criteria included (1) African American
adol escents and young adult participants aged 13-24 years, (2)
sexual health, (3) new media use as defined in our background
section, (4) publication after 2009, and (5) publication within
the United States. Study samples were required to reflect the
US African American population (13%) [25]. Exclusion criteria
included (1) non-English language articles; (2) letters to the
editor, opinions, commentaries, and narrative reviews, (3)
studies used for recruitment only; and (4) text messaging, which
has been well-covered within the literature for the adolescent
and young adult population.

Results

Descriptive Characteristics of Reviewed Articles

Intotal, 16 selected studies[15,26-40] met theinclusion criteria
(see PRISMA diagram; Figure 1). Of these, 10 studies used

https://mhealth.jmir.org/2020/10/€19459

quantitative methods [27,28,30,33,35-40], 5 studies used
qualitative methods [15,26,29,31,32], and 1 study used mixed
methods [34]. Reviews included in the synthesis were
categorized as quantitative, qualitative, or mixed methods based
onthenumerical or observational nature of the studiesincluded.
The 16 included studieswere summarized by the study method,
type of new media platform, and sample. The most common
forms of new media utilized within the included studies were
social media (eg, Facebook, Twitter) [15,26-29,33-35,37,40],
internet-based interventions (eg, It's Your Game-Tech, Keep It
Upl!) [28,30,32,33,36], mobile applications [29,31,33,39], and
interactive video games[15,38]. Studiesreported variousreasons
for utilizing new media, including improving contraception or
condom use, communicating credible information regarding
HIV and STIs, reducing the transmission of HIV and STls,
improving attitudes around sexual health, and promoting ST
testing—related behaviors. Around half of the studies (7/16,
44%) indicated utilizing new mediaas an effective sexual health
promotion tool due to its ease of use and wide accessibility
among adolescents and young adults [15,26,30-32,34,39].
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Figure 1. Preferred Reporting Items for Systematic Reviews and Meta-Anayses (PRISMA) diagram.
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Table 3 shows the resulting articles by the level of evidence,
samplesize, type of new mediaused, results, and any limitations
within the study.
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Table 3. Synthesis of results.
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First author, year

Study method

New media platform

Sample

Bull, 2012 [27]

Condran, 2017 [35]

Cordova, 2015 [31]

Cordova, 2017 [36]

Dolcini, 2015 [32]
Eason, 2017 [37]
Fiellin, 2017 [38]

Guilamo-Ramos, 2014 [14]

Guse, 2012 [28]

Jemmott, 2017 [39]
Muessig, 2015 [33]

Shegog, 2014 [30]
Stevens, 2017 [40]

Taggart, 2015 [34]
Veinot, 2011 [26]
Veinot, 2013 [29]

Cluster randomized controlled trial
(RCT)

Scoping review

Qualitative interviews

Systematic review

Qualitative investigation
Cross-sectional study

RCT

Focus groups

Systematic review

Pilot study

Systematic review

Feasibility study

Cross-sectional study

Systematic review
Cohort study

Quasiexperimental study

Facebook

Socia media (eg, Facebook, Twitter,
Instagram)

mHealth? app

Internet

Internet
Facebook

Interactive video game

Social networking sites, games, mobile

phones

Web-based, socia networking sites

iPad app

Web-based, social media, smartphone
apps

Web-based

Social media(eg, Facebook, Instagram,
Twitter)

Social media
Social networking sites
Social media apps

1578 youth, 16-25 years old; 35%
AA?

24 articles, some AA youth

29 adolescents, 13-18 yearsold; 65%
AA

3 articles, >75% AA or Hispanic
youth, 13-25 years old

81 AA youth, 15-17 yearsold
112 AA adults, 18-49 years old

333 youth, 11-14 years old; 88.6%
racial/ethnic minorities

106 youth, 12-19 years old; 53% AA

10 articles; youth 13-24 years old,
some AA

4 AA men, 18-24 yearsold

61 articles; some AA youth, 15-25
yearsold

33 youth, 12-14 years old; 70% AA

249 AA and Latino youth, 13-24
years old

35 articles; 18-40 yearsold; some AA
94 youth, 14-24 years old; 80% AA
75 AA youth, 14-24 years old

3AA: African American.
bmHealth: mobile health.

Feasibility of New Mediafor Reaching Youth of Color
and At-Risk Youth

Several studies cited the ability of new mediato reach minority
and other at-risk youth regarding sexual health [27,28,34,37].
In one study, retention of participantsdeclined in thelong term,
but asignificant number (1195/1578 participants, 75%) returned
to complete a follow-up in the short term [27]. Still, this
intervention was successful in recruiting 1578 youth, 773 of
whom were minority youth [27]. Additionally, the intervention
reached large numbers of youth with STl-related and
HIV-related information via Facebook, with most participants
viewing the content that they were intended to view; during the
study period, there were 277 posts by visitors to the Just/Us
Facebook page, and 93 individuals, which represents 10% of
those enrolled in the intervention, were identified as “loyal”
visitors to the page [27]. Another study revealed targeted
Facebook messaging to be effective in reaching young African
Americans living in the southeastern United States; 149 of the
176 individuals (85%) who responded to the invitation to
participate in the study did so after viewing the Facebook
message[37]. In asystematic review analyzing studiesthat used
a wide range of new media (eg, social networking sites and
internet-based interventions) for sexual health education, severa

https://mhealth.jmir.org/2020/10/€19459

at-risk populationswere recruited, including low-income urban
youth, HIV-positive youth, and minority youth [28]. Of the 10
articlesincluded in thereview, 6 articles succeeded in recruiting
and retaining African American youth to a number of new
media—based interventions (eg, +CLICK and MySpace) [28].
Another systematic review illustrated the capacity of new media
to engage users spanning various geographic locations, ages,
genders, races, and soci oeconomic status when communicating
about HIV; the capacity was largely due to the ability of users
to remain anonymous|[34]. The common feature of social media
platformsthat allowsfor the anonymity of users may encourage
marginalized groups to feel more comfortable when it comes
to engaging in HIV communication via such platforms [34].
Usersin 6 studiesreported that social mediaanonymity allowed
for a decrease in stigma, fear, and discrimination surrounding
HIV and therefore allowed participants to engage more in a
discussion through social media than they would through
in-person interactions [34]. This review also highlighted the
usefulness of utilizing new media as a strategy for increasing
access to HIV care or prevention for those who may typically
face barriers to achieving such access in person, such as
marginalized and at-risk groups[34].
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Ability of New M ediato Change Sexual Health—Related
Attitudes and Behaviors

Approximately one-third (5/16, 31%) of the studies explored
the effectiveness of new media in changing attitudes and
behaviors related to sexual health [30,35,37,38,40]. When
comparing current practices to pre-socia media service
utilization, one scoping review found an increase in the
utilization of services, such as an increase in the number of
referrals and testing rates when social mediawas used asaway
of reaching populations [35]. In another study, 60 of 112
participants (54%) cited viewing HIV and STI prevention
messages on Facebook in the past year asthe most critical factor
intheir decision to changetheir high-risk sexual behaviors[37].
In yet another study, participants improved their sexual health
attitudes and knowledge 12 months after exposure to an
interactive video gameintervention [ 38]. Middle-school students
who utilized an interactive, internet-based sexual health
curriculum demonstrated increased perceptions of friends
positive beliefs about delaying sex, more significant reasons
for not having sex, increased self-efficacy for condom use, and
greater intentions to abstain from sex until marriage [30]. The
final study reveadled that youth exposed to sexual hedlth
messages through social media were nearly 2.5 times more
likely than youth who were not exposed to sexua health
messages through social media to have used contraception or
acondom at last intercourse. In contrast, parents, schools, and
traditional media as information sources were not significantly
related to contraception and condom use [40].

Role of New Mediain Filling Gapsin Knowledge and
I nformation

Just under half (7/16, 44%) of the selected articles discussed
the value of new media in providing information and filling
critical gaps in knowledge related to sexua and reproductive
health (eg, STI testing and disease prevention and management)
[15,26,29,31,34,38,40]. Participants in one study shared the
importance of utilizing the app as a tool for disseminating
culturally specific HIV and STI information (eg, symptomsand
condom use) [36]. In another study, youth who participated in
an interactive video game demonstrated an average increase of
1.13 pointsin sexual health knowledge scores compared to the
scores of youth in the control group [38]. An additional study
revealed that adolescents are motivated to seek sexua health
information through new media due to its accessibility and
widespread use, while acknowledging in-person interactions as
a frequently used resource regarding specific and reliable
information [15]. To addressthe potential loss of trustworthiness
experienced with in-person health education, new media—based
interventions can utilize components of in-person interactions
(eg, interactivity and specificity) [15]. Another article revealed
that social media was the fourth most commonly used source
of sexual risk—reduction information among African American
and L atino youth, following television and movies, school, and
parents [40]. However, youth in this study received information
viaonline spacesat similar levelsto information viafriends and
parents[40]. In one systematic review, the most common benefit
of utilizing social mediaas atool for HIV communication was
the ability to both share and receive information [34]. Socia
media users also cited additional benefits of this platform: the
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ability to receive information regarding disease management
and the ability to access nontraditional sources of information
regarding HIV prevention and testing [34]. Youth who
participated in focus groups suggested the use of mobile
platforms and applications to address the need for credible
information regarding sexual health [26]. However, participants
in another study reported inconsistencies in accessing credible
HIV-related and STI-related information through information
technologies (eg, the internet and mobile phones), resulting in
acritical gap in knowledgerelated to STIs[29]. Youth revealed
that their most desired feature of a new media—based
intervention was credible information, such as articles or
guestion-and-answer services[29].

Discussion

Principal Findings

Thisscoping review yielded 16 distinct new mediainterventions
to improve condom use and attitudes around sexua health,
communicate credible information regarding HIV and STls,
and promote STI testing behaviors among African American
youth. These interventions are distinct in their methods of new
media delivery, the outcomes assessed, and their regiona
locations. However, they hold a shared desire to increase the
overall sexual health of African American youth — a doubly
vulnerable population at risk for STls.

Several themeswere identified in thisreview. First, new media
has been shown to be a feasible method of delivery for future
sexua health interventions. New mediainterventions received
upwards of 75% participation by the African American youth
who were targeted for inclusion in the studies. This is higher
than the 10%-20% recruitment rate of minorities that is often
the reality for the bulk of existing research [41]. One of the
reasons cited for high use of new media was anonymity. The
desireto conceal their identity may be of particular importance
to adolescents who may not want their parents or friends to
know that they are engaged in a sexua health education
program. Anonymity has been found to increase participation
in new media sexual health interventions among other at-risk
groups, including adolescents and emerging adults [42] and
adolescent women of color [43]. The decreased chances of
undesired participant identification, in addition to convenience
(ie, no travel requirements or synchronous login requirements)
may make new media a better delivery mechanism for sexual
health interventions than traditional face-to-face intervention
delivery methods for some at-risk adolescents.

Next, several new mediainterventionsidentified in thisscoping
review were effective in changing negative attitudes and
behaviors related to sexual hedlth to more positive ones.
Attitudes are an important aspect of behavior, as highlighted
by the Theory of Reasoned Action (TRA) [44] and Theory of
Planned Behavior (TPB) [45]. Thesetheoriespurport thet beliefs
influence attitudes; attitudes, in turn, influence intentions; and
finally, intentions influence behaviors. Understanding the link
between these constructsisan important step in acknowledging
theimportance of attitude change as akey precursor to behavior
change. TRA and TPB have been commonly used as the
theoretical underpinnings for behavior change interventions.
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Two of the 13 interventions for African Americans that are
endorsed in the “ Compendium of Evidence-Based Interventions
and Best Practicesfor HIV Prevention” use this theory in their
theoretical frameworks [20].

Several new media interventions were aso effective in
increasing knowledge rel ated to sexual risk reduction and helped
to fill information gaps. While it is widely accepted that an
increase in knowledge alone does not directly lead to risk
reduction or behavior change, this construct isstill often utilized
by interventionists and health care researchers. It is a major
component of Social Cognitive Theory (SCT) and can be applied
specifically to health promotion interventions [46]. Increased
knowledge may lead to better decision making and healthier
behaviors. Thus, the increased knowledge reported by
participants of the selected sexual headth new media
interventions is a positive outcome that may lead to positive
changes in their sexual health behaviors. SCT is even more
widely used in sexual health interventions than TRA and TPB.
Eight of the 13 “Compendium of Evidence-Based Interventions
and Best Practices for HIV Prevention” interventions tailored
to African American youth and emerging adults utilize SCT as
atheoretical underpinning [20].

While new media interventions may decrease risky sexua
behavior and improve important aspects of future behavior
change, comparison of new media efficacy is difficult. Any
attempt to make this type of comparison may be difficult due
to the wide variation of core components utilized by each
intervention. Studies comparing one sexual health intervention
that was implemented using various new media and traditional
delivery mechanisms found no differencein outcomes[47,48].
This suggeststhat mode of delivery does not affect intervention
efficacy, but rather, it is a mechanism used to reach a target
population. It is the content of an intervention that determines
its effectiveness and not its method of delivery. Other
researchers have also found that the content of sexual health
interventions is more indicative of effectiveness than mode of
delivery [19]. Further research on the efficacy of intervention
mode of delivery iswarranted.

The findings of this scoping review support the use of new
media platforms such as social networking sites, microblogs,
online video sites, and mobile phone applications to promote
safer sex behaviors and STI prevention. New media platforms
should be leveraged to promote engagement in health care and
reduce risk-related behaviors among African American youth.
This population aready utilizes new media at high rates, an
indication that these platforms are highly accepted modes of
communication and information delivery within this group.
Moreover, African American youth have reported increased
utilization of health care resources after seeing information
about these services online. This suggeststhat new mediais not
asubstitution for in-person services but that it can be used as a
conduit for increased utilization of traditionally delivered
services.

It is to the advantage of sexua health educators and
interventionists to become familiar with and employ platforms
that are already in heavy use by their target populations. Health
care promotion and disease prevention organizations have
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encouraged the use of new media for the past decade [49,50].
Oneimportant factor in the creation of new mediainterventions
is the use of adaptation methods. Instead of creating entirely
new interventions, it ishighly suggested to adapt evidence-based
interventions for use among new populations and via new
delivery methods using models such as Intervention Mapping
[51], the CDC's Map of Adaptation Process [52], and the
ADAPT-ITT model [53].

Limitations

Severd limitations exist for thisresearch. The primary limitation
is the use of a broad range of platforms and measures among
the studies selected for review. Furthermore, some studies
utilized social mediaplatforms, while others utilized web-based
gaming platforms. Some studies measured attitudes, while others
measured different sexual behaviors such as delayed onset of
first sexual encounter or consistent condom use during sexual
intercourse. Just as online platforms are similar yet can vary
greatly intheir functionality and usability, behavioral outcomes
may be alike or associated in some ways without being proxies
for one another; thus, they should not be compared. For this
reason, it isnot appropriate to attempt head-to-head comparisons
of the new media interventions identified in this study. The
varying factors and outcomes assessed in each intervention
make it difficult to draw definitive conclusions regarding the
relationship between the new mediainterventionsand individual
sexual health outcomes or behaviors. Furthermore, only alimited
number of new media studies have focused solely on African
American youth and young adults, and few of theseinterventions
were gender-related. While African Americans accounted for
at least 13% of each study’s participants, 11 studies in this
review included other populations. Only one study was
gender-specific. Therefore, while being culturally appropriate
and gender-specific are highly recommended aspects of
intervention creation [54-56], they may not have been important
factors in many of the interventions included in this review.
Finally, it was not in the scope of this study to compare the
effectiveness of sexua risk-reduction interventions utilizing
traditional delivery methods and those using new media. While
it is not highly anticipated that intervention mode of delivery
affects behavioral outcomes, this potential impact should be
studied further in the presence of all intervention core
components.

Conclusions

Whileresearch inthisareaislimited, the results of this scoping
review indicate that new media is a promising sexua health
promotion tool for African American adolescents and young
adults. A range of new media platforms was shown to be
effectivein reaching African American youth, improving sexual
health—related attitudes and behaviors and filling gapsin sexual
health—related knowledge and information. The encouraging
results of this review suggest more research should be devoted
to further exploring the benefits of utilizing new mediaasatool
for improving the sexual health of African American adolescents
and young adults. Additionally, this review supports the value
of tailoring both new and existing new media—based
interventions towards this specific population.
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Abstract

Background: Hypertension isamajor cause of cardiovascular disease, which is the leading cause of premature death. People
with hypertension who do not comply with recommended treatment strategies have a higher risk of heart attacks and strokes,
leading to hospitalization and consequently greater health care costs. The smartphone, which isnow ubiquitous, offers aconvenient
tool to aidin the treatment of hypertension through the use of appstargeting lifestyle management, and such app-based interventions
have shown promising results. In particular, recent evidence has shown the feasibility, acceptability, and success of digital
interventions in changing the behavior of people with chronic conditions.

Objective: Theaim of this study wasto systematically compile available evidence to determine the overall effect of smartphone
apps on blood pressure control, medication adherence, and lifestyle changes for people with hypertension.

Methods: This systematic review was conducted in accordance with the Preferred Reporting Items for Systematic Reviews and
Meta-Analysis (PRISMA) statement guidelines. Databases were searched to identify randomized controlled trials related to the
influence of an app-based intervention in people with hypertension. Data extracted from the included studies were subjected to
ameta-analysis to compare the effects of the smartphone app intervention to a control.

Results. Eight studies with a total of 1657 participants fulfilled the inclusion criteria. Pooled analysis of 6 studies assessing
systolic blood pressure showed a significant overall effect in favor of the smartphone intervention (weighted mean difference
—2.28, 95% Cl —3.90-0.66). Pooled analysis of studies ng medication adherence demonstrated a significant effect (P<.001)
infavor of theintervention group (standard mean difference 0.38, 95% CI 0.26-0.50) with |ow heterogeneity (12=0%). No difference
between groups was demonstrated with respect to physical activity.

Conclusions: A smartphone intervention leads to a reduction in blood pressure and an increase in medication adherence for
peoplewith hypertension. Future research should focus on the effect of behavior coaching apps on medication adherence, lifestyle
change, and blood pressure reduction.

(JMIR Mhealth Uhealth 2020;8(10):€21759) doi:10.2196/21759

KEYWORDS
hypertension; smartphone; blood pressure; mobile; lifestyle; adherence; smartphone app; medication adherence

: 80/90 mmHg. Hypertension isamajor cause of cardiovascular
Introduction disease, which is the leading cause of premature death [1].
Hypertension, or high blood pressure, is generally defined Hypertension affects approximately 244.5 million adults in
according to a systolic blood pressure (SBP) reading above China, only 15.3% of whom have their condition under control

130/140 mmHg and/or diastolic blood pressure (DBP) above [2]- People with hypertension who do not comply with
recommended treatment strategies have a higher risk of heart
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attacks and strokes, leading them to be hospitalized and |eft
with greater health care costs [3]. Although faithfully taking
prescribed medication and foll owing suggested lifestyle changes
can lead to a dramatic improvement in blood pressure, few
people actually follow their doctor’'s advice, and thus fail to
control their hypertension, leading to high rates of mortality
and disability from heart conditions and other vascul ar diseases

[4].

Self-measured blood pressure (SMBP) is believed to improve
medication adherence, and is now a common intervention for
hypertension management [5,6]. Lifestyle changes such as
dietary sodium restriction, weight loss, and aerobic exercise
can substantially decrease blood pressure [7]. In addition, the
smartphone, which is found everywhere, offers a convenient
tool to aid in the treatment of hypertension through the use of
appstargeting lifestyle management, which have been showing
promising results [8,9]. Recent evidence demonstrates the
feasibility, acceptability, and success of digital interventionsin
changing the behavior of peoplewith chronic conditions[10-17].
Getting on€’s hypertension under control may involve many
lifestyle and behavioral changes. We hypothesized that
smartphone apps combined with regular blood pressure
monitoring and digital behavior change interventions may be
more effective than currently employed hypertension
management strategies.

Functions of such apps include a reminder to take one's
medication, tracking a biometric result, education and
motivation, and individualized coaching based on measured
values and nonpharmaceutical behaviors. A large number of
apps for medication adherence have become available in the
last few years[18].

The primary objective of this systematic review and
meta-analysis was to analyze the literature to determine the
effect of smartphone apps on blood pressure control, medication
adherence, and lifestyle changes. Only studies using stand-alone
smartphone apps were included in the meta-analysis.
Smartphone interventions that are not based on an app were
excluded due to not conforming to our primary objective.

Methods

Search Strategy

This systematic review was conducted in accordance with the
Preferred Reporting Items for Systematic Reviews and
Meta-Analysis (PRISMA) statement guidelines[19].

We carried out akeyword search using theterms“ smartphone,”
“hypertension,” and “randomized controlled trials” The Ovid
MEDLINE, EMBASE, PubMed, and Cochrane Library
databases were searched from the start date of May 14, 2020.
These databases were searched using a combination of subject
headings (such as Medical Subject Headings) and filters (such
as“RCT") when available. We al so reviewed the references of
included studies to identify additional pertinent studies. We
imposed no language or time restriction.

http://mhealth.jmir.org/2020/10/e21759/
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Inclusion and Exclusion Criteria

Two reviewers independently assessed the records identified
fromthe search for eligibility. Any discrepancieswereresolved
by consensus. We included any randomized controlled trials
comparing smartphone apps—based hypertension management
versus usua care or SMBP in adult primary hypertension
patients. The target population was adults (aged 18 years and
above) with hypertension (as defined by the authors). The
outcome had to be obj ectively measured blood pressure changes.
We accepted any duration of intervention.

We excluded studies of patients with confounding chronic
conditions such as chronic kidney disease or diabetes mellitus,
and those with missing key data. A protocol was developed
prior to commencing this review on PROSPERO
(CRD42020140926).

Study Quality

Study quality was assessed by the two authors based on the
seven domains defined by the Cochrane Collaboration tool for
assessing risk of bias[20]: (1) random sequence

generation; (2) alocation conceament; (3) blinding of
participants and personnel; (4) blinding of outcome assessment;
(5) incomplete outcome data; (6) selective reporting; and (7)
other biases, including baselineimbalance, early stopping, and
bias due to vested financial interest or academic bias.

Potential publication bias across studies was assessed using a
funnel plot.

Data Extraction

One author (XX) extracted all data and both authors (XX and
LY) reviewed the data for accuracy. The following data were
collected: (1) country, duration of thetrial, date of publication;
(2) numbers of individualsincluded, inclusion criteria, exclusion
criteria; (3) intervention, concomitant intervention; and (4)
systolic/diastolic blood pressure change and behavior change
(physical activity and medication adherence were the only two
behaviors consistently reported in the existing literature).

Data Synthesis

Meta-Analyses

Meta-analysis was performed with Revman 5.3. We used a
random-effects model and calculated the weighted mean
difference (WMD) to generate pooled estimates of SBP and
DBP changes, a random-effects model and standard mean
difference (SMD) were used to calculate the intervention effects
of medication adherence and physical activity across studies.
We calculated the standard deviation using an assumption of a
0.5 correlation for studies that did not report the standard
deviation of the mean of change, following the Cochrane
Handbook for Systematic Reviews of Interventions [20]. The

12 statistic was used to assess the degree of statistical
heterogeneity.

Blood pressure changes were divided into two subgroups based
on the type of intervention.
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Trial Sequential Analysis

Trial sequentia analysis is a methodology that considers how
much information is needed to anticipate a specific required
information size [21]. We used the TSA program version
0.9.5.10 Beta (Copenhagen Tria Unit) to adjust the Clsdueto
sparse data and repetitive testing of cumulative data, and to
calculatetherequired information size. If the cumulative Z-curve
crosses a trial sequential monitoring boundary or enters the
futility area, it can be concluded that a sufficient level of
evidence may have been reached. Conversely, the conclusion
evidence is insufficient if the Z-curve does not cross any
boundaries. Therequired information size was cal cul ated based
on autogenerated empirical data per input data. We performed
thetrial sequential analysis at the level of an overall 5% risk of
type | error and a power of 20%.

Sensitivity Analysis
We conducted a posthoc sensitivity analysisto assesstheimpact

of the potential reporting bias of trials with small sample sizes
(N<60).

Xué& Long

Results

Included Studies

Eight studies [22-29] with atotal of 1657 participants fulfilled
theinclusion criteria; based on the results of sensitivity analysis,
two studies [22,23] were excluded from the meta-analyses
(Figure 1). SBP was assessed in 7 studies, DBP was assessed
in 6 studies, medication adherence was assessed in 6 studies,
and lifestyle changes were assessed in 2 studies. Characteristics
of theincluded studies are summarized in Table 1.

The most common functions of mobile health apps were
recording blood pressure, medication reminder, and abnormal
values warning. Patient education or health recommendations
were reported in 3 studies [23,25,29].

The follow-up period ranged from 6 weeks to 18 months, with
amedian of 6 months. Over 90% of participants were available
for outcome assessment.

Figure 1. Preferred Reporting Items for Systematic Reviews and Meta-Anayses (PRISMA) flowchart of study selection.
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Table 1. Characteristics of included studies.

Xué& Long

Reference Intervention Control Duration Intervention protocol ~ Outcomes measured
Persell et al [29] Hypertension Coach-  BpP tracking app, 6 months Record (automatically BP
ing App, SMBP? SMBP (n=152). sync) BP daily for the
(n=144) first week, then weekly
theresfter, along with
reminder, encourage-
ment, and education
Ghezeljeheta [23]  Social network self-  Regular routine educa- 6 weeks Onlineeducationweek- \jaC
management educa-  tion (n=25) ly
tion (n=25)
Morawski et al [26]  Medisafe app, SMBP  None (n=202) 12 weeks Record BP, reminder ~ BP
(n=209)
Logan et al [24] Telemonitoring Self- SMBP (n=55) 12 months Record BP twice a BP
Care Support System week and twicein the
(n=55) evening
Gong et a [28] Yan Fu app, SMBP  SMBP, record BP on 6 months Record BPat leastonce  BP, MA
(n=225) paper (n=218) daily, reminder
Chandler et a [22] SMASH app, SMBP  enhanced standard care 9 months Record (automatically BP, MA
(n=28) (n=26) sync) BP every 3 days
in the morning and
evening, feedback
Kimet a [25] app, SMBPR, online usua care, onlinediss 6 months Record BP 3timesa BP, MA
disease management  ease management pro- week, 2 measurements
program (n=52) gram (n=43) per day, health recom-
mendations, reminder
Marquez Contreraset  ALERHTA app usual care (N=75) 6/18 months Record BP, reminder BP, MA
al [27] (n=73)

3SMBP: self-measured blood pressure.
bBP: blood pressure.
°MA: medication adherence.

Risk of Bias

One study was judged to have alow risk of bias[24]. One study
was judged to have a high risk of bias at one domain [29].
Results were unclear for the remaining 6 studies, mainly due
to lack of detail of performance bias and selection bias
(Multimedia Appendix 1).

Blood Pressure

Pooled outcomes of SBP (Figure 2) and DBP (Multimedia
Appendix 1) were similar. SBP (WMD -2.28, 95%Cl

—3.90-0.66; 6 studies) with moderate heterogeneity (12=40%)

http://mhealth.jmir.org/2020/10/e21759/

RenderX

and DBP (WMD -1.84, 95%CI —3.49 to -0.19; 5 studies) with

moderate heterogeneity (12=54%) both showed a significant
effect in favor of the intervention (P=.006 and P=.03,
respectively). Blood pressure was significantly reduced in 4
studies (—2.78 mmHg), but was not significantly reduced in 2
studies that included education in the intervention (-0.33
mmHg).

Trial sequential analysis showed that the required information
size of 20% power had been reached. The certainty of the
evidence was high (Figure 3).
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Figure 2. Meta-analysis results and forest plot for the effect of app-based interventions on improvement in systolic blood pressure.
Smartphone Control Mean Difference Mean Difference
Study or Subgroup  Mean SD Total Mean SD Total Weight IV, Random, 95% ClI IV, Random, 95% CI
1.1.1 Adherence
Gong 2020 -8.99 6.415 225 -5.92 6.945 218 35.5% -3.07[-4.32,-1.82] -
Kim 2016 -2.7 14.19 52 -5.7 18.97 43 5.0% 3.00 [-3.86, 9.86] —
Logan 2012 -8.7 14.7 55 -1L.7 12.1 55 8.4% -7.00[-12.03, -1.97]
Morawski 2018 -10.6 16 209 -10.1 15.4 202 17.4% -0.50 [-3.54, 2.54] —
Subtotal (95% CI) 541 518 66.3% -2.31 [-5.06, 0.44] ‘
Heterogeneity: Tau® = 4.37; Chi? = 7.80, df = 3 (P = 0.05): I = 62%
Test for overall effect: Z = 1.65 (P = 0.10)
1.1.2 Adherence and physical activity
Contreras 2019 -2.5 11 73 -0.07 8 75 16.9%  -2.43[-5.54, 0.68] —
Persell 2020 -83 13.8 144 -6.8 13.7 152 16.7% -1.50 [-4.63, 1.63] 1
Subtotal (95% CI) 217 227 33.7% -1.97 [-4.18, 0.24] ‘
Heterogeneity: Tau? = 0.00; Chi? = 0.17, df = 1 (P = 0.68): I’ = 0%
Test for overall effect: Z = 1.75 (P = 0.08)
Total (95% CI) 758 745 100.0% -2.28 [-3.90, -0.66] ‘
S 2 _ s iz _ _ T t - t J
Heterogeneity: Tau® = 1.52; Chi* = 8.37,df = 5 (P = 0.14); I° = 40% o 10 o 20

Test for overall effect: Z = 2.76 (P = 0.006)
Test for subgroup differences: Chi’ = 0.04, df = 1 (P = 0.85), I° = 0%

Figure 3. Tria sequential analysis of systolic blood pressure.
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M edication Adherence

Four studies assessed medication adherence according to the
Morisky Medication Adherence Scale-8 item (Figure 4)
[22,25,26,28], one study determined adherence based on the
pill count [25], and the other used the Hypertension SM
Behavior Questionnaire [23].

http://mhealth.jmir.org/2020/10/e21759/

RenderX

Pooled analysis of medication adherence demonstrated a
significant effect (P<0.0001) in favor of theintervention (SMD

0.38, 95%CI 0.26-0.50) with low heterogeneity (12=0%).

A test for subgroup differences showed an insignificant effect
when the studies were grouped (x>=1.70, df=1, 1°=41.3%).
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Figure 4. Meta-analysis and forest plot of the effect of the app-based intervention on medication adherence, assessed using the Morisky Medication

Adherence Scale-8 item (4 studies).

Smartphone
Mean SD Total Mean

Control

Study or Subgroup SD Total Weight

Std. Mean Difference
1V, Random, 95% CI

Std. Mean Difference
IV, Random, 95% CI

2.1.1 BP reduced

Contreras 2019 93.15 24.816 73 74.66 43.2025 75  13.1%
Gang 2020 4.85 2.29 225 3.96 2.14 218 39.9%
Morawski 2018 0.4 1.5 209 -0.01 0.5 202 37.1%
Subtotal (95% CI) 507 495  90.2%
Heterogeneity: Tau? = 0.00; Chi® = 0.65, df = 2 (P = 0.72); I’ = 0%

Test for overall effect: Z = 6.31 (P < 0.00001)

2.1.2 BP not reduce

Kim 2016 6.7 1.4 52 6.5 1.5 55 9.8%
Subtotal (95% CI) 52 55 9.8%
Heterogeneity: Not applicable

Test for overall effect: Z = 0.71 (P = 0.48)

Total (95% CI) 559 550 100.0%

Heterogeneity: Tau® = 0.00; Chi? = 2.35, df = 3 (P = 0.50); I’ = 0%
Test for overall effect: Z = 6.21 (P < 0.00001)
Test for subgroup differences: Chi® = 1.70, df = 1 (P = 0.19), I° = 41.3%

Physical Activity

Two studies reported physical activity [25,29]. Pooled analysis
did not show a statistically significant effect of the intervention

0.52 [0.19, 0.85]

0.40 [0.21, 0.59] —-—
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0.40 [0.28, 0.53] &

0.14 [-0.24, 0.52] R
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0.38 [0.26, 0.50] <

2 71 1 2

Favours [Control] Favours [Smartphone]

(SMD 0.12, 95%Cl —0.13-0.37, P=.33; Figure 5). One study
showed a significant effect of reducing smoking [25] and one
study showed a significant effect of confidence in controlling
blood pressure [29].

Figure5. Meta-analysis and forest plot of the effect of the app-based intervention on physical activity (2 studies).

Smartphone Control
Study or Subgroup  Mean SD Total Mean SD Total Weight

Std. Mean Difference

Std. Mean Difference

IV, Random, 95% CI IV, Random, 95% CI

3.1.1 Behavioral change

Kim 2016 39.8 23.8 52 413 29.5 43 29.8%
Persell 2020 177.6 169.2 144 143.1 156.4 152 70.2%
Subtotal (95% Cl) 196 195 100.0%
Heterogeneity: Tau? = 0.01; Chi* = 1.28, df = 1 (P = 0.26); I’ = 22%

Test for overall effect: Z = 1.08 (P = 0.28)

Total (95% CI) 196 195 100.0%

Heterogeneity: Tau? = 0.01; Chi® = 1.28, df = 1 (P = 0.26); I = 22%
Test for overall effect: Z = 1.08 (P = 0.28)
Test for subgroup differences: Not applicable

Discussion

Principal Findings

We carried out thisreview to determine the effect of smartphone
apps on the management of hypertension, and apooled analysis
of blood pressure and medication adherence of all studies
demonstrated a significant effect in favor of the intervention.
However, apps with digital behavior change interventions such
as those targeting physical activity demonstrated little effect.
The effect size of appswith behavioral instruction functionson
blood pressure control was 9 times smaller than that of apps
without these functions. Evidence of the impact of smartphone
apps on physical activity was insufficient. Pooled analysis of
two studies with insignificant blood pressure reduction via
promoting physical activity showed a small but insignificant
effect in favor of the intervention.

A previous review showed that SMBP alone is not associated
with reducing blood pressure, whereas SMBP in conjunction
with co-interventions significantly reduced blood pressure [6].
Another review showed that SMBP can lower blood pressure
regardless of the number of hypertension-related comorbidities;
however, for individuals with conditions such as obesity or
stroke, SMBP should be combined with high-intensity
co-interventions to effectively reduce blood pressure [30].
Moreover, individuas with chronic conditions using
self-management digital interventions feel well cared for and
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tend to adopt a more active role in their health management
[31]. Smartphone apps are able to integrate several
co-interventions such as medication adherence, education, and
lifestyle recommendations in one device. Our review indicated
that SMBP in conjunction with a smartphone app improves
medication adherence and reduces blood pressure. A reduction
in SBP of 3 mmHg, as observed in intervention groups, would
be expected to be associated with an 8% reduction in stroke
mortality and a 5% reduction in mortality from coronary heart
disease[1]. The observed magnitude of blood pressure reduction
would have asignificant impact on clinical practice considering
the huge population worldwide suffering from hypertension.

A small minority of theappsincluded in our review incorporated
educational functions, and the effect of these functions on blood
pressure was insignificant. Available data on medication
adherence of these studies was even more rare. The only study
that reported medication adherence demonstrated an
insignificant result. Yeung et al [32] found that in alow health
literacy patient population, the use of educational tools such as
flash cards and online videos significantly improved medication
adherence in diabetes, hypertension, and heart failure patients.
Thisstudy demonstrated that the successful education of patients
regarding their medication use can significantly improve
medication adherence. Medication nonadherence is estimated
to cost the health care system US $5824 annually per person
among patients with hypertension [33]. Low adherence to
antihypertension therapy among hospitalized patients was
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associated with increased costs of approximately US $3574
(95% Cl US $2897-$4249) per person within a 3-year period
[3]. Thisimposes a huge burden on the health care system and
patients.

The lack of economic data such as the cost-effectiveness of
smartphone-based interventions in improving medication
adherencein patients with chronic health conditions highlights
the need for further research to understand their role in cost
savings while simultaneously improving medication adherence
and health outcomes [34,35].

We have reason to believe that smartphone apps are feasiblein
general practice. Health care professionals should regard
smartphone apps as potential toolsfor patientswith hypertension
to optimize management [36]. To better utilize these apps,
several barriers need to be overcome, such as the generational
difference in the propensity to use digital devices, lack of
knowledge of available apps, ease of use of apps by the elderly,
and privacy and data safety issues[36].

In our review, physical activity yielded an insignificant result.
It is critical to discover how to usefully conceptualize and
operationalize engagement with digital behavior change
interventions. For instance, standardized terminology and
measurement techniques will ensure more rapid advances in
understanding engagement with digital behavior change
interventions and developing methods to improve them [37].
The choice of app may beinfluenced by itsimmediate ook and
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feel, “socia proof,” titles that appear redistic, and
multicomponent features. Design features should focus on
enhancing motivation, autonomy, persona relevance, and
credibility [38-40].

Itisvital that health care professionals and patientsjoin together
to form an effective and integrative relationship in clinical
practice with mobile health apps.

Limitations

Therewererelatively few studiesincluded in thismeta-analysis.
Therefore, the conclusions may be influenced by publication
bias and should be regarded as preliminary. We did not include
interventions that involved or targeted pediatric patients. The
included trials were mainly conducted in North America and
East Asia; thus, geographic unevenness may lead to underlying
bias. Choice of the population such as excluding patients with
mildly elevated blood pressure and different control
interventions may also haveyielded bias. With the variousterms
used to describe adigital intervention and itsrelated health care,
some studies may have been overlooked. The statistical findings
should be interpreted cautiously for potentia underlying
heterogeneity.

Conclusion

A smartphoneintervention leadsto areduction in blood pressure
and an increase in medi cation adherence. Future research should
discover the effect of behavior coaching apps on medication
adherence, lifestyle change, and blood pressure reduction.

The authors thank AiMi Academic Services for English language editing and review services.

Conflictsof Interest
None declared.

Multimedia Appendix 1

Risk of bias assessment for the included studies and meta-analysis for the effect of a smartphone app intervention on diastolic

blood pressure (DBP) improvement.
[DOCX File, 1261 KB - mhealth_v8i10e21759 appl.docx ]

References

1. CdllinsR, Peto R, MacMahon S, Hebert P, Fiebach NH, Eberlein KA, et a. Blood pressure, stroke, and coronary heart
disease. Part 2, Short-term reductionsin blood pressure: overview of randomised drug trialsin their epidemiological context.
Lancet 1990 Apr 07;335(8693):827-838. [doi: 10.1016/0140-6736(90)90944-z] [Medline: 1969567]

2. Wang Z, Chen Z, Zhang L, Wang X, Hao G, Zhang Z, China Hypertension Survey Investigators. Status of Hypertension
in China: Results From the China Hypertension Survey, 2012-2015. Circulation 2018 May 29;137(22):2344-2356. [doi:
10.1161/CIRCULATIONAHA.117.032380] [Medline: 29449338]

3. Dragomir A, Cété R, Roy L, BlaisL, LalondeL, Bérard A, et a. Impact of adherence to antihypertensive agents on clinical
outcomes and hospitalization costs. Med Care 2010 May;48(5):418-425. [doi: 10.1097/M L R.0b013e3181d567bd] [Medline:

20393367]

4.  Benjamin EJ, Muntner P, Alonso A, Bittencourt MS, Callaway CW, Carson AP, American Heart Association Council on
EpidemiologyPrevention Statistics CommitteeStroke Statistics Subcommittee. Heart Disease and Stroke Statistics-2019
Update: A Report From the American Heart Association. Circulation 2019 Mar 05;139(10):e56-€528. [doi:

10.1161/CIR.0000000000000659] [Medline: 30700139]

http://mhealth.jmir.org/2020/10/e21759/

JMIR Mhealth Uhealth 2020 | val. 8| iss. 10 [e21759 | p.50
(page number not for citation purposes)


mhealth_v8i10e21759_app1.docx
mhealth_v8i10e21759_app1.docx
http://dx.doi.org/10.1016/0140-6736(90)90944-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=1969567&dopt=Abstract
http://dx.doi.org/10.1161/CIRCULATIONAHA.117.032380
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29449338&dopt=Abstract
http://dx.doi.org/10.1097/MLR.0b013e3181d567bd
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20393367&dopt=Abstract
http://dx.doi.org/10.1161/CIR.0000000000000659
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30700139&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH Xué& Long

5.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Fletcher BR, Hartmann-Boyce J, Hinton L, McManus RJ. The Effect of Self-Monitoring of Blood Pressure on Medication
Adherence and Lifestyle Factors: A Systematic Review and Meta-Analysis. Am J Hypertens 2015 Oct;28(10):1209-1221.
[doi: 10.1093/ajh/hpv008] [Medline: 25725092]

Tucker KL, Sheppard JP, Stevens R, Bosworth HB, Bove A, Bray EP, et a. Self-monitoring of blood pressurein hypertension:
A systematic review and individual patient datameta-analysis. PLoS Med 2017 Sep;14(9):€1002389 [FREE Full text] [doi:
10.1371/journal.pmed.1002389] [Medline: 28926573]

Whelton PK, Carey RM, Aronow WS, Casey DE, Collins KJ, Dennison Himmelfarb C, et al. 2017
ACC/AHA/AAPA/ABC/ACPM/AGS/APhA/ASH/ASPC/NMA/PCNA Guidelinefor the Prevention, Detection, Evaluation,
and Management of High Blood Pressure in Adults: A Report of the American College of Cardiology/American Heart
Association Task Force on Clinical Practice Guidelines. Hypertension 2018 Jun; 71(6):e13-e115. [doi:

10.1161/HY P.0000000000000065] [Medline: 29133356]

Marko Kl, Ganju N, Krapf JM, GabaND, Brown JA, Benham JJ, et a. A Mobile Prenatal Care App to Reduce In-Person
Visits: Prospective Controlled Trial. IMIR Mhealth Uhealth 2019 May 01;7(5):€10520 [ FREE Full text] [doi: 10.2196/10520]
[Medline: 31042154]

Ek A, Alexandrou C, Soderstrom E, Bergman P, Delisle Nystrom C, Direito A, et al. Effectiveness of a 3-Month Mobile
Phone-Based Behavior Change Program on Active Transportation and Physical Activity in Adults: Randomized Controlled
Tria. IMIR Mhealth Uhealth 2020 Jun 08;8(6):€18531 [FREE Full text] [doi: 10.2196/18531] [Medline: 32510462]
Payne HE, Lister C, West JH, Bernhardt JM. Behavioral functionality of mobile apps in health interventions: a systematic
review of the literature. IMIR Mhealth Uhealth 2015 Feb 26;3(1):€20 [FREE Full text] [doi: 10.2196/mhealth.3335]
[Medline: 25803705]

Thakkar J, Kurup R, LabaT, Santo K, Thiagalingam A, Rodgers A, et al. Mobile Telephone Text Messaging for Medication
Adherence in Chronic Disease: A Meta-analysis. JAMA Intern Med 2016 Mar;176(3):340-349. [doi:
10.1001/jamainternmed.2015.7667] [Medline: 26831740]

Zhao J, Freeman B, Li M. Can Mobile Phone Apps Influence People's Health Behavior Change? An Evidence Review. J
Med Internet Res 2016 Oct 31;18(11):e287 [FREE Full text] [doi: 10.2196/jmir.5692] [Medline: 27806926]

Badawy SM, Barreral, Sinno MG, Kaviany S, O'Dwyer LC, Kuhns LM. Text Messaging and Maobile Phone Apps as
Interventionsto Improve Adherence in Adolescents With Chronic Health Conditions: A Systematic Review. IMIR Mhealth
Uhealth 2017 May 15;5(5):€66 [FREE Full text] [doi: 10.2196/mhealth.7798] [Medline: 28506955]

Badawy SM, Kuhns LM. Texting and Mobile Phone App Interventions for Improving Adherence to Preventive Behavior
in Adolescents: A Systematic Review. IMIR Mhealth Uhealth 2017 Apr 19;5(4):e50 [FREE Full text] [doi:
10.2196/mhealth.6837] [Medline: 28428157]

Badawy SM, Cronin RM, Hankins J, Crosby L, DeBaun M, Thompson AA, et al. Patient-Centered eHealth Interventions
for Children, Adolescents, and Adults With Sickle Cell Disease: Systematic Review. JMed Internet Res 2018 Jul
19;20(7):€10940 [FREE Full text] [doi: 10.2196/10940] [Medline: 30026178]

Radovic A, Badawy SM. Technology Usefor Adolescent Health and Wellness. Pediatrics 2020 May;145(Suppl 2):S186-S194.
[doi: 10.1542/peds.2019-2056G] [Medline: 32358210]

Ramsey WA, Heidelberg RE, Gilbert AM, Heneghan MB, Badawy SM, Alberts NM. eHealth and mHealth interventions
inpediatric cancer: A systematic review of interventions acrossthe cancer continuum. Psychooncol ogy 2020 Jan;29(1):17-37.
[doi: 10.1002/pon.5280] [Medline: 31692183]

Dayer LE, Shilling R, Van Valkenburg M, Martin BC, Gubbins PO, Hadden K, et al. Assessing the Medication Adherence
App Marketplace From the Health Professional and Consumer Vantage Points. IMIR Mhealth Uhealth 2017 Apr 19;5(4):e45
[FREE Full text] [doi: 10.2196/mhealth.6582] [Medline: 28428169]

Liberati A, Altman DG, Tetzlaff J, Mulrow C, Ggtzsche PC, loannidis JPA, et a. The PRISMA statement for reporting
systematic reviews and meta-analyses of studies that evaluate health care interventions. explanation and elaboration. PL0S
Med 2009 Jul 21;6(7):€1000100 [FREE Full text] [doi: 10.1371/journal.pmed.1000100] [Medline: 19621070]

Boutron |, Page MJ, Higgins JPT, Altman DG, Lundh A, Hrébjartsson A. Considering bias and conflicts of interest among
theincluded studies. In: Higgins J, Green S, editors. Cochrane Handbook For Systematic Reviews Of Interventions. Hoboken,
NJ: Wiley-Blackwell; 2019.

Thorlund K, Anema A, Mills E. Interpreting meta-analysis according to the adequacy of sample size. An example using
isoniazid chemoprophylaxisfor tuberculosisin purified protein derivative negative HI V-infected individuals. Clin Epidemiol
2010 Aug 09;2:57-66 [FREE Full text] [doi: 10.2147/clep.s9242] [Medline: 20865104]

Chandler J, Sox L, Kellam K, Feder L, Nemeth L, Treiber F. Impact of a Culturally Tailored mHealth Medication Regimen
Self-Management Program upon Blood Pressure among Hypertensive Hispanic Adults. Int J Environ Res Public Health
2019 Apr 06;16(7):1226 [FREE Full text] [doi: 10.3390/ijerph16071226] [Medline: 30959858]

Najafi Ghezeljeh T, Sharifian S, Nasr Isfahani M, Haghani H. Comparing the effects of education using telephonefollow-up
and smartphone-based socia networking follow-up on self-management behaviors among patients with hypertension.
Contemp Nurse 2018;54(4-5):362-373. [doi: 10.1080/10376178.2018.1441730] [Medline: 29451091]

http://mhealth.jmir.org/2020/10/e21759/ JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 10 [e21759 | p.51

(page number not for citation purposes)


http://dx.doi.org/10.1093/ajh/hpv008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25725092&dopt=Abstract
https://dx.plos.org/10.1371/journal.pmed.1002389
http://dx.doi.org/10.1371/journal.pmed.1002389
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28926573&dopt=Abstract
http://dx.doi.org/10.1161/HYP.0000000000000065
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29133356&dopt=Abstract
https://mhealth.jmir.org/2019/5/e10520/
http://dx.doi.org/10.2196/10520
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31042154&dopt=Abstract
https://mhealth.jmir.org/2020/6/e18531/
http://dx.doi.org/10.2196/18531
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32510462&dopt=Abstract
https://mhealth.jmir.org/2015/1/e20/
http://dx.doi.org/10.2196/mhealth.3335
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25803705&dopt=Abstract
http://dx.doi.org/10.1001/jamainternmed.2015.7667
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26831740&dopt=Abstract
https://www.jmir.org/2016/11/e287/
http://dx.doi.org/10.2196/jmir.5692
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27806926&dopt=Abstract
https://mhealth.jmir.org/2017/5/e66/
http://dx.doi.org/10.2196/mhealth.7798
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28506955&dopt=Abstract
https://mhealth.jmir.org/2017/4/e50/
http://dx.doi.org/10.2196/mhealth.6837
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28428157&dopt=Abstract
https://www.jmir.org/2018/7/e10940/
http://dx.doi.org/10.2196/10940
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30026178&dopt=Abstract
http://dx.doi.org/10.1542/peds.2019-2056G
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32358210&dopt=Abstract
http://dx.doi.org/10.1002/pon.5280
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31692183&dopt=Abstract
https://mhealth.jmir.org/2017/4/e45/
http://dx.doi.org/10.2196/mhealth.6582
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28428169&dopt=Abstract
https://dx.plos.org/10.1371/journal.pmed.1000100
http://dx.doi.org/10.1371/journal.pmed.1000100
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19621070&dopt=Abstract
https://www.dovepress.com/articles.php?article_id=4230
http://dx.doi.org/10.2147/clep.s9242
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20865104&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph16071226
http://dx.doi.org/10.3390/ijerph16071226
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30959858&dopt=Abstract
http://dx.doi.org/10.1080/10376178.2018.1441730
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29451091&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH Xué& Long

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

Logan AG, Irvine MJ, Mclsaac WJ, Tisler A, Rossos PG, Easty A, et al. Effect of home blood pressure telemonitoring with
self-care support on uncontrolled systolic hypertension in diabetics. Hypertension 2012 Jul;60(1):51-57. [doi:
10.1161/HY PERTENSIONAHA.111.188409] [Medline: 22615116]

Kim JY, Wineinger NE, Steinhubl SR. The Influence of Wireless Self-Monitoring Program on the Relationship Between
Patient Activation and Health Behaviors, Medication Adherence, and Blood Pressure Levelsin Hypertensive Patients: A
Substudy of a Randomized Controlled Trial. J Med Internet Res 2016 Jun 22;18(6):e116 [FREE Full text] [doi:
10.2196/jmir.5429] [Medline: 27334418]

Morawski K, Ghazinouri R, Krumme A, Lauffenburger J, Lu Z, Durfee E, et al. Association of a Smartphone Application
With Medication Adherence and Blood Pressure Control: The Medl SAFE-BP Randomized Clinical Trial. JAMA Intern
Med 2018 Jun 01;178(6):802-809 [FREE Full text] [doi: 10.1001/jamainternmed.2018.0447] [Medline: 29710289]
Marquez Contreras E, Marquez Rivero S, Rodriguez GarciaE, L6pez-Garcia-Ramos L, Carlos Pastoriza Vilas J, Baldonedo
Suérez A, Compliance Group of Spanish Society of Hypertension (SEH-LELHA). Specific hypertension smartphone
application to improve medication adherence in hypertension: a cluster-randomized trial. Curr Med Res Opin 2019
Jan;35(1):167-173. [doi: 10.1080/03007995.2018.1549026] [Medline: 30431384]

Gong K, YanY, Li Y, DuJ, Wang J, Han Y, et al. Mobile health applications for the management of primary hypertension:
A multicenter, randomized, controlled trial. Medicine (Baltimore) 2020 Apr;99(16):€19715. [doi:

10.1097/M D.0000000000019715] [Medline: 32311957]

Persell SD, Peprah YA, Lipiszko D, Lee JY, Li JJ, Ciolino JD, et a. Effect of Home Blood Pressure Monitoring viaa
Smartphone Hypertension Coaching Application or Tracking Application on Adults With Uncontrolled Hypertension: A
Randomized Clinical Trial. AMA Netw Open 2020 Mar 02;3(3):€200255 [FREE Full text] [doi:
10.1001/jamanetworkopen.2020.0255] [Medline: 32119093]

Sheppard JP, Tucker KL, Davison WJ, Stevens R, Aekplakorn W, Bosworth HB, et a. Self-monitoring of Blood Pressure
in Patients With Hypertension-Related Multi-morbidity: Systematic Review and Individual Patient Data Meta-analysis.
Am JHypertens 2020 Mar 13;33(3):243-251 [FREE Full text] [doi: 10.1093/ajh/hpz182] [Medline: 31730171]

Morton K, Dennison L, May C, Murray E, Little B McManus RJ, et a. Using digital interventions for self-management
of chronic physical health conditions: A meta-ethnography review of published studies. Patient Educ Couns 2017
Apr;100(4):616-635 [FREE Full text] [doi: 10.1016/j.pec.2016.10.019] [Medline: 28029572]

Yeung DL, Alvarez KS, Quinones ME, Clark CA, Oliver GH, Alvarez CA, et al. JAm Pharm Assoc 2017 Jan;57(1):30-37
[FREE Full text] [doi: 10.1016/j.japh.2016.08.012] [Medline: 27816544]

Lloyd JT, Maresh S, Powers CA, Shrank WH, Alley DE. How Much Does Medication Nonadherence Cost the Medicare
Fee-for-Service Program?Med Care 2019 Mar;57(3):218-224. [doi: 10.1097/ML R.0000000000001067] [Medline: 30676355]
Badawy SM, Kuhns LM. Economic Evaluation of Text-Messaging and Smartphone-Based Interventions to Improve
Medication Adherencein Adolescentswith Chronic Health Conditions: A Systematic Review. IMIR Mhealth Uhealth 2016
Oct 25;4(4):e121 [FREE Full text] [doi: 10.2196/mhealth.6425] [Medline: 27780795]

Iribarren SJ, Cato K, Falzon L, Stone PW. What is the economic evidence for mHealth? A systematic review of economic
evaluations of mHealth solutions. PL0oS One 2017;12(2):e0170581 [FREE Full text] [doi: 10.1371/journal.pone.0170581]
[Medline: 28152012]

Byambasuren O, Beller E, Hoffmann T, Glasziou P. Barriersto and Facilitators of the Prescription of mHealth Appsin
Australian General Practice: Qualitative Study. IMIR Mhealth Uhealth 2020 Jul 30;8(7):e17447 [FREE Full text] [doi:
10.2196/17447] [Medline: 32729839]

Perski O, Blandford A, West R, Michie S. Conceptualising engagement with digital behaviour change interventions: a
systematic review using principles from critical interpretive synthesis. Transl Behav Med 2017 Jun;7(2):254-267 [FREE
Full text] [doi: 10.1007/s13142-016-0453-1] [Medline: 27966189]

Badawy SM, Thompson AA, Liem RI. Technology Access and Smartphone App Preferences for Medication Adherence
in Adolescents and Young Adults With Sickle Cell Disease. Pediatr Blood Cancer 2016 May;63(5):848-852. [doi:
10.1002/pbc.25905] [Medline: 26844685]

Badawy SM, Thompson AA, Kuhns LM. Medication Adherence and Technology-Based I nterventions for Adolescents
With Chronic Health Conditions: A Few Key Considerations. JMIR Mhealth Uhealth 2017 Dec 22;5(12):e202 [ FREE Full
text] [doi: 10.2196/mhealth.8310] [Medline: 29273573]

Perski O, Blandford A, Ubhi HK, West R, Michie S. Smokers' and drinkers' choice of smartphone applications and
expectations of engagement: athink aloud and interview study. BMC Med Inform DecisMak 2017 Feb 28;17(1):25 [FREE
Full text] [doi: 10.1186/s12911-017-0422-8] [Medline: 28241759]

Abbreviations

DBP: diastolic blood pressure

PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analysis
SBP: systolic blood pressure

SMBP: self-measuring blood pressure

http://mhealth jmir.org/2020/10/e21759/ JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 10 [e21759 | p.52

(page number not for citation purposes)


http://dx.doi.org/10.1161/HYPERTENSIONAHA.111.188409
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22615116&dopt=Abstract
https://www.jmir.org/2016/6/e116/
http://dx.doi.org/10.2196/jmir.5429
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27334418&dopt=Abstract
http://europepmc.org/abstract/MED/29710289
http://dx.doi.org/10.1001/jamainternmed.2018.0447
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29710289&dopt=Abstract
http://dx.doi.org/10.1080/03007995.2018.1549026
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30431384&dopt=Abstract
http://dx.doi.org/10.1097/MD.0000000000019715
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32311957&dopt=Abstract
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/10.1001/jamanetworkopen.2020.0255
http://dx.doi.org/10.1001/jamanetworkopen.2020.0255
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32119093&dopt=Abstract
http://europepmc.org/abstract/MED/31730171
http://dx.doi.org/10.1093/ajh/hpz182
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31730171&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0738-3991(16)30489-X
http://dx.doi.org/10.1016/j.pec.2016.10.019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28029572&dopt=Abstract
http://europepmc.org/abstract/MED/27816544
http://dx.doi.org/10.1016/j.japh.2016.08.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27816544&dopt=Abstract
http://dx.doi.org/10.1097/MLR.0000000000001067
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30676355&dopt=Abstract
https://mhealth.jmir.org/2016/4/e121/
http://dx.doi.org/10.2196/mhealth.6425
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27780795&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0170581
http://dx.doi.org/10.1371/journal.pone.0170581
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28152012&dopt=Abstract
https://mhealth.jmir.org/2020/7/e17447/
http://dx.doi.org/10.2196/17447
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32729839&dopt=Abstract
http://europepmc.org/abstract/MED/27966189
http://europepmc.org/abstract/MED/27966189
http://dx.doi.org/10.1007/s13142-016-0453-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27966189&dopt=Abstract
http://dx.doi.org/10.1002/pbc.25905
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26844685&dopt=Abstract
https://mhealth.jmir.org/2017/12/e202/
https://mhealth.jmir.org/2017/12/e202/
http://dx.doi.org/10.2196/mhealth.8310
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29273573&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-017-0422-8
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-017-0422-8
http://dx.doi.org/10.1186/s12911-017-0422-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28241759&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH Xué& Long

SMD: standard mean difference
WM D: weighted mean difference

Edited by G Eysenbach; submitted 24.06.20; peer-reviewed by S Badawy, P Cook; comments to author 09.08.20; revised version
received 07.09.20; accepted 12.09.20; published 19.10.20.

Please cite as.

XuH, LongH

The Effect of Smartphone App—Based Interventions for Patients With Hypertension: Systematic Review and Meta-Analysis
JMIR Mhealth Uhealth 2020; 8(10):e21759

URL: http://mhealth.jmir.org/2020/10/e21759/

doi:10.2196/21759

PMID:33074161

©Hongxuan Xu, Huanyu Long. Originally published in IMIR mHealth and uHealth (http://mhealth.jmir.org), 19.10.2020. This
is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in IMIR mHealth and uHealth, is properly cited. The complete bibliographic information,
alink to the original publication on http://mhealth.jmir.org/, as well as this copyright and license information must be included.

http://mheal th.jmir.org/2020/10/e21759/ JMIR Mhealth Uhealth 2020 | val. 8| iss. 10 [e21759 | p.53
(page number not for citation purposes)

RenderX


http://mhealth.jmir.org/2020/10/e21759/
http://dx.doi.org/10.2196/21759
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33074161&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH Wang et a

Original Paper

Using WeChat, a Chinese Social Media App, for Early Detection
of the COVID-19 Outbreak in December 2019: Retrospective
Study

Wenjun Wang', MD; Yikai Wang', MD; Xin Zhang', MD; Xiaoli Jia', MD; Yaping Li*, MD; Shuangsuo Dang", MD,
PhD
Second Affiliated Hospital of Xi'an Jiaotong University, Xi‘'an, China

Corresponding Author:

Shuangsuo Dang, MD, PhD

Second Affiliated Hospital of Xi'an Jiaotong University
157 Xiwu Road

Xi'an, 710004

China

Phone: 86 02987679688

Email: dangshuangsuol23@xjtu.edu.cn

Abstract

Background: A novel coronavirus, SARS-CoV-2, was identified in December 2019, when the first cases were reported in
Wuhan, China. The once-localized outbreak has since been declared apandemic. Asof April 24, 2020, there have been 2.7 million
confirmed cases and nearly 200,000 deaths. Early warning systems using hew technologies should be established to prevent or
mitigate such eventsin the future.

Objective: This study aimed to explore the possibility of detecting the SARS-CoV-2 outbreak in 2019 using social media.

Methods: WeChat Index is a data service that shows how frequently a specific keyword appears in posts, subscriptions, and
search over the last 90 days on WeChat, the most popular Chinese social media app. We plotted daily WeChat Index results for
keywords related to SARS-CoV-2 from November 17, 2019, to February 14, 2020.

Results: WeChat Index hits for “Feidian” (which means severe acute respiratory syndrome in Chinese) stayed at low levels
until 16 days ahead of thelocal authority’s outbreak announcement on December 31, 2019, when theindex increased significantly.
The WeChat Index values persisted at relatively high levels from December 15 to 29, 2019, and rose rapidly on December 30,
2019, the day before the announcement. The WeChat Index hits also spiked for the keywords “SARS,” “coronavirus,” “novel
coronavirus,” “shortness of breath,” “dyspnea,” and “diarrhea,” but these terms were not as meaningful for the early detection of
the outbreak as the term “Feidian”.

Conclusions: By using retrospective infoveillance data from the WeChat Index, the SARS-CoV-2 outbreak in December 2019
could have been detected about two weeks before the outbreak announcement. WeChat may offer a new approach for the early
detection of disease outbreaks.

(JMIR Mhealth Uhealth 2020;8(10):€19589) doi:10.2196/19589

KEYWORDS

novel coronavirus, SARS; SARS-CoV-2; COVID-19; socia media; WeChat; early detection; surveillance; infodemiology;
infoveillance

deathsglobally asof April 24, 2020 [4]. Early warning systems

Introduction should be established to prevent or mitigate future disease

An outbreak of pneumonia of unknown cause in Wuhan, the
capital of Hubei province, China, occurred in December 2019
[1]. Shortly, the cause was identified as anovel coronavirus[1]
that resembles severe acute respiratory syndrome (SARS) and
it was named SARS-CoV-2 [2,3]. The outbreak has become a
pandemic, with 2.7 million confirmed cases and nearly 200,000

https://mhealth.jmir.org/2020/10/€19589

outbreaks.

Traditional surveillance systems typically rely on clinical,
virological, and microbiological data submitted by physicians
and laboratories. Due to time and resource constraints, a lack
of operationa knowledge of reporting systems, and regulations
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associated with these systems, substantial lags between an
outbreak event and its report are common [5].

With the popularization of the internet and smartphones, an
increasing number of people use social media (eg, Twitter and
Facebook) to share information. Details of an event may have
been posted about on social media for severa days or even
months before it was reported through health institutions and
officia reporting structures. Internet-based search engines are
an important source for health information for people from all
walks of life. Analyzing data on search behaviors provides a
new approach for the detection and monitoring of diseases and
symptoms. Technologies using social media, search queries,
and other internet resources offer novel and economic
approaches for detecting and tracking emerging diseases and
such approaches (called infodemiol ogy and infoveillance) have
been successfully used in the cases of SARS[6], influenza[7],
and dengue [8]. Herein, we explored whether the SARS-CoV-2
outbreak in China could have been detected earlier through data
available on WeChat, a popular Chinese social media app.
Internet search queries from Hubel province were aso
investigated.

Methods

WeChat (called Weixin in China; Tencent Inc) is the most
popular social media app in Chinawith over 1 billion monthly
active users. WeChat Index, accessed on the WeChat app, is a
publicly available data service that shows how frequently a
specific keyword has appeared in posts, subscriptions, and
search on WeChat over the previous 90 days. Using WeChat
Index, we obtained daily data from November 17, 2019, to
February 14, 2020, for keywords related to SARS-CoV-2, such
as “SARS” “Feidian” (SARS in Chinese), “pneumonia,’
“fever,” “cough,” “shortness of breath,” “dyspnea,” “fatigue,
“stuffy nose,” “runny nose,” “diarrhea,” “coronavirus,” “novel
coronavirus,” and “infection” (raw datain Multimedia Appendix
1). The corresponding Chinese wordswere used for all keywords
except for “SARS’.

https://mhealth.jmir.org/2020/10/€19589
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Baidu is the dominant Chinese internet search engine. Baidu
Index (Baidu Inc) [9] can display how frequently a keyword
has been queried over a certain time period in a given region.
The keywords mentioned above were al so investigated through
Baidu Index for Hubel province.

The daily data were plotted according to time for each of the
keywords. As the outbreak is an isolated rather than recurrent
event and the cutoff value to detect an outbreak based on social
media and online search behavior is unknown, statistical
analyses were not performed. The outbreak was announced by
Wuhan Health Commission (WHC) on December 31, 2019; on
this day, the Chinese Centersfor Disease Control and Prevention
(ChinaCDC) becameinvolved in the investigation and response
[2]. If WeChat Index results for a keyword spiked or increased
before the day of the outbreak announcement, the keyword was
considered as a potential candidate outbreak sign [10].

Results

WeChat Index hits for “Feidian” stayed at low levels before
December 15, 2019, after which they increased significantly.
The WeChat Index results remained at relatively high levels
until the day before the outbreak announcement, when the
number of hits rose rapidly, reaching a peak on the day of the
outbreak announcement (Figure 1). The WeChat Index results
for “SARS’ were stable, except for the first three days in
December, with a peak on December 1, 2019 (Figure 1). The
WeChat Index hits for “coronavirus’ rose the day before the
outbreak was announced, with a peak on the day of the
announcement, followed by another peak after the novel
coronaviruswas officially announced asthe causative pathogen
of the outbreak by China CDC (Figure 1). From November 17,
2019, to December 30, 2019 (44 days), the WeChat Index results
also spiked or increased for “novel coronavirus,” “shortness of
breath,” “dyspnea,” and “diarrhea,” athough these terms were
not as meaningful for the early detection of the outbreak as
“Feidian” (Multimedia Appendices 2 and 3).
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Figure 1. WeChat Index results for the words Feidian, SARS, and coronavirus. The index results for “Feidian” began to rise on December 15, 2019
(dashed circle), persisted at relatively high levels until December 29, 2019, and rose rapidly on December 30, 2019, with a peak on December 31, 2019.
Theindex resultsfor “ SARS’ were atypical during thefirst three days of December, with apeak on December 1, 2019 (dashed circle). Theindex results
for “coronavirus’ began to rise on December 30, 2019, with a peak on December 31, 2019, followed by another increase on January 9, 2020. China
CDC: Chinese Centers for Disease Control and Prevention; Feidian: Chinese abbreviation of severe acute respiratory syndrome; NCIP: novel
coronavirus-infected pneumonia; NHC: National Health Commission of the People's Republic of China; SARS: severe acute respiratory syndrome.
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Date

The Baidu Index results for “Feidian,” “ SARS,” “pneumonia,”
and “coronavirus’ rose rapidly on December 30, 2019, the day
before the outbreak announcement. According to Baidu Index
results, no other keywords had an obvious increase from
November 17, 2019, to December 30, 2019 (Multimedia
Appendix 4).

Discussion

Principal Results

By exploring daily data from WeChat, a Chinese social media
app, we found that the posting and search frequencies of several
keywords related to SARS-CoV-2 deviated from typical

https://mhealth.jmir.org/2020/10/€19589

RenderX

frequencies ahead of the outbreak being announced in Chinain
December 2019. Of these keywords, “Feidian” is especialy
worthy of attention. In 2003, the SARS outbreak caused mass
panic among people in China and approximately half of the
victims were health care workers [11]. Since then, Chinese
physiciansareon the alert for SARS aswell assimilar diseases
[12]. If the clinical manifestations and chest images indicate
viral pneumonia and several similar cases occur in aregion in
a short period, heath care providers may think of SARS
(“Feidian” in Chinese). When suspected cases are admitted to
hospitals, the involved physicians may mention “Feidian” and
communicate on WeChat using thisword. This study found that
the frequency of the word “Feidian” in WeChat began to rise
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on December 15, 2019. According to publications regarding
early cases of laboratory-confirmed SARS-CoV-2 infections,
5-11 patients had symptom onset by this day; the earliest onset
wason December 1, 2019[1,2]. Furthermore, the WeChat Index
results for “Feidian” persisted at levels higher than those prior
to December 15, 2019, and they reached a peak the day of the
outbreak announcement. Altogether, the WeChat Index results
for the word “Feidian” offered a strong warning sign of the
developing SARS-CoV-2 outbreak. Using WeChat datain this
way may enable the early detection of future outbreaks; for
SARS-CoV-2, thisdataindicated an outbreak two weeksbefore
the outbreak announcement.

The frequency of the term “SARS’ in WeChat was unusually
high from December 1 to 3, 2019, compared to the days before
and after. According to Huang et a [13], the symptom onset
date of the first patient identified was December 1, 2019. It is
not clear whether thisfrequency abnormality isrelated to early
cases. If itis, it indicates the existence of cases prior to thefirst
reported one. The frequency of “novel coronavirus’ in WeChat
was abnormally high on December 11, 2019, with an index
value of 400. However, its baseline value (0 or 50) was very
low, so the index was sensitive to noise (Multimedia Appendix
3). The frequency of the word “coronavirus’ in WeChat rose
rapidly one day ahead of the outbreak announcement, so the
role of this keyword was limited in the early detection of this
outbreak. Asfor keywordsrelated to symptoms, these symptoms
are not specific to SARS-CoV-2 infection. Their increased
frequency may be associated with the emergence of COVID-19,
or it may be a coincidence. Although the other keywords
explored in thisstudy did not perform aswell as* Feidian,” both
these terms and keywords not explored in this study (eg, the
names of drugs used to treat SARS-CoV-2 infection) may still
prove valuablefor future outbreak detection and monitoring. A
previous investigation using Google Flu Trends showed that a
combination of several keywords was better than a single
keyword for making predictions [7].
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Multimedia Appendix 2

Keywords for which WeChat Index spiked or increased during the period from November 17 to December 30, 2019.
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Multimedia Appendix 3

WecChat Index curves for keywords related to SARS-CoV-2, other than “Feidian” and “ SARS".
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Abstract

Background: The use of location-based datain clinical settings is often limited to real-time monitoring. In this study, we aim
to develop a proximity-based localization system and show how its longitudinal deployment can provide operational insights
related to staff and patients’ mobility and room occupancy in clinical settings. Such a streamlined data-driven approach can help
in increasing the uptime of operating rooms and more broadly provide an improved understanding of facility utilization.

Objective: The aim of this study is to measure the accuracy of the system and algorithmically cal culate measures of mobility
and occupancy.

Methods: We developed a Bluetooth low energy, proximity-based localization system and deployed it in ahospital for 30 days.
The system recorded the position of 75 people (17 patients and 55 staff) during this period. In addition, we collected ground-truth
data and used them to validate system performance and accuracy. A number of analyses were conducted to estimate how people
move in the hospital and where they spend their time.

Results: Using ground-truth data, we estimated the accuracy of our system to be 96%. Using mobility trace analysis, we generated
occupancy rates for different rooms in the hospital occupied by both staff and patients. We were a so able to measure how much
time, on average, patients spend in different rooms of the hospital. Finally, using unsupervised hierarchical clustering, we showed
that the system could differentiate between staff and patients without training.

Conclusions:  Analysis of longitudinal, location-based data can offer rich operational insights into hospital efficiency. In
particular, they allow quick and consistent assessment of new strategies and protocols and provide a quantitative way to measure
their effectiveness.

(JMIR Mhealth Uhealth 2020;8(10):€19874) doi:10.2196/19874

KEYWORDS
localization; indoor; efficiency; Bluetooth; occupancy; mobility; metrics; smartphone; mobile phone

: particular process. For instance, when apatient visitsthe hospital
Introduction for surgery, a particular sequence is expected to be followed:
Background admission, preparation, anesthesia, operation, and recovery.

The patient progresses along this sequence by moving through
the different rooms and spaces of the hospital. Similarly, staff
movement is closely linked to organizational processes. Further,
these rooms are highly specialized locations and serve specific
clinical and operational functions.

Hospitals and clinical contexts are spaces in which physical
attributes are often closely linked to organizational procedures,
processes, and protocols. Thus, the movement of people within
a hospital can be thought of as the physical manifestation of a
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In this paper, we demonstrate how to take advantage of this
close link between physica movement and functional and
organizational processes in hospitals to generate operational
insights. Specifically, we show how capturing and studying the
longitudinal movement of people in a hospital can provide
insights into the operational characteristics and efficiency of
the hospital. We show multiple analyses where long-term
mobility patterns help us quantify a hospital’s operational
efficiency.

Hospitals are no strangers to localization technologies [1].
Indoor localization has seen dignificant technological
improvements in recent years [2]—the relatively inexpensive
Bluetooth low energy (BLE) beacons and Apple’'s iBeacon
standard have brought indoor localization closer to mainstream
use. Most of the applications in hospitals and clinical settings
have focused on process mining [3] or real-time localization
[4], that is, locating people or assets quickly and accurately.
However, the data collected by such rea-time systems are
typically discarded and not accumulated for long periods. One
reason for the lack of interest in longitudinal analyses is that
we currently lack a movement-centered representation that is
flexible enough to work with a variety of localization systems,
which aso allows researchers to study people's flow across
indoor spaces and rooms.

Yet, outside clinical settings and health care, an increasing
number of studies suggest that long-term localization data can
provide meaningful insights in workplaces where efficiency is
of the essence and where the flow of people and assets can be
optimized by studying and analyzing their movements. For
instance, construction sites aim to minimize the movement of
heavy assets to reduce hazards and ensure a safer working
environment, and researchers are currently working on similar
projects [5]. Similarly, hospitals have an interest in reducing
the downtime of operating rooms (operating rooms) asthey can
cost up to Aus $1500 (US $1063) per hour when in standby [6].
This means that hospitals are strongly motivated to develop
policies and standards that reduce the downtime of expensive
facilities such as operating rooms. However, it can be
challenging to accurately describe why facilities have downtime
or why patients have to wait for long periods.

Contribution

In this paper, we present a room- and movement-centered
analysis of longitudinal, indoor localization data, focusing on
the semantics of hospital rooms and their role in the workplace
workflow. By analyzing this data, we were able to measure the
occupancy levelsof different rooms, understand how muchtime
patients and staff spent in each phase of the treatment process,
and visualize and quantify the movement of patients and staff
over time. We present an overview of the system we devel oped
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and deployed, the challenges we faced, and the insights we
generated by analyzing the longitudinal movement data of staff
and patients. We tested and validated our approach in a
long-term deployment in the ward of a public teaching hospital
with 7 operating theaters. Previous works have looked at
gathering insights from indoor localization systemsin different
settings: music festivals [7], museums and galleries [8], and
clinical environments[9]. However, these works do not provide
along-term analysis, focusing instead on single-time events or
short-term data collection.

From atechnical standpoint, the contribution of our work isin
the development of algorithms that can analyze longitudinal
indoor localization data and generate high-level insights with
minimal training and without an understanding of the specific
application domain (eg, hospitals). Researchers in the field of
geographic information sciences have tackled asimilar challenge
of abstracting indoor spaces [10] from a theoretical point of
view, which has been shown to be useful in the modeling of
movements in clinical settings [11]. To the best of our
knowledge, this study isthe first to invert the role of Bluetooth
tags and anchor nodes in a longitudinal deployment. From a
clinical perspective, our work demonstrates how localization
systems can be used to generate operational and efficiency
measuresin clinical settings.

Methods

Overview

We devel oped a system that captures the movement of staff and
patients through the operating ward of a hospital, which spans
asingle upper floor. Our technological implementation, which
we describe next, considers arange of requirementsin terms of
range, precision, and power consumption. During our study,
the staff memberswe observed, including nurses, surgeons, and
technical staff, had arange of roles. We also captured patients
journeys through the various rooms of that ward, starting from
the reception room to the preoperative rooms (daily process
unity [DPU] for preparation) anesthetic rooms, operating rooms,
and recovery rooms before discharge.

On the basis of discussions and interviews with staff members,
we produced a directed graph, as presented in Figure 1, which
shows the expected journey of a patient in this ward, from the
moment they arrive at the reception to the time of discharge.
As part of our aim to quantify the operational performance at
this hospital, one of our objectives was to understand what the
true patient journey looked like as opposed to the expected
journey. This entailed looking at how much time each stage of
the journey took and where staff members spent most of their
time.
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Figure 1. Graph representing the expected journey of a patient through the ward.
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Indoor Localization System

Hospitals are logistically challenging environments where
efficiency and patient care are of utmost importance. Therefore,
tracking solutionsinvolving bulky devicesthat require frequent
maintenance and attention are not appropriate for such a setting.
Thus, the system we deployed had to be unabtrusive, effortless
to manage, and reliable. Given that rooms play an important
operational role in hospitals, we were only interested in
capturing location at the room level and not at a more granular
scale, such as the specific coordinates of the people being
tracked. Therefore, wewere ableto use aproximity-based indoor
localization system. These systems have been around for many
years [12] and have been used in a multitude of scenarios
without deploying substantial infrastructure[13]. Thefollowing
requirements had the most significant impact on our choice of
the localization system:

«  Proximity-based localization systemsrequirefixed hardware
at aknown location and mobile hardware that can infer its
location when it comes close to fixed hardware. Dueto the
hospital’s hygiene policies and their privacy requirements,
nurses, surgeons, and patients may not be carrying their
phones at all times. Further, patients who are about to have
an operation are not able to carry any devices. Therefore,
in our scenario, mobile hardware (or beacon) carried by
people could not betheir phone, and had to be alightweight
and noninvasive device that did not distract staff and
patients.

«  The equipment deployed throughout the theater needed to
have abattery life that kept them running and scanning the
surroundings for aslong as possible without reducing their
accuracy.

- Because emergencies often take place, a power socket
may suddenly become essential to staff members;
therefore, equipment should not immediately turn off
when unplugged.

http://mhealth.jmir.org/2020/10/€19874/
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- Staff members often cycle through different
departments in the hospital, making it hard to inform
and educate them regarding our ongoing localization
project. Staff membersareinstructed to keep the rooms
safe for patients, and any new equipment may seem
suspicious or new to the staff.

«  Similarly, patients might not be familiar with such
devices, asthey might unplug the anchor nodes or turn
off their tracking device.

«  We wanted to minimize the deployment of infrastructure,
which can be disruptive and costly. A number of
localization systems rely on Wi-Fi infrastructure, which is
already present. However, thisrequires peopleto carry their
own mobile devices, which is not aways possible or
desirable. Similarly, radio-frequency identification (RFID)
systems have been used for localization, but they tend to
have either avery short range of afew centimeters (passive
RFID) or be heavy and noisy (active RFID) [14].

Considering the above requirementsin terms of range, precision,
and power consumption, we developed a proximity-based
localization system that uses BLE [15]. The system consists of
Android smartphones deployed asfixed anchor nodes throughout
the hospital floor and RadBeacon Dot iBeacons [16] handed
out to patients and staff members, as shown in Figure 2. The
beacons are small and light enough to be attached to the staff
badge or patient bracelet. This potentially increases adherence
rates, as badges and bracelets are mandated to be worn at all
times.

Typicaly, BLE-based localization systems rely on beacons as
fixed anchor nodes and smartphones as carried devices [17].
Due to the constraints we have identified, we opted for an
inverted set up where staff members and patients carry a BLE
beacon, while smartphones act as fixed anchors strategically
placed throughout the hospital. To the best of our knowledge,
this is an approach that has not been tested before in a
longitudinal study.

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 10 |€19874 | p.62
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH

Marini et al

Figure 2. Beacons handed out to staff and patients; android devices that get mounted to the walls.

.

Software

We developed a custom Android app that continuously runs a
low energy scan to detect all nearby beacons. The app
continuously runs on the phone and locally stores the received
signal strength indication (RSSI) readings of the received
Bluetooth packets, along with the timestamp in epoch
milliseconds, the minor identification number of the iBeacon
emitting the packet, and the International Mobile Equipment
Identity of the smartphone itself. On a daily basis, each

smartphone uploaded a compressed data file containing the
collected data to our server. A web-based dashboard allowed
usto monitor our deployment, check the state of the smartphone
network, and check for irregularities or mistakes in the
smartphone and beacon labeling and configuration. Smartphones
sent a brief update on their own state, including the last group
of beaconsthey scanned, their battery level, and charging state,
to the dashboard every few seconds. A screenshot of the
dashboard is shown in Figure 3.

Figure 3. Snapshot of the web-based dashboard used to monitor the deployment and data collection. This was used to ensure the deployment runs as

expected.
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Beacon Configuration

According to the manufacturer’s specifications, the beacon
batteries can last between a month and more than a year,
depending on the signal power and the advertisement rate to
which the beacon is set. A lower power or advertisement rate
allows for longer battery life, but the beacon emits its identity
lessfrequently, meaning that in caseswhere abeaconismoving
very fast, the anchor point can miss it. Conversely, a higher
power and adverti sement rate improvesthe chances of abeacon
being detected at the cost of fairly short battery life.

Due to the way the hardware is built, the advertisement rate
needs to be set before the experiment. For this reason, we
conducted laboratory measurements to identify the optimal
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beacon settings for our scenario. We assumed beacons to be
moving at walking speed and wanted them to be detectable at
room-size distances, in our case, up to 5 m away. We configured
beacons at different advertisement rates (1 Hz, 5 Hz, and 10
Hz) and placed them at varying distances from an anchor node
(1 m, 2m, and 5 m). In Figure 4, we show the effect of these 2
variables (advertisement rate and distance) on how the anchor
node can detect those beacons (ie, the time between consecutive
received packets). Effectively, this is a measurement of the
number of packets lost. Given these experimental conditions,
weidentified that the optimum setting for our scenario, interms
of battery consumption and packet loss, is5 Hz. At afrequency
of 1 Hz, we observed an undesirable loss of packets, a a
frequency of 10 Hz, we observed no noticeable performance
improvement, whereas the drain on the battery doubled.
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Figure 4. Laboratory measurements for different beacon advertisement rates (1 Hz, 5 Hz, and 10 Hz) and distance between the beacon and anchor
node (1m, 2m, and 5m). We identified 5 Hz as the optimum setting, in terms of performance and battery consumption.
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nearest wall socket. Because our objective was to detect the
Deployment

The project was approved by the hospital’s Health Human
Research Ethics Committee. Each fixed anchor node comprises
aplastic container, as shown in Figure 2 containing an Android
HTC U1l smartphone. We deployed our anchor nodes
throughout the ward (Figure 5) and plugged them into the

presence of a beacon inside any given room, we placed 1 box
in each room of interest after confirming with the staff that the
box would not cause any inconvenience to them or the patients
and that a nearby power source was available. In most of the
rooms, the box was placed under a desk or mounted on awall.

Figure5. Unfiltered received signal strength indication readings and ground truth (gray line) for a single beacon moving across rooms. X-axis: time;
y-axis: room identifier; color: RSSI strength (blue: weak; red: strong). RSSI: received signal strength indication.

We handed out RadBeacon iBeacons to staff members (nurses,
theater technicians, and head theater technicians) who attached
them to their badges, as shown in Figure 6. Staff members are
mandated to carry their badges al the time, usually on their
front pocket, or sometimes in their bottom or trouser pocket.
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When abeacon was handed out, we made amanual spreadsheet
entry to link the beacon ID to the staff ID. This allowed us to
link the beacon ID to staff roles during our analysis. Staff was
instructed to keep the same beacon during the study and make
anew dataentry if they were issued a new beacon.
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Figure 6. Examples of how beacons were handed out. Strapped to a staff badge or to a patient's bracelet.
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Patients received their beacon along with their patient bracelets
(Figure 6), as part of the hospital standard admission procedure.
To identify patients, the hospital uses plastic bracelets, which
strapped to their wrists during admission and cut off when they
are discharged. When nurses gave a beacon to a patient, a
spreadsheet entry was manually made to link the beacon ID to
the patient ID. This alowed us to identify which beacon
belonged to which patient during our analysis.

Ground-Truth Collection

Before we began our main deployment, we wanted to validate
the data generated by the system. Ground-truth in localization
refers to the true coordinates of an entity being localized.
Ground-truth datamay be collected by researchersindependently
through reliable and verifiable means, and is used to validate
the correctness of the localization algorithm and fine tune its
parameters. We systematically collected ground-truth data in
multiple sessions. A researcher carried beacons with them and
traversed the space while manually logging their preciselocation
and exact time using a smartphone app. In total, we collected
ground-truth data from 18 sessions, each lasting about 15 min
and collected on asingle day. All sessionswere quite dynamic,
mesaning that the researcher moved continuously between rooms,
rather than remaining static at a single location. During these
sessions, we simulated realistic scenarios such aswalking down
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the halls, entering an operating room, roaming around the
surgery table, and eventually leaving and getting out of theward
and the tracked area.

Using this ground-truth data, we were able to use our system
and test various filtering and analysis techniques until the trips
captured by the system accurately reflected the ground truth.
We present our results in the next section.

Results

Our main deployment lasted for 30 days in September 2019.
The deployment consisted of 20 anchor nodes installed in
various rooms of the operating ward, including 7 operating
rooms. We collected atotal of 35 million packets emitted from
66 beacons handed out to 75 different people during this period.
Some beacons were reused, whereas otherswere replaced. They
weregivento 17 patients by reception nurses (who also retrieved
them when a patient was discharged), 15 nurses, and 7 theater
tech staff.

Collected Raw Data

Atthemost basic level, our system capturesraw signal strength
data, also known as RSSI. For example, Figure 7 shows the
RSSI for beacon 585 in the operating room.
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Figure 7. Received signa strength indication for asingle beacon in asingle room for aperiod of 3 min. A stronger signal suggests that the beacon was
closer to the anchor node. RSSI: received signal strength indication; OR: operating room.
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Thereissubstantial literature on how to use Bluetooth for indoor
localization purposes, and the reported applications range from
a simple but less accurate triangulation [18] to more accurate
but laborious finger-printing [19]. For our purposes, we were
interested in making room-level inferences about individuals
presence because rooms are strongly linked to organizational
processes. Thismeansthat we did not need to use triangulation
(which requires the deployment of multiple anchor nodes), but
could rely on single proximity measurements to infer the room
within which an individual is. Bluetooth measurements are
notoriously prone to unreliable RSSI readings [20] because of
the physical nature of electromagnetic signas. The
measurements can be aff ected by the mere presence of ahuman
body or furniture, and especially walls and floors can attenuate
the received signa thus altering the final RSSI reading. We
actually used these limitations to our advantage by effectively
trapping the signal within our areas of interest, and took
advantage of the fact that signals traveling through walls are
substantially reduced in strength.

Although walls and floors work as natural filters, a post hoc
filter is still necessary because open doors or larger rooms can
cause the signal to bounce off the walls and end up in an
adjacent room. We visualize thisphenomenonin Figure 8, where
we show the raw data collected by all anchor nodes in a span
of 13 min for beacon 585. In this graph, we show aong the
y-axis the room identifier where beacon 585 was actually
detected. The colored circlesindicate the detection and strength
of the signal, with purple showing a weak RSS| and red
indicating a strong RSSI. The graph shows a gray line
corresponding to the true path (ground truth) that the beacon
took through space during this 13 min. As the beacon moved
between rooms (gray line), multiple anchor nodes were able to
detect that beacon (colored circles). The graph also shows that
while the beacon isin a particular room, the signal strength for
the anchor nodein that room ishigher (bright red circles). Given
the amount of noise in this data, we needed to apply filters to
estimate the path of the beacon through the various rooms of
the hospital.

Figure 8. Unfiltered RSSI readings and ground truth (grey line) for asingle beacon moving across rooms. X-axis: time; y-axis: room identifier; colour:

RSS! strength (blue: weak; red: strong).
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L ocalization Accuracy

Bluetooth-based positioning often uses Kalman filtersto smooth
the RSSI values and remove outlier readings. Previous work
[21] shows that athough it can improve accuracy, in certain
cases, a median filter can work just as well, but it does not
modify the data. The purpose of filtering is to remove noise so
that the location of a person in aroom can be confirmed at the
correct time and with significant signal strength. We evaluated
3 different filters and compared their results with our collected
ground-truth data. Figure 9 shows how the different filters
smoothed the signal for the data presented in Figure 7. The

Marini et al

Kaman and Savitzky—Golay filters (second and third row) were
applied using their respective R package, whereas the median
filter (fourth row) was manually implemented to maximize
flexibility. As expected, the results in Figure 9 show that the
Kaman and the Savitzky—Golay filtersfit the data correctly but
fail to smooth out the signal fluctuations enough to provide a
clear pattern, whereas the median filter provides a smooth
estimate that makes it more appropriate for comparison. In our
case, we desired smoothed values because if the data from
different rooms fluctuate substantially, then we were likely to
have interference and infer that the beacon was moving back
and forth between the 2 rooms.

Figure 9. Comparison of three approaches to filter received signal strength indication data. RSSI: received signal strength indication; OR: operating

room.
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Next, we needed to determine (1) whether we should use median
filtering on its own or combine it with another filter and (2)
what timewindow our median filter should use. These decisions
were made based on the analysis shown in Figure 10, where we
show the performance of the median filter when applied to the
raw data and prefiltered data. We aso investigated the effect
of different window sizes (between 2 and 60 seconds). Our
results show that the addition of a Kalman or Savitzky—Golay
to the median filter did not improve the accuracy. This means
that our median filter was robust. We also observed that when
using a smaler median time window, the resulting readings
fluctuated considerably, which may lead to interference across
adjacent rooms. On the other hand, alarger median time window
could filter out most of the noise and short bursts of high RSS
packets, but in turn, it also lost the ability to detect granular
movement; a 60-second window will inevitably miss smaller
eventsof 10 or 20 seconds. For instance, a staff member visiting
a particular room for 20 seconds, and then moving to another
room may not be detected using a 60-second filtering window.
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We used our ground-truth data to evaluate the accuracy of our
system using a range of different window sizes. There is no
universally accepted approach to measuring the accuracy of
data such as ours. Therefore, we adopted an approach in which
we penalized our system for inferring the wrong location at any
given time, but we did not consider the magnitude of the error.
To measure the system accuracy, we split the time series into
intervals of 1 second and compared the ground-truth data with
the reconstructed trace using a string comparison agorithm
(Jaro-Winkler with aprefix scale of 0.25 and cosine distances)
[22].

We observed that the optimum filtering window size was 15
seconds with the median filter, giving an accuracy of 96%. For
smaller window sizes, the accuracy drops by up to 10%. We,
therefore, used thiswindow sizein all our subsequent analyses,
meaning that visits to a room that lasted less than 15 seconds
may not be captured, but we will have stronger confidence in
the visits that do indeed get captured.
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Figure 10. Comparison of using only the median filter (green line) versus using it in conjunction with other filters (red and blue). We test performance

at different window sizes. RSSI: received signal strength indication.
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Visualization of M ovement

Figure 11 shows how our trace reconstruction process was
compared with the ground truth. This figure uses the same
dataset that we have used in all previousfigures so far. We note
that this graph shows data for 12 min during which time the

5295 09

90 100 110 120 130 140 150

position of the beacon wasinferred to bein the wrong room for
about 30 seconds. We also observe that our estimate sometimes
appears to be dlightly offset from the ground truth, suggesting
that transitions between rooms were shifted by a few seconds

rather than misclassified, meaning that our approach would not
substantially affect the longitudinal analysis.

Figure 11. Trace reconstruction from our data, as compared to ground truth (grey line).
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Using this trace reconstruction approach, we then turned to
visualize and analyze data for longer periods. In Figure 12, we
show the movement of asingle nurse during aperiod of 10 days.
From this graph, we can make a number of inferences. First,
we can see that the nurse typically was at the operating ward
from 9 am to 5 pm, and we can also identify the days when she
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was not there (eg, weekends). We can also see that she appears
to spend more time in certain rooms (eg, 22-holding), whereas
she rarely visited other rooms (eg, 12-OR2). We can also see
differences in the patterns between days. For instance, on
Monday and Tuesday, the nurse spent alot of timein room OR5
(operating theater 5).
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Figure 12. A reconstructed trace for asingle nurse over a 10-day period. X-axis. date/time; y-axis. room.
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Thisgraph demonstrates 2 things. Firt, it highlightsthe richness
in the collected data and indicates the types of inferences that
can be made from the data's temporal and spatial dimensions.
Second, it demonstrates how visualizing movement traces does
not scale, and indeed it becomes impractical to attempt to
visualize all collected data during the whole month. Therefore,
we must develop waysto summarize all our reconstructed trips
and find meaningful ways to interpret data over long periods.

Operational Insights

Representing the data as a time series of room-based events
makes it easy to visualize patterns in the way people move
through the spaces. Figure 12 shows the reconstructed traces of
asingle nurse for 10 days. In this figure, we can identify the

Figure 13. Room occupancy of nurses over aweek.
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daily and weekly patterns of the nurse and identify the rooms
where most of the time was spent. We repeated this process,
and in our analysis, we reconstructed all trips for all beacons
and people across the entire duration of the study. Due to the
richness of the data, it becomes inconvenient to visualize the
datafrom all participantsin this manner. Therefore, we sought
alternative visualizations that could more clearly highlight
patterns for the entire dataset. We achieved this by visualizing
the occupancy rates of different rooms by different types of
people. In Figures 13 and 14, we visualize the amount of time
spent in each room by nurses and patients. This visualization
confirms that there is a clear distinction between nurses and
patients and the way they share their time across rooms during
the week.
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Figure 14. Room occupancy of patients over a week.
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All patients in this study were daily cases and therefore spent
most of their timein the DPU room. Relatively speaking, only
asmall fraction of their time was spent in the operating room
or the anesthetic room. In addition, this visualization indicates
that some operating rooms were used more than others. For
instance, OR1 was often used multiple times in the lapse of a
week, whereas the same cannot be said of OR6.

It isimportant to highlight that our deployment did not recruit
100% of staff and patients. Thismeansthat it can be misleading
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to calculate the absolute occupancy rates of rooms. For this
reason, in Table 1, we show how much time in total was spent
in a given room by different types of people during our
deployment. A person-day consisted of 86,400 seconds (ie, 24
hours) of presence by asingle person. Thisisamore meaningful
metric that can be used to compare across rooms. Here, we see
that OR1 had the highest occupancy by staff, and the DPUs had
the highest occupancy level s during our deployment. In addition,
we see how much time, on average, patients spent in different
rooms.
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Table 1. Occupancy of different rooms, measured in person-days. Overall occupancy was made up of staff occupancy plus patient occupancy levels.

Room Overall occupancy Staff occupancy Patient occupancy
28, reception 0.93 0.49 0.44
18, AR 0.53 0.47 0.06
30, AR2 0.57 0.54 0.03
27, AR3 0.42 0.40 0.02
25, AR4 0.23 0.22 0.01
17, AR5 0.23 0.19 0.03
21, AR6 0.09 0.09 0
23 ORV1 1.39 137 0.02
12, OR2 0.34 0.34 0
16, OR3 0.26 0.25 0.01
13, OR4 0.16 0.14 0.02
26, OR5 0.83 0.81 0.01
31, OR6 0.87 0.87 0
33, 0R7 0.45 0.45 0
14, DPUCL 2.94 0.60 233
24, DPU2 343 0.65 2.78
34, disposal 0.46 0.46 0
22, holding 0.45 0.45 0
15, recovery 2 0.16 0.15 0.01
29, recovery 1 0.65 0.61 0.04
20, hallway 011 0.10 0.01

8AR: anesthetic room.
bOR: operating room.
°DPU: daily process unity.

From our analysis, we could calculate how much time, on
average, patients spent in different rooms of the hospital, which
is indicative of how long each stage of the process took. For
instance, we find that patients spent an average of 42 min (SD
55 min) at reception, 8 to 50 min in an anesthetic room (SD
5-28 min), 5t0 20 minin an operating room (SD 2-8 min), 6to
9 min in recovery (SD 2-8 min), and 3 to 4 hours (SD 14-22
hours) in the DPU before they were discharged.

Finally, our results show that each person may spend adifferent
amount of time in different rooms. Effectively, the variations
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RenderX

to these patterns can be thought of asasignature of the person’s
role and function. To demonstrate this, we applied a very
simplistic, unsupervised clustering to the data from Figures 13
and 14, and the results are shown in Figure 15. We fed the
clustering algorithm an array of occupancy rates that describe
how each person spent their time across different rooms. The
algorithm then clusters people based on these values (shown as
the dendrogram on the y-axis). We found that the algorithm,
without any additional input or training from us, could identify
2 clusters of patients and 2 clusters of staff (medical staff and
technical support staff).
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Figure 15. Using hierarchical clustering to group people and rooms into similar clusters. The data used for clustering is the time spent per room by
each person tracked. NSxx: medical staff; Pxx: patients; TTxx/HTxx: technical staff.
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Discussion

Indoor Localization in Clinical Settings

The use of indoor localization technologiesis not new to clinical
settings. In the past, most of the applications in hospitals and
clinical settingsfocused on real-timelocalization. In fact, there
are multiple commercia systems or indoor localization
technologiesin clinical settings. For instance, IBM developed
the Real-Time Asset L ocator

System that relies on ultrasound provides high spatial accuracy
at a substantial infrastructure investment [23]; asimilar system
was devel oped by CenTrak using Bluetooth to providerea -time
localization services [24]. In addition, a number of research
papers have investigated the use of Bluetooth for rea-time
localization [25], while also focusing on particular spaces such
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asoperating rooms[26] or particular patients, such as newborns
[27].

The popularity of rea-time localization systems is increasing
because they can provide anumber of valuable capabilities. For
instance, they alow staff to quickly call for help, raise aerts
when a patient has wandered into an inappropriate room, and
quickly find maobile equipment or assetswhen needed. However,
these systems do not typically provide an aggregated overview
and analysis of operational measures and do not provide enough
information to make grounded judgments about the processes
being followed in the hospital. For this reason, hospitals
typically undergo short, intense bursts of observations to map
their activities and movements. These typically last acouple of
weeks and rely on manual data collection, which can be costly,
time-consuming, and subject to the observer effect. In addition,
some systems such as TimeCarT [28] do allow staff to indicate
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their location and activity, but this requires ongoing manual
data entry, which can be time-consuming for staff.

Manual observation stints remain popular because longitudinal
data are useful for measuring and improving efficiency. In fact,
in other process-based disciplines, efficiency has beenimproved
using longitudinal analyses, including public transport [29],
traffic routing [30], and construction [5]. Therefore, our paper’s
premiseisthat analyzing long-term mobility patterns can help
us quantify ahospital’s operationa efficiency in multiple ways.

System Performance

System accuracy was assessed using our ground-truth data
before the main deployment. During the deployment, we
considered the reliability and robustness of the system. In
general, we found that the system accuracy was consistently
high across all ground-truth tests (96%) in terms of room-level
localization [31]. During the actual deployment, there were a
number of challenges faced. For example, some staff lost or
misplaced their beacon and had to be issued another one. In
these cases, we noted the time when the old beacon was lost
and when the new beacon was issued, and these 2 data points
allowed us to seamlessly analyze the movement of any staff
member. However, these incidents point to a weakness of the
system and indoor localization in general [32], in that it does
not work for people who do not carry their tags. We also found
that our algorithm seems to identify trips that are temporally
shifted by a few seconds from the ground truth. Thisis a side
effect of using a temporal window to apply the median filter
[33,34], and we believe that in terms of longitudinal analysisit
does not significantly affect the findings. We also found that
the sampling rate of the beacons was adequate, and the beacons
did not face any battery or power issues during our deployment,
as expected [35].

Operational Insights

Our study demonstrates how longitudinal data from a
proximity-based localization system can befiltered, aggregated,
and analyzed to estimate relevant operational metricsrelated to
mobility and occupancy rates. Specifically, we showed that the
system could estimate how much time, on average, patients
spent at each stage of their treatment process, which roomsthey
spent the most time in, and which stage seemed to take most
time. With alarger sample, it would be possible to break down
these results by particular conditions (eg, heart surgery and hip
surgery) and identify trends or outliers within those.

Our system could also provide the same metrics for staff, and
we could estimate where the staff spent their time and identify
daily and weekly patterns in their behavior. We showed that
different types of staff (medical vstechnical support) exhibited
different movement patterns, and in fact, a smple hierarchical
clustering was able to identify the presence of these 2 staff
groups.

These metrics can be used to assess the impact of anew strategy
or protocol in the hospital. For instance, the metrics can be
compared before and after anew scheduling systemisdeployed
at the hospital. The comparison could be used to judge whether
patient journeys are affected (eg, they spend less time at
reception) and whether staff working patterns have substantially
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shifted (eg, staff spends relatively more of their time in the
operating theater). In addition, it isalso possibleto characterize
and study the behavior of other relevant subgroups of staff, such
as junior medical staff. Their behavior can be aggregated and
analyzed to identify how and where they spend their time, and
to ensure that their time is spent effectively and with adequate
support.

L ocalization Technologies and Representations

From a localization standpoint, our work does not break new
ground in termsof accurately determining the location of people.
Perhaps one unique aspect of our work is our decision to use
an inverted deployment, whereby Bluetooth tags were given to
people, and phones were glued to the wall. Typicaly, the
opposite occurs; for example, in music festivals[ 7] or museums
and galleries [8], Bluetooth tags are installed near items of
interest while people carry phones that display information for
nearby items. Our decision meant that there was minimal
disruption to staff and patients, who had to ssimply carry alight
Bluetooth tag.

However, a technical contribution of our work is our
development of a movement-centered representation that is
flexible enough to work with a variety of localization systems
and settings. This allows our system to be easily redeployed to
other settings, such as schoals, universities, and galleries, with
minimal changes. This is possible because we have devel oped
adatarepresentation that allows usto calculate all the measures
we have presented in this paper, but which remains agnostic of
the space and environment where the deployment takes place.
Effectively, this representation allows researchers to study
people's flow across abstracted rooms and spaces. Our work
bears a resemblance to temporal abstraction rules [10], which
can be applied to a variety of environments [36], for example,
previous research [11] on a knowledge-based temporal
abstraction of clinical phenomena. However, thisapproach relies
on time-stamped clinical data, which are, in part, electronic
patient records. Similarly, work on business process
management [37] relieson electronic recordsto model corporate
operations and functions, and recently, this work has been
applied to clinical settings [38].

Our work, on the other hand, could capture information that
was not necessarily part of electronic patient records, and which
would be too costly to acquire manually. By capturing
movement, we could make inferences about patient journeys
and staff work practices. Similar work has recently looked at
using Bluetooth to assessthelevel s of physical activity of people
moving inside buildings and consider abstract spacesin graph
form [9]. That work was confined to a handful of small trials,
each lasting a few minutes, whereas our deployment lasted a
month and had dozens of participants. Nevertheless,
conceptually, our work used asimilar approach to model space
in an agnostic manner and captured peopl €' stransition between
the various spaces being observed.

Limitations

The deployment we report took place at asingle hospital, lasted
30days, and did not include all patients and staff at the hospital.
We expect that a different hospital or setting might pose
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different challenges to the study. Still, we also point out that
our agorithm analyses do not rely on any particular
characteristic or aspect of the hospital itself. We aso
acknowledge that our data are sparse, meaning that there were
many patients and staff that did not have a beacon in our study
and were not observed by the system. For thisreason, we argue
that absolute occupancy rates were not particularly meaningful
in our case per se, but we could still compare rooms in terms
of how much time our participants spent there, which is a
relative measure. Finaly, the deployment period was not long
enough to capture any potential seasona effects or any
substantial changes to the policies and protocols used at this
hospital. A long-term deployment, possibly as part of an A to
B study design, would generate more insights on that front.

Marini et al

Conclusions

In this paper, we described the development, deployment, and
evaluation of an indoor localization system for hospitals and
clinical settings. We demonstrated how the analysis of
longitudinal data could provide operational insights regarding
how people inside the hospital move, where they spend their
time, and how much do various rooms get occupied. We also
discussed how these metrics can be adapted to measure anumber
of clinical efficiency measures and how they can be used to
evaluate changes to policies and protocolsin these settings. As
part of our future work, we plan to extend our system’s
algorithms to evaluate the accumulated exposure of clinical
staff to infected patients, particularly during the COVID-19
crisis.
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Abstract

Background: Adolescenceisanimportant life stage for the development of healthy behaviors, which have along-lasting impact
on health across the lifespan. Sleep undergoes significant changes during adolescence and is linked to physical and psychiatric
health; however, sleep is rarely assessed in routine health care settings. Wearable sleep electroencephalogram (EEG) devices
may represent user-friendly methods for assessing sleep among adolescents, but no studies to date have examined the feasibility
and acceptability of seep EEG wearablesin this age group.

Objective: The goal of the research was to investigate the feasibility and acceptability of sleep EEG wearable devices among
adolescents aged 11 to 17 years.

Methods. A total of 104 adolescentsaged 11 to 17 years participated in 7 days of at-home sleep recording using a self-administered
wearable sleep EEG device (Zmachine Insight+, General Sleep Corporation) as well as a wristworn actigraph. Feasibility was
assessed as the number of full nights of successful recording completed by adolescents, and acceptability was measured by the
wearable acceptability survey for sleep. Feasibility and acceptability were assessed separately for the sleep EEG device and
wristworn actigraph.

Results: A total of 94.2% (98/104) of adolescents successfully recorded at least 1 night of data using the sleep EEG device
(mean number of nights 5.42; SD 1.71; median 6, mode 7). A total of 81.6% (84/103) rated the comfort of the device as falling
in the comfortable to mildly uncomfortable range while awake. A total of 40.8% (42/103) reported typical sleep while using the
device, while 39.8% (41/103) indicated minimal to mild device-related sleep disturbances. A minority (32/104, 30.8%) indicated
changes in their sleep position due to device use, and very few (11/103, 10.7%) expressed dissatisfaction with their experience
with the device. A similar pattern was observed for the wristworn actigraph device.

Conclusions. Wearable sleep EEG appears to represent afeasible, acceptable method for sleep assessment among adolescents
and may have utility for assessing and treating sleep disturbances at a population level. Future studies with adolescents should
evaluate strategies for further improving usability of such devices, assess relationships between sleep EEG—derived metrics and
health outcomes, and investigate methods for incorporating data from these devices into emerging digital interventions and
applications.

Trial Registration: Clinical Trials.gov NCT03843762; https://clinicaltrials.gov/ct2/show/NCT03843762

(JMIR Mhealth Uhealth 2020;8(10):€20590) doi:10.2196/20590
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Introduction

Adolescence is a critical period in human development,
associated with rapid physical growth, brain and cognitive
development, and marked changes in social roles as youth
transition from dependent roles within their family of origin to
the independence of adulthood. Given the importance of these
developmental processes for shaping adult behavior,
interventions supporting healthy behaviors during adolescence
may be particularly likely to improve and support health
outcomes across the lifespan [1]. Sleep is one health behavior
that undergoes significant alternationsin adolescence, including
shiftstoward shortened sleep periods, delayed circadian rhythms,
and changesin sleep architecture, including reductions in deep
deep (ie, low wave sleep [SWS]) [2]. Poor sleep during this
period isassociated with risk for detrimental physical and mental
health outcomes such as higher rates of obesity and onset of
psychiatric disorders [3], which in turn may place individuals
at risk for a range of diseases over the long-term, including
cardiometabolic illness and cancer, and result in high rates of
health care use and socioeconomic costs [4].

Degspite the centrality of sleep to health in adolescence and
beyond, sleep health among adolescents is rarely adequately
assessed or treated in routine health care settings. For example,
in pediatric primary care, the most common setting in which
adolescents interact with health care providers, screening for
sleep problems is infrequent, and when it does occur, it is
typically limited in scope and subject to reporter bias (ie, one
guestion to the adolescent or parent querying whether sleep
concerns are present) [5]. Barriers to thorough and accurate
sleep assessment are myriad and include lack of awareness of
theimportance of sleep among both patients and physicians[6]
aswell asthe cost, invasiveness, and inaccessibility associated
with polysomnography (PSG), the gold standard evaluation of
dleep [7]. Thus, identifying and combating sleep disturbances
in adolescence—along with their varied and profound
consequences—requires anew approach that supports accurate,
convenient, low-cost sleep assessment that can be deployed at
the population level in real-world, health care settings.

With therise of mobile health (mHealth), wearable technol ogies
have offered unigue opportunities to assess and shape health
behaviors among adolescents [8-10]. For this age group
specifically, researchers have long touted the importance of
feasible, at-home collection of sleep information using devices
that are acceptable to adolescents, in part due to PSG-related
alterationsto sleep (eg, diminished sleep quality) that occur for
youth in clinic or laboratory settings [11]. This led to the
widespread research use of wristworn activity monitors, such
asactigraphs, to assess sleep behaviorsin pediatric populations
[12,13], followed by popular use of commercial grade devices,
such as Fitbit or Garmin watches, that estimate sleep based on
activity patterns[14]. However, because these devices estimate
sleep based on other metrics (eg, movement, heart rate) rather
than providing a direct measure of deep (ie
electroencephalogram [EEG]), wristworn devices tend to
underestimate some important sleep parameters, particularly in
those with disturbed sleep (eg, frequency/duration of night
awakenings) [13], and significantly deviate from EEG devices
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in their estimation of transitions between sleep stages (ie,
between light, deep, and rapid eye movement [REM] sleep).
Specifically, a recent study found that wristworn devices
overestimate the probability of remaining in a specific sleep
stage and underestimate the probability of transitioning between
sleep stages[15].

To address this limitation, ambulatory (at-home) full PSG was
developed and has been used in pediatric research settings[11]
to characterize maturation of dleep architecture across
adolescence [16,17] aswell aslinks between sleep and healthy
behaviors (eg, exercise, nutrition) [18-20], psychiatric [21] and
physical [22] health, and academic and socia functioning
[18,23] during this developmental period. However, these
devices remain expensive and require medical professionals or
trained research staff to administer, restricting their utility in
routine care settings and at the population health level.
Consumer-grade wearables incorporating a single or a few
channels of EEG have been developed to assess sSleep
architecture in the home environment and are relatively low
cost compared with traditional and ambulatory PSG [24].
Obtaining recordings with these devices can be achieved by the
subjects themselves without the involvement of a PSG
technologist. This is possible because they obtain EEG data
exclusively from outside the hairline (typically from the
forehead and sometimes the mastoids), whereas obtaining scalp
EEG data from the usual locations employed for in-laboratory
studies involves placing electrodes within the hairline, which
requires a PSG technologist involvement in order to obtain
adequate recordings. Some provide automatic scoring of sleep
behaviors and architecture that are user-friendly for patients
and providers [25,26]. Among adults, consumer-grade sleep
EEG wearables have been used in research and clinic settings
[27,28]. However, thefeasibility and acceptability of collecting
sleep data using self-administered, consumer-grade sleep EEG
wearables among adolescents is currently unknown.

This study had two aims. First, we examined the feasibility of
collecting sleep data using a self-applied, at-home, wearable
sleep EEG recording device among adolescents aged 11 to 17
years. We hypothesized that most adolescentswould be capable
of recording sleep EEG at home (ie, successfully recording at
least 1 night), and indeed, record sufficient data to provide a
stable measure of sleep architecture and physiology (ie, at least
3 nights of successful recording [29]). We simultaneously
collected information about sleep behavior using a device
previously associated with high feasibility and acceptability in
this age group (ie, wristworn actigraph [13]) and hypothesized
that most adolescents would be able to record sufficient datato
provide a stable measure of sleep behavior with this method
(ie, at least 5 nights of successful recording [30]). We included
both sleep EEG and actigraphy measures to demonstrate the
feasibility of collecting data about multiple aspects of sleep (ie,
sleep physiology and architecture via sleep EEG and 24-hour
deep behavior and circadian activity patternsviathe actigraphy)
viawearablesin this age group. In addition, multiple nights of
sleep data were collected due to prior research suggesting that
the stability of sleep measures increases with more nights of
collection [29,30]. Second, we examined the acceptability of
the wearable sleep EEG device among adolescents and
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hypothesized that these devices would be associated with high
ratings of acceptability including a high frequency of
endorsements of study satisfaction (>50%, or majority, of the
sample) and alow frequency of endorsements of significant (ie,
moderate to severe) device-related sleep disturbances and
discomfort (<50%, or minority, of the sample). Again, we
conducted a parallel query about the acceptability of a
commonly used wearable in this age group (wristworn

actigraph).
Methods

Participants

Adol escents between the ages of 11 yearsO monthsand 17 years
11 months were recruited through online and school
advertisements, a participant contact database maintained by
the Duke ADHD (Attention-Deficit/Hyperactivity Disorder)
Program, and word of mouth. Inclusion criteria included the
ability to follow written and verbal instructions in English,
access to asmartphonein order to complete daily sleep diaries,
and ability to comply with al study regquirements and
procedures. Because wewereinterested in evaluating feasibility
of wearable sleep EEG device use among typical adolescents
drawn from the community (rather than a clinical sample),
participantswere excluded if they indicated adiagnosis of sleep
apnea or periodic leg movement syndrome, current use of
prescribed or over-the-counter sleep aids (eg, sedatives,
melatonin), diagnosis of an acute or chronic medical illness or
use of medication that may interfere with sleep as determined
by the research team, and/or inability to comply with study
requirements. If subjects were currently taking melatonin
supplements on an as-needed basis (ie, not daily), they were
given the option to initiate a 7-day washout period in order to
participate in the study (n=2). Participants and their guardians
were compensated up to $200 for completing all study-related
activities. Compensation was not based on the usability of data
provided by participants. This study was approved by the Duke
University School of Medicine ingtitutional review board and
registered with ClinicalTrials.gov [NCT03843762], and the
study protocol was conducted according to Good Clinical
Practice standards.

Procedure

After passing a brief prescreen assessment via telephone,
participants attended an in-person intake visit accompanied by
aparent or legal guardian. During the intake visit, participants
and guardians signed an electronic informed consent form.
Verbal assent was obtained from children younger than age 12
years. Eligible participants were provided with a sleep EEG
device and actigraph and given detailed instructions on how to
use and care for both devices. Specifically, participants were
instructed to wear the actigraph on their nondominant wrist 24
hours a day for the study duration unless the device was going
to be submerged in water, in which case participants were asked
to remove the actigraph for as little time as possible. In order
to ensurethat the sleep EEG deviceswere used properly, astudy
coordinator reviewed the step-by-step instructions located in
the device manual with each participant. Participants were also
provided with a copy of the manual and directions on how to
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locate additiona instructiona videos on the manufacturer's
website.

Sleep recordings were collected for 1 week beginning the
evening of the in-person intake visit. In addition to using the
wearable devices, participants also completed an electronic
sleep diary each morning via Research Electronic Data Capture
(REDCap), a secure web platform. The link to the daily sleep
diary was sent each morning via text message, and an evening
reminder was sent automatically if the diary was not compl eted.
As is standard procedure for actigraphy [13], the sleep diary
was used to ensure completeness of data collected by the
wearable sleep devices. On day 8 of using the wearables,
participants and their guardians completed an in-person
follow-up visit, during which the actigraphs and sleep EEG
devices were collected and adolescents completed a survey
guerying device acceptability via REDCap.

M easures

Wearable Sleep Devices

Sleep EEG was collected using a Zmachine Insight+ device
(General Sleep Corporation). The Zmachine Insight+ is a
single-channel EEG device with accompanying software that
provides sleep staging scoring [25,26]. Participants were
instructed to place one disposable (ie, one-time use) sensor
behind each ear and one on the center of their neck directly prior
to getting into bed each evening, and remove the sensors
immediately following their final awakening. Sensors were
connected to the Zmachine Insight+ device via wires, and
participantswereinstructed to place the device next to their bed
on abedside table or similar. Actigraphy was collected using a
wGT3X-BT (ActiGraph LLC) worn on participants
nondominant wrists. These actigraphic devices are easy to use,
acceptableto adolescents, sufficiently reliable and valid to assess
sleep behavior, and commonly usedin clinical research settings
[13]. The daily Consensus Sleep Diary queried previous night
bedtime, sleep-onset latency, wake time during the night, time
of final awakening, and final rising time [31].

Feasibility and Acceptability of Wearable Sleep Devices
Feasibility was evaluated by the rate of study completion and
the number of nightswith viable data (full/compl ete recordings).
Acceptability was assessed using the Wearable Acceptability
Survey for Sleep (WASS; Multimedia Appendix 1) devel oped
by authors JRLA and ADK. This 10-item scale is designed to
optimize face validity and measures comfort of wearable sleep
devices while asleep and awake, sleep disturbances resulting
from device use, and satisfaction with the devices. Thefirst 3
questions were adapted from those developed by ADK and
colleagues for a previous study [32], and the scale was further
expanded upon with 7 additional itemsby JRLA and ADK [33].
Acceptability of deep EEG and actigraphy were queried
separately. Internal consistency of the scaled items (items 1, 2,
3, 7, and 8) was high when queried about actigraphy (Cronbach
alpha=.79) and EEG (Cronbach alpha=.80). This measure has
not been previously published.
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Results

Demogr aphics of the Sample

A total of 123 adolescentsand their guardians expressed interest
in study participation and completed an eligibility prescreening
viatelephone. Of theseindividuals, 3 were excluded due to use
of deep medications and 13 declined to participate in the study
following the phone screen. A total of 107 participants
completed the initial in-person visit. One individual attended

Table 1. Demographics of the study sample (n=104).

Lunsford-Avery et d

the in-person visit but declined participation following the
consent process. Two additional individuals compl eted the study
in full but are not included in this analysis due to difficulty
retrieving the devices attributabl e to circumstances surrounding
the novel coronavirus (ie, North Carolina COVID-19
shelter-in-place order), leaving afinal sample of 104. See Table
1 for a summary of the demographics of the sample, which is
reflective  of the  population  demographics  of
Raleigh-Durham-Chapel Hill, North Carolina.

Characteristic Value
Agein years, mean (SD) 14.43 (1.77)
Sex, female, n (%) 49 (47.1)
Race, n (%)
African American 29 (27.9)
White 67 (64.4)
Asian 3(2.9)
Native American 1(1.0
Morethan 1 race 4(3.8)
Ethnicity, n (%)
Hispanic 7(6.7)
Non-Hispanic 97 (93.3)

Feasibility of Wear able Sleep Devices

All participants (100%) who enrolled in the study following the
intake visit completed the study. Regarding the sleep EEG
device, 94.2% (98/104) of adolescents successfully achieved at
least 1 full night of sleep recording. Of these individuals, the
mean number of nights of successful recording was 5.42 (SD
1.71), the median number was 6, and the modal number was 7.
A total of 86.5% (90/104) successfully recorded at least 3 fulll
nights of sleep EEG recording, the amount recommended for
obtaining stable measures of deep architecture physiology using
EEG. Of the 6 adolescents who were unable to successfully
record EEG data, 4 adolescents appeared not to comply with
sensor app instructions, 1 adolescent decided not to wear the
device due to initial discomfort, and 1 adolescent accidently
brokethedevicewhileit wasnot in use. It isnotabl e that among
the adolescents who successfully recorded at least 1 full night
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of data but less than 7 full nights of data, sleep recording was
typically attempted by the adolescent on the other nights but
the recording was incomplete (there were partial recordings
because, for example, wires became unplugged so recording
stopped).

A similarly high rate of adolescents successfully recorded at
least 1 full night of sleep recording using the wristworn
actigraph device (95/104, 91.3%). Of these individuals, the
mean number of nights of successful recording was 6.63 (SD
0.90), the median number was 7, and the modal number was 7.
A total of 85.6% (89/104) recorded at least 5 nights of
actigraphy sleep recording, the number of nightsrecommended
for obtaining stable measures of deep behavior using actigraphy.
Of the adolescents who were unable to unsuccessfully record
deep dataviaactigraphy, the reasons were device/battery failure
(5/9), lost device (2/9), and decision not to wear due to initial
discomfort (2/9). See Figure 1.
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Figure 1. Number of nights of successful sleep recording by sleep device.
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Comfort

The majority of adolescents rated both devices in the
comfortable to mildly uncomfortable range while awake (sleep
EEG: 81.6% (84/103); actigraphy: 92.2% (95/103) and sleeping
(deep EEG: 66.0% (68/103); actigraphy: 81.6% (84/103); Figure
2). When asked what led to discomfort when using the sleep
EEG device, adolescents most frequently mentioned issues
related to the wires (27/104; eg, getting caught/tangled or
becoming detached/requiring reattachment due to movements

Figure 2. Ratings of comfort for sleep wearables while awake and sleeping.

during sleep) or the adhesive used to attach the sensors (28/104;
eg, left residue or was itchy). A handful of participants
mentioned discomfort dueto difficulty changing sleep positions
while wearing the device (5/104) and expressed concerns that
they would mess up the recording while sleeping (3/104). When
asked what led to discomfort while using the actigraph
wristwatch, adolescents most often cited issues related to the
light (18/104), which they found distracting while initiating
deep, and the wristband (26/104; eg, too loose or too tight,
itchy/scratchy, too bulky). For both devices, it is notable that
most adolescents rated any discomfort as minimal or mild.
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Regarding perceived device-related interference with sleep,
most adolescents indicated that their sleep was either typical of
their normal sleep whilewearing the sleep EEG device (42/103,
40.8%) or that the sleep EEG deviceresulted in minimal tomild
sleep disturbances (41/103, 39.8%). Similarly, the majority of
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youth rated their sleep while wearing the wristworn actigraph
as typical (64/103, 62.1%) or minimally to mildly disturbed
(31/103, 30.1%). The most frequently reported device-related
sleep disturbances due to EEG were difficulties falling asleep
(24/104) and waking more frequently (23/104), followed by
poorer sleep quality (18/104) and early waking (11/104). Most
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of the reported disturbances associated with the wristworn
actigraph regarded difficultiesfalling asleep (20/104), followed
by more night awakenings (7/104), poorer sleep quality (6/104),
and early waking (6/104; Figure 3).

A minority of adolescents reported that they slept in adifferent
position due to use of the sleep EEG device (32/104, 30.8%) or
wristworn actigraph (16/104, 15.4%; Figure 4). Of the
participants who endorsed a change in sleeping position due to
sleep EEG, endorsements of preferred typical sleeping position
included (participants could select more than one) sleeping on

Figure 3. Wearable-related sleep disturbances by device.
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their back (3/32), stomach (5/32), side (13/32), changing
positionsfrequently (18/32), or sleepingin all positionsequally
(4/32). Of the participants who endorsed a change in sleeping
position due to actigraphy, endorsements of preferred typical
sleeping position included sleeping on their stomach (3/16),
side (6/16), changing positions frequently (9/16), or sleeping
inall positionsequally (1/16). These results suggests that across
both devices, device-related changesin sleep position were most
frequently endorsed by youth who already experience frequent
position changes followed by those who sleep on their sides.
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Adolescents were most likely to rate themselves as satisfied
with participation in the study based on their experience with
the sleep EEG (53/103, 51.5%) and actigraphy (71/103, 68.9%)
devices, followed by ambivalence (neither satisfied nor
dissatisfied; 39/103, 37.9%, for the sleep EEG; 31/103, 30.1%,
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for the actigraph). Very few adolescents rated themselves as
dissatisfied with their participation in the study based on
experience with the sleep EEG (11/103, 10.7%) or actigraph
(1/103, 1.0%; Figure 5).

Interestingly, there was a statistically significant association
between satisfaction and device comfort while sleeping
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(X%4n=103=17.21, P=.002); the small number of adolescentswho
rated themselves as dissatisfied with the study based on sleep
EEG use were also more likely to have experienced significant
(moderate to severe) devicerelated discomfort (number
observed = 9, number expected = 3.74). Similarly, there was a
statistically significant association between satisfaction and
significant (moderate to severe) device-related dSleep

Figure5. Overall study satisfaction by device.
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disturbances (x4 n-105=21.28, P=.002), such that adolescents
who rated themselves as dissatisfied with sleep EEG use were
more likely to have experienced significant device-related sleep
disturbances (number observed = 9, number expected = 2.14).

The majority of adolescents would recommend the study to a
friend based on their experience using the sleep EEG (77/98,
79%) and actigraphy (88/98, 90%; Figure 6).
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Discussion

Principal Findings

Despite its importance in supporting overall heath, seep is
infrequently evaluated during adolescence, a period
characterized by shifts in sleep architecture and behavior.
Adolescence has also been identified as a critical period for
initiating lifelong health behaviors with the potential for a
significant, long-term impact for the individua and
societal/health care systems. Wearable sleep EEG devices have
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the potential to overcome obstacles to leep assessments in
routine health care settings and may allow for evaluation and
treatment at a population level. However, to date, the usability
of such devices in this age group has been unknown. Our
findings suggest that the vast majority of adolescents were able
to successfully record multiple nights of sleep data using the
sleep EEG device. In addition, while adolescents described
some discomfort and device-related sleep disturbances
associated with wearing the sleep EEG device, most rated any
discomfort asminimal to mild. Very few adol escents described
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dissatisfaction with their experience in the study. Notably, this
pattern of resultswas similar to the pattern observed when using
a commonly administered wearable (wristworn actigraph)
ng sleep behavior for thisage group athough satisfaction
was numericaly higher and discomfort and disturbances
numerically lower for the actigraph compared with the sleep
EEG device. In addition, it is notable that deep EEG
device-related disturbances were more likely to be endorsed by
adolescents who deep in certain leep positions (eg, side
sleepers, individualswho already change positionsfrequently),
suggesting some individuals may be better suited to use the
device than others.

These results have implications for the use of wearable sleep
EEG devices with adolescents in both clinical and research
settings. First, although wristworn activity monitors have utility
for providing information about some aspects of sleep [12,13],
EEG measures provide amore robust picture of sleep health by
providing more accurate measures of sleep onset latency and
night awakenings, particularly in those with sleep disturbance,
and SWSand REM dleep, aspects of sleep architecturethat have
been associated with both psychiatric and physical disease in
this age group [34]. For example, the suppression of SWS and
REM dleep has been shown to be associated with insulin
resistance in adolescents [35], less REM sleep has been found
among adol escents with asthma [36], and early onset of REM
and increased REM density may characterize the sleep of
adolescents with depression [37]. Thus, sleep EEG measures
have the potential to provide a more comprehensive
representation of adolescent sleep as it relates to physical and
mental health outcomes, and this study suggeststhat commercial
grade wearables may provide afeasible, acceptable method for
assessing sleep architecture in this age group. However,
demonstration of feasibility and acceptability of sleep EEG
among adolescents is only the first step toward incorporation
of dleep EEG into routine clinical settings, as additional
challenges (eg, validation of automated scoring algorithms,
validation of findings from recording EEG data from forehead
or mastoid versus standard placement of EEG electrodeswithin
the hairline, training primary care physicians to dispense and
interpret sleep EEG devices) would need to be addressed in
order to facilitate meaningful clinical application.

Second, given costs associated with traditional PSG assessments,
including not only the devices themselves but also access to a
specialized sleep clinic and trained personnel, assessment of
adolescent sleep architecture at a population level has been, to
date, unattainable. Accessto sleep EEG assessmentsin routine
health care settings, including pediatric primary care, has been
similarly limited. Wearable sleep EEG devices provide a
potential opportunity to expand access to sleep evaluations for
adolescents in both research and clinical settings, which may
in turn alow for the acceleration of sleep-based mHealth apps
in this age group. As mentioned above, interest in developing
user-friendly, efficacious mHealth apps among adolescents is
increasing at a rapid pace [8-10], in part due to adolescent
engagement and facility with emerging technologies [38].
Incorporation of deep EEG assessment viawearablesmay allow
for refinement of mHealth apps targeting sleep in this age
group—for example, by helping to identify adolescents most
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likely to benefit from sleep-based mHealth and/or to aid in
monitoring sleep improvements resulting from such
interventions.

Future Directions

Results from this study offer many exciting new directions for
future research. For example, athough ambulatory PSG has
been linked to health outcomes among adol escents, to date no
studies have examined associations between consumer-grade
sleep-EEG, which is scored using commercia algorithms and
obtained from nonstandard scalp locations, and physical and
psychiatric health in this age group. Given the importance of
adolescence for shaping healthy behaviors across the lifespan,
€lucidating rel ationships between wearable deep EEG and health
outcomes is a critical next step for driving the development of
mHealth apps targeting sleep and overall health in this age
group. Second, future studies may examine the concordance
between measures of sleep including consumer-grade sleep
EEG, actigraphy, and self-report, aswell as how these measures
may be best used in conjunction to assess and support sleep
health in this age group. Specificaly, while sleep EEG has
benefits in accurately assessing sleep stages, as a 24-hour
measure of sleep behavior, actigraphy alowsfor the calculation
of estimates of circadian patterns [39,40] as well as sensitive
measures of the regularity of sleep patterns [41,42]. These
findings suggest that both sleep EEG and wristworn wearables
are feasible and tolerable in this age group and future studies
should investigate how to optimize and integrate information
collected from sleep wearables to enhance health outcomes
among adolescents. Third, these findings may suggest avenues
for improving sleep EEG technology. Namely, both feasibility
and acceptability of sleep EEG devices in this age group were
negatively impacted by specific features of the device, such as
the wires, which contributed to both lost data (by becoming
unplugged) and some, usually mild, discomfort. Wireless EEG
systems have been devel oped and tested [43], and if successfully
adapted, may have utility for assessing sleep in adolescents.
Relatedly, unlike other commercial-grade devices, the device
was attached to the head only via sensors rather than with a
headband or cap [24]. The relative acceptability of these
different features among adolescents is still an open question
and may inform further refinement of sleep EEG systems. In
addition, facilitating communication regarding sleep EEG data
directly to adolescents and/or health care providers through
smartphone apps or electronic health records may also support
evaluation and treatments in this population and should be the
focus of future work.

Limitations

This study is subject to several limitations. First, this study
focused on feasibility and acceptability of collecting sleep EEG
data in generally healthy adolescents who might be seen in
routine health care settings. Relatedly, the selected device did
not measure respiratory function. Thus, the feasibility and
acceptability of sdeep EEG devices, including those with
respiratory measures, in adolescent clinical populations (eg,
obstructive sleep apnea), remain open questions. Second, it was
beyond the scope of this study to assess the performance of
wearable sleep EEG devices—for example, as compared with
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the gold standard sleep assessment (PSG). The selected device
(Zmachine Insight+) has been shown to compare favorably with
PSG in adults [26], and future studies should evaluate the
performance of wearable sleep EEG devices in this age group.

Lunsford-Avery et d

impact on their well-being. Additionally, these devices may
have utility in both clinical and research settings and for
assessing and treating sleep disturbances at a population level.
Future studies with adolescents should evaluate strategies for

further improving usability of such devices, assessrelationships
between sleep EEG—derived metrics and health outcomes, and
investigate methods for incorporating data from these devices
into emerging mHealth interventions and apps.

Conclusions

Wearable sleep EEG devices are feasible and acceptablefor use
with adolescents, agroup characterized by devel opmental sleep
changes and whose health behaviors may have a long-term
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Abstract

Background: Short-term laboratory studies suggest that eating attentively can reduce food intake. However, in a recent
randomized controlled trial we found no evidence that using an attentive eating smartphone app outside of the laboratory had an
effect on energy intake or weight loss over 8 weeks.

Objective: Thisresearch examined trial participants experiences of using an attentive eating smartphone app and whether app
usage was associated with energy intake and weight loss outcomes over 8 weeks.

Methods: We conducted thematic analysis of semistructured interviews (N=38) among participants in the attentive eating
smartphone app group of the trial who completed the 8-week assessment. Linear regression models examined the associations
between energy intake and weight loss outcomes at 8 weeks and app usage.

Results. Participants reported several barriers and facilitators to using the smartphone app, including repetition of app content,
social setting, motivation, and habitual use of the app. Participants believed that using the app had some beneficial effects on
their eating behavior and diet. Exploratory analyses indicated that more frequent recording of eating episodes in the app was
associated with lower body weight (B=—0.02, P=.004) and greater self-reported energy intake (B=5.98, P=.01) at 8 weeks, but
not body fat percentage or taste-test energy intake. Total audio clip plays, gallery views, and percentage of food entries recorded
using an image were not significantly associated with energy intake or weight.

Conclusions:  Frequent recording of eating episodes in a smartphone app was associated with greater weight loss. There are
barriersand facilitatorsto frequent use of an attentive eating smartphone app that may be useful to addresswhen designing dietary
behavior change smartphone apps.

Trial Registration:  ClinicalTrials.gov NCT03602001; https://clinicaltrials.gov/ct2/show/NCT03602001; Open Science
Framework DOI 10.17605/osf.io/btzhw; https://osf.io/btzhw/
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Introduction

Lifestyle factors are the biggest contributors to
disability-adjusted life years (DALY s) lost, with most DALY s
lost attributable specifically to dietary factors (including excess
body weight) having increased significantly from 2005 to 2015
[1]. In high-income English-speaking countries, obesity
currently exceeds 30% in men and women [2]. Interventions
are therefore needed that support people to change their diet
and lose weight.

Smartphones are a viable way to deliver health interventions.
For example, alarge percentage (76%) of UK adults now own
a smartphone [3], and smartphone apps can be used to deliver
behavior change interventions [4]. However, sustained use of
such apps may be needed for behavior change [5], as minimal
usage could undermine effects of potentialy successful
interventions [4,6]. For example, Mattila and colleagues [5]
found that sustained users of technology-based tools targeting
a range of health behavior risk factors showed a greater
reduction in body fat percentage and waist circumference than
nonsustained users. Qualitative research has been used to explore
factors associated with the use of smartphone apps designed to
promote behavior change [7,8]. The results of such research
can be used to identify reasons for poor or nonsustained use
and can be used to inform future devel opment of health behavior
change smartphone apps. For example, the use of health
behavior change apps has been found to depend on the app being
user friendly, intuitive, accessible, and well structured, as well
as having personalized features [7,9,10]. The ability to access
novel and updated content and receiving feedback on progress
toward goals have a so been found to motivate app use [7,11].

Paying more attention to food being consumed, termed attentive
eating, has been found to reduce snack intake 2-3 hours later
in some [12-15], but not other [16-18], laboratory studies. If
eating attentively issustained over longer periods, it may support
peoplein eating less and |osing weight. We devel oped and tested
the feasibility of a smartphone-based attentive eating app
designed to encourage amore attentive eating stylein daily life.
In afeasibility trial, participants with overweight and obesity
used the app and reported in qualitative interviews that they
found the app easy and acceptable to use, and it increased their
awareness of what they had been eating [19]. We subsequently
conducted a randomized controlled trial testing the efficacy of
the multicomponent, attentive eating smartphone app plus
standard dietary advice, compared to standard dietary advice
only, to support weight loss in adults with overweight and
obesity [20]. We found no significant effect of using the
attentive eating smartphone app, compared to the control
condition, on weight loss (-0.10 kg, 95% CI -1.6 to 1.3) or
energy intake after 8 weeks of usage. At the end of the trial
period, semistructured interviews were conducted with
participants who had used the attentive eating smartphone app
in order to understand user experiences. Here we report the
results of qualitative analyses of theseinterviews. Theseresults

https://mhealth.jmir.org/2020/10/€16780

showed that some participants experienced benefits of using
the attentive eating app, which may suggest that specific patterns
of app use may be associated with dietary change and weight
loss. Therefore, we also conducted exploratory analyses to
examine whether greater use of specific app functions was
associated with greater reductions in energy intake and weight
during the trial; the results are reported here.

Methods

Design and Sample

The trial was prospectively registered on the Open Science
Framework [21] and retrospectively registered at
ClinicalTrials.gov (NCT03602001). A full description of the
trial design and methods are reported elsewhere [20]. In brief,
this was an 8-week randomized controlled trial. Adults with

overweight and obesity (mean BMI =25 kg/m?) were
randomi zed to use amulticomponent attentive eating smartphone
app, along with receipt of standard dietary advice delivered via
abooklet and text messages once aweek (intervention group),
or to receive standard dietary advice only (control group).
Standard dietary advice only for the control group was similar
to previous studies[22]. Participants were also required to have
no history of eating disorders or food allergies, self-reported by
participant; be aged 18-65 years; be fluent English speakers,
not be taking medication that affects appetite; not be pregnant;
not be scheduled for weight loss surgery during the trial; own
an Android or Apple smartphone (Android operating system
versions 4.4-7.1; Apple operating systems iOS 8-10); and not
currently be on a structured weight loss program or using other
weight loss apps.

I ntervention Components

Standard Dietary Advice

All participants were provided with a booklet based on British
Heart Foundation materials [23] containing tips on healthy
eating (eg, the importance of abalanced diet, reducing calories
and lower energy swaps, eating fruits and vegetables, reducing
intake of high-fat and high-sugar foods and drinks, shopping,
and eating out) and brief information about physical activity.
Participants also received a text message once a week that
repeated the information in the dietary advice booklet.

Attentive Eating App

The attentive eating smartphone app was designed to encourage
amore attentive eating style by requiring users to photograph
food and drink being consumed and then review thisinformation
when making dietary decisions throughout the day. Prior to
eating and drinking, users accessed the camerafunction of their
phones via the app and took a photograph of what they were
about to consume. Alternatively, users could enter adescription
of the food or drink or upload a photo taken previously. Once
they had finished eating and drinking, users answered questions
about their consumption experience (ie, “Did you finish it all ?’
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and “How do you feel?’). Once these questions had been
answered, the food and drink entry was completed and the
consumption episode, along with the photograph and answers
to the consumption experience questions, werelogged inafood
gallery section of the app. Prior to deciding what and how much
to eat for ameal, users of the app reviewed their consumption
episodes for the day up to that point by navigating through the
photographs and information about their consumption
experiences stored in the food gallery. While eating and
drinking, users were encouraged to listen to a2.5-minute audio
clip that prompted them to pay more attention to what they were
eating. Theaudio clip did thisby asking listenersto pay attention

Whitelock et &l

to the smell, taste, and texture of the food, as well as how full
they felt. Users were also encouraged to eat slowly, one
mouthful at atime, and to periodically think about how much
food was on their plate at the beginning and how much they
had eaten. To foster positive feedback, users received daily
in-app starsfor using the key functions of the app at appropriate
times (eg, reviewing the galery shortly before a meal) and
received a daily badge if they obtained al of the starsin a day
(see Figure 1 for screenshots of the app). Participants also
received ashort |eafl et that explained the principles of attentive
eating and other waysto eat attentively, such asavoiding eating
while distracted.

Figure 1. Screenshots of the key functions of the smartphone app: a) The food gallery; b) Photographing a meal; c) The attentive eating audio clip; d)
Consumption experience questions; and €) Star and daily badge achievements.

a) b) )

Attentive Eater
Gallery

Audic

Listen to this whilst eating

O,

d) e)

Dinner Achievements

Viewsd | Listensd | Complete
Gallery | to Audio Entry

Braakfast N/ o W
Lunch & & &

. Dinner & 3
Did you finish it ali?

How do you feel?

Satishied

Save

1 mere achievements to unlock
todays badge!

Outcomes

We used four measures collected at baseline and at the 8-week
follow-up: (1) body weight, (2) body fat percentage (3),
self-reported 24-hour energy intake, and (4) laboratory-measured
bogus taste-test energy intake. Body weight and body fat
percentage were measured with the Tanita BC-418 MA body
composition analyzer (Tanita Corporation). Self-reported
24-hour energy intake was measured using myfood24, an online,
automated 24-hour dietary assessment system developed and
validated for use in the United Kingdom [24,25]. In the
|aboratory-measured bogustaste test, participantswere provided
with three bowls of three different kinds of biscuits, 50 g
each—M aryland chocol ate chip cookies, ~249 kcal; Cadbury’s
chocolate fingers, ~240 kcal; and McVitie's digestives, ~241
kcal—broken up into small pieces. Inthe laboratory, participants
were given 10 minutes to rate the biscuits on 100-point visual
analog scales, ranging from not at all to extremely, on anumber
of features (eg, crunchiness and flavorsome) and were told that
they could eat as many biscuits asthey wished [26]. Participants
were asked not to eat for 1 hour prior to the assessment sessions
in order to standardize hunger. Hunger was measured
immediately beforethetaste test using a 100-point visual analog
scale, ranging from not at all to extremely. The biscuits were
weighed afterward in order to calculate the amount of biscuits
consumed, and weights were converted to total kcals.

https://mhealth.jmir.org/2020/10/€16780
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Interviews

During the study visit at the 8-week follow-up, semistructured
interviews were conducted with participantsin theintervention
group (ie, standard dietary advice and attentive eating app) to
understand their experiences of using the attentive eating app.
Participants were asked to be as honest as possible, were told
that the researcher was interested in their experiences and
opinions, and were told that there were no right or wrong
answers. Participants were then asked what using the app was
like for them and how they managed to include using the app
into their lives. Participants were also asked what influenced
how regularly they were able to use the app and whether using
it affected awareness of what they were eating and/or what they
ate. Interviews lasted approximately 10-30 minutes.

Analyses

Semistructured interviews were audio recorded, transcribed
verbatim, and imported into NVivo (QSR International) for
analysis. Thematic analysis was conducted, following the steps
of Braun and Clark [27]. The data were first coded using a
systematic and inductive approach; initial codes were then
aggregated into overarching themes by asingleresearcher (1K).
The appropriateness of each theme and each code aggregated
into a theme was then reviewed by a second researcher (VW).
Any disagreements were resolved through discussion.

Ordinary least squares linear regressions were used to examine
the relationship between app usage variables (ie, independent
variables: total eating episodes recorded, total audio clip listens,
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total gallery views, and percentage of eating episodes recorded
using an image) and each 8-week trial outcome (ie, dependent
variables: body weight, body fat percentage, self-reported
24-hour energy intake, and taste-test energy intake), while
controlling for baseline measurement of the dependent variables,
total number of days in the trial, and hunger (in the analyses
with taste-test energy intake as the dependent variable). The
rationale for inclusion of independent variables was derived
from the thematic analysis presented in the Summary of
Thematic Analysis section. We analyzed the total number of
food entries, audio plays, and gallery views, as participantswere
asked to complete these functions as often as possible. We
analyzed the proportion of food entriesthat were photographed,
asparticipantswere asked to photograph asmany of their meals
as possible. A Bonferroni correction was used to account for
multiple comparisons in statistical testing (0.05/4 regression
models = 0.0125).

Table 1. Baseline characteristics of the analyzed sample.

Whitelock et al

Data Availability

The dataset for the quantitative analyses is available on the
Open Science Framework [28]. The qualitative interview data
are available upon request.

Results

Sample

Interviews were conducted with all 39 participants in the
intervention group that attended the 8-week visit; however, due
to equipment malfunction we were unable to transcribe one of
the interviews, leaving 38 interviews. The exploratory
guantitative analysesincluded all participantsin theintervention
group who completed all assessment sessions (N=39); see Table
1 for characteristics of the analyzed sample.

Characteristic

Value (N=39), mean (SD) or n (%)

Age (years), mean (SD)

Gender (female), n (%)

Ethnicity (White), n (%)

Education level, n(%)2
Entry level or equivalent
General Certificate of Secondary Education or equivalent
Advanced (A) or Advanced Subsidiary (AS) level or equivaent
Undergraduate degree or equivalent
Higher degree or equivalent
Other

Basdline BMI (kg/m?), mean (SD)

Basedline weight (kg), mean (SD)

Baseline body fat (%), mean (SD)

Basdline taste-test energy intake (kcal), mean (SD)

Baseline self-reported energy intake (kcal), mean (SD)

417 (10.3)
31 (79)
35 (90)

0(0)

6 (15)
8(21)

15 (38)
7(18)

3(8)
352(7.2)
99.5 (22.7)
42.4(85)
118.3 (98.4)
2047.0 (726.0)

3percentages do not add up to 100 due to rounding.

Summary of Thematic Analysis

Two overarching themes were identified: (1) barriers and
facilitators to app usage and (2) effects of the app. See Table 2
for example quotes.
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Table 2. Table of themes and supporting quotes.

Whitelock et al

Theme

Supporting quotes

Theme 1: barriersand facilitatorsto app usage

Subtheme 1: believing that the app was effective

Subtheme 2: motivation to get the daily badge

Subtheme 3: habitual, routine app use and distractions

Subtheme 4: not using full app in socia situations

Subtheme 5: wanting a good-looking food gallery

Subtheme 6: meal descriptions used for retrospective
entries

Subtheme 7: repetition of the audio clip
Theme 2: effects of the app

Subtheme 1: making healthier food choices

Subtheme 2: eating smaller portions

Subtheme 3: reviewing the gallery informed eating

Subtheme 4: greater attention to hunger and fullness
Subtheme 5: eating more slowly

Subtheme 6: eating attentively when not listening to
the audio clip

Subtheme 7: enhanced eating experience

PP 103: “I didn't really see any effect of doing it so it just seemed like it wasn't worth
the effort.”

PP 34: “It made me more aware to use the app rather than just like, ‘oh, I'll just put that
inlater,’ it waslike ‘no, | need to get my badge today.””

PP 64: “If you've messed up once in aday you tend to then think ‘well, | can’t get al the
stars now today’ so you know you're not going to get the trophy. So you sort of don't feel
quite as competitive about getting them, but if you get them from the beginning of the
day, you think ‘right, | want to get them al today.””

PP 53: “I'd got into a routine that when | was in the kitchen or when | was doing meals
the phone came, the picture came, everything came, but if | went out of the routine | was
in, then | wouldn't think to do it.”

PP 53: “If I'm out socially with friends, family, or whatever and then to just kind of inter-
rupt and say, ‘| haveto listen to this for five minutes, it didn’t feel right to do it.”

PP 35: “I think that'sareal agething, | am not someonewho posts my food on Instagram.
Also feeling abit embarrassed that | didn’'t want to have to explain to peopleif they said,
‘why are you taking a picture of your dinner?”

PP 90: “| wanted it to look like agood gallery and not abad onejust for my own personal,
| don't know, pride, satisfaction” and “it would make me want to eat more of those nice
fresh homemade things.”

PP 96: “I kind of stopped using it 'cause | was like ‘don't judge me.

1

PP 64: “I ended up writing the description in more than the picture towards the end.”

PP 03: “Where I'd forgotten to take a photo | wastrying to write in the description. But
| don’t think that that worked as well asit would have doneif | had of taken aphotoin
terms of looking back over it.”

PP 103: “It was quite repetitive so | didn’t want to listen to the same thing over and over.”

PP 92: “I had leeks last night on my carvery, which | never would have picked.”

PP 7: 1 had rice and a sweetcorn dish last night, and normally I'd put two big spoons
on, and last night it was just the one and the one spoon was plenty.”

PP 71: “I bought asmaller plate; | said, ‘right that’s mine,’ so | am more aware of the
portion size.”

PP 78: “If | was hungry, | would look back to see what |'ve eaten, ‘ ah yeah, you've ate
plenty, and that would stop me”

PP 34: “I’'ve noticed I'm very very bad at eating late at night.”

PP 63: “I'll stop because I'm full, and I’'m not eating the full thing because I’ m actually
full halfway through it.”

PP 4: “It's helped me to slow down when I’ m eating.”

PP 56: “Even though I’'m not listening to it, | know what it asks me to do every time. So,
yes, it would get ingrained in you and you would do it.”

PP 98: “Even when |I'm not out with the app, | definitely chew slower.”

PP 22: “I noticed that | was tasting the food more and experiencing the food more.”

8PP: participant; participant numbers exceed 39, as 104 participants (across arms) took part in the trial.

Barriersand Facilitators to App Usage

app reduced motivation to useit. When a person was following
their usual daily routine and had incorporated using the app into

Key barriers to using the app included feeling that using the
app in socia settings was inappropriate, in particular, not
wanting to be seen taking pictures of one'sfood. We noted that
older participantswere morelikely to describe these as barriers
to using the app (see Table 2). Believing that the app was
effective was identified as a motivator and facilitator to using
the app, whereas appearing to not get anything out of using the

https://mhealth.jmir.org/2020/10/€16780

this routine, they found it easier to remember to use the app,
while distractions reduced its use. Those who found the in-app
stars and daily badge rewarding described these as motivators
to use the app more frequently. However, missing out on a star
achievement early in the day reduced motivation to continue
using the app for the rest of the day. For some, wanting to have
a good-looking diary motivated them to eat “healthier,” to eat
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nicer looking food, and to make sure they recorded this. For
others, wanting to impress the researcher or feeling like their
food gallery was going to be judged meant that they recorded
food intake less often if they were going to eat food they
considered incompatible with their goals. Being able to write
descriptions of food consumed when someone had forgotten or
was unable to take a photograph was helpful because it meant
that participants could still complete their task even if they did
not photograph the food. However, participants tended to take
fewer photographs as time went on, despite finding it more
difficult to remember how much they had eaten from the
description than the photograph. Usersfound it boring to listen
to the same audio clip repeatedly and this demotivated them to
keep doing so.

Effects of the App

Participants reported that using the app helped them eat more
slowly, pay more attention to hunger and fullness, make
healthier food choices, and eat smaller portion sizes, and it
enhanced the enjoyment of eating. Some participants described
continuing to follow the focused attention principles described
in the audio clip even when not listening to it during a meal,

Whitelock et al

such as eating slowly. Participants al so described using the food
gallery toinformtheir eating choices and to increase awvareness
of their eating patterns.

Exploratory Analyses

Usage of the app functions was generally reasonable: median
total food entries was 136.0 (IQR 98), median total times
listened to audio was 42.0 (1QR 66), and median percentage of
food entries recorded using an image was 78.6% (IQR 28.1).
However, median total gallery views (45.0, IQR 56) was
low—the trial period lasted 56 days. VIF (variance inflation
factor) (<0.96) and tolerance statistics (<4.33) showed that levels
of multicollinearity were acceptable. There was no evidence
that the number of audio clip plays, gallery views, or percentage
of food entries recorded using an image were associated with
taste-test or self-reported energy intake, weight, or body fat
percentage at the 8-week follow-up (see Table 3). However,
recording more food entries was associated with lower body
weight and greater self-reported energy intake at 8 weeks. The
number of entries recorded was not significantly associated with
taste-test energy intake or body fat percentage.

Table 3. Regression results for app usage variables as predictors of trial outcomes at 8 weeks.

QOutcome Total food entries Total audio plays Total galery views Percentage of food entries us-
ing an image
B (95% CI) Pvaue B (95% CI) Pvaue B (95% Cl) Pvaue B (95% ClI) P value
Weight (kg) -0.02 004  —001 46 0.04 .06 0.01 66
(-0.04 t0 -0.01) (-0.03t0 0.01) (~0.002 to 0.08) (-0.03 t0 0.04)
Body fat (%) -0.01 .05 0.004 62 0.01 50 0.002 84
(~0.02 to —0.0007) (-0.01 t0 0.02) (~0.02 to 0.04) (-0.02t0 0.03)
Sdf-reported energy  5.98 01 -459 16 —755 24 450 38
intake (keal) (1.50 to 10.46) (-11.12t0 1.93) (~20.49 t0 5.39) (-5.88 t0 14.89)
Taste-test energy in-  —0.06 82 -0.21 58 0.94 21 -0.19 74
take (keal) (-0.58 10 0.46) (-0.96 0 0.54) (-0.56 t0 2.44) (-1.37 10 0.99)

App Use Acrossthe Trial Period

Total number of food entries was the only app usage variable
significantly associated with any trial outcomes and was,
therefore, plotted to explore usage over the trial period. The

https://mhealth.jmir.org/2020/10/€16780

median number of food entries recorded per day declined over
the trial period, with between three and four food items being
recorded per day at the beginning of the trial, down to one to
two per day toward the end of thetrial (see Figure 2).
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Figure 2. Median number of food entries acrosstrial days for participants enrolled in the trial (0-55 days).
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Discussion

Principal Findings

We aimed to examine participants’ experiences of using an
attentive eating smartphone app, and we conducted expl oratory
analyses into the associations between usage of individual app
functions and trial outcomes. Overall usage of app functions
was reasonable (ie, total food entries, audio listens, and
percentage of meals recorded using an image), except for total
food gallery views, which was|ower than expected: the median
was less than one gallery view per day. Participants reported
several barriers and facilitators to app use that could inform
future research. Participants found that incorporating the use of
the attentive eating app into one'sroutine meant they were more
likely to continue using it. This is in line with Ahtinen and
colleagues [11], who found that once use of an app became
routine, the app was easy to use. Future research should,
therefore, include design of smartphone appsin such away that
facilitates their inclusion into a person’s routine; researchers
may benefit from encouraging participants to use the app as
part of their day-to-day habitsearly onin order to foster greater
app usage throughout a study. The ability to access new and
updated content has been found to motivate continued app usage
[7,11], whichisin line with our finding that boredom with the
same audio clip may have led to reduced use of this function
of the app. Further, believing that the app was effective was a
motivator for continued use in this trial, as it was in another
trial [11]. One way for future research studies to demonstrate
app effectiveness to participants is to provide feedback on
progress toward goals [7,11,29]. For example, feedback on
weight loss would demonstrate app effectivenessto participants
and likely bolster mativation to continue using the app. This
study also found that some participantsfelt uncomfortable using
the app in socia situations. There was a notable age difference
here, where younger participants were less likely to be
concerned about being seen taking photographs of their food

https://mhealth.jmir.org/2020/10/€16780

I [ I [ I [ 1
25 30 35 40 45 50 55

Trial day

in social situations. Therefore, mobile phone apps to promote
dietary change will benefit from being designed in ways that
overcome concerns about their use in public. Further, some
participants found the in-app rewards and badges motivating,
whereas others did not. Future work should make such features
optional or alow participants to personalize them.

Participants reported effects of using the app that werein line
with the hypothesized mechanisms of action of the app. For
example, participants reported using the food galery to
introspect on what they had eaten earlier and to inform
subsequent food choices. Participants also described eating
more slowly and stopping eating before finishing their food due
to greater awareness of hunger and fullness, most likely due to
the attentive eating audio clip that encouraged listeners to eat
slowly and pay attention to their hunger and fullness levels.
These findings are in contrast to the results of our main trial
analyses, which found no effects on trial outcomes at the 8-week
assessment, including weight and energy intake in the full
sample and among a subsample of participants that were
categorized as having used the app as intended [20]. Our
exploratory analyses reported here found that the frequency of
recording food consumed was significantly associated with
lower body weight at the 8-week assessment but was not
significantly associated with body fat percentage. This was a
clinically relevant effect, with each additional food entry
equating to 0.02 kg of weight loss. Recording four entries per
day (ie, three meals and one snack) compared to recording only
oneentry per day would equate to an additional 3.6 kg of weight
loss over a 2-month period. This amount of weight loss would
bein line with recommendations on healthy weight loss of 0.5-1
kg per week [30]. We al so found that the frequency of recording
food consumed was significantly associated with greater
salf-reported 24-hour energy intake but not with taste-test energy
intake. Thiswas a small effect, with each additional food entry
recorded equating to an additional 6 kcal consumed. Given the
association with weight, we presume this may be ameasurement
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artefact (ie, participants who diligently recorded mealsin the
app may have been morelikely to diligently complete the dietary
recalls).

Further examination of the number of food entries recorded
over the entire trial period showed that while the number of
food entries recorded was high at the beginning of the trial, it
tended to decline over time. The decline in recording of food
consumed may partially explain why the trial did not find any
effects on main trial outcomes in the planned analyses. This
finding is in line with previous work that found sustained use
of technology-based interventions to be associated with better
health outcomes [5]. More frequent entry of eating episodes
allowsfor more frequent self-monitoring, and this may explain
the association with weight, as self-monitoring is a known
predictor of weight loss[31]. We found no association between
how frequently participants viewed entries or listened to the
attentive eating audio clip and weight, which may suggest that
the act of recording behavior, as opposed to eating more
attentively (ie, remembering food eaten and paying attention
during eating), may explain why a greater number of eating
episodes was associated with lower body weight. However, an
alternative explanation isthat more highly motivated participants
weremorelikely to record their consumption episodes and were
also more likely to lose weight.
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Abstract

Background: Although persona health devices (for example, smartwatches, fitness trackers and intelligent bracelets) offer
great potential to monitor personal fitness and health parameters, many users discontinue using them after afew months. Thus,
it iscritical to study the postadoption behaviors of current users to enhance their engagement with personal health devices and
use behaviors. However, thereislittle empirical research on the factors affecting users' engagement in beneficial use behaviors.
Mindfulness and identity are not new topics, but the applications of these conceptsin thefield of information systemsare emerging
themes. Information technology (IT) mindfulness has been conceptualized in previous studies; however, little is known about
the antecedents and conseguences of I T mindfulnessin the mobile health (mHealth) context.

Objective: The main aim of this study isto explore both IT identity and IT mindfulness to develop a new ground for research
in the domain of mHealth postadoption. Thus, we aim to explain why users should be fully mindful of their engagement with
PHDs and what could be the consequences and implications.

Methods: Thisstudy proposes that IT mindfulness can play an important role in improving the use behaviors of users. Through
aweb-based survey with 450 current users of a personal health device, this paper tests the relationship between IT identity and
IT mindfulness in the postadoption stage of using personal health devices.

Results: We found that IT identity significantly shapes IT mindfulness associated with PHDs. Moreover, the IT identity— T
mindfulness relationship is negatively moderated by individuals' perceived health status (P=.003). Finally, the results of this
study show that IT mindfulness can significantly predict automatic use behaviors (eg, continued intention to use), active use
behaviors (eg, feature use and enhanced use behaviors), and commitment behaviorsin using persona health devices (eg, positive
word-of-mouth intention).

Conclusions: The findings of this study provide implications for both research and practice. This study can contribute to our
current understanding of 1T mindfulness by developing and empirically testing a research model that explains the determinants
and outcomes of the IT mindfulness construct in the context of personal health devices. The results imply that I T mindfulness
significantly helps individuals express their alertness, awareness, openness, and orientation in the present in their postadoption
interactions with smart devices used for health care purposes. Finally, our findings may assist practitionersand IT developersin
designing mindfulness-supporting PHDs. Owing to the impact of IT mindfulness on postadoption behaviors, its 4 dimensions
could be used for developing PHD technologies. Moreover, PHD developers may need to direct their efforts toward increasing
IT mindfulness by reinforcing I T identity to serve and retain awide range of target users.

(JMIR Mhealth Uhealth 2020;8(10):€18122) doi:10.2196/18122
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IT identity; IT mindfulness; personal health devices; perceived health status; post-adoption behaviors, mHealth; mobile phone
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Introduction

Background

Mobile health (mHealth) has tremendously changed how people
areinvolved in performing different rolesin their social relations
[1]. In recent years, the use of personal health devices (PHDS)
as platforms for monitoring and controlling health conditions
has grown significantly. Many manufacturers (eg, Samsung,
Jawbone, and Fithit) have developed smartwatches and
intelligent braceletsto help individual sfulfill their hedlth-related
goals. Use of information technology (IT) allows individuals
to fee competent and accepted in socia networks of
relationships in which their roles are defined based on cultural
expectations and norms [2]. For instance, PHDs can enable
individuals to monitor their health status, manage chronic
diseases, control fitness aswell aswellness, and view personal
health information in rea time [3]. In this study, PHDs are
defined as smart devices used for monitoring and controlling
health status, not for providing diagnoses and medical treatment
remotely. People may continuously engage with their PHDs to
monitor their health status or check their health careinformation
[4]. Thus, the use of PHDsisbeneficial to people because these
devices provide them with additional resources in managing
personal health care, which is highly important to them. These
devices can verify identity by providing broad applications
across awide range of technology networksand social contexts.
These smart devices can beintegrated into an individual’s sense
of self, as one may spend a significant portion of their time
interacting with the devices as a repeated behavior. This is
consistent with the findings of Reychav et al [5] that repeated
behaviors can directly contribute to identity construction.

Technology can be manifested in different ways, for instance,
technology interface or what the technology can afford. This
study does not focus on the technology interface, but we
examine technology in terms of how people use the platform
to identify the underlying application, purpose, and function.
Individuals may interact with many technologies daily but may
consider only certain IT devices as an inherent part of
themselves, which can influence their behavioral choices [6].
A PHD (eg, awearable smart device or an intelligent bracelet)
isaconsumer I T, which could become part of peopl€’sidentities
because of its everyday use for self-monitoring and
self-management purposes [7]. The adoption and the use of
patient self-management tools are consistent with the notion of
patient-centered eHealth apps, which revolves around patients
as pivotal actors in the health care ecosystem [8]. However,
recent studies highlight that many users discontinue using PHDs
after only a few months [9]. Little is known about the factors
that motivate users to actively use such electronic devices and
explore more features and functionsfor additional health-related
tasks [10]. Thus, further research is required to investigate
individuals' beliefs and behaviors during the postadoption of
PHDs to uncover users requirements and preferences for
eHealth services and to propose suggestionsfor the construction
of effective smart devices, interactive mHealth apps, and
efficient eHealth systems.

http://mhealth.jmir.org/2020/10/€18122/

Esmaeilzadeh

To fill this gap, we use the concept of IT mindfulness as a
theoretical foundation to delineate how PHD users perform
postadoption behaviors. Mindfulness is a multidimensional
concept that explains constant examinations, expectation
refinement, recognition of new changes, and exploration of
novel aspects of a phenomenon [11]. According to Weick and
Sutcliffe [12], mindfulness refers to focusing on the present,
paying attention to details, considering alternative perspectives,
and willingnessto investigate for understanding system failures.
In line with a study by Ndubisi [13], people who are mindful
are very sensitive to different contexts and have the ability to
continuously create new categories in awareness and
interpretation of the world. In contrast, individual swho engage
in mindless behaviors have a premature commitment to rigid
beliefs and preexisting categories [14].

Mindfulness promotes being in awatchful and vigilant state of
mind [14]. A study by Sun et al [15] suggests that IT
mindfulness may influence technology adoption decisions and
continuance. Their results indicate that mindful users
continuously compare an IT with existing technologies to be
aware of its uniqueness and make more rational postadoption
decisionsin thelight of task-technology fit. A mindful process
of experimenting with IT can articulate how individual s extract
value from technologies [16]. IT mindfulness may reduce the
addictive use of technology and help individuals feel
comfortable with their use of IT systems. Previous research
indicates that domain-specific mindfulness (eg, in situations
related to persona health) could predict individual behaviors
[17]. IT mindfulness, as an I T-specific trait, influences users
behaviors with a given technology [18]. AsIT mindfulnessis
considered a dynamic I T-specific trait, this class of trait likely
influencestechnol ogy-related behaviors such as user acceptance
of technology and postadoption use behaviors.

Previous studies provide significant evidence to show that IT
mindfulness shapes future behavior by explaining how
awareness and flexibility of users can alter their future
interactions with the IT system [19]. People with high levels of
mindfulness tend to continually monitor the current situation
to find new ways of using I T, which helps them complete their
tasks [20]. Beliefs and behaviors are affected by personality
traits (at different hierarchical levels). Previous studiesindicate
that dynamic and context-specific traits (rather than broad traits)
are more likely to change specific behaviors [21]. However,
little is known about the effects of information system
(IS)—specific traits (such as IT mindfulness) on IT-specific
beliefs and use behaviors. Moreover, there is an increase in
studying the causes and consequences of mindfulness in
different research areas [22]. However, most of these studies
are conducted in the organizational context and are considered
organizational factors and interventions [22]. Another stream
of research focuses on mindfulnessin acollective context, such
as a group setting, rather than examining mindfulness at the
individua level [23]. Thus, more studiesare required to examine
the antecedents and resultant effects of 1T mindfulness at the
individual level in the context of using consumer IT.
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Objectives
The main goal of this study is to highlight the ways in which
the application of the IT mindfulness concept in studies of
mHealth device design and use can contribute to the realization
of itsantecedents and outcomesin the PHD context. \We propose
that I'T mindfulness may provide apossible basisfor answering
guestions about how individuals can hope to efficiently use
smart devicesto achievereliable health-rel ated results. We argue
that positive use behaviors are possible when amindful approach
permeates an individual user. In doing so, we develop aresearch
model by drawing on the recent appearance of the concept of
mindfulness in the IS literature and adapting it for application
to postadoption of PHDs. In brief, this study addresses the
following research questions:
1 How does IT mindfulness influence individuals
postadoption interactions with PHDS?
2. What are the antecedents of IT mindfulnessin the context
of PHDs?
3. How do health factors (ie, perceived health status) moderate
the influencing chain from I T identity to IT mindfulness?

Literature Review

IT Mindfulness

Mindfulness is a psychological trait that has roots in the
cognitive ahilities of theindividual [20]. Mindfulness has been
used in IS studies with different themes, such asIT innovation,
IT management, IT use, and outcomes [24]. Swanson and
Ramiller [20] suggest that the concept of mindfulness can be
incorporated into the adoption, implementation, and assimilation
of an IT innovation. As a result, IT mindfulness arises when
people are working with IT. When people are aware of 1T
capabilities and open to its various functions, they elevate their
mental mindset to become mindful of value-adding applications
of IT. Peoplewith cultivated I T mindfulness are likely to focus
on the present I T functionalities, search for more details about
its applications, explore more uses of IT, and examine IT
features [25]. When a person mindfully accepts a technology,
they are aware of the given technology, its functions, and their
needs. Thus, they are more likely to search for more detailsand
information about the technology and the acceptance decision
and possible implications [26].

Sternberg [27] describes the concept of mindfulness as (1)
alertnessto distinction, (2) awareness of multiple perspectives,
(3) openness to novelty, and (4) orientation in the present.
Consistent with previous studies, we consider IT mindfulness
as a second-order construct that consists of 4 reflective
dimensions [25,28]. Thefirst first-order dimension is alertness
to distinction, which refers to the ability to define, appreciate,
and make judgments about I T applications and their potential.
This factor helps individuals identify the differences between
the old and new features of an I T application and seek new ways
to use the system. The second dimension is awareness of
multiple perspectives, which helpsindividualsanayze I T system
applications and features from different or even opposing
viewpoints. This dialectical thinking may lead to innovative
solutions to IT-related problems. The third dimension is the
openness to novelty, which involves curiosity and flexibility in
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a user's interactions with an IT system’'s features and
applications. Thisfactor isinstrumental in cultivating in a user
the ability to reason about new typesof stimuli, consider alarge
number of 1T applications, and explore fewer familiar features.
Thelast factor is an orientation in the present, which manifests
the degree to which anindividual paysmore of his/her attention
to higher current situation instead of envisioning future
possibilities or concentrating on past events. This factor may
increase peopl €' s sensitivity to theimmediate context and adapt
their responses and system used to the current situation. As a
second-order construct with reflective dimensions, IT
mindfulness requires capturing all 4 dimensions. Higher levels
of IT mindfulnesswill lead to greater levels of the 4 dimensions.
We cannot assume that a changein IT mindfulnesswill lead to
the same amount of change across the 4 dimensions [29].
Although the indicators of dimensions may covary, each
dimension has a separate conceptual foundation [30].

IT Identity

Prior researchers have studied the topic of IT and identity and
their relationship based on different approaches. Carter and
Grover [31] conceptualize IT identity using theories on social
structures and self-concept to describe how people categorize
themselvesin relation to an I T object. They define IT identity
as the extent to which the use of IT is saliently related to who
people think they are (self-identification). IT can change
individuals' self-perceptions by recognizing their original selves
in using the capabilities and resources offered by the I T device.
For instance, in the presence of I T, people may feel empowered,
productive, autonomous, and accessible. According to Carter
et a [32], adults’ interactions with their mobile phones lead to
enhanced perceptions of empowerment, self-authenticity, and
autonomy. In the context of PHDs, the self-concept and personal
resources of users can be expanded by the capabilities provided
by the devices. For example, wearable smart devices can be
used to reduce time and place constraints in controlling fitness
and wellness, measuring different physical changes, and
handling emergency cases. These functionalities may enhance
individuals' original self-perceptions and may make them feel
independent, empowered, and smart.

Previous studies on I T identity suggest that the construct of IT
identity is expressed through 3 first-order factors: relatedness,
dependence, and emotional responses of individualsin relation
toIT [31]. Relatednessrefersto asense of connection felt when
interacting with an IT device. For instance, a strong feeling of
connection with an I'T device can turn individuals' perceptions
about the self to what they can do with the IT [33]. Emotional
energy indicatesthelevels of emotiona attachment, enthusiasm,
and confidence that an individua attributes to an IT when
thinking about his/her interaction withit. Long-term interactions
with an IT system can raise individuals' levels of emotion and
confidence in relation to the IT experienced and help them to
be more spontaneous with the IT [34]. Dependence explains
the extent to which people rely on IT to represent their
self-perceptions. For instance, people rely on digital forms of
communication to manage their interactions and relationships
with othersto satisfy social expectations[35].
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Hypothesis Development

IT Identity and I T Mindfulness

Using the hierarchical structure of personality traits, broader
| S-specific traits (ie, qualities or characteristics belonging to a
user that developed and were enacted because of using a
particular technology) can influence narrower dynamic traits
[36]. For instance, previous studies suggest that context-specific
traits are closely related to dynamic I T-specific traits (such as
IT mindfulness) [22]. Owing to the malleability of this trait,
personal interactions with technology may nurture IT
mindful ness and encourage usersto gain morevauefrom PHDs.
In line with this rationale and based on the scope of IT identity
and I'T mindfulness, we proposethat I T identity will help shape
IT mindfulness. IT identity isabroad trait becauseit isthe first
step that userswill attach dependence, emotion, and relatedness
to atechnology. This |S-specific trait may encourage users to
gather more information about the applications and functions
of that technology, analyze its applications and features, and
seek new ways to use the system.

Users who hold a higher level of IT identity associated with a
PHD will be generally dependent on their device, have an overall
sense of connection when interacting with it, and develop
emotional energy toward using it. IT identity can change
individuals' self-perceptions by recognizing their original selves
in using the capabilities and resources offered by the I T device.
For instance, in the presence of I T, people may feel empowered,
productive, autonomous, and accessible. Thesefedingsfunction
broadly because of the sense of independence, and the feeling
of being smart or productive can nourish their overal
self-perceptions[37]. The self-concept (which isinfluenced by
IT) can then reinforce the users' readiness to increase their
understanding of the functions of a specific IT, vigilanceto its
differences, sensitivity to its current task context, and curiosity
to its features. Therefore, using the hierarchical structure of
personality traits, we contend that I T identity may be placed at
a higher hierarchical level, and it could be an antecedent of
shaping IT mindfulness.

A PHD user with a strong IT identity is highly dependent on
hig’her device[38]. Thisleadsthe I T identity holder to be greatly
alert to distinction and such a user tends to identify new ways
to accomplish health-related tasks by using his’her device (alert
to the distinction). A higher level of IT identity makes users
have a strong feeling of connection with a PHD. This makes
them more willing to get involved when using their PHD and
to keep aconstant eye on the big pictureto differentiate between
usage contexts (orientation to the present) [25]. Users with
strong I T identity develop higher level s of emotional attachment,
enthusiasm, and confidence that they attribute to a PHD when
thinking about their interaction with it [31]. Thisfeeling enables
usersto be opento new ways of using aPHD and be more eager
to learn new ways of using it (awareness of multiple
perspectives). IT identity holders rely highly on a PHD to
manage their heath metrics to satisfy their personal
health-related expectations. This self-concept encourages users
to explore new potential or features within their device
(openness to novelty) [18].
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Interacting with an IT device that contributes to
self-identification can be aconsiderable opportunity for I T users.
When a person considers a PHD as an integral part of the self,
he/she may quickly recognize the capabilities and potential of
a PHD, the differences between its features, and the utility of
its new/updated features. A strong I T identity can motivate users
to attribute higher levels of emotional attachment, enthusiasm,
and confidence in his’her medical device and, in turn, become
involved in the PHD usage through constant adoption of itsnew
features. An IT identity holder may seek more information,
increase his’her knowledge about its features, and hold diverse
perspectives toward the potential usage of a PHD and become
inspired to develop innovative solutions using these different
perspectives. A higher level of IT identity may impart more
confidenceto the usersto rely on PHDsto explore new features
within a PHD and be flexible to new features of their PHD.
Thus, we posit that I T identity affectsthe degreeto which users
develop mindfulnessin using their PHDs.

Our first hypothesisis as follows:

H1: IT identity positively influencesthe I T mindfulness of
PHD users.

The Moderating Role of Perceived Health Status

According to Bansal and Gefen[39], individuals' characteristics
(such as current health status) significantly affect the way they
analyze the utility of using IT. Perceived health status is a
common health factor that highlights overall individual health
[4Q]. Previousresearch highlightsthe effects of perceived health
status in different contexts. For instance, personal health status
evokes privacy concernsrelated to health information disclosure
and the tools used to share such information [41]. Previous
research highlights that mindfulness is positively related to
higher levels of well-being [42]. Most studies on mindfulness
suggest that mindfulness will lead to pleasant psychological
effects. For instance, acting mindfully is closely related to
improved psychological health [43]. Brown and Ryan [44]
reported that mindfulness could improve self-esteem and
optimism and reduce anxiety. Cash and Whittingham [45]
demonstrated a negative relationship between mindfulness and
depression. A study by Raes et a [46] also showed that
mindfulness positively influences cognitive reactivity. A review
study contends that mindfulness-oriented interventions are
significantly associated with positive psychological effects,
such as better subjective well-being, reduced psychological
distress, and improved behavioral regulation [47].

However, little is known about whether the overall evaluation
of a person about hissher health status can affect the
development of IT mindfulness and IT identity. We argue that
perceived health status may change the way people think about
themselves, their capabilities, and the world around them.
Unhealthy individual s (eg, with chronic diseases) perceive more
strain because of the presence of physical/mental infirmity, and
this health condition makes them more anxious and vulnerable
to the digital devices surrounding them. People in good health
tend to assume | ess severe demands on their strength or abilities,
perceive more control, and experience less mental/emotional
strain [48].
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Therefore, theimpact of 1T identity on IT mindfulnessin agiven
situation may depend on a user’s perception of his’her health
status. We expect that the IT identity—IT mindfulness
relationship may vary depending on the current health status of
users. In doing so, the overall sense of well-being can influence
the level of PHD users attachment, reliance, and dependence
on their devicesto perform health-related tasks. In turn, it may
induce changes in the degree of awareness of various features,
attention to the present moment experience, aertness to
differences, and openness to new information. On the basis of
the moderating effect of perceived health status, we posit that
people with high IT identity levels may not always tend to
remain highin I'T mindfulness, and their perceptions about their
well-being may change the strength and direction of this
relationship. For instance, in the PHD context, an IT identity
holder may think of using the body temperature function, high
heart rate notifications, or insulin delivery features to monitor
their health status rather than making an appointment with a
physician. By doing so, he/she will enact hisher identity as a
competent person who can leverage a PHD to keep records of
higher health conditions. However, current studies cannot
answer whether this high IT identity will always be trandated
into high IT mindfulness. Thus, we propose that the IT
identity— T mindfulnesslinkage could be moderated (augmented
or attenuated) by perceived health status.

Our second hypothesisis as follows:

« H2: Perceived health status moderates the relationship
between IT identity and IT mindfulnessin using PHDs.

IT Mindfulness and Postadoption Behaviors

In line with previous research [44], mindfulness is a state of
consciousness that facilitates the fulfillment of basic
psychological needs. In turn, mindfulness is a good predictor
of self-regulated behaviors. Consequently, IT mindfulness as
an | T-specific trait can be used to study I T-related beliefs and
behaviors. Previous studies examined theimpact of mindfulness
on the formation of people's beliefs about using technology
[26]. For instance, IT mindfulness strongly shapesthe perception
of technostress [22]. Previous research demonstrates the
significant effects of mindfulness on innovating with IT [20].
Thatcher et a [25] demonstrated that IT mindfulness
significantly influences deep structure usage and attempts at
innovation.

We also tested the relationships between IT mindfulness and
important systems use constructs. In this study, the postadoption
system use behavior is represented by feature use, enhanced
use, continued intention, and positive word-of-mouth (WOM)
intention. Active system userefersto asituation in which people
ponder the system and knowingly modify how to useit[49]. In
previous studies, automatic system use usually implies habitual
behaviors where people use the system unconsciously without
thoughtful assessments and focused analyses related to their
use [50]. However, in this research, automated system use
reflects continued intention to use a PHD based on a mindful
consideration of alternatives, not the addictive use of technology.
Therefore, more active system useis denoted by feature use as
well as enhanced use behaviors, and automated system use is
represented by continued intention to use.
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According to Sun et al [15], mindful IT users are more willing
to use different features of 1T. When being mindful, the user is
more likely to actively explore and discover additional useful
features and functions of a technology [26]. Individuals who
are mindfully engaged in a health-related task using a PHD are
more motivated to explore a wide range of perspectives.
Engagement in feature use behaviors requires sharp user
alertness and dynamic awareness of how the use of various
features and applications can contribute to task completion [51].
Involvement in enhanced use entail s usersto explore previously
unused features of a PHD to use it for performing additional
tasks [52]. Mindfulness helps people scan the context for
interpreting the context-relevant information of all conditions
[14]. People with higher levels of mindfulness tend to know
their context as well as their ability, and they are more open to
deliberately search for new features to complete further
health-related tasks.

Hypotheses 3 and 4 are as follows:

« H3: IT mindfulness positively influences feature use
behavior of PHD users.

« H4: IT mindfulness positively influences enhanced use
behavior of PHD users.

Continued intention impliesthe extent to which people arelikely
to use familiar technology in the future. Mindful thinking
increases people’'s willingness to process information and
continueto usethefeaturesof 1T in an alert and open way [28].
Mindful PHD users are more likely to have a sense of control
when using this technology because they clearly know what
they can and cannot do with their smart devices. According to
Wong et al [53], mindfulness indicates being open to new
information about the technology at hand, being aware of
various perspectives, and being involved in the continuous
creation of options. Mindful people are more likely to be
receptiveto new information and compare the technology being
used with others[26]. In addition, mindful usersare morelikely
to recognize al the consegquences of their decisions (eg, both
the pros and cons). Given that they have more information about
the system, aslong as the current technology seems beneficial,
mindful users are likely to continue using the same system
compared with individuals who use the system mindlessly.

Hypothesis 5 is as follows:

« H5: IT mindfulness positively influences continued
intention to use PHD.

Mindfulness reinforces learning from interpreting related
outcomes [24]. When acting in a mindful way, one pays more
attention to every detail of 1T applications at hand and becomes
sensitive to the context. By exploring new aspects of 1T and
understanding its capabilities and potentials, the user will be
open to resolving any challenging situation to accomplish his/her
tasks more effectively. Thus, IT mindfulness may positively
influence user satisfaction with the technology used to
accomplish hig’her tasks[18]. Consistent with Fiol and O'Connor
[14], mindful users actively analyze how a PHD fits their own
contexts and needs rather than blindly follow othersin using it.
Asaresult, they may be more inclined to describe the features
and functions of PHDs to others and encourage them to use
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these smart devices to fulfill their health-related needs.
Achieving a fit between the technology and the task may
encourage users to be committed to PHDs and become more
likely to make positive comments about the mobile system they
areusing. Thus, we hypothesizethat I T mindful ness can enhance
positive postadoption behaviors (ie, active use behaviors,
continued use behaviors, and positive WOM intention of PHD
users).

Hypothesis 6 is as follows:

«  H6: IT mindfulness positively influencesthe positive WOM
intention of PHD users.

Research M odel

We bring IT identity and IT mindlessness together in a
theoretical synthesisin which these conceptsare seen to interact

Esmaeilzadeh

in ways that help shape the postadoption behaviors of PHD
users. Theresearch model indicatesthat IT identity with PHDs
can build IT mindfulness and, in turn, will lead to positive
postadoption use behaviors. However, according to Carter and
Grover [31], individuals do not always attempt to use IT to
exhibit who they areto otherseven whenthe I T is advantageous
to them. Moreover, previous studies suggest that mindfulness
skills are significantly related to aspects of health status [54].
Thus, we suggest that the verification of IT identity—T
mindfulnesslinkagein relation to the use of PHDs may depend
on the health status of people. Asthe probability of IT identity
and IT mindfulness may be evoked by perceived health status,
the relationships between IT identity and IT mindfulness can
be moderated by this health factor. Figure 1 showsthe proposed
research model.

Figure 1. Research model. IT: information technology; WOM: word-of-mouth.
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health status
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Methods

Definition of Variables

Thefina measureitems(ie, all theitemsincluded in the survey)
are listed in Multimedia Appendix 1. Table 1 provides the
definitions of the constructs used in this study.
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Table 1. Operationalization of variables.

Esmaeilzadeh

Construct Construct definition

Source

IT?identity
they are (self-identification).

IT mindfulness

Thedegreetowhichtheuseof anlIT (ie a PHDb) ismeaningfully related to who people think

The degree to which a user isinvolved in the present context, alert of details, aware of other

Carter and Grover [31]

Thatcher et al [25]

potential uses, and open to investigating IT (ie, a PHD) features and failures.

Perceived health status
isgood.

Positive word-of-mouth in-

tention with others.
Continued intention to use

Feature use behavior
situations.

Enhanced use behavior
performing additional tasks.

Theextent to which anindividual believesthat the overall status of his/her health and wellness

The degree to which a user shares a positive assessment of his/her experience with a PHD

The degree to which a user feels he or she will keep using a PHD.

The extent to which an individual uses various features and functions of a PHD in different

The extent to which an individual explores previously unused features of a PHD to useit for

Bansal and Gefen [39]

Maxham I11 [55]

Bhattacherjee [56]

Lucas Jr and Spitler
(57]
Bagayogo et a [52]

4 T: information technology.
bPHD: personal health device.

M easurement of Variables

This study drew on the existing literature to measure the
constructsincluded in the model, and minor changes were made
to the instrument to fit the PHD context. Consistent with prior
studies, we consider I T identity as asecond-order construct with
3reflectivefactors[58]. Therational e behind this measurement
isthat IT identity is reflective of the 3 dimensions as well as
the expected interactions among them. Therefore, all these
dimensions can reflect the same theme and may covary. To
measure the 3 interrelated dimensions of IT identity (ie,
relatedness, emotional energy, and dependence), we adapted
the items reported in Carter and Grover [31]. According to
Kayhan [59], reflective modeling is a better option than
formative when first-order factors are expected to interact,
correlate, or share a common theme. Thus, a set of
interrel ationships among these factorsis an essential component
for measuring IT identity. For instance, dependence, which
defines a person’s sense of reliance on a PHD, may be related
to the emotional energy dimension that describes the feelings
of attachment in relation to the device.

In line with a study by Langer and Ngnoumen [60], IT
mindfulness is also modeled as a second-order construct
composed of 4 reflective first-order dimensions: (1) alertness
to distinction, (2) awareness of multiple perspectives, (3)
openness to novelty, and (4) orientation in the present. Thus,
each dimension has a distinct conceptual foundation, and the
items of these 4 dimensions may covary and become
interchangeable. On the basis of reflective modeling, individuals
with higher levels of IT mindfulness are more likely to exhibit
higher levels of alertness to distinction, awareness of multiple
perspectives, opennessto novelty, and orientation in the present.
A change in the IT mindfulness construct may not lead to the
same amount of change across al 4 dimensions [29]. Thus, in
this study, IT mindfulnessis operationalized as a construct that
requires capturing all 4 dimensions. We adapted reflective items
from astudy by Thatcher et al [25] to measure the 4 dimensions
of IT mindfulness.

http://mhealth.jmir.org/2020/10/€18122/

The outcome variables studied in this research are feature use
behavior, enhanced use behavior, continued intention to use,
and positive WOM. These outcome variables are considered as
different types of postadoption behaviors. Items reflecting
feature use behaviors were adapted from a study by Lucas and
Spitler [57], and items measuring enhanced use behaviorswere
adapted from a study by Bagayogo et a [52]. Items measuring
continued intention to use were adapted from studies by
Venkatesh and Goyal [61] and Bhattacherjee [56]. We adapted
the items reported in a study by Hoehle and Venkatesh [62] to
measure positive WOM intention. Finally, items measuring
perceived health status were adapted from the scale devel oped
by Bansal and Gefen [39].

Participant Recruitment

Data were collected in October 2019 from Amazon's
Mechanical Turk (MTurk) to obtain a representative group of
subjects in the United States. As PHDs may not be considered
as a routine technology for many individuals, to obtain more
robust, reliable, and applicable findings, we specified 2 more
qualifications that individuals had to meet to participate in the
survey. First, we defined a screening question to only include
individuals who have been using a PHD. We attempted to
distinguish between PHDs (hardware device) and mHealth apps
(software app) and only include users of amobile smart device.
The logic behind this screening is that we defined IT as a unit
of technology (hardware device and software app). Accordingly,
thedimensionsof IT mindfulnessand I T identity can be properly
measured and examined, resulting from interactionswith devices
(as a unit) and not through interaction with application
environments or software apps. For example, participants of
this study were users of any PHDs (such as wearable smart
devices, wearable activity monitors, and intelligent bracelets).
When individual s use aPHD, they are exposed to their features
and characteristics. Therefore, the likelihood that they become
more familiar with its functions and mechanismsisgreater, and
IT mindfulness as well as IT identity are more likely to be
enacted. Thus, we ensured that the participants had used PHDs
when they took part in thisstudy. Theincentivefor participation
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was a monetary reward (US $3). At the beginning of the
web-based survey, adetailed description of PHDswas provided
to ensure that respondents completely comprehended the context
and purpose of the study. In total, 462 individuals attempted
the survey.

Second, as mentioned in previous studies, one general concern
in data collection is a potential lack of attention and random
responses [63]. Consistent with other studies, we used some
attention trap questionsto prevent and identify careless, hurried,
or haphazard answers [64]. On the basis of answers to these
attention-trap questions, 12 responseswere dropped. Thisratio
issimilar to those reported in previous studies that used M Turk
for data collection [65]. Thus, concerns that web-based
respondents might reply randomly or haphazardly to complete
the survey quickly were aleviated. After excluding responses
that failed the response quality questions, the final sample
consisted of 450 usable and valid questionnaires. We also used
Mplus to assess the power of the analysis and determine the
sample size [66]. Given the number of observed and latent
variables in the model, the anticipated effect size (0.3), the
desired probability (0.8), and statistical power levels (0=.05
and power [3=.95), the minimum sample size for the model
structureis400. Therefore, this study was adequately powered,
as 450 respondents could be sufficient to reduce possible
sampling errors and minimize type 2 errors. Thisis consistent
with both theratio of indicatorsto latent variables approach and

http://mhealth.jmir.org/2020/10/€18122/
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the function of minimum effect, power, and significance
suggested by Westland [67].

Results

Descriptive Statistics

Table 2 depicts the respondents characteristics. The
demographic characteristics show that most respondents were
female (270/450, 60.0%), White (301/450, 66.9%), with a
full-time job (311/450, 69.1%), and had a bachelor’s degree
(257/450, 57.1%). Approximately 69.7% (314/450) of
respondents were aged between 20 and 39 years, and
approximately half had an annual household income between
US $25,000 and US $74,999. Regarding experience, frequency,
and length of use, the resultsimply that the respondents of this
study were familiar with a PHD. All participants had used a
PHD before, and most (276/450, 60.8%) rated themselves as
either very experienced or extremely experienced with an
mHealth device. Overall, 62.0% (279/450) of respondents used
PHD daily, and approximately 52.2% (235/450) used PHD for
more than a year. Finaly, respondents were asked to indicate
the type of their PHDs and the purpose of using them. Fitbit
(176/450, 39.1%), Apple Watch (90/450, 20.0%), and Samsung
Galaxy Fit (81/450, 18.0%) were the top 3 PHDs used by
respondents. Controlling fithess and diet (203/450, 45.1%)
followed by monitoring blood pressure and checking the
cholesterol level (122/450, 27.1%) received the highest
percentage of responses regarding the purpose of use.
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Table 2. Sample characteristics (N=450).

Variables Value, n (%)
Gender
Male 180 (40.0)
Female 270 (60.0)
Age (years)
<20 5(1.1)
20-29 157 (34.9)
30-39 157 (34.9)
40-49 82 (18.3)
50-59 36 (8.0)
=60 13(2.9)
Annual household income (US $)
<25,000 72 (16.0)
25,000-49,999 115 (25.5)
50,000-74,999 112 (24.8)
75,000-99,999 75 (16.6)
=100,000 76 (16.8)
Education
Less than high school 22 (4.9)
High school graduate 45 (10.0)
Some college 77(17.1)
2-year degree 35(7.7)
Bachelor's degree 257 (57.1)
Graduate degree 14 (3.1)
Employment status
Employed full time 311 (69.1)
Employed part time 73(16.3)
Unemployed 33(7.4)
Retired 10(2.2)
Student 23(5.1)

Race and ethnicity

White 301 (66.9)
African American 51 (11.4)
Asian 27 (6.0)
Hispanic 66 (14.6)
Mixed 5(1.1)
Experience with mobile devices (eg, phone, tablets)
Slightly experienced 8(1.7)
Moderately experienced 77 (17.0)
Very experienced 145 (32.3)
Extremely experienced 220 (48.9)

Experience with PHDs?

Slightly experienced 40 (8.9)

http://mhealth.jmir.org/2020/10/€18122/ JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 10 [e18122 | p.106
(page number not for citation purposes)

RenderX


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

JMIR MHEALTH AND UHEALTH

Esmaeilzadeh

Variables

Value, n (%)

Moderately experienced

Very experienced

Extremely experienced
Freguency of use

Rarely

Monthly

Weekly

Daily
Length of use

<6 months

6 monthsto 1 year

1-2 years

>2 years
PHDs used by participants

Fitbit

Apple Watch

Samsung Galaxy Fit

FitTech Smart Watches

Garmin Fitness Watches

Other Smart Fitness Trackers
Purpose of use

Controlling fitness and diet

Monitoring blood pressure and checking the cholesterol level

Controlling or quitting smoking

Monitoring chronic diseases (eg, diabetes and heart disease)

Controlling depression or anxiety

134 (29.7)
172 (38.3)
104 (23.1)

8(1.7)
44.(9.7)
119 (26.6)
279 (62.0)

84 (18.6)

131 (29.1)
110 (24.6)
125 (27.7)

176 (39.1)
90 (20.0)
81 (18.0)
58 (12.8)
27 (6.0)
18 (3.9)

203 (45.1)
122 (27.1)
54 (12.0)
45 (10.0)
26 (5.8)

8PHD: personal health device.

Instrument Validations

Before datawere statistically analyzed, normality was eval uated,
as this is important for the distribution of data to exhibit this
trait, to facilitate unbiased and consistent models [68]. Thus,
all the constructs used in the model were scrutinized against the
normality assumptions. An examination of the skewness and
kurtosis of the constructs showed a skewness range from 0.045
to 1.164 and akurtosisrange from 0.017 to 1.531. On the basis
of these findings, all the values fall within the prescribed limit
and maximum acceptable levels of 2 for skewness and 7 for
kurtosis tests [69].

To test the proposed research model, we apply a two-step
assessment process using SmartPL S; measurement model and
structural model assessments [70]. The SmartPLS method
simultaneously assesses the theoretical propositions and
properties of the underlying measurement model. To validate
the survey instrument, we performed a confirmatory factor

http://mhealth.jmir.org/2020/10/€18122/

analysison all the constructs to assess the measurement model.
We used SmartPLS (version 3.0) to test the convergent and
discriminant validity. According to Gefen et al [71], convergent
validity can be tested by examining the standardized factor
loading, composite reliability, and average variance extracted
(AVE). Table 3 shows the results of the convergent validity
test. All values of composite reliabilities were more than the
threshold value of 0.7, which highlighted that the reliability of
the constructs was adequate [ 72]. According to Hair et a [73],
afactor loading of 0.7 or greater is acceptable. In this study, all
reported standardized factor loadingswere greater than 0.7. The
AVE of each construct was cal culated using standardized factor
loadings. All reported values of the AV E were also greater than
0.5, which met the minimum requirement [ 74]. These measures
indicated that the convergent validity of the measurement model
was acceptable. As the instrument validation results were
satisfactory, the scales were not purified, and no items were
excluded fromfurther analysis. Thus, Table 3includesall items
used in the questionnaire.
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Table 3. Results of convergent validity.

Construct and items Standardized factor loading (>0.7)  Composite reliability (>0.7) Average variance extracted (>0.5)

I T#identity
ITI—REL 1P 0.83 0923 0.706
ITI-REL2 0.80 N/AC N/A
ITI-REL3 0.87 N/A N/A
ITI-REL4 0.86 N/A N/A
ITI-REL5 0.84 N/A N/A
ITI-EMO1¢ 0.80 0.917 0.689
ITI-EMO2 0.85 N/A N/A
ITI-EMO3 0.83 N/A N/A
ITI-EMO4 0.82 N/A N/A
ITI-EMO5 0.85 N/A N/A
ITI-DEP1® 0.86 0.920 0.698
ITI-DEP2 0.87 N/A N/A
ITI-DEP3 0.76 N/A N/A
ITI-DEP4 0.79 N/A N/A
ITI-DEP5 0.89 N/A N/A

I'T mindfulness

ITM=ALT1f 0.79 0.870 0.690
ITM-ALT2 0.82 N/A N/A
ITM-ALT3 0.88 N/A N/A
ITM=AW19 0.80 0.869 0.690
ITM-AW2 0.86 N/A N/A
ITM-AW3 0.83 N/A N/A
ITM—opP1" 0.90 0.917 0.787
I TM-OP2 0.86 N/A N/A
I TM-OP3 0.90 N/A N/A
ITM—OR1! 0.80 0.836 0.629
I TM-OR2 0.79 N/A N/A
ITM-OR3 0.79 N/A N/A

Per ceived health status

PHS1) 0.80 0918 0.737
PHS2 0.89 N/A N/A
PHS3 0.84 N/A N/A
PHS4 0.90 N/A N/A

Feature use behavior

FEAT1X 0.86 0.895 0.681
FEAT2 0.81 N/A N/A
FEAT3 0.80 N/A N/A
FEAT4 0.83 N/A N/A

Enhanced use
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Construct and items Standardized factor loading (>0.7)

Composite reliability (>0.7) Average variance extracted (>0.5)

ENH1' 0.83
ENH2 0.87
ENH3 0.85
ENH4 0.86
Continued intention to use
clul™ 0.82
Clu2 0.92
Clu3 0.92
Clu4 0.88
ClU5 0.93
Positive wor d-of-mouth intention
PWOM1" 0.82
PWOM?2 0.87
PWOM3 0.84

0.914 0.727
N/A N/A
N/A N/A
N/A N/A
0.953 0.801
N/A N/A
N/A N/A
N/A N/A
N/A N/A
0.881 0.712
N/A N/A
N/A N/A

&T: information technol ogy.

BITI-REL: IT identity—relatedness.

°N/A: not applicable.

4TI-EMO: IT identity—emotional energy.

I TI-DEP: IT identity—dependence.

fITM—ALT: IT mindfulness—alertness to distinction.
9 TM—AW: IT mindfulness-awareness of multiple perspectives.
M TM—OP: IT mindfulness-openness to novelty.
iITM—OR: IT mindfulness—orientation in the present.
IpHs: perceived health status.

KFEAT: feature use behavior.

|ENH: enhanced use.

MCIU: continued intention to use.

"PWOM: positive word-of-mouth intention.

We also tested the discriminant validity of the constructs (Table
4). All the diagonal values (the square roots of the AVES) were
greater than 0.7 and exceeded the correl ations between any pair
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Table 4. Results of discriminant validity.

Esmaeilzadeh

Con- Mean SD ITI- ITI- ITI- ITM- ITM- ITM- ITM- PHSD FEAT! ENH! ciuk  pwoMm!
struct REL? EMO° DEP° ALTY Awe  oFf ORY

ITI- 337 100 (g™ N NA N/A N/A N/A N/A N/A N/A N/A N/A  N/A
REL

ITI- 334 103 05%0 ggzpm N/A N/A N/A N/A N/A N/A N/A N/A N/A  N/A
EMO

ITI- 343 102 0615 0639 (ggsm NA N/A N/A N/A N/A N/A N/A N/A  N/A
DEP

ITM- 346 101 0323 0479 0464 (ggo™ NA N/A N/A N/A N/A N/A N/A  N/A
ALT

ITM- 396 085 0356 0421 0378 0663 gz™ N/A N/A N/A N/A N/A N/A  N/A
AW

ITM- 385 097 0229 0393 0446 0671 0634 (gg7m N/A N/A N/A N/A N/A  N/A
OP

ITM- 376 087 0315 0373 0399 0546 0618 0526 (793m N/A N/A N/A N/A  N/A
OR

PHS 38 103 0143 0123 0122 0168 0284 0198 0184 gsgm N/A N/A N/A  N/A
FEAT 380 083 0451 0464 0515 0478 0596 0522 0553 0272 gosm N/A N/A  N/A
ENH 367 092 0546 0531 049 0497 0516 0517 0485 0270 0523 ggsom NA  N/A
clu 425 084 0244 0257 0322 0271 0523 0453 0454 0401 0545 0511 (ggm NI/A
PWOM 400 084 0451 0449 0457 0417 0544 0570 0490 0336 0561 0547 0559 (gagm

4 TI-REL: IT identity—relatedness.

BITI-EMO: IT identity—emotional energy.

ITI-DEP: IT identity—dependence.

YTM-ALT: IT mindfulness—alertness to distinction.
€I TM-AW: IT mindfulness-awareness of multiple perspectives.
fITM-0P: IT mindful ness-openness to novelty.

9 TM-OR: IT mindfulness—orientation in the present.
fpHs: perceived health status.

IFEAT: feature use behavior.

JENH: enhanced use.

KCIU: continued intention to use.

'PwoMm: positive word-of-mouth intention.

MGreater than 0.7 and higher than the correlations between any pair of constructs.

"N/A: not applicable.

Control Variables

Factors that do not represent the core variables (ie, those
included in the causal model) of this study, which may affect
the interrelationships between the core variables, have been
controlled for. As mentioned previously, we controlled for age,
gender, race, income, employment, education, the purpose of
use, and experience with a PHD. Although the causal model
seems to represent individuals active, automatic, and
commitment use behaviors, we found that the effects of control
variables were not negligible. On the basis of the findings, age
and education influence feature use (3=-.20; P=.008; and 3=.12,
P=.02), which impliesthat younger userswith higher education
levels may exhibit a greater extent and breadth of use. Among
the control variables, only education level influenced enhanced
use (B=.19; P=.006). Thisresult indicatesthat userswith higher
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education backgrounds are more likely to useaformerly unused
set of features for additional tasks. Age was the only control
variable affecting continued intention to use (=-.13; P=.03),
indicating that older users are more likely to continue to use
their PHDs. Finally, gender positively influences positive WOM
intention (=.18; P=.004). However, no effects of race, income,
and purpose of use were found on any of the 4 use behaviors.

Structural Model

SmartPL S (version 3.0) was used to test the hypotheses within
a structural equation modeling framework. According to Ho
[76], the goodness-of-fit statistics can evaluate the entire
structural model and assessthe overall fit. Thefindingsindicated
the normed chi-square value of 2.5, which was between the
recommended values of 1 and 3 [77]. The values for indices,
that is, comparative fit index of 0.92, normed fit index of 0.91,
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relativefit index of 0.93, and Tucker-Lewisindex of 0.90, were
above 0.9, and the index values for standardized root mean
residual of 0.05 and root mean square error of approximation
of 0.06 were below 0.08 [78]. The value of adjusted
goodness-of-fit index (GFI) was 0.91, which exceeded 0.90.
All these measures of fit were within the acceptable range, and
only the GFI of 0.82 was marginal and could not meet the

Figure2. Model paths. IT: information technology; WOM: word-of-mouth.
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health status
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IT identity
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expected threshold value (which is >0.90). However, based on
astudy by Kline [79], at least four of the statistical values met
the minimum recommended val ues, which supported agood fit
between the hypothesized model and the observed data. Figure
2 displays the standardized path coefficients of the structural
model under investigation.

Postadoption behaviors
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In this study, IT identity comprises 3 interrelated dimensions
(relatedness, emotional energy, and dependence), and IT
mindful ness comprises 4 interconnected dimensions (orientation
in the present, alertness to distinction, awareness of multiple
perspectives, and openness to novelty). The main reason for
modeling the first-order constructs as reflective constructs is
the expectation of interaction among the dimensions of the
second-order construct [80]. This expectation was later
confirmed by the presence of significant positive correlations
between the 3 dimensions (Table 4). In a reflective construct,
the dimensions have positive and significant intercorrelations
asthey sharethe same pattern [81]. Moreover, the findings show
that all 3 dimensions of IT identity as first-order factors load
significantly on the second-order construct, astheloadingswere
0.92 for emational energy, 0.89 for dependence, and 0.91 for
relatedness. Similarly, the 4 dimensions of IT mindfulness as
first-order factors load significantly on the second-order
construct, as the loadings were 0.81 for orientation in the
present, 0.78 for alertness to distinction, 0.87 for awareness of
multiple perspectives, and 0.89 for openness to novelty. Thus,
the combination of 4 dimensions reflects IT mindfulness in
relation to PHDs. These characteristics are more indicative of
areflective construct.
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To perform the partial least squares (PLS) structural equation
modeling analysis, we determined one particular indicator per
construct asadominant indicator that correl ates positively with
the construct [82]. This approach avoids the issue of sign
indeterminacy in PL S path modeling. The structural model was
assessed by examining the path coefficients. We used
bootstrapping to determine the significance of each path through
t tests. The results of the hypotheses testing are summarized in
Table 5. The findings support H1 by showing a significant
positive relationship between IT identity and IT mindfulness
(B=.604; P<.001). We analyzed the interaction termsto examine
whether perceived health status moderates the impact of IT
identity on IT mindfulness. One path goes from the interaction
termto I T mindfulness; this path tests whether perceived health
status moderates the relationship between IT identity and IT
mindfulness (H2). To examine the moderating effect, we used
the product indicator approach. As recommended by Henseler
and Chin [83], when the exogenous or the moderator variable
or both are formative constructs, the two-stage PLS approach
for estimating moderating effects is a better approach than the
product indicator approach. In this study, as none of the
exogenous or moderator variables is formative, the product
indicator method is preferred. Moreover, the product indicator
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approach is suggested to be easily implementable in PLS path
modeling [84]. The product term serves as an indicator of the
interaction term in the structural model. Thisanalysisindicates
that the moderation hypothesis is supported (H2: 3=-.105;
P=.003). Therefore, the path from the interaction term has

Table 5. Results of hypotheses testing.

Esmaeilzadeh

significant negative beta coefficients, indicating that the
relationship between IT identity and IT mindfulness is
negatively moderated by perceived health status. The t value
for perceived health status's moderating effect was 2.623.

Hypothesis  Path Standardized coefficient P value Standard error  t statistics Results
(df=25)
H1 ITI2S ITMP .604 <.001 0.040 15.086 Supported
H2 ITI - 1TM (moderating effect of perceived -.105 .003 0.040 2.623 Supported
health status)
H3 ITM - feature use behavior .674 <.001 0.042 16.141 Supported
H4 ITM - enhanced use .637 <.001 0.038 16.719 Supported
H5 ITM — continued intention to use 517 <.001 0.055 9.404 Supported
H6 ITM — positive WOM€ intention .639 .007 0.041 15.442 Supported

4 TI: information technology identity.
BITM: information technol ogy mindfulness.
“WOM: word-of-mouth.

H3 is aso supported where higher IT mindfulness in relation
to PHDs leads to feature use behaviors (f=.674; P<.001). The
findings provide enough evidenceto support H4, which indicates
that IT mindfulness significantly reinforces enhanced use
behaviors (=.637; P<.001). The analysis also demonstrates
that individuals' mindfulness with a PHD positively influences
continued intention to use behaviors (f=.517; P<.001), and this
positive linkage supports H5. The path coefficient of the
relationship between I T mindful ness associated with PHDs and
positive WOM intention is significant, supporting H6 (3=.639;
P=.007).

Finally, the variables explained 48% of the variance in IT
mindfulness, 30% of the variance in continued intention to use,
51% of the variance in enhanced use behaviors, 56% of the
variance in feature use behaviors, and 45% of the variance in

positive WOM intention. The R? scores reflect that the model
provides relatively strong explanatory power to predict the
variance in postadoption behaviors in the context of PHDs.

Discussion

Principal Findings

In this study, we adopt IT mindfulness as a theoretical lens to
articulate factors affecting postadoption behaviors of PHD. We
develop aresearch model (including determinants and outcomes)
to gain a comprehensive view of the role of IT mindfulness
during the postadoption usage of PHDs. Consistent with
previous studies [22], the results confirm that IT mindfulness,
as a domain-specific concept, can be used by IS studies to
predict context-specific behaviors. By describing 1T
meaningfulness and explaining its relationships with active,
automated, and commitment use behaviors, 1S researchers can
provide practitioners and developers with practical
recommendations about how to advance users value derived
from PHD and how to retain and increase potential users. The
results of this study contribute to the IS research on the area of

http://mhealth.jmir.org/2020/10/€18122/

mindfulness by examining the implications of 1T mindfulness
for PHD user performance.

We validated the second-order conceptualization of the IT
mindfulness construct and demonstrated its utility in the context
of smart health devices. As shown in the Results section, all 4
dimensionsof IT mindfulness (ie, avareness, alertness, openness
to novelty, and orientation in the present conditions) strongly
contribute to the operationalization of thisconcept. With abetter
understanding of IT mindfulness, PHD system designers may
be in a better position to design systems that support mindful
use. Moreover, from a managerial perspective, characterizing
PHD features in terms of mindfulness raises questions about
how this aspect of IS operations should be managed.
Practitioners and PHD devel opers can consider the malleability
of these factors to cultivate IT mindfulness and improve
consequent use behaviors. For instance, developers can add
features to the PHD software to make users ready to become
more mindful of PHD functionality. Previous research reports
that critical thinking about how things can be done is likely to
predict mindfulness, and some attributes of 1T, such as the use
of highly specific instructions, can hinder mindfulness [28].
Onesuggestionto raise I T mindfulness could be paying attention
to flexible software structure so that instructions do not seem
coercive to users and technical issues can be detected quickly.

Mindfulness theories indicate that excessive automation and
routines are not desirable [28]. Offering customizable features
and using gamification techniques coupled with defining an
acceptablelevel of challengefor performing health-related tasks
arelikely toincrease I T mindfulness. For example, PHD vendors
can design hedlth-related games that include multiple simple
and complex steps and encourage users to participate in these
challenges. The use of promotional efforts, such as providing
participants with opportunities to gain points and redeem
rewardsin exchangefor active participation, can enhance users
experience with smart devices. These features can elevate the
state of users' awareness of PHD capabilities, alertness to the
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device' sdistinction, engagement in theimmediate health-related
task context, and flexibility in system use. Another suggestion
is to design factors that are integrated into social media
platforms [85] that may improve IT mindfulness and enhance
our understanding of how individuals explore and use PHD
features. This suggestion is consistent with Junglas et a [86],
indicating that adding social components and socially enabled
features to digital devices can enhance the use behaviors of
those technologies.

Theoretical and Practical Implications

One of the main theoretical contributions of thisresearchisthe
identification of a cause of IT mindfulness. We show that IT
identity is a strong antecedent of IT mindfulness. The results
of thisstudy contend that higher I T identity related to PHD will
lead to stronger IT mindfulness associated with PHD use.
Therefore, one practical way to enhance IT mindfulnessin the
context of smart devicescould be by elevating users' I T identity.
For instance, PHD vendors can stimulate users sense of
connection, levels of enthusiasm, and reliance on their PHD to
increasetheir IT mindfulness, such asby continually introducing
new features of PHDs [49]. It is valuable for practitioners to
consider the dimensions of IT identity to establish specific
guidelines and mechanismsto foster the I T mindfulness of PHD
users.

Another theoretical implication of this research is to study the
consequences of IT mindfulness and examine its effects on
users' beliefs and behaviors. The findings shed more light on
the explanatory power of IT mindfulness in predicting
postadoption behaviors. Our study providesempirical evidence
that IT mindfulness can be a significant factor affecting
postadoption PHD use. On the basis of the results, IT
mindfulness can explain additional variance in active system
use (ie, enhanced use and feature use behaviors) than
commitment behaviors and continued system use. Continued
use defines the automatic extension of current PHD use, but
active system use is finding new opportunities for changing
existing use behaviors. Our results show that the relationship
between IT mindfulness and active use behavior is stronger than
its linkage with automated system use. In line with previous
studies, mindfulness can nurture active rather than passive as
well asamechanical thinking process and motivateindividuals
to use an IT device to its fullest potential [50]. People with a
higher level of IT mindfulness may pay more attention to their
current context than obligations that restrict freedom of use
behaviors [28]. Therefore, they may be more likely to
accommodate their PHD use based on the situations they are
experiencing. PHD developers can improve users |IT
mindfulness by providing updated and well-formatted
information about the features of this technology, explaining
why their devices differ from others and articulating how these
systems can be used for performing different health-related
tasks.

Previous studies report that I T mindfulness empowers users to
apply their knowledge in a flexible manner in new and
unfamiliar situations[25]. In line with the literature, the results
indicate that 1T mindfulness enables individuals to innovate
with their PHD to enhance their feature use. Therefore,
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I T-mindful people are expected to explore new and untested
features to perform additional health-related tasks. Moreover,
we show that IT mindfulness allows individuals to find new
opportunities for using the current PHD features. The
dimensions of IT mindfulness will increase the possibility of
reaching more in-depth usage of familiar PHD features. Thus,
we provide evidence that IT-mindful people have a greater
tendency to use the existing features of their PHD in various
situations.

Thisresearchisthefirst in the stream of 1S use that hypothesizes
adistinct impact of IT mindfulness on commitment behaviors.
The findings demonstrate that I T mindfulnessin the context of
PHD useis asignificant predictor of positive WOM intention.
A possible justification is that 1T-mindful individuals tend to
monitor the task environment and keep abreast of new features
and novel ways of using a system to perform different tasks
[87]. Thus, they may not constrain themselves to current ways
of using technology and will exhibit a greater likelihood of
suggesting a PHD and its unique features to others. Their
elevated awareness of the system’s functionalities and
applications may encourage them to form a larger level of
commitment to their PHDs. This finding is consistent with
results from previous studies, suggesting a strong relationship
between awareness and WOM [88]. These results suggest that
PHD developers consider IT mindfulness notions in their
marketing campaign to promote usability as well as the value
of their smart devices and increase the use rate. Specific
marketing strategies in PHD companies can be developed to
enhance users' state of being alert and aware of improving their
affective commitment and positive WOM intention.

To highlight the health-related context of PHD usage and
explore the contingent nature of the relationship between IT
identity and IT mindfulness, we use perceived health status as
a hedlth factor. These findings imply that IT identity may lead
to greater I'T mindfulness, particularly among userswith chronic
physical or mental diseases. The moderating role of perceived
health status demonstrates that IT mindfulnessis dynamic and
amenabl e to change through manipulation of individuals' health
status perceptions. This is in line with previous studies,
suggesting that IT mindfulness is a dynamic trait; thus, it can
help vendors learn how IT can facilitate agility and flexibility
rather than merely assuming that IT must benefit agility [89].
Our results show that the I T identity— T mindfulnessrelationship
is less substantial for users who perceive themselves to be
healthier. Consequently, the likelihood that they will engagein
active, automated, and commitment behaviors is lower.
Therefore, users of a PHD who perceive a poor health status
will exhibit higher IT identity and develop further awareness
and alertness about its applications and tend to engagein amore
nuanced use. The possible rationale is that poor perceptions of
health status may drive unhealthier individuals to attach
themselves more to their PHD and become mindful users of it
in hopes of receiving promising health consequences.

There is considerable interest in understanding the interplay
between perceived health statusand I T mindfulness. We believe
that our findings can be a useful means for exploring this
relationship in greater depth. Regarding the moderating role of
perceived health status, the I T identity— T mindful nesslinkage,
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and in turn, the use behaviors of individuals are likely to vary.
Thismakesit difficult for asingle vendor to be ableto generate
health-related content and features that are comprehensive
enough to embrace a wide range of health issues and topics.
Thus, vendors need to decide the optimal scope of health-related
functions and features on which their PHDs desire to focus.
They can choose to offer a broader set of functions to cover a
variety of health conditions or to focus on specific health issues
(chronic diseases or typical ailments). Therefore, PHDs need
to be relevant to the users, and devel opers should consider the
target audience when designing their features, functions, and
applications. For instance, a PHD may only offer the features
and applications required to quit smoking or alcohol use.
Another example would be adevice that is required to monitor
more severe issues such as cancer or HIV. According to the
findings, we can argue that more focused deviceswith functions
and applications devoted to a particular health situation may
increase the chances of encouraging target users to exhibit
beneficial use behaviors.

Limitations and Future Studies

It should be mentioned that the study is based only on asample
of respondents drawn from the United States. Therefore, the
results may not be generalizable to al users of PHDs. It is
recommended that future studies consider drawing samples
from wider geographical areas, including other countries. Our
study used a web-based survey to recruit participants digitally.
Asaself-rated sampl e of participants on M Turk was used, there
is a small chance that some individuals were not completely
aware of mobile technology and formed their mental construal
of theIT artifact. Therefore, we suggest that further studies use
a different method to ensure that subjects are knowledgeable
about PHDs. For instance, future research can recruit informed
patients who are directly referred by providers using patient
self-management tools. Moreover, our study used aweb-based
survey to recruit participants digitally, which might induce
sample selection bias. Thus, we only considered individuals
who could access a computer, mobile devices, and the internet
to participate in the web-based survey. Future studies can use
other data collection means and sampling strategies to reach
out to a sample that is generalizable to a wide range of health
care consumers.

Thisstudy could also serve asa starting point for design science
studies in the context of individual adoption of smart devices.
In addition, this study could be viewed as an opening gate for
research in the design of technology and assessing how
investigated factors could shape actual performance and use of
technology. In this study, no specific PHD was examined, but
the general concept of aPHD was studied. For instance, it would
be interesting to investigate how alternative PHD brands
influence IT mindfulness enactment and, in turn, affect user
positive WOM intention. Moreover, as there are many forms
of consumer technologies (such as smartphones, tablets, and
computers) with different IT characteristics, one promising
research avenue would be to explore the effects of IT
mindfulness in other contexts rather than PHDs. In this study,
we defined I'T asaunit of technology (hardware and software),
and IT identity aswell as|T mindfulness were examined in the
context of general PHDs. Another promising area of research
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is expanding this study by examining IT identity and IT
mindfulness for users of mHealth apps (software app) and
analyzing the plausible differences. Our results are interpreted
as personal identities and attitudes, as demonstrated by the
instrument used in this study. By using this instrument, we
cannot explain the results as diagnostic of some neurabiological
or invariant cognitive constructs to which the individuals are
condemned. It would be interesting for other studiesto consider
this area of research.

It should be mentioned that 3 demographic factors (ie, age,
gender, and education level) that directly influence outcome
variables are considered as control variablesin our conceptual
model. These effects could be viewed as a limitation of this
study, as they may have affected the results. Future research
could include these factors in the model and test their direct
relationshipswith outcome variables. In this study, we discussed,
modeled, and examined a positive relationship between 1T
identity and I'T mindfulness. However, as a prospect for future
studies, we also suggest that further research can investigate
the possible effects of IT mindfulnesson I T identity. This study
highlights the significant moderating role of perceived health
status between I T identity and IT mindfulness. Future studies
could expand this moderating effect. For instance, additional
research with a new study design is required to address what
dimensions of IT identity could play a more significant rolein
shaping IT mindfulness in light of perceived hedth status
effects. Future research should also compare the effects of
specific health status (eg, physical and mental health stability)
to deeply articulate whether alack of physical and mental health
stability could exert different effects on IT identity and its
relationship with IT mindfulness. Furthermore, the results
indicate that together, the factors were able to explain 48% of
the variance in IT mindfulness. Although we controlled for
confounding variables through randomization, we need to
acknowledge the possible confounding effects of age, gender,
education level, technology experience, and employment status
in the proposed model. Another research avenue to consider is
examining additional factors that may enhance the amount of
variancein I'T mindfulness explained (eg, trust in smart devices,
personal innovativenessin I'T, and computer self-efficacy).

Conclusions

IT mindfulnessis arelatively new concept in IS research. This
study contributesto | S research by validating the concept of I T
mindfulness as a second-order construct with 4 reflective
dimensions. We also develop aresearch model to examine the
antecedents and implications of IT mindfulness for user
performance in the context of PHDs. Through an empirical
study, we offer evidence to highlight the importance of the IT
mindfulness construct for studying individuals resultant
adoption behaviors within the domain of wearable health
devices. Our results suggest that IT mindfulness could be
cultivated through I T identity and relate closely to postadoptive
PHD use. Furthermore, we demonstrate that perceived health
status negatively moderates the relationship between I T identity
and IT mindfulness associated with PHDs. Thus, we suggest
that the link between I T identity and I T mindfulnessis stronger
for individuals who perceive themselves as unhealthier. The
findings of this study provide insights into the phenomenon of
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IT mindfulness formation and add to the literature on IT
mindfulness, eHealth, mHealth, self-management tools, and
health informatics. Owing to the impact of IT mindfulness on
postadoption behaviors, its 4 dimensions could be used for
designing PHD technologies. Moreover, vendors may need to
put their efforts into means of increasing IT mindfulness by

Esmaeilzadeh

reinforcing I T identity to serve and retain awide range of target
users. Theoretical and practical contributions of this study are
noticeable because they could result in a deeper understanding
of human beingsinrelationto I T systemsin an evolving digital
world.
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Abstract

Background: Mobile health apps are increasingly available and used in aclinical context to monitor young people’'s mood and
mental health. Despite the benefits of accessibility and cost-effectiveness, consumer engagement remains a hurdle for uptake and
continued use. Hundreds of mood-monitoring apps are publicly available to young people on app stores; however, few studies
have examined consumer perspectives. App store reviews held on Google and Apple platforms provide a large, rich source of
naturally generated, publicly available user reviews. Although commercial devel opers use these datato modify and improve their
apps, to date, there has been very little in-depth evaluation of app store user reviews within scientific research, and our current
understanding of what makes apps engaging and valuable to young peopleis limited.

Objective: Thisstudy aimsto gain abetter understanding of what app users consider useful to encourage frequent and prolonged
use of mood-monitoring apps appropriate for young people.

Methods: A systematic approach was applied to the sel ection of apps and reviews. We identified mood-monitoring apps (n=53)
by a combination of automated application programming interface (API) methods. We only included apps appropriate for young
people based on app store age categories (apps available to those younger than 18 years). We subsequently downloaded all
available user reviews via APl data scraping methods and selected a representative subsample of reviews (n=1803) for manual
qualitative content analysis.

Results: The qualitative content analysis reveadled 8 main themes: accessibility (34%), flexibility (21%), recording and
representation of mood (18%), user requests (17%), reflecting on mood (16%), technical features (16%), design (13%), and health
promotion (11%). A total of 6 minor themes were also identified: notification and reminders; recommendation; privacy, security,
and transparency; developer; adverts; and social/community.

Conclusions:  Users value mood-monitoring apps that can be personalized to their needs, have a simple and intuitive design,
and allow accurate representation and review of complex and fluctuating moods. App store reviews are a valuable repository of
user engagement feedback and provide a wealth of information about what users value in an app and what user needs are not
being met. Users perceive mood-monitoring apps positively, but over 20% of reviews identified the need for improvement.

(JMIR Mhealth Uhealth 2020;8(10):€18140) doi:10.2196/18140

KEYWORDS
mood monitoring; engagement; maobile applications; mHealth; mental health; smartphone; qualitative research; mobile phone

own asmartphone[1], and mobile phone usage among teenagers
isincreasing morethan any other age group [2]. The smartphone

Young people are leaders in adopting new technology, with "évolution has not only changed the way young people
recent statistics highlighting that 96% of those aged 16-24 years  COMmunicate and acquire new information [3] but also
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encouraged a rapid increase of mobile apps with varying
functions. This growth is notable in the field of maobile health
(mHealth) apps that deliver health and wellness technologies,
as of 2017, consumer app stores had >325,000 mHealth apps
available for download [4].

There has been increasing interest in using digital technology
to administer interventions and monitor mental health symptoms
in young people [5]. A particular area of mHealth growth lies
in mood-monitoring apps. Mood monitoring is a widely used
technique within nonclinical populations, providesinsight into
the development and trajectory of common mental health
difficulties [6-8], and is an embedded technique in existing
self-management techniques and evidence-based mental health
treatments[9]. Self-tracking mood encourages usersto actively
engage in their health care management, provides a sense of
autonomy [10,11], and increases awareness and self-regulation
of emotional well-being [12,13]. There are several reviews
exploring mood monitoring in adult populations [14-17];
however, much less is known about their use in child and
adolescent populations. Although mood-monitoring apps are
potentially cost-effective, accessible, and convenient, there
remains a lack of evidence on how acceptable existing
mood-monitoring apps are and particularly what features and
functions engage younger populations.

Thislack of understanding is further compounded by alimited
consensus on how to measure user engagement. It is widely
acknowledged within the literature that app engagement metrics
and reporting remain unstandardized and heterogeneous[18,19].
The term acceptability often ranges from proxy markers, that
is, adherence rates and utilization data [20], to participants
experience of burden [16], rather than understanding the features
and functions that motivate and satisfy users. A recent
systematic review evaluating mobile mood-monitoring appsin
young people further demonstrates these inconsistencies [21].
A total of 9 studies of the 25 reviewed considered participants
perception of the apps, with only 3 studies specifically referring
to acceptability, which was not explicitly defined; these used
utilization and completion data as a proxy, which were
interpreted by the authors as demonstrating broad acceptability
[16,20,22]. The review demonstrated that young people
generaly positively perceive mood-monitoring apps and view
them as user friendly, convenient, noninvasive, and useful;
however, technological difficulties were reported to negatively
affect user experience [16,23-25]. The review concluded that
very few high-quality studies were available for inclusion and
there is a need for more qualitative research to broaden our
understanding of factors pertinent to the uptake of
mood-monitoring apps.

The adoption of digital tools can also be evaluated by theories
of technology acceptance, which argue that a person’sintent to
use and actual use of atechnology is predicated by the person’s
perceptions of the technology’s usefulness and ease of use
[26,27]. Thetechnology acceptance model (TAM) [26] has been
used more recently to explore mHealth whereby perceived
hel pful ness, perceived ease of use, perceived trust, and perceived
security were all found to directly influence user intention to
use mHealth services [28]. However, the use of the TAM has
been criticized for its weaknesses in explaining users' behavior
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and oversimplification of user perceptions to usefulness and
ease of use[29].

It is important to gain a deeper understanding of user
engagement with mHealth apps, particularly if young people
aregoing to be using publicly available products unaccompanied
and on alarge scale. It isalso crucia that young people are not
set up tofail through poorly designed health apps or engagement
with well-designed but ineffective digital treatments. Although
small-scale qualitative studies have explored young people's
views of mental health apps [30], more extensive research is
needed to understand the nuances of user engagement. Written
user reviews on mobile app stores contain a wealth of
information about user experience and expectations and are a
potentially untapped source of information in research, despite
being used by smartphone owners to consider whether to
download and engage with a given app [31]. We can, therefore,
explore rich user reviews to understand what makes a
mood-monitoring app acceptable to end users and what features
are most prominent in positively reviewed apps.

The analysis of publicly available app reviews has been
successfully used in recent literatureto investigate user attitudes
toward existing apps and their feature requests [32-34].
However, only ahandful of studies have analyzed mHealth app
reviews. These investigations have tended to assess app content
quality for specific disorders [35], app functionality and user
experience of a specific intervention [36], or apps targeting
medication adherence [37]. Consumer perspectives of appsfor
bipolar disorder [35] found mostly positive feedback but also
alarge number of requests for desired functions. Users valued
apps that were helpful, supportive, and easy to use and often
integrated them into their health management and clinical care.
Interestingly, users often did not consider the evidence base or
clinical effectiveness of the app. User experience of cognitive
behavioral therapy apps for depression [36] found that users
valued the app in supporting their mental well-being and used
the app as an adjunct to treatment. Concerns were also
highlighted, particularly surrounding theimportance of privacy,
security, and trust. User experience of medication adherence
apps[37] again found that usersvalued customization, the ability
to monitor health information, and the ability for appsto support
health care visits. Negative user experiencesincluded technical
difficulties, confusing app navigation, and inflexibility in the
reminder setup.

In this paper, we perform a qualitative content analysis of user
reviewsto explore what app users consider useful to encourage
frequent and prolonged app usage of mood-monitoring apps
appropriate for young people.

Methods

Data Collection

A systematic review framework was applied to the search,
screening, and assessment of apps. We searched the 2 major
commercialy available app stores: Google Play and Apple
iPhone Operating System (iOS) store, by using the application
programming interfaces (APIs) on these platforms[38,39]. We
first used manual keyword searchesto create a set of seed apps,
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and then, we used a combination of APl methodologies to
identify and refine a set of relevant mood-monitoring apps on
each platform. We then used API data scraping methods to
collect al avail able user-generated reviewsfor the relevant apps
identified. We used acombination of keyword searchesto define
a set of seed apps, followed by a snowball sampling technique
to collect a series of similar apps. A full description of the API
data collection methods can be found in Multimedia Appendix
1[36,40-44].

Apps that met the following criteria were included: (1)
self-reported mood-monitoring was the app’s primary purpose,
(2) the app was suitable for young people (aged less than 18
years) as described viathe app store age rating, and (3) the app
was available in English. Apps designed for health conditions
other than mood disorders were excluded.

Widnall et &l

Intotal, 53 apps had 15,825 reviews. To gain afeasible number
of reviews to manually appraise, we systematically selected a
subsample of reviews. Both app stores provide different ways
of sorting reviews, such as by date (most recent) or by the
helpfulness of areview rated by other users (most helpful). After
establishing that there was no significant difference between
star rating distributions between the two ranking systems (see
Multimedia Appendix 1 for full description), we ranked the
reviews by most helpful and retrieved the top 50 reviews from
each app. Where appshad lessthan 50 reviews, all reviewswere
collected. This resulted in a subset of 11.39% (1803/15,825)
reviews: 1092 Google and 716 iOS. Figure 1 shows a flow
diagram detailing the review process and results at each stage.

Figure 1. Flow diagram illustrating the selection of apps and user reviews. CBT: cognitive behavioral therapy.

Identifying apps

Mood-monitoring apps retrieved by snowball
sampling (n=329)

Apps excluded via keyword clustering (n=270)

Mood monitoring apps excluded from cluster via
manual search (n=6)

Y

Apps included in user review analysis (n=53)
Google (n=27)

Apple (n=26)

Retrieving user reviews

Total user reviews retrieved (n=15,825)
Google (n=13,593)

Apple (n=2,232)

v

Subsample of user reviews for manual content
analysis (n=1,803)

- Diet trackers (n=2)
- Generic diary app (n=2)
- Mindfulness or CBT specific (n=2)

The top 50 reviews rated ‘most helpful’ by other users
were selected from each of the 53 apps. Where less
than 50 reviews existed, all reviews were retrieved.

Google (n=1,089)

Apple (n=714)

Qualitative Content Analysis

Given the exploratory nature of this study, we conducted a
qualitative content analysis to interpret themes in the app user
reviews. Content analysi s techniques have been widely used to
understand user-generated review data, particularly in fields of
research where existing theory is limited [45-47]. Given the
rarity of content analyses of consumer perspectives on mobile
apps within the literature, the majority of the analysis used an

http://mhealth.jmir.org/2020/10/€18140/

RenderX

v

Reviews containing unreadable code or special
characters only were excluded.

inductive approach to developing a coding framework [48].
Although the existing literature on analyzing mHealth app user
reviews is limited, a smaller-scale deductive approach was
carried out by using existing themes drawn from what published
research was available to further inform our content analysis
framework [11,21,35,49]. Following the guidelines on inductive
analysis approaches in previous studies [21,35], we devel oped
a database of coded user reviews. Our approach to the analysis
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followed established coding techniques [50] across 3 phases:
(1) dataimmersion, (2) data reduction, and (3) interpretation.

A preliminary sample of 500 reviews was randomly selected
to ensure adequate coverage of a range of apps. Three coders
(EW, CG, and L C) each coded the reviewsfor positive, negative,
or neutral sentiment and noted whether the review highlighted
a specific feature of engagement. This allowed the coders to
become familiar with the informational content and to generate
first-stage concepts.

After initial sentiment and feature identification, the coders
developed a preliminary framework to organize codes (code
name, description guidelines, and example quotes). Each
researcher then used the codebook on an additional 100
randomly selected reviews. All researchers then met to revise,
refine, and finalize the codes.

Interpretative notes were made and discussed, particularly
around exploring word usage and the range of meanings. A set
of themes and subthemes was subsequently revised and
reordered during the interpretation phase. A coding framework
was finalized, and 2 researchers (EW and CG) then
independently coded the subset of user reviews (n=1803).

Results

Research Rigor

A substantial level of intercoder reliability acrossal codeswas
observed (k=0.68), with high agreement for the themes adverts
(k=0.85), reminders (k=0.86), and transparency (k=0.89).
Substantial intercoder agreement was observed for reflecting
on mood (k=0.72), technical (k=0.72) accessibility (k=0.71),
recommendation (k=0.79), and recording/representation of
mood (k=0.71). There were moderate levels of intercoder
agreement for design (k=0.61), developer (k=0.65), health
promotion (k=0.61), flexibility (k=0.64), social support
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(k=0.51), and user requests (k=0.59). A poor level of intercoder
agreement was observed for games/gamification (k=0.29). As
this theme occurred in less than 1% of the reviews, it was
subsequently removed from the coding framework.

Review Sentiment

Of the subset of 1803 user reviews, 1474 (81.7%) had apositive
sentiment, that is, featured positive commentary on the app.
However, positive reviews often included a contrasting
statement, most commonly a user request for an additional
feature. A total of 20% of positive reviews were general in
nature and did not provide specific details on which features of
the app werevalued. A total of 8.9% (162/1803) of user reviews
had a negative sentiment, and 9.2% (167/1803) of the reviews
had a neutral sentiment. Over a third of the reviews with a
negative sentiment included user feedback surrounding technical
difficulties.

Description of Apps and Reviews

A total of 14 themes were identified in the data. Eight themes
were prevalent in over 10% of the coded reviews (ranging from
34% prevalenceto 11%), and 7 themeswere present in less than
10% of the reviews (ranging from 7% to 1%). Codeswith >10%
prevalence were named major themes, whereas codeswith <10%
prevalence were named minor themes. Multimedia Appendix
2 shows the full coding framework describing all themes,
subthemes, and illustrative quotes. Table 1 showsthe frequency
and percentage presence of all 14 themes within the user
reviews. Multimedia Appendix 3 shows all 53 appsincluded in
theanalysisaswell as app metadata. Theincluded apps spanned
4 different categories: lifestyle (29/53, 55%), health and fitness
(20/53, 37%), medical (2/53, 4%), and productivity (2/53, 4%).
Across all 53 apps, there was an average star rating of 4.35,
with 33 out of 53 appsrated 4.5 stars or above. Out of 53 apps,
47 were free of charge. The 6 apps that charged users ranged
from $0.99 to $4.99.
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Table 1. Prevalence of major and minor themes identified in user reviews (N=1803, categories not exclusive)

Themes?

Prevalence of themein reviews, n (%)

Major themes
1. Accessihility
2. Flexibility
3. Recording/representation of mood
4. User requests
5. Reflecting on mood
6. Technical feature
7. Design
8. Health promotion
Minor themes
1. Notifications/reminders
2. Recommendation
3. Privacy, security, and transparency
4. Developer
5. Adverts
6. Social/community

614 (34.05)
370 (20.52)
322 (17.86)
302 (16.78)
291 (16.14)
284 (15.75)
225 (12.48)
186 (10.32)

130 (7.21)
115 (6.37)
102 (5.66)
69 (3.82)
55 (3.05)
38(2)

8 n 366 (20.30%) reviews, no engagement feature was coded.

Major Theme 1. Accessibility

Over athird of reviews centered around accessibility of the app.
Users valued simplicity and frequently praised a simple and
straightforward design that was easy to use. Users aso
frequently praised apps they perceived as fast and efficient;
however, they expressed frustration with inefficient or slow
apps.

Cost was also an important aspect; overall, users appreciated
apps that were free of charge, but users often seemed happy to
pay for premium versionsif the app met their needs. However,
userswerefrustrated when there were hidden subscription costs
or when they had to pay for an app that did not meet their needs.
Other users disagreed with developers charging at all for mental
health—related apps.

Major Theme 2: Flexibility

The second most prevalent theme was flexibility. Users
frequently referenced the need for the app to offer personalized
and customizable features to suit individual user needs. This
theme largely centered on 4 main features, the first of which
was the ability for users to create their own personaized
emotions or mood descriptions. Second wasthe ability for users
to enter as many mood entries asthey wished toin 1 day. Third
was the ability for users to edit/modify/delete a previous entry,
and the fourth one was that users preferred no
restrictions/character limits being placed on free text entries.

Major Theme 3. Recording/Representation of Mood

How users record and represent their mood within the app was
the third major theme. Of particular importance to the user
within this theme was the variety of options available to
represent mood, linking in with the theme of flexibility. Users
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often highlighted the complexity of moods and the need for
multiple mood entriesaswell as custom scales. Similarly, users
often described how a predetermined list of moods or emotions
did not allow them to accurately represent their feelings and
often requested the ability to elaborate on their mood using free
text descriptions in their own words. Interestingly, some users
also indicated the need for a balance between choice and
specificity, for example, finding it helpful having alist to choose
from when feeling confused over their own emotions but also
the need to be able to name amood of their choice.

Major Theme 4. User Requests

Approximately 1 in 5 reviews contained a request to the app
developer. These requests were often a user wish list and
requested features to improve their app experience. The most
common requests centered on the theme of flexibility and
personalization, such as customizable emotions, multiple entries
per day, and editing entries.

Major Theme 5: Reflecting on Mood

The ability of usersto reflect on their mood and mood entries
over time was another main feature of engagement. Users
particularly valued seeing their mood entries in the form of a
graph or diagram. Users described how avisua display of mood
over time allowed them to reflect on their good and bad days
and value the ability to observe patterns and link moods to
particular activities. Users frequently described the positive
effect of reviewing their moods and experiences.

Major Theme 6: Technical Feature

Technical features largely referred to technical issues within
the apps, such asdataloss, inahility to share mood entries across
devices, or difficulties accessing or using the app. Thetechnical
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features theme, therefore, often referred to barriers to
engagement with the app.

Dueto the personal nature of dataentered into mood-monitoring
apps, users had frequent concerns surrounding loss of dataand
difficulties backing up or saving data. Many users reported
experiencing significant amounts of data loss.

The ability to export or share datawith different devicesaswell
as with friends, family, and medical professionals was valued
by users. When amood-monitoring app did not include an export
or share feature, this was frequently requested by users.

Major Theme 7: Design

The design of the app was important to users particularly in
terms of the user interface being visually appealing, described
by users with terms such as “beautiful,” “pretty,” and “sleek.”
Design preferencesincluded a clean, ssimple design, which was
intuitive and easy to navigate. Users valued simplicity and
minimal designs over a cluttered screen.

Major Theme 8: Health Promotion

Users valued the ability of mood-monitoring apps to facilitate
health promotion. Health promotion had 4 categories: (1) the
mood-monitoring app itself being therapeutic for users and
aiding self-awareness; (2) the ability to share mood entrieswith
health care professionals to aid clinical appointments and
facilitate discussions around their mood; (3) the ability for apps
to provide psychoeducation, for example, understanding
components of cognitive behavioral therapy; and (4) apps
including signposting materials to available support services.

Minor Theme 1: Notifications/Reminders

Overall, users were positive around the use of natificationsand
reminders in apps and found this a helpful way of keeping on
track with their mood monitoring. Some users even mentioned
that anotification would promote a positive thought. It was also
important that users were given the option to tailor their
notifications'reminders to suit them.

Minor Theme 2: Recommendation

Written reviews al so consisted of anumber of recommendations
to other users. These recommendations were indicative of their
appreciation and positive experience with mood-monitoring
apps. Users would often make recommendations to friends or
family members as well as the wider app community. Users
would also sometimes mention that their health care professional
had recommended the app to them, which wastypically followed
by a positive review.

Minor Theme 3: Security, Privacy, and Transparency

Security and privacy mechanisms within mood-monitoring apps
wereimportant to users, and mistrust became an important issue,
particularly surrounding the use of Facebook. The lack of
openness regarding how and where data were stored was also
a concern for some users. Transparency was rarely explicitly
mentioned by users (<1% reviews), but it became a significant
issuewithinindividual apps, for example. Reviewers sometimes
implicitly discussed themes of transparency, although this often
conflated with trust, security, and privacy. Although
transparency does not appear to be a crucia theme for
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engagement, knowledge of breeches, although rare, is key for
rapid disengagement.

Minor Theme 4: Devel oper

App developers were an important factor for users, and
commentsto developersincluded praise and thanks, particularly
commenting on timely responses from app developers. Users
also demonstrated frustrations when app developers were not
responsiveto technical issueswithin the app, which led to users
leaving anegative review surrounding devel oper communication
itself rather than a specific feature of the app.

Minor Theme 5: Adverts

The use and frequency of adverts was important to many users
who typically preferred apps with no adverts. Users generally
didliked intrusive adverts, particularly those that interrupted the
design or visual display of the app. Userswere happy with being
presented with optional adverts, particularly if wanting to
support app devel opers.

Minor Theme 6: Social/Community

A number of reviews referred to the community aspect. Some
mood-monitoring apps provided a peer support network feature,
which was generally positively reviewed by users with a sense
of listening to others aswell as being listened to. Reviews also
often included requests from usersfor app developersto include
a support network to be built into apps that did not have one.
Wherethere was apeer network available, some usersdescribed
feeling limited in theway they were ableto offer support. Users
wanted to offer encouraging words but felt unable to, for
example, some appswould limit user communication to emaojis,
which some users felt was not encouraging enough.

Discussion

Principal Findings

The aim of this study was to summarize and evaluate the main
features of engagement within publicly available
mood-monitoring apps appropriate for young people (aged less
than 18 years) using app store user reviews. To our knowledge,
this is the first exploration of consumer perspectives on
mood-monitoring apps appropriate for young people using
publicly available review data.

User feedback on mood-monitoring apps could generaly be
summarized by 8 main themes and 6 minor themes. Reviews
varied in length, sentiment, and specificity, with many providing
detailed and informative feedback about what engages and
disengages users in mood-monitoring apps. Although 1 in 5
reviews did not contain a specific feature of engagement, the
majority of reviews that did contain a feature of engagement
contained multiple themes, demonstrating the complex and
multifaceted nature of user needs.

The proportion of reviews containing positive and negative
sentiments was similar to previous results in both general and
mHealth apps whereby the majority of reviews contained
positive sentiment [21,35]. The central positive features of
engagement consisted of accessibility and
personalization/customization of app content, which areinline
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with previousfindings of user reviews[30,35,36,49]. Themain
content of negative reviewsin this study also supports previous
findings, which cite functionality issues, lack of features, and
crashing/data loss as the most common complaints
[16,21,24,35,36]. These findings are broadly consistent with
TAMSs, in that users are more likely to adopt apps with
high-quality design that is usable (easy to use, simple, and
efficient) and useful (ability to reflect on mood and therapeutic
features).

Although the majority of reviews had positive sentiments, the
number of user requests (1 in 5 reviews) suggests room for
improvement in currently available mood-monitoring apps to
adequately address user needs. The frequency of user requests
is in line with recent findings from user reviews of apps for
bipolar disorder [35] and indicates that users have evolving
needs and requirements when engaging with health apps. Users
also hold an expectation that developers should address their
needs and requests, which has also been found in previous
literature [35,51,52]. This expectation also supportsthe findings
that app stores serve asacommunication channel between users
and developers [52]. There appears to be a user-devel oper
community, which highlights the potential for engaging end
users throughout the app development process to ensure that
the apps meet user needs before being made publicly accessible.
User co-design poses obvious advantages for app function,
uptake, and use by the target community [53-55].

Themes of accessibility (free and easy use), design (appearance
and content), and social support (peers) show similarity with a
recent study exploring adolescents’ needs from mental health
mobile apps as well as the importance of young people being
in control, which is reflected in our theme of
recording/representing mood and the significance of users
having ownership over how they record their complex and
changing moods [51]. Interestingly, social support, however,
was much less prominent within this study compared with
previous adult and adolescent studies [35,49,56]. This
discrepancy could be due to our focus on generic
mood-monitoring apps rather than clinical intervention apps or
those designed for specific mental health conditions. This
finding could also indicate the facilitation of self-management
within mood-monitoring apps, which has been demonstrated in
previous research, aswell as creating a sense of greater control
and autonomy around health management [11,49].

Although there may be a sense of self-management and
autonomy within personal mood-monitoring apps, several
reviews mentioned the benefit of being able to share their mood
data with general practitioners, therapists, or counselors. This
demonstrates joint  partnerships and facilitation of
communication between mHealth apps and health care
providers. Users mentioned the ease of using app data within
their clinical appointments to better communicate their mood
over time as well as how different events had been affecting
their mood. This two-way communication with health care
providers perhaps demonstrates mHeath apps as a
complementary tool to facilitate patient-provider relationships,
which isin line with previous findings [37,49].
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Asfound in user reviews of bipolar apps[35], there was aclear
absence of discussion of scientific quality within user reviews.
Thisalso relatesto previous qualitative research whereby users
were motivated by information about whether or not an app
would help them, but this information was not necessarily
evidence based [30]. Again, this may be due to the study
focusing on generic mood-monitoring apps, but it could also
represent a disinterest in the scientific basis of mental health
appsor alack of health app regulation knowledge among users.
It could also suggest that users implicitly trust apps that are
publicly available on the app store, which highlights the
importance of mHealth app literacy among users regarding
evidence and data privacy.

The results of this study demonstrate a range of features that
engage users in mood-monitoring apps but also highlight
existing barriers that may prevent successful engagement. The
positive features of engagement found in this paper include
personalization and customization, asimpleand intuitive design,
features alowing users to reflect on their mood, and the
facilitation of both self-management and communication with
health care providers. The main barriersto engagement include
concerns around privacy and security and technical difficulties
surrounding data loss and app bug</errors.

Limitations

Our results should be considered in light of the following
limitations. First, the data used in this study were publicly
available reviews. Our sampling frame for contributors and the
representativeness of the views expressed are unknown. User
reviews on app stores do not provide demographic data;
therefore, we are not aware of the age of users submitting
reviews. Although we based this study on apps available to
those aged less than 18 years, the user reviews analyzed may
be from awide variety of age ranges, including adults. Thisis
a limitation of using publicly available app data; hence, the
engagement features we reviewed cannot be generalized to
youth populations specifically.

Another limitation of looking at written user reviews is that
they lack data surrounding user retention rates and periods of
user engagement. It is, therefore, not possible to determine if
reviews have been written after limited or extensive use of an
app. Further research is needed to explore additional variables
such as level of usage, understanding intent to start using
mood-monitoring apps, and social influences.

Thiswas an exploratory study of arelatively new area; therefore,
specific research questions or hypotheses were not defined
beforethe study. It is possible that important user attitudes may
have been omitted from the publicly availablereviews. Itisalso
likely that there may be an element of biasin publicly available
user reviews, for example, iOS does not make all written reviews
publicly available [57]. However, given theintricacy of reviews
and the number of reviews analyzed, we are confident that our
findings represent users' likes and dislikes of mood-monitoring

apps.
As app stores are very dynamic and frequently changing, the

apps available, their features, and user review feedback are
subject to change. Therefore, it isimportant for future research
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to develop effective methodologies that can rapidly evaluate
user feedback within this field. We were able to automate the
identification and extraction of apps and reviews, however,
developing an automated analysis of user reviews would be a
valuable advancement in future research.

Conclusions

In this study, a content analysis framework was applied to a
subsample of 1803 publicly available user reviews from 53
mood-monitoring apps appropriate for children and young
people (based on app store age ratings). App store user reviews
provide a valuable repository of anonymous, self-driven, and
unstructured feedback. This paper provides aunique perspective
on user attitudes and expectations toward mood-monitoring
apps and allows an in-depth evaluation of the main features of

Acknowledgments

Widnall et &l

engagement and potential barriersto adoption. Usersvalue apps
that can be personalized to their needs, have a smple and
intuitive design, and allow accurate representation and review
of complex and fluctuating moods.

Future studies should explore qualitative feedback from
specifically recruited samples of children and adolescentsusing
publicly available apps to explore whether the main features of
engagement discovered in this study generalize to a defined
child- and adolescent-only group and whether further details
might be obtained from more reflective content. We hope these
findings can support future guidelines on how apps are
developed for end users, and we highlight the importance of
including young people within the app design processto address
disparities between end user perspectives and actual provisions
within mHealth apps.
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Abstract

Background: Activity tracking devices have significant potential in assisting older adults’ health care and quality of life, but
this population lags behind in the adoption of these devices. While theoretical frameworks have been introduced to explain and
increase the adoption of this technology by older adults, little effort has been made to validate the frameworks with people in
other age groups.

Objective: The goal of this study was to validate the theoretical framework of technology acceptance by older adults that we
previously proposed through a direct comparison of the attitudes to and experiences of activity trackers in older and younger
users.

Methods: Semistructured interviews were conducted with 2 groups of 15 participants to investigate their experiences of using
activity trackers. The recruitment criteria included age (between 18 years and 24 years for the younger participant group or 65
years and older for the older participant group) and prior experiences of using mobile devices or apps for activity tracking for 2
months and longer.

Results: Our findings showed that the phase of perceived ease of learning asasignificant influencer of the acceptance of activity
trackers existed only in the older participant group, but this phase never emerged in the younger participant group. In addition,
this study confirmed that other phases exist in both age groups, but 2 distinct patterns emerged according to age groups: (1) the
social influence construct influenced the older participants positively but the younger participants negatively and (2) older
participants’ exploration in the system experiment phase was purpose-driven by particular needs or benefits but for younger
participants, it was a phase to explore a new technology.

Conclusions: This study confirms the validity of the proposed theoretical framework to account for the unique aspect of older
adults' technology adoption. This framework can provide theoretical guidelines when designing technology for older adults as
well as when generating new investigations and experiments for older adults and technology use.

(JMIR Mhealth Uhealth 2020;8(10):€18312) doi:10.2196/18312

KEYWORDS
older adults; technology acceptance; activity tracker; fitness tracker; mHealth; health care; quality of life

: rates, sleep patterns, and even engage in social forms of health
Introduction tracking by using activity trackers [1]. With the collected data
Background and presented information on these devices, not only can people

Activity tracking devices that enable continuous monitoring of
physical activities and physiological parameters have become
widely available, allowing peopleto monitor their daily activity
and overall health. People are now ableto track their steps, heart

https://mhealth.jmir.org/2020/10/€18312

gaininsight into their daily activities but also be empowered to
proactively manage and monitor health concerns, as physical
activity helps reduce the risk of chronic diseases such as
cardiovascular diseases, obesity, and diabetes[2].
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The use of activity trackers by older adults is an area of
particular research interest, since monitoring physical activity
is a valuable parameter to define if persons are performing
enough physical activitiesto prevent age-related chronic diseases
or if they are manifesting early symptoms of those diseases[3].
However, there remains anotable digital divide between young
adults and older adults. While over half of the Americans
reported using a wearable fitness tracker at least once a day,
only a little over 20% of the older adults owned an activity
tracker inthe United States as of 2016 [4]. Infact, low adoption
of technology by older adultsis not specific to activity trackers
but is common with regard to any personal computing devices.
While the adoption rates of computers and the internet by older
adults are steadily increasing (from 12% in 2000 to 67% in
2016), these rates are significantly lower when compared with
90% of the general adult population using web-based services
regularly [5]. Therefore, it isimportant to understand how ol der
adults perceive and use new technol ogy to meet their needsand
to increase the adoption of new technology among older adults.
To achieve this goal, studies have sought to understand how
and why older adults maintain the use of new technology such
asactivity trackersand why they choose not to use or stop using
this technology [6,7]. However, little comparative evidence
existswith regard to the usage patterns and perspectives of older
adults on new technology in adirect comparison with those of
persons of other age groups.

Over the decades, technology acceptance models have been
developed and refined to theoretically conceptualize the factors
that influence the decision of whether to adopt new technology
[8-13]. Within the context of technology adoption and the aging
population, researchers have attempted to conceptualize older
adults' technology acceptance [14-16]. As part of this effort,
we proposed a new framework to account for older adults
acceptance of mobiletechnology for health carein our previous
work [7], wherein perceived ease of learning had a significant
influence on older adults technology acceptance behavior,
which did not appear in the existing frameworks. This study
aimed to validate this framework by directly comparing the
attitudes to and experiences of activity trackers in older and
younger Users.

Literature Review

Mobile Technology and Older Adults

Mobile technology isincreasingly focused on the development
of apps and tools to support health care, healthy living, and
quality of life [17]. Wearable devices and other mobile
technology for health care alow users to continuously track
and manage health data without having to see their health care
provider, such as diabetes management [18] and weight loss
[19]. Thereisaso aplethoraof mobile appsfor health care; as
of 2019, there were over 45,000 apps for health care available
for download from Apple app stores [20].

With regard to older adults and mobile technology, older adults
are increasingly becoming savvy consumers  of
smartphone-based health solutions and information. With the
increased desirability for aging in place, numeroustechnologies
have emerged with the aim of supporting aging-related health
concerns, including Alzheimer and dementiacare[21], palliative
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care[22], monitoring fall risks[23,24], and osteoarthritis [25].
Moreover, research has shown that older adults hold positive
viewstoward technology and have taken the stepsfor technology
adoption [26,27]. For instance, Puri et al [28] showed that older
adults were mostly accepting wearable activity trackers once
they had a clear understanding of its value for their lives, and
Preusse [29] showed that the adoption of activity trackers can
be increased by addressing the barriers to acceptance. Despite
the potential benefits and the increasing interests in mobile
technology for health care, their adoption rates among older
adults are till low [30]. Thus, researchers have extensively
investigated how and why older adults decide to adopt and use
mobile technology and why they choose not to use or stop using
it. For instance, Lee and Coughlin [31] reviewed studies of older
adults' technology acceptance and identified factors that are
critical for older adults' acceptance of technology, including
value, usability, affordability, accessibility, technical support,
social support, emotions, independence, experience, and
confidence. However, relatively little effort has been put to
directly compare older adults' adoption of a new technology
with those of the younger populations, with few exceptions
[32,33].

Technology Acceptance Models for Older Adults

Technology acceptance model s have been devel oped and refined
over last couple of decades to explain technology adoption
practices of different user groups [34] in various contexts [35]
since the advent of foundational models, that is, Technology
Acceptance Model [8] and the Unified Theory of Acceptance
and Use of Technology [13].

Extending these models, researchers have sought to
conceptualize older adults' technology acceptance practice,
though there are only few [14,36,37]. As part of this effort, we
previously proposed a new theoretical framework to explain
older adults’ acceptance of mobile technology for health care
as an extension of the predecessor theories by investigating the
experiences and perspectives of 2 groups of older adults who
were aged 60 years or older: technology adopters and
nonadopters[7]. Thisframework introduced the perceived effort
of learning asasignificant obstaclefor older adults’ technology
acceptance, which has been noted in prior research but has never
been incorporated into any prior models of technology
acceptance. For instance, Heart and Kalderon [38] suggest that
special attention needsto be paid to teaching and training senior
citizensto use new technology, and Yusif et al [39] pointed out
lack of training as an areaof concernin older adults' technology
adoption. In Klimovaand Poulova sliterature review [15], they
found that the existing technology acceptance models are
suitable as the foundationa theoretical basis for empirical
studies, but more attention should be paid to forms of training
for older adults. While these empirically grounded works are
critical, there is no theoretical model that includes learning as
an important phase of older adults' technology acceptance.

The theoretical framework we proposed comprises 4 phases,
that is, (1) perception of use, the phase in which a user forms
the intention to use a system; (2) perception of learning, the
phasein which auser formstheintention to learn a system; (3)
system experimentation and exploration, the phase in which a
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user explores and experiments with a system, and (4) decision
making, the phase in which a user decides whether to accept or
reject a system (Figure 1). This framework suggests that
availability of facilitating conditions, including peer support,
conversion readiness, and self-efficacy, iscritical for older adults
to take the first step into the digital world of learning a new
technology, thereby echoing prior work [36,40]. While Davis
[9] previously highlighted learning as an important construct
to account for technology acceptance, he regarded “ease of
learning” asasubstratum of the ease of use construct, while our
framework proposed that perceptions about use and learning
are not necessarily related. Our previous finding demonstrated
a clear distinction between “perceived ease of learning” and

Kim & Choudhury

“perceived ease of use” among older participants; older adults
tend to think that the device might be easy to use for young
people but not necessarily for them. Thus, they tend to give up
learning new technology regardless of it being perceived as
useful [7]. The limitation of our proposed framework is that it
has not been validated with the young population to assure its
unique application in older adults. Further, there has been no
research, to the best of our knowledge, that has evaluated the
validity of any existing model swith peoplein other age groups.
Therefore, this study aimsto validate our framework for older
adults' acceptance of mobile technology by conducting a
comparison study with people in different age groups.

Figure 1. The proposed procedural model for older adults’ acceptance of mobile technology for health care. The red-boxed section is a new phase with

accompanying constructs that is proposed to be crucial for older adults.
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Methods

Data Collection

This study employed semistructured interviews and short
guestionnaireswith 2 groups of 15 participants. The recruitment
criteria included age (between 18 years and 24 years for the
younger participant group or 65 years and older for the older
participant group) and prior experiences of using mobile devices
or apps for activity tracking for 2 months and longer.
Semistructured interviews explored topics related to their
everyday experiences of using activity trackers, including how
they acquired the device, experiences of learning and using,
resourcesfor support, and when applicable, reasonsfor attrition.
A questionnaire was administered prior to the interviews to
record demographic information and the type of device the
participant was using or has used before. These questionnaires
were used as prompts to supplement the interview questions.

The first group, that is, “younger participant group” consisted
of 15 college students and the second group, that is, “older
participant group” consisted of 15 older adults. The younger
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participant group consisted of 10 males and 5 females with a
mean (SD) age of 20.1 (1.5) years (age range, 18-24 years).
Their mean (SD) duration of use of the device was 19.3 (17.6)
months (range, 2 months to 6 years). They were recruited
through flyers posted at the university’s student centers and the
mailing lists. They were using a variety of activity tracking
devices, including smartwatches, wristband-type activity
trackers, and mobile apps for health care. The older participant
group consisted of 4 males and 11 females aged 65 years or
older with a mean (SD) age of 71.5 (6.3) years. Their mean
(SD) duration of the use of the device was 38 (19.3) months
(range, 2 monthsto 6 years). They wererecruited through flyers
posted at local libraries and senior centers. Device usagein this
group, unlike that in the younger participant group, gravitated
toward wristband-type activity trackers (eg, Fitbit) and mobile
apps for health care (eg, the iPhone's Health app) and nobody
used smartwatches (see Table 1 for demographic information
on the participants). Each interview lasted approximately an
hour and participants were compensated for their participation.
All interactions were audio recorded and transcribed. The study
was reviewed and approved by the institutional review board.
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Table 1. Demographics of the participants and the devices they used.

Kim & Choudhury

Younger (Y) participant group

Older (O) participant group

ID Gender® Age Type of device Duration of use ID Gender Age Type of device Duration of use
(vears) (vears)
YL M 20 Fossil smartwatch 1 year o1 F 89 Fitbit 3years
Y2 F 19 Fitbit 2years 02 F 69 Fitbit 4years
Y3 M 21 Frontier smartwatch 2 years 03 F 69 iPhone Healthapp 4 years
Y4 M 19 Fitbit 2years 04 F 72 Fitbit 5years
Y5 F 21 Fitbit 7 months 05 F 69 Fitbit 6 months
Y6 M 22 Fitbit 1year 06 M 66 Fitbit 2 years
Y7 M 19 Applewatch 3years o7 M 78 Fitbit, iPhone 3years
Health app
Y8 M 24 Garmin smartwatch 2 months 08 F 80 Fitbit 1year
Y9 F 20 Fitbit 18 months 09 F 71 iPhone Healthapp 3 years
Y10 F 21 Fithit 2 years 010 F 70 Fithit, H-Band 5years
Y11l M 18 Fitbit 3 months Ol F 72 Fitbit 6 years
Y12 M 20 Fitbit, MyKronoz 1year 012 M 67 iPhone Healthapp 5 years
Y13 M 20 Fithit, iPhoneHedth 2 years 013 M 69 iPhone Health app 2 months
app
Y14 M 19 Apple watch 18 months 014 F 65 Fitbit 1year
Y15 F 19 iPhone Health app, 6 years 015 F 67 Fitbit, Weight 3years
Applewatch, Loseit Watchers app, My
app Fitness Pal app

8Gender: male (M), female (F).

Data Analysis

Theinterview datawere analyzed using inductive and deductive
approaches informed by grounded theory and other thematic
analysis methods [41,42]. The themes and categories were
identified deductively based on our proposed framework.
Because the aspects and perspectives relating to perceived
learning emerged as unique components that were critical to
older adults’ technology acceptance but are not presented in
existing models, these were the focus of the validation. Then,
the interview transcripts were open-coded and analyzed both
inductively to identify new themes that emerged from the data
and deductively to validate the themesrelated to learning. Both
authors read and discussed the interview transcripts and
developed codes to describe important concepts that emerged
directly from the data. We coded independently with frequent
discussions to reach consensus. We then analyzed the data to
verify the themes and to ensure we had reached data saturation
until no new themes or concepts emerged.

Results

Definitions

We described our findings of the attitudes to and experiences
of activity trackersin different participant groups by thefirst 3
phases of our framework, that is, perception of use, perception
of learning, and system experimentation. The term learning
used in this section refers to the acquisition of knowledge or
skills by being taught from externa resources and tinkering

https://mhealth.jmir.org/2020/10/€18312

refersto a self-guided, hands-on, trial-and-error—based process
to acquire knowledge or skills.

Per ception of Use

The first phase toward technology adoption in our framework
isto formulate the perception about its use, which isinfluenced
by its perceived usefulness and perceived ease of use. There
were significant evidences to support the existence of these
constructs from both participant groups.

Perceived Usefulness

Both participant groups acknowledged the perceived usefulness
of activity trackers. All participants agreed on the potential
utility of activity trackers to manage and improve health
concerns (In the excerpts, “Participant O#" refers to the #th
intervieweein the older participant group and “Participant Y#”
refers to #th interviewee in the younger participant group).

...I think it's a good thing because it helps you to
understand how healthy you are and what you're
doing with yourself during the day to keep yourself
healthy as you get older. [Participant O12]

...Ingeneral, | think Fithit is very useful...It really is
a great device for tracking for people getting into
shape and steps and anyone who is calorie counting.
[Participant Y 2]
While the perceived “general” usefulness of activity trackers
was unanimous across the groups, its perceived “personal”
usefulness reflecting on one’'s own potential benefits was
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divergent. Older participants described the perceived usefulness
as a potential personal benefit to fulfill their own needs and
deed, whereas younger participants perceived the devicesto be
useful for people other than themselves. Thisis not surprising
since people generally become more vigilant about health
concerns as they age, and young populations tend not to attend
health care unless they have particular health problems. Prior
work has shown that young adults have significantly lower rates
of health care system utilization compared to older adults [43].

...l was excited because | could see that it was going
to measure how many steps| was walking, how many
times | was going up and down my steps, because |
have about 14 steps in my house. So it was going to
measure how many times I’m going up and down. |
thought that was fascinating. You don’t realize how
many times you go up and down a step and how many
steps you take every day when you walk... But this
makes me conscious of all of that. [Participant O8]

...l don't need all the fancy stuff about my health data,
like how much | sleep, my nutrition, my laboratory
results, and my reproductive health. Also, | definitely
don’'t need to have my health records on my phone...
That’s not something | would want to do. [Participant
Y 6]

While both prior experience and social influence emerged as
significant constructs that influence the perceived usefulness
in both groups, social influence was found to influence the
perceived usefulness in different ways in different groups. For
older participants, social influence positively impacted their
perceived usefulness, as peers and other people in their close
social network helped them discover and understand the
potential utility of activity trackers. However, for some younger
participants, social influence played a negative role, as an
activity tracker was stereotyped as a tool for those with health
concerns or weight management issues and thus using it was
perceived to break a social norm of being healthy and active
adolescents.

...My grandson gaveit to me asa gift and I've had it
about 2 or 3 years. He explained to me how it was
working because he had one already and he thought
that it would be a good idea for his old grandmother
and his aunts to have one, so we all have one.
[Participant O1]

...You don’t want to be seen with a Fitbit in high
schoal. It would make you look 30. A suburban soccer
mom trying to get into shape, | assume, would love
the Fitbit. Kidsdon't want to do stuff likethat. | didn’t
really see anyone else with a Fitbit because people
are going to be like oh, why is he tracking his steps?
Is he like a soccer momwho just got it to get active?
[Participant Y 14]

Perceived Ease of Use

The theme of perceived ease of use emerged as a significant
factor to distinguish the adoption of activity trackers, though
directions and perspectives were different in each group. All
younger participants said that they would never expect any
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difficulty in interacting with new devices, while many older
participants expressed a general fear of interacting with new
technology, which is not an exception for the case of activity
trackers.

...l know with computers you can lose everything. |
mean if | lose something, | have no idea how to find
it. Or, if | change a setting and | can’t find or go to
where | want it to go anymore so that's why it is
intimidating for me. [Participant O9]

...Thegeneral idea of it (Fithit) and the main features
that | would beworking with all of themare very easy
to understand. It's very intuitive. And, it was pretty
well organized. There wasn’'t much | had to work on
to useit. [Participant Y 3]

Per ception of L earning

Our findings confirmed that the perceived ease of |earning phase
exists only among older participants as a primary negative
influencer in their adoption of activity trackers. It was evident
that learning was perceived as a significant challenge for older
participants. Older participants were hesitant to learn about
using a new technology because they perceived that a new
technology might be too difficult for them to learn, and some
participants even thought that they are not capable of learning
at all. Consequently, they refused to learn a new technology,
regardless of its perceived usefulness. While a prior work by
Renaud and Biljan [14] proposed ease of learning as an
important construct in their model of seniors technology
acceptance, our finding is different in that their notion of ease
of learning occurs as part of the actua system use phase,
whereasoursis*” perceived” ease of learning that isformulated
prior to the actual system experimentation and exploration.
Meanwhile, there was no comment related to learning
throughout the entire transcripts of the younger participants.

...At this age, to learn everything isnot possible. | do
emailing and certain things by myself, but | don’t
want to learn everything because | may not be able
to remember all that. But, certain things, if it is
required for my Fitbit, | try to learn that. | will have
to catch up with my grandson. [Participant O8]

...l know technology is useful, but | don't make an
effort to learn it. If you go to the phone company,
they'll helpyou... I'mafraid to touch buttons because
I might throw the whol e thing out of whack. | just feel
likel can't doit. [Participant O11]

Our framework has 3 constructsthat were proposed to influence
older adults perception of learning (and using) a new
technology, that is, peer support, conversion readiness, and
self-efficacy. The findings from this study confirmed that all 3
constructs have a significant influence on older participants
perception of learning how to use activity trackers but none of
these emerged in the data of the younger participant group. The
first construct, peer support, refers to support from peoplein a
close social network. Our findings confirmed that older
participants rely primarily on peer support when interacting
with activity trackers for the first time.

JMIR Mhealth Uhealth 2020 | vol. 8| iss. 10 [e18312 | p.134
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH

...My husband shows some functions (of Fitbit) to me.
Then, | understand, | operate, and | work with that.
After a few hours or few days, however, | forget that,
and | will again ask himif he shows me again. It was
not that easy to be familiar with that. [Participant O2]

...I had to take help of my grandson to figure out how
to set this up. Because this Fithit is installed by my
grandson and he knows when he goes to fix. | don’t
know. [Participant O6]

However, receiving support from other people was not
something that older participants were aways in favor of. In
fact, they wanted to avoid seeking help from other people, if
possible, which echoes the findings of prior work [7].
Researchers have found several reasons for older adults to be
hesitant in receiving support from other people; older people
are unwilling to reveal their lack of knowledge [44], a
generational attitude of self-sufficiency exists, and the older
adults prefer keeping their problemsto themselves[45], or they
do not want to bother people or interrupt people at what they
consider to be crucia times [46]. While our findings did not
demonstrate all these reasons, at least it was obvious that ol der
participants tried to minimize seeking help from other people
asmuch as possible, but most of the times, support from others
wasinevitablefor them at least in thefirst few interactionswith
an activity tracker.

...Unfortunately, as much as | hate to admit, | will
ask my friend for help. | really don't like asking him
because | want to know how to do it on my own. But
if I'm really stuck, then I'll ask him and then | can
continue. [Participant O5]

...I don’t like to bother my son too often because he's
very busy at work. So, when we see him maybe on
Sunday morning at brunch where we get together for
breakfast or something, I’ [l ask him. [Participant O7]

The second construct, conversion readiness, refersto the degree
to which a person is ready to accept a new thing. Prior work
demonstrated that older adults are resistant to changing their
current practices regardless of how useful a new technology is
because they are set to their own ways of doing things without
the use of technology [7]. Our findings confirmed that this
construct existsamong ol der participants, negatively influencing
the intention to learn and adopt a new technology. Since they
were satisfied with the current way of doing things, they did
not even attempt to find out about the capabilities or benefits
of new technologies, all of which did not appear among younger
participants.

...l think the people and my friends at this age are
more satisfied with what they have. | think, on
average, the youngsters are enthusiastic with having
more and more and more. That is the difference
between those youngsters and we the people in the
age ranges of 60 and 65 years. e are happy with
what we have and what is needed, that's it.
[Participant O11]

The third construct, self-efficacy, refers to the degree to which
a person believes to be capable of accomplishing a task. Our
findings confirmed prior work that older participants lack
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self-efficacy in a new technology, which negatively influences
their intention to learn how to use anew technology [29]. When
atechnology did not operate properly, older participants blamed
themselves for the problem, which resulted in feeling “ scared”
or “afraid” of using a new technology. Again, these tendencies
never emerged in the data of the younger participant group.

...I’'mafraid to set it up myself because then | might
mess up something else. I'm afraid if | enter
something and everything gets messed up. So, | would
not try it on my own. That's why it’s always good to
watch my son set some of the stuff up for me
[Participant O15]

While perceived ease of learning was found to be a significant
challenge for older participants adoption of anew technology,
they quickly became its active users once they successfully
overcame this barrier. Several older participants who
experienced difficulty in using activity trackers in their first
acquisition reported that they now “feel comfortable” with using
activity trackers because they “know what to do now.”

At firgt, it was difficult to navigate through it
becausethereislike, you pressthis, you get thismenu
and then you get this menu and then you get if you
wanted to enter information, then you have to do all
these things. But now | learned all and feel
comfortable with using it. [Participant O4]

. Atfirgt, | was paranoid, scared, whatever but after
doing it and asking questions a coupl e of times, maybe
3 or 4 times, and it's the same thing over and over.
But now, | don't have to keep bothering anybody what
to do anymore. | know what to do now. [Participant
09]

System Experimentation

The system experimentation phase was confirmed to exist in
both groups, though its pattern was different. Younger
participants expressed a strong propensity to explore or tinker
with a new technology rather than learning it when they first
interacted with it as part of their effortsto figure out the features
and functionalities of a device. A few younger participants
searched information on theinternet about how to usethedevice,
but most of them jumped right into exploring and experimenting
the features in their first interaction with it. Such explorations
led to serendipitous discoveries of new functions and how to
operate the features. Exploration and tinkering played as a key
theme in which younger participants deepen their knowledge
of the device. Numerous comments were received that
demonstrated younger participants’ practices of tinkering with
or exploring adevice when they first acquired it throughout the
entire transcript.

....| didn't read the manual. | just synced it (Fitbit)
up with my phone and started using it. When | was
looking for something, | could figure out myself or
looked it up online. [Participant Y 2]

...l just messed around with it. | started play around
with the features and see what other stuff it did by
just pressing the buttons on the app, like the different
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icons, to see what | can do. Like | found out about
that alarm menu in there. [Participant Y 6]

...l wastoying around with all the features and such.

| just press around the different icons to see what |

can do. Like | found out about that alarm menu and

there were a bunch of other options...| fiddled around

with it for about 15 minutes, but | wouldn't say there

are any difficulties or complications with the device.

So that’s what | did the first couple times | used the

Fitbit. [Participant Y 8]
Older participants also commented on their practices of
exploring a new technology as part of an attempt to find new
technologies. However, their exploration patterns were distinct
from those of the younger participants in that the older
participants exploration was purpose-driven by particular needs
or identified benefits, while younger participants’ exploration
was more of serendipitous and random experimentation.

...There's a lot of functions on it that | don't even
understand. At my age, | don’t explore that much but
whatever | want to do, | try to investigate and find
out like as | said the email, the—the phone, the
texting, and the health part of it—that’s mainly what
| use all the time. And that’s the benefit from having
it, why | really wanted to have another one when the
first one broke. [Participant 012]

Discussion

Principal Findings

Our findings validated significant differences in the process
through which people in different age groups accept or reject a
new technology, using an activity tracking device as an
exemplar. The phase of perception of learning existed among
ol der participants asasignificant influencer of their technology
adoption but did not exist in younger participants. While older
participants exhibited needs for some form of support for
learning after acknowledging the perception of use but before
system exploration, younger participants started to explore and
tinker with activity trackers in their first acquisition of an
activity tracker. Thistendency can be explained by the fact that
today’s generations of older adults have not grown up using the
contemporary personal technologies since their childhood;
therefore, they are not familiar with the technologies[7]. Thus,
there might beanatural confounding factor associated with age
and experience, since“today’s older adults are exposed to these
technologies at adifferent point in their livesthan today’syoung
adults’ [47]. Our findings suggest that this natural confounder
results in the emergence of perception of learning a new
technology as a unique phase to facilitate older adults
technology acceptance. Thelearning point of view isimportant
because there will always be new technologies and new
generations of older adults who have to learn how to use these.
Therefore, in the development of new technol ogies, the learning
perspective should be considered crucial to avoid exclusion of
users of older groups.

Even though the phase of perception of learning was a
significant challenge for older participants, it was not difficult
to overcome. During the learning phase, older participants
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exhibited a strong reliance on peer support to either learn or
get away from learning how to use an activity tracker, most of
which successfully turned their final decision making into
acceptance. Thisimpliesthat it iscrucia to provide older adults
with easy accessto facilitating conditionsto lessen their tension
and concern about learning a new technology [48]. While our
data included only family members and friends as a resource
of peer support, prior research has demonstrated awide variety
of resourceswithin neighborhood groups and community groups
that older adults can use to overcome learning-related
difficulties, such as senior centers, local libraries, and local retail
stores [49]. Offering classes lectured by older adult peers or
peer-collaborative workshopsthrough local community centers
would be a way to lower older adults' perceived effort of
learning as well as helping them reduce the burden of asking
for help to other people. Fostering older adults’ participation in
such events will help technically isolated older adults find
potential peer support for technology adoption.

Lastly, thisstudy showed that all phases of technology adoption
except learning exist in both age groups, but the patterns of
how some phases and constructsinfluence technology adoption
were different in different age groups. First, our findings
demonstrated that the social influence construct had asignificant
influence on technology adoption but varied in different age
groups,; social influence positively influenced older users
technology, but it negatively influenced younger participants
because an activity tracking device was negatively positioned
for its use among some young generations. Second, the system
experiment phase existed in both age groups, but the purpose
was different; older user’s exploration was driven by particular
needs or benefits after learning it, whereas younger users
explored a new technology to tour available features and
functionalities and to figure out how to useit asafirst step into
its use. This illustrates that more in-depth investigation and
discussion of how a theoretical framework of technology
adoption appliesto different age groups, since the same factors
can have adifferent (or even opposite) influence on technology
adoption in different age groups.

Limitations

The analyses presented in this paper are of a qualitative and
explorative nature, providing in-depth insights into the issues
ol der adults experience when using and learning to use activity
trackers, in comparison to those experienced by college-age
users. Small-scale qualitative studies have the advantage that
they provide arich picture of the ideas and experiences of the
participants, but they are not able to provide a complete and
representative picture of al the issues that are involved.
Therefore, our results must be evaluated within the context of
several study limitations. First, our sample size of patients was
small (n=15 per group), and thus our participant pool may not
be representative of a general population. In particular, al the
younger participantswere college students; therefore, they may
not be representative of the entire young population. However,
it is common in the sociology literature to regard college
students as a representative of young adults when investigating
age-related technology use practices since they are the major
users of information and communication technologies [50,51].
In addition, other factors that might have influenced the results
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were not investigated, such asgender difference[52], difference
by levels of technology expertise [53], or difference by the
duration of device use[54]. In particular, further research would
be helpful to explore the perspectives by usage durations since
our participants had varying durations of activity tracker use;
our data relied on participants memory, and memory could
change over time. Lastly, all participants were recruited from
an eastern metropolitan area of the United States. Therefore,
our results may not generalize to the larger population of
participants.

Conclusion

In an aging society, technological advances can have a positive
impact on promoting the quality of later life. An activity tracking
device is a type of electronic wearable device that holds
significant potential in assisting older adults' health care by
allowing to monitor and track health-related metrics. However,
this population still shows slow rates of its adoption. While
theoretical frameworks have been introduced to explain and
promote the adoption of technology for older adults, little effort
has been made to validate the frameworks with people in other
age groups. Thus, we previously proposed a theoretical
framework that sought to explicate technology acceptance for
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Abstract

Background: Diabetesis one of the leading causes of death in developing countries. Existing mobile health (mHealth) app
design guidelines lack a description of the support of continuous self-monitoring of health status, behavior change to improve
and adopt a healthy lifestyle, and communication with health educators and health care professionals in case of any need.

Objective: This paper presents the devel opment of a specialized set of heuristics called heuristic evaluation for mHealth apps
(HE4EH) as an all-in-one tool and its applicability by performing a heuristic evaluation of an mHealth app.

Methods: An extensive review of heuristics and checklists was used to develop the HE4EH. The HE4EH was evaluated by
domain expertsfor heuristics, checklist items, severity ratings, and overall satisfaction. The OneTouch app, which helpsindividuals
with diabetes manage their blood glucose levels, was evaluated using HE4EH to identify usability problemsthat need to be fixed
in the app.

Results: The expert evaluation of HE4EH revealed that the heuristics were important, relevant, and clear. The checklist items
across the heuristics were clear, relevant, and acceptably grouped. In terms of evaluating the OneTouch app using the HE4EH,
the most frequently violated heuristics included Content, Visibility, Match, and Self-monitoring. Most of the usability problems
found were minor. The system usability scale score indicated that the OneTouch app is marginally acceptable.

Conclusions: This heuristic evaluation using the OneTouch app shows that the HE4EH can play a vital role for designers,
researchers, and practitioners to use HE4EH heuristics and checklist items as atool to design a new or evaluate and improve an
existing mHealth app.

(JMIR Mhealth Uhealth 2020;8(10):€20353) doi:10.2196/20353

KEYWORDS
mHealth; eHealth; heuristic evaluation; expert evaluation; self-monitoring; behavior change; design guidelines; framework

Introduction

The leading reason for morbidity and mortality, especialy in
developing countries, is chronic disease [1]. About 80% of these
deathsin devel oping countries are due to cardiovascular disease
and diabetes mellitus, a proportion that is higher than in
devel oped countries. It isexpected that this number will increase
further to 85% by 2030. The World Health Organization has
reported that the number of people with these diseasesincreased

http://mhealth.jmir.org/2020/10/e20353/

from 108 million in 1980 to 422 million in 2014 [2]. At least
17% of the population in al the Gulf countries, including Qatar
(location of the workplace of both authors of this manuscript),
has diabetes. Researchersat Weill Cornell Medicine-Qatar have
predicted that the prevalencerate of typell diabeteswill increase
from 12% in 2012 to at least 24% by 2050 [3]. One main
reported finding isthat most cases are due to obesity. Thisshows
aneed to support affected individual swith health care education
and lifestyle changes such as a healthy diet and increasing
physically active to improve their quality of life. Beratarrechea
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and colleagues [1] conducted a systematic review on mobile
health (mHealth) appsin developing countries and highlighted
that mHealth apps address health care system constraintsrelated
toincreased demand and limited resources. Developing countries
have barriers, including limited health care human resources,
insufficient finances, increasing populations, and an inability
to reach the portion of the population living in remote areas,
among others. Proper adherence to chronic di sease management
is essential to improve an individual’s quality of life and
health-related outcomes [4]. Hamine and colleagues [4] aso
conducted a systematic review of the impact of mHealth on
interventions and found that mHealth apps are increasingly
accessible and highly acceptable tools for patient
communication, monitoring, and education. They are aso
effective means to facilitate self-management. Other barriers,
including language, literacy, accessto asmartphone, cost, access
to the internet, or mobile network, are typically present
everywhere. This shows that thereis a need to design mHealth
tools with these barriers in mind so that targeted patients can
easily use the devel oped mHealth solution with minimal training
or support. To keep patients motivated in using mHealth
solutions on a regular basis throughout the treatment or
intervention, gamification isincreasingly adopted, asit facilitates
self-management of chronic conditions[5]. Thus, an app needs
to support an individual to continuously self-monitor hisor her
health status, change behavior to improve his or her lifestyle,
and communicate with health educators and heath care
professionalsin case of any need.

Designerstypically use an existing set of guidelinesor heuristics
as a base to design a new app; they also evaluate and improve
the usabhility aspects of a developed app in light of an existing
set of guidelines or heuristics. A search on guidelines and
heuristics did not reveal an all-in-one package that supports
self-monitoring, behavior change, and communication with
health care professionals, as already mentioned, but it did reveal
related guidelines and heuristics. These include mHealth apps
[6], privacy of mHealth apps for self-tracking [7], electronic
medical records [8,9], personal health records [10], eHealth
[11], patient safety [12], and electronic health records [12]. To
the best of our knowledge, thereisno existing set of guidelines
or heuristics that can be used to serve the purpose of evaluating
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an app that supports self-monitoring, behavior change, and
communication with health care professionals.

Once an app is developed, a potential end user of the app or a
domain expert can be recruited to evaluate the app. End users
are typically exposed to the app towards the last stage of app
development; therefore, the expertise of domain experts is
utilized to quickly evaluate the app on behalf of end users. In
this research, domain experts evaluated the OneTouch app.
Methods that can be used for an expert evaluation include
heuristic evaluation [13]; cognitive walkthrough [14,15]; goals,
operators, methods, and selection [16]; keystroke-level model
[17]; or using results of a previous study as the basis to prove
or disprove different aspects of the design. Among these
methods, heuristic evaluation is not only quick but aso
inexpensive and easy to perform in comparison to other
methods.

This paper presents the development of a specialized set of
heuristics based on existing heuristics, called the heuristic
evaluation for mHealth apps (HE4EH), that can be used as a
tool to design or evaluate an mHealth app. This paper is
structured asfollows. The Methods section presentsthe mHealth
app design framework. The Results section presents the
evaluation of the HE4AEH by domain expertsand its applicability
to evaluate the OneTouch app. Last, the article is concluded in
the Discussion section.

Methods

Compilation of Heuristics

To compile the heuristics, we searched for existing sets of
mobile heuristics, mHealth heuristics, behaviora change, and
self-monitoring of blood glucose in electronic databases,
including Scopus, Web of Science, PubMed, and Google
Scholar. The research revealed 8 sets, by Shneiderman [18],
Nielsen [19], Gomez et a [6], Lacerdaet a [20], Dourado and
Canedo [21], Monkman and Kushniruk [22], Abraham and
Michie [23], and the International Diabetes Federation [24].
Figure 1 presents the compilation of heuristics retrieved from
the results. The single word from each heuristic that is written
in square brackets is used as the shorter name of the heuristic
in the following sections.
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Figure 1. Compilation of heuristics.
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Intraset Heuristics

There are similar heuristics across the sets; for instance,
consistency and standards, strive for consistency, and
consistency mean the same thing. Similarly, flexibility and
efficiency of use, efficient interaction, customizability, and
efficiency also mean the same thing. There are also other
examples. Therefore, all such heuristics were grouped together
using a concept similar to an affinity diagram.

Interset Checklist [tems

Onceall therelated heuristics were grouped, it became obvious
that there would be multiple related checklist items. The next
step wasto identify all those related checklist items and group,
merge, and expand the checklist items wherever needed. The
checklist items were mostly in the form of statements. Each
statement was converted into a question, so the checklist items
could be used to identify which items satisfied, did not satisfy,
and were not applicable for the app to support the researchers
and practitioners in evaluating the mHealth app.
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mHealth Heuristics Framewor k

Figure 2 shows the framework of an mHealth heuristics. The
25 heuristicsin the set were classified into 7 types of heuristics.
The framework consists of a set of components where each
component contains specific details and the interconnection
between the components form a structure of the framework.
Similarly, the heuristics and their checklist items can be
associated with the components and their details, respectively,
and the interconnection between a group of heuristicsto atype
of heuristics forms a structure of the framework. Furthermore,
the checklist items associated with each heuristic can be adapted
to meet more or specific needs. Multimedia A ppendix 1 presents
the distribution of the heuristics and checklist items. An
accessibility heuristic contains one checklist item only.
However, there are various accessibility guidelines in the
literature that can be used; the most used accessibility guidelines
in recent years are the Web Content Accessibility Guidelines
1.0, 2.0, and 2.1. Similarly, in the context of this research, the
checklist items of the self-monitoring heuristics are specific to
diabetes; however, they can b