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Abstract

Background: The development of mobile interventions for noncommunicable diseases has increased in recent years. However,
there is a dearth of apps for patients with peripheral arterial disease (PAD), who frequently have an impaired ability to walk.

Objective: Using a patient-centered approach for the development of mobile interventions, we aim to describe the needs and
requirements of patients with PAD regarding the overall care situation and the use of mobile interventions to perform supervised
exercise therapy (SET).

Methods: A questionnaire survey was conducted in addition to a clinical examination at the vascular outpatient clinic of the
West-German Heart and Vascular Center of the University Clinic Essen in Germany. Patients with diagnosed PAD were asked
to answer questions on sociodemographic characteristics, PAD-related need for support, satisfaction with their health care situation,
smartphone and app use, and requirements for the design of mobile interventions to support SET.

Results: Overall, a need for better support of patients with diagnosed PAD was identified. In total, 59.2% (n=180) expressed
their desire for more support for their disease. Patients (n=304) had a mean age of 67 years and half of them (n=157, 51.6%) were
smartphone users. We noted an interest in smartphone-supported SET, even for people who did not currently use a smartphone.
“Information,” “feedback,” “choosing goals,” and “interaction with physicians and therapists” were rated the most relevant
components of a potential app.

Conclusions: A need for the support of patients with PAD was determined. This was particularly evident with regard to disease
literacy and the performance of SET. Based on a detailed description of patient characteristics, proposals for the design of mobile
interventions adapted to the needs and requirements of patients can be derived.

(JMIR Form Res 2020;4(8):e15669)   doi:10.2196/15669
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Introduction

Circulatory disorders of peripheral arteries due to atherosclerotic
lesions are the third most frequent manifestation of
atherosclerotic disease after its manifestation in coronary and
cerebrovascular arteries [1]. Nevertheless, peripheral artery
disease (PAD) causes the highest treatment costs for health care
providers of all cardiovascular disorders [2]. The prevalence of
PAD increases with age and affects a substantial proportion of
the elderly population (>20% in those aged >80 years) [1,3].
Additionally, PAD is linked to higher morbidity and mortality
and leads to a significantly reduced quality of life including
daily life restrictions [4], ranging from mild impairment in
walking distance to limb amputations [5,6].

One recommendation of the current guidelines is supervised
exercise therapy (SET) or a supervised exercise program (SEP)
[3,7]. For better readability, we refer to both SET and SEP as
SET from here on. Regularly reaching the pain threshold leads
to better leg perfusion and makes SET one of the most effective
(both medically and economically) conservative therapies for
extending pain-free walking distance [7-10]. The regular
performance of SET has already been proven to be associated
with decreased mortality and also results in an improvement in
functional health and quality of life [3,10-12].

Recent studies have shown that patient empowerment helps to
increase therapy adherence. This is mainly achieved through
gaining greater control in health decisions [13-15]. The needs
and preferences of the patient have to receive more attention
and patients should be involved more closely in the process of
care. A deeper exploration of clinical and demographic
characteristics may influence the response to SET, help to
overcome barriers and allow for the possibility of designing
tailor-made solutions to implement SET in a patient’s everyday
life [10].

Mobile health (mHealth) technologies provide digital solutions
to close gaps in care [16,17]. The use of mobile devices (eg,
smartwatches and smartphones) permits the monitoring of health
data that far exceeds the information gathered in a brief clinical
encounter [18]. Based on persuasive design aspects, mobile
devices also offer opportunities to support patients’
health-related behavior [19]. The development of mHealth
interventions for noncommunicable diseases has progressively
received attention in recent years. However, patients with PAD
and their specific requirements (due to a frequently impaired
ability to walk) have been neglected thus far. Current gaps in
research arise from the fact that no specific apps are designed
for patients with PAD. Studies either focus on the general
aspects of cardiovascular health including (remote) counselling
[20], or use nonspecific mHealth technologies that aim to raise
the level of general activity [21], instead of providing a
PAD-specific approach in promoting SET. PAD-specific

mHealth solutions are not currently available, but their
development should be informed by first identifying the
requirements of the PAD-population.

As a first step in a patient-centered approach to develop
PAD-specific mobile interventions, we describe the needs and
requirements from a patient perspective.

The aim of the study was to determine the needs and
requirements of patients with PAD. This included their overall
care situation and the potential use of mobile interventions.

In addition to the clinical examination, we answer the following
research questions:

1. What is the current perception of medical care in patients
with PAD? Can a need for medical support be determined
among the study participants?

2. Do patients with PAD currently use smartphones and apps?
What are the characteristics of smartphone users and
nonusers?

3. What are the requirements for the design of mobile
interventions to support patients with PAD in performing
supervised exercise therapy?

Methods

Study Design and Patient Recruitment
In addition to the clinical examination, we conducted a
questionnaire-based survey at the vascular outpatient clinic of
the West-German Heart and Vascular Center Essen of the
University Clinic Essen, Germany. This clinic treats more than
1500 patients with PAD annually. Patients were recruited
between September and December 2018.

Inclusion and Exclusion Criteria
Consecutively, patients with diagnosed PAD were asked to
participate in this study. The inclusion criteria were male or
female patients aged 18 or older with PAD. PAD had to be
diagnosed at least 3 months prior to the study.

Furthermore, patients were excluded if they were unable to
complete the questionnaire themselves (eg, severe dementia or
cognitive dysfunction). We also excluded individuals who did
not have sufficient knowledge of the German language.

Sample Size and Basic Sociodemographic
Characteristics
In total, we surveyed 304 patients with PAD. Two-thirds of the
patients were men (n=203, 66.8%; Table 1). The participants
were aged between 41 and 90 years (mean 67 years, SD 10.21).
In total, 133 (46.5%) of the participants had an upper-medium
educational attainment (12 to 13 years of education), and 62
(21.7%) had a lower educational attainment (≤12 years of
education). Overall, 24 (7.9%) said they did not have a
secondary school graduation certificate.
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Table 1. Sociodemographic characteristics of patients with peripheral arterial disease (PAD) divided into all patients, smartphone users, and
non–smartphone users.

P value (χ2 value)Non–smartphone users, n (%)Smartphone users, n (%)All patients, n (%)Sociodemographic characteristics

n=147n=157n=304Sex

.73 (0.121)97 (47.8)b106 (52.2)b203 (66.8)aMale

n=146n=155n=301Age (years)

.74 (0.113)7 (38.9)11 (61.1)18 (6.0)40-49

.46 (0.556)24 (41.4)34 (58.6)58 (19.3)50-59

.09 (2.870)38 (37.3)64 (62.7)102 (33.9)60-69

.32 (1.002)50 (58.8)35 (41.2)85 (28.2)70-79

.12 (2.382)26 (70.3)11 (29.7)37 (12.3)≥80

n=135n=151n=286Educational attainment (years)

.91 (0.012)21 (15.6)19 (12.6)40 (14.0)<10

.76 (0.091)9 (6.7)13 (8.6)22 (7.7)10-11

.09 (0.001)66 (48.9)67 (44.4)133 (46.5)12-13

.32 (0.030)31 (23.0)35 (23.2)66 (23.1)14-17

.12 (1.013)8 (5.9)17 (11.3)25 (8.7)>17

n=147n=157n=304Employment status

.57 (0.319)34 (44.2)43 (55.8)77 (25.3)Currently employed

.75 (0.100)94 (57.1)86 (42.9)140 (46.1)Retired

.26 (0.258)14 (35.0)26 (65.0)40 (13.2)Retired due to illness

n=147n=157n=304Burden of PAD

.43 (0.612)14 (66.7)7 (33.3)21 (6.9)Not at all

.92 (0.102)26 (53.1)23 (46.9)49 (16.1)A little

.97 (0.002)38 (51.4)36 (48.6)74 (24.3)Average

.32 (1.007)41 (41.8)57 (58.2)98 (32.2)Fair

.72 (0.129)28 (45.2)34 (54.8)62 (20.4)Great

.02 (2.33)1.25 (0.76)1.45 (0.73)1.36 (0.76)Burden of disease

<.001 (3.377)0.77 (0.64)1.02 (0.58)0.90 (0.63)Burden of environmental conditions

aThe percentage is based on the number of all responses for the associated sociodemographic characteristic (sex, age, educational attainment, employment
status, and burden of PAD).
bThe percentage is based on the total number of observations within the associated sociodemographic characteristic group.

Ethics
The study was conducted in accordance with the Declaration
of Helsinki, and the protocol was approved by the local ethics
committee at the Faculty of Medicine of the University
Duisburg-Essen. Patient records were deidentified and analyzed
anonymously. Written consent was obtained from each patient
included in the study.

Measurements: Questionnaire
The questionnaire was prepared specifically for this study and
was pretested on 5 PAD patients not included in the study
sample. The pretest did not reveal the need for any changes.

The 10-page questionnaire encompasses a total of 31 questions
on sociodemographic characteristics; subjective burden of
disease and PAD-related care situations; subjective burden of
environmental conditions; implementation and feasibility of
SET; mobile or app usage; interests and knowledge regarding
SET and medication; and the need for support and satisfaction
with the health care situation. In the questionnaire, we used the
term supervised walking training instead of the technical term
supervised exercise therapy (SET) because the German word
“Gehtraining” is more established in clinical practice.

The questionnaire included dichotomous and 5-point
assessments similar to the Likert scale, adapted response scales,
and open-ended questions. The questionnaire (English
translation) is provided in Multimedia Appendix 1.
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The thematic structure of the questionnaire included the
following topics:

• Need for support
• Satisfaction with health care situation
• Sociodemographic characteristics
• Burden of environmental conditions
• Burden of PAD and other diseases
• Pain-free walking distance
• Clinical characteristics
• Preferences regarding offers to support patients with PAD
• Smartphone usage, knowledge about health apps, and health

app usage
• Design categories in health apps to support patients with

PAD

The detailed classification of the topics is shown in Multimedia
Appendix 2. The items were chosen to measure the current level
of burden in terms of PAD and other diseases. Relevant
characteristics to classify PAD severity were also interrogated.
In addition, it should be examined to what extent digital
interventions represent a possible approach to support affected
patients. Sociodemographic characteristics should provide
information about the special requirements of different
subgroups.

Analysis
We performed descriptive data analysis using SPSS (Version
23; IBM Corp). Variables are presented as frequencies and
percentages or as means and standard deviations. Variables
were compared using an unpaired t test or chi-square test, and
a one-way analysis of variance when more than two groups
were compared. Values of P<.05 were considered statistically

significant. For comparative analyses of normally distributed
variables, parametric tests such as the Student t test were used
to test the assumption of homogeneity or nonhomogeneity of
variance.

Results

Research Question 1: What Perceptions Do Patients
With PAD Have of Their Medical Care? Do Study
Participants Indicate a Need for Medical Support?
Overall, the need for more medical support in patients with
PAD was identified (Table 2). Two-thirds (n=180, 59.2%) of
the surveyed patients expressed their desire for more support
in regard to their disease. More than half (n=162, 53.2%) of the
patients were not very satisfied with their health care situation.
The question regarding patient knowledge about current medical
therapies and recommendations regarding SET indicated both
a poor level of patient care and information. Two-thirds (n=198,
65.1%) of the participants stated that they did not know if they
were taking medication to treat their PAD. The lack of suitable
medication occurred in all Fontaine stages (I: n=101, 33.3%;
IIa: n=34, 11.1%; IIb: n=135, 44.4%; and IV: n=34, 11.1%),
although medication is recommended for all stages. The vast
majority of patients (n=264, 86.8%) reported that their physician
did not explain why their prescribed medication was important.
Two-thirds of the patients (n=194, 63.8%) answered “no” to
the question of whether they had already been recommended
to perform walking training for the treatment of PAD. More
than half of the patients (n=163, 53.6%) were even not familiar
with the term “supervised exercise therapy.” Only 26% (n=79)
said they already performed walking training on a regular basis.
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Table 2. Current perceptions of central aspects of medical care and need for support in patients with peripheral arterial disease.

>80 years,

n (%)

70-79 years,

n (%)

60-69 years,

n (%)

50-59 years,

n (%)

40-49 years,

n (%)

Total responses,

n (%)

Items

n=38n=85n=102n=58n=18N=304

Overall need for support

29 (76.3)49 (57.6)b60 (58.8)b31 (53.4)b8 (44.5)b180 (59.2)aYes

Health care satisfaction

9 (23.7)10 (11.8)12 (11.8)16 (27.6)2 (11.1)50 (16.4)Completely dissatisfied

11 (28.9)36 (42.4)37 (36.3)20 (34.5)8 (44.4)112 (36.8)Rather dissatisfied

5 (13.2)20 (23.5)24 (23.5)12 (20.7)2 (11.1)63 (20.7)Neither dissatisfied nor satisfied

6 (15.8)12 (14.1)18 (17.6)7 (12.1)2 (11.1)46 (15.1)Rather satisfied

7 (18.4)7 (8.2)11 (10.8)3 (5.2)4 (22.2)33 (10.9)Very satisfied

Medication for peripheral arterial disease

8 (21.1)22 (25.9)24 (23.5)14 (24.1)8 (44.4)77 (25.3)Yes

Information about medication

6 (15.8)14 (16.5)9 (8.8)8 (13.8)3 (16.7)40 (13.2)Yes

Recommendation for supervised walking trainingc

3 (7.9)3 (3.5)4 (3.9%3 (5.2)0 (0)13 (4.3)Yes

Information about supervised walking trainingc

5 (13.2)9 (10.6)15 (14.7)5 (8.6)2 (11.1)36 (11.8)Yes

Performance of supervised walking trainingc

7 (18.4)21 (24.7)32 (31.4)16 (27.6)3 (16.7)79 (26.0)Yes

aThe percentage is based on the total number of responses for the associated item.
bThe percentage is based on the total number of people in the age group.
cIn the questionnaire, we used the term supervised walking training instead of the technical term supervised exercise therapy (SET) because the German
word “Gehtraining” is more established in clinical practice.

Research Question 2: Do Patients with PAD Currently
Use Smartphones and Apps? What are the
Characteristics of Smartphone Users and
Non–Smartphone Users?
Table 1 presents the following sociodemographic characteristics:
(1) the participants who use a smartphone, (2) the participants
who do not use a smartphone, and (3) a summary of the entire
study sample. In total, 304 patients provided information on
whether they use a smartphone.

Half of the patients (n=157, 51.6%) were smartphone users.
Health apps were used by only a minority of patients (n=17,
5.7%). However, almost half (n=146, 48%) of all participants
said they had already heard about health apps for smartphones
that are designed to support health improvement.

The proportion of men and women who used a smartphone was
comparable (n=159, 52.2% versus n=154, 50.5%, P=.73,

χ2=0.728). Patients aged between 40 and 69 years were more
likely to use a smartphone than not (n=21, 61.2% were active
users). This trend changed in patients aged 70 years or older.

Two-thirds of the patients aged 70 years or older did not use a

smartphone (n=116, 38.1% were active users, P=.07, χ2=3.262).

Among those who had a low to upper-medium educational
attainment (≤17 years of education), we did not see notable
differences between users of smartphones and nonusers (P=.83,

χ2=0.048). However, in patients with a high educational
attainment (>17 years; equivalent to a university degree), we
found a tendency toward higher smartphone use, but this was
not statistically significant (n=4, 11.3% versus n=18, 5.9%,

P=.31, χ2=1.013). Three-fourths of the participants (n=234,
76.9%) were not currently employed; of these, 94 (63.9%) were
retired. The most frequent reason for retirement was having
reached retirement age (n=165, 54.4%). Only 14 patients (9.5%)
had retired due to illness.

Overall, patients tended to feel “quite burdened” (n=98, 32.2%)
to “very burdened” (n=62, 20.4%) by their PAD. In addition to
PAD, patients were mainly affected by diseases of the
musculoskeletal system (mean 2.32, SD 1.63), diseases of the
cardiovascular system (mean 2.14, SD 1.50) and respiratory
diseases (mean 1.54, SD 1.43).
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The burden of environmental conditions was indicated by a
mean of 0.90 (SD 0.63), which corresponds to a low burden of
environmental conditions. Patients were mainly affected by
environmental conditions such as “financial worries” (mean
1.32, SD 1.28), followed by “constant responsibility for their
family” (mean 1.23, SD 1.22) and “household” (mean 1.23, SD
5.85), but the standard deviation for the “household” item was
conspicuously large. The group of patients without a smartphone
felt somewhat less burdened, both in terms of burden of disease
and burden of environmental conditions (P=.02, t=2.330 and
P<.001, t=3.377, respectively).

In Table 3, we report the differences in health status and risk
factors between participants with and without smartphone use.
The pain-free walking distance is a relevant marker for
compensated PAD. One-third (n=101, 33.2%) of participants
said that they could walk <200 meters without pain.
Additionally, 28% (n=85) of the participants reported they could
walk between 200 and 1000 meters, and 29% (n=88) were hardly
restricted and reported a pain-free walking distance of more
than 1000 meters (n=30 or 9.9% chose the answer option “I do
not know”). The two groups (smartphone users and nonusers)
were comparable with regard to their pain-free walking distance
and did not differ substantially.

Table 3. Health status and risk factors of patients with peripheral arterial disease divided into all patients, smartphone users, and non–smartphone users.

P value (χ2 value)Non–smartphone usersSmartphone usersAll patientsHealth status or risk factor

n=147n=157n=304Pain-free walking distance, mean (SD)

.83 (0.045)48 (47.5)b53 (52.5)b101 (33.2)a<200 m

.59 (0.289)38 (44.7)47 (55.3)85 (28.0)200-1000 m

.97 (0.001)45 (51.1)43 (48.9)88 (28.9)>1000 m

.95 (0.004)16 (53.3)14 (46.7)30 (9.9)I do not know

n=144n=155n=299Disease severity according to Fontaine [22], mean
(SD)

.75 (0.100)59 (47.2)66 (52.8)125 (41.8)Stage I

.28 (1.158)16 (36.4)28 (63.6)44 (14.7)Stage IIa

.97 (0.001)51 (49.5)52 (50.5)103 (34.4)Stage IIb

.78 (0.075)2 (28.6)5 (71.4)7 (2.3)Stage III

.10 (2.747)16 (80.0)4 (20.0)20 (6.7)Stage IV

n=86n=90n=176BMI, mean (SD)

.78 (0.075)5 (5.8)2 (2.2)7 (4.0)Underweight (<18.5 kg/m2)

.96 (0.002)28 (32.6)27 (30.0)55 (31.2)Normal (18.5-24.9 kg/m2)

.93 (0.007)33 (38.4)36 (52.2)69 (39.2)Overweight (25.0-29.9 kg/m2)

.75 (0.100)20 (23.3)25 (27.8)45 (25.6)Obese (>30 kg/m2)

n=133n=142n=275Currently smoking, mean (SD)

.65 (0.210)39 (29.3)47 (33.1)86 (31.3)Yes

.96 (0.003)20 (15.0)19 (13.4)39 (14.2)Not anymore

aPercentage is based on the number of responses for the associated health status or risk factor (pain-free walking distance, disease severity, BMI,
smoking).
bPercentage is based on the total number of observations within the associated group of health outcomes or risk factors, regardless of smartphone use.

Based on the severity of the disease, 42% (n=128) were in
Fontaine Stage I (corresponding to mild PAD), 15% (n=46)
were in Stage IIa, 34% (n=103) were in Stage IIb, 2% (n=6)
were in Stage III, and 7% (n=21) were in Stage IV
(corresponding to very severe PAD). On average, patients in
the smartphone group (mean 2.05, SD 1.06) and patients in the
non–smartphone group (mean 2.30, SD 1.31) had mild PAD.
However, in the non–smartphone group, there were more cases
of severe PAD (Stage IV, 20% [n=61] versus 80% [n=243],
P=.10).

In total, more than one-third (n=119, 39.2%) of the participants
were overweight, and an additional 26% (n=79) were obese.
Normal weight was documented in 31% (n=94) of the
participants, and 4% (n=12) of the participants were
underweight.

Almost half of the participants (n=140, 46%) had smoked at
one stage of their life, and of these participants, 31% (n=94)
were current smokers and 14% (n=43) had already quit smoking.
With regard to smoking behavior, the smartphone users and
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nonusers did not show substantial differences (P=.65 and P=.96,
respectively).

Research Question 3: What are the Requirements for
the Design of Mobile Interventions to Support Patients
with PAD?
When asked how likely it was that they would use the listed
services, participants indicated that they were most likely to use
a “training app” on their smartphone (mean 3.18, SD 1.28),
followed by “informational material” (mean 2.83, SD 1.48) and
“training groups with instructions” (mean 2.53, SD 1.45).
“Online platforms” (mean 1.73, SD 1.10) and “support groups”

(mean 1.87, SD 1.87) were the response options that participants
indicated they were least likely to use. The probability of making
use of the listed options for patients with PAD is summarized
in Figure 1.

Figure 2 shows the ranking of the components of health apps
that can be used to support patients. The most relevant
components were “information” (mean 3.29, SD 1.33),
“feedback” (mean 3.27, SD 1.38), “choosing goals” (mean 3.06,
SD 1.32) and “interaction with physicians and therapists” (mean
3.05, SD 1.40). The least relevant component was “interaction
with other patients” (mean 2.44, SD 1.30).

Figure 1. Descriptive analysis of user preferences in terms of offered app components for patients with peripheral arterial disease (refers to Question
15 of the questionnaire). Note that multiple choices were possible.

Figure 2. Descriptive analysis of user-reported relevance in terms of health app components that would assist patients with peripheral arterial disease
performing supervised walking training. The analysis refers to question 15 of the questionnaire. Note that multiple choices were possible. In the
questionnaire, we used the term "supervised walking training" instead of the technical term "supervised exercise therapy" (SET) because the German
word “Gehtraining” is more established in clinical practice.
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Table 4 shows the ranking of components of health apps that
can be used to support patients depending on disease severity
according to Fontaine stage [22]. The importance of the
components were most likely to be seen in participants with
Stage IIa across all components of health apps that support
patients with PAD, although the averages did not surpass
“moderately” to “fairly important.” All components were rated
highest and at least moderately important by patients with Stage
IIa. Although patients with Stage I were, by definition, not
restricted in everyday life, support components such as
“information” (mean 3.32, SD 1.30), “feedback” (mean 3.36,
SD 1.36), “choosing goals” (mean 3.14, SD 1.36), and
“interaction with physicians and therapists” (mean 3.10, SD
1.42) were seen to be moderately to fairly important for patients
in Stage I with regard to performing SET using a health app.
The performed variance analysis showed a significant difference
between Fontaine stages for “interaction with physicians and
therapists” (P=.04, F=4.231) and “getting suggestions for
walking training (SET) goals” (P=.03, F=5.026). There was a
trend toward differences between the Fontaine stages for
“reminder to perform walking training (SET)” and “choosing
walking training (SET) goals on my own” but these differences
were not statistically significant (P=.06, F=3.668 and P=.08,
F=3.034, respectively).

Age was only found to have an effect on the answer to “reminder
to perform walking training (SET).” The older the participants
were, the more they preferred a reminder function of a health
app (P=.02, F=5.933). Other effects of age were not found in
terms of supporting app components.

The ranking of the individual components differed slightly
depending on the severity of the disease. For participants in
Stage IIa, the ranking was as follows: (1) interaction with
physicians and therapists, (2) information about SET, (3)
feedback about SET, (4) choosing goals, (5) suggestions for
goal setting, (6) reminders, and (7) interaction with other
patients. Interaction with physicians and therapists was less
important for patients in Stages I, IIb, and IV.

Information regarding SET and feedback about SET were
moderately to fairly important for patients regardless of disease
stage. Interactions with other patients were considered least
important by participants in Stages I to III. For Stage IV
participants, interactions with other participants were considered
more important than choosing goals, reminders, and suggestions
for goal setting. The core results of the study are summarized
in Table 5.

Table 4. Relevance of components of health apps to support patients with peripheral arterial disease by disease severity according to Fontaine stages
[22].

Stage IVStage IIIStage IIbStage IIaStage IComponents of
health apps to sup-
port patients

Mean
(SD)

Patients, nMean
(SD)

Patients, nMean
(SD)

Patients, nMean
(SD)

Patients, nMean
(SD)

Patients, n

2.80
(1.15)

202.66
(1.21)

63.28
(1.37)

973.66
(1.26)

423.32
(1.30)

113Information about

walking traininga

3.36
(1.38)

192.57
(1.27)

73.12
(1.40)

993.59
(1.30)

423.36
(1.36)

111Feedback about
walking training

2.70
(1.26)

202.16
(1.47)

63.03
(1.30)

953.35
(1.16)

403.14
(1.36)

110Choosing walking
training goals on my
own

2.75
(1.25)

202.42
(1.27)

72.91
(1.38)

953.71
(1.21)

393.10
(1.42)

107Interaction with
physicians and thera-
pists

2.42
(1.12)

192.57
(1.27)

72.99
(1.26)

1003.17
(1.30)

413.08
(1.32)

112Reminder to perform
walking training

2.31
(1.00)

192.00
(1.15)

72.69
(1.40)

983.32
(1.36)

402.90
(1.41)

110Getting suggestions
for walking training
goals

2.73
(1.19)

191.71
(1.11)

72.30
(1.27)

973.00
(1.31)

392.39
(1.28)

111Interaction with oth-
er patients

aIn the questionnaire, we used the term “supervised walking training” instead of the technical term “supervised exercise therapy” because the German
word “Gehtraining” is more established in clinical practice.
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Table 5. Summary of core results.

Summary of core resultsResearch
question

A need for support was determined. Receiving more educational health information, increased support in the form of prescribed
medication, and help in terms of implementing supervised exercise therapy (SET) are the most desired actions for improving the care
of patients with PAD.

1

2 • Half of the participants use smartphones. For them, mobile interventions to support SET and medication can be a relevant treatment
component.

• Patients aged >70 years are less likely to use smartphones than younger patients. With regard to characteristics such as sex, edu-
cation, profession, BMI, smoking behavior, exposure to illness or the environment, or the current state of illness, the data did not
reveal any significant differences between smartphone users and nonusers within the patient population.

3 • Interest in smartphone-supported training is present, even for people who do not currently use a smartphone.
• Health app components such as “information,” “monitoring,” and “feedback” were the most relevant for patients with PAD.

Other components such as “choosing goals,” “interaction with physicians and therapists,” “interaction with other patients,” and
“reminders and suggestions for goal setting” were less relevant for the patients and should be selectable on demand according to
patient preference.

Discussion

There Is a Need for Supporting the Care of Patients
With PAD
More than half (53.2%) of the participants were less than
satisfied or completely unsatisfied with their health care
situation. Patients do not feel well-informed enough in terms
of SET and their prescribed medication. Since both are
cornerstones in the treatment of PAD, this finding is alarming
in terms of secondary prevention and long-term outcomes. The
lack of educational background is expected to be associated
with poor medication and exercise compliance, impeding the
successful empowerment of patients. Previous research found
that mHealth interventions improve adherence to prescribed
medication in patients with cardiovascular disease [23].

Our results show an evident need for action to support patients
with PAD in secondary prevention. A major goal should include
patient empowerment. The demand for more support was found
in all subgroups, independent of age or severity of disease.
Institutional barriers in particular (eg, a lack of training groups
and primary health care providers providing care to patients
with PAD) limit the likelihood of an adequate health care offer
for affected patients. Previous studies already reported the
undersupply of primary health care for patients with PAD in
general as well as those from various sociodemographic
backgrounds [24,25].

A Call for Patient-Centered Mobile Interventions
Personal barriers are primarily linked to poor knowledge about
the disease and low empowerment. Mobile interventions might
play an ever-increasing role, since they are widely accessible
and have a low threshold for access. Time resources for
consultations between patients and doctors are limited. In
clinical practice, lifestyle recommendations are made within a
few minutes. To increase the probability of patients’ adherence
and their empowerment to take responsibility for their own
health, personalized approaches are promising [26]. However,
these require the involvement of the patient. The analysis of
patient characteristics, smartphone use, and requirements for
support measures is a first step to identify patient needs. On the

basis of surveys focusing on patients’ specific needs and
requirements, patient-centered interventions can be developed;
at the same time, deficiencies in the current health care situation
can be identified and potentially improved.

The use of patient-centered methods to develop persuasive
strategies for mHealth interventions [27], as well as the
conception and implementation of analog interventions, can
help to take different social groups into account, with respect
to their specific and individual needs.

Requirements for the Design of Mobile Interventions
The idea of using a training app was of strong interest, even to
participants who currently do not use smartphones. Based on
this preference for digital support, the need to design and
implement motivating tools that provide educational information
was identified. In this setting, the analysis of assessed data
regarding usage and user preferences might also be helpful in
the feedback process. The current study also demonstrated
patients’ priorities regarding important features, such as the
opportunity to set individual goals or to get in touch with
professionals, including physicians or therapists. Conspicuously,
the offered support of interactions with other patients tended to
perform poorly, both as a proposed digital chat component in
an app and as a component of an analog intervention in the
sense of a support group. A previous study showed a high
acceptance of electronic health information and disease-related
community forums in patients with PAD [28]. This discrepancy
might result from the sole query regarding the preferences of
interaction between patients without further explanation. On
the other hand, one might deduce that tools do not primarily
have to offer (specific) messenger services to enable and support
networking between the patients. However, the opportunity for
patients to compare and compete with each other (within an
app) was not reviewed. Further research is needed to evaluate
this kind of digital support.

Modular Concepts Adapted to the Needs of Patients
Appear Promising
Depending on the severity of their disease, the participants’
ranking of useful components within a digital intervention app
differed slightly. Although “information,” “monitoring,” and

JMIR Form Res 2020 | vol. 4 | iss. 8 |e15669 | p.11https://formative.jmir.org/2020/8/e15669
(page number not for citation purposes)

Lortz et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

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


“feedback” should be fixed components within apps that support
patients with PAD, other components, such as “goal selection,”
“interaction with physicians or therapists,” “interaction with
other patients,” “reminders for structured walking training,”
and “suggestions for individual goals” can be offered
additionally, as a voluntary, selectable feature according to
patients’ preferences.

In addition to tools for the implementation of SET,
supplementary components that support medication use,
healthier nutrition, or cessation of smoking appear useful.
Considering the BMI of our study population compared to the
German population in 2017 (overweight: 35.9%; obese: 18.1%),
the sample was above the national average [29]. Therefore, a
combination of components that promote more exercise and a
healthier lifestyle including nutrition may contribute to weight
management. Weight reduction also reduces the risk of
multimorbidity, which was a common burden in our cohort.

Challenges to Face
The efficacy of digital interventions is significantly influenced
by an individual’s engagement with, for example, a specific
app [30]. In particular, mHealth technologies face one major
limiting factor in terms of long-term engagement: the vast
majority do not exceed 6 months of regular app use [31,32].
This phenomenon does not occur only in healthy subjects who
aim for a healthier lifestyle, but also in secondary prevention,
where long-term behavioral changes toward a more active
lifestyle are associated with health benefits [33,34]. Strategies
that improve user engagement linked to these technologies may
include elements of gamification [35] and devices deeply
intertwined with everyday life, such as smartphones or wearables
[36], that deliver instant feedback of good behavior. Our results
showed a Fontaine stage–dependent decline in interest in
interactions with physicians and therapists, and suggested
walking training (SET) goals. This effect might be linked to a
higher frustration level in patients with an advanced disease
stage [37] and emphasizes the importance of early diagnosis
and treatment.

Another consideration is the age of the target group, which often
includes older patients with noncommunicable diseases. The
mean age of participants in this study was 67 years. More than
half of the patients aged 70 years or older were not reachable
by mobile interventions. This finding has to be taken into
consideration when designing digital interventions. Similar
results regarding the use of digital interventions in older patients
were previously observed [38]. Nevertheless, older patients are
not to be neglected in terms of the development of digital
interventions as the aging population is expected to become
increasingly accustomed to the use of smart technologies [39].
Further physical impairments like diminished eyesight related
to diabetes or deteriorated motor skills have to be taken into
account, since they occur more often with increasing age.
Motivational and cognitive barriers of older adults are major
challenges [40,41] and need to be investigated more in detail.
In this study, we found that a reminder to perform walking
training (SET) would be of special interest in the older
population, but other differences between the younger and older
patients were not seen. Since this study did not focus on

age-related preferences of app development in detail, further
research is needed to investigate special needs and requirements
in older adults.

Limitations and Future Work
This analysis merely serves as an empirically sound description
of the addressed problem and identifies approaches to improve
the care of patients with PAD. This study included only a small
sample; thus, the results cannot be generalized.

The study focused on a selection of personal characteristics to
avoid time-consuming interviews before starting the actual
clinical examination. Other characteristics of patients with PAD
that may affect the need for and responsiveness to interventions
supporting SET in daily living (eg, self-efficacy, motivation to
change, race/ethnicity, income, social capital) were not
examined. Based on the present study findings, we developed
an app to support SET for patients with PAD [42], but the results
are pending.

This study also did not address environmental factors. This is
a potential point of criticism. With regard to health, in addition
to personal characteristics, environmental characteristics play
an important role in the implementation of health-promoting
and therapy-compliant behaviors [43]. To obtain health-related
environmental data (eg, neighborhood-related resources and
walkability), the recorded postcode can be used in further
studies.

Additionally, we offered only an abridged list of design
components for an app, rather than all components that are
conceivable in principle. The additional demonstration of
mock-ups and prototypes to determine the preferences and
desires of the participants might be useful in future surveys.
Although user-centered methods for app design that combine
different methods (eg, design thinking research) are
time-consuming, they may improve the effectiveness of
behavior-change support systems [44].

The description of the sociodemographic characteristics of our
participants, grouped into smartphone users and non–smartphone
users, showed that participants younger than the age of 70 years
used smartphones much more often than older participants.
Hence, the latter group of patients is hard to reach with mobile
interventions. To improve the success of therapy for
non–smartphone users, analog interventions (supporting
medication use and the implementation of SET for older
patients) should also be offered. Except for age, we found no
noticeable differences between smartphone and non–smartphone
users. The analysis of patient characteristics (ie, sex, education,
burden, and health status) with respect to smartphone use, did
not reveal any other significant differences between smartphone
users and nonusers.

Conclusion
This survey of patients with PAD indicates the necessity of
improving the care situation of these patients. A need for support
can be determined and identified with regard to educational and
general support deficiencies. This need includes a better
understanding of the prescribed medication and the necessary
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implementation of SET as a central pillar of the
guideline-oriented care of patients with PAD.

There also exists a great interest in mobile support services. To
improve the care situation of these patients, mobile interventions
are promising. The large reach and wide availability of these
interventions are major advantages.
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Abstract

Background: Patient-generated health data (PGHD) have been largely collected through mobile health (mHealth) apps and
wearable devices. PGHD can be especially helpful in mental health, as patients’ illness history and symptom narratives are vital
to developing diagnoses and treatment plans. However, the extent to which clinicians use mental health–related PGHD is unknown.

Objective: A mixed methods study was conducted to understand clinicians’ perspectives on PGHD and current mental health
apps. This approach uses information gathered from semistructured interviews, workflow analysis, and user-written mental health
app reviews to answer the following research questions: (1) What is the current workflow of mental health practice and how are
PGHD integrated into this workflow, (2) what are clinicians’ perspectives on PGHD and how do they choose mobile apps for
their patients, (3) and what are the features of current mobile apps in terms of interpreting and sharing PGHD?

Methods: The study consists of semistructured interviews with 12 psychiatrists and clinical psychologists from a large academic
hospital. These interviews were thematically and qualitatively analyzed for common themes and workflow elements. User-posted
reviews of 56 sleep and mood tracking apps were analyzed to understand app features in comparison with the information gathered
from interviews.

Results: The results showed that PGHD have been part of the workflow, but its integration and use are not optimized. Mental
health clinicians supported the use of PGHD but had concerns regarding data reliability and accuracy. They also identified
challenges in selecting suitable apps for their patients. From the app review, it was discovered that mHealth apps had limited
features to support personalization and collaborative care as well as data interpretation and sharing.

Conclusions: This study investigates clinicians’ perspectives on PGHD use and explored existing app features using the app
review data in the mental health setting. A total of 3 design guidelines were generated: (1) improve data interpretation and sharing
mechanisms, (2) consider clinical workflow and electronic health record integration, and (3) support personalized and collaborative
care. More research is needed to demonstrate the best practices of PGHD use and to evaluate their effectiveness in improving
patient outcomes.

(JMIR Form Res 2020;4(8):e18123)   doi:10.2196/18123
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Introduction

Background and Significance
With advances in mobile technology and the pervasive use of
wearable devices, a large amount of digital health data have
been generated by patients. Patient-generated health data
(PGHD) refer to “health-related data created and recorded by
or from patients outside of the clinical setting to help address
a health concern,” as defined by the Office of the National
Coordinator for Health Information Technology (ONC) [1].
According to the ONC, the adoption of PGHD can have several
benefits, including, but not limited to, enhancing patient
experience, alerting care teams for early intervention, and
improving patient health outcomes [1]. Several projects have
piloted these ideas and implemented informatics solutions to
collect, use, and share PGHD [2], such as in postsurgical
surveillance [3,4]. Patients seem to have positive attitudes
toward PGHD and are willing to share their data with the care
team to support long-term health management. Studies have
shown the feasibility of using PGHD to support personalized
and effective care management [5]. Using PGHD can improve
data work for both clinicians and patients. A case study at a
cancer rehabilitation clinic showed that the data collection
became more distributed, the nurses asked more focused
questions during the consultations, and the patients gradually
developed competence in managing their own health [6].

Despite the potential benefits of PGHD, it currently remains
limited with a focus on health history, verified surveys, and
biometric activities [7]. Ultimately, PGHD should be seamlessly
integrated with electronic health records (EHRs) to support the
clinical decision-making process [8]. However, several
challenges need to be addressed to maximize the benefits of
PGHD, as many pertain to its use at the point of care. First,
integrating PGHD into a clinical setting necessarily involves
considering clinical workflow redesign, data management
concerns, patient privacy protections, and ease of PGHD use
[9]. This is especially important because clinicians spend a
significant amount of time (25%-50%) on documentation tasks
in their daily work [10-12]. Second, clinicians may have
concerns about the impact of PGHD on reimbursement and data
reliability, as PGHD are generated by patients in their daily
lives and require extra effort to be consumed in clinics [13,14].
Third, PGHD use impacts the relationship between both patients
and clinicians. Therefore, a collaborative model may be
developed to fulfill the desire of both parties: patients’ desire
to know more about their health and clinicians’ desire to have
better practices [15]. With the growing interest in
patient-centered health care, there have been studies that
investigate patients’ motivation and attitudes toward tracking
and sharing personal data [16,17]. However, the extent and
methodology behind the use of PGHD and its integration into
clinicians’ workflow remain unknown and, therefore, require
further investigation into the demonstration of best practices.

Objectives
To provide empirical evidence to address these challenges, this
study investigated the current use of PGHD within mental health
practices, with a focus on workflow, clinicians’ perspectives,
and data interpretation and sharing. The main reason for
choosing a mental health practice setting was that clinicians
often rely on patient narratives, observations, and
patient-reported outcomes (PROs) to assess the efficacy of
psychiatric treatment [18]. PROs refer to “a measurement of
any aspect of a patient's health status that comes directly from
the patient” [19]. As the purpose of both PROs and PGHD is
to collect data from the patients’ perspective, clinicians from a
mental health practice are more likely to adopt and use PGHD.
A total of 3 research questions arise from this: (1) What is the
current workflow of mental health practice and how are PGHD
integrated into this workflow, (2) what are the clinicians’
perspectives on PGHD and how do they choose a mobile-based
app (mobile app) for their patients, and (3) what are the features
of current mobile apps in terms of interpreting and sharing
PGHD?

Literature Review

PGHD
Traditionally, clinicians focus on collecting one-time snapshots
of patient information in a clinical setting and making decisions
based upon them, thereby losing an opportunity to create a
thorough understanding of the patient’s health status [20]. In
these situations, PGHD are a useful tool for continuous
monitoring, especially for patients with chronic conditions that
require daily management and benefit from effective tracking
[21-23]. PGHD can also improve disease surveillance by more
accurately assigning patients to disease categories rather than
solely using national and regional data [24].

PGHD can come from multiple data sources, such as family
history, medication, and physiological data sensing [25]. PGHD,
along with other health data, can ultimately form a repository
of patient-centered personal health records, which can then be
used to store and manage PGHD [26]. Clinicians see the
potential of PGHD but raise some concerns about its use, such
as difficulties in summarizing PGHD patterns across different
clinical specialties and concerns regarding data management,
patient privacy, and ethical challenges of PGHD generation
[9,27,28].

Opportunities and Challenges of Mobile Technology
Internet use has been growing steadily since 1990, with
approximately 4 billion internet users worldwide, with 15- to
24-year-olds leading the frontier of internet adoption [29,30].
The internet has also become increasingly mobile. An
unsurprising result of this trend has been increasingly
sophisticated mobile technology and wearable devices, including
the development of numerous mobile health (mHealth) apps,
all of which have helped generate large amounts of PGHD.
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Wearable devices and mHealth apps can facilitate health
behavior improvements if designed with proper engagement
strategies and data collection methods [31,32]. Effective
mHealth app design has helped users monitor and promote
positive health habits, such as physical activity and eating
behaviors [33,34]. Furthermore, PGHD can help improve
clinical trials’ efficiency and output [35]. However, these
opportunities come with a number of challenges [2]. First, the
management and interoperability of massive PGHD require
standard vocabularies and data models. Consumer health
vocabulary (CHV) is one such effort that has been developed
since 2007 [36,37] and enhanced by several text mining–based
projects [38-41]. In addition, frameworks and data models have
been proposed to incorporate PGHD into EHRs [42,43].
However, very few projects use both CHV and common data
models to facilitate PGHD comprehension. Indeed, to our
knowledge, only one position paper proposes an
interpretability-aware framework to systematically understand
PGHD [44]. The second challenge is the lack of guidelines and
best practices for integrating PGHD into the clinical workflow
[15]. In addition, most PGHD are collected through mHealth
apps, which should be carefully evaluated in a standardized
manner for efficacy and health outcome improvement [45].
Finally, there are concerns about the quality and ownership of
PGHD gathered by mHealth apps and wearable devices [28,46].
App developers should develop more transparent data ownership
policies so that users can make informed decisions regarding
their PGHD [47]. Guidelines should also be developed to ensure
that high-quality data are gathered by users in their daily routines
[48].

PGHD Use in Psychiatry
Psychiatry is a medical specialty focused on “the diagnosis,
treatment, and prevention of mental, emotional, and behavioral
disorders” [49]. Clinicians use a variety of data from patients
to determine psychiatric diagnoses. However, these data are
often collected solely in clinical settings. Since the 1960s, mental
health clinicians have begun to pay more attention to patients’
personal perspectives, including health-related quality of life
(HRQoL) outcomes. HRQoL is a type of PRO that includes
“symptoms of disease or health condition, treatment side effects,
and functional status across physical, social, and mental health
life domains” [50]. PROs are derived from patients completing
standardized questionnaires and cannot guarantee large-scale,
continuous data collection [51,52]. However, with the help of
mobile technology and wearable devices, PGHD can collect
large amounts of patient health data unobtrusively and
continuously. Furthermore, because psychiatry has historically
depended on PROs and HRQoLs, clinicians in this field should
be able to use PGHD without many conceptual barriers.

For instance, ecological momentary assessment (EMA) was
proposed to assist clinical psychologists in monitoring HRQoL
changes by tracking patient behaviors in real time and in their
natural environment. EMA uses various data collection tools,
such as written diaries and telephones, and PGHD gathered by
mHealth apps and wearables can further support this approach
[53]. PGHD can facilitate large-scale environmental psychiatric
research in naturalistic settings and create digital footprints to

measure patients’ health status (eg, mood and sleep) in an
unobtrusive and longitudinal fashion [54].

Although studies have shown that wearable devices and mHealth
apps help in the treatment of mental health by increasing
awareness and giving reinforcement, such as in the study by
Ng et al [55], research regarding the implementation of mobile
technology into the care process is lacking. Studies have only
just started to design and develop apps that focus on interface
usability and workflow integration. Notably, Bauer et al [56]
applied Principles for Digital Development to develop a highly
usable mHealth app to support collaborative care for patients
and generated 4 more principles based on user feedback.
Recently, mental health studies have focused on PGHD, showing
a transition to participatory and personalized medicine [57].
However, other stakeholders, such as consultants, policy makers,
and vendors, should also be considered when integrating PGHD
into mental health [58].

Clearly, more PGHD will be generated in the coming future
through mobile technology and hold the potential to improve
mental health practice, which has long relied on patient-reported
data. Therefore, we follow this trend and aim to provide
empirical evidence regarding the current use of PGHD in mental
health practices, clinicians’ attitudes toward PGHD, and the
mHealth app features and selection criteria considered by mental
health practitioners.

Methods

Clinical Setting
This study was conducted at the Department of Psychiatry and
Behavioral Neuroscience in a large academic hospital in the
Midwest United States. The department is a nationally
recognized leader in advancing the diagnosis and treatment of
mental and behavioral disorders. The department has more than
90 faculty members, with half of them trained as psychiatrists
with a medical degree (Doctor of Medicine or Doctor of
Osteopathic Medicine). Our study targets were faculty members
who are actively seeing patients. As there was a significant
portion of faculty trained as psychologists (Doctor of Philosophy
or Doctor of Psychology), our study participants included
clinicians from both groups.

Study Design
This study contains a set of semistructured interviews and an
mHealth app review. The interviews collected qualitative data
from both psychiatrists and clinical psychologists to understand
their clinical workflow, attitudes toward PGHD, and the use
and sharing of PGHD in clinics. In the app review, a set of
mHealth apps was selected and reviewed systematically. The
main objective of this review was to understand patients’
experiences of using mental health–related apps and their
opinions around it. The review comments were also downloaded
from the Google Play Store and the Apple Store using existing
application programming interfaces (APIs) [59,60]. The app
review data were summarized in terms of data interpretation
and shared features. Data interpretation here is defined as the
manner in which PGHD are collected and presented, either
qualitatively or quantitatively assessed, and may be subsequently
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visualized. Qualitative assessment referred to users’self-reported
data on their sleep quality or mood status. Quantitative
assessment, on the other hand, relied on the automatically
recorded data by an app and its sensors. The clinicians’
perspectives and the app features were then synthesized to
generate design recommendations for mHealth app designers
and developers. This study was reviewed and approved by the
institutional review board of the study site (IRB# 2018-6453).

Participant Recruitment
A total of 12 clinicians, including 7 psychiatrists and 5 clinical
psychologists, were recruited using convenience sampling and
snowball sampling. Two coauthors facilitated the interview
invitation to their colleagues; each participant was asked to
provide a few names to reach out at the end of the interview.
Table 1 shows the participant subgroups and their average
professional experience (number of years). Male psychiatrists
were the largest group among the participants (n=5), followed
by slightly more female clinical psychologists.

Table 1. Participant subgroups.

Years of experience, mean (SD)FemaleMaleCharacteristics of interviewees

13.9 (6.7)2 (17)5 (41)Psychiatrist, n (%)

12.0 (10.3)3 (25)2 (17)Clinical psychologist, n (%)

13.1 (8.0)11.1 (6.2)14.5 (9.3)Years of experience, mean (SD)

Qualitative Interviews and Analysis
Each semistructured interview was conducted by 2 members in
the research team and lasted for 30 to 45 min. The interview
questions were organized in 5 areas: (1) job title and
responsibility, (2) clinical workflow, (3) PGHD attitudes, (4)
the selection and use of mHealth apps, and (5) the use and
sharing of PGHD. Although participants’ attitudes toward
PGHD were specifically asked, their attitudes toward EHR
integration was not prompted. The interviews were audio
recorded and transcribed verbatim in 2 steps. First, the audio
recordings were transcribed by the Google Cloud Speech-to-Text
API. Second, the transcription drafts were reviewed by the
research team to ensure high quality and deidentification of the
data. The participants were coded from P01 to P12, with the
first 7 participants being psychiatrists.

Interview data were analyzed in multiple rounds. Specifically,
the transcriptions were coded using the Work Elements Model
with a focus on actors, actions, and artifacts [61]. In the first
round, a set of swim lane workflow diagrams was generated.
In this swim lane chart, the columns (lanes) represent the actors,
and the rectangles represent the actions. A workflow diagram
was drawn for each psychiatrist. All psychiatric workflow charts
were then consolidated into one workflow chart. The same
process was repeated for the psychologists. It is worth noting
that 3 participants (P09, P10, and P12) had a portion of the
workflow that significantly deviated from others because of
their job responsibilities. This reflects the variety of mental
health practices. The deviation was due to our sampling methods
and the relatively small sample size. These portions of workflow
were excluded from the consolidated workflow because of their
uniqueness.

Following the steps in thematic analysis [62], the transcriptions
were analyzed to understand clinicians’attitudes toward PGHD
and the interpretation and sharing of PGHD in clinics. To ensure
the coding quality, one researcher independently coded all the
transcriptions and extracted themes, which were then reviewed
by another researcher. The 2 researchers met and resolved any
disagreements.

Sleep and Mood App Tracking Review
A total of 31 sleep tracking apps and 25 mood tracking apps in
current mobile app markets (App Store and Google Play) were
selected and reviewed. Instead of developing our own search
keywords, the results of 2 published systematic review papers
were used [63,64], providing a list of 73 and 32 tracking apps
for sleep and mood, respectively. The papers were published in
2018 and 2019. The details of the sleep and mood app selection
are described in Multimedia Appendix 1.

The 2 types of mHealth apps were selected because of their
significant role in tracking and understanding patients’ status
and treatment effects. This was indicated through the prevalent
use of these 2 types of apps by the participating psychiatrists
and clinical psychologists, as shown in our interviews with
them. In total, 9 of 12 participants mentioned these apps.
Specifically, 3 of them reported using both sleep tracking and
mood tracking mobile apps, 3 of them reported using only mood
tracking apps, and 3 of them reported using only sleep tracking
apps. Biometric or fitness tracking apps were also mentioned
but less frequently; therefore, they were not our investigation
focus.

The information of the selected apps was extracted and
organized using a spreadsheet in the following 10 columns: (1)
app type (either sleep or mood), (2) app ID, (3) source (Apple
or Google), (4) app name, (5) rating, (6) advantages from
review, (7) hindrance from review, (8) data interpretation
features, (9) data sharing features, and (10) review quotes. The
app review data were extracted independently by 2 researchers,
one of whom reviewed sleep apps and the other who reviewed
mood apps. The extracted data were then reviewed by another
researcher for quality checks. Information was collected solely
from users' comments. Advantages and hindrances were defined
as qualities that users predominantly classified as benefiting the
user experience or detracting from it, respectively. The details
regarding app sharing capabilities (such as social media and
exports to other file types) and methods of data display and
interpretation were also included. Selected quotes were compiled
from users who offered a holistic perspective on the app. It is
worth noting that app review data mostly reflected end user
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experience and highlighted general user satisfaction or
complaints with the apps, complementing our interviews with
the clinicians.

Results

Qualitative Analysis: Clinical Workflow

Consolidated Workflow and PGHD Use
Figure 1 shows a simplified version of the consolidated
workflow diagram, which includes step-by-step movement from

a patient taking an initial assessment, development of diagnosis
and treatment plan, meeting with a physician, the influence of
PGHD, and subsequent adjustments in the diagnosis and
treatment plan. The detailed workflow diagram is included in
Multimedia Appendix 2.

Figure 1. Simplified consolidate workflow diagram of psychiatrists and psychologists based on semistructured interviews. EMR: electronic medical
record; PGHD: patient-generated health data.

As shown in Figure 1, a typical clinician workflow in mental
health started from gathering patient information and PROs
using an intake assessment. Mental health clinicians then
reviewed the form along with EHR information, if any, and
conducted a clinical interview to establish psychiatric diagnoses
and a corresponding treatment plan. Next, patients participated
in the treatment (eg, practice assignments and collection of
PGHD), following their clinicians’ requirements. The ways to
collect PGHD varied depending on the clinicians’ preferences
and patient situations. Next, in subsequent clinical encounters,
clinicians reviewed the PGHD and assessed the changes in their
patients’ symptoms and functioning since the previous session.
Clinicians may revise the treatment plan based on the updated
patient health status.

Many participants do not consider themselves as the sole
decision maker in developing the treatment plan. Instead, they
worked with patients to align their goals with the treatment.
Homework is a common term used by clinicians to discuss
patients’ efforts to improve their mental health status between
clinic visits. PROs and PGHD can assist patients in their
homework, demonstrate their achievement, and provide
information to clinicians to make evidence-based decisions on
the treatment plan and assess treatment progress. However,
participants reported no standardized way to collect and manage
PGHD.

Although collecting PROs and PGHD has been part of mental
health practices, its use is not optimized. Taking the intake forms
as an example, one participant talked about troubles using survey
scales when patients wait in the waiting room. This suboptimal

data collection may slow down the clinics and reduce the
efficiency and quality of care:

As I mentioned the scales aren't always filled out and
they may not have enough time to fill out the scales
if they're call[ed] back right away. [P06]

Sometimes, PROs can be ambiguous and confusing and require
more data to understand patients’ health status change and
nuanced differences. In this case, PGHD can be complementary
and provide more detailed behavioral data to inform the shared
clinical decisions on the treatment plans. One participant
explained how PROs may be confusing:

So, for example, like number three on the PHQ9, in
one item, it's assessing “trouble falling asleep,”
“staying asleep” or “sleeping too much,” which could
mean very different things in terms of planning to do
for treatment. And so, I will always ask a follow-up
and then I will manually circle the ones that applied
for the patient. [P10]

Workflow Comparison Between Psychiatrists and
Clinical Psychologists
All participants followed the simplified consolidated workflow
in their practices. However, there were some noticeable
differences between psychiatrists and clinical psychologists.
Psychiatric appointments, in general, were shorter (30 min),
followed by appointments with clinical psychologists (45-60
min). As psychiatrists can prescribe medication, they check
medication use and effects in every patient visit. Psychiatrists
also conduct psychotherapy and value the therapeutic
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relationship between patients and themselves. On the other hand,
clinical psychologists cannot prescribe medication, so they focus
solely on conducting psychological assessments and delivering
psychotherapy. Therefore, the workflow for clinical
psychologists can be very dynamic and conversational. Clinical
psychologists pay significant attention to patients’ narratives
of experience to understand their unique health status and
changes. The workflow would be more standardized, however,
if a clinical psychologist only focuses on psychological
assessments, for example, a cognitive evaluation, as the
assessments have a validated procedure to follow and tools to
use.

Qualitative Analysis: Clinician Perspectives

Dual Attitudes Toward PGHD
All participants had worked with their patients to track their
sleep and/or mood behaviors through an mHealth app and/or a
wearable device. Overall, 6 participants held a dual attitude
toward PGHD use. On the one hand, clinicians had seen the
potential of PGHD and looked forward to taking advantage of
them, especially the ability to track their patients’ activities
between consultations better:

There is a long history of using mood scales,
potentially longitudinal mood scales, basic tracking
charts for depression, bipolar disorder—can be really
helpful, also can be somewhat tedious. And there are
some apps now that do that very well...” [P05]

On the other hand, some concerns were raised about data validity
and reliability. The participants were being cautious because
they identified the need for reliable PGHD to inform
evidence-based treatment implementation and evaluation:

When you're saying hard data from a device that
measures sleep, I would need to know for myself how
it's measuring sleep... I think I would tend to question
the specificity and accuracy of those for actual sleep...
I find that patient self-reports of sleep are unreliable.
[P04]

Concerns About Integrating PGHD Into Workflow and
EHR
Clinicians’ concerns about integrating PGHD into workflow
and EHR systems were a recurring theme in the interviews. One
participant indicated that there was no app that seamlessly
integrates its data into EHR:

So... the way things work now [is] very much sort of
pen and paper. You show up at a doctor's office. They
get handed some of these screeners and somebody
must manually enter it into Epic, which is kind of a
pain. We would love to be able to send patients a
MyChart message or something and say fill this out
and send it back to us and have it automatically go
into a flow sheet in Epic that we then track over time
with the patient. That would be amazing. [P03]

A total of 7 participants preferred using paper-based PGHD in
their practice because of the patients’ preference or the lack of
data sharing mechanisms in the apps. In this case, the data flow
is deemed indirect. Clinicians would review the PGHD in the

session and put the interpretations in the clinical notes, which
can slow down the clinical workflow. Generating data
visualization of PGHD to facilitate the interpretation of the data
seems to be a preferable method for both clinicians and patients:

We also graph patient data over time. I do this with
all my patients... It would take 20 minutes of the
patient session—patient wouldn’t get care for that 20
minutes and it’s literally I’ll have a calculator out,
an actual calculator, my graphing calculator, and
I’ll sit there and calculate the data and then manually
make the graph. So having programs built in that
aggregate data and automatically populate graphs
are great; and patients like to see the visual, the
graph—they do, overall. And generally it’s good
discussion even if the graph is not great in terms of
what it’s explaining. [P10]

Manually transcribing data into electronic medical records is
not only time consuming but also interferes with the
patient-clinician interaction because the clinicians are distracted
by the data entry tasks on their computer. Common concerns
found included the difficulties of having to face the computer
and type in data during sessions:

I'm put[ting] in the data in the computer and looking
at the questionnaires and if there was a different way
of doing that, you know, it would actually make me
take my life away from the computer screen and
interact with my patient. [P01]

Lack of Information for App Selection

In addition to the challenges in using data from mHealth apps,
it can be challenging to identify what apps to use in the first
place. In all, 3 participants found that it was difficult to find an
app that met all the requirements. Others sometimes found useful
apps through patient recommendations. The following 2 quotes
exemplify this situation:

I've not been able to figure out an app that I could
actually use [and] that was specific to be able to
individualized for patients; that's been a challenge.
[P11]

There are lots of great apps out there for sure...and
sometimes they'll bring stuff to me that I'm unaware
of. [P08]

When asked about using apps for collecting data, some clinicians
responded that they did not know that mobile apps could
perform certain data tracking tasks:

So, we look at this daily measure sheet, which would
be perfect for an app that looks at what their moods
have been, what kind of sleep they had. [P11]

In contrast, the app review (see details given in the section Sleep
and Mood Tracking App Reviews) showed that mood apps in
the current market can offer certain functions, which means
there is a lack of information to increase app awareness and
support app selection process, especially for clinicians. This
suggests that an app recommendation system for the clinician
to use would be very helpful.
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Limited App Features to Support Personalization and
Collaborative Care
One factor contributing to the difficulty of finding the right app
is the variety in patients’ health statuses and conditions.
Clinicians would prefer to personalize treatment and collect
data in a personalized manner. However, current apps were not
designed with features to support personalization in data
collection. One participant elaborated that:

A psychiatric exam, ugh, depends on a lot offactors
actually...Let's say I have a 60-year-old sort of
borderline intellectual functioning person, maybe 8th
grade education with never seen a psychiatrist and
coming in first time... So that exam...maybe take more
time there, more explanation, more education, more
time to elicit... I may have to offer something, a
different questionnaire other than the standard four
to five that I sent to every patient. [P01]

Another type of feature that current apps may be missing is to
support collaborative care. It is beneficial to support

collaborative care so that patients can be more engaged in their
health and take control of their care, and clinicians can create
a treatment plan that is most suitable and effective for the
patient’s situation. One clinician further talked about the
difficulty in finding an app in current app markets to address
his needs of data collection, although they do have data
collection features:

The app would have to collect data on several
different domains like nutrition, like sleep, like
physical activity, and then maybe sampling mood
multiple times a day. So there are apps that look at
the individual factors, but I don't know, I'm not aware
there may be an app [that can offer all above]. [P09]

Sleep and Mood Tracking App Reviews

Statistical Summary
Table 2 shows the statistical summary of the selected apps. The
data were retrieved on September 8, 2019. The average number
of reviews was around 400, and the average user rating was
around 4.0 for both sleep and mood tracking apps.

Table 2. Statistical summary of the selected sleep and mood tracking apps.

MoodSleepApp characteristics

25 (45)31 (55)Number of apps, n (%)

387.8 (912.5)346.1 (896.8)Number of reviews, mean (SD)

3.99 (0.54)3.88 (0.78)User rating, mean (SD)

21 (38)31 (55)Had a data interpretation feature, n (%)

16 (29)18 (32)Had a data sharing feature, n (%)

Data Interpretation and Sharing Features
The data interpretation, which includes collection and
visualization, and sharing features in the selected apps varied.
All 31 sleep tracking apps offered at least one feature for data
interpretation, including sleep quantity statistics (n=27) and
sleep quality analysis (n=5). Of the 31 sleep tracking apps, 18
(58%) support data sharing in various means, including direct
sharing with other people (n=8) and integration with other apps
(n=7).

The major source of data interpretation is through collecting
statistics, through recording several days' worth of accumulated
data points. These data points are either manually inputted by
users or automatically recorded by the app. Overall, 5 apps also
offer qualitative assessments of sleep patterns by presenting the
sleep cycles that users experience, recording sound files, and/or
providing descriptive sleep analyses.

Many sleep tracking apps also support sharing data. This is
usually done by exporting and downloading the data as a
comma-separated values (CSV), PDF, etc file (N=8) or via
integration with an alternate app, such as Apple Health (n=7).
Other sources include social media (n=3) and email (n=4). Many
apps also support multiple forms of sharing.

Many users find accurate sleep tracking to be helpful in
improving their sleep quality and daily life:

I love this app. Pleasing to the eye and so many great
features! I love that it keeps stats on your sleep cycles
and can be set to accommodate how your sleep may
be affected by working out, caffeine, or other factors.

On the other hand, common complaints of sleep apps included
inaccurate tracking, failures in data collection, and difficulty in
use due to technical issues. For example, one user expressed
frustration in inaccurate tracking:

This app has been super frustrating. I use it while
wearing my watch and it has recorded me in a deep
sleep while I was making food.

The analysis of mood tracking apps shows similar results. Of
the 25 mood tracking apps, 21 (84%) offered either a qualitative
(n=4) and/or quantitative (n=22) data interpretation feature.
Eight mood apps had more than one mode of quantitative data
interpretation. Of the 25 mood tracking apps, 16 (64%) had data
sharing capabilities, mainly through direct sharing with other
users (n=13) or social media (n=5). Three mood apps had more
than one mode of data sharing.

Many apps offer multiple means of data interpretation. The
forms of qualitative data interpretation include monthly reports
of the moods logged. Forms of quantitative data interpretation
include daily, weekly, or monthly graphs or charts of the
frequency of moods logged by the user. The modes of sharing
data are exporting the data as a spreadsheet, CSV, PDF, etc file
(n=6); via email (n=3); or via cloud sharing (n=3).
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Many users find that the ability of the apps to track and reflect
on one’s mood trends was very helpful:

I am not exaggerating to say this app has been life
changing. This app allows me to customize the
settings so I can simultaneously track my moods,
medications, activity level, wellness tools, triggers
and alternative treatments. All of this info is so
important. Daily logging with an easy interface means
I can track LOTS OF DATA in an organized way. The
visual graphs show the relationships between these
various data points. The info gathered is a valuable
tool in my wellness and recovery.

The most common complaint was the limited options of mood
offered, which caused difficulties for users in tracking their real
mood, as indicated in the following review comments:

More moods. Exactly the kind of app I need. I just
wish there were more moods like: anxious, on edge,
tearful, sensitive, irritable, exhausted.

With both mood and sleep apps, the primary method of data
visualization was through graphs and charts (n=37). Sleep apps,
which recorded quantitative data more frequently than
qualitative data, used statistics (such as the length of time slept)
to present graphical summaries of sleep over time. These graphs
were then analyzed to show the quality of sleep over time, track
trends, inconsistencies, and improvements. Similarly, mood
apps also used graphical representations to present data
summaries. However, these apps typically used qualitative data
entries (such as recorded moods on certain days) to provide
graphs and charts that showed the number of times certain
moods were recorded and how moods fluctuated over the course
of weeks or months. The popular usage of graphs across both
categories suggests that regardless of the nature of data
collection (either quantitative or qualitative), users prefer apps
that visualize data through digestible and succinct
representations that make trends identifiable and trackable over
time.

Discussion

Principal Findings
We conducted a mixed methods study with 12 clinicians in
mental health practice to understand their perspectives on PGHD
and the current use and to share features of the mHealth apps
on the market. The results show that mental health clinicians
had a dual attitude toward PGHD. The advantages and concerns
of PGHD use were aligned with those in the literature. It is not
surprising that mental health clinicians have seen the potential
of PGHD because they have been largely relying on PROs to
develop treatment plans [18]. Our results also confirmed that
mental health clinicians have concerns about data validity and
reliability similar to clinicians in other specialties [13,14].
Although mental health practices have started to use PGHD,
their use has not been optimized in clinical workflow and
integrated into EHR. However, limited PGHD integration with
EHRs may not be totally native. Clinicians who have concerns
with data reliability and ability may prefer to review PGHD
before putting them into EHR, rather than including them

directly from mHealth apps and/or wearables. Moreover, our
findings revealed that there are different ways to make use of
PGHD without integrating it into EHR systems, such as using
it to check patient conditions and homework in between clinical
sessions. However, personalized data tracking and visualization
are critical factors in the successful use of PGHD for both
patients and clinicians.

In addition to using PGHD in clinics, we found that mental
health clinicians may have a hard time finding the right mHealth
apps for their patients to collect PGHD in the first place. There
was a lack of information to help them choose the most suitable
apps for their patients to use. Part of the reason is that each
patient has a unique mental health status and condition, and
mHealth apps do not support much personalization. Moreover,
most of the mHealth apps were patient centered but may not
support collaborative care. As clinicians and patients frequently
make shared decisions for the treatment plan, mHealth apps
without features to support collaborative care could reduce
clinicians' willingness to adopt them or introduce barriers in
clinical workflow. In addition, our review on sleep and mood
tracking apps confirmed that the current mHealth apps on the
market had limited features in data interpretation (eg,
visualization) and limited mechanism to share PGHD with other
people and EHR systems.

Design Implications

Improve Data Interpretation and Sharing Mechanisms
Current mood or sleep tracking apps are focused on collecting
PGHD in a patient-centered manner, which is a critical first
step. However, to maximize the value of PGHD, these apps
should improve their mechanisms in data interpretation and
sharing. Specifically, data visualization can be a viable way to
help both mental health clinicians and patients interpret much
PGHD and identify patterns and trends regardless of their
integration into EHR. On the other hand, mHealth apps should
enable data sharing mechanisms with different parties, including,
but not limited to, clinicians, families, friends, and other
practitioners, as this was a concern noted by both clinicians
during interviews and users in the app review [58]. It is worth
emphasizing the importance of information confidentiality when
designing a sharing mechanism. Psychology clinics are
considered as a safe bed for patients to discuss their mental
health status and conditions with clinicians. Hence, data sharing
mechanisms should not be one-size-fit-all; they should be
designed to allow patients to select which part of PGHD to share
and how to share to keep highest data confidentiality based on
their psychiatric conditions.

Consider Clinical Workflow and EHR Integration
Technology-enabled clinical data capture and documentation
should consider the clinical workflow [65]. Similarly, we
suggest that mHealth apps designed to gather PGHD should
consider clinical workflow to improve the quality of patient
experience. Although PROs and PGHD have been used in
mental health clinics, there are no guidelines for data collection
and use. It would be beneficial to conduct observational
workflow analysis, such as time and motion studies, to
understand when and where PGHD are used and identified

JMIR Form Res 2020 | vol. 4 | iss. 8 |e18123 | p.24https://formative.jmir.org/2020/8/e18123
(page number not for citation purposes)

Wu et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

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


bottlenecks. In fact, it is common to conduct such workflow
analysis to design and develop any health information
technology that will be used in clinics (eg, clinical decision
support tools) [66].

On the other hand, mHealth apps should also consider EHR
integration. We have discussed the importance of sharing PGHD
with various parties in a way to protect information
confidentiality. PGHD may be shared with clinicians directly
through EHR integration or indirectly through data
summarization and electronic reports. We have also seen a
working example in our interviews to integrate PGHD with
EHR using a Research Electronic Data Capture database [67].
As clinicians may have concerns on data reliability and
accuracy, having an indirect EHR integration (eg, a dashboard
or PDF report demonstrating patterns in PGHD for review) may
be a viable way to reduce clinicians’concerns and increase their
PGHD adoption in clinics. As many apps are coming into the
market and are also going obsolete at a fast pace, a standardized
data management and export system could be proposed to better
integrate PGHD into clinical practice regardless of specific
kinds of apps.

Support Personalized and Collaborative Care
Our results showed that mHealth apps must support both
personalization in data collection and collaboration between
patients and clinicians during clinics. In terms of personalization,
as each patient has a unique mental health status and conditions
in various social contexts, it may be difficult to find an app that
covers all kinds of needs of PGHD collection. There are 2 ways
to approach this issue from a design perspective. First, mHealth
apps should maximize their ability to personalize data collection
methods to fit different patient needs. Participatory design
methods may be helpful in identifying such needs and
incorporating them into app features. Second, as clinicians do
not always have the information of some existing apps that are
potentially useful, an app recommendation system may be
developed to assist clinicians in choosing which apps to use to
collect PGHD. Currently, some clinicians rely on patients’
recommendations. This app recommendation system may be
maintained by both clinicians and patients.

In addition, mHealth apps should be designed to support
collaborative care. It is critical to ensure that PGHD are used
effectively and efficiently during clinics. Ethnographic
observations may be needed to systematically document the
behaviors and interactions between patients and clinicians. The
results can help researchers better understand the role that PGHD
and mHealth apps play during clinic visits and generate
guidelines to redesign mHealth apps and improve the use of
PGHD to support shared decision-making and collaborative
care.

Limitations
This study has a few limitations. First, it was conducted in one
institution using convenience sampling to recruit participants,
thereby limiting generalizability. Second, the study only
included clinicians, whereas patients’ perspectives were only

indirectly approached through our research on app reviews.
However, we believe that the clinician perspective on PGHD
was sufficiently understood because we continued recruiting
the participants until the data reached saturation. Moreover, we
compared the interview data with the app review data, which
were complementary, to generate the design implications. Third,
the app review was conducted using a snapshot of mHealth apps
investigated in the past 2 years. The apps may have since then
been updated, resulting in fluctuating ratings and different
features. However, the efficacy of the app review remains the
same, as it helps identify the keep features that users look for
in mHealth apps and provides sufficient data to inform app
designers. Finally, clinicians can have several subspecialties in
mental health, which affects their workflow and how they use
PGHD. We were not able to recruit a diverse sample to include
all the opinions from the mental health clinicians. However,
this study focused on the common workflow components in
mental health practices and served as a pilot study to understand
clinician perspectives.

Future Directions
We will continue investigating the best practices for using
PGHD at the point of care, considering clinical workflow and
developing informatics solutions to facilitate the development
of a collaborative model to make sense of PGHD to inform
shared decisions. The PGHD here will not be limited to data
gathered from mHealth apps and wearable devices. They can
include data from social media (eg, Twitter and forums) to
synthesize more information about patients’ opinions on their
health [68]. Interactive data visualization may be a viable way
to achieve the common goals of clinicians and patients.
Moreover, we will pay specific attention to the integration
between PGHD and EHR and further develop clinical decision
support tools with machine intelligence to use this new and
valuable dataset to improve patient outcomes.

Conclusions
This study demonstrated the clinicians’ perspectives on PGHD
and the current features of mHealth apps. The results showed
that PGHD have been used in mental health practices but in a
suboptimal way without guidelines. Clinicians look forward to
the potential benefit of using PGHD but have dual attitudes
toward PGHD. That is, clinicians see the potential of PGHD
but hesitate to embrace them mainly because of data validity
and reliability concerns. Other concerns about workflow and
EHR integration exist prevalently. Moreover, clinicians
experienced challenges in selecting suitable apps for their
patients, partly because of the limited features of mHealth apps
in supporting personalized and collaborative care. We identified
3 design implications: (1) improve data interpretation and
sharing mechanisms, (2) consider clinical workflow and EHR
integration, and (3) support personalized and collaborative care.
We will continue our research with a focus on designing and
developing informatics solutions to demonstrate the best
practices of PGHD use and evaluate their effectiveness in
improving patient outcomes.
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Abstract

Background: Many college students who have mental health issues do not receive professional care for various reasons. Students
who do not receive help often have both short- and long-term adverse health outcomes. Mobile apps for mental health services
such as MySSP, a service provided to college students through their university, may help eliminate barriers to seeking mental
health care and result in more positive outcomes for college students.

Objective: This qualitative study aims to better understand college students’ perceptions and attitudes toward the adoption and
use of a mobile phone app for mental health, MySSP, using the technology acceptance model (TAM).

Methods: A series of nine focus groups were conducted with college students (N=30) between February and May 2019 at a
large, public Midwestern university. The moderator’s guide was based on the TAM, and focus group sessions primarily focused
on the use and knowledge of apps for mental health, specifically, MySSP. The focus group transcriptions were hand-coded to
develop a set of themes that encompassed students’ perceptions and attitudes toward MySSP.

Results: The analysis of the focus groups suggested the following themes: (1) existing awareness of the app, (2) perceived
usefulness, (3) perceived ease of use, (4) attitudes toward apps for mental health and MySSP, and (5) social influence.

Conclusions: The results of this study provide deeper insights into the perceptions of a mobile app for mental health among
college students. Future research should explore the specific contexts in which an app for mental health will be most effective
for college students.

(JMIR Form Res 2020;4(8):e18347)   doi:10.2196/18347

KEYWORDS

mental health; mobile phone; mHealth

Introduction

Background
The prevalence and severity of mental health disorders among
college students has been steadily rising [1]. Data from the
American College Health Association showed that 45.1% of
college students reported feeling so depressed that it was
difficult to function and 65.7% felt overwhelmed with anxiety
over the last 12 months [2]. In addition, from 2015 to 2019,
there has been a 4% (from 9.3% to 13.3%) increase in students
reporting that they have seriously considered suicide in the last
12 months [2,3]. However, the same report showed that only
24.3% of students had sought help for anxiety over the past 12

months and even fewer had sought help for depression (20%).
Many college students who have mental health issues do not
receive professional help because of the limited resources on
college campuses, the time required to receive help, the lack of
awareness of college mental health resources, and the stigma
around receiving care [4-6]. Students who do not receive help
have a higher incidence of dropping out before completing a
degree [7,8] and experience long-term adverse outcomes,
including low employment [9], perpetual emotional and physical
health problems [10], and relationship dysfunction [11].
Consequently, many colleges and universities are seeking
innovative ways to help students receive the help they need.
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Mobile phones may prove to be a beneficial tool for providing
mental health access and to overcome the barriers associated
with receiving treatment. Mobile phones are ubiquitous among
college students, with 95% of college students owning a
smartphone [12]. College students and young adults are rarely
without their phones, using them for several facets of their lives,
generally through mobile apps. Some research suggests that
college students would rather use in-person resources than
web-based resources for mental health; however, college
students are likely to use web-based resources because of their
availability, convenience, and confidentiality [13-15]. Mobile
apps for mental health services can provide users with additional
benefits that seeking face-to-face help does not provide, such
as its relatively low cost for care and the lack of stigma from
seeking in-person treatment. In addition, mental health apps
could be a helpful supplement to in-person care or as a first step
in seeking in-person care.

Although there has been much research on mental health apps
for college students, this qualitative study uses the technology
acceptance model (TAM) as a framework to better understand
college students’ perceptions and attitudes toward the adoption
and use of a mobile phone app, MySSP (Morneau Shepell), for
mental health [16,17]. MySSP is a mobile app service purchased
by universities and is a resource for college students to receive
mental health help, including support from professional
counselors. As MySSP is readily available to participants
through their university, this study focuses on perceptions and
attitudes toward the adoption of this app specifically. Focus
groups were conducted with both undergraduate and graduate
students to explore their perceptions and use of mental health
apps, specifically MySSP. This study can also provide insights
into this population’s attitude of other apps that are developed
to support mental health. In the next section Literature Review,
we review the research related to mental health services via
information and communications technologies (ICTs), including
mobile phone apps for mental health for college students,
followed by a brief review of the TAM. Finally, our research
questions are presented.

Literature Review

Mobile Health for Mental Health
There has been an increasing number of ICTs that seek to help
people with mental health issues, such as web-based
psychological therapy, remote video consultation, and social
media platforms. The use of these technologies “represent a
cultural change in mental health care by empowering patients
to exercise greater choice and control” [18]. These apps aim to
help with a variety of mental health conditions such as anxiety,
depression, and obsessive-compulsive disorder, to name a few.
Many of these apps attempt to provide different functionalities,
such as controlled breathing, positive thinking, and meditation
[19,20]. A vast majority of these apps remain unstudied and
have not been thoroughly tested, leaving little evidence for their
proposed benefits [20-22]. However, a handful of apps that have
been studied provide valuable insights into their usefulness.
Clinical trials that have been conducted sought to test the
effectiveness of mobile apps for mental health, and the findings
suggest that the apps are more beneficial for those with low or

moderate levels of depression but can improve symptoms of
depression and anxiety [23-25]. Further research has
demonstrated that many of these apps had limited and short-term
use because of some acceptance barriers; however, the results
suggest that some treatment is better than no treatment
[22,26-29].

Mental Health Apps and College Students
When examining college students’openness and attitudes toward
using mental health apps in a college setting, researchers found
that 26.1% of college students were open to using mental health
apps; however, only 7.3% had ever used such an app before
[13]. The relatively low rate of mental health app adoption was
attributed to participants having no current mental health needs,
perceptions that mental health apps felt too impersonal,
confidentiality concerns, and the utility of the apps [13,30].
Similar to the general population, college students have also
tended to use mobile apps for mental health for short periods
(≤4 weeks), although it is unknown if this short-term adoption
can be attributed to feeling better, poor app design, student
workload, or something else [13,14].

TAM
The TAM is one of the most widely used frameworks to examine
the adoption of technology in a multitude of settings [16]. An
extension of the theory of reasoned action [31], the TAM
suggests that there are 2 key factors that predict the acceptance
and use of a new technology, including perceived usefulness
and perceived ease of use, both of which impact the attitude
toward using a technology. Perceived usefulness is the users’
perceptions of how well a technology will improve their current
practices. The ease of use is defined as how easy the technology
is to learn and use. Attitude refers to the general feeling of a
user when implementing a technology into their everyday
routines. The TAM has been used in a variety of health contexts,
including among college students and in mental health mobile
apps [32]. Furthermore, the TAM has been used in the analysis
of qualitative data using a grounded theory approach [33], but
the TAM has also been used to deductively inform the
development of semistructured interview protocols [34,35].

In addition, social factors deeply affect an individual’s attitude,
and a multitude of theories posit that social influence is a key
consideration in understanding adoption behaviors [31,36,37].
In the context of technology, the perception that the technology
is accepted by one’s peers has been demonstrated to be an
important factor of adoption [38]. Therefore, the individual’s
attitudes, informed partially by their peers and partially by their
evaluation of the technology (ie, ease of use and usefulness),
will influence their overall intentions of acceptance of an app
for mental health issues [39]. As college-aged adults have a
greater communication with their peers about topics of personal
importance such as health [38], we believe that social influence
will be a salient factor for our population. Therefore, this study
uses the TAM to deductively explore college students’
perspectives of perceived usefulness and ease of use, related to
MySSP, which are key to understanding their intentions to use
the app.
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MySSP App Description
MySSP is a mental health services app, developed by Morneau
Shepell, which is purchased by universities for their students.
In the summer of 2018, the student health system of the
university where this study took place made a contract with the
company to provide mental health services to the university’s
students. Once a contract is signed, the app is freely available
to the university’s students providing immediate and confidential
support from professional counselors through Morneau Shepell

through chat (texting), voice, or video. The counselors are
trained about the university and are connected to the university’s
mental health staff. The app also provides text tips about mental
health and well-being and provides a variety of informational
articles that are relevant to the mental health and well-being of
college students (eg, roommate problems, homesickness, stress
around exams, etc). The app is available on the Google Play
store and the Apple App Store. Figures 1-3 show app
screenshots.

Figure 1. Student life screen of the MySSP app.

Figure 2. Health screen of the MySSP app.

Figure 3. About screen for the MySSP app.

To promote the use of the MySSP app, the university sent out
all-campus emails, promoted the service through several social
media channels throughout the different departments and
colleges, and posted flyers throughout the campus. Faculty
members and academic advisors were given information about
the resources and asked to share it with their students. In
addition, students were told about the app if they called the
campus counseling center.

This qualitative study aimed to further our understanding of
college students’ attitudes and perceptions of mental health

apps, specifically MySSP. The TAM guided the framework of
the focus groups to better understand students’ intention to use
the app. In addition, this formative research is a necessary first
step in understanding how a campaign could be developed to
further promote mental health awareness of campus resources.
The research questions that guided this work included
understanding the students’general awareness of apps for mental
health, specifically, the MySSP app. Once the MySSP app was
demonstrated, we sought to understand their overall perceptions
of the app.
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Methods

Data Source and Participants
A series of 9 focus groups were conducted with college students
(N=30) at a large, public, Midwestern land-grant university.
The focus groups took place between February and May 2019.
To be eligible, participants had to be currently enrolled at the
university and be aged older than 18 years. The university’s
institutional review board approved all portions of this study.

Participant Demographics
Most participants were aged between 18 and 22 years (27/30,
90%) and were identified as female (25/30, 83%). Most
participants were undergraduates, and seniors (fourth and fifth
year) made up 27% (8/30) of the participants. Most participants
indicated their race as white (19/30, 63%), followed by Asian
or Pacific Islander (9/30, 30%). Participants were also asked in
the demographic survey if they had ever used mental health
services; the majority (16/30, 55%) stated that they had never
used mental health services. They were also asked if they had
used mental health resources in the last 12 months, and 7
students reported that they had used mental health resources.
Table 1 provides participant demographics.
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Table 1. Participant demographics (N=30).

Frequency, n (%)Variables

Age (years)

1 (3)18

9 (30)19

6 (20)20

7 (23)21

4 (13)22

1 (3)30

1 (3)33

1 (3)41

Year in school

4 (13)First-year undergraduate

7 (23)Second-year undergraduate

7 (23)Third-year undergraduate

8 (27)Fourth-year undergraduate

4 (13)Graduate or professional student

Gender

5 (17)Male

25 (83)Female

Ethnicity origin (or race)

19 (63)White

1 (3)Black

9 (30)Asian or Pacific Islander

1 (3)American Indian

Grade point average

6 (20)4.0

14 (48)3.5

9 (31)3.0

Use of mental health services

13 (45)Yes

16 (55)No

Use of mental health services (last 12 months)

7 (24)Yes

22 (76)No

Procedure
Participants were recruited through the communication college’s
SONA system, a subject pool software. The participants were
paid $15 to complete the focus group. Participants sat around
a table equipped with a recording device, and there was a
notetaker present. Sessions were audiotaped and lasted
approximately 60 to 90 min. The moderator’s guide was
developed based on the TAM and included questions such as
“Do you think that this app could provide mental health
help/care?” and “What must this app have to be considered

useful?” The session began with a short written demographic
survey. Then, the focus group started with a brief discussion of
general app use and was followed by a discussion of apps used
for general health. This was done as an icebreaker for the
sessions and to understand how general app use is similar to
and different from apps for mental health. The majority of the
session focused on apps used specifically for mental health,
including their use and knowledge of the MySSP app. Following
the discussion of apps for mental health, the moderator provided
a brief overview of the MySSP app whereas the participants
were given flyers, the informational email that had been sent
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to all students, and several screenshots of the MySSP app to
review. After approximately 3 to 5 min of reviewing the
materials, the participants were asked about their perceptions
of usefulness, ease of use, and attitudes toward the MySSP app.

Analysis
After each focus group, the notetaker and the moderator
debriefed to develop a sense of several overarching themes.
Data were analyzed using a descriptive analysis approach [40].
First, after the recordings of the focus groups were transcribed
verbatim and returned to the research team, 3 members of the
research team familiarized themselves with the data, reading,
rereading, and making notes with initial ideas. This led the team
to generate initial codes. We then iteratively developed a set of
themes that captured the focus group dialog [41]. After the ninth
focus group, the team concluded that saturation was reached.
The themes were then presented to the whole team for
clarification and feedback. Then, 2 members of the team coded
a random selection (10%) of the transcripts to ensure intercoder
reliability until reliability was reached (Cohen κ>0.8). Then,
each coder independently coded half of the transcripts.
Disagreements were identified and resolved by primary
researchers. As a result of using the TAM to design the focus
group protocol, the themes that emerged from the data were
aligned with the TAM constructs. However, additional themes
emerged from the analysis and are discussed in the Results
section.

Results

The results are organized based on themes that emerged from
the descriptive analysis of the focus group, which included the
constructs of the TAM and the additions of awareness of the
app and social influence.

Existing Awareness of the App
Although the app has been available to all students of the
university and was announced through emails and flyers around
campus starting in the fall of 2018 and continued through the
spring of 2019 (when this study took place), very few students
had even heard of the MySSP app. Of 30 participants, 7 (23%)
had downloaded the MySSP app before attending the focus
group. The remaining 23 participants (77%) had never heard of
the MySSP app. During the focus group sessions, participants
shared similar feedback about MySSP regardless of whether or
not they had previously used the app.

Perceived Usefulness
Most participants perceived that the MySSP app would be a
useful tool for themselves, their friends, and other students at
the university. Participants noted that MySSP would be useful
for themselves, particularly in situations related to academic
stress. For example, one participant said:

I know my friends, none of them have the same major
as me so they don't really get my stress that I get from
my classes. So maybe in that case if...a student was
very stressed out, they could go talk to somebody
about it [in the app]

Another participant felt that MySSP would be useful among
their friend group, particularly the instant messaging feature
that allows users to text a counselor. The participant stated:

I like that you can text because a lot of my
friends...we’re especially anxious about phone calls...
texting is kind of stress free for us.

The participants also described several situations in which the
MySSP app would be useful for other students at the university.
One participant commented that the app would be particularly
helpful to new students who may be having trouble adjusting
to living in a new place. The participant said:

I think it would be a good resource for freshmen,
especially if you're from out of state or you're [an]
international [student] and you don't really know
anybody. Or if you're having problems making
friends, if you're stressed out, or homesick.

Participants also described scenarios in which a college student
might need help navigating. For example, one participant said:

I feel like [MySSP] would also work out for people
who are having relationship struggles...Maybe
someone had a dramatic event happen...maybe they
got a little too drunk at a party and they are trying to
figure out and recollect what happened...

There was, however, some skepticism regarding the long-term
usefulness of MySSP. One participant felt that the app was not
equipped to deal with more serious mental health issues, saying:

I feel like it can help in maybe a crisis or if you're
feeling lost, but I don't [think]...in the long term, it
can do a ton...I think this is way too general for if
someone has clinical depression, anxiety, specific
OCD...it's more for people who are realizing that they
might need help.

Another participant felt that MySSP would not have the same
impact as in-person care in the long run but would still be useful
in certain scenarios. This participant stated:

I think this mostly seems to be a gateway to
something, I don't think it's going to be the same as
a therapist or anything but for a lot of problems that
students face around here like stress, breakups,
relationship issues...this would really work well.

Perceived Ease of Use
In general, health app use and retention varied among
participants. Much of the feedback around short-term use is
related to a lack of ease of use. For example, one participant
noted how an app they used was too tedious to keep up with,
saying:

I have this app downloaded but I haven't been keeping
up with it...it's just really tedious because you have
to really say how has your day been...you have to get
all introspective.

Other participants mentioned that their short-term use was
because they were focused on a certain goal (ie, losing weight),
and once they achieved the goal, they no longer found a need
for that particular app.
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After the MySSP app presentation, all participants perceived
the app to be easy to use. One participant specifically mentioned
the ease of communicating:

I think it sounds like it’s quite easy...to get in touch
with someone and there’s a lot of different methods
of communication you can use if phone calling is just
not your thing, for example.

Another participant echoed that perspective, saying:

I’d say that it’s free to all students...and that it’s
anytime, anywhere that you can be in contact with
someone [a counselor], so accessible.

In addition, participants appreciated that the app was available
in multiple languages. One participant said:

I like the fact it says you can access an advisor or
counselor who speaks your preferred language and
understands your culture. That’s helpful for an
international student.

Attitudes Toward Apps for Mental Health and MySSP
As expected, the majority of the student participants used social
media apps such as Facebook, Instagram, and Snapchat the
most. In addition, many participants had experience using
general health apps. However, very few of the participants used
or had ever used an app for mental health. For example, one
participant reported:

I haven’t really tried them [mental health apps]. I
don’t know, sometimes my phone stresses me out so
I don’t want to be on that to try to relax.

Many of the participants perceived that the app could be
beneficial. For example, one participant appreciated that MySSP
could provide her quick access to care, saying:

I’ve had interest in going out to find a therapist...but
I feel like because we’re all so busy all the time it’s
hard to go out of your way to just talk to somebody.
I feel like having access through your phone is
something that’s really cool.

Another participant noted that as she would not personally use
MySSP for her mental health, others in more serious situations
might use MySSP. She went on to say:

I feel like it just depends where someone is at the
stage in their mental health...I wouldn’t use it for my
mental health. But then other people may be need it
in a crisis or just having that person to talk to, so I
feel it just depends or where you’re at or what you
need.

Some participants felt that MySSP could address a spectrum of
mental health needs. One participant said:

I feel like every student could benefit from it. People
that maybe have several problems, or somebody that
is just having a bad day and needs somebody to talk
to.

Participants also approved the appearance of the app, which
impacted their perception of the quality of care. Regarding the
quality, one participant shared:

I’d say it looks a lot better than I had imagined it. So,
I think it looks very professional. So, I think the
quality of help you would be getting would be more
professional [as well]

Overall, the majority of the participants had positive feelings
about the app and that the university was looking for different
ways to help service students’ mental health issues.

However, some of the participants did not believe that an app
was the best way to receive mental health services. For example,
a handful of participants felt that they would turn to family or
friends for mental health support before turning to an app. One
participant said:

I can’t really imagine that, because I think whatever
problems I have, I can talk to my boyfriend first, or
my sister, and also my friends.

Some other participants felt that they did not have any mental
health concerns that were serious enough to justify using a
mental health app. When asked about their attitudes toward
using a mental health app for themselves, one participant shared:

I just feel that I don’t really need to [use a mental
health app], I’m not in the state where I [would]
download an app to take care of [my mental health].
Most of it is just like situational stress with test or
quizzes or things like that. It’s not reoccurring or
continuing.

Another participant expressed a similar sentiment saying:

I don’t have [a] mental health disorder, but everyone
gets stressed and I like the way most people cope with
it is trying to take their mind off of it. For me, that’s
just listening to music or something. So, I don’t need
to go to the extent of doing that [using a mental health
app]

Social Influence
Participants were asked if they had ever downloaded an app
because a friend or family member recommended it. Many
participants had downloaded an app based on others’
recommendations. One participant said:

If I’m talking about something interesting and they
mention something [about an app], I don’t really take
a second thought, I’ll say, “Oh yeah that sounds
good.” I’ll add it to my phone without thinking about
it.

However, the apps that were recommended to participants were
not mental health apps, rather games, photo editing, music
streaming, or networking apps.

Researchers asked participants if they thought their friends
would use the MySSP app. The majority of participants thought
that if their friend needed mental health help and was aware of
MySSP, then they would use it. One participant reiterated that
MySSP is particularly useful in that their friend would be more
likely to use the app than see a counselor face-to-face, saying:

I know my one friend struggled with depression and
she’s always just like, she wants help, but she doesn’t
want to walk. She’s like I don’t have time to walk to
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this place, or whatever, but since that’s available
24/7, and it’s just on your phone. You always have
your phone on you, that would be really good.

Participants also mentioned their thoughts if they found that
their good friend was using MySSP. Some responses included
“Good that they’re getting help” and “I’d feel happy for them
that they were doing something about the problem they had.”

Discussion

Principal Findings
Using the TAM, this study was an initial exploration of college
students’perceptions, attitudes, and intentions of using a mobile
app for mental health. The results indicate that most students
were not aware that MySSP is an available campus resource for
mental health issues. Although the app was perceived by the
participants, on initial judgment, it was useful and easy to use.
Overall, they had positive attitudes toward the app; however,
most participants did not perceive that they needed MySSP
because they did not have any mental health issues. In addition,
social influence appears to be a key component in college
students’ use of apps. This study furthered our understanding
of how TAM can be applied in a university setting for
perceptions of mobile health for mental health, using a
descriptive analysis to explain reasons for app adoption for
mental health by college students.

As the results suggest, students were not aware of the app, which
hinders the use and adoption of any intervention, not just this
particular one. It is key that when an organization rolls out a
resource, it effectively promotes the resource and finds
champions who can share the information [42]. Past research
shows that the students most likely to use these types of apps
are generally women and those with lower levels of depression
and anxiety [23,41]. However, male college students also face
elevated rates of anxiety and depression. Feedback from the
participants will be used to help inform the university on how
to better promote mental health resources on campus. In
addition, future research should consider how to connect with
students who may need the most help.

The multiple modes available for communicating with a
counselor, particularly through texting, were seen as key
usefulness attributes of MySSP. Physically attending mental
health counseling is often time consuming and can leave the
student feeling stigmatized [43]. The more anonymous nature
of the mediated communication via the app appeared to increase
the perceived usefulness for many of the college student
participants. In addition, communication mediated through an
app is likely to increase rates of self-disclosure, which may
positively impact long-term mental health outcomes [44].
Conversely, and similar to past research, participants indicated
that the app may not be effective for longer-term use but rather
as a tool to overcome the barriers to initial face-to-face
counseling. The specific context in which an app for mental
health is used is essential to college students’ perceived
usefulness. Further research should consider the context in
which an app, such as MySSP, is most useful for students
seeking mental health help.

Although some mental health apps offer a wider variety of
features to users, this can increase the complexity of the app.
The TAM suggests that apps that are perceived to be easier to
use are more likely to be accepted by users [45]. Previous
research has found that perceived usefulness and perceived ease
of use affect young people’s health app acceptance and
effectiveness [17]. Participants noted that MySSP appeared to
be easy, understandable, and accessible, which are all indications
of an overall positive perception of ease of use. Goal setting
was mentioned as a context in which long-term use may not
apply; however, general health literature suggests that small,
specific, and sustainable goals set and achieved over a period
of time lead to positive long-term changes [46]. Therefore, with
the help of a counselor, the app could implement goal setting
in an effective way that actually increases use.

Many participants indicated that they did not feel they need an
app for mental health, although the rates of college students
who indicate facing issues of mental health are at historic highs
[2]. The majority of college students reported feeling stressed
on a regular basis. Previous research has indicated that this
reoccurring stress can lead to anxiety and depression, in which
college students are particularly susceptible. Furthermore, there
appears to be a norm in which this stress, anxiety, and depression
are accepted by college students. It is possible that the largest
barrier to seeking help for mental health, whether face-to-face
or via a mobile app, is because of the normative nature of these
mental health issues during college. In addition, it is critical to
note that when the students were discussing that they would
likely not use MySSP, many of the comments were related to
feeling like they did not need any professional mental health
resources in any form. However, the students in this study did
indicate that MySSP would likely help other students overcome
the barriers frequently cited for not receiving face-to-face help.
This indicates that factors other than barriers to seeking mental
health help should be considered in future research.

Social influence is another key factor in establishing intention
to use and the effectiveness of health apps [17]. The participants
recalled many instances in which they downloaded an app
because a friend or family member recommended it. Although
none of the participants had experience with a mental health
app being recommended to them, the power of peer influence
in the uptake of mental health apps may be an avenue for
increased use. In addition, participants reflected on how they
would feel if their friend used an app for mental health. This
feedback further confirmed that college students could benefit
from an app for mental health and that the social attitudes around
the use of mental health resources are generally positive.

Limitations
As with most research, this study also has some limitations.
First, the population of the focus groups was mostly white
women, which does not reflect the university’s overall
population. In addition, all of the participants had a grade point
average of 3.0 or higher, indicating that they may be more highly
motivated than the general student body. This is also indicated
by their willingness to participate in the focus group. The
students were also recruited through a communication college
SONA system, which may not be representative of the student
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body. In addition, because mental health issues are often
stigmatized, we might not have been able to get everyone’s true
opinions regarding the issue. However, the potential use of the
MySSP app was able to draw out more neutral experiences.
Therefore, these results are still useful when developing a
campaign promoting mental health resources, especially at larger
public universities.

Our formative research into students’ perceptions of app use
for mental health provides a path to further explore this issue.
A strength of this study is that there were screenshots of an
existing app for students to look at, and they could download
the app to use during the session. In addition, some students in
the focus groups had prior experience using the app. This
provided concrete examples rather than an idea or concept of
what a mobile app for mental health might look like. Using our
findings, we have developed and are currently surveying the

population about their mental health and intentions of using this
app as a resource. This should provide us with more rigorous
data and additional results.

Conclusions
This study provides a deeper understanding of the perceptions
of college students regarding a mobile app for mental health.
The feedback from students will help the student health center
promote the university’s resources for mental health help and
encourage their use. Although this study used the TAM to
understand students’ perceptions and attitudes toward a mental
health app, further research is needed into the specific contexts
in which an app for mental health will be most effective for
college students. Furthermore, future work must identify why
there is a gap between rates of depression and anxiety among
college students and their intention to use mental health services.
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Abstract

Background: Poor mental health and emotional well-being can negatively impact ability to engage in healthy lifestyle behavior
change. Health care staff have higher rates of sickness and absence than other public sector staff, which has implications at both
individual and societal levels. Individual efforts to self-manage health and well-being which add to the UK mental health prevention
agenda need to be supported.

Objective: The objective of this study was to establish the feasibility and acceptability of the inclusion of a self-guided, automated,
web-based acceptance and commitment therapy intervention in an existing health promotion program, to improve subjective
well-being and encourage engagement with lifestyle behavior change.

Methods: For this 12-week, 4-armed, randomized controlled cluster feasibility study, we recruited participants offline and
randomly allocated them to 1 of 3 intervention arms or control (no well-being intervention) using an automated web-based
allocation procedure. Eligibility criteria were current health care staff in 1 Welsh health board, age≥18 years, ability to read
English, and ability to provide consent. The primary researcher was blinded to cluster allocation. Feasibility outcomes were
randomization procedure, acceptance of intervention, and adherence to and engagement with the wider program. We evaluated
health and well-being data via self-assessment at 2 time points, registration and postintervention, using the 14-item
Warwick-Edinburgh Mental Well-Being Scale, the 4-item Patient Health Questionnaire, and the 7-item Acceptance and Action
Questionnaire—Revised.

Results: Of 124 participants who provided consent and were randomly allocated, 103 completed full registration and engaged
with the program. Most participants (76/103) enrolled in at least one health behavior change module, and 43% (41/96) of those
randomly allocated to an intervention arm enrolled in the well-being module. Adherence and engagement was low (7/103, 6.8%),
but qualitative feedback was positive.

Conclusions: The procedure and randomization process proved feasible, and the addition of the well-being module proved
acceptable to health care staff. However, participant engagement was limited, and no one completed the full 12-week program.
User feedback should be used to develop the intervention to address poor engagement. Effectiveness should then be evaluated
in a full-scale randomized controlled trial, which would be feasible with additional recruitment.

Trial Registration: International Standard Randomised Controlled Trial Number (ISRCTN) 50074817;
http://www.isrctn.com/ISRCTN50074817
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Introduction

Background
Poor mental health and emotional well-being underpin many
physical diseases and unhealthy lifestyles and can negatively
impact an individual’s ability to engage in healthy lifestyle
behavior change [1-3]. Recent recognition that positive mental
health and emotional well-being are fundamental components
of good health has given rise to a strong UK mental health
prevention agenda. For example, the Five Year Forward view
for Mental Health [4], the Prevention Concordat for Better
Mental Health [5] and the National Health Service (NHS) Long
Term Plan [6] saw local and national services come together
(in 2019) at an unprecedented level in their commitment to
addressing the mental health crisis. This development built on
earlier publications from the UK Department of Health and
Social Care, which outlined the importance of well-being and
its role in health outcomes [7-9]. Economic analysis has further
supported the case for greater investment in mental well-being
[10]. This recent and sustained UK focus on well-being builds
on global recognition that mental health and emotional
well-being are a fundamental component of good health [11].

Mental Health: United Kingdom Picture
Staff sickness and absenteeism in the public sector is high, more
so than that of the private sector [12]. Stress is the most
commonly cited reason for absenteeism [13], and the associated
economic cost is significant at an estimated £105.2 billion a
year [14].

Further to their own mental health and well-being needs, health
care staff are well placed to promote positive lifestyle behaviors
to others, through effective role modelling [15]. Personal health
behaviors are critical in establishing effective and confident
health behaviors [16,17]. Frontline staff have daily contact with
patients and the public and can exhibit health behaviors to be
emulated by others. In the United Kingdom, the Nursing and
Midwifery Council identified role modelling as a statutory
requirement, stating that nurses must “take every opportunity
to encourage health-promoting behaviour through education,
role modelling and effective communication” [18]. Likewise,
for UK medical professionals, the General Medical Council
include clear expectations in Outcomes for Graduates (pg 23)
[19]. Research findings have highlighted the need for ongoing
support for health care workers to improve their own health and
to fully realize their potential as credible role models and
healthy-living advocates for the populations they serve [20-24].
Indeed, Public Health England recently launched Every Mind
Matters [25], a website to support well-being and physical
health. The proliferation of interest in this area serves to
highlight the need for formal evaluation of these approaches.

Web-Based Approach
Global mental health prevention has incorporated diverse
initiatives directed at different levels in society, such as
individual, community, and societal level regulations. One key
area, which has seen exponential growth, is that of
web-delivered interventions. The cost-effective benefits of
evidence-based, web-delivered therapies that improve mental
health are well established [26-28]; however, poor adherence
and engagement remain a significant factor that limits
effectiveness [29,30] and application.

To address poor adherence and engagement, this study used a
therapeutic approach associated with positive adherence:
acceptance and commitment therapy (ACT) [31,32]. ACT is
based on the principle of psychological flexibility, which
involves accepting one’s unwanted thoughts and feelings while
moving toward personal values. Several successful web-based
ACT intervention studies have been reported [33-40], for
example, in the treatment of depression among smokers [37]
and in the prevention of mental health problems among
university students [38]. Earlier systematic reviews and
meta-analyses have found web-delivered ACT to be effective
for the management of depression [41], and others report its
effectiveness in both group and individual settings [42-45].

Randomized Controlled Feasibility Study
This study will provide initial insight into the impact,
acceptance, and feasibility of a web-delivered, multifaceted
workplace lifestyle behavior change program, which
incorporates an ACT-based well-being intervention to support
staff mental health in the context of a preventive approach.

Objectives
The study objectives were to (1) determine whether the
randomization procedure was feasible, (2) determine whether
the inclusion of an ACT-based well-being intervention, within
a web-based lifestyle behavior change program, was acceptable
to health care staff, (3) determine whether the well-being
intervention positively affected adherence and engagement to
the wider program, and (4) explore the impact of additional
intervention elements.

Methods

Trial Design
This was a 4-armed, cluster randomized controlled feasibility
trial.

Trial consent, registration, and assignment to trial arm were
automated. The principal researcher (MB) was blinded to cluster
allocation throughout the trial; participants were not. A computer
code written in Python randomly allocated each cluster to a trial
arm using a built-in randomization function. No changes to the
program were made during the trial period.
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Trial Arms
The control group used Champions for Health, which consisted
of 5 lifestyle behavior change modules: Quit Smoking, Drink
Responsibly, Weight Optimization, Regular Exercise, and Eat
Healthily.

Intervention 1 group used Champions for Health plus the
ACT-based well-being module (ACTivate your Well-being).

Intervention 2 group used Champions for Health and ACTivate
your Well-being, plus 5 premade well-being films (see
Multimedia Appendix 1).

Intervention 3 group used Champions for Health and ACTivate
your Well-being, plus a static social norm message (eg, “Other
users like you have reduced their weight, on average to 75 kg.”).

Ethics
The study received ethical approval from the College of the
Human and Health Sciences and the College of Medicine
Research Ethics Committee, Swansea University, Swansea,
UK, and research and development approval from Abertawe
Bro Morgannwg University Health Board Joint Study Review
Committee 2017 as service evaluation. The trial is registered
with the ISRCTN registry (50074817; Multimedia Appendix 2
[46])

Clusters
Staff from 1 health board in Wales, UK participated. A health
board is an organizational and administrative unit consisting of
hospitals, community clinics, and general practices (primary
care). There are 7 in Wales.

We created 4 clusters based on key hospital and community
sites within the participating health board: 3 clusters received
the intervention and 1 did not (the control). Use of this trial
design is common in health care contexts where cluster trials
are an important methodology used to compare different ways
of encouraging health behavior change [47,48].

Clusters. We selected this design for pragmatic reasons. The
reasons were 3-fold. First, focus group discussions identified
that participants who had taken part in earlier releases of the
website had discussed its content with colleagues. As such it
became evident that if we allocated participants at the individual
level, they may discuss and share the content of the intervention
with those not allocated to that trial arm. This approach is
reported elsewhere [49,50]. Second, the clusters are natural
groups of people, determined by their place of employment.
Outcomes within naturally occurring clusters may tend to be
more correlated than those across clusters; this is because
individuals within a health board may have similar practices,
arising from organizational culture and shared environment or
demographic features that might influence the outcome [48].
Third, allocation by site location may support recruitment.
Undertaking randomization after consent and baseline would
introduce significant delay, which might have a negative effect
on enrollment and engagement.

The Program: Champions for Health
Champions for Health, developed by Public Health Wales,
comprised 5 lifestyle behavior change modules. Each included

text and images and they were based on the health belief model
[51], the theory of planned behavior [52], plan, do, study, act
[53], and the self-regulatory model [54].

The Intervention: ACTivate your Well-being
Following a participatory design process [55-58], NHS staff
(n=39), researchers, ACT practitioners, mental health experts,
and computer scientists worked together to co-design the website
and intervention through a series of exploratory interviews,
focus groups, usability sessions, and a pilot evaluation.

We developed an automated, interactive, 12-week, self-guided
intervention called ACTivate your Well-being for predetermined
sequential release. Recommended time spent on each week was
20 minutes per day, 3 days a week. In addition to the structured
modules, 3 pop-ups were available: Green Space gallery, Sleep,
and Relaxation. These could be accessed freely.

Recruitment and Eligibility
All staff employed by the health board at the time of the study
were eligible to participate. Eligibility criteria were current
health care staff in 1 Welsh health board, age≥18 years, ability
to read English, and ability to provide consent.

We recruited participants between January 28 and February 7,
2019 at 4 hospital sites. Electronic invitation and advertisements
were displayed on the hospital intranet, electronic, and physical
notice boards. Presentations were made at 4 site locations during
induction training to a voluntary staff Well-Being Champions
scheme.

Procedure
Participants registered individually via the website. All
participants were required to provide consent using a checkbox
process prior to completing a registration form, which asked
for username, password, gender, age, location, self-rated health,
self-rated work performance, sickness leave in the past 6 months,
quantity of 1-week absences in the past 30 days, and
self-assessed primary outcome measures. Users could opt to
receive a semiautomated weekly email reminder, which included
the website link and a motivational quote.

Once registered, participants accessed the website freely by
logging in to their account. At this point, participants found out
whether they had access to the well-being intervention. A
personalized dashboard enabled participants to enroll in 1 or
more modules and track their progress. We incorporated 2
gamification features to support sustained engagement [59]:
Rewards and Feedback. Gamification is the use of game
elements in non–game contexts [60]. Health points were
rewarded for website engagement and converted into trophies
at predetermined thresholds, and a bar showed progress toward
each trophy. Feedback graphs were generated to show progress
(Multimedia Appendix 3). In week 12 participants were
reminded, via the home page and weekly email, to complete
the time 2 outcome measures and provide feedback. At this
point they were also invited to take part in a focus group. We
sent 3 email reminders.
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Outcome Measures

Primary Outcome Measure
The 14-item Warwick-Edinburgh Mental Well-Being Scale
(WEMWBS) is a validated measure of mental well-being in the
general population, responsive to change at both the individual
and group levels [61-63]. A higher score represents more
positive well-being. A score of 43.5 or less is considered a
screening threshold for depression [62]. An increase of 2.77 or
greater indicates statistically significant improvement [63].

The 4-item Patient Health Questionnaire (PHQ-4) Anxiety and
Depression Scale [64] screened for anxiety and depression. On
each subscale, a score of 3 (range 0-6) or greater is considered
positive for screening purposes for anxiety and depression [64].

Process Measures
The 7-item Acceptance and Action Questionnaire—Revised
(AAQ-II) is a validated, 1-factor measure of psychological
inflexibility [65]. Higher scores (range 7-49) indicate greater
levels of psychological inflexibility [65]. Cutoff points are not
published for this measurement tool; however, a score of 17.5
and greater has been identified to indicate significant
psychological inflexibility [66].

Sample Size Considerations
Feasibility trial designs do not commonly employ formal power
calculations [67]. As such we aimed to recruit 100 participants,
25 in each trial arm, to allow comparison across groups and to
explore the study objectives.

Data Analysis

Randomization Procedure
Functionality was assessed by the web developer during week
1 to ensure that self-reported location data were used accurately
to populate trial arms.

Acceptability, Adherence, and Engagement
Descriptive statistics reported website registration and
participant characteristics. We conducted statistical analysis
using nonparametric methods in IBM SPSS version 26 (IBM
Corporation) to explore baseline characteristics of each trial
arm. Adherence was measured by completion of outcome
measure at baseline and postintervention. Qualitative feedback,
collected at the end of the program via a structured feedback
form, interview, and focus group discussion, was audio recorded
and transcribed verbatim. Data were analyzed using inductive
thematic analysis [68].

Primary Outcome Effect
The feasibility study was not powered to test statistical
significance, but merely to explore the impact and effectiveness
of the intervention on lifestyle behavior change and well-being
across trial arms.

Results

Randomization
The automated randomization procedure proved effective, and
participants were allocated as expected.

Recruitment and Participant Summary
A total of 124 users consented to participate and were randomly
allocated to a trial arm. Of these, 103 users provided baseline
data for the primary outcome measures and were analyzed
(Figure 1).
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Figure 1. Consolidated Standards of Reporting Trials flow diagram. AAQ-II: Acceptance and Action Questionnaire—Revised; PHQ-4: Patient Health
Questionnaire-4; WEMWBS: Warwick-Edinburgh Mental Well-Being Scale.

Users spanned all age brackets (18-65 years old). Most users
(91/103, 88.4%) were female and rated their health as “good”
to “excellent” (82/101, 81.2%) on a 5-point Likert scale. Over
half (63/103, 61.2%) reported no days off work in the past 6
months and, in line with this, the majority (81/103, 78.6%) did

not report any 1-week absences in the past month. On average,
users rated their general work performance 8 on a scale of 1 to
10, with 10 being highest. All opted to receive email reminders
(Table 1).

Table 1. Participant characteristics (n=103).

Trial armCharacteristics

Intervention 3 (Champions and
ACTivate your Well-being plus
social norm message)

Intervention 2 (Champions and
ACTivate plus PocketMedic)

Intervention 1 (Champi-
ons plus ACTivate your

Well-beinga)

Control
(Champions
for Health)

4134427Randomized, n

413421b7Analyzed, n

38 (93)30 (88)19 (90)6 (86)Female, n (%)

Age bracket (years), n (%)

2 (5)4 (12)0018-25

10 (24)10 (29)8 (38)2 (28)26-35

12 (29)11 (32)5 (24)3 (43)36-45

14 (32)7 (20)5 (24)1(14)46-55

4 (10)2 (6)3 (14)1 (14)56-65

6.9 (25.3)1.0 (1.5)9.3 (18.4)1.4 (2.1)Self-reported days off work, mean (SD)

7.5 (1.7)7.5 (1.3)7.6 (1.7)7.3 (1.6)Self-rated general work performance

scorec, mean (SD)

aACTivate your Well-being intervention based on acceptance and commitment therapy.
b21 users were excluded based on incomplete registration.
cOn a scale of 1-10, with 10 being the highest.
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Trial Arms
We detected no significant differences between trial arms, using
the Kruskal-Wallis test, at baseline (n=103) for registration
week (P=.17), age (P=.51), self-rated health (P=.36), days off
work (P=.84), absences of 1-week duration (P=.09), self-rated
work performance (P=.94), WEMWBS (P=.24), PHQ-4 (P=.27),

AAQ-II (P=.25) or gender (χ2
3=103; P=.56).

We observed no difference for enrollment in module: Weight

Optimization, χ2
2=103, P=.38; Regular Exercise, χ2

2=103,

P=.25; Drink Responsibly, χ2
3=103, P=.88; Eat Healthily,

χ2
3=103, P=.74; Quit Smoking, χ2

3=103, P=.85). However,

module engagement differed across intervention groups (χ2
2=96,

P=.40).

Enrollment (χ2
2=96, P=.10) or engagement (as a binary variable)

in the well-being intervention did not differ significantly

between the 3 intervention groups (χ2
2=96, P=.79) (Table 2).

Table 2. Module engagement (no. of participants) per trial arm (n=103).

Trial armModule

Intervention 3 (Champions
and ACTivate your Well-be-
ing plus social norm message)

Intervention 2 (Champions
and ACTivate your Well-be-
ing plus PocketMedic)

Intervention 1 (Champions
and ACTivate your Well-be-

inga)

Control (Champi-
ons for Health)

4134217Randomized, n

Enrolled, n (%)

27 (66)29 (85)13 (62)5 (71)Champions for Health

17 (41)11 (32)13 (62)N/AbACTivate your Well-being

Engaged, n (%)

9 (22)9 (26)02 (28)Champions for Health

4 (10)3 (9)1 (5)N/AACTivate your Well-being

aACTivate your Well-being intervention based on acceptance and commitment therapy.

Outcome Measures

Primary Outcome Measure
At baseline, participant well-being scores, measured using
WEMWBS, was mean 46.3 (SD 8.8, range 29-68). This was
lower than the general population. Only 6 participants completed
WEMWBS postintervention, and this group recorded a higher
score (mean 53.8, SD 3.1) and higher minimum score (43).
When this subgroup was tested, 5 participants showed raised
scores, which presented some evidence of an improvement, but
this fell below the level of statistical significance (P=.11;
Wilcoxon signed rank test).

Baseline anxiety and depression scores, measured using PHQ-4,
were within the normal population range, with means of 1.8
(SD 1.6) and 1.3 (SD 1.5), respectively. A small subset of users
met the screening criteria (20/103, 19.4%; 11/103, 10.7%,
respectively). The combined PHQ-4 scores (n=7) did not change
significantly postintervention (P=.34; Wilcoxon signed rank
test).

Process Measures
The mean AAQ-II score was 21.7 (SD 9.8; n=22). However,
no comparison could be drawn, as only 2 participants completed
the postintervention questionnaire.

Acceptability, Adherence, and Engagement
Adherence to the study protocol was poor (7/103, 6.8%).
However, the majority of participants (76/103, 73.8%) enrolled
in at least one module. Almost half (50/103, 48.5%) enrolled
in 1 module, 17 (16.5%) enrolled in 2 modules, 7 (6.8%)

enrolled in 3 modules, and 2 (1.9%) enrolled in 4 modules. The
most popular modules were well-being (41/96, 43%), Regular
Exercise (40/103, 38.8%), and Weight Optimization (39/103,
37.9%).

Of the 9 participants who enrolled in Drink Responsibly, only
3 (33%) engaged. However, health outcomes improved for these
active users; 1 reported a reduction in days per week that they
consumed alcohol from 4 to 2, with a reduction from 20 drinks
per week to 8. Another reduced their consumption from 4 to 3
days per week, with a reduction from 11 to 5 drinks, and the
third increased their number of days drinking but their overall
alcohol consumption reduced (from 18 to 4). Of the 23
participants (22.3%) who enrolled in Eat Healthily, only 6 (26%)
engaged, 1 until week 6. User data indicated poor fruit and
vegetable consumption, with few meeting recommended
guidelines and some never consuming the recommended 5-a-day
portion (5/23). Almost all who enrolled in Weight Optimization
(37/39, 95%) engaged and provided an initial weight (mean
75.77, SD 15.80 kg). A small subsample (10/39, 26%) provided
a second weight (mean 75, SD 10.89 kg). Of the 40 participants
who enrolled in Regular Exercise, 33% (13/40) actively
engaged. This module saw the longest sustained engagement
of the modules, with activity recorded until week 9. Only 2
(2/103, 1.9%) participants enrolled in Quit Smoking and neither
entered nor tracked any data. Well-being had the highest
enrollment (41/96, 42%). However, of those who enrolled, only
7 (17%) completed any of the weekly “try-now” activities. This
module had the longest sustained engagement overall, with 1
user active until week 10.
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Qualitative Data
To fully explore acceptability, we collected a range of qualitative
data. We facilitated 2 one-to-one interviews (25-minute
duration) and 2 focus groups (77- and 73-minute durations, 4
participants each). A total of 15 participants contacted the
principal researcher via email and 8 completed the feedback
survey.

Qualitative feedback was positive (Table 3), and it was clear
that staff welcomed the inclusion of the well-being intervention;
indeed, people who had used the prior releases requested its
inclusion. Analysis identified recommendations for future
development.

Table 3. Sample quotes from participants’ feedback and their recommendations.

Illustrative quotes and recommendationsTheme

“I liked that it would tell you what you should be doing to keep up with the NHSa recommendations and
then how it compared that to Wales and the rest of the population. I liked all that information.” [Interview]

Feedback on website and well-being
module

“I would have liked to set weekly goals.” [Interview]

“Easy to use, visually was nice.” [Interview]

“The health and fitness aspects were quite helpful, I was enrolled on the modules, health eating, weight
management, and regular exercise. They were quite simple and straightforward and the information there
was very useful.” [Interview]

“I really liked the PocketMedic. I looked at all the films on there.” [Focus group]

“I liked some aspects of the ACTb therapy and I found some aspects helpful. Certainly, I’ve suffered from
intrusive thoughts and it’s helpful to sort of just accept them rather than fighting against them.” [Interview]

“To me it was purely entering my weight, which I understand needed to be done...where I sit in my office
everyone can see my screen clearly and that was why I was not happy to enter my weight.” [Email]

Nonadherence

“Couldn’t log in, then other priorities took over firefighting through work. It’s a time factor thing.” [Email]

“I stopped doing the one about weight management, as when I started there were scales up in outpatients
that I used to use and then they took them away.” [Interview]

Provide an option to set weekly goals and the option to report whether this goal was achieved or not.Participant recommendations

Provide the option to return to the previous week to enter progress data.

Display progress data per activity undertaken; for example, during week 1 you swam for a total of 80
minutes; you did yoga for 60 minutes, or more detailed track-your-progress options to facilitate competitive
and personalized elements.

Provide personalization of the profile area. Provide the option to edit data displayed on the screen specifi-
cally in reference to weight due to lack of privacy in the work setting or the option to hide private details
such as weight.

Streamline access to well-being exercises and activities.

Include additional signposts to alternative sources of help.

Incorporate opportunities to connect and interact with others.

Improve the layout of AAQ-IIc.

aNHS: National Health Service.
bACT: ACTivate your Well-being intervention based on acceptance and commitment therapy.
cAAQ-II: Acceptance and Action Questionnaire—Revised.

Discussion

Principal Findings
This study explored the feasibility and acceptability of the
inclusion of an ACT-based well-being intervention, within an
existing web-based, workplace lifestyle behavior change
program for health care staff. The cluster design and automated
randomization procedure proved feasible. Participants were
successfully randomly allocated based on self-reported location,
and the principal researcher remained blinded until
postintervention. The new multifaceted program also proved
acceptable to NHS staff. Recruitment was positive and

participation rates compared equally with previous releases; for
example, the 2015 campaign administered by Public Health
Wales recruited 140 staff from 1 health board.

The proportion of users (43%) who selected to enroll in the
well-being intervention highlighted that initiatives such as these
are desirable and that well-being support is required in the
workplace. Indeed, the qualitative interviews, focus groups, and
feedback were positive, and this is encouraging. Staff who
engaged with the program and well-being module enjoyed the
resources and reported personal benefit. Feedback also
highlighted specific ways to develop the intervention to address
poor engagement from the staff perspective, which will be used
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to support future development. However, the lack of engagement
is still a concern. Only 7 participants were active in the try-now
elements of the intervention, and engagement was equally poor
across the modules. It is worth noting that poor engagement
may have occurred as an artifact of what was measured.
Specifically, the website recorded activity only for “track your
progress:” it was not possible to assess log-on rate, time spent
on each page, and general website activity. Therefore, it is
possible that users engaged with other program elements.
Indeed, the focus group and interview data suggested that the
site overall was well used. In line with this, it is also encouraging
that most participants enrolled in and engaged with at least one
module, the most popular being Regular Exercise and Weight
Optimization. Indeed, these were often selected in combination.
Quit Smoking was the least popular, with only 2 users, despite
local rates of smoking remaining at 22% [69].

Looking at the global picture, this study found health care staffs’
well-being scores (WEMWBS) to be lower than the general
population (data for England). Mean scores for men and women
on this measure are 50.1 and 49.6 [61], respectively, compared
with 46.3 in our study. In addition to this, a subset of participants
had PHQ-4 scores associated with anxiety and depression. These
findings add to the global picture, which suggests prevalence
rates of common mental disorders, such as anxiety and
depression, are high. In the United Kingdom, estimated
population incidence rates are 4% to 10% [70]. Elsewhere,
similar instances are reported. For example, lifetime disorder
rates in Australia are reported to be 45% [71]. The individual
and economic cost associated with common mental disorders
is significant. Mental health problems constitute the largest
single source of world economic burden, with an estimated
global cost of £1.6 trillion [72]. In the United Kingdom, the
estimated costs of mental health problems are £70 billion to
£100 billion each year and account for 4.5% of gross domestic
product [73].

Finally, in this study we were also interested in exploring the
impact of the additional intervention elements, PocketMedic
and social norm message. There was no significant difference
in engagement across the 3 interventions. Qualitative feedback
indicated that PocketMedic films were appreciated. Future
exploration could collapse the additional elements into one.
This is line with earlier findings [74].

Limitations
Several limitations must be acknowledged.

First, the small sample recruited for this feasibility study limited
the statistical analysis undertaken. This was particularly relevant
to the control arm, as participants were randomly allocated in
a 1:3 ratio in favor of the intervention. While we undertook the
same recruitment process at each site, only 7 members of staff
registered from the location randomized to the control. However,
the sample size is not dissimilar to other published studies
reporting the effects of similar interventions [36]. In future,
cluster size should be considered.

Second, intervention 1 had a high number of participants
excluded from the analysis as a result of incomplete registration
data. This further reduced the sample size and equality between

trial arms. The registration process should include mandatory
fields to avoid this issue in future iterations.

A third study limitation resulted from low adherence. Few
participants completed the postintervention outcome measures.
This limited exploration of intervention impact. In response it
will be important to explore alternative ways to encourage
self-reported completion at postintervention. One option is to
track individual nonuse and request feedback within 1 week.
This may go some way to improving adherence rates, as reasons
for nonuse could be identified and resolved during the study
period. Alternatively, the intervention could be shortened to
support continued use. Another option might be to redesign
engagement data collection points within the website. In this
version, engagement monitoring was limited to the
track-your-progress or try-now features, both of which are user
initiated. No automated data were recorded. Feedback and
interview data suggested that participants engaged at many
additional time points, which was not captured in our analysis.
This should be addressed. Equally, the use of rewards and
feedback did not support sustained engagement. Future
developments should consider use of additional or different
gamification features, for example, avatars or social interaction
[75], or guided support and structured feedback, which have
been associated with better adherence.

Fourth, due to an error in the database, which has been amended,
we were not able to examine health care worker role in relation
to self-reported absenteeism.

Comparison With Prior Work
The inclusion of ACTivate your Well-being within the
Champions for Health program created a multifaceted program
free and easily accessible to a range of health care staff.

Limited research has explored the role of well-being
interventions on lifestyle behavior change programs. To our
knowledge, this study is one of the first to explicitly explore
the additional benefit of an emotional well-being intervention
on lifestyle behavior change. We identified 2 prior studies that
incorporated a mental health intervention within a physical
health promotion program [76,77]; however, neither explicitly
evaluated the additional benefit of a well-being intervention on
lifestyle behavior choices and neither used ACT.

The web-based interface used in this health care setting offered
an opportunity to provide tailored support to public sector staff
through convenient and accessible means. The inclusion of the
emotional well-being intervention, in combination with the
modules, is a significant step forward in terms of prevention
and early intervention for self-management of positive health
behaviors and builds on the UK mental health prevention
agenda. The multifaceted program targeted both physical health
behaviors and emotional well-being in 1 integrated program.
This is the unique feature of this program.

Conclusion
This feasibility study was not powered to statistically assess the
impact on physical health. A full-scale randomized controlled
trial with wider-ranging recruitment methods and additional
participant groups would likely support this. We are hopeful
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the larger-scale trial will answer this question. Study participants
who engaged with ACTivate your Well-being and Champions

for Health reported positive feedback and made several useful
recommendations to take this project forward.
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Abstract

Background: Objective and continuous severity measures of anxiety and depression are highly valuable and would have many
applications in psychiatry and psychology. A collective source of data for objective measures are the sensors in a person’s
smartphone, and a particularly rich source is the microphone that can be used to sample the audio environment. This may give
broad insight into activity, sleep, and social interaction, which may be associated with quality of life and severity of anxiety and
depression.

Objective: This study aimed to explore the properties of passively recorded environmental audio from a subject’s smartphone
to find potential correlates of symptom severity of social anxiety disorder, generalized anxiety disorder, depression, and general
impairment.

Methods: An Android app was designed, together with a centralized server system, to collect periodic measurements of the
volume of sounds in the environment and to detect the presence or absence of English-speaking voices. Subjects were recruited
into a 2-week observational study during which the app was run on their personal smartphone to collect audio data. Subjects also
completed self-report severity measures of social anxiety disorder, generalized anxiety disorder, depression, and functional
impairment. Participants were 112 Canadian adults from a nonclinical population. High-level features were extracted from the
environmental audio of 84 participants with sufficient data, and correlations were measured between the 4 audio features and the
4 self-report measures.

Results: The regularity in daily patterns of activity and inactivity inferred from the environmental audio volume was correlated
with the severity of depression (r=−0.37; P<.001). A measure of sleep disturbance inferred from the environmental audio volume
was also correlated with the severity of depression (r=0.23; P=.03). A proxy measure of social interaction based on the detection
of speaking voices in the environmental audio was correlated with depression (r=−0.37; P<.001) and functional impairment
(r=−0.29; P=.01). None of the 4 environmental audio-based features tested showed significant correlations with the measures of
generalized anxiety or social anxiety.

Conclusions: In this study group, the environmental audio was shown to contain signals that were associated with the severity
of depression and functional impairment. Associations with the severity of social anxiety disorder and generalized anxiety disorder
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were much weaker in comparison and not statistically significant at the 5% significance level. This work also confirmed previous
work showing that the presence of voices is associated with depression. Furthermore, this study suggests that sparsely sampled
audio volume could provide potentially relevant insight into subjects’ mental health.

(JMIR Form Res 2020;4(8):e18751)   doi:10.2196/18751

KEYWORDS

depression; anxiety; mobile phone; ecological momentary assessment; mobile apps; mobile health; digital signal processing;
acoustics; speech recognition software

Introduction

Background
Depression and anxiety disorders are some of the most prevalent
mental health disorders [1], yet access to services and treatment
for these disorders is lacking. It is common for many Ontario
residents with mental health problems to wait for 6 months to
1 year for treatment [2]. Automation of a part of the mental
health care process may help address this service gap in our
health care system, as automated assessment could alleviate
some of the workload that is currently being carried by health
care workers.

The health care process can be modeled as beginning with
assessment and measurement, followed by diagnosis, and finally
treatment. Subsequent rounds of measurement or assessment
occur with the final goal of achieving remission. This work
focuses on the measurement and diagnosis components by
working toward building an automated and objective severity
measurement of anxiety, depression, and functional impairment
associated with poor mental health.

Research in both psychiatry and clinical psychology traditionally
involves assessments of subjects’ state (eg, mood and behavior)
in clinical or research settings where they are removed from
their natural home and living environment. Often, these
assessments were performed retrospectively, where the subjects
were asked to recollect behaviors and feelings over several
weeks in the past. Ecological momentary assessment (EMA)
[3] is an alternative approach that endeavors to assess subjects’
mood and behaviors in a naturalistic setting. It occurs in real
time and has a higher frequency of measurement, possibly
multiple times a day. These assessments are frequent and occur
in subjects’ natural setting(s), removing clinicians (and the
potential for bias), from the measurement process. Furthermore,
EMA is not limited to self-report data but can also use data
collected from sensors (physiological sensors and smartphone
sensors). Sensor-based data are especially interesting in an EMA
context because they can be collected passively without any
interaction from the study subject, essentially addressing
concerns of self-report biases surrounding self-reported data
[4,5]. Researchers now use the term passive EMA [6] to refer
to EMA systems in which sensor-based data are collected
without any interaction from the user. It is also sometimes
referred to as unobtrusive EMA or passive sensing.

The feasibility of building passive EMA systems has been
greatly improved by the smartphone revolution. Smartphones
are ubiquitous and affordable consumer electronics, which are
equipped with a wide range of sensors that can enable the type

of sensing or monitoring necessary to perform passive EMA
[7]. A brief survey of some of the existing work using passive
EMA in the mental health space follows, including a more
detailed review of studies that have used ecological audio data
to predict mental health state.

Previous Work
A general methodology in these passive EMA or mobile sensing
studies, and one that is used in this work, is to compute metrics,
or features, from objective data sources that are designed to
capture behaviors or traits of subjects that are known or
suspected to be predictive of mental state. These features
condense a large number of data points from a data source (eg,
thousands of GPS coordinates measured over weeks of a study)
into a single metric of behavior. This metric of behavior can
then be tested for correlation with clinical measures of subjects’
mental state. One such example of a GPS location–derived
feature is the proportion of time a subject spends outside home.
A low proportion might be indicative of avoidance behavior or
low energy and, therefore, relevant to depression, for example.

A systematic review by Rohani et al [8] examined correlations
between passively sensed smartphone data and symptoms of
depression. Homestay, the proportion of time spent by the
subject at home (computed from GPS data), and screen active
duration, the proportion of time spent using the phone were 2
of the most strongly correlated features with depression. These
features were reported as significant by numerous studies
included in the review [8].

This general methodology of sampling objective data from
subjects’ smartphones (or other digital sensors) to infer health
characteristics has been used in numerous studies, across many
conditions. Although we will provide a focused review of
relevant works that have used audio data to predict or measure
mood and anxiety disorders, there is a wealth of research that
has looked at using many different data sources to investigate,
predict, or measure the severity of many characteristics of health
and mental health disorders. Interested readers are directed to
work that has investigated subjects’ general mood and mental
health [9-15], substance abuse [16,17], depression [18-24],
bipolar disorder [25-29], anxiety disorders [30-32], and
schizophrenia [33,34]. The most commonly used sources of
passively collected smartphone data in these works include
subjects’ geolocation (ie, GPS data), screen activity and phone
usage time, SMS and phone metadata, and physical activity and
motion sensor data.

As all smartphones are equipped with microphones, they can
be used to detect audio-based features of a subject’s
environment. Several works have investigated the recording
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and analysis of speech audio from subjects’ smartphones. There
are different strategies to record audio, ranging from (1) actively
prompting users to speak into a microphone, (2) passively
recording subjects’ phone calls, and (3) to passively recording
environmental audio with no interaction from the user.

Using the active prompt-style methodology, Dickerson et al
[35] conducted a study of depression in which subjects were
asked twice daily to respond verbally to a prompt in free-form
speech recorded by a microphone, yielding responses that were,
on average, 1 to 2 min long. These audio recordings of prompted
speech were then analyzed to produce 2 features: the
fundamental frequency of subjects’ speaking voices (F0) and
subjects’ speech pause time. These 2 features were used to build
a linear model for predicting the mood of the subjects. Mood
was measured on a 1 to 10 scale (on the continuum of extremely
depressed to extremely elevated mood), and the linear model
was able to predict mood scores with a residual error of 0.092
(12 degrees of freedom, P=.011) [35]. Similarly, Guidi et al
[36] investigated the fundamental frequency of speech (F0)
actively recorded from subjects via prompts in a study of bipolar
disorder. This study was able to distinguish between individual
bipolar subject’s mood states. A total of 7 features extracted
from speech audio were subjected to Kruskal-Wallis tests, and
all features showed significant differences (at a 5% significance
level) across angry, neutral, bored, and happy emotional states.

Using the passive phone call recording–style methodology,
Faurholt-Jepsen et al [29] conducted a study of 28 outpatient
subjects with bipolar disorder. Voice features produced from
patients’ phone calls were used to build 2 classification models
that classified patients’states as manic or mixed versus euthymic
(area under the curve=0.89) and depressive versus euthymic
(area under the curve=0.78). Another study of bipolar subjects
conducted by Grünerbl et al [25] used features of subjects’
voices produced from the recordings of phone calls to predict
mood state with 70% accuracy.

Finally, audio can be sampled in a much more passive and
pervasive manner by using a smartphone’s microphone to record
environmental (ambient) audio. The StudentLife study by Wang
et al [37] sampled ambient audio and used audio analysis
techniques to detect the presence of human voices in the
environment as a proxy measure of conversation frequency.
They found that conversation frequency has a significant
negative correlation with self-reported measures of depression
severity [37]. The work by Abdullah et al [26] used the same
approach in a study of 7 subjects with bipolar disorder. The
conversation frequency feature was found to be weakly
correlated with mood patterns (r=0.16; P=.06) as measured by
the social rhythm metric. Ben-Zeev et al [10] used the amount
of time proximal to human speech as a predictive feature in a
study of general mental health. In a functional regression
analysis, the amount of time spent proximal to human voices
was found to be significantly associated with changes in a
self-reported measure of depressive symptoms over the course
of the study (P=.048).

Goal of This Study
This exploratory study seeks to discover potential correlates of
anxiety and depression symptomatology from environmental
audio acquired using passive smartphone sensing. Although
previous research has studied how some features of the audio
environment relate to depression and bipolar mood disorders,
we will extend this to include anxiety disorders. In addition,
one aspect of our study is the exploration of the sampled average
volume of the environment over time, which has
privacy-preserving attributes. We are not aware of any other
study of mental health that makes use of this measurement. We
hypothesize that the time series of the volume of subjects’
environments reveals some qualities and characteristics of their
daily activities, which are associated with symptoms of
depression and anxiety, a hypothesis that we believe has not
been investigated in the literature. In addition, we explore the
effect of the presence of voices in the sampled audio.

Methods

Overview
Subjects from a nonclinical population were recruited for a
2-week observational study in which a custom app was installed
on their personal Android phone. Self-report measures of
anxiety, depression, and general quality of life and impairment
were collected at the beginning and end of the study. Throughout
the duration of the study, the smartphone app passively collected
the average volume of environmental audio and the presence
of voice activity (whether or not speech was detected in the
environment at the time of recording). A set of features was
designed and used to extract higher-level information from this
set of data, and a statistical analysis was performed to determine
if a significant relationship existed between subjects’
self-reported anxiety, depression, and general impairment and
these features. The study was approved by the University of
Toronto Health Sciences Research Ethics Board (Protocol
#36687).

Recruitment
Subjects were recruited from Prolific [38], a web-based platform
for recruiting study participants. Prolific maintains an active
pool of subjects who wish to engage in research activities and
enables researchers to deploy web-based tasks to subjects with
specified demographics. It is similar to other services, such as
Amazon’s Mechanical Turk [39], but has some properties that
make it more attractive to academic researchers. These include
ethical payment requirements and a comprehensive database of
subjects’ demographic data to enable prescreening.

The study inclusion criteria were as follows: subjects should
(1) reside in Canada, (2) be fluent in English, (3) own an
Android phone, (4) have completed at least 95% of their
previous Prolific studies successfully, and (5) have previously
participated in at least 20 Prolific studies. The final criterion
was used to ensure that subjects were proficient at using the
Prolific system and were generally technology literate. There
were no exclusion criteria for the study. Subjects were paid Can
$18.50 (US $14) for participating in the study.
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Study Procedure
Members of the Prolific community who met the inclusion
criteria could read a description of the study, which included
an informed consent guide. Those who consented to the study
were then directed to a webpage that acted as the study entry
point. This website directed subjects to install the app from the
Google Play app store and provided them with log-in credentials
for using the study app. Once installed, the study app guided
subjects through a short setup, where they were asked to provide
the app with the necessary permissions to access their data,
followed by a log-in. Immediately following setup and log-in,
subjects were asked to complete a set of 4 self-report measures
in digital form within the study app. At this point, following
the completion of the self-report measures, the app began to
periodically collect data in the background. No further actions
or interactions with the study app were performed until the end
of the study, exactly 14 days later, at the same time of day as
the app installation/self-report work. At this time, subjects
received a notification on their phone, informing them that the
study had ended and requesting that they complete the same set
of 4 self-report measures done at the beginning, again in the
smartphone app. Following completion of this task, subjects
were directed to uninstall the app from their phone and mark
their study tasks as complete on the Prolific website. Subjects
were then paid through Prolific’s payment system.

Self-Report Measures
Subjects completed 4 self-report measures in digital form within
the study app at the beginning and end of the 14-day study. A
review by Belisario et al [40] found that self-administered survey
scores do not differ when deployed by app versus other delivery
modes. The 4 measures were the Liebowitz Social Anxiety
Scale (LSAS) [41], the 7-item Generalized Anxiety Disorder
Scale (GAD-7) [42], the 8-item Patient Health Questionnaire
Scale (PHQ-8) [43], and the Sheehan Disability Scale (SDS)
[44]. The LSAS is a 24-item scale used to assess the symptoms
of social anxiety disorder by measuring respondents’ fear and
avoidance of various social situations [41]. The LSAS was
originally developed as a clinician-administered instrument, yet
the self-report version has been shown to have good
psychometric properties [45]. The GAD-7 is a 7-item self-report
scale used as a screener and severity measure of generalized
anxiety disorder [42]. The PHQ-8 is an abbreviated form of the
Patient Health Questionnaire 9-item depression scale [46], which
omits the final item of the PHQ-9, a question that assesses
suicidal ideation. The PHQ-8, similar to the PHQ-9, has been
shown to be a valid diagnostic and severity measure for
depressive disorders [43]. The PHQ-8 was chosen instead of
the PHQ-9 because, owing to the anonymous and remote nature
of the data collection in this study, the study investigators would
be unable to properly intervene in the case of any evidence of
risk for self-harm. Finally, the SDS is a 3-item self-report
measure of general impairment, which has been shown to be a
sensitive tool for measuring mental health–related functional
impairment [44].

Both the GAD-7 and PHQ-8 instruments ask subjects to evaluate
their symptoms over the past 2 weeks, whereas the LSAS and
SDS ask subjects to evaluate their symptoms over the past week.

Therefore, 2 weeks was the shortest duration possible to
encompass the largest time window of assessment of the
self-report measures, which is the rationale behind a 2-week
study duration.

Smartphone Data Collection
An Android app was designed and created to collect all study
data. This includes both the self-reported measures, described
earlier, and the passively collected audio data—the volume of
environmental audio and the presence or absence of speaking
voices in the environment.

The study app records audio every 5 min, for a duration of 15
seconds, by turning on the microphone and recording the
environment. This recording process occurs without any
interaction from the user and with no notification to the user.
Audio recordings are then securely transmitted from subjects’
smartphones over the internet to a computer server where 2
further processing steps are performed. First, the average volume
of each 15-second audio recording was calculated using the
FFmpeg audio processing software framework [47]. Second,
the presence of voices in the audio recording was detected using
the Google Cloud Speech-to-Text software product [48]. This
software generates text transcripts from audio recordings of
speech; it was used to detect the presence of speech in audio
recordings by simply noting whether each audio recording
generated a transcript. Audio files containing silence, noise, or
unintelligible speech do not successfully generate a text
transcript, whereas recordings that contain intelligible speech
produce a transcript.

The audio sampling period was chosen to be 5 min as a good
trade-off between large amounts of data (with a shorter period)
and the preservation of battery life of subjects’ smartphones
(with a longer period). Internal testing before the study showed
a 5-min sampling period to be satisfactory for preserving battery
life. Although a shorter period could yield more data, versions
of the Android operating system since version 6 prevent this.
Specifically, devices are prevented from performing background
processing (such as this type of microphone sampling) while
the device is sleeping more than once in a 9-min period [49].
Thus, for many devices, we are already at the limit of how
frequently we can sample data in the background.

Data Preprocessing
Preprocessing of the volume time series was performed before
feature extraction to account for missing data and to perform
normalization. Periodic audio recordings were not reliably
produced at a precise period of 5 min by the study app, so the
volume time series were resampled to a period of 5 min, and
missing samples were imputed using linear interpolation. After
resampling and interpolation, volume samples were clipped at
the ceiling and floor of 3 SDs from the mean of the volume time
series to remove outliers (using subject mean and subject SD,
not group). Finally, the volume time series were scaled linearly
to ensure that all volume measurements were within the range
of 0 to 1. No preprocessing of the voice presence time series
was performed.
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Feature Extraction
This subsection describes the methods used to compute the 4
correlates of anxiety and depression symptomatology derived
from subjects’environmental audio recordings. These correlates,
or features, were extracted from the volume and speech presence
time series data to test for the association with symptoms of
anxiety and depression as measured by the LSAS, GAD-7,
PHQ-8, and SDS. In the sections below, we describe 3 features
from the volume time series, called daily similarity, sleep
disturbance-all nights, and sleep disturbance-weeknights. A
fourth feature was extracted from the speech presence time
series called the speech presence ratio.

Daily Similarity
The daily similarity feature was designed to infer the consistency
of the subjects’ sequence of daily activities. Visualizations of
the volume time series clearly show distinct periods of activity
(characterized by large spikes in volume) and inactivity
(characterized by quieter volume with less variance). These
periods coincide roughly with daytime and nighttime,

respectively. Furthermore, these patterns are periodic and repeat
daily. Figure 1 shows a visualization of 7 days of a subject’s
environmental audio volume data.

A link between regularity in daily activities, including sleep,
and anxiety and depression is commonly described in the
literature [50,51], and therefore, it follows that this feature may
be associated with symptoms of anxiety and depression. To
quantify the regularity of this pattern of daily activity, the
autocorrelation function was computed for each subject’s
volume time series. This is a signal processing technique that
computes the correlation between a signal and a time-delayed
copy of itself [52]. The autocorrelation function of a signal is
a time-dependent Pearson correlation coefficient of the signal
and its copy for varying degrees of time lag between the two.
As we are interested in quantifying the similarity between a
subject’s days, the value of the autocorrelation function at a
time lag of 24 hours is most relevant. The daily similarity feature
is, therefore, defined as the value of the autocorrelation function
of the volume time series evaluated at a lag time of 24 hours.

Figure 1. Visualization of a subject's environmental audio volume data (7 of 14 days).

Sleep Disturbance
Majority of the periods of apparent inactivity that are visible in
the volume time series appear to coincide with sleep. It was
hypothesized that a proxy measure of sleep quality can be
inferred by measuring how chaotic the volume of subjects’
environments are during sleep times, replicating the link between
sleep and mental health reported in the literature. For example,
the prevalence of mood disorders has been shown to be much
higher in populations with chronic sleep problems [53], and
insomnia may be a state marker of anxiety disorders [54]. It
follows, therefore, that a feature that infers the quality of
subjects’ sleep may be associated with symptoms of anxiety
and depression.

To quantify sleep quality, the volume time series was examined
with periods of quiet noted to be characterized by low variance
in volume. Although the absolute value of the volume is also
low at quiet times, the threshold for what can be considered
quiet is greatly dependent on the specific microphone and phone

placement; therefore, variance was considered a more
appropriate measure of the noisiness of the environment. The
sleep disturbance feature is defined as the SD of the volume
time series between the hours of 12:00 AM and 06:00 AM, local
time. This is a proxy measure of sleep quality. More specifically,
it is a measure of the noisiness of a subject’s environment during
common hours of sleep. In addition, as people’s patterns of
sleep can vary between weeknights and weekends, we compute
2 versions of this feature: (1) using volume data between the
hours of 12:00 AM and 06:00 AM on all nights of the week,
and (2) using only volume data from weeknights (Monday
through Friday). These choices are made without specific
knowledge of the subjects’ workday or workweek schedule.

Speech Presence Ratio
Previous studies of mental health using mobile sensing have
computed proxy measures of social interaction as a feature
predictive of depression severity [10,37]. To replicate these
results and to ascertain if this also holds for measures of social
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anxiety, generalized anxiety, and general impairment, a proxy
measure of social interaction was computed. The speech
presence ratio feature is computed from the speech presence
time series data and is defined as the proportion of audio
recordings containing the presence of speech to the total number
of audio recordings.

Privacy
A number of privacy considerations drove the design of the
study procedure, app, and data collection. Prolific, the platform
from which subjects were recruited, anonymizes subjects.
Subjects were provided with app log-in credentials, which were
provided on demand to each subject as they enrolled in the study
to avoid subjects using their name, email address, or some other
potentially identifying information as their log-in name. Audio
recordings were encrypted both at rest (on subjects’ phones)
and in transit to the server. Once processed on the server side,
audio files were deleted. The speech transcripts generated to
detect the presence of speech were processed in the following
way: each transcript was broken into pairs of words (ie, bigrams)
and then stored in random order for use in later studies. The
stripping of ordering and time information from bigrams was
done to prevent later re-creation of transcripts.

Results

Overview and Data Inclusion
From July 2019 to December 2019, 205 eligible Prolific
members entered the study. Withdrawals were common, with
86 subjects choosing to withdraw at some point in the study
(commentary on the high withdrawal rate is provided in the
Limitations subsection of the Discussion section). Of the 119
subjects who did not withdraw, 112 completed both sets of
self-report questionnaires. Finally, 84 of the 112 completed
subjects yielded sufficient audio data for analysis based on the
criterion that at least 50% of the expected number of audio
recordings were made by the study app. Figure 2 provides an
illustration of the study recruitment results. Although self-report
measures were collected at both the beginning and end of the
2-week study, all results that followed used the values collected
at the end of the study. The postobservation values of the
self-report measures were used in the analysis because if such
a smartphone-based assessment system were to exist, it would
be more useful to predict trajectories or upcoming symptom
severity, not severity 2 weeks before the start of data recording
(as would be the case if correlations/associations with the
prestudy scales were measured).

Figure 2. Flow chart of study recruitment.

Study Group Characteristics
The study sample had an average age of 30 years (SD 8.6) and
42% (35/84) of subjects were female. The mean and SD of the
4 self-reported measures are presented in Table 1. To understand
whether the self-reported measures may be related to the age
and sex of subjects, 2 statistics were computed. The Pearson
correlation coefficient was computed to measure the correlation
between self-reported measures and subject age, and an
independent samples t test was performed to test whether the
mean scale score differed between the male and female sexes.
The LSAS, GAD-7, and SDS were negatively correlated with

subject age, but there was no significant difference in the mean
scale scores of the 2 sexes (at a 5% significance level). Table
1 also lists the results of these tests.

To further characterize the mental health of our study subjects,
self-report measures were used to screen for social anxiety
disorder, generalized anxiety disorder, and major depressive
disorder. A cutoff of 60 was used with the LSAS scores to screen
for social anxiety disorder (generalized subtype), as
recommended by Mennin et al [55]. A cutoff of 10 was used
with the GAD-7 scores to screen for generalized anxiety
disorder. This cutoff was shown to optimize sensitivity (89%)
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and specificity (82%) [42]. A cutoff of 10 was used with the
PHQ-8 scores to screen for depression, as recommended by
Kroenke et al [43]. Table 2 summarizes the results of these
screenings on our study sample. The rates of social anxiety

(32%), generalized anxiety (26%), and depression (37%) in our
study sample were all compared with the rates in the general
Canadian population. This will be elaborated in the Discussion
section.

Table 1. Descriptive statistics for self-report measures of anxiety and depression (n=84).

Difference between mean scores of the sexesCorrelation with ageScore, mean (SD)Measures

P valuet test (df)P valuer

.10−1.68 (82).01−0.2753.7 (25.8)Liebowitz Social Anxiety Scale

.17−1.37 (82).01−0.296.6 (4.6)Generalized Anxiety Disorder seven-item scale

.24−1.18 (82).09−0.198.5 (5.6)Patient Health Questionnaire eight-item scale

.27−1.12 (82).02−0.2610.8 (7.7)Sheehan Disability Scale

Table 2. Results of screening the study sample for depression and anxiety disorders (n=84).

Positive screenings, n (%)Screening criteriaDisorders

32 (38)Liebowitz Social Anxiety Scale score ≥60Social anxiety disorder

22 (26)Generalized Anxiety Disorder seven-item scale score ≥10Generalized anxiety disorder

31 (37)Patient Health Questionnaire eight-item scale score ≥10Major depressive disorder

Objective Audio Features
The objective audio features described in subsection Feature
Extraction of the Methods section were computed using the
environmental audio time series data of the 84 study subjects.
Descriptive statistics for the 4 features are presented in Table
3. These descriptive statistics include the mean and SD of the

features observed in the study sample, and additionally the
minimum value observed, the maximum value observed, and
the values of the first three quartiles. The values of the speech
presence ratio appear to align reasonably with intuition, with
subjects spending anywhere from 1% to 30% of their time in
the presence of speech.

Table 3. Descriptive statistics for objective audio features (n=84).

MaximumQ3Q2Q1MinimumMean (SD)Features

0.900.850.830.770.450.80 (0.07)Daily similarity

0.320.170.130.100.030.14 (0.06)Sleep disturbance—all nights

0.340.180.120.090.030.14 (0.06)Sleep disturbance—weeknights

0.300.200.160.110.010.15 (0.06)Speech presence ratio

Correlations Between Audio Features and Self-Report
Measures
To test the association between the audio features and the
self-reported measures of anxiety, depression, and functional
impairment, the Pearson correlation coefficient was computed
between each feature and scale. The daily similarity feature is
negatively correlated with all 4 self-report measures, which
supports the hypothesis that regularity in daily activity and
circadian rhythm is associated with more positive mental health
(ie, lower scale scores). This feature was most strongly
correlated with depressive symptoms. The sleep disturbance

feature, whether computed using all nighttime audio or only
weeknight audio, was positively correlated with all 4 self-report
measures, which is in line with the hypothesis that better sleep
quality (ie, less sleep disturbance) is associated with positive
mental health. The strength of the correlation is improved when
only the weeknight audio is considered. Finally, the speech
presence ratio feature was negatively correlated with all 4
self-report measures, where the correlation with depressive
symptoms was the strongest for all observed correlations
(r=−0.37; P<.001). Table 4 summarizes the results of the
correlation analysis. No correction for multiple tests was
performed, as we view this work as exploratory.
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Table 4. Pearson correlation between objective audio features and self-reported measures of anxiety and depression (n=84).

Sheehan Disability
Scale

Patient Health Questionnaire eight-
item scale

Generalized Anxiety Disorder
seven-item scale

Liebowitz Social Anxiety
Scale

Features

P valuerP valuerP valuerP valuer

.10−0.18<.001−0.37.09−0.19.07−0.20Daily similarity

.170.15.130.17.520.07.990.00Sleep disturbance—all
nights

.110.18.030.23.260.12.650.05Sleep distur-
bance—weeknights

.01−0.29<.001−0.37.14−0.16.08−0.19Speech presence ratio

Discussion

Population
The self-report measures completed by the subjects revealed
that this study’s sample, despite being recruited from a healthy
population, had a high prevalence of depression and anxiety.
Data reported by the Government of Canada in 2006 estimate
a 12-month prevalence of major depressive disorder at 4.8%
[1], compared with a positive screening rate of 37% in our
sample. The same 2006 report lists a 12-year prevalence of the
combined class of anxiety disorders at 4.8%, a figure that is
significantly lower than the positive screening rates for
generalized anxiety disorder (26%) and social anxiety disorder
(38%) observed in our sample. Given that the cutpoints used
for screening were all shown to have high specificity, it seems
unlikely that these high rates are solely a result of false-positive
screenings. Instead, 2 possible explanations are proposed, which
may be jointly responsible. First, the Canadian population of
subjects on the Prolific recruitment platform may have elevated
rates of mood and anxiety disorders with respect to the general
Canadian population. It may be that people who choose to find
work on the platform go there because of these conditions,
which might prevent them from doing outside-the-home work.
Second, that subject sampling was impacted by self-selection
bias. In other words, Prolific participants who struggle with
mental health to some degree may be more likely to have chosen
to enroll and remain in a study that focuses on mental health.

Negative correlations were measured between age and
self-reported measures of social anxiety (r=−0.27; P=.01),
generalized anxiety (r=−0.29; P=.01), depression (r=−0.19;
P=.09), and general impairment owing to poor mental health
(r=−0.26; P=.02) in our sample of subjects. This indicates that
younger subjects generally displayed worse mental health than
older subjects. It is not clear if this observation is part of a more
general trend in the greater population or if it is specific to the
Prolific population. A review of studies examining the
occurrence of anxiety, depression, and distress found some
evidence that aging is associated with less susceptibility to
anxiety and depression, but it is unclear if that was because of
aging or cohort effects [56]. A study of mood disorders and
suicide using data on American adolescents and adults from
2005 to 2017 observed an increase in mood disorders and
suicidal ideation since the mid-2000s, and it is suggested that
cultural trends in the use of digital media among younger
individuals may be responsible for creating a cohort effect [57].

Correlations
The key finding of this work is the development and evaluation
of a set of features, computed from subjects’ environmental
audio, as potential correlates of symptoms of anxiety,
depression, and functional impairment. Correlation analysis of
these features and self-reported measures, summarized in Table
4, shows that all 4 features are associated more strongly with
symptoms of depression (measured by the PHQ-8) than with
any other symptoms. The daily similarity and speech presence
ratio were both significantly correlated with PHQ-8 scores at a
5% significance level. Speech presence ratio, but not daily
similarity, was likewise significantly correlated with SDS scores
at a 5% significance level. None of the 4 features were found
to be significantly correlated with either LSAS or GAD-7 scores
at a 5% significance level.

We note that while associations with the LSAS and GAD-7 are
weak or nonexistent, the associations with the SDS are nearly
as strong as those with the PHQ-8. This may suggest that the
impairment that is being measured by the SDS may, in large
part, be due to symptoms of depression. Indeed, we measured
a stronger correlation between the SDS and the PHQ-8 scores
of subjects (r=0.76; P<.001) than between the SDS and the
LSAS (r=0.48; P<.001) or the GAD-7 (r=0.62; P<.001).

The fact that some features are associated with depressive
symptomatology but none are associated with the
symptomatology of generalized anxiety or social anxiety
disorder is interesting, and we offer some speculation as to why
this may be the case. First, we must observe that our features
are very coarse—they measure sleep, activity, and speech, but
with no specific context (they are measured on a gross scale).
Depression is broadly debilitating on energy and activity, and
if this impact is independent of a specific context, our features
are appropriately designed to detect this impact. This is in
contrast to anxiety disorders, which often have specific triggers
that are context dependent. Individuals with anxiety can avoid
contexts that trigger their anxiety and, therefore, present as if
they do not suffer from the effects of anxiety as long as they
continue to exhibit avoidance behaviors. Although it is unlikely
that anxious individuals are able to avoid all triggers, especially
those with generalized subtypes, avoidance behavior may be
partially responsible for weakening the associations between
inferred behavior and mental state. To passively measure the
severity of anxiety disorders, it seems that any feature must
capture avoidance behavior as a proxy for anxiety itself and
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also have some measure of state anxiety to detect when a subject
is in a specific context that acts as an anxiety trigger.

Comparison With Other Studies
To our knowledge, no other studies have inferred daily patterns
of activity and inactivity solely from volume samples of ambient
audio, which is captured by the daily similarity feature, so direct
comparisons of the daily similarity feature with other known
works are not possible. However, a feature called circadian
movement, first proposed by Saeb et al [20], captures the degree
to which the pattern of a subject’s visits to different geolocations
follows a 24-hour or circadian rhythm. The study by Saeb et al
[20] measured a significant negative correlation between
circadian movement and PHQ-9 scores (r=−0.63; P=.01; n=18).
Our ambient volume-based measure of daily regularity in
activity, called daily similarity, was also negatively correlated
with PHQ-8 scores (r=−0.37; P<.001; n=84). This further
supports the hypothesis that regularity in daily activities is
associated with lower severity of depressive symptoms. It is
interesting to consider that the same underlying signal may be
present in both GPS data and ambient audio data. A study by
Ware et al [58] also used the circadian movement feature in the
prediction of depression. Although this feature was one of many
used in a classifier that achieved an F1 score as high as 0.86, it
is unclear to what degree this feature alone was associated with
the severity of depressive symptoms.

The association between sleep and mental health has been
investigated in a number of studies. Self-reported measures of
sleep quality have been shown to be associated with state anxiety
[59], anxiety disorders [60], and depression [61,62]. Sleep
duration has been measured objectively in mobile sensing
studies and shown to have a significant association with the
severity of depressive symptoms [10,23,37]. although sleep
duration and sleep disturbance features are different measures
and as such cannot be directly compared, these studies support
our results in demonstrating a general association between sleep
and depression.

Finally, although the speech presence ratio feature does not
appear in identical form in the literature, there are other studies
that have used similar proxy measures of social interaction as
correlates of depression severity. The pioneering study by Wang
et al [37] inferred the number of conversations that subjects
encountered throughout their days by performing an analysis
of ambient audio and also found a significant negative
correlation with PHQ-9 scores (r=−0.39; P=.02; n=48). This
specific feature by Wang et al is more contextually aware than
our speech presence ratio because not all audio that they found
to contain speech was considered conversational in their system.
Specifically, they ignored speech if it was detected during
lecture or group meeting hours of their student subject
population. Despite the fact that our proxy measure of social
interaction is context unaware, we also show a negative
correlation between the speech presence ratio and PHQ-8 scores
(r=−0.37; P<.001; n=84). Time spent proximal to human speech
was also found to be significantly associated with changes in
PHQ-9 scores (P=.048) in a study by Ben-Zeev et al [10].

Limitations
A fundamental limitation of the study design is that as a
cross-sectional study, it is not possible to make any claim
regarding causation between the observed features and severity
of anxiety, depression, or functional impairment. It cannot be
determined, for example, if avoiding social contact (as inferred
by the speech presence ratio feature) causes increased depression
severity or if an increase in depression severity owing to some
other factor causes individuals to retreat socially and engage in
less speaking.

A high proportion of subject withdrawals can also be considered
as a limitation of this study (86/205 subjects, 42%, chose to
withdraw). The majority of withdrawals, 87% (75/86), occurred
before a successful log-in to the study app (see Figure 2 for an
illustration of the withdrawals throughout the study timeline).
Having observed how most withdrawals occurred early in the
study, we provide 2 possible hypotheses for the high number
of withdrawals. The first is the relative difficulty in setting up
the study app on a personal smartphone, which is more complex
than the typical task asked of subjects recruited on the Prolific
platform. Our setup procedure included turning off the
smartphone’s battery optimizations for the study app, which
requires some facility with Android settings. The second is the
possibility that subjects are unwilling to provide the app with
the permissions necessary for data collection. The study app
asks users to grant permissions before log-in, which might
explain why 87% (75/86) of the withdrawals occurred without
logging in. Our previous study explored clinical patients’
willingness to consent to the collection of different forms of
data collection for mental health purposes [54]. The number of
withdrawals is in line with the data from the previous study.

A further limitation surrounding subject withdrawals is the
possibility of sample bias. The 86 individuals who withdrew
from the study may differ from those who remained in the study.
We are unable to test this because Prolific removes researchers’
access to the demographic data (age and sex) of participants
who withdraw from studies. Nondemographic data (ie, digital
data and self-report measures) may also differ between the
groups, yet this is difficult to test because 92% (79/86) of
withdrawals withdrew early enough in the study so as not to
provide any digital data or self-report measures. Of the 112
individuals who remained in the study and completed all tasks,
it is possible to test for differences between the group included
in the analysis (ie, the group with sufficient audio data) and the
group excluded from the analysis. These 2 groups did not differ
significantly in age or on any of the 4 self-report measures,
either at intake or exit, as tested by t tests at a 5% significance
level (two-sided). These 2 groups also did not differ by sex
(counts of men and women), as tested by a chi-square test (1
degree of freedom) for independence at a 5% significance level.

Some limitations also exist regarding the validity of the features.
The speech presence ratio feature does not distinguish between
recorded speech (eg, from a TV or radio) and human speech, it
simply detects intelligible speech. This method does not
distinguish between speakers, so in many cases, the subject
themselves may not be the person speaking. The method also
only detects English speech, so it will potentially miss speech
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if, for example, a subject does not speak English at home.
Finally, our technique for detecting speech using automatic
speech recognition is more biased toward false negatives than
false positives. If speech is detected by the system, it is highly
likely that the speech is present, yet it is much more likely to
miss speech in noisy environments or environments with
multiple speakers speaking concurrently.

The sleep disturbance feature is affected by the subjects’ specific
mobile phone hardware, where different microphones with
different automatic gain control functionality (which
dynamically adjusts the volume and is not controllable by
programmers) could produce different measurements in the
same environment. To produce perfectly consistent features,
one would be required to use a device such as a calibrated sound
level meter, which measures volume as an absolute measure
with no gain control.

Finally, it must be noted that the feasibility of completely
passive mobile sensing with a high frequency of data sampling
is becoming increasingly difficult on Android devices. Battery
optimization features limit the rate at which apps can turn on

in the background and sample their environment [63] because
any app activity that wakes up a device not actively being used
will drain device battery. Although Google does offer
mechanisms for limiting battery optimizations to improve the
frequency at which passive sensing can occur, many Android
device vendors add third-party battery optimization software
that can be difficult to disable systematically. This
vendor-specific constraint on apps is a significant issue because
of the fragmented nature of the Android ecosystem.

Conclusions
This work contributes toward the development of automated
and objective severity measurements of anxiety, depression,
and functional impairment associated with poor mental health.
Focusing solely on environmental audio, which was passively
sensed from subjects’ smartphones, this work presents 2 new
correlates of depressive symptoms and general impairment,
which we refer to as the daily similarity and sleep disturbance
features. Furthermore, this work supports previous findings by
reproducing a measured association between time spent proximal
to speech and severity of depression.
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Abstract

Background: To assess whether commercial-grade activity monitors are appropriate for measuring step counts in older adults,
it is essential to evaluate their measurement properties in this population.

Objective: This study aimed to evaluate test-retest reliability and criterion validity of step counting in older adults with
self-reported intact and limited mobility from 6 commercial-grade activity monitors: Fitbit Charge, Fitbit One, Garmin vívofit
2, Jawbone UP2, Misfit Shine, and New-Lifestyles NL-1000.

Methods: For test-retest reliability, participants completed two 100-step overground walks at a usual pace while wearing all
monitors. We tested the effects of the activity monitor and mobility status on the absolute difference in step count error (%) and
computed the standard error of measurement (SEM) between repeat trials. To assess criterion validity, participants completed
two 400-meter overground walks at a usual pace while wearing all monitors. The first walk was continuous; the second walk
incorporated interruptions to mimic the conditions of daily walking. Criterion step counts were from the researcher tally count.
We estimated the effects of the activity monitor, mobility status, and walk interruptions on step count error (%). We also generated
Bland-Altman plots and conducted equivalence tests.

Results: A total of 36 individuals participated (n=20 intact mobility and n=16 limited mobility; 19/36, 53% female) with a mean

age of 71.4 (SD 4.7) years and BMI of 29.4 (SD 5.9) kg/m2. Considering test-retest reliability, there was an effect of the activity
monitor (P<.001). The Fitbit One (1.0%, 95% CI 0.6% to 1.3%), the New-Lifestyles NL-1000 (2.6%, 95% CI 1.3% to 3.9%),
and the Garmin vívofit 2 (6.0%, 95 CI 3.2% to 8.8%) had the smallest mean absolute differences in step count errors. The SEM
values ranged from 1.0% (Fitbit One) to 23.5% (Jawbone UP2). Regarding criterion validity, all monitors undercounted the steps.
Step count error was affected by the activity monitor (P<.001) and walk interruptions (P=.02). Three monitors had small mean
step count errors: Misfit Shine (−1.3%, 95% CI −19.5% to 16.8%), Fitbit One (−2.1%, 95% CI −6.1% to 2.0%), and New-Lifestyles
NL-1000 (−4.3%, 95 CI −18.9% to 10.3%). Mean step count error was larger during interrupted walking than continuous walking
(−5.5% vs −3.6%; P=.02). Bland-Altman plots illustrated nonsystematic bias and small limits of agreement for Fitbit One and
Jawbone UP2. Mean step count error lay within an equivalence bound of ±5% for Fitbit One (P<.001) and Misfit Shine (P=.001).

Conclusions: Test-retest reliability and criterion validity of step counting varied across 6 consumer-grade activity monitors
worn by older adults with self-reported intact and limited mobility. Walk interruptions increased the step count error for all
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monitors, whereas mobility status did not affect the step count error. The hip-worn Fitbit One was the only monitor with high
test-retest reliability and criterion validity.

(JMIR Form Res 2020;4(8):e16537)   doi:10.2196/16537

KEYWORDS

aged; gait; mobility limitation; exercise; movement; wearable electronic devices; mobile phone; reproducibility of results; bias;
dimensional measurement accuracy

Introduction

Background and Rationale
In Canada, almost 90% of older adults (aged ≥65 years) do not
meet the national physical activity recommendation of ≥150
min per week of moderate-to-vigorous aerobic physical activity
[1]. Worldwide, physical inactivity is linked to an increased
risk of type 2 diabetes, cardiovascular disease, colon cancer,
osteoporosis, and postmenopausal breast cancer [2-7]. In
addition, physically inactive older adults are at risk for falls,
dependence in activities of daily living, and mobility limitation
[8]. Mobility limitation affects approximately 30% of older
adults in Canada and the United States and is linked to adverse
health outcomes, including mobility disability and nursing home
admission [9-11]. Older adults with a mobility limitation could
especially benefit from physical activity interventions and
corresponding physical activity monitoring [9-11].

Monitoring physical activity in older adult populations in both
research and clinical settings is useful for several reasons: to
detect longitudinal changes in physical activity levels [12], to
determine the effects of interventions [13-19], to assess
adherence to physical activity programs [14,18], to quantify
daily physical activity patterns [20,21], and to motivate older
adults to meet physical activity goals [22]. Consumer-grade
activity monitors are a relatively affordable type of wearable
technology that count steps in addition to quantifying other
metrics of physical activity behavior. Older adults accept activity
monitors, find them helpful for motivation, and often prefer
them over simple pedometers [23].

To use a commercial-grade activity monitor to count the steps
of older adults in research and clinical settings, the measured
step counts must be reliable and valid [24]. If step counts exhibit
poor test-retest reliability (eg, measurement errors vary from
day to day), this limits the ability to detect changes in an
individual’s physical activity over time [25]. If step counts
exhibit poor criterion validity (eg, systematic under or over
counting of steps), this may lead to incorrect conclusions about
the effectiveness of physical activity interventions or the effects
of physical activity on health outcomes [24].

Prior Work
Substantial evidence indicates that step counts from
consumer-grade activity monitors exhibit high interdevice
reliability and criterion validity in healthy adults [26]. However,
age-related changes in gait may affect the precision and accuracy
of step counting [27]. To this end, emerging evidence from
studies of older adults shows that the criterion validity of step
counts from consumer-grade activity monitors is high during
short-distance walks conducted in controlled laboratory settings

at walking speeds >0.8 m per second [28]. However,
consumer-grade activity monitors tend to overcount the steps
of older adults during longer distance walking in free-living
conditions [28-31] and undercount the steps when older adults
walk with an assistive device, such as a walker [8,28,32,33].

Important gaps in evidence remain to be addressed. First, the
test-retest reliability of step counts from consumer-grade activity
monitors has not been evaluated in older adults [28]. Second,
the influence of self-reported mobility limitation on the
reliability and validity of activity monitor step counts in older
adults has not been investigated. Finally, although aspects of
the walking environment, including interruptions to continuous
walking, have been suggested to influence the reliability and
validity of step counting in adults [34-37], the effects of
interruptions on walking have not been studied in older adults.

Study Aims
This study was motivated by our need to select a
consumer-grade activity monitor for a randomized trial of a
physical activity intervention for older adults, and the necessary
data on the reliability and validity of step counts were not
available. Thus, the purpose of this study was to evaluate the
reliability and validity of step counts from consumer-grade
activity monitors when worn by community-dwelling older
adults during overground walking. The first aim was to
determine how the test-retest reliability of step counting varied
across 6 consumer-grade activity monitors and was affected by
the presence of self-reported mobility limitations. The second
aim was to determine how the criterion validity of step counting
varied across 6 consumer-grade activity monitors and was
affected by the presence of self-reported mobility limitations
and walk interruptions.

Methods

Recruitment
Older adults were recruited through a variety of methods: study
flyers posted around the community (eg, libraries, community
and seniors’ centers, and coffee shops); presentations by
researchers and fitness instructors to groups of older adults (eg,
at exercise classes); advertisements in local newspapers and
recreation program guides; and email messages to previous
research participants, fitness class attendees, and university
alumni.

Individuals were eligible for inclusion, determined through
telephone screening, if they were aged 65 years or older,
community dwelling, and able to speak, read, and write English.
We purposely recruited individuals with and without
self-reported limited mobility. Individuals were classified as
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having limited mobility if they self-reported difficulty walking
one-quarter mile (2 to 3 blocks) outside on level ground or going
up a flight of stairs (about 10 steps) without resting [10,38,39];
otherwise, they were classified as having intact mobility.
Individuals were excluded if they reported an inability to walk
400 meters independently or scored below 26 (indicative of
cognitive impairment) on the Montreal Cognitive Assessment
[40,41]. If the Physical Activity Readiness Questionnaire for
Everyone [42] indicated any medical contraindication to physical
activity, the individual had to receive physician approval to
participate in the study.

The study was approved by Simon Fraser University’s Research
Ethics Board and the University of British Columbia’s Clinical
Research Ethics Board. All participants provided verbal consent
to telephone screening and written informed consent to
participate in the study.

Descriptive Measures
Participant demographics including age, sex, racial background,
level of education, and smoking history were obtained through
a self-report questionnaire. Participants also self-rated their
health compared with others of a similar age on a 5-point scale
(excellent, good, fair, poor, or very poor). Height was measured
with a portable stadiometer (seca GmbH & Co. model 217
1821009), and weight was measured with a digital scale (seca

GmbH & Co. model 874 1321009). The BMI (kg/m2) was then
calculated. Lower extremity physical function was assessed

using the Short Physical Performance Battery (SPPB) [10,11],
which involved tests of standing balance, 6-meter gait speed,
and chair stands to assess leg strength. The SPPB was scored
out of 12, with a higher score indicating better function.
Additional descriptive information was collected through
self-report questionnaires, including physical activity,
comorbidities (Functional Comorbidity Index) [43], and
computer and cellphone use.

Outcome Measures

Activity Monitors
Six activity monitors were evaluated (Table 1). Three monitors
were worn on the hip: Fitbit One, Misfit Shine, and
New-Lifestyles NL-1000 Pedometer. The other 3 monitors, the
Fitbit Charge, Garmin vívofit 2, and the Jawbone UP2, were
worn on the wrist. The settings for each monitor were
customized to the participant’s height, weight, and age and were
simultaneously placed on the nondominant side of their body
according to the manufacturer’s instructions. Wrist-worn
monitors were randomized to their location on the arm (closest
to the wrist, middle, or farthest from the wrist). Two of the
hip-worn monitors were randomly assigned to 1 of 2 sites, either
closer to the belly button or to the hip. The position of the
New-Lifestyles NL-1000 hip-worn monitor was not randomized
and was always placed halfway between the belly button and
the hip, according to the manufacturer’s recommendation. The
randomization procedure was performed before testing.

Table 1. Description of activity monitors.

Step counting instrumentsDigital dis-
play

Body place-
ment

ManufacturersMonitors

Three-axis accelerometerYesWristFitbit, San Francisco, California, United StatesFitbit Charge

Three-axis accelerometerYesHipFitbit, San Francisco, California, United StatesFitbit One

Three-axis accelerometerYesWristGarmin, Olathe, Kansas, United StatesGarmin vívofit 2

Three-axis accelerometerNoWristJAWBONE, San Francisco, California, United StatesJawbone UP2

Three-axis accelerometer
and magnetometer

NoHipMisfit, Burlingame, California, United StatesMisfit Shine

Piezoelectric pedometerYesHipNew-Lifestyles, Lee’s Summit, Missouri, United StatesNew-Lifestyles NL-1000

Walking Trials
Participants completed 4 walking trials in a long hallway (Figure
1). Testing was conducted on weekends to avoid weekday foot
traffic, and signs were displayed to minimize disruptions. For
each walk, one researcher instructed the participant to start and
stop walking, whereas another researcher timed the walk with
a stopwatch and recorded the time to complete the walk. During
the walks, the 2 researchers walked slightly behind the
participants and counted their steps using tally counters. Tally
counts were used as the criterion measure, which is common
in activity monitor assessment [24,37,44]. When discrepancies
occurred between steps counted by the 2 researchers, the median
value was used and rounded up to the nearest whole number
unless one researcher believed they miscounted the steps, in
which case the other researcher’s number was used. In total, 6
activity monitor step counts were recorded immediately before
and after each walk.

For all trials, participants were instructed to walk at their
preferred walking speed, defined as a comfortable speed that
they could maintain for the duration of the walk. To prevent
fatigue, participants were provided with adequate rest time
between the walks (5 to 15 min). The 4 walking trials were
typically completed within 1 hour, within which approximately
15 min of walking was completed (approximately 1 min for
each 100-step walk and approximately 5 to 7 min for each
400-meter walk).

The first 2 reliability walks (RW1 and RW2) required the
participant to walk 100 steps (Figure 1). A researcher notified
the participants when they had 5 steps left to walk and provided
a verbal countdown to the end of the walk. If a participant did
not walk exactly 100 steps on their first walk, the participant
was instructed to walk the same number of steps for their second
walk.
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For the 400-meter continuous walk (CW), a 100-meter course
was defined using pylons (Figure 1). Participants completed 4
laps of the course without stopping, beginning, and ending at
the same point on the course.

Research suggests that the walking environment and
interruptions can affect the validity and reliability of step counts
from activity monitors [34-36], so a 400-meter interrupted walk
(IW) was included to mimic the conditions of daily walking

more closely than the CW (Figure 1). Participants walked the
same 400 meters as in the CW, but 7 interruptions were
incorporated into each lap using additional pylons and signs.
These interruptions included an S-curve, 2 consecutive 5-second
stops, object avoidance (stepping over a tree branch), a sharp
turn to change the direction, one 5-second stop, 2 successive
90-degree angle turns, and an additional sharp turn. In
completing 4 laps, participants encountered each interruption
4 times for 36 interruptions in total.

Figure 1. Walking trials completed in a level hallway. For criterion validity testing, participants walked 4 laps of the continuous and interrupted courses
to reach 400 meters.

Measurements
Walking trial step counts for each activity monitor were
calculated by subtracting the step count recorded at the
beginning of the walk from the step count recorded at the end
of the walk (eg, end of CW step count − beginning of CW step
count = CW step count). To account for participants walking a
different number of steps per trial, all step counts were converted
to step count percent errors, which were calculated as follows:

Step count percent errors closer to zero are more desirable.
Positive step count percent errors indicated that the activity
monitor was overcounting steps relative to the tally count
(criterion), whereas negative step count percent errors indicated
undercounting relative to the tally count.

Statistical Analysis

Sample Size
We calculated that a total sample size of 34 participants (17
within each group of intact mobility and limited mobility) would
provide 80% statistical power to detect an effect size of 5% step
count error within each group with significance level alpha of

.05, assuming that the SD in step count error was similar to
what was observed in our pilot data (SD 3.3, n=5 young adults).
We aimed to recruit 20 participants within each group to account
for potential missing data.

Descriptive Analysis
Descriptive data for participant characteristics are presented as
means and SDs for normally distributed continuous variables
and medians and IQRs for skewed continuous variables.
Judgments of normality were based on the visual inspection of
frequency distributions. Categorical variables are reported as
frequencies and percentages. To assess differences in descriptive
characteristics between the groups with intact and limited
mobility, 3 types of statistical tests were used depending on
how the data were distributed: independent sample t tests for
normally distributed continuous variables, Wilcoxon rank-sum
test for skewed continuous variables, and chi-square tests for
categorical variables. These tests were performed using JMP
software (SAS Institute; version 13.1; 2016). Descriptive data
for step count errors are presented as means and 95% CI.
Statistical modeling was conducted using RStudio version
1.0.136. The family-wise significance level for statistical tests
was set at an alpha of .05.
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Test-Retest Reliability
As a measure of trial-to-trial consistency, the absolute difference
between step count percent errors from RW1 and RW2 was
calculated as follows:

A two-way analysis of variance (ANOVA) was used to assess
the effects of the activity monitor and mobility status on the
mean absolute difference in step count percent error between
RW1 and RW2. A post hoc analysis of pairwise differences was
conducted using the Tukey honest significant difference (HSD)
test, where appropriate, which held the experiment-wise error
rate constant at an alpha level of .05. To assess the normality
of the step count percent error distributions, we visually
inspected the quantiles of the distribution, histograms, and
density plots and ran a Shapiro-Wilk normality test. Owing to
suggestions of nonnormality, we also ran a nonparametric test,
Kruskal-Wallis, which produced the same results and led to the
same conclusions as the ANOVA. For ease of interpretation,
we reported only the results of the ANOVA.

In addition, the standard error of measurement (SEM) was
calculated as a descriptive measure of test-retest reliability.
SEM was calculated as the SD of the differences between the
step count percent errors of RW1 and RW2, divided by the
square root of the number of walks, in accordance with Hopkins
[25].

Criterion Validity
A three-way ANOVA was used to determine whether the activity
monitor, interruptions to walking, and mobility status had effects
on the mean step count percent error. A post hoc analysis of
pairwise comparisons was conducted using the Tukey HSD test,
where appropriate.

Bland-Altman plots [45,46] were produced to assess for
systematic bias and limits of agreement in step counts for each
activity monitor and for the CW and IW. The mean step count
from the 2 measures was plotted on the x-axis (eg, [activity
monitor step count]+[tally counter step count]/2), and the error
between the 2 measures was plotted on the y-axis (eg, [activity
monitor step count]−[tally counter step count]). Reference lines
indicate the mean step count error, trend, and 95% limits of
agreement (mean +1.96 SD and −1.96 SD).

In accordance with previous studies [33], equivalence testing
was conducted to evaluate whether mean step count percent
errors were equivalent to a zero step count percent error for
each activity monitor and for both 400-meter walks. We defined
the equivalence bound as −5.0% to +5.0% step count error,
which we deemed to be clinically relevant. Two one-sided t
tests were conducted to evaluate both sides of the equivalence
interval. If there was sufficient evidence to reject both the null
hypothesis of the upper threshold (mean error ≤5%) and the
null hypothesis of the lower threshold (mean ≥−5%), then the
mean step count error was interpreted as practically equivalent
to a zero step count error.

Results

Participants
A total of 36 individuals participated in the study, including 20
with self-reported intact mobility (7 females) and 16 with
self-reported limited mobility (12 females; Table 2). The mean
age of the participants was 71.4 years (SD 4.7), and the mean

BMI was 29.4 kg/m2 (SD 5.9). For most characteristics, there
were no significant differences between the groups with intact
and limited mobility. However, the group with limited mobility
had significantly slower gait speed than the group with intact
mobility for the 6-meter (P<.001) and continuous 400-meter
(P<.001) walks. In addition, the group with limited mobility
had a greater number of comorbidities (P=.02).
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Table 2. Participant characteristics.

P valueaGroupsCharacteristics

Limited mobility

(n=16)

Intact mobility

(n=20)

Overall

(n=36)

.0212 (75)7 (35)19 (53)Female, n (%)

.4071.6 (5.8)73.1 (3.7)71.4 (4.7)Age (years), mean (SD)

.1187.0 (15.1)78.1 (17.4)82.0 (16.8)Weight (kg), mean (SD)

.0731.5 (7.0)27.7 (4.4)29.4 (5.9)BMI (kg/m2), mean (SD)

.4612 (75)13 (65)25 (69)White, n (%)

>.997 (44)9 (45)16 (44)University education, n (%)

.03b28 (27-29)27 (26-27)27 (26-28)Montreal Cognitive Assessment (of 30), median (IQR)

.33c9 (56)8 (40)17 (47)Smoked previously, n (%)

.2011 (69)18 (90)29 (81)Good or excellent self-rated health, n (%)

.06b10.0 (9.8-11.0)11.0 (10.0-12.0)11.0 (10.0-11.0)Short Physical Performance Battery (of 12), median (IQR)

<.0011.1 (0.2)1.3 (0.2)1.2 (0.2)6-meter gait speed (m/s), mean (SD)

<.0011.2 (0.2)1.4 (0.1)1.3 (0.2)400-meter gait speed (m/s), mean (SD)

<.001648 (76)562 (29)600 (70)400-meter continuous walk step count, mean (SD)

<.001703 (77)617 (41)656 (73)400-meter interrupted walk step count, mean (SD)

.10343 (471)343 (272)343 (368)Self-reported moderate-to-vigorous physical activityd

(min/week), mean (SD)

.27167 (182)240 (208)208 (197)Self-reported walking (min/week), mean (SD)

.02b2.5 (1.0-4.0)0.0 (0.0-2.0)2.0 (0.0-3.0)Number of comorbidities, median (IQR)

.0411 (69)8 (40)19 (53)≥1 comorbidity, n (%)

.09c8 (50)4 (20)12 (33)≥2 comorbidities, n (%)

.049 (56)4 (20)13 (36)Arthritis, n (%)

.077 (44)3 (15)10 (28)Obesity, n (%)

.463 (19)7 (35)10 (28)Visual impairmentse, n (%)

.374 (25)2 (10)6 (17)Degenerative disc diseasef, n (%)

.303 (19)1 (5)4 (11)Depression, n (%)

.303 (19)1 (5)4 (11)Diabetes (type 1 or 2), n (%)

.083 (19)0 (0)3 (8)Osteoporosis, n (%)

>.9914 (88)17 (85)31 (86)Access to a computer with internet, n (%)

.5714 (88)18 (90)33 (92)Access to cellphone or smartphone, n (%)

aP values comparing intact mobility versus limited mobility, from a chi-square Fisher exact test for categorical variables and from an independent
sample t test for continuous variables.
bFrom a Wilcoxon rank-sum test.
cFrom a chi-square Pearson test.
dModerate-to-vigorous physical activity includes self-reported walking.
eFor example, cataracts, glaucoma, and macular degeneration.
fFor example, back disease, spinal stenosis, or severe chronic back pain.

Test-Retest Reliability
We found a significant main effect of the activity monitor on
the absolute difference between the step count percent errors
of RW1 and RW2 (P<.001), but we found no main effect of

mobility status (P=.31) and no interaction between the activity
monitor and mobility status (P=.29). We found the smallest
mean absolute differences in step count percent errors for the
Fitbit One (1.0%, 95% CI 0.6% to 1.3%), New-Lifestyles
NL-1000 (2.6%, 95% CI 1.3% to 3.9%), and Garmin vívofit 2
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(6.0%, 95% CI: 3.2% to 8.8%; Figure 2). Post hoc tests revealed
that the Fitbit Charge (P=.02), Jawbone UP2 (P<.001), and
Misfit Shine (P<.001) exhibited significantly higher mean
absolute differences than the Fitbit One. In addition, the Jawbone
UP2 (P<.001) and Misfit Shine (P<.001) had greater mean

absolute differences than the New-Lifestyles NL-1000. Finally,
the Jawbone UP2 (P=.002) and Misfit Shine (P=.004) had
greater mean absolute differences than the Garmin vívofit 2.
The SEM values ranged from 1.0% (Fitbit One) to 23.5%
(Jawbone UP2; Figure 2).

Figure 2. Box plots illustrating median absolute difference in step count percent errors between the 100-step test-retest reliability walk 1 (RW1) and
walk 2 (RW2) for the 6 activity monitors (n=36 for all monitors except Misfit Shine, n=28). Central rectangle spans the IQR, and the whiskers represent
the inner fence (upper: Q3+1.5×IQR and lower: Q1−1.5×IQR). Fitbit Charge different than Fitbit One (P=.02); Misfit Shine different from Fitbit One
(P<.001), New-Lifestyles NL-1000 (P<.001), and Garmin vívofit 2 (P=.004); Jawbone UP2 different from Fitbit One (P<.001), New-Lifestyles NL-1000
(P<.001), and Garmin vívofit 2 (P=.002). SEM: standard error of measurement.

Criterion Validity
The mean (SD) step count from the criterion tally counter on
the 400-meter CW was 600 (SD 79) steps and on the 400-meter
IW was 656 (SD 73) steps (Table 2). All monitors undercounted
steps relative to the criterion (tally) counts (Figure 3), with the
Misfit Shine exhibiting the lowest mean step count percent error
(−1.3%). We found significant main effects of the activity
monitor (P<.001) and walk interruptions (P=.02) on step count
percent error, but no main effect of mobility status (P=.65). We
observed no interactions between any of the factors. Regarding
the main effect of the activity monitor, post hoc tests revealed
that the Fitbit Charge (P<.001) and Garmin vívofit 2 (P=.02)
exhibited significantly higher mean step count percent errors
than the Misfit Shine. In addition, the Fitbit Charge exhibited
a greater mean step count percent error than the Fitbit One
(P<.001) and the New-Lifestyles NL-1000 (P=.03). Regarding
the main effect of interruptions, the IW resulted in a greater

mean step count percent error than the CW (mean difference
1.9%; P=.02).

Bland-Altman plots revealed nonsystematic bias across the
range of observed step counts for the Fitbit One and Jawbone
UP2 (Figure 4). Systematic bias and wide limits of agreement
were observed for Misfit Shine, New-Lifestyles NL-1000,
Garmin vívofit 2, and Fitbit Charge. In addition, Bland-Altman
plots indicated systematic bias across the range of observed step
counts and wide limits of agreement for both the CW and IW.

Equivalence tests indicated that the mean step count percent
errors of 2 monitors lay within the −5% and +5% equivalence
bound, the Fitbit One (P<.001) and Misfit Shine (P=.001); thus,
step counts from these monitors were deemed equivalent to a
zero step count percent error (Figure 5). The CW mean step
count percent error was statistically equivalent to zero (P=.002),
whereas the IW mean step count percent error lay outside the
equivalence bounds (P=.28).
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Figure 3. Box plots illustrating median step count percent errors for the 6 activity monitors (n=72 for all monitors except the Misfit Shine, n=67) and
for the 2 different 400-meter walks (n=213 for continuous and n=214 interrupted) from 36 older adults. Central rectangle spans the IQR, and the whiskers
represent the inner fence (upper: Q3+1.5×IQR and lower: Q1−1.5×IQR). Horizontal dotted lines represent zero step count percent error. Garmin vívofit
2 different from Misfit Shine (P=.02); Fitbit Charge different from Misfit Shine (P<.001), Fitbit One (P<.001), and New-Lifestyles NL-1000 (P=.03);
interrupted different from continuous (P=.02).

Figure 4. Bland-Altman plots for each activity monitor (n=72 for all monitors except the Misfit Shine, n=67) and for walk interruptions (n=213 for
continuous and n=214 for interrupted) compared with the criterion tally counts from 36 older adults. The solid lines represent the mean step count error
(horizontal) and line of best fit (trend line). Dotted lines represent the limits of agreement (mean±1.96 SD).
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Figure 5. Equivalence testing plots for activity monitor (n=72 for all monitors except the Misfit Shine, n=67) and walk interruptions (n=213 for
continuous and n=214 for interrupted). Mean step count errors (%) with 95% CI. Area between dotted vertical lines represents equivalence bounds (+/−
5.0%).

Discussion

Principal Findings
Our study aimed to determine (1) how test-retest reliability of
step counting by 6 consumer-grade activity monitors was
affected by the presence of self-reported mobility limitations
in community-dwelling older adults during overground walking
and (2) how the criterion validity of step counting by these 6
activity monitors was affected by the presence of self-reported
mobility limitations and walk interruptions in
community-dwelling older adults during overground walking.
We found that test-retest reliability varied across activity
monitors (highest for the Fitbit One and lowest for the Jawbone
UP2) but was unaffected by the self-reported mobility status.
The monitors featured varying degrees of criterion validity,
with the Fitbit One exhibiting the highest and the Fitbit Charge,
the lowest. Criterion validities were negatively impacted by
walk interruptions but were unaffected by self-reported mobility
status. The hip-worn Fitbit One was the only monitor that
exhibited both high test-retest reliability and criterion validity.

Comparison With Prior Work
To the best of our knowledge, our study is the first to report on
the test-retest reliability of consumer-grade activity monitors
in a community-dwelling older adult population [28]. We found
that test-retest reliability of step counting, measured by mean
absolute percent difference in step count error between repeated
100-step walks, varied across activity monitors. Specifically,

only 2 monitors had small mean absolute percent differences
in the step count error of less than 5.0%: the Fitbit One and the
New-Lifestyles NL-1000. Three monitors (Fitbit Charge,
Jawbone UP2, and Misfit Shine) were significantly less reliable
than either or both the Fitbit One and New-Lifestyles NL-1000.
Finally, the SEM of the Fitbit One was small, within −2.5% and
+2.5%, which translates into a between-trial difference of −4.9%
and +4.9% step count error in 95 of 100 instances (95% likely
range of −4.9% to 4.9%). All other monitors had SEM values
indicative of poor reproducibility. Therefore, we conclude that
only the Fitbit One had sufficiently high test-retest reliability.

We found that the criterion validity of step counting was affected
by both the activity monitor and walk interruptions during
400-meter walks, with no interaction observed between these
2 factors. Fitbit One was the only monitor with high criterion
validity. This interpretation is based on the Fitbit One’s small
mean step count percent error (less than −5.0% or +5.0%), lack
of systematic bias, and small limits of agreement, and it was
deemed equivalent to a zero step count percent error
(equivalence bound of −5.0% to +5.0%). Three of the other
monitors (Misfit Shine, New-Lifestyles NL-1000, and Jawbone
UP2) exhibited moderate correspondence to the criterion,
whereas both the Garmin vívofit 2 and Fitbit Charge had poor
correspondence with the criterion. Our results for criterion
validity are consistent with previous research by Floegel et al
[33] who found that the Fitbit One had the lowest mean step
count percent error and outperformed other monitors
(StepWatch, Omron HJ-112, Fitbit Flex, and Jawbone UP) when
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compared with direct observation during a 100-meter walk
involving both older adults with and without mobility
impairments.

For all activity monitors that we tested, walking with
interruptions resulted in greater mean step count percent errors
than walking continuously. In addition, the mean step count
percent error for interrupted walking was not equivalent to zero
(equivalence bound of −5.0% to +5.0%), whereas it was
equivalent to zero for continuous walking. We observed a
systematic bias in step count errors for both walking conditions;
specifically, step count errors increased in proportion to the
number of steps taken, and the limits of agreement were wide.
Previous studies have not tested interrupted walking in older
adults in controlled settings, as we did. However, in previous
studies that investigated activity monitors during free-living
walking conditions in older adults [29-31,47,48], 5 of 8
consumer-grade hip- and wrist-worn activity monitors were
found to overcount steps relative to criterion measures
[29-31,47,48]. These results are inconsistent with our finding
that consumer-grade activity monitors undercounted steps during
continuous and interrupted walking. A possible reason for this
discrepancy is that during free-living conditions, movements
other than stepping (eg, movements during eating or
conversation) may reach accelerations that exceed the monitor
algorithm thresholds, causing steps to be erroneously recorded
[49]. In support of this notion, Tudor-Locke et al [50] compared
the hip- and wrist-worn ActiGraph accelerometers during
controlled treadmill walking and in free-living conditions.
During treadmill testing, they found that the wrist-worn monitor
detected fewer steps than the hip-worn monitor; however, during
free-living conditions the wrist-worn monitor counted more
steps than the hip-worn monitor.

Regarding self-reported mobility, we found that test-retest
reliability and criterion validity of step counting were unaffected
by the presence of a self-reported mobility limitation, suggesting
that older adults with a self-reported mobility limitation can
expect similar performance from the activity monitors tested in
this study as older adults with self-reported intact mobility.
Consistent with our results, Floegel et al [33] reported that mean
step count errors for most monitors they tested were similar and
small for older adults with or without walking impairment who
did not walk with a cane or walker (StepWatch −4.42% vs
−3.45%, Fitbit One −2.59% vs −1.71%, Omron −4.48% vs
−3.15%, Fitbit Flex −26.94% vs −16.31%, and Jawbone UP
−2.86% vs −8.43%). In contrast to our results, Lauritzen et al
[8] reported that mobility limitations decreased activity monitor
validity when comparing a small group of walker-dependent
older adults in nursing homes to healthy older adults [8]. In that
study, lower gait assessment scores were significantly correlated
with larger absolute percent errors, whereas longer walk times
and larger step counts were significantly correlated with larger
absolute percent errors. Our study population differed because
participants did not use walking aids.

Previous literature indicates that slow gait speed significantly
affects the criterion validity of activity monitors [32]. Simpson
et al [32] reported that the Fitbit One, when worn on the hip,
recorded zero steps when participants walked at speeds between
0.3 m/s and 0.5 m/s, and it had a mean percent error smaller

than 10% only when walking speed was 0.8 m/s and 0.9 m/s
[32]. Our participants walked, on average, at 1.2 m/s (intact
mobility 1.3 m/s and limited mobility 1.1 m/s); thus, speed
should not have negatively impacted activity monitor
performance in our study. If participants with a self-reported
mobility limitation had very slow gait speed or more severe
asymmetries in their gait, we may have detected differences in
test-retest reliability and criterion validity of step counts from
the monitors based on the self-reported mobility status. Future
studies of older adults with slower gait speeds (eg, 0.4 m/s to
0.8 m/s) are still needed to understand the performance of
consumer-grade activity monitors in the growing population of
older adults living with frailty and more severe mobility
limitation than this study population.

Limitations and Strengths
This study had certain limitations. First, the results have limited
generalizability with respect to the activity monitors. We tested
a single monitor of each activity monitor model with a relatively
small sample size. Thus, the results obtained from this study
may not be applicable to all versions of the activity monitor
model tested or other monitors produced by the same brand. A
poorly calibrated monitor (in relation to the average monitor)
would have led us to underestimate monitor validity, whereas
a better-than-average calibrated monitor would have led us to
overestimate monitor validity. Ideally, multiple versions of each
monitor would have been tested, and the difference between
the monitors was assessed. We had to limit the number and
distance of walks performed with our older adult study
population to manage participant burden and prevent fatigue,
so it was not feasible to conduct additional testing. However,
we believe that interdevice variation would likely have been
minimal based on a systematic review of consumer-grade
activity monitors that reported high interdevice reliability for
step counts from 4 studies testing 3 Fitbit models (Classic, One,
and Ultra; intraclass correlation coefficients ranged from 0.76
to 1.00) [26]. Second, as the reliability of consumer-grade
activity monitors had not been previously evaluated in older
adults, we chose to begin by assessing test-retest reliability on
short, 100-step CWs. Future studies are needed to examine the
effects of walking interruptions and longer distances on
test-retest reliability. Our results suggest that reliability under
these conditions would likely be better for a hip-worn Fitbit
monitor, such as the Fitbit One, than for other monitors. Third,
we did not consider the contributions of sex, walking speed,
participant height, or stride length on test-retest reliability or
criterion validity. In addition, we did not investigate how
common daily tasks, other than walking, might affect activity
monitor step counts. It will be important for future studies to
evaluate the reliability and validity of step counting by
consumer-grade activity monitors during a wider range of daily
movements than was tested in this study. Further, future studies
should seek to determine sources of error during activities of
daily living, which often result in overcounting during
free-living assessment of consumer-grade activity monitors.

This study also has several strengths. First, all walking tests
were performed during overground walking, which represented
natural walking conditions more closely than treadmill walking.
Treadmill walking has been used frequently in previous studies
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to evaluate the measurement properties of activity monitors
because it enables monitors to be tested at controlled walking
speeds. However, older adults who are unfamiliar with treadmill
walking exhibit increased heart rate and oxygen consumption
while walking on a treadmill compared with overground walking
[51]. Moreover, treadmills impose greater symmetry in gait
than may be observed naturally, which could, in turn, influence
the measurement of reliability and validity. Second, this study
tested 6 different activity monitors, and, to our knowledge, 4
of the 6 (Fitbit Charge, Garmin vívofit 2, Jawbone UP2, and
New-Lifestyles NL-1000) have not been previously tested in
older adults. Unfortunately, because of fast product cycles for
consumer-grade monitors, only the Misfit Shine and the
New-Lifestyles NL-1000 are currently available for purchase;
Fitbit advanced from the One to Inspire and from the Charge
to Charge 4, Garmin replaced the vívofit 2 with vívofit 4, and
Jawbone went out of business. Nevertheless, the strength of this
study is that it presents systematic methods that other researchers
can adopt or modify to evaluate the performance of current
versions of consumer-grade activity monitors before their use
in trials, observational studies, or surveillance systems. Finally,
we studied older adults with self-reported mobility limitations,
which is important because they are a relevant population for
physical activity interventions and surveillance and comprise
a sizable proportion of the older adult population.

Conclusions
The results of this study contribute to the growing literature on
consumer-grade activity monitors in the older adult population.
This study provides information about the test-retest reliability
and criterion validity of step counting by several consumer-grade
activity monitors in older adults with either self-reported intact
or limited mobility. The results of this study may assist in the
selection of an activity monitor for future studies designed to
detect changes in physical activity levels, assess adherence to
physical activity programs, quantify daily physical activity
patterns (in conjunction with self-report questionnaires), or
motivate physical activity behavior via goal setting in older
adult study populations.

We found variations in step count test-retest reliability and
criterion validity across 6 consumer-grade activity monitors
when worn by a sample of older adults with self-reported intact
and limited mobility. Walk interruptions increased the step
count error for all monitors but did not affect any monitor to a
greater extent than the others. The presence of self-reported
mobility limitations did not affect the step count error. Only
one monitor exhibited both high test-retest reliability and
criterion validity, the hip-worn Fitbit One, and it is
recommended for use in groups of older adults with self-reported
intact and limited mobility.
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Abbreviations
ANOVA: analysis of variance
CW: continuous walk
HSD: honest significant difference
IW: interrupted walk
RW: reliability walk
SEM: standard error of measurement
SPPB: Short Physical Performance Battery
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Abstract

Background: Secondhand smoke (SHS) exposure in children and adolescents has adverse health effects. For adolescents of
lower socioeconomic status (SES), exposure is widespread, evidenced in the measurement of urinary cotinine, a major metabolite
of nicotine. Direct intervention with exposed children has been proposed as a novel method, yet there is minimal evidence of its
efficacy. Combining this approach with a mobile health (mHealth) intervention may be more time and cost-effective and feasible
for adolescent populations.

Objective: In this pilot study, we assessed the feasibility and preliminary evidence of efficacy of a 30-day text message–based
mHealth intervention targeted at reducing SHS exposure in adolescent populations of low SES.

Methods: For the study, 14 nonsmoking and nonvaping participants between the ages of 12-21 years exposed to SHS were
enrolled. The intervention consisted of a daily text message sent to the participants over the course of a month. Text message
types included facts and information about SHS, behavioral methods for SHS avoidance, or true-or-false questions. Participants
were asked to respond to each message within 24 hours as confirmation of receipt. Feasibility outcomes included completion of
the 30-day intervention, receiving and responding to text messages, and feedback on the messages. Efficacy outcomes included
a reduction in urinary cotinine, accuracy of true-or-false responses, and participants’ perceptions of effectiveness.

Results: Of the 14 participants that were enrolled, 13 completed the intervention. Though not required, all participants had their
own cell phones with unlimited text messaging plans. Of the total number of text messages sent to the 13 completers, 91%
(372/407) of them received on-time responses. Participant feedback was generally positive, with most requesting more informational
and true-or-false questions. In terms of efficacy, 54% (6/11) of participants reduced their cotinine levels (however, change for
the group overall was not statistically significant (P=.33) and 45% (5/11) of participants increased their cotinine levels. Of the
total number of true-or-false questions sent across all completers, 77% (56/73) were answered correctly. Participants’ ratings of
message effectiveness averaged 85 on a scale of 100.

Conclusions: In this pilot study, the intervention was feasible as the majority of participants had access to a cell phone, completed
the study, and engaged by responding to the messages. The efficacy of the study requires further replication, as only half of the
participants reduced their cotinine levels. However, participants answered the majority of true-or-false questions accurately and
reported that the messages were helpful.
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Introduction

Secondhand smoke (SHS) exposure is associated with adverse
health effects in children and adolescents, including respiratory
disease and asthma [1-4]. In a study of adolescents of low
socioeconomic status (SES) in San Francisco, California, 76%
were found to have recent light or heavy SHS exposure based
on biochemical screening of the major nicotine metabolite,
cotinine, with ranges of 0.05-30 ng/mL [5]. In a follow-up study,
these adolescents reported common exposure to SHS in public
areas; however, reported SHS in homes and cars significantly
predicted biochemical exposure [6]. Interventions targeted at
reducing SHS may improve adolescent health.

Past interventions to reduce SHS exposure in children and
adolescents have demonstrated mixed results. Many have
focused on intervening on parental or caregiver smoking status,
with a recent meta-analytic review demonstrating that some
studies were effective at reducing SHS exposure while many
others were not [7]. In addition, the focus on caregivers may
not translate to patient care, as pediatricians are often reluctant
to intervene on parental smoking [8].

Intervening directly with exposed children without the inclusion
of cessation counseling for parents is a novel approach [9,10].
One proposed study for decreasing SHS exposure describes an
educational intervention developed from behavioral change
theory, consisting of three 40-minute educational sessions on
the adverse effects of tobacco, international laws regarding
tobacco, and methods to prevent tobacco exposure; weekly
take-home brochures; and 3 reinforcement lessons [9]. A
school-based study conducted in Bangladesh with children aged
10-12 years evaluated a similar method, consisting of two
45-minute educational sessions over a 2-day period followed
by four 15-minute refresher sessions over the following month;
saliva cotinine at the 2-month follow-up showed a significant
difference between the intervention (0.53 ng/mL) and control
groups (2.02 ng/mL) [10].

Delivery of SHS prevention educational interventions for youth
via mobile health (mHealth) technologies may be more time
and cost-effective and may be particularly acceptable to an
adolescent population. MHealth interventions, such as sending
daily text messages, have been developed utilizing behavioral
[11] and social cognitive theories [12], and they have been
effective for increasing physical activity among adolescents
with attention deficit hyperactivity disorder (ADHD) [13], for
promoting weight loss in adolescents with obesity [14], and for
type 1 diabetes management in children and adolescents, with
a focus on healthy eating and activity [11].

While mHealth interventions have been efficacious for a variety
of indications [9,10,13], a downside to these methods may be
low levels of engagement. Studies have provided participants
with cell phones or prepaid phone cards to facilitate their
participation [12,15]. Others have reported that technical

problems led to a loss of data and affected the participants’
levels of motivation to continue in the study [15-18]. Past studies
have assessed feasibility as participant satisfaction and rates of
participant retention [15,16]. In determining the efficacy of
mHealth interventions, outcome measures are varied and include
biomarker reductions, self-reported efficacy, and changes in
disease or condition knowledge [11,13,14]. To date, mHealth
interventions have not been developed to assist adolescents in
reducing SHS exposure.

In this pilot study, we examined the feasibility and efficacy of
a novel mHealth intervention to reduce measured SHS exposure
in a small sample of urban adolescents of low SES. Feasibility
was measured by intervention completion, receipt of text
messages, participant responses to messages, and participant
feedback on the quality and delivery of the messages. Efficacy
was measured by reduction in urinary cotinine, SHS knowledge,
and participant perception of the effectiveness of the messages
for changing their behavior to reduce SHS exposures.

Methods

Participants
Participants of the ages of 12-21 years were recruited from July
2017 to May 2018. Recruitment occurred through (1) invitation
from prior research studies [5,6], if the individual’s cotinine
level was within the heavy SHS range (urinary cotinine 0.25-30
ng/mL) during their prior study involvement; (2) social media
ads on Facebook and Instagram; and (3) flyers posted in the
Children’s Health Center (CHC) at the Zuckerberg San
Francisco General Hospital. We included participants over the
age of 18 years, as the CHC services adolescent patients up to
the age of 21 years. A screening measure assessed tobacco use
and SHS exposure [6]. Self-reported active use of cigarettes,
electronic cigarettes, or other tobacco products was an exclusion.

The University of California, San Francisco (UCSF),
Institutional Review Board approved the research. Informed
consent was obtained from the youths and from parents of those
under the age of 18 years. Parents were asked if their adolescents
had their own cell phones with unlimited text messaging
services. The study team was prepared to provide a study phone
on loan and gift cards for messaging fees, if applicable.

Measures
At baseline and the 30-day follow-up, the adolescents provided
a urine sample for cotinine testing, and they self-reported their
exposure to SHS across several environments for the past 7
days and the past 24 hours [6]. At the follow-up visit, through
an online questionnaire, the adolescents were asked about their
experiences with the intervention, with questions like “Have
the text messages made you more active in reducing your contact
with secondhand smoke?” They were also asked to rate how
helpful the messages were (on a scale of 0-100), how they felt
about receiving them, if they shared the messages with others,
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what they liked most about the study, how the study could be
improved, and why they may not have responded to the
messages. Adolescents’ age, sex, and race were recorded, and
nicotine and tobacco product ever use were assessed. All
questionnaires were created for this study using standard items
where available.

Text Message Intervention
The intervention consisted of one text message sent per day via
Outlook’s SMS text message service, a free feature available
as part of the Outlook package (version 16.0; Microsoft Corp).
Messages were cued in Outlook to be sent from the research
center’s email address to the participants’ phones at a time of
their choosing. Participants were asked to respond to each
message within 24 hours as confirmation of receipt. Text
message categories included facts and information about SHS
(eg, “Breathing secondhand smoke for a short period of time
can hurt your body”), behavioral methods to avoid SHS
exposure (eg, “Avoid SHS today by walking away from
someone who is smoking”), and “bonus” true-or-false questions
(eg, “True or False: SHS is annoying, but it’s not really a health
concern”). All messages included emojis, which were pretested
to ensure compatibility with differing phone models. A total of
35 text messages were created to ensure that there were enough
for additional days if participants were not able to return for
their follow-up visit on day 30. A 30-day duration was selected
as it was similar to prior interventions designed for an adolescent
population [9,10]; in addition, 30 days is long enough to see a
change in steady-state cotinine levels [19].

The primary sources for the information presented in the
messages were websites from government agencies
(http://cdc.gov/, http://smokefree.gov, http://cancer.gov) and
the 2006 Surgeon General Report [1].

Analytical Chemistry
Baseline and follow-up urine samples were analyzed for cotinine
by liquid chromatography–tandem mass spectrometry [20].
Cotinine, the main proximate metabolite of nicotine, has a
half-life of about 16 hours [19] and is a biomarker of ongoing
or recent exposure (past 5-6 days). The limit of quantitation

(LOQ) for cotinine was 0.05 ng/mL. Cotinine cutpoints were
0.05-30 ng/mL for light or heavy SHS and >30 ng/mL for active
smoking or vaping [5].

Statistical Analysis
We utilized descriptive statistics to summarize participant
characteristics and rates of response to text messages. To assess
changes in cotinine levels pre- and postintervention, we utilized
a Wilcoxon signed rank test, a nonparametric equivalent to a
paired sample t test. Biomarkers falling below the limit of
quantitation (BLQ) were replaced with the LOQ divided by the
square root of 2.

Results

Demographics and SHS Exposure at Baseline
A total of 263 participants were screened, and 14 consented and
were enrolled in the study. The primary reason for ineligibility
was not meeting the criteria for recent SHS exposure (43%,
114/263); other individuals were ineligible for age (13%,
34/263), no longer lived in the area (3%, 8/263), or were not
interested in participating (29%, 77/263). Some were eligible
and scheduled for a baseline visit but did not arrive (6%,
16/263).

Of the 14 enrolled participants, 3 (21%) were male adolescents
and 11 (79%) were female adolescents; when asked to self-report
race/ethnicity, 3 (21%) were Hispanic, 2 (15%) were
non-Hispanic White, 3 (21%) were Black, 1 (7%) was Asian,
and 5 (36%) were multiracial. Participants’ ages ranged from
12 to 20 years, with a mean of 17 (SD 2.39) years. All
participants reported SHS exposure within the last 7 days, with
the most highly reported environments being public areas (30%),
residences (30%), and cars (21%).

Nicotine and other tobacco product use was reported as ever
use of cigarettes (50%, 7/14), blunts (64%, 9/14), electronic
cigarettes (43%, 6/14), pipes (36%, 5/14), cigars or cigarillos
(21%, 3/14), or hookah (36%, 5/14). Figure 1 shows the
consolidated standards of reporting trials (CONSORT) flow
diagram.
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Figure 1. Consolidated standards of reporting trials (CONSORT) flow diagram for participants recruited (N=263) and enrolled (n=14).

Intervention Feasibility
Of the 14 participants enrolled, 13 (93%) completed the
intervention, as 1 participant dropped out midstudy. The
remaining analyses focus on the 13 adolescents who completed
the intervention (completers).

Due to variability in the scheduling of the follow-up visits and
occasional missed messages due to Outlook shutdowns during
routine software updates, the adolescents received a range of

19 to 34 text messages (mean 31.3, SD 7.71). On average, 91%
(SD 12.61; range 55%-100%) of the messages received a reply
from the participants within 24 hours of sending.

Participant feedback indicated that participants generally liked
receiving the messages and would have wanted to see more,
especially from the informational and true-or-false categories
(Table 1). The majority (12/13) shared the messages with friends
and family. One participant reported having technical
difficulties.
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Table 1. Participant feedback from the intervention completers (n=13).

Participant Response SelectionsQuestion & Response Options

How have the text messages made you more active in reducing your contact with secondhand smoke? n (%)

11 (85)I have avoided people smoking around me.

8 (62)I noticed more people smoking around me.

4 (31)I asked friends not to smoke around me.

1 (8)I stopped smoking myself.

1 (8)I wasn’t active in reducing my contact.

85.8 (23)On a scale of 0-100 (0=not helpful, 100=very helpful), how would you rate the text messages in helping you re-
member the dangers of being in contact with secondhand smoke? Mean (SD)

85.2 (20.2)On a scale from 0-100 (0=too many to read, 100=I would have liked more), how did you feel about getting the
text messages? Mean (SD)

Did you talk to anyone else about the information in the text messages? n (%)

5 (38)I shared with both family and friends.

4 (31)I shared with family only.

3 (23)I share with friends only.

1 (8)I didn’t share any messages.

What did you like most about this study? n (%)

12 (92)Getting gift cards

9 (69)Receiving text messages

What suggestions do you have for us to make this study better? n (%)

8 (62)Nothing

2 (15)More true-or-false questions

1 (8)More information on side effects of secondhand smoke

1 (8)More text messages

1 (8)Make sure there are no technical issues

Please let us know why you may have not responded to our messages; n (%)

5 (38)I didn’t have my cell phone with me.

3 (23)My phone service changed.

3 (23)No particular reason.

2 (15)I was too busy.

Intervention Efficacy
At baseline, despite denying recent tobacco use on the screener,
15% (2/13) of the participants had cotinine levels indicative of
active smoking or vaping (283.1 ng/mL and 31.0 ng/mL).
Further, 46% (6/13) of the participants had cotinine levels
indicative of high SHS exposure (0.25-30 ng/mL), 31% (4/13)
had cotinine levels indicative of low SHS exposure (range
0.05-0.25 ng/mL), and 8% (1/13) had BLQ cotinine levels. All
further cotinine results reflect only the 11 completers of the
intervention who were nonsmokers at baseline.

The geometric mean cotinine levels for the 11 completers were
0.48 ng/mL at baseline and 0.83 ng/mL at follow-up, including
1 participant who was nearing active smoking levels

(cotinine=29.42 ng/mL) and 1 participant who was BLQ
(cotinine=0.04 ng/mL). With the BLQ participant and the
near-active smoking levels participant excluded, the geometric
mean cotinine levels were 0.67 ng/mL at baseline and 0.09
ng/mL at follow-up.

Of the 11 completers, 5 had an increase in cotinine and 6
reduced their cotinine levels; 4 participants reduced their levels
by >50%. The Wilcoxon signed rank test indicated no significant
difference for the entire sample (P=.66). The 2 participants
excluded as active smokers at baseline had cotinine levels
consistent with active smoking at follow-up (473.8 and 43.8
ng/mL). Cotinine levels pre- and postintervention are shown in
Figure 2, excluding the participant with near-active smoking
levels and the participant who was BLQ at follow-up.
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Figure 2. Urinary cotinine levels pre- and postintervention for nonsmoking intervention completers (n=9).

As a reflection of the gains made by participants in SHS
knowledge, the accuracy of the true-or-false responses averaged
77% (SD 28; range 40% - 100%) across participants. Almost
all the participants (12/13, 92%) perceived the messages to be
helpful in reducing their SHS exposure. Avoiding people
smoking was the most commonly endorsed strategy participants
used to limit their SHS exposure. One participant said the
messages did not encourage them to be active in reducing their
SHS (Table 1).

Discussion

Principal Findings
In this pilot study, we sought to determine the feasibility and
preliminary effectiveness of a 30-day mHealth intervention for
adolescents to avoid SHS exposure. This was a novel approach
to help adolescents limit their exposure to SHS, as we sought
to intervene directly with the nonsmoking, SHS-exposed youth
rather than their caregivers.

Our results support that mHealth interventions are feasible in
an adolescent sample. Most participants completed the study,
and all had technology accessible to them to receive the text
messages. Nearly all participants remained in the study for the
30-day period. There was a high rate of response to the
messages, and if participants did not respond, it was mostly due
to not having their phones at the time the message was sent.
Participants reported that they would have liked to see more

messages, especially in the information and true-or-false
categories.

The efficacy findings are equivocal. Approximately half of the
sample reduced their cotinine levels while the other half
increased. With many participants starting in the low range of
SHS exposure, a floor effect may have occurred in that the lower
limit did not allow for a significant change to be exhibited. The
increased biochemical exposure may reflect that the intervention
was not successful in impacting specific types of exposures, or
the timing of exposures in conjunction with the baseline and
follow-up urine collections could have varied. Participants
scored well on the true-or-false messages, indicating they were
reading and processing the information. The majority of
participants rated the messages as effective in changing their
behavior to avoid SHS; however, these behavioral changes did
not result in a significant cotinine reduction for the sample
overall.

Limitations
The limitations of this pilot study included a small and mostly
female sample, a generally low level of SHS exposure, and
recent tobacco use in 2 of the participants at baseline despite
screening procedures. In addition, our study was conducted in
a single geographic setting with progressive clean air laws but
unavoidable SHS exposure in the urban environment. Although
all participants reported exposure to SHS in the past 7 days, 1
(8%) participant did not meet the cotinine criteria for
biochemical exposure.

JMIR Form Res 2020 | vol. 4 | iss. 8 |e18583 | p.86http://formative.jmir.org/2020/8/e18583/
(page number not for citation purposes)

Nardone et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

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


Although the results of this study support the feasibility of
conducting an mHealth intervention in adolescents, we cannot
generalize the results to a broader population due to the small
sample size. Moreover, we had only one follow-up visit at the
end of the 30-day period, which did not allow us to evaluate
the long-term effects of this intervention.

Due to time constraints on performing the assays, we were
unable to analyze baseline cotinine levels prior to entrance in
the study. Our study experienced periodic technical difficulties
with occasional Outlook updates delaying or eliminating the
deployment of text messages. We did not ask about nicotine or
tobacco product use at the follow-up visit, so we cannot
determine if some increases in cotinine were due to SHS
exposure or to one’s personal product use. Additionally, a few
of our participants were over the age of 18 and may reflect more
of a young adult population, with different levels of access to
nicotine and tobacco products. At the time this study was
conducted, the minimum tobacco sales age in California was
21 years, and all study participants were aged 20 years and
younger.

Suggestions for Future Research
Researchers utilizing mHealth interventions in adolescent
populations should consider providing interactive and
informational messages. In addition, they should consider
utilizing a follow-up period longer than 30 days to evaluate if
there are long-term effects of the intervention. If applying this
intervention strategy to limit SHS exposure, researchers should
utilize an expired carbon monoxide monitor to exclude active
tobacco users, or a dipstick cotinine test for active electronic
cigarette users during the screening process. Researchers should
ensure a reliable method for text message transmissions.
Technical issues occurred utilizing Outlook; other text
messaging services such as Twilio may be a more reliable
deployment method.

Conclusions
In this pilot mHealth intervention, we found text messages to
be a feasible method of encouraging avoidance of SHS exposure
among adolescents. However, the sample did not demonstrate
an overall significant reduction in biochemical exposure.
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Abstract

Rural residents face numerous challenges in accessing quality health care for management of chronic diseases (eg, obesity,
diabetes), including scarcity of health care services and insufficient public transport. Digital health interventions, which include
modalities such as internet, smartphones, and monitoring sensors, may help increase rural residents’ access to health care. While
digital health interventions have become an increasingly popular intervention strategy to address obesity, research examining the
use of technological tools for obesity management among rural Latino populations is limited. In this paper, we share our experience
developing a culturally tailored, interactive health intervention using digital technologies for a family-oriented, weight management
program in a rural, primarily Latino community. We describe the formative research that guided the development of the intervention,
discuss the process of developing the intervention technologies including issues of privacy and data security, examine the results
of a pilot study, and share lessons learned. Our experience can help others design user-centered digital health interventions to
engage underserved populations in the uptake of healthy lifestyle and disease management skills.

(JMIR Form Res 2020;4(8):e20679)   doi:10.2196/20679
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Introduction

The ownership of cellular phones, smartphones, and tablet
computers has reached historic heights across all US population
groups in recent years [1]. In 2018, at least 75% of
Blacks/African Americans, Latinos, and non-Latino Whites and
65% of rural residents owned a smartphone. Advances in
information technology (IT), along with the diminishing digital
divide among population groups, have increased the use of
digital technologies in health promotion and disease
management [2]. As a result, individuals from low-income and
racial/minority backgrounds, who traditionally had less access

to health information, are now able to more easily access health
information via Internet with mobile devices [3,4]. Diffusion
of digital technologies has also popularized the use of digital
health interventions to reach rural and resource-poor
communities with limited access to traditional tools and
programs for health promotion and disease prevention and
management [5,6].

In the realm of digital health, Internet- and mobile-based IT
platforms (eg, SMS text messages, websites, social media,
wearable technology) have been used to store, manage, and
transmit data using hardware, software, and networks for
delivering health care services and health promotion programs
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[7]. Mobile health (mHealth) technology is an important subset
of digital health using mobile phones, tablets, apps, and other
wireless technologies. Compared with traditional face-to-face
health care delivery, digital health interventions have
demonstrated great promise in enhancing program reach and
participant engagement, and achieving similar effectiveness in
health-related outcomes. [7,8]. However, mHealth interventions
often limit the number of behavior change techniques (BCTs)
and rarely offer problem solving, social support, and didactic
education [9,10]. Engagement of historically underserved
populations in digital health interventions is influenced by a
variety of factors, such as the extent to which program content
is tailored and formatted, the alignment between devices used
for program delivery and population needs [6], and the
appropriateness of program context [11]. Additional research
indicates that personalization of content, contact with program
users [12], and preference of digital devices to receive content
are also important indicators of program engagement [13]. For
example, Latino users are more likely to stop using
health-related mobile apps due to access issues (eg, rely
primarily on mobile phones versus tablets or computers), lack
of interest in the content, and high cost [14,15]. The
development of digital health interventions must address these
barriers to increase participation among underserved
populations.

Healthy Frio is a translation study of the Y-Living Program
(Y-Living), an evidence-based, family-focused intervention
designed for urban Latino families (Trial Registration:
ClinicalTrials.gov NCT03186885) [16]. The translation of
Y-Living is a two-phased study guided by the principles of
community-based participatory research [17]. The first phase
of the study engaged community partners in formative research
to adapt Y-Living for rural Latino families. Formative research
included (1) a pilot of an in-person (IP) group program at a
community center, and (2) a pilot of a home-based program
remotely delivered by digital technologies. While we designed
both forms of program delivery to address unique social,
cultural, and environmental factors facing rural Latino families,
the latter takes advantage of digital technologies to increase
program availability, accessibility, and engagement. More
specifically, the objectives of using remote delivery were to (1)

increase access to evidence-based health education content and
resources; (2) address learning needs with content design; (3)
address the need for individualized support, and (4) support
behavior change with wearable technologies grounded in
behavior change theory. The second phase of the study is a
12-month randomized controlled trial (RCT) that tests the
comparative effectiveness of the Y-Living IP and remote
technology (RT) interventions on weight loss and energy balance
behaviors among overweight and obese rural Latino adults
relative to a control group. Following baseline assessments and
randomization, intervention participants receive a 12-week IP
or RT program, whereas control participants receive 1 brief
health education session and educational materials. Study
outcomes will be assessed again immediately following the
intervention at 3 months, 6 months after intervention, and
12-month follow-up.

In this paper, we describe the process undertaken by a
multidisciplinary research team to develop the RT intervention
for the Healthy Frio study. Key elements of the process include
the formative research that guided the development of the RT
intervention, the selection and integration of digital technologies
[18], and a pilot study. Our experience and lessons learned can
help inform decisions other researchers may face when
designing user-centered digital health interventions to engage
underserved populations in the uptake of healthy lifestyle and
disease management skills.

Overview of the Development Process

The development of the RT intervention took place over 16
months, from the formation of the research team to the
deployment of the RT intervention for the full RCT. The process
included several steps: (1) formulating the research team, (2)
engaging community partners and residents to adapt the
Y-Living for rural Latino families, (3) reviewing the evidence
on use of digital technologies for behavior change, (4)
developing a prototype of the RT intervention in parallel with
IP intervention, and (5) conducting a pilot test of the prototype.
Figure 1 shows the development process of Healthy Frio RT
intervention.
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Figure 1. Healthy Frio remote technology (RT) intervention development process.

Formulation of RT Development Team
A multidisciplinary team including researchers with expertise
in computer engineering, database and instructional design, and
public and behavioral health, and primary care practitioners
(community/family medicine and nursing) developed the RT
intervention. The instructional design specialist was designated
as the coordinator. The technology modules and components
integrated as a part of the RT intervention required development
of necessary links, incorporation of application program
interfaces (APIs), service interfaces, dashboards, and testing of
interoperability, compatibility, and robustness. Thus, digital
health RT interventions demand the expertise of a professional
team of computer engineers to develop and manage seamless
functioning and efficient intervention delivery in collaboration
with behavioral health researchers who understand behavior
change processes. A team science approach was critical in the
communication and collaboration between computer engineers
and behavioral health researchers and the development and
management of the multidisciplinary team [19]. Ultimately, this
approach helps in scaling and disseminating effective
interventions. During the first year of development, the RT team
met biweekly via conference call to discuss and develop the
intervention and then met monthly after the first year.
Additionally, the team met IP for 2 full-day retreats over the
16-month development period.

Community Engagement
Y-Living is a 12-week behavioral modification program
grounded in the Social Cognitive Theory of behavior change
to engage the whole family in lifestyle changes [20]. During
this program, participants develop knowledge and skills to be
physically active and eat healthy, set goals for changes,
self-monitor their physical activity and diet, and create a

supportive environment at home. Program components of
Y-Living include semiweekly health education lessons;
semiweekly group exercise sessions; self-monitoring of weight,
physical activity, and diet; family wellness consultations; and
special events. Trained Young Men’s Christian Association
(YMCA) staff and volunteers deliver the program activities in
YMCA facilities. The Y-Living program was designed for urban
Latino families. To translate Y-Living into an efficacious
program for rural Latino families, the Healthy Frio intervention
team, including the YMCA wellness coordinator, conducted an
extensive review of Y-Living program activities and sought
feedback from community partners regarding feasibility of
program activities for a rural environment. The Healthy Frio
intervention team reviewed and updated health education lessons
to reflect current, evidence-based recommendations for
weight-loss, physical activity, and diet that addressed the needs
of rural populations. Some lessons were omitted and replaced
with new topics that more closely aligned with behavior change
strategies identified in the Social Cognitive Theory and the
Coventry, Aberdeen, and London-Refined taxonomy [21,22],
such as goal-setting, self-monitoring, feedback, rewards, social
support, coaching, problem solving, and action planning. A
5-week pilot with 5 parent–child dyads was used to test the
feasibility of the adapted IP intervention in the community.
Table 1 displays the Healthy Frio intervention components for
both the IP and RT interventions and demonstrates program
alignment. The intervention team also conducted key informant
interviews with community stakeholders to gather information
on access and availability to physical activity and healthy eating
in the community, availability of digital technologies and
supportive resources in the community, and level of health
technology literacy. The intervention team reviewed program
content and delivery approaches prior to the deployment of the
RT intervention in the pilot study and the full trial.
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Table 1. Description of and alignment between in-person and remote technology intervention.

Remote technology interventionIn-person interventionStrategiesMediators

• Provided at first wellness consultation.• Provided at first wellness consul-
tation.

• Initial
wellness

• Self-regulation
• Includes height, weight, BMI, average PA minutes, and

caloric intake recorded at baseline assessmentsreport • Includes height, weight, BMI, av-

erage PAa minutes, and caloric • Health educator discusses with each participant and helps
him/her set goals to increase PA and lower calorie intake,intake recorded at baseline assess-
and set a target weight loss goal (5%) for 3-month assess-ments.
ment.• A YMCAb wellness coach discuss-

es with each participant and helps
him/her set goals to increase PA
and lower calorie intake, and set
a target weight loss goal (5%) for
3-month assessment.

• Participant is provided, and given instructions on how to
use, all equipment (eg, tablet, Fitbit), apps, timeline,

• Participants receive program ma-
terials (eg, program binder, self-

• Orienta-
tion ses-

• Self-efficacy
• Perceived barriers

program goals, and expectations.monitoring logs) and informationsion• Social support
about the program schedule and
goals.

• 12 weeks of online lessons delivered via tablet computers:
2 lessons per week.

• 12 weeks of lessons at community
center: 2 lessons per week.

• Healthy
living

• Home environment
• Self-efficacy

lessons• Self-regulation

• Video recordings of cooking demonstrations conducted

by YMCA staff.c
• Brief cooking demonstration by

YMCA staff following health ed-
ucation lessons.

• Cooking
demon-
strations

• Self-efficacy
• Perceived barriers

• PA sessions (for both children and adults) are included
in online lessons using videos curated from YouTube,

• Immediately following Y Living
lessons, a 1-hour PA session led

• Physical
activity

• Home environment

• Self-efficacy as well as 5 videos produced by Healthy Frio and YMCAby YMCA wellness coach. Exam-sessions
wellness coaches.ples of activities include circuit• Self-regulation

training, Zumba, and games from • Separate videos are provided that are oriented toward
adults and children.

• Perceived barriers
CATCHd curriculum. Children• Social support
and adults are usually not separat-
ed.

• Use of Fitbit, scale, apps, etc.• Paper and pencil log for PA and
food intake.

• Self-
monitor-

• Self-efficacy
• Self-regulation

ing • Weigh-ins during individual con-
sultation.

• Perceived barriers

• Lesson reminders, health challenges, same healthy
lifestyle tips as in-person, polling question regarding

• 2 per week.• SMS text
messag-

• Self-efficacy
• Self-regulation • Healthy Lifestyle tips for increas-

ing PA and healthy eating.ing health challenges.

• Virtual grocery store tour lesson using video segments
for each section of grocery store.

• Participants taken to a local gro-
cery store where they are led on a

• Grocery
store tour

• Social support
• Perceived barriers

tour and given tips for healthy
shopping (eg, comparing labels,
prices, and suggested routes
through grocery store [perimeter
first]).

• Group video calls via Google Hangoutse or Skype (weeks• Small group discussions and
coaching sessions.

• Wellness
consulta-

• Home environment
• Social support 2, 6, and 10).

tions

• Biweekly phone calls with each family, and a midpro-
gram progress report sent via email in week 7.

• 3 individual consultations between
YMCA staff and participants to

• One-on-
one meet-

• Home environment
• Self-efficacy

review progress report (weeks 2,ings• Social support
5, and 8).

aPA: physical activity.
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bYMCA: Young Men’s Christian Association.
cCooking demos performed at Y-Living Program in San Antonio (not part of Healthy Frio Trial).
dCATCH: Coordinated Approach to Child Health.
eGoogle Hangouts used for Cohort 1. Skype will be used for remaining cohorts.

State-of-the-Art Review and Integration of Research
Literature
As the third step of the development process, the RT team
conducted a review of the literature on the application of digital
technologies in health promotion and disease management from
the perspectives of health promotion practices and computer
engineering. Furthermore, the team conducted a state-of-the-art
review on modern health data collection and sharing approaches
in the context of an emerging gig economy [23]. The goal was
to understand the progress, best practices, and challenges in
digital health intervention and provide guidance in designing a
theory-driven RT intervention.

Application of digital health technologies has evolved from a
single IT platform that focused on offering access to web-based
intervention information to multiple platforms that extended
exposure to the intervention in the context of the targeted
behaviors. Research indicates that exposure is extended by (1)
minimizing time-consuming data input and output activities,
(2) automating delivery of task reminders and reinforced
messages, (3) providing frequent and real-time feedback to
intervention participants and staff, (4) offering the ability to
tailor the intervention based on baseline information as well as
ongoing changes of the behavior targets and the environment,
and (5) leveraging the interactive capabilities of mHealth devices
to incorporate BCTs [10,24]. By contrast, lack of structured
social interactions and social support was a noted weakness of
current digital technologies [23,24]. For example, studies have
demonstrated that incorporating IP contact enhanced program
compliance and participant engagement in mHealth interventions
[25,26]. Early mHealth interventions have also been criticized
for not using behavioral theories to inform the program design
[7].

The RT team identified key features of successful digital health
interventions such as two-way communication between the
participants and intervention, social support from intervention
staff and others, and some forms of competition [7,27,28]. For
example, a systematic review found that successful interactive
health IT systems for self-management in older, chronically ill,
and underserved adults had a completed feedback loop. This
feedback loop monitored the patient’s health status, provided
the progress toward patient’s goals based on the monitoring,
facilitated the adjustment of goals and management plans, and
offered tailored advice and recommendations [29]. Using
multiple IT platforms can increase intervention exposure and
support for participants [27,28]. The RT team also identified
important barriers influencing uptake of targeted health
behaviors, including the program’s ability to address community
interests and cultural context, perceived effectiveness of the
intervention, difficulty accessing and navigating the systems
(eg, interface design), reliability of the systems (eg, technical
issues), ability to deliver the program using technologies familiar
to participants, the extent to which intervention activities fit

into daily routines, and timely and frequent contact with
intervention staff [7,29,30].

Finally, contemporary health behavior theories and models have
been developed primarily based on face-to-face interactions for
the management of behavior changes and do not address the
time-intensive and interactive nature and asynchronous and
dynamic process of digital health interventions [31]. While the
design of the content of digital health interventions has benefited
from these theories and models, the design of delivery and
feedback processes remains poorly guided. This weakness
speaks about the lack of cooperation between computer system
engineers and behavioral researchers [22,31] and the need to
establish a model to guide the incorporation of BCTs into the
content and functionality of digital health interventions [32].

Based on the results of the review, the RT team decided to adopt
a user-centered system design [33,34] utilizing an iterative,
participatory process to address learning goals, communication
styles, and community context. This system design required
participation from instructional designers, computer engineers,
behavioral scientists, and end users (interventionist and
participants). Applying the principles of a user-centered
approach has contributed to increases in acceptance and usability
of digital technology-based interventions [35,36]. From a
computer engineering perspective, the RT team concluded that
a blended approach, combining digital technologies with limited
human high-touch, may be most efficacious to advance the field
of digital health interventions while awaiting the next generation
of artificial intelligence-based solutions to address weaknesses
associated with inability to provide personalized social support
[23,37].

The Development of Prototype for Delivery of the RT
Intervention

Delivery Platform for RT Intervention
The design of the Healthy Frio RT intervention was guided by
a blended approach to create a program that is “both useful and
easy to use, ie, at really serving the needs of the user,” following
the principles of the persuasive design system (PDS) [38,39].
The RT team reached a consensus early on in the development
process to implement the 4 features of PDS (primary task
support, dialogue support, system credibility, and social support)
by blending numerous IT platforms with the facilitation of a
live lifestyle coach to take advantage of digital technologies
and the desire of human touch in supporting behavior changes
[37,40]. Table 2 presents the operationalization of PDS
techniques in alignment with the Social Cognitive Theory in
Healthy Frio RT intervention. There are compromises between
the rigorousness of the program content and the limitations of
technology due to costs and scalability [38]. Figure 2 depicts
the conceptual framework of RT intervention development that
integrates PDS technologies to address moderators of
self-efficacy to influence targeted health behaviors and
outcomes, based on the Social Cognitive Theory [20]. The
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combination of digital technologies and live coaching affords
the most efficient support to engage the study participants with
BCTs [22] and close the feedback loop while providing constant
exposure to the intervention content [29]. The Healthy Frio

intervention team reviewed the content and delivery approaches
of the RT intervention prior to its deployment for the pilot study
and the full trial.

Table 2. Implementation of features and techniques for designing the content and functionality of a persuasive design system.

Operationalization of PDS techniques in Healthy Frio digital health interventionPDSa features

Guided goal-setting; self-monitoring of weight, physical activity, and diet; using simulation
and rehearsal in online interactive health education; online health challenges to target specific
behavior

Primary task support: Supporting and facilitating
completion of the user’s main tasks

Suggestion and reminders via SMS text messaging; praise and reinforcement via health app
(Fitbit app), and live online coaching

Dialogue support: Providing support, guidance, and
feedback to users by verbal or other form

Embedding spirituality in online health education; using respected and authoritative sources;
connecting program content to local community; affiliating the program with trusted local en-
tities

System credibility support: Presenting program con-
tent as trustworthy and authoritative to users

Using parent–child dyad; providing physical activity trackers and weight tracking accounts to
dyads; weekly calls by lifestyle coach

Social support: Motivating and engaging users by
leveraging social influence

aPDS: persuasive design system.

Figure 2. Healthy Frio remote technology intervention conceptual model. MVPA: moderate to vigorous physical activity; PA: physical activity.

The implementation of the RT intervention is accomplished by
a multiple-system integrated platform that is designed to address
3 elements of behavior change for persuasive design in
human–computer interactions: (1) motivating participants with
goal setting, positive reinforcement, and social support; (2)
increasing participant’s ability to adopt new behaviors by
learning behavior change skills; and (3) providing cues to initiate
and maintain new behavior via SMS text message reminders
and feedback from digital technologies [38]. The platform
included interactive, online health education lessons delivered
via tablet; tracking sensors (activity tracker and Bluetooth
weight scale) and apps to self-monitor activity, diet, and weight;

social support and consultations in the form of phone calls,
video chats, and motivation and support from automated SMS
text messages; cooking and exercise videos; and a dashboard
to allow the lifestyle coach to monitor and support participants
(Figure 3). Embedding tools (ie, the Cloud, REDCap [Research
Electronic Data Capture] data capture, the learning management
system) into the platform to gather information on participant
access and progress toward completing intervention activities
allowed the lifestyle coach to assess participant engagement
and success (eg, achievement of weight and behavior goals)
[11,41].
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Figure 3. Healthy Frio remote technology intervention delivery platform.

Creation of Interactive Health Education Content in RT
Intervention
Once Y-Living health education lessons were updated for the
rural context, the RT team developed the interactive version of
the lessons. The design and delivery of the lesson content were
tailored to address the learning needs and the cultural and
community characteristics of low-income Latino families [6].
We used avatars resembling study participants (eg, Latino
adults) to present content, modified activities to reduce
numeracy and literacy levels, and used narration and graphics
to enhance content comprehension and retention. We also
selected activities to reflect community context, limited the
amount of information on each screen to reduce overload, and
only included information from trusted resources within the
lesson [42,43]. Finally, we used gamification to increase
motivation and engagement.

E-learning authoring software Articulate Rise [44] and Articulate
Storyline [45] were used to create the health education content.
Articulate Rise was relatively easy to use and was well-suited
for rapid deployment; however, we learned that there were
limited options for customizing the lesson content to be
interactive and address intervention needs revealed in the RT
pilot study. As a result, the RT team decided to use Articulate
Storyline to enhance lesson customization and participants’
interactive learning experience. The RT team converted
PowerPoint slides that were created for the IP intervention as
a basis for lesson content to develop each of the 24 RT lessons
(2 lessons/week). Lesson titles remained the same, as did the
lesson topics. RT intervention lessons followed the same
structure as those for the IP intervention whereby each began
with a motivational or spiritual message (ie, “Higher Thought”),
followed by a recap of the previous lesson, the objectives for
the current lesson, a pretest, lesson content, a posttest, and

finally, physical activity videos. After completing a lesson, the
participant is prompted to evaluate the lesson content and
provide feedback on what they “liked” or “didn’t like,” and
comments that could be used for improving the lessons for
future versions.

The RT team developed interactive activities within each lesson
to increase participant’s knowledge and self-efficacy to change
physical activity and diet behaviors. Examples of interactive
skill-building activities include creation of SMART (ie, specific,
measurable, adjustable, realistic, time-based) goals for physical
activity and dietary intake, practice reading nutrition facts food
labels to assist in selection of healthier choices when grocery
shopping, and identifying healthier choices when ordering food
at a restaurant. All lessons were narrated to increase participants’
engagement with the lessons. By narrating the lesson content,
the amount of text that the participants had to read from the
screen was greatly reduced, and the information could be
provided in more depth. The intervention staff wrote and
recorded narration scripts for each lesson.

To provide the RT intervention participants an experience
similar to that of the IP participants, the RT team video recorded
physical activity sessions and cooking demonstrations conducted
by Y-Living program staff from the YMCA. These videotaped
activities were similar to the ones used with participants in the
Healthy Frio IP program. Videos included Zumba, salsa dancing,
boot camp style-physical activity routines, 22 cardiovascular
fitness routines, and demonstrations for healthy ways to cook
proteins vegetables, fats, and grains. The RT version included
additional curated videos that demonstrated various physical
activity routines available on YouTube. The criteria for selecting
the videos were that they were primarily suitable for beginners,
did not require any equipment, included a variety of physical
activities for both strength training and cardiorespiratory fitness
(ie, yoga, stretching, body weight exercises), and were fun. Each
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lesson included 2 physical activity videos: 1 for adult
participants, and 1 that was more suitable for children. Narrated
instructions introduced each video.

Selection and Testing of Digital Technologies for
Delivery of Healthy Frio RT Intervention
The RT team underwent a tedious process of testing, developing,
and integrating various hardware and software tools that would
be supportive and cost-efficient for delivery of the RT
intervention. Major considerations included (1) ease of use with

user-friendly interface and minimum data entry burden, (2)
product reliability (hardware durability and signal strength),
and (3) ability to collect information from the tools via
web-based API [7,29]. Table 3 lists the hardware and software
utilized for delivering the intervention with descriptions of
functions. With the exception of the smartphone, all of the
equipment is provided to participants for a 12-week intervention
period. Following the completion of the intervention,
participants return the tablet computer and the weight scale, but
allowed to keep their Fitbits and receive a digital weight scale.

Table 3. Technology components and functions used by remote technology intervention.

FunctionTechnology component

Hardware

Intervention content delivery device to access the interactive health lessons; gathers and
uploads information from monitoring devices

Verizon Ellipsis 10 tablet computer with mo-
bile Wi-Fi hotspot and data plan

Personal sensor to track physical activity and sleepFitbit Flex 2 activity tracker

Bluetooth scale to track weightNokia Body digital scale

Device used to view SMS text messages from the studySmartphones (participants’ personal)

Software

Automated SMS text messaging system to send motivational texts and reminders to partici-
pants

MessageSpace

Delivery of intervention content; tracks participant viewing of program lessonsMoodle Learning Management System

Apps to help participants self-monitor physical activity, food intake, water consumption,
sleep, and weight. Weight syncing through Nokia Health Mate app.

Fitbit and Nokia Health Mate apps

Video conferencing apps to conduct group counseling calls with health educatorGoogle Hangouts/Skype

Video player to view physical activity videosMX Player

Games related to physical activity and nutrition for child participantsElectronic games

Figure 4 shows the system architecture constituting the selected
digital technologies and their integration. Such architecture
enables successful data collection and communication with
participants during the RT intervention. The green components
integrated in the system interface with Google Hangouts [46]
or Skype [47] are for lifestyle coaching while collecting and
processing data and communicating with the participants. These
advanced messaging tools, when connected to REDCap [48],
provide a communication channel to interact with participants.
Data synchronization is typically done using a Bluetooth
wireless connection with a smartphone or computer app. The
participants can set their specific goals as reference marks and
challenge themselves to achieve higher goals. Many of these

apps allow tracker owners to connect with peer groups or
friends, and some allow sharing data with other users. We chose
not to use this function because the RT intervention is not group
based. Some tools also have an option to connect to other
third-party, variable-specific (eg, calorie counting or meal
tracking app) tracking apps (eg, Fitbit [49]) that allow for
tracking dietary intake. There exists significant value in
observing diet trends over time and understanding the correlation
between calorie expenditure and activity levels. During our
evaluation study for activity trackers, we observed that Fitbit
trackers offer the convenience of tracking users’ calorie intake,
sleep duration, steps, miles, and activity minutes for the day.

Figure 4. Healthy Frio remote technology intervention system architecture. EC2, Elastic Cloud Compute; LMS, learning management system; REDCap,
Research Electronic Data Capture.
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To provide access to educational content during the intervention,
we used Moodle as the learning management system to deliver
program content, manage health education lessons, and track
progress [50]. In other words, the lessons (content) created on
Articulate Storyline were uploaded to Moodle for participants
to access. Completed content is hosted on Amazon Elastic Cloud
Compute (EC2) server [51] and is accessible to participants via
a Moodle app on the tablets. Data from the aforementioned
services are collected and retrieved in real time using
corresponding manufacturer’s APIs (Fitbit, Moodle SQL
database on EC2, and Nokia [52]) and reside in the database

hosted on Amazon EC2 server. Data synchronization and
coordination scripts take care of this process. Data are further
postprocessed and are accessible to the lifestyle coach and
intervention team on the Dashboard supported by REDCap.
Alternatively, one can use Microsoft Azure [53] or Google
Cloud [54] as the centralized server for incoming data from the
components involved in the integrated digital health system.
Table 4 presents lessons learned and design implications to
address various design goals that are deemed necessary to
engage participants and strengthen the human touch in the
intervention.

Table 4. Summary of goals, design implications, and lessons learned in the design of remote technology intervention.

Design implicationLesson learnedDesign goal

••• Parents and children should be able to synchronize
their data without the hassle of logging in and out.
We created clones of the apps that are used by both
parents and children, and their devices are config-
ured accordingly to their cloned version and ac-
counts. This improved data synchronizing and we
are able to get frequent updates on their syncs.

Parents and children felt a burden with re-
gard to synchronizing their activity, enter-
ing dietary data and weight, due to repeated
log-in and logout from their respective ac-
counts on the apps. This extra step led to
very few, if any, syncs of their data.

To investigate whether usage of the
tablet by parent and child affects user
engagement and frequency of regular
synchronizing of hardware devices
with respective apps on the tablet.

••• The app’s configuration settings on the Amazon

EC2a server as well as on the tablet should be
changed. With the configuration changes, partici-
pants are able to directly see the list of lessons upon
opening the Moodle app.

Navigating the Moodle app is challenging
as there are many steps to take before
landing on the course page to access
lessons. This dissuaded participants from
accessing weekly lessons.

To check the ease of access to educa-
tional content and health knowledge
via Moodle, enhance access to infor-
mation, get proper feedback for im-
proving the content.

• Due to poor network connectivity, down-
loading of lessons from the app is inhibited
or is slow, further dissuading participants
from accessing the lessons.

• Providing offline access to content (ie, via SDb

cards, download of complete 12 weeks of content
from Moodle app onto the tablet) should resolve
the network-related issue affecting access to
lessons. This is essential when internet access is
poor.

••• SMS text messages as reminders, polling questions,
surveys, and one-on-one video calls with health
educator help remind participants about various
aspects of the intervention, which in turn helps
collect a more robust set of data.

Due to diverse technical capabilities of
participants in the intervention, they tend
to forget some steps in constantly synchro-
nizing the devices, accessing the content,
and entering nutrition details.

To investigate whether regular one-
on-one communication can fill the
gaps due to missing data collected
remotely.

••• Regular SMS text messages as reminders and one-
on-one video calls with Health Educator motivates
and helps participants log food intake, keep track
of their daily consumption, and stick to weight
goals.

Logging food and consumed calories re-
quires manually entering or scanning the
food item. Participants mostly either skip
entering it or do it less often than required.

To observe active logging of water
consumption and tracking calories
by entering dietary details and calo-
ries consumed.

••• Tools for the intervention should be as integrated
as closely as possible with the participants’ daily
schedule. User-centered design will support end-
user engagement, improve user’s experience, and
encourage attentiveness toward the intervention.

Direct access to apps with little to no infor-
mation to enter manually, easy methods of
synchronizing their devices to the apps,
automatic notifications from Fitbit (includ-
ing device lights and vibrations), Health
Mate, and Moodle apps seem to motivate
participants to monitor their healthy living.

To evaluate tools and methods to en-
hance tablet usage with ease of navi-
gation for regular synchronizing of
data as well as for constant motiva-
tion and participant engagement.

aEC2: Elastic Cloud Compute.
bSD: secure digital.

Limitations of Using Commercial Products in Research:
Access, Security, and Privacy
The potential for digital tools such as mobile apps and wearable
sensors to enhance behavioral health is substantial. However,
the use of tablets, wearable trackers, and other technologies for

digital health interventions introduces additional complexity
for participant’s data security and privacy [55]. One should
carefully evaluate security issues, conforming to rules and
regulations in the settings where these interventions are
implemented [23]. Participants signed a consent form, which
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informs them about the heterogeneous RT environment and the
type of data collected.

All the constituent apps in the Healthy Frio RT intervention
have different security aspects. The current RT intervention
delivery leverages Fitbit, Nokia Health Mate, and Moodle apps,
which rely on remote servers for storing and processing the
participant’s data, and adds to security challenges. Hence, the
computer engineers and developers need to consistently secure
servers, the transmission of data, and the involved software
through their proper configuration. To address these issues, we
performed a thorough evaluation of the complete RT
intervention delivery infrastructure by observing the data and
sensitive information flowing through multiple apps, modules
that we developed leveraging corresponding software
development kits, libraries, and APIs. This helps to anticipate
potential security issues in order to take preventative measures.
The third-party libraries and code have been assessed for any
security vulnerabilities or other reported problems. Other safety
practices include observing the differences between different
APIs that enabled us to configure the apps properly for the
security-related features and handle the permissions for data
collection. This research helped us in adapting the code base
accordingly to avoid compromising the security of participants’
information. We also generated participants’ credentials for the
involved apps securely and ensured the passwords are not stored
in the remote server in plaintext. We avoided storing their
passwords and instead let them authorize our system to collect
their activity, weight, and educational content access data prior
to the start of the intervention. Finally, we used Amazon EC2
to deploy and maintain our remote server that communicates
with the apps. While Amazon provides a secure environment
including privacy protection, we took appropriate measures to
configure the server for Fitbit, Nokia Health Mate, and Moodle
course data-retrieval systems.

Pilot Study
The prototype of the Healthy Frio RT intervention was tested
with 5 parent–child dyads in a 3-week pilot, using content from
the first 3 weeks of the intervention (ie, 6 lessons). The purposes
were to (1) test the performance, management, and maintenance
of digital equipment—especially with regard to connectivity
and syncing of Fitbit trackers and weight scales; (2) obtain
feedback about the design of the lessons; and (3) obtain feedback
on the experience of engaging in a remotely delivered lifestyle
modification program with digital technologies. Dyads were
recruited from a convenience sample of eligible participants
from the study population. The adult participants were all
females aged 36 to 47. The ages of the children ranged from 7
to 14 years; 4 of the 5 families self-identified as Latino. Some
of the participants had previously participated in an early IP
intervention pilot. Therefore, they were able to provide feedback
on the delivery of the RT intervention in comparison to the IP
format.

The week prior to the start of the pilot study, participants came
to an orientation session in which they were given an overview
of the RT intervention, received their equipment as well as an
instructional manual. The orientation session included a
description of the 3-week pilot intervention, demonstrations of

the use of equipment (eg, syncing Fitbit trackers and weight
scales to tablets), introduction to apps installed on the tablet
that would be used for self-monitoring, and a tutorial on
accessing health education content on the tablet. RT pilot
participants engaged in 3 focus group discussions in a
community center (1 per week). Each family received a US $60
gift card for each focus group they attended. A focus group
guide was developed prior to the pilot study that included
questions related to the orientation session, lesson content and
format, weekly SMS text messages received, use of equipment,
and participants’ overall experience. Participants’ responses
were transcribed in field notes which were then analyzed using
content analysis [56]. RT team members decided to focus on
manifesting content and develop categories using an inductive
approach (ie, deriving categories directly from the text data).
One member of the RT team was responsible for reviewing field
notes, immersing herself in the data by reading through the
notes several times. She then noted categories emerging from
the data in an Excel file and shared them with other members
of the RT team for verification. Several categories emerged
from the data including hands-on training, user-friendliness
(equipment), user-friendliness (apps), lesson content and
aesthetics, and family engagement. These categories formed
the basis for lessons learned from our pilot study.

Hands-On Training
Participants stated that the orientation session needed more time
and many wanted more one-on-one time with staff members to
guide them to use the equipment. Participants wanted to spend
more time going through the apps on the tablet and more
demonstrations on how to log-in/log out of the apps for syncing
the equipment—especially because 2 people were using the
apps (parent–child dyad). Many participants suggested creating
a hotline number that they could call for help troubleshooting
any problems experienced.

User-Friendliness (Equipment)
A majority of the participants stated that the tablet was not very
user-friendly. For instance, many found the tablet bulky and
difficult to carry around. Participants indicated that they
preferred a smaller tablet that they could carry around with them
(in their purse). However, participants also stated that they really
liked using the tablet to view the exercise videos that were
provided during the second part of each online lesson. Most
participants stated that they wore the Fitbit all the time (except
when charging) and like using it to keep track of their steps and
sleep.

User-Friendliness (Apps)
Participants expressed that there were “too many applications
or things to do.” In particular, participants did not like having
to log-in/log out of the apps, for instance, to sync their child’s
data in addition to their own in the Fitbit app. Participants also
had a hard time navigating within the Moodle app to open and
view the interactive lessons. Participants also had difficulty
downloading the lessons to view. This issue was likely related
to their cellular data connection speed.
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Lesson Content and Aesthetics
Overall, the participants stated that they liked the lesson content,
including the interface design, colors, and layout. Several
participants requested SMS text message reminders to view the
lessons because it was “easy to put off.”

Family Engagement
Though participants were encouraged to view the lessons with
their child, most participants viewed the lessons during the
evening or on the weekends and did not include their child.
However, they stated that they shared the relevant information
with their child later.

Lessons Learned
Based on the findings from our pilot study, we learned that all
of the equipment should be presynced and apps ready to be used
prior to the orientation session. For the pilot study, when the
participants were given the equipment during the orientation
session, staff had to help them sync their Fitbit activity trackers
and scales to the tablet for both the parent and child. Because
the trackers and scales connect with the tablet using Bluetooth,
this proved to be challenging due to multiple devices being in
close proximity to one another. It was especially difficult for
less technologically savvy participants. Additionally, both the
parent and the child were using the same Fitbit app on each
tablet, requiring them to login and logout each time they wanted
to sync their equipment. This issue became a problem that
caused their data to sometimes get mixed up, especially with
the weight data from the scales. “Too many devices in one space
using Bluetooth to sync Fitbits and scales to tablets” as one
participant reported. We solved this issue by creating clones of
the Fitbit app so that two copies of the app could be installed
on the tablet: 1 for the parent and 1 for the child.

Many participants expressed that they had issues downloading
the lessons to view. This issue was likely related to their cellular
data connection speed. Because the participants lived in rural,
south Texas, their cellular connectivity was less than optimal.
Having a weaker cellular signal resulted in significantly long
times for each lesson to download to the tablet, and caused the
videos that were embedded into each of the lessons to often not
be able to play. To solve these issues, we embedded all of the
videos within the lessons rather than stream the lessons from
their original source (primarily YouTube). This required having
to download all of the videos from YouTube, and then importing
them into the lessons. To address the issue of the lengthy time
for downloading the lessons, which was exacerbated once videos

were embedded due to larger file size, all of the lessons were
predownloaded to the tablet prior to the equipment being given
to the participants. It should be noted that making these changes
resulted in the amount of data to be stored on the tablet hard
drive exceeding the available space (16 GB). Therefore, we
installed a micro SD (secure digital) data card (32 GB) into each
tablet.

By addressing issues participants had syncing their equipment
to the tablet and viewing online lessons, we were able to address
many of the challenges that occurred during the pilot. For
instance, we were able to provide more time during the
orientation session so participants have more hands-on training
in using the equipment and apps and we enhanced the
user-friendliness of the tablet, Fitbits, and apps.

Conclusion

We designed a digital technology–based intervention to deliver
a lifestyle modification program commonly delivered IP, by a
lifestyle coach. The combination of digital technologies and
live coaching affords the most efficient support to engage the
study participants and close the feedback loop while providing
constant exposure to the intervention content [29]. Digital health
interventions are promising, but sometimes demonstrate mixed
effectiveness [6,57], often due to low participant engagement
and high study attrition [27,57] and a lack of integration of
BCTs into interventions [32]. To address these concerns, we
designed the Healthy Frio RT intervention by considering both
the behavioral and psychological theories as well as systems
engineering models [31,58]. The latter was critical in
formulating technologies for efficient delivery and dynamic
feedback in the RT intervention. We also incorporated key
features identified in successful digital health interventions (eg,
live lifestyle coaching) to enhance the efficacy of the RT
intervention [28]. The RT development team was able to
overcome many challenges through close collaboration of a
multidisciplinary team consisting of behavioral health experts,
computer scientists, an instruction specialist, and primary care
providers. Finally, we embedded tools to collect information
on participant adherence and engagement as part of the RT
intervention. We hope that sharing our development process
and lessons learned will help other researchers understand the
factors influencing behavior changes in digital health
interventions and guide the development of the next generation
of digital health interventions.
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Abstract

Background: The effect of internet-delivered cognitive behavioral therapy (iCBT) on anxiety in adults is well-known. However,
patient dropouts and poor adherence to treatment are common. Feelings of belonging and empowerment from the treatment might
be key to the completion of iCBT. Peer support workers are people with a personal experience of mental health problems, trained
to provide professional support to people who require mental health care.

Objective: This study aims to assess patient experiences; the feasibility, safety, and acceptability; and preliminary effectiveness
on anxiety and depression, empowerment, and adherence to treatment in an 8-week peer-supported iCBT program for patients
with anxiety disorders treated in primary care.

Methods: This was a single-arm mixed methods feasibility study. Participants were patients referred to a central unit for iCBT
in primary care. Quantitative data were collected pre-, post-, and 3 months postintervention. Qualitative data were collected
through semistructured interviews.

Results: A total of 9 participants completed the quantitative outcome assessment. Statistically significant improvements were
observed in perceived empowerment at a 3-month follow-up, and significant decreases in anxiety, depression, and psychological
distress at the end of the treatment were maintained at a 3-month follow-up. In total, 8 of the 9 patients showed improvement in
the severity of their symptoms of anxiety. Adherence to treatment was good among the participants. No serious adverse events
were reported. Eight participants were enrolled in the qualitative analysis. The qualitative results showed 3 main themes: (1) real
contact in an online world, (2) empowering experiences, and (3) being behind the wheel. Qualitative results largely emphasized
the personal relationship and supported the acceptability of adding peer support to iCBT.

Conclusions: Peer support in digital treatment seems to be a safe and acceptable intervention. The preliminary results suggest
the effectiveness of peer support on patient empowerment, anxiety, depression, psychological distress, and adherence to treatment.
The results indicate the need for future studies to evaluate the effect of adding peer support to iCBT in larger randomized controlled
trials.

(JMIR Form Res 2020;4(8):e19226)   doi:10.2196/19226
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iCBT; cognitive behavioral therapy; internet-based intervention; anxiety disorders; primary care; treatment adherence and
compliance; peer support
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Introduction

Background
Anxiety disorders are mental health problems commonly
encountered in primary care that may lead to impaired
functioning in daily life. Data from the Swedish National Public
Health Survey show that in 2018, 39% of adult respondents
reported symptoms of anxiety [1]. Anxiety disorders are mainly
treated with antidepressants in combination with various
psychological treatments; however, the lack of access to such
treatments is a general problem in Sweden’s routine health care
[2].

Cognitive behavioral therapy (CBT) is a well-documented and
effective method for various anxiety disorders [3] and is often
recommended as a first-hand treatment in Sweden [2].
Therapist-guided internet-delivered cognitive behavioral therapy
(iCBT) may be an effective medium for disseminating
psychological treatment by providing greater availability and
reaching out to patients who would otherwise not seek care due
to fear of stigmatization [4]. Studies show that iCBT is effective
for treating a number of psychiatric disorders, including several
anxiety disorders, depression, substance abuse, and bipolar
disorder, among others [5-8]. A growing number of studies also
show that the effects of such treatment persist at long-term
follow-ups [8-11] and that it may be as efficient as face-to-face
therapy [7,12]. Moreover, people who have completed iCBT
generally show a positive attitude toward the treatment and its
effectiveness [13]. However, more research is needed on the
efficacy of iCBT in clinical settings, as only a limited number
of studies have been conducted to date [12].

Despite the positive results shown for iCBT, patient dropouts
and poor adherence to treatment are common [14-16]. To
increase patient compliance and completion of iCBT, additional
interventions might be needed to help patients cope with
continued symptoms during treatment. The need for additional
interventions is also supported by findings that therapist-guided
internet treatments have better outcomes [6,7] and more patient
adherence [6] than unguided interventions. Feelings of belonging
and empowerment gained from the treatment might be key to
patients’ completion of iCBT. Peer networks might be effective
in increasing adherence to treatment.

The mental health sector has recently seen an increase in the
use of peer support workers (PSWs) [17,18]. A peer support
worker is a person with lived experience of mental health
problems and rehabilitation who is employed in the mental
health sector and becomes professionally active in recovery and
support services for patients with mental health problems
[19-21]. The PSW publicly identifies as a person who has
received or is receiving mental health services [20] and has
recovered enough from their mental illness to manage that illness
and live a fulfilling life [19]. Peer support interventions focus
on strengthening patients’ resources, rather than focusing simply
on symptom reduction [22]. As peer supporters share their own
experiences of the path from mental illness to recovery, they
can function as role models and give patients hope [20,22]. This
sharing of experiential knowledge might empower patients to
become active agents in their own self-care [20,23]. Peer support

services might also be effective in providing social support,
which prevents isolation and acts as a buffer against stressors
[20,24]. Through the helper-therapy principle, it has also been
proposed that helping others might benefit PSWs themselves
by strengthening their self-esteem, sense of empowerment, and
confidence in their overall capability and ability to manage their
illness [20].

The effectiveness of peer support services is promising;
however, the evidence base is insufficient, and the results are
mixed [19,25]. A recent systematic review [26] showed that the
inclusion of peer support interventions in general clinical care
is as effective as usual care conditions on traditional clinical
outcomes, such as symptom severity and hospitalization rates,
and that peer interventions have a positive effect on measures
of hope, empowerment, and quality of life. Mahlke et al [22]
found that the addition of peer support to standard treatment
for patients with severe mental illness was related to higher
scores of self-efficacy than standard treatment alone.

Recently, peer support services have been tested and offered in
digital settings [21]. Some studies have investigated digital peer
support in online interventions aimed at patients with bipolar
disorders [27,28]. The participants in the supported groups were
guided in the program by people with personal experiences of
bipolar disorder. In both studies, adherence to treatment was
significantly higher among patients receiving peer support
[27,28]. A recent systematic review found preliminary evidence
for the effectiveness of digital peer support on patients’
functioning, symptom reduction, and program utilization [21].

However, to date, few researchers have evaluated digital peer
support in iCBT interventions. The results of a study in elderly
adults with depression indicated that peer-supported
CBT-informed intervention programs are acceptable and
equivalent to individually delivered internet interventions. Less
time from the therapist was needed in the group with peer
support [29].

Objectives
To our knowledge, no study has investigated peer support in
primary care iCBT for adults with anxiety disorders. Therefore,
the aim of this explorative study was to assess patients’
experiences, the feasibility, safety, and acceptability, and
preliminary effectiveness of an 8-week primary care,
peer-supported iCBT program for patients with anxiety
disorders. The hypotheses were that contact with a peer
supporter would enhance participants’ feelings of empowerment
and increase their adherence to treatment.

Methods

Design
This was a single-arm, pre-post mixed methods intervention
study to test the feasibility of an 8-week iCBT program for
patients with anxiety disorders treated in primary care. This
mixed methods study had a convergent design [30]. The intent
of a convergent mixed methods design is to collect quantitative
and qualitative data to allow the different methods to
complement each other in terms of strengths and weaknesses
and provide a fuller understanding of the research problem [30].
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One motivation for using a mixed methods design in this study
was to triangulate the research question using different methods
to investigate whether the results of the different methods
aligned with each other. The other motivation was to augment
the quantitative data with qualitative data of participants’
experiences, as few prior studies have investigated using peer
support in iCBT treatment, and thus to reveal new information
that could be useful in future work. Outcome assessments were
conducted at baseline, postintervention, and at the 3-month
follow-up. Semistructured interviews were conducted
postintervention to investigate the participants’ experiences of
treatment. Quantitative and qualitative data were analyzed
separately and integrated and interpreted during the discussion
of the results. Multimedia Appendix 1 shows the flowchart of
the study.

Participants
The study was approved by the Regional Ethics Committee of
Gothenburg (Dnr: 845-18). Participants were recruited from
patients referred to a central unit for primary care iCBT in the
Västra Götaland region, Sweden. Participants were adults aged
18 years or older with an anxiety disorder diagnosed according
to ICD-10 [31]. The inclusion criteria were having reached the
age of 18 years, having access to a computer with an internet
connection, being able to speak and understand Swedish, and
meeting the diagnostic criteria for an anxiety disorder (social
anxiety, generalized anxiety disorder [GAD], panic disorder,
obsessive compulsive disorder, or unspecified anxiety disorder).
The exclusion criteria were having started pharmacological
treatment for mental health problems or made major changes
in the medication in the past few months, having serious suicidal
ideation or suicide plans, having severe or complex comorbidity,

or needing other care or receiving ongoing psychological
treatment during the treatment period.

Procedure
All participants were interviewed before and at the end of
treatment by a psychologist using the structured diagnostic
interview instrument, PRIME-MD [32]. Before starting
treatment, all participants had a physical visit to the health care
center and a somatic examination by a general practitioner (GP).
The assessment interview was conducted by telephone upon
referral from the health care center. The psychologist conducted
an in-depth interview with the PRIME-MD and conducted a
clinical assessment. After the interview, all patients who met
the inclusion criteria were asked to participate in the study. They
were asked verbally, and written information was sent by post
to participants who wished to participate. The recruitment period
for the study was 4 weeks in the spring of 2019. Of a total of
41 patients booked for an assessment interview, 21 met the
inclusion criteria and were asked to participate. Of these 21
respondents, 15 agreed to participate. One of the initial 15
participants chose to withdraw from treatment before it began,
and one chose to discontinue participation in the study after
reading the information letter, but continued the usual iCBT.
Two participants were excluded from data analysis because they
were never active in the treatment program despite several
reminders. Two participants failed to send in their written
consent to participate in the study and were thus excluded from
the data analysis. The results are thus based on information from
9 participants who agreed to the study and took part in the iCBT
with additional peer support. Table 1 shows demographic
variables of the participants.
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Table 1. Demographic variables of patients (n=9) participating in the study.

Frequency, n (%)Characteristics

Age (years)

4 (44)18-25

4 (44)25-35

1 (12)35-45

N/Aa>45

Gender

4 (44)Male

5 (56)Female

Employment status

6 (67)Employed

1 (11)Student

2 (22)Sick leave

Previously received psychological treatment (lifetime)

5 (56)Yes

4 (44)No

Other psychological treatment during time for iCBTb

1 (11)Yes (counseling)

8 (89)No

Current medication for mental health problems during time for iCBT

3 (33)Yes (2 begun just before treatment)

6 (67)No

aN/A: not applicable.
biCBT: internet-delivered cognitive behavioral therapy.

Quantitative data were collected through assessment forms sent
to participants through a digital link sent to their email. The
participants filled in assessments of the primary outcomes at
the start of the treatment, at the middle of treatment, at the end
of treatment, and 3 months after completing the treatment. The
participants also completed a weekly assessment of symptoms
of general psychological distress in connection with each new
module in the treatment program. In addition, the participants
regularly responded to a question regarding suicidal ideation
as part of the weekly assessment of psychological distress. At
the end of treatment, a follow-up assessment was made by the
therapist in charge of the treatment to determine whether the
participant still fulfilled the diagnosis received at the assessment
interview before starting treatment. After completion of the
treatment, qualitative data were collected. A trained research
assistant, with no relationship to the participants, interviewed
the participants about their experiences and attitudes toward
treatment. The interviews were conducted by telephone 2 to 5
weeks after completion of treatment through a semistructured
interview guided with open-ended questions such as “How did
you experience the contact with a peer supporter?” The
participants’ descriptions led the interviewer to add follow-up
and in-depth questions such as “Can you tell me more?” The
interviewer assured data reliability by repeatedly asking
participants if they understood and by summing up what the

participant had said. The interviews lasted 30 to 45 min. All
interviews were audio-recorded and transcribed verbatim. The
research assistant transcribed the interviews. Of the 9
participants who completed the treatment, only one declined to
participate in the interview, and one responded to the interview
questions in writing. The qualitative result is thus based on a
total of 8 participants. In addition to quantitative measures and
participant interviews, text messages sent from the peer
supporters to the participants were collected and analyzed.

Intervention
Two peer supporters were recruited through a Swedish patient
organization, the National Cooperation for Mental Health in
Gothenburg (NSPHiG). This organization has an established
program for Swedish peer support education and a national
platform of guidelines and frameworks. The organization has
experience implementing peer support in psychiatric care and
participated in recruiting and educating PSWs in this study. The
2 PSWs recruited for the study had experience working at an
inpatient psychiatric clinic and were temporarily employed in
primary care during the study. They worked 16 hours per week
and supported 5 to 7 participants each. They had weekly
scheduled meetings with a supervising psychologist, who is
also the first author of this study. Supervision included
discussing the treatment content, the participants’ answers on
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the questionnaires, and reflections on the written messages from
the participants.

Peer supporters and participants interacted in the treatment
program via asynchronous secure messages. Peer supporters
were able to provide support and feedback on exercises in the
iCBT program. The participants received a follow-up telephone
call from the peer supporter in the middle of the treatment. In
addition, the interactions in the text messages between peer
supporters and participants were tracked by the supervising
psychologist, who had joint access with the peer supporters to
the treatment program in the digital system. The purpose of this
was to ensure the safety of treatment. The psychologist,
however, to stay true to how peer support operates in nondigital
interventions [33] and to ensure that the content solely reflected
the peer support intervention, did not try to influence the content
of the peer supporters’ messages.

Participants also had limited contact with 2 licensed
psychologists in the iCBT. Both psychologists worked at the
participating clinic and were experienced in working with iCBT.
All participants received a follow-up call from the psychologist
after the completion of treatment. The psychologist also made
telephone calls on the request of participants or if they thought
it necessary (eg, if the psychologist noticed high scores on
suicidal ideations or the participant remained inactive in the
program for longer than 2 weeks—a routine intervention at the
participating clinic).

In all cases, peer supporters had the most contact with the
participants. The contact between the participants and the
psychologists was limited to messages informing the participants
that new modules had been activated in the treatment program.
More detailed feedback on exercises and written messages was
given only upon request from the participants. The peer
supporters stated that they spent between 5 and 6 hours per
week on the intervention. These hours included supporting the
participants through the program as well as getting familiar with
the treatment program and the content of each module. The
psychologists spent roughly 10 to 15 min per participant per
week (ie, 120 min per patient during the total treatment period).

The iCBT program used in this study was developed by
Livanda-Internetkliniken AB for people affected by anxiety
problems such as panic disorder, social phobia, and generalized
anxiety. The program is based on both CBT methods and
acceptance and commitment therapy (ACT) interventions and
is a transdiagnostic program aimed at treating people with
mild-to-moderate anxiety problems [34]. The program is
designed as a course that includes education about symptoms
common to anxiety disorders and as a training on different tools
that have been shown to have a positive effect on such disorders.
The program includes 13 different tools, and the treatment
consists of 8 modules meant to be completed within 8 weeks.
The tools presented are based on ACT principles such as
exposure, acceptance, valued action, mindfulness, and defusion.
The program contains psychoeducational text sections and video
clips, assessments, and home assignments.

Measurements
Anxiety was measured using the GAD 7-item scale (GAD-7)
instrument. The instrument has 7 items measured on thresholds
for mild, medium, and severe anxiety [35]. Symptoms of
psychological distress were measured using Clinical Outcomes
in Routine Evaluation 10 (CORE-10) [36]. The instrument
consists of 10 items and has clinical cutoff scores for general
psychological distress. Symptoms of depression were measured
on the 9-item Montgomery-Åsberg Depression Rating
Scale–Self report (MADRS-S) [37] with cutoff points for
symptom severity. Empowerment was measured on the
Empowerment Scale [38], which consists of 28 items.
Acceptability was measured by using 4 questions, “To what
degree have you experienced the treatment as helpful?” “How
meaningful did you perceive the contact with the peer
supporter?” “Would you recommend iCBT to someone else?”
and “Would you recommend iCBT with peer support to someone
else?” All questions were scored on a scale of 1 to 5. Higher
values indicate greater acceptability.

Data Analysis

Quantitative Data Analysis
The quantitative data analysis for repeated measures was
performed using the Friedman analysis of variance (ANOVA)
[39,40], which is a nonparametric correspondence to a one-way
ANOVA with repeated measures. Post hoc analyses were
performed using the Wilcoxon signed rank test for related
samples. A Bonferroni-adjusted significance level was calculated
to minimize the risk of type 1 error since multiple post hoc
comparisons were made. The analysis was performed based on
the intention-to-treat approach. The last observation carried
forward was used to deal with missing data.

Qualitative Data Analysis
The qualitative data analysis was performed according to a
thematic analysis [41]. The method was chosen because it
provides the researcher with a flexible framework for finding
themes and patterns in data [41]. The method is not bound to
any theoretical foundation and can thus be used to analyze data
both deductively and inductively. As this was an explorative
study about the participants’ attitudes and experiences of a new
treatment intervention, an inductive bottom-up approach was
used to capture experiences and opinions as unconditionally as
possible. The analysis was performed using a realist approach
with the aim of identifying the manifest content of the
participants’ attitudes and experiences. The first author’s
pre-existing understanding of the topic is that of a working
clinical psychologist and scientist as well as the project leader
of the study. This might have influenced the understanding of
the content of the interviews, but it also provided a deeper
understanding of the intervention as a whole, which might have
made the interpretation of the participants’ experiences deeper
and more realistic. To ensure that the interpretation of the
material was as close to reality as possible, the third and last
authors were also involved in the interpretation process
described below. In addition, the last author also read the
original interview material to ensure a fit between the generated
themes and the content of the interviews.
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The data analysis was guided by the 6 steps described by Braun
and Clarke [41]. The interviews were first read several times
by the first author to become familiarized with the entire data
set and formulate ideas about the initial codes and themes. All
materials related to the research question were then coded by
the first author. The software program, NVivo 12, was used to
facilitate the coding process. After the initial coding, the codes
were manually gathered by the first author into a thematic map,
and preliminary themes and subthemes were identified. The
themes were then reviewed by the first and last authors and
revised when necessary. The first thematic map consisted of
several themes and subthemes that were later refined. Examples
of themes in this phase were experiences of peer support, effects
of treatment, the treatment medium, the treatment program, and
external factors. After this stage, the first author reviewed the
codes and corresponding themes and subthemes with the third
author, who had not been involved in the study design,
recruitment, treatment, or initial analysis nor to that point had
been familiar with the content of the interviews. After
discussion, the initial themes were condensed into 3 main themes
with corresponding subthemes. The codes were rechecked and
reorganized by the first author according to the new themes.
This process was guided by the dual criteria for judging
internally homogenous and externally heterogeneous categories
of [41]. Finally, the first author and last author read the original
transcriptions of the interview material and reviewed the codes
and corresponding themes and subthemes to ensure a fit between
the interview content and the formulated themes.

Peer Supporters’ Text Messages
The text messages sent from the peer supporters to the
participants were also analyzed using the same procedure as
described above for the interviews. The first step of the analysis
was performed by the first, fourth, and last authors and was
compiled into themes by the first author. The fit between themes
and content was rechecked by the last author.

Results

Quantitative Results
Quantitative results are based on information from a total of 9
participants who went through the iCBT with additional support
from peer support. Five participants stated that they spent 0-2
hours per week on the treatment and 4 participants spent 2-4
hours per week. No participant dropped out after starting
treatment. Some participants did not complete all of the modules,
but they continued to have written contact with their peer
supporter through messages in the program and thus remained
active in the treatment. Two participants completed only one
module, and 67% (6/9) completed more than half of the
modules. Table 2 shows the number of modules completed for
all participants.

Participants showed levels of anxiety and depression above the
thresholds before treatment. Table 3 shows descriptive statistics
for the different measurement points for GAD-7, MADRS-S,
CORE-10, and the Empowerment Scale.

Table 2. Number of modules completed (n=9).

Modules completed, nParticipants, n (%)

12 (22)

41 (11)

53 (33)

62 (22)

81 (11)
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Table 3. Descriptive statistics for measurement points on GAD-7, MADRS-S, CORE-10, and the Empowerment Scale.

Maximum scoresMinimum scoresVarianceMean (SD)MedianMeasurements

GAD-7a

18518.612.9 (4.3)15Pre

18423.29.8 (4.8)9Mid

13220.96.8 (4.6)5Post

13120.86.4 (4.6)53-month follow-up

MADRS-Sb

291141.023.0 (6.4)27Pre

28559.919.9 (7.7)23Middle

28480.915.8 (9)15Post

301108.514.3 (10.4)123-month follow-up

CORE-10c

311631.622.9(5.6)22Pre

25832.515.3(5.7)15Post

Empowerment Scale

915994.473.2 (9.7)71Pre

9559138.773.8 (11.8)72Middle

906286.077.6 (9.3)80Post

10062143.783.2 (12)853-month follow-up

aGAD-7: generalized anxiety disorder 7-item scale.
bMADRS-S: Montgomery-Åsberg Depression Rating Scale–Self report.
cCORE-10: Clinical Outcomes in Routine Evaluation 10.

Anxiety
The results from Friedman test for GAD-7 showed a statistically

significant difference between measurement points, X2
2=11.6;

P=.003. A post hoc analysis with a Wilcoxon signed rank test
for related samples was performed with a Bonferroni correction
applied, resulting in a significance level set at P<.017. Results
from the post hoc analysis showed a statistically significant
reduction in anxiety symptoms from pretest to 3-month
follow-up (Z=−2.552; P=.01; r=0.60) as well as from pretest to
posttest (Z=−2.668; P=.01; r=0.63). There was no statistical
difference in anxiety symptoms between postmeasurement and
3-month follow-up (Z=−0.170; P=.87; r=0.04).

Depression
For MADRS-S, the results from Friedman test showed a
statistically significant difference between measurement points

(X2
2=9.9; P=.01). Results from the post hoc analysis with the

Wilcoxon signed rank test, with the Bonferroni correction
applied (P<.017), showed a statistically significant reduction
in depressive symptoms from pretest to the 3-month follow-up
measurement (Z=−2.429; P=.02; r=0.57) and from pretest to
posttest (Z=−2.521; P=.01; r=0.59). There was no statistical
difference in depressive symptoms between postmeasurement
and 3-month follow-up for MADRS-S (Z=−0.491; P=.62;
r=0.12).

Psychological Distress
Results from the Wilcoxon signed rank test for CORE-10
showed a statistically significant reduction in symptoms of
psychological distress from pretest to posttest (Z=−2.524;
N-ties=8; P=.01; r=0.59). The 3-month follow-up test for
CORE-10 was not assessed since the participants filled in this
measurement in connection with new modules of the treatment
program and, by the 3-month follow-up, no longer had access
to the treatment program.

Empowerment
The results from Friedman test for the Empowerment Scale
showed a statistically significant difference between

measurement points (X2
2=10.1; P=.01). Results from the post

hoc analysis with a Wilcoxon signed rank test with the
Bonferroni correction (P<.017) showed a statistically significant
increase in experienced empowerment from pretest to 3-month
follow-up measurement (Z=−2.547; P=.01; r=0.60). There was
no statistically significant difference between pre- and
postmeasurement with the Bonferroni correction applied
(Z=−2.082; P=.04; r=0.49) or between postmeasurement and
3-month follow-up with the Bonferroni correction applied
(Z=−2.371; P=.02; r=0.56).

Clinically Significant Improvement
Clinically significant improvement was determined by
comparing the scores on GAD-7 and MADRS-S against the
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thresholds on the respective scales for mild, moderate, and
severe anxiety and depression at the start of treatment and at
the end of treatment. Of the 9 patients, 8 were considered
“improved” on the severity of their symptoms of anxiety; 4
were considered “improved” on symptoms of depression based

on the thresholds for mild, moderate, and severe depression on
MADRS-S; 5 were considered “unchanged” for symptoms of
depression, although 1 did not meet the cutoff threshold for
depression at startup or at the 3-month follow-up. Table 4 shows
the changes in the cutoff scores for the GAD-7 and MADRS-S.

Table 4. Clinically significant improvement.

Improvement MADRS-SSymptom severity for depression based

on cutoff scores on MADRS-Sb
Improvement GAD-7Symptom severity for anxiety based

on cutoff scores on GAD-7a
Participant

UnchangedFrom moderate to moderateImprovedFrom severe to moderate1

UnchangedFrom absent to absentImprovedFrom mild to absent2

ImprovedFrom moderate to mildImprovedFrom moderate to mild3

ImprovedFrom mild to absentImprovedFrom severe to absent4

UnchangedFrom mild to mildImprovedFrom moderate to mild5

ImprovedFrom mild to absentImprovedFrom severe to mild6

UnchangedFrom moderate to moderateImprovedFrom severe to moderate7

UnchangedFrom moderate to moderateUnchanged (worsening)From mild to moderate8

ImprovedFrom moderate to absentImprovedFrom severe to mild9

aGAD-7: generalized anxiety disorder 7-item scale.
bMADRS-S: Montgomery-Åsberg Depression Rating Scale–Self report.

Based on the diagnostic interview with Prime-MD conducted
at the start and the end of the treatment, 5 participants no longer
met the criteria for their main anxiety diagnosis after treatment;
4 were assessed as still meeting the criteria for their main anxiety
diagnosis, one of whom was referred back to the health care
center for further treatment. With that one exception, none of
the participants were considered in need of further treatment
for anxiety. Table 5 shows the participants’ diagnoses at the
start and end of the treatment.

At the 3-month follow-up assessment, 4 participants stated that
they had sought continued care for their mental health; 3 stated
that they had started some form of counseling, and 1 had started
pharmacological treatment for mental illness. Of the 4
participants who sought continued care after termination of
iCBT, 1 was classified as unchanged, while 3 were classified
as improved according to the results above.
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Table 5. Diagnosis at start and end of treatment assessed by the diagnostic interview, PRIME-MD.

Referred for further treatmentMeets criteria for diagnosis after treatmentDiagnosis at start of the treatmentParticipant

N/Aa1 •• YesAnxiety, unspecified
• •Depressive episode, unspecified No

N/A2 •• NoPanic disorder
• •Anxiety, unspecified No

•• YesSpecific phobia (emetophobia)

N/A3 •• NoPanic disorder
• •Generalized anxiety disorder Yes

•• YesSocial phobia
• •Depressive episode, unspecified Yes

•• NoObsessive compulsive disorder
• •Eating disorder, unspecified Not assessed

N/A4 •• NoSocial phobia
• •Generalized anxiety disorder Yes

N/A5 •• NoAnxiety, unspecified
• •Depressive episode, unspecified No

N/A6 •• YesGeneralized anxiety disorder
• •Social phobia Yes

Referred to health care center7 •• YesGeneralized anxiety disorder
• •Social phobia Yes

•• YesDepressive episode, mild

N/A8 •• YesGeneralized anxiety disorder
• •Recurring depressive episode, moderate Yes

N/A9 •• NoAnxiety, unspecified

aN/A: not applicable.

Safety and Acceptability
No serious adverse events were reported during the treatment
period or in the interviews with the participants. The participants
(n=9) scored a median value of 4 (on a scale of 1-5) on the
question “To what degree have you experienced the treatment
as helpful?” The participants also scored a median value of 3
(on a scale of 1-5) on the question “How meaningful did you
perceive the contact with the peer supporter?”

For the question “Would you recommend iCBT to someone
else?” 7 of the 9 participants stated that they would recommend
it, 1 would not, and 1 did not know or had no opinion. For the
question “Would you recommend iCBT with peer support to
someone else?” 7 of the 9 participants answered affirmative and
2 stated that they did not know or had no opinion.

Qualitative Results
Three main themes with associated subthemes were generated
from the qualitative results: real contact in an online world
(subthemes: “Support and encouragement” and “Sharing
experiences provides personal contact”); empowering
experiences (subthemes: “Changes in psychological well-being,”
“An ongoing task,” and “Acquired psychological strategies”);
and being behind the wheel (subthemes: “Flexibility and
responsibility” and “Barriers to treatment”).

The quotes in the text have been translated into English.

Real Contact in the Online World
This theme relates to the participants’ experiences of their
contact with the peer supporter and their thoughts on what had
been helpful or not about having the peer support in treatment.

Support and Encouragement

The participants generally described having had a good
experience with the peer supporter. Several described their
perception of peer support as very good and said that contact
with a peer supporter could help someone to see another side
to anxiety and to imagine the possibility of feeling better.
Several participants said that it felt good when the peer supporter
checked in on them and showed that they were there by emailing
every week, asking them questions about how things had been
going. They said it was useful to know there was someone there
who they could turn to. Many thought it was nice to be able to
write about anything they felt like and that the treatment
program felt more real when there were real people to write to:

I absolutely believe that it is a very good idea and
that you know that you are not alone and that it is
possible, there is a second side to the problem as well.
You can crawl out of this, so that’s what I think but
it was, it was a good experience on the whole.
[Participant #8]
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I thought it was very, it was nice that the person, the
peer supporter noticed if I had written that—I haven't
had anyone to talk to […] and then he wrote directly
saying that you can write to me when it is needed,
and then I wrote to him, so I thought it was very nice,
to just be able to write to someone like that.
[Participant #3]

Several participants were able to point to situations where
contact with peer support was extra helpful; however, some
stated that they had not had much contact with their peer
supporter. A couple of participants described wanting more
verbal contact with the peer supporter and thought that this had
facilitated their connection with each other. In line with this,
some participants described how it had been extra helpful when
they were able to speak with their peer supporter on the phone.
One participant asked for a physical meeting with the peer
supporter at the beginning of treatment and thought this had
facilitated their connection. One other participant, however, felt
that digital contact reduced the pressure of social settings and
made it easier to open up. Another described having wanted to
know more about the peer supporter's background and concrete
experience. In line with this, another participant described how
the contact was made more difficult because of uncertainty
about the peer supporters. Yet another participant felt that the
treatment worked equally well without peer support.

Sharing Experiences Provide Personal Contact

Many of the participants felt that it was positive to share
experiences with someone who had been in a similar situation.
Some described situations during treatment when it had been
helpful when the peer supporter shared how they had handled
similar situations in the past:

The peer supporter could write that I’ve also felt like
that sometimes, and I usually think this way and this,
that if you are afraid to say something that will sound
wrong, then try and do it and see what happens.
[Participant #3]

Several of the participants said that it felt like a more personal
contact to talk to someone with similar experiences than to
health care professionals (therapists, psychologists, or doctors).
The peer supporter was seen as a fellow human being and
someone who could understand their problems differently than
a therapist because of their personal experiences:

It was pretty nice to talk to someone. She had gone
through everything, and it wasn’t like someone or a
therapist was in charge, but maybe a fellow human
being, who knows where you are at. [Participant #1]

Empowering Experiences
This theme relates to the participants’ experiences of being
strengthened in themselves and how the treatment contributed
to their feeling able to handle their anxiety in a different way.

Changes in Psychological Well-Being

The majority of the participants described feeling less anxious
in general after the treatment and said that situations that used
to provoke anxiety did not do so anymore. Many participants
also described changes in cognition as they thought of their

emotions as “just feelings” and thus felt that they could handle
their anxiety differently than before starting treatment:

Well that, in fact, it might not be so dangerous. It’s
just a feeling. It can be very difficult, and to try to tell
yourself that it’s actually just a feeling, you probably
won’t not die anyway. [Participant #1]

Several participants described how the treatment had helped
them do things they had previously avoided because of their
anxiety. They described pushing themselves to talk in situations
that made them feel uncomfortable, daring to make mistakes,
or to state their opinion more clearly. Some described how going
through treatment had created a positive feedback loop and that
doing things they had previously avoided made them feel
stronger about themselves. Some also described how exposing
themselves to situations they had previously avoided helped
them to realize that those things were not as dangerous as they
had thought and to realize that if they did not try, things would
not get better:

…when I had anxiety, I often put things off. I mean I
didn’t want to meet people, but now I force myself to
just meet people, because it is not getting better from
me not doing it. [Participant #4]

The treatment has helped me to be able to do things
that I previously was anxious about. So it has
strengthened me, it has strengthened other parts of
my person and my inner well-being, which has made
me less uncomfortable in those situations that made
me uncomfortable in the past. [Participant #9]

A couple of the participants felt that through the treatment they
had realized that they were not the only ones to deal with
anxiety, and this realization made them feel less alone. They
also felt that they could think of their unhelpful thoughts more
as symptoms of anxiety than reflections of real conditions, and
could therefore feel less odd.

Several participants described feeling they had taken hold of
themselves by deciding to go through treatment, and a couple
described having clearer thoughts about themselves as the people
who had to deal with their problems.

An Ongoing Task

Most participants described feeling that they would continue
working on themselves even after treatment. Some pointed to
different interventions in the treatment program that they were
going to remind themselves to continue using. Others stated
that they would continue to do exercises from the program to
become better at taking care of themselves:

[There were] some practical exercises to do, and to
bring those with you, to keep doing those exercises
when needed. Or maybe not even when needed, but
on a regular basis. [Participant #9]

Acquired Psychological Strategies

Many participants described the program as having given them
helpful tools and new knowledge about thoughts, feelings, and
physical reactions to anxiety. Some participants emphasized
having a different perspective on their own thoughts and having
learned to question them. Other strategies that patients acquired
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were being able to put their thoughts and feelings into words
and to set goals for themselves. The participants mentioned
helpful interventions such as breathing exercises or postponing
rumination to a set time.

Being Behind the Wheel
This theme concerns the participants’ perceptions of the form
of the treatment and the perceived advantages and disadvantages
of mediating the treatment digitally.

Flexibility and Responsibility

Many participants had a positive attitude toward the treatment
program, and several thought the treatment had helped them.
None of the participants felt that the treatment had resulted in
a negative change for them. However, a few participants felt
that the treatment was not suitable for them.

Several participants emphasized the increased flexibility of the
digital treatment and appreciated being able to access the
treatment when it suited them and to reflect on the content at
their own pace:

It was actually the whole concept of having someone
all the time that you can have contact with and at the
same time be able to read up on and do things
yourself, but at the same time be able to write to
someone if you feel that you need it. [Participant #3]

In contrast, a few participants described how the flexibility of
the treatment could also be a disadvantage, as they postponed
working with the treatment, had less time to sit with the program
than they had intended, or felt too tired to engage with the
program after a day of working. In line with this, some
participants reasoned that the digital medium for treatment
placed greater demands on their own responsibility and
self-awareness. They reasoned that this might place a greater
demand on patients to have a functional everyday life and that
the treatment might be more suitable for patients with less severe
mental illness:

My first CBT treatment in group, for example, did not
work because I was too bad and what was required
there was way beyond what I could handle, so I would
say that maybe it is something to try when things start
to stabilize so that you are able to take that
responsibility yourself. [Participant #8]

Barriers to Treatment

The participants also described some difficulties related to the
digital form of treatment. Some participants felt that there was
too much information in the treatment program to read and
listen to. Several participants also mentioned that the pace of
the treatment was too quick, and they wished for more time to
go through the program. A few participants described having
difficulty engaging in the treatment because it came at an
inappropriate time in life, they were not prepared for how much
the treatment would require of them, and they found it hard to
take charge of doing things for themselves. Some participants
said that they had wished for more verbal contact with the
therapist or the peer supporter and thought this might have
facilitated their engagement with the treatment program:

It was nothing that suited me because a lot of what I
needed to do was a little more, I got stuck in trying
to understand it myself and doing it, and it was that,
that was the problem from the beginning, so it’s like,
I never got started so to speak. [Participant #7]

Peer Supporters’ Text Messages
Interviews with peer supporters showed that they were satisfied
with their role in the treatment program. The peer supporters
generally felt that the pace of their support could have been
quicker and thought they could have supported 8 to 12 patients
per day rather than 5 to 7.

The qualitative analysis of the peer supporters’ text messages
to the participants (n=81) resulted in 3 themes: reinforcement
of resources, being present for the patient, and being personal.

Significant for the theme “Reinforcement of resources” was
how the peer supporters reinforced the participants’ work with
the treatment by paying attention to and encouraging the
participants to work with the treatment program. They reinforced
participants’ engagement in positive behaviors or behaviors
related to their valued direction or goals (such as self-exposure
to anxiety or using strategies from the treatment program) and
encouraged them to express and share their opinions about the
treatment’s form, content, and specific exercises. The peer
supporters also invited dialogue with participants through
questions such as “What do you think about the treatment
program?” or “How do you feel you are doing with the
treatment?” The theme “Being present for the patient” represents
the various ways in which peer supporters showed the
participants that they were to support them. The peer supporters
validated the participants’ difficulties, expressed empathy, and
encouraged them to get in touch with them if they had any
questions or difficulties. The peer supporters asked about the
participants’ lives, but also created connection with the
participants by using everyday expressions such as “Happy
weekend” or “I wish you a happy Easter.” The peer supporters
also encouraged the participants to continue working with the
treatment program through written reminders and by prompting
upcoming exercises. The theme “Being personal” refers not
only to how the peer supporters shared their own thoughts and
opinions about the treatment program and various exercises that
they thought were helpful for them, but also to how they shared
their own experiences of dealing with and handling similar
difficulties in various situations. The peer supporters also made
use of self-disclosure by telling the participants about situations
they found difficult and emphasizing self-acceptance and
self-compassion when confronting difficulties in life.

Discussion

Principal Findings
To our knowledge, this is the first study to embed peer
supporters in primary care iCBT treatment for anxiety. We used
a naturalistic single-arm mixed methods approach to investigate
the feasibility, safety, experiences, acceptability, and preliminary
effectiveness of a peer-supported 8-week iCBT program on
anxiety, depression, psychological distress, empowerment, and
adherence to treatment. The results show that such a program
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is feasible and that participants appreciated the peer supporters’
help. The study was conducted in a clinical setting and thus
supports the feasibility of adding peer support to iCBT treatment
in real-world settings. A common criticism of efficacy studies
(ie, studies conducted in research settings with rigorous design
methods and with strict selection of research participants) is
that research conditions do not accurately simulate the real world
and thus have high internal validity but limited external validity
[42]. Our sample was largely representative of the patient profile
in primary care, which includes a range of socioeconomic and
clinical backgrounds. This study also provides evidence of the
general feasibility and effectiveness of iCBT in clinical
(specifically primary care) settings, as only a few studies on
iCBT have been conducted in clinical settings [12]. The
quantitative results further support previous research showing
that iCBT is effective both for mild-to-moderate problems [5-8]
and for more severe mental illness [43]. The participants in this
study had symptoms of anxiety and depression above the cutoff
thresholds, indicating that iCBT treatment might be effective
for more severe psychological distress.

The quantitative and qualitative results of this study support the
presumptive positive effect of peer support. The quantitative
results showed a significant reduction in anxiety and depression
after treatment, which was maintained at the 3-month follow-up
assessment. There was also a significant reduction in general
psychological distress at the end of the treatment. Statistical
data were also supported by clinical measures and qualitative
data. The participants felt that the treatment contributed to their
feeling of being able to handle their anxiety differently.
Participants also declared that they felt their lives had expanded
and, that after treatment, they could do things they had
previously avoided.

The combined results show an increase in the participants’ sense
of empowerment connected both to their contact with the peer
supporter and the actual tools in the iCBT program. Several
participants described how contact with a peer supporter helped
them see that it was possible to feel better. The treatment
program was seen as helpful because it provided tools to
overcome psychological barriers associated with anxiety, and
overcoming these barriers allowed the participants to feel more
empowered. The quantitative results also showed a significant
increase in the participants’ sense of empowerment between
the start of treatment and the 3-month follow-up after
completion. The quantitative and qualitative results in this study
showing increased empowerment are in line with previous
research showing that peer support interventions are related to
increased measures of self-efficacy, hope, and empowerment
[22,26]. These observations reflect several key learning points
in peer-supported interventions, such as focusing on
strengthening the patient’s resources. In addition, when peer
supporters share experiences of their own paths from mental
illness to recovery, they can function as role models and thus
provide hope for patients.

Prior research shows that guided iCBT is generally more
effective than unguided [6,7]; however, little is known about
what contributes to effective guidance in internet-mediated
treatment. The internet provides enormous possibilities for
disseminating evidence-based psychological treatment; however,

it provides little personalized contact and might seem more
effortful to patients. This possible disadvantage was evident in
this study with participants saying that although
internet-mediated treatment provides flexibility, it demands
more responsibility from patients than face-to-face treatment.
This is the only study that we know of that has qualitatively
analyzed participants’ experiences of peer support in iCBT, but
several prior qualitative studies have analyzed participants’
experiences of therapist-supported iCBT. The results of this
study regarding patient perceptions of the treatment medium
are in line with previous qualitative studies. The flexibility of
iCBT is often perceived both positively, by contributing to
patients’ experiences as the primary agents of their own change
and their ability to choose when and how to receive the treatment
[44-46], and negatively, by placing more responsibility on
patients, which can be experienced as demanding and might
contribute to difficulties in engaging with the treatment [47,48].
Many studies also emphasize support from the therapist as an
important factor in treatment outcomes [44-46,49].

Based on this study’s results, one factor that can contribute to
effective guidance in psychological internet treatment might be
more personal and self-disclosing messages, which become
even more important in a digital context than in normal
face-to-face treatment, where alliance-forming factors such as
body language, tone, and implicit validation strategies are lost.
The analysis of the text messages sent from peer supporters to
participants in the treatment program in this study shows how
peer supporters made use of self-disclosure, shared their own
experiences of dealing with difficulties in life, and shared their
personal reflections on the content and tools they thought were
helpful in the program. The usefulness of this was strengthened
by the qualitative results, in which several participants
emphasized the personal connection they felt when they were
able to share their difficulties with someone who had similar
experiences.

Adherence to treatment in this study was above that commonly
seen in other studies on iCBT, with a recent systematic review
and meta-analysis showing an average dropout rate of 15.7%
in guided iCBT treatment for psychiatric and somatic conditions
[7]. In this study, despite its small sample size, no participant
dropped out of treatment and 67% (6/9) completed more than
half of the treatment modules. These results are in line with
previous studies on digital peer specialists in internet treatment
[21,27,28], supporting the hypothesis that peer support can
enhance treatment engagement. Moreover, in this study, less
time was required by the therapist than usual in iCBT at the
participating unit since the study was designed to limit support
from the clinicians in favor of peer support. These results
support the feasibility of this study. This is also in line with a
previous study on peer-supported iCBT interventions, which
showed that less support from therapists was needed in the
peer-supported group [29]. A recent meta-analysis on iCBT for
anxiety and depression disorder reported that therapists reporting
spending from 18 to 352 min per patient ranged over the
treatment period, indicating large general between-therapist
differences in time allotted to iCBT [50]. In this study, clinicians
spent roughly 120 min per patient over the entire treatment
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period. Less time from the therapist can potentially increase the
scalability of iCBT and increase access to care for patients.

The qualitative results from this study also pointed to some
improvements that could be made in the design of the study.
Some participants stated that their contact with the peer
supporter was not fully utilized. Stated reasons for difficulties
in engaging with the peer supporter included a lack of
knowledge about the peer supporter’s background and training,
and a treatment period too short to create a real connection with
each other. Some participants and peer supporters (in discussions
during supervision) suggested that more verbal contact could
be useful for creating a sense of connection, especially early in
treatment. Prior research suggests that to be effective, it is
important that peer support services reflect cultural diversity
[20]. Research on self-help groups shows that when participants
perceive the other people in the group to be similar to
themselves, they are more likely to continue attending the group
[20]. For administrative reasons, this study had only 2 PSWs,
which limited their cultural diversity and might have influenced
the perceived helpfulness of the peer supporters for some
participants.

Future studies could contribute further by exploring how
interactions between participants and peer supporters can be
enhanced.

Limitations
This study was an uncontrolled feasibility study, so it is not
possible to rule out factors other than the treatment affecting
the outcomes. We also do not know whether similar results
would have been seen in iCBT treatment without peer support
for this specific group of participants. The study also has a

limited sample size, which limits both the conclusions that can
be drawn from the quantitative assessments and the
transferability of the qualitative data. Data saturation is defined
as the point when additional data no longer add new information
to the analysis, and it is used to determine when the recruitment
of new interview participants can be terminated. The themes
formulated in this study thus cannot claim transferability but
can guide the development of future peer-supported services
embedded within iCBT treatments. Despite the limited sample
size in this study, a clear strength is the combination of several
different analytic methods, including statistical analysis, clinical
measures, and qualitative analysis, all of which support the
conclusion that peer support is a feasible addition to iCBT.

In light of its limitations, this study should be replicated in larger
sample sizes, different populations, different contexts, and
randomized controlled trials.

Conclusions
This study supports the feasibility of adding peer support to
iCBT for adults with anxiety disorders. The results suggest
preliminary support for the effectiveness of peer support on
patient empowerment, reduction in anxiety, depression, and
psychological distress, and adherence to treatment. Qualitative
results also suggest that clinicians may be more effective by
allowing themselves, such as PSWs, to be more personal and
self-disclosing in their messages in the treatment program. Peer
support might therefore contribute to more effective guidance
in internet-based psychological treatment and might counter
the loss of alliance-forming factors such as body language, tone,
and implicit validation present in physical encounters. Future
studies should validate the findings of this study with larger
sample sizes and randomized controlled trials.
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Abstract

Background: Inadequately managed pain is a serious problem for patients with cancer and those who care for them. Smart
health systems can help with remote symptom monitoring and management, but they must be designed with meaningful end-user
input.

Objective: This study aims to understand the experience of managing cancer pain at home from the perspective of both patients
and family caregivers to inform design of the Behavioral and Environmental Sensing and Intervention for Cancer (BESI-C) smart
health system.

Methods: This was a descriptive pilot study using a multimethod approach. Dyads of patients with cancer and difficult pain
and their primary family caregivers were recruited from an outpatient oncology clinic. The participant interviews consisted of
(1) open-ended questions to explore the overall experience of cancer pain at home, (2) ranking of variables on a Likert-type scale
(0, no impact; 5, most impact) that may influence cancer pain at home, and (3) feedback regarding BESI-C system prototypes.
Qualitative data were analyzed using a descriptive approach to identity patterns and key themes. Quantitative data were analyzed
using SPSS; basic descriptive statistics and independent sample t tests were run.

Results: Our sample (n=22; 10 patient-caregiver dyads and 2 patients) uniformly described the experience of managing cancer
pain at home as stressful and difficult. Key themes included (1) unpredictability of pain episodes; (2) impact of pain on daily life,
especially the negative impact on sleep, activity, and social interactions; and (3) concerns regarding medications. Overall, taking

pain medication was rated as the category with the highest impact on a patient’s pain ( =4.79), followed by the categories of

wellness ( =3.60; sleep quality and quantity, physical activity, mood and oral intake) and interaction ( =2.69; busyness of
home, social or interpersonal interactions, physical closeness or proximity to others, and emotional closeness and connection to
others). The category related to environmental factors (temperature, humidity, noise, and light) was rated with the lowest overall

impact ( =2.51). Patients and family caregivers expressed receptivity to the concept of BESI-C and reported a preference for
using a wearable sensor (smart watch) to capture data related to the abrupt onset of difficult cancer pain.

Conclusions: Smart health systems to support cancer pain management should (1) account for the experience of both the patient
and the caregiver, (2) prioritize passive monitoring of physiological and environmental variables to reduce burden, and (3) include
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functionality that can monitor and track medication intake and efficacy; wellness variables, such as sleep quality and quantity,
physical activity, mood, and oral intake; and levels of social interaction and engagement. Systems must consider privacy and data
sharing concerns and incorporate feasible strategies to capture and characterize rapid-onset symptoms.

(JMIR Form Res 2020;4(8):e20836)   doi:10.2196/20836

KEYWORDS

cancer; pain; sensors; smart health; caregiver; home based; palliative care; opioids; smart watch

Introduction

Inadequately managed pain continues to be a serious problem
for patients with cancer and those who help care for them. An
estimated 40% to 90% of patients with cancer experience pain
across the illness continuum [1-3], negatively affecting sleep,
adherence to treatment, mood, and overall quality of life [2,4].
Even patients with cancer enrolled in home hospice programs,
which are uniquely designed to provide comprehensive support
at the end of life, risk experiencing poorly managed symptoms
[5-7]. One study found that >50% of hospice patients experience
moderate to severe pain in the last week of life [8]. The majority
of cancer symptom management occurs in the home setting,
where family caregivers commonly play a key role in supporting
patients. However, family caregivers are often required to make
decisions about symptom management with limited information
and support, which can significantly increase emotional distress
[4,9,10]. In fact, working to control difficult pain is consistently
rated as one of the most stressful tasks performed by family
caregivers [11-15].

Ensuring quality home-based symptom management support is
especially relevant for patients with advanced disease who may
wish to forego aggressive curative treatments, avoid trips to the
emergency department and hospitalizations, and focus on
comfort care at home. For example, pain that escalates without
adequate, prompt treatment can cause significant patient and
caregiver distress as well as unplanned health care
utilization/emergency department visits, which may not be
compatible with patient goals at the end of life [16-19]. Recent
studies have estimated that between 25% and 55% of emergency
department visits for patients with advanced cancer are
avoidable [16,17,20], and uncontrolled pain at home is a major
reason that patients disenroll from hospice programs [21-23].
As health care adapts to the challenges and realities of
COVID-19, home-based monitoring strategies are likely to
become even more essential for seriously ill and
immunocompromised patients who will be at higher risk for
adverse outcomes if they must present to acute care settings for
symptom management.

Although the literature richly describes the experience and
consequences of poorly managed cancer pain within the home
setting [4,5,24,25], gaps exist in understanding real-time,
dynamic contextual factors that may worsen or mitigate the
experience of cancer pain from the perspectives of patients and
family caregivers [4,15,26-30]. Smart health (eg,
wireless/mobile technology and user interfaces) is increasingly
being utilized to improve remote symptom monitoring and
management [31,32], but it is not always designed with
meaningful end-user input [33] and may not be appropriate or
feasible for the unique needs of patients and caregivers coping
with the stressors of advanced, late-stage illness, limiting its
ultimate utility and effectiveness [34,35]. Relatedly,
ever-evolving technological capabilities can capture a large
range of data, but it is not always clear which variables,
especially environmental, are most essential and how they
should be prioritized [30].

This research represents a multiphase effort to design and pilot
test an in-home smart health system, known as the Behavioral
and Environmental Sensing and Intervention for Cancer
(BESI-C) system, with a palliative care oncology population to
support patients and family caregivers in monitoring and
managing cancer pain. The overall research protocol is described
in detail elsewhere [36], but, briefly, BESI-C includes a package
of environmental and wearable sensors and user interfaces
deployed in patient homes to gather physiological, behavioral,
contextual, and environmental data regarding pain events from
the perspective of both patients and family caregivers. The
ultimate goal of BESI-C is to successfully predict pain episodes
and deliver real-time tailored interventions to both patients and
caregivers as well as share relevant data with stakeholders. This
manuscript presents results from phase I of the project (Figure
1), which aimed, from the perspective of both patients and
family caregivers, to (1) explore the general experience and
challenges of managing cancer pain in the home setting, (2)
evaluate the role of specific variables that may influence cancer
pain in the home setting, and (3) gather end-user input to inform
BESI-C system design.
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Figure 1. Overall study design. BESI-C: Behavioral and Environmental Sensing and Intervention for Cancer.

Methods

Study Design
This was a descriptive pilot study using a multimethod approach.

Setting
Patients and family caregivers were recruited from an academic
palliative care outpatient oncology clinic from April to July
2018.

Sample
Our goal was to recruit patients and family caregivers managing
difficult cancer-related pain in the home setting. Therefore, we
used a purposive sampling technique [37], and patient inclusion
criteria included (1) diagnosis of locally advanced or metastatic
malignancy, (2) currently taking prescribed opioid medications
(eg, morphine-type medications) for cancer-related pain, (3) a
score of 6 on the National Institutes of Health Patient-Reported
Outcomes Measurement Information System (NIH PROMIS)
Cancer Pain Interference measures (a composite score assessed
at each palliative care clinic visit to identify patients
experiencing difficult pain) [38,39], and (4) a primary informal
(unpaid; family, defined broadly) caregiver who helped manage
their care and symptoms at home. Both patients and caregivers
were aged >18 years, English speaking, and did not have
cognitive or visual deficits that would preclude the ability to
participate in the study. Palliative care clinicians helped screen
and verify the clinical eligibility of possible study participants.

Data Collection Procedures
Before data collection, approval was granted by the University
of Virginia Health Sciences Institutional Review Board. Both
patients and caregivers provided informed consent. A study
guide was created, informed by the literature and the research
study aims (Multimedia Appendix 1). In addition to basic
demographic questions, the study guide consisted of 3 parts.

Part 1
Part 1 consisted of open-ended questions regarding general
challenges and concerns in managing cancer pain at home.
Patients and caregivers were asked (1) Have you/the patient
experienced cancer pain at home in the past week or so? If so,
can you describe the experience from your perspective?; (2)
What has been the most difficult part of managing pain at
home?; and (3) What would help make managing the pain at
home easier?

Part 2
Part 2 consisted of a list of variables that may influence cancer
pain in the home setting that participants were asked to rank
regarding impact. The list of variables was created based on
their known relationship with cancer pain (such as the
connection between sleep and pain) [40,41], current
technological capabilities of the parent BESI system [42-44],
and our hypotheses that certain environmental variables (eg,
light and noise) that have received scant attention in the
literature [26] can influence cancer pain. Overall, 14 variables
were included in the final list and grouped into 4 categories:
medication, wellness, interaction, and environmental. The
primary objective of the variable list was to help inform the
design of the BESI-C system (ie, which sensors to include) and
validate our data collection plan.

Participants were asked to rate, on a Likert-type scale of 0 (no
impact) to 5 (significant impact), the degree to which they
thought each variable may influence the patient’s experience
of cancer-related pain. For example, patients were asked how
much they felt their mood or the temperature of the room
impacted their pain on a scale from 0 to 5. Caregivers were
presented with the same list of variables and asked to quantify
how much each factor influenced the patient’s pain, from their
perspective as the caregiver. Patients and caregivers were
instructed that the study team was interested in their individual
opinion and perspective and that it was fine if their answers
differed from those of their partner. If a participant felt the
correct answer was between 2 discrete values on the scale, they
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could indicate a half-way point, for example, 3.5. If participants
remained unsure and did not feel they could quantify the impact
of a particular variable, the item was skipped. (Note: participants
were not asked about the direction of the variable [eg, does light
make your pain worse?], but instead if they felt the variable
impacted their pain, either positively or negatively [eg, how
much of an impact, negative or positive, does light have on your
pain?]). After the set list of variables was reviewed, participants
were asked if there were any additional factors they felt
influenced cancer pain at home that they were not asked about
(eg, “Are there other factors we did not ask you about that you
think influence the experience of cancer pain at home? What
did we miss?”)

Part 3
Part 3 consisted of structured questions regarding the desired
features of the BESI-C system. Participants were shown physical

prototypes or pictures of the proposed components of the
BESI-C system, including environmental room sensors,
wearable sensors (smart watches), and a laptop base station used
for remote system monitoring and local data processing and
storage (Figures 2-5). Patients and caregivers were then asked
about their general impressions, concerns, and suggestions
regarding each system component. A key objective of this part
of the interview was to ascertain how willing participants would
be to interact with specific components of the system, for
example, how often they would be willing to answer ecological
momentary assessments (EMAs) [45] (brief survey questions)
on a smart watch or if they had concerns about wearing a smart
watch, in general. We were particularly interested in answering
these specific design questions, as our goal was to create an
unobtrusive smart health monitoring system that was acceptable,
user friendly, and did not increase burden in an already highly
stressed and vulnerable patient population.

Figure 2. Behavioral and Environmental Sensing and Intervention for Cancer (BESI-C) initial environmental sensor.

Figure 3. Behavioral and Environmental Sensing and Intervention for Cancer (BESI-C) updated environmental sensor based on user design input.
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Figure 4. Behavioral and Environmental Sensing and Intervention for Cancer (BESI-C) base station laptop.

Figure 5. Behavioral and Environmental Sensing and Intervention for Cancer (BESI-C) smart watch with custom app.

Dyads were interviewed together or separately, generally in the
outpatient palliative care clinic, based on their preference and
logistic considerations. (Note: we recognize that this difference
may have influenced participant responses, which is discussed
in more detail below.) For convenience, caregivers who were
unable to accompany the patient to the clinic were given the
option to be interviewed over the phone (to complete part 3
over the phone, caregivers were provided with detailed verbal
descriptions by the interviewer and/or pictures of the BESI-C
components for visual reference). Interviews were
audio-recorded with permission; detailed notes and responses
were also recorded using pen and paper during all interviews
by the research team member. Interviews lasted approximately

30 min, and dyads received a US $10 gift card as compensation
for their time.

Data Analysis Procedures

Qualitative Data
Interviews were transcribed verbatim and verified, and all
identifiers were removed. All transcripts were read in entirety
before analysis to understand the data set holistically.
Open-ended responses (Parts 1 and 3 of the interview) were
exported into Microsoft Word and organized by response to
each corresponding interview question, by patient and by
caregiver (eg, all patient responses to question 1 were grouped
together, and all caregiver responses to question 1 were grouped
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together). A deductive, descriptive qualitative approach was
then used to analyze interview responses across the entire data
set from the perspective of patients and family caregivers. In
keeping with our study aims, codes (or descriptive labels) were
applied to portions of text that discussed the general experience
of managing cancer pain at home and system design feedback
to help identify patterns and key themes. For example, if a
participant discussed fears related to pharmacological
management of pain, this was coded with the straightforward
label medication concerns. Themes were identified by
considering both frequency of codes (how often a similar
message was conveyed) and intensity of response (the strength
of an articulated opinion, either negative or positive). Our goal
with the analysis of open-ended responses was not to conduct
qualitative analysis with a high level of abstraction, but instead,
consistent with a descriptive approach, to stay close to our data
and more concretely understand participant responses to each
interview question [46].

Quantitative Data
Quantitative responses (part 2 of the interview) were entered
into SPSS (v25.0), and basic descriptive statistics were run,
including frequency counts and percentages for demographic
data and means calculated (overall, patient, and caregiver) for
individual and category (medication, wellness, interaction, and
environmental) pain variable impact scores. Independent sample
t tests were performed across all individual and category pain
variables to assess for statistically significant differences (α set
at .05) between patient and caregiver mean scores.

Results

Interviews
A total of 22 individuals were interviewed (22/22, 100%),
including 10 patient-caregiver dyads and 2 individual patients,

whose caregivers did not accompany them to the original clinic
visit and were unable to be contacted after 3 attempts. A total
of 5 dyads were interviewed together (dyads 6, 7, 9, 10, and
12), and 5 dyads were interviewed separately (dyads 1, 2, 3, 5,
and 11). Of the 5 dyads interviewed separately, 2 caregivers
were interviewed over the phone owing to logistic constraints.
All other interviews were conducted face-to-face. Results are
presented below by demographics and then by section of the
interview guide (Parts 1, 2, and 3) for clarity.

Demographic
Overall, almost half of the total sample (10/22, 46%) was aged
between 50 and 59 years, with an equal number of females and
males (11/22, 50%). The participants were primarily White
(20/22, 91%) and non-Hispanic/Latino (21/22, 96%). The
majority of patients (11/12, 92%) had a primary residence
classified by the Centers for Medicare and Medicaid Services
as rural [47]. Caregivers were predominantly female (7/10,
70%), lived full time with the patient (9/10, 90%), and were the
significant other or spouse (5/10, 50%). The average
patient-reported NIH PROMIS pain interference score was 7.16
(0, lowest interference to 10, highest interference), and half of
the patients (6/12, 50%) self-reported their performance status
as symptomatic, but ambulatory and able to complete their basic
needs independently (Eastern Cooperative Oncology Group
[48] score of 1). The most common malignancy was lung cancer
(4/12, 33%), and 50% (6/12) of patients received their diagnosis
<1 year ago. Table 1 presents the demographic data for the
overall sample, patients, and caregivers. Table 2 presents
cancer-related details for the patient sample.
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Table 1. Demographic characteristics of the patient and caregiver sample.

Caregivers (n=10), n (%)Patients (n=12), n (%)Total (N=22), n (%)Demographic variable

Age range (years)

2 (20.0)0 (0)2 (9.1)18-29

1 (10.0)1 (8.3)2 (9.1)30-39

2 (20.0)2 (16.7)4 (18.2)40-49

3 (30.0)7 (58.3)10 (45.5)50-59

2 (20.0)1 (8.3)3 (13.6)60-69

0 (0.0)1 (8.3)1 (4.5)>70

Gender

7 (70.0)4 (33.3)11 (50)Female

3 (30.0)8 (66.7)11 (50)Male

Race

0 (0.0)1 (8.3)1 (4.5)Black/African American

9 (90.0)11 (91.7)20 (90.9)White

1 (10.0)0 (0)1 (4.5)Missing (not asked)

Ethnicity

0 (0.0)0 (0)0 (0)Latino/Hispanic

9 (90.0)12 (100)21 (95.5)Non-Latino/Hispanic

1 (10.0)0 (0)1 (4.5)Missing (not asked)

N/A11 (91.7)N/AbRurala

Highest education level

2 (20.0)3 (25)5 (22.7)Less than high school

4 (40.0)4 (33.3)8 (36.4)High school graduate

1 (10.0)1 (8.3)2 (9.1)Some college

0 (0.0)2 (16.7)2 (9.1)2-year degree

2 (20.0)2 (16.7)4 (18.2)4-year degree

1 (10.0)0 (0)1 (4.5)Professional/graduate degree

0 (0.0)0 (0)0 (0)Doctorate

Current employment

4 (40.0)0 (0)4 (18.2)Full time

0 (0.0)1 (8.3)1 (4.5)Part time

3 (30.0)2 (16.7)5 (22.7)Retired

3 (30.0)9 (75)12 (54.5)Unemployed

Caregiver lives with patient

9 (90.0)N/AN/AYes, full time

1 (10.0)N/AN/AYes, part time

Caregiver relationship with patient

5 (50.0)N/AN/ASignificant other/spouse

1 (10.0)N/AN/ASibling

1 (10.0)N/AN/AParent

2 (20.0)N/AN/AChild

1 (4.5)N/AN/AOther (daughter-in-law)
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aRural determined by the Centers for Medicare and Medicaid Services based on patient’s address of primary residence.
bNot applicable.

Table 2. Patient sample cancer characteristics (N=12).

Total, n (%)Patient cancer variable

Primary cancer diagnosis

1 (8)Breast

1 (8)Gastrointestinal (other)

1 (8)Gastrointestinal (pancreatic)

1 (8)Gynecological

2 (17)Head and neck

1 (8)Hematologicala

4 (33)Lung

1 (8)Prostate

Time since diagnosis (years)

6 (50)<1

4 (33)1-5

1 (8)5-10

1 (8)>10

Patient self-reported ECOGb score

0 (0)0, normal activity

6 (50)1, symptomatic and ambulatory

2 (17)2, ambulatory 50%, some help needed

3 (25)3, ambulatory <50%, nursing care needed

0 (0)4, no self-care, bedridden

1 (8)Not available

7.16 (12)
NIH PROMISc pain interference scored (n)

aMultiple myeloma.
bECOG: Eastern Cooperative Oncology Group; standard patient performance scale.
cNIH PROMIS: National Institutes of Health Patient-Reported Outcomes Measurement Information System.
dPatient self-reported NIH PROMIS pain interference composite score, scored for clinical use on a scale of 0 (least) to 10 (most).

Part 1: Understanding the Experience of Managing
Cancer Pain at Home
Patients and caregivers uniformly described the experience of
managing cancer pain at home as stressful and difficult. Key
themes included (1) unpredictability and perceived inevitability
of pain episodes; (2) impact of pain on daily life, especially the
negative impact on sleep, activity, and social interactions; and
(3) concerns regarding medications. All 3 themes overlapped
as they did not occur in isolation. For example, the

unpredictability of pain episodes could be worse at night when
pain medications did not seem to be as effective, thus affecting
sleep. When asked what could make managing pain at home
easier, one caregiver simply stated, “when he heals, and this
goes away,” (CG1). Others suggested ideas such as more
rapid-acting interventions to relieve pain; reduced
back-and-forth travel for medical appointments; a more holistic,
nonpharmacological approach to managing pain; and better
ways to track and record medication use. Textbox 1 summarizes
and presents exemplar quotes related to part 1 of the interview.
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Textbox 1. Experience of managing cancer pain at home from the perspective of patients (Pt) and caregivers (CG).

What is the experience of managing cancer pain at home? What is most difficult?

Theme 1: Unpredictability and perceived inevitability of pain

• “That’s one thing about the cancer pain, is that you never know what you’re going to experience.” Pt 5

• “I do about all I can do. I don’t see it being any easier. It just stays, you know, it’s going to be what it’s going to be. It’s not going to get any
better or any worse.” Pt 7

• “No, I don’t think you can manage the pain.” Pt 9

• “It hits me so bad sometimes it brings tears to my eyes…When I’m in really, really bad pain it gets me down.

• I get depressed and it’s like, ‘God, is this ever gonna quit?’” Pt 11

• “Well, I know it hurts. Some days it looks worse than others.” CG 2

• “The experience to me, he gives me a headache,” CG 1

Theme 2: Impact of pain on daily life

• “Well, you know, I'm miserable... I pretty much became a hermit since this happened. You know, I try to stay away from everybody, so I don't
have to talk very much. I stay in the bedroom, you know, and watch TV most the time so I don't have to talk to people.” Pt 1

• “The intensity is worse in the evening at night...and also when I wake up in the morning. [The pain pills] are less effective at night...Sleep [is the
most difficult part]. It’s most frustrating when it [pain] has kept me awake or wakes me up.” Pt 3

• “I’m an active person and with the pain I could barely get my shirt off.” Pt 4

• “Miserable. Miserable, I don’t do nothing. I can’t.” Pt 9

• “The bottom line is just be secluded when I am in pain...When I’m really, really in pain, if I’m alone it seems to soothe it…nothing there to
irritate me to make it worse.” Pt 11

• “He was in real agony for a couple weeks, so bad he couldn't sleep.” CG3

• “I find it a little difficult...like she appears to be in pain, definitely lethargic and I think between the pain and feeling tired that definitely affects
her mental health...so it’s just kind of all blurred together.” CG 5

• “It’s really pulled her down. You know, we went from being outside every day and doing things to, you know, pretty much watch watching her
lay on the couch.” CG 9

Theme 3: Concerns regarding medications

• Fear of running out of medication or becoming addicted

• “I’m concerned that somebody will say you can’t have it anymore when I still need it. I know they’re addictive...but for me they’re necessary
for the pain.” Pt 3

• I haven’t looked it [my pain medication] up on-line but I kind of worry about how dangerous it is for the rest of my body.” Pt 4

• “The only thing that changes my pain is my medication. Especially if I got it, I use it right, it makes a big difference. But when I run out,
well, I got problems.” Pt 8

• “That’s my biggest fear is getting addicted.” Pt 9

• “I don’t really have enough medications, I guess...I take them just as they are prescribed to me...it’s frustrating after a while. Either I won’t
be able to sleep, do I want to be in pain or do I want to conserve the medications and if I’m gonna have enough or God forbid I lose some
or whatever...I ask for some [pain medication], ‘No.’ I ask again. ‘No.’ I don’t even ask them [health care providers] anymore. I’m tired of
it. I feel like a little child asking for a piece of f*...ing candy. It’s frustrating as hell.” Pt 10

• “...he could be in a whole lot less pain, but that’s regulation...What makes it difficult is that he knows that if he took another half a tablet he
would be in less pain but if he takes that half a tablet extra than he’s gonna have to be in more pain later [because there are not enough
tablets].” CG 10

• Coping with side effects

• “They’ve had me on so many different medications and you can take 30 pills a day and still not get the relief you need…and that’s hard on
your body. You’re dealing with all the different side effects...” Pt 5

• “...a lot of times I think I’d almost prefer to be in pain sometimes and live a little bit of life than sleep my life away.” Pt 10

• “Approaching things from a more holistic point [would help]...it seems that it’s just very much medication based and then side effects and
then you treat those side effects with medications and then those side effects with other medications...” CG 5

• “I don’t think any of it is doing its job. I mean, it did at first, but I think that her body’s just gotten so used to it and it’s not doing what it
was doing.” CG 9
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Keeping up with, and keeping track of, medications•

• “Managing my pain, being on so many different medicines for pain, trying to make sure I take them all...it’s time consuming.” Pt 1

• “Most difficult? Taking my medicine. Sometimes I’ll take more than I should if I’m really in a lot of pain, and I know I’m not supposed to
but it’s hard not to.” Pt 2

• “It [oxycodone] eases it a heck of a lot...I can sit and relax once it kicks in but once it wears off I’m going right back in the same state again.
The pain comes back...Then I say when it gets to the point where I just take one pill to kill the pain, fine, but taking two, you know, it could
be a problem.” Pt 11

• “I don’t always ask when I need it [pain medicine].” Pt 6

• “I can see when you need it [pain medicine] but I don’t just automatically give it to you...you’ve got to ask for it too…[it would be easier]
if [my husband] would ask for [pain medicine] instead of me saying, ‘do you need your pain medicine?’” CG 6

What would make managing pain at home easier?

• “Having something that would provide instantaneous relief because sometimes it just seems like it takes a long time for anything to take effect.”
Pt 3

• “Not having to keep going back and forth to the doctor so many times. It hurts her riding in the car.” CG 2

• “Some way to track when you’ve actually taken something because he’s writing it down, but when he was really dopey, he either didn’t remember
to write it down or he couldn’t read what he wrote because he was so doped up. Something that would, I don’t know what kind of technology
there would be, but something that scans the pill bottle or something and says ‘Ah, you’ve taken another one, so great, good for you’.” CG 3

The unpredictability of pain manifested in both the timing of
the pain, which could occur abruptly and severely, and the lack
of clarity regarding the origin of the pain. Patients often had
multiple potential sources of pain, such as rheumatoid arthritis
and cancer; this made it difficult for participants to sort out
which pain was related to cancer and which was not, and then
how to best and most appropriately intervene. The impact of
pain on daily life was particularly noted in the areas of sleep,
activity, and social engagement. Patients and caregivers reported
a vicious cycle related to pain and sleep: pain intensity could
flare up at night, causing insomnia, which resulted in worsening
of pain and social withdrawal. Some participants, primarily
patients, expressed a fatalistic attitude that cancer pain is
inevitable and inherently unmanageable, regardless of what they
tried to do to alleviate or mitigate the pain.

A strong theme in the interviews was related to challenges
regarding pharmacological management of pain. Both patients
and caregivers gave specific examples detailing the significant
labor—both logistic and emotional—involved in managing
cancer pain medications. Logistically, managing pain involved
time and discomfort of multiple trips to the clinic for medical
appointments; vigilance to coordinate, monitor, and remember
complex and ever-changing pain medication regimens; keeping
ahead of the pain by remembering to take pain medications
before the previous dose wears off; and coping with, and
balancing, side effects such as the perceived tradeoff between
having pain better controlled but becoming too drowsy.
Emotionally, participants discussed frustration and deep fears
about running out of prescription opioid pain medications, being
unable to obtain needed refills, or becoming addicted. These
fears often resulted in the rationing of tablets, further
exacerbating pain and distress. Medications were viewed by
both patients and caregivers as an essential, but imperfect, tool
that offered temporary relief from the pain, but that came with
a (metaphorically) high price tag.

Part 2: Variables that Influence Cancer Pain at Home
Table 3 compares the mean impact scores (0, no impact; 5,
highest impact) for factors that may influence a patient’s pain
at home by category (medication, wellness, interaction, and
environmental). Table 4 presents the ranking of the individual
variables from 1 (highest scored factor) to 14 (lowest scored
factor) by comparing mean impact scores by the overall sample,
patient, and caregiver. No statistically significant differences
between patient and caregiver mean scores were detected across
all variables.

Overall, and for patients and caregivers, taking pain medication
was rated as the category with the highest impact on a patient’s

pain ( =4.79), followed by the categories wellness ( =3.60;
sleep quality/quantity, physical activity, and mood and oral

intake) and interaction, ( =2.69; busyness of home,
social/interpersonal interactions, physical closeness/proximity
to others, and emotional closeness/connection to others). The
category related to environmental factors (temperature,
humidity, noise, and light/brightness) was rated with the lowest

overall impact ( =2.51).

Regarding individual variables within each category, in the
wellness category, the individual variables of sleep quality,
sleep quantity, and physical activity were rated as having the

most impact on a patient’s pain by the overall sample ( =4.28,

=3.98, and =3.90, respectively), by patients ( =3.91, 

1=3.96, and =3.91, respectively), and by caregivers ( =4.72,

=4.00, and =3.89, respectively). In the interaction category,
the variable busyness of home was rated with the highest impact

score by the overall sample ( =3.21) and by caregivers

( =3.28). Patients rated social and interpersonal interactions

as having the highest impact on their pain ( =3.50). In the
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environmental category, temperature was the highest rated

variable by the overall sample ( =3.30) and by patients

( =3.63); caregivers rated humidity as the highest impact

environmental variable ( =3.22).

The rank order of individual variables (Table 4) revealed that
pain medication, sleep quality/quantity, physical activity, and
mood occupied the top 5 spots for the overall sample and for
both patients and caregivers. Other variables related to
environmental and contextual factors were ranked more
diversely. Interestingly, emotional closeness/connection to
others was the lowest ranked variable by patients, whereas noise
was the lowest ranked for caregivers (but #9 for patients).

When asked if there were other variables that influenced cancer
pain not included on our list that we should measure with a
home monitoring system, only 2 participants identified
additional variables. One caregiver (CG 1) stated that the amount
the patient talks influenced his pain (patient had a diagnosis of
head and neck cancer) and felt this was an important variable
to assess. One patient (Pt 4) added “good support group of
people to help” as a broader interpretation of our questions
regarding the impact of emotional connection and social
interaction. A total of 3 patients responded to this question by
reiterating the importance of pain medication as the most
important variable that influenced their cancer pain.

Table 3. Comparison of mean impact scores of factors that influence a patient’s cancer pain at home, by category and individual variable, rated from
0 (no impact) to 5 (highest impact).

Caregivers (n=10), n (%)Patients (n=12), n (%)Overall (N=22), n (%)Category and individual variablesa

(n)(n)(nb)

4.784.794.79Medication, category mean

4.78 (9)4.79 (12)4.79 (21)Taking pain medication

3.803.453.60Wellness, category mean

4.72 (9)3.91 (11)4.28 (20)Sleep quality (how well)

4.00 (9)3.96 (12)3.98 (21)Sleep quantity (how much)

3.89 (9)3.91 (11)3.90 (20)Physical activity

3.33 (9)3.55 (11)3.45 (20)Mood

3.06 (9)1.91 (11)2.43 (20)Oral intake (eating/drinking)

2.522.822.69Interaction, category mean

3.28 (9)3.15 (10)3.21 (19)Busyness of home

2.29 (7)3.50 (9)2.97 (16)Social/interpersonal interactions

2.00 (10)2.73 (11)2.38 (21)Physical closeness/proximity to others

2.50 (10)1.90 (10)2.20 (20)Emotional closeness/connection to others

2.502.482.51Environmental, category mean

2.90 (10)3.63 (12)3.30 (22)Temperature

3.22 (9)2.00 (9)2.61 (18)Humidity

1.89 (9)2.21 (12)2.07 (21)Noise

2.00 (8)2.08 (12)2.05 (20)Light/brightness

aInstructions provided to participants during the interview: Please think back over the past few weeks or months. Patient: for each item, on a scale of
0-5 (0=not at all, 5=a great deal), how much do you think it makes your pain better or worse? Caregiver: for each item, on a scale of 0-5 (0=not at all,
5=a great deal), how much do you think it makes the patient’s pain better or worse?
bWhere “n” is not equal to the total sample, participant either was unsure/could not answer or the item was not asked (social/interpersonal interaction
factor question was added after dyad 3).
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Table 4. Rank order of individual variable impact means (0=no impact; 5=highest impact) on patient’s pain.

CaregiverPatientOverallRank

MeanVariableMeanVariableMeanVariable

4.78Pain medication4.79Pain medication4.79Pain medication1

4.72Sleep quality3.96Sleep quantity4.28Sleep quality2

4.00Sleep quantity3.91Sleep quality (tie); physical activi-
ty (tie)

3.98Sleep quantity3

3.89Physical activity3.63Temperature3.90Physical activity4

3.33Mood3.55Mood3.45Mood5

3.28Busyness of home3.50Social/interpersonal interactions3.30Temperature6

3.22Humidity3.15Busyness of home3.21Busyness of home7

3.06Oral intake2.73Physical closeness/proximity to
others

2.97Social/interpersonal interactions8

2.90Temperature2.21Noise2.61Humidity9

2.50Emotional closeness/connection
to others

2.08Light/brightness2.43Oral intake10

2.29Social/interpersonal interactions2.00Humidity2.38Physical closeness/proximity to
others

11

2.00Physical closeness/proximity to
others (tie); light/brightness (tie)

1.91Oral intake2.20Emotional closeness/connection
to others

12

1.89Noise1.90Emotional closeness/connection
to others

2.07Noise13

N/AN/AN/AN/Aa2.05Light/brightness14

aN/A: not applicable.

Part 3: Feedback Regarding the BESI-C System
Components
The results presented in Textbox 2 focus on the 2 primary
components of the BESI-C system: environmental and wearable
(smart watch) sensors as well as general system impressions,
suggestions, and concerns. (Participants expressed minimal or
no concerns about the laptop base station, which we are currently
removing from the system architecture and replacing with a
cloud-based service for a simpler and less-intrusive system
deployment and to facilitate more efficient data management.)
Overall, patients and family caregivers expressed interest and
receptivity to the concept of BESI-C, validated the importance
of monitoring cancer pain at home, were eager for innovative
ways in which to do so, and provided constructive feedback
regarding the system components. However, there was the

acknowledgment that providing feedback would involve actual
use and pilot testing of the system. There was also the
acknowledgment that a system such as BESI-C could be
particularly helpful in assisting caregivers to tune in to variables
that may influence a patient’s pain, but that may not be readily
obvious. Participants expressed a strong preference for
technology that is unobtrusive, simple, convenient, durable, and
aesthetically pleasing and that involves minimal interference
with daily activities, such as sleep. For both environmental and
wearable sensors, participants expressed concerns regarding
privacy and a desire for multifunctionality (eg, could
environmental sensors measure variables beyond those focused
on cancer pain, such as general air quality in the home, or other
symptom management issues, such as sleep apnea, and could
wearables measure additional factors such as blood pressure or
blood glucose levels).
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Textbox 2. Feedback from patients and caregivers regarding the Behavioral and Environmental Sensing and Intervention for Cancer system components.

General impressions and interest

• “I think it’s exciting that somebody’s coming up with this. I really do...the information that you can get from the sensors and the watch.” Pt 5

• “I think what you showed me is a good idea.” Pt 8

• “I do too [think it would be cool] because anything to try to help stabilize the pain.” Pt 9

• “Anything you all can come up with to help, I’d approve of anything. Yes, I would, because cancer is bad. It’s very painful... It’s just terrible.”
CG 2

• “No big deal, we like stuff like that...it’s useful.” Pt 7

• “Those are things that even if it’s a question that you just ask, those are things that we don’t pay attention to every day. You know, the stress
level in a room, issues like that. We’re not really tuned in to that.” CG 9

Environmental Sesnors

• Importance of household buy in

• “Wouldn’t bother me, but may bother my Dad...if it transmits information somewhere else and it monitors stuff in his house he probably
wouldn’t like it.” Pt 1

• "That would be good to me...It might not bother me, but it’s going to bother her [caregiver].” Pt 8

• “With me, if this is only gonna be in my room, fine. It wouldn’t bother me one bit. But as far as the one in the kitchen, the living room, her
[daughter in law’s] bedroom, I don’t think she’s gonna agree with that...You just got to figure out if we’ve got enough outlets to put these
things in that won’t interfere with her cooking, appliances, stuff like that... what I’m saying is run it by her and see what she thinks.” Pt 11

• Desire for multifunctionality

• “It reminds me of a little robot...that’s wonderful, so I’m glad if it will work. Could you put a smoke detector in there?” Pt 4

• “Well, with his condition, I mean it is a good idea for something like that, not just the cancer, with his sleep apnea and all that stuff and like
his asthma and stuff. I mean, that would be a good idea [to monitor too].” CG 1

• “I think that’s interesting. I would like to know exactly, you know, what I’m breathing, and you know, the air and stuff in the house.” Pt 2

• “Is there a way to monitor diet or when someone’s eating or not eating? I just know with my mom sometimes when she’s feeling a lot of
pain, she could go an entire day without eating.” CG 5

• Privacy considerations and data sharing

• “Cool. I’d want to know–okay, so it measures all of that–then what does it do with it? Does it spit it out at the doctor’s office? Can you get
it through an app? Can you look at what it’s doing?” CG 3

• “As long as it ain’t watching us.” CG 9

• “My major concern would be the privacy.” Pt 9

• “I would be quite concerned if it’s recording what I’m saying.” Pt 10

Smart watch

• Desire for simplicity and comfort

• “Should be super simple like the old people’s cellphone, the Jitterbug. I get up in the middle of the night and I don’t have my glasses on...so
it’s got to be really self-explanatory. Like you look at it, and you go, ’Red is bad, green is good’.” CG 3

• “I don’t like jewelry on me and stuff on my wrist...working on cars and stuff, a watch gets in the way.” Pt 1

• “I’d be concerned about how comfortable it is, how easy it would be to put on, about finding it if I took it off ‘cause I tend to lose things
like watches.” Pt 3

• “I see it possibly interfering just with work maybe. Just because of the work that I do [manual labor]. But other than that, I mean I think on
her it can be beneficial.” CG 5

• “I wouldn’t want it to take up my life, but I would be willing to try it.” Pt 4

• Privacy considerations and interfacing with the technology

• “People our age, it’s stereotypical, but it’s way too small. I cannot imagine trying to answer a question on that.” CG3

• “I mean she [the patient] could wear it, but I don’t know if I could, to be honest with you. When it comes to this high tech stuff I don’t know
nothing about it. I wouldn’t mind wearing it, if I could learn how to work it. You know, I would love to do it.” CG 2

•
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“As long as it’s not picking up on my personal stuff, I wouldn’t have a problem with it...I just don’t want my personal life put out there.”
Pt 9

• General impressions of smart watch

• “I think it’s a good idea myself. I think that would make a big different in monitoring some things.” CG 6

• [Could be tricky to remember to mark pain events]: “Would it give like an alert or something or some noise? I think once I get used to it I
think it would be great [and I would remember]” Pt 2

• [Willing to answer questions multiple times a day]: “whenever I needed to.” CG 11

• “It would be an annoyance to you because you’d have to answer it all the time...It does look nice, though. It looks nice and sleek.” CG 12

• “Convenient...doesn’t take any space up.” Pt 11

• “I think it would be beneficial, but it would be a pain.” Pt 12

Smart watch versus tablet to answer ecological momentary assessments (EMAs)

• “The watch because it’s with me all the time, even when I’m not at home.” Pt 2

• "Prefer iPad...it just looks easier to use. I assume it’s bigger...I would find the watch the most inconvenient, because I’d always have to have it
on or keep track of it or whatever. Something I could just put in one place and forget about would be better for me.” Pt 3

• “iPad may not be as accurate because you’re not going to remember everything after the fact.” Pt 4

• “I’d rather do the watch...it would be easier for me...this is attached.” Pt 5

• “I think I’d like the tablet more but that’s me.” Pt 6

• “It [the watch] would be a lot easier for me...I’m no electronic expert, you know what I’m saying? I don’t deal with computers...[willing to interact
with watch multiple times a day] anytime they [EMAs] popped up, as long as I’m not asleep.” Pt 11

• “[I’d prefer the watch] because I can’t stand an iPad. I had one at work and I just could not.” Pt 12

• “I think having a watch, having it all together in one unit would just be more streamlined so you don’t have to keep up with multiple devices.”
CG 5

• “Probably for a lot of people it would be easier on the tablet, but my only thought to that is...would somebody actually go for the tablet and
answer it? You know, if it’s on the watch you would do it automatically cause it’s right there.” CG 6

• “Either one is fine with me...in the summertime I really don’t want a tan line...so I would want to take a watch off if I had to wear it.” CG 11

System suggestions/concerns

• “You could set intervals at different times to remind you to take different types of medicine at different times; [that] would be about the best
thing I know.” Pt 1

• “For older people, as simple as possible. When you get to be a lot older you really don’t want to have to fuss with a lot of things that aren’t central
to your condition...if you’re in pain this kind of stuff’s going to go out the window, so I should say as simple as possible, absolutely as simple
as possible.” CG 3

• “We just have really horrible internet...our internet is just off of a hotspot from my cell service. That’s the only internet we have.” CG 5

• “The only concern I would have is, is it going to be like making noise and stuff like that?” CG 11

• “Those are things that even if it’s a question that you just ask, those are things that we don’t pay attention to every day. You know, the stress
level in a room, issues like that. We’re not really tuned in to that.” CG 9

• “I’ve got to see what all we gonna have set up in there. I’ve gotta see how comfortable I am with this by seeing how it all works, you know, and
then I can give you my opinion, based on everything.” Pt 11

Dyadic effect of technology

• “I think most people it wouldn’t bother. For me it’s different. I don’t like jewelry.” [Pt 6–then after hearing wife’s receptiveness to the watch
said:] “I think it would [make a difference]. I would make myself wear it if I had to.” Pt 6

• “Yeah, she’s [caregiver] taking it kind of hard...” Pt 8, [when explained how the watch would help monitor CG too.]

• “As long as she [patient] doesn’t mind, I wouldn’t mind.” CG 9

• [Patient acknowledging importance of monitoring caregiver experience]: “I think he [caregiver] kind of puts on a show of handling it better than
he does.” Pt 5

Specific to the environmental sensors, patients discussed the
importance of having everyone in the home consent to sensor

placement. Primary privacy concerns related to possible audio
and video data collection as well as data sharing (eg, where are
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the data going and who has access to them). Participants also
discussed practical issues related to internet connectivity and
power outages (particularly in rural areas); the number of
electrical outlets in the home needed to plug in environmental
sensors; how much space the sensors would occupy; and placing
sensors so that they are discrete, out of the way of small
children, and any cords are safely secured to prevent trip hazards
or falls.

Regarding wearable sensors, participants were intrigued by the
smart watch platform but wondered if (1) it would be difficult
or complicated to answer questions on the watch owing to the
relatively small touch screen, (2) they would have trouble using
the technology, and (3) EMAs would become annoying. Some
participants expressed concerns about having multiple watches
and having to charge them and the potential for them being
misplaced. Similar to environmental sensors, concerns were
expressed regarding privacy and data sharing (eg, what exactly
is being collected and where are the data going and when), and
some participants whose jobs required manual labor were
concerned that the watch may interfere with their work or
described themselves as individuals who just did not like
wearing watches or jewelry. Participants emphasized the
importance of a simple, clear user interface, and all but 1
participant reported a willingness to answer EMAs on a wearable
device. A total of 85% (17/20; 2 participants not asked) of the
participants reported that they would prefer to mark and

characterize pain events on a smart watch compared with a
tablet, as the watch would be attached to them and they would
be less likely to forget important details (Table 5). Some
participants felt that answering EMAs on a wearable device
could be annoying and they may forget to do it, but others were
willing to answer as many EMAs on the smart watch as needed.

One interesting finding involved divergent perceptions between
patients and caregivers regarding aspects of the BESI-C system.
When patients and caregivers were interviewed together,
caregivers often helped encourage an initially skeptical or
reluctant patient to try the technology or reassured them about
practical aspects, such as where environmental sensors could
be placed in the home or that they actually had enough electrical
outlets. When interviewed separately, patients commonly
expressed concerns about the technology they thought caregivers
would have, but which the caregiver did not actually express
when interviewed independently. In addition, conversations
related to the technology often revealed additional dyadic
dynamics, beyond what was expressed regarding the impact of
general symptoms. For example, when patients were asked
about specific aspects of the technology, it often prompted
comments acknowledging the difficulty of their illness on their
caregiver and their concern for the impact it has had on them.
Patients expressed that the BESI-C system would be helpful in
providing an objective picture of how their caregiver was
actually coping and what support their caregiver needed.
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Table 5. Participant preferences and concerns regarding a wearable device to answer ecological momentary assessments.

Specific comments/concernsPreference for tablet/smartphone
versus smart watch for EMAs

Willing to answer EMAsa

on a wearable device, in
general

Participant

Tablet would have to have durable case; watch needs to be unobtru-
sive

No preferenceMay bePtb 1

—dNo preferenceYesCGc 1

Watch would be “awesome”WatchYesPt 2

Concern about ability to manage technology; would need to be easyNo preferenceYesCG 2

Concerns about watch: comfort, loss, and potential burdenTabletNoPt 3

Worried about display size/visibility of watch and ease of button
use on watch; worried about loss of watch

TabletYesCG 3

Concern about watch bulkiness versus size displayWatchYesPt 4

—WatchYesPt 5

Concern about wearing at workWatchYesCG 5

—TabletYesPt 6

—WatchYesCG 6

“Watch is high-tech, I like it”Not askedYesPt 7

—Not askedYesCG 7

Thinks CG would prefer tabletWatchYesPt 8

Concerned about privacy; concerned about ability to be “outdoorsy”WatchYesPt 9

—WatchYesCG 9

“I don’t want to answer to anybody”WatchYesPt 10

—WatchYesCG 10

Concern about sleep interruptionWatchYesPt 11

—No preferenceYesCG 11

Privacy concernsWatchYesPt 12

Privacy concernsWatchYesCG 12

aEMA: ecological momentary assessment.
bPt: Patient.
cCG: Caregiver.
dNo additional comments provided.

Discussion

Principal Findings
This research contributes to a more complete understanding of
the experience of cancer pain in the home context and adds an
important dimension of considering the caregiver’s perspective.
It also fills an important gap in the evidence-based design of
smart health monitoring and intervention systems to provide
symptom support for patients and caregivers coping with
advanced cancer, a population with often significant, and unmet,
symptom management needs [35,49,50]. Our overall sample,
although equally split between males and females, had a
disproportionate number of female caregivers and, although not
racially or ethnically diverse, represents a geographically
underserved sample, as the majority of patients were from rural
areas of Central Virginia (consistent with the general
demographics of the cancer center recruitment study site). We

recruited a final sample size of 22 individuals, which is
consistent with the pilot, qualitative, and early stage smart health
design work [33,51-60] and the aims of our study to explore
proof of concept of the BESI-C system with end users and better
understand the experience of cancer pain at home.

Experience of Cancer Pain at Home: How This Can
Inform System Design
Our key qualitative themes that highlight the unpredictability
and perceived inevitability of pain, the negative impact of pain
on foundational aspects of daily life (especially sleep, activity,
and social engagement), and the challenges of managing and
monitoring complex medication regimens are not surprising
and validate a large body of knowledge regarding the difficulty
of managing advanced cancer pain at home
[4,9,10,15,23,24,61,62]. What is particularly noteworthy
regarding concerns about medication management is the
emphasis participants placed, especially patients, on fears and
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concerns regarding access to opioid pain medication, a mainstay
therapy in the management of serious cancer pain. It is especially
important to consider this finding in the context of the opioid
epidemic [63], where increased scrutiny and stigma attached to
opioid therapy, even for legitimate purposes, have created
unintended and increased obstacles and barriers to pain relief
[64,65]. This finding underscores the significant role of
pharmacological strategies in the management of cancer pain
at home and the importance of designing home-based monitoring
systems equipped with capabilities to support patients and
caregivers in tracking, monitoring, and using mediations safely
and effectively, especially prescription opioids. Consistent with
other literature [9,66-70], our interviews revealed that keeping
track of changing and complex medication regimens is time
consuming and stressful; home-based monitoring systems that
can assist with this aspect of care are essential to optimally
support patients and caregivers and should be thoughtfully
designed to not contribute or exacerbate the stigma and fears
associated with opioid therapy needed to treat legitimate cancer
pain.

Another important finding from our interviews is the need for
systems that capture the impact of unpredictable cancer pain
that can escalate severely and without warning. This type of
pain is commonly referred to as breakthrough pain and is
notoriously difficult to manage [19,71,72]. Although patients
and caregivers did not specifically use the term breakthrough
pain during interviews, they described significant distress
associated with abrupt pain of intense severity. Finding ways
to effectively capture and characterize this type of rapid-onset
pain requires systems that are simple, portable, and extremely
quick and easy to use, and is a primary rationale for our interest
in using wearable sensors to collect these data (vs smartphones
or tablets). Breakthrough pain can be an out of control
experience for patients and caregivers, resulting in feelings of
hopelessness [19,71]. We suggest that a monitoring system
designed to assist patients and caregivers in tracking, recording,
characterizing, and, ultimately, treating breakthrough cancer
pain episodes is vital to help restore a sense of control and
empowerment over their situation.

In addition, although pharmacological management of cancer
pain is critical to assess, participants also expressed a desire for
a more holistic approach to managing cancer pain, especially
given concerns regarding the multiple side effects of
medications. We accounted for this finding by adding EMAs
to our smart watch app that specifically asked about
nonpharmacological approaches patients and caregivers use to
manage cancer pain.

Variables That Influence Cancer Pain: How This Can
Inform System Design
A better understanding of the impact of variables that influence
cancer pain in the home setting can facilitate the design of
tailored systems equipped to measure and assess the most salient
variables. Although we did not detect statistically significant
differences between patient and caregiver mean impact scores
(most likely due to our small sample size and the possible
influence of participants being interviewed together), our results
make an important contribution and extend existing work [30,73]

as they (1) focus on perceived influences on cancer pain from
both the patient and caregiver perspective; (2) consider a holistic
set of environmental and contextual variables; (3) suggest
important data collection features to include in remote symptom
monitoring systems; and (4) provide initial insights into the
impact of critical variables that may influence cancer pain,
which can be built upon for future inquiry. The lack of a
significant difference may suggest that patients and caregivers
are largely in sync about what impacts pain, which could be
helpful and productive. For example, both patients and
caregivers ranked variables related to taking pain medication,
sleep, activity, and mood among the top 5, and they both ranked
taking pain medication as the most impactful variable
influencing cancer pain. These findings corroborate our
qualitative findings and again underscore the importance of
designing monitoring systems that account for ways to support
patients and caregivers in tracking and managing pain
medications.

It is not surprising that sleep quality and quantity were rated,
among all the wellness variables, as having the highest impact
on pain as the relationship between sleep and pain has been well
established [74]. Likewise, our results also confirm the known
connection between mood and pain [75]. Patients and caregivers
also rated physical activity as having a significant impact on
patients’ pain, justifying the importance of including
activity-monitoring features, such as pedometers and
accelerometers. It is noteworthy that sleep quality is rated as
the most impactful variable by caregivers, second only after
taking pain medication. This underscores the need to design
monitoring systems and interventions that do not further worsen
or interrupt sleep, such as with low-battery reminders or
bothersome sensor lights. Another particularly interesting
finding within the category of wellness variables is the fact that
caregivers rated the impact of oral intake (#8) higher than
patients, who rated it as the second lowest rated variable (#12).
For health care providers, this likely resonates as family
caregivers often have strong opinions and beliefs/concerns about
the nutritional intake of their loved ones, specifically how the
lack of adequate oral intake may worsen distress and pain [76].

Interpreting the impact of interaction and environmental
variables is more complex as there is less congruence between
patient and caregiver scores. Regarding interaction variables,
it is interesting that patients rated emotional closeness to
others/connection to others as having the least impact on their
pain, after noise, light, humidity, and oral intake. One
interpretation of this finding is that patients do not value
emotional connection or closeness or see little association in its
role to their experience of pain, which seems unlikely. An
alternative explanation could be that because we interviewed
dyads (and most commonly spouses), emotional
closeness/connection was assumed by the participants and
therefore not considered to be a significant variable. If we had
interviewed single patients with cancer, who may experience
more notable fluctuations in available emotional support, this
variable may have been rated differently. Another hypothesis,
consistent with the principles of Maslow’s hierarchy of needs,
is that patients experiencing significant pain will naturally focus
first on the physical aspects of their well-being (such as sleep),
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with less priority given to higher level needs, such as emotional
connection. However, patients and caregivers did rank
social/interpersonal interactions and busyness of home higher
on the list, suggesting that engagement within the home is
important and can influence pain. These findings suggest that
capturing the degree of social engagement within the home is
important and should be incorporated into home monitoring
systems with features that can track location and
person-to-person interactions.

As a category, environmental variables were ranked as having
the least influence on pain. However, as individual variables,
patients ranked temperature as having the fourth highest impact,
but all other environmental variables (noise, light, and humidity)
were ranked in the bottom 5. For caregivers, all environmental
variables were ranked in the lower half. One possibility is that
environmental variables have little influence on a patient’s pain.
Instead, we argue that environmental variables are likely to be
important factors (just ask anyone whose pain increases during
rainy, humid weather), but that patients and caregivers may
simply not be fully aware of the role these variables play as
they are rarely (if ever) systematically monitored, tracked, or
reported, making their impact less obvious and more difficult
to quantify. As monitoring environmental variables can be
performed passively, requiring minimal participant burden, we
suggest it is important to collect these data so that we can more
clearly understand the potential relationships between
environmental factors and pain episodes.

Finally, it is reassuring that participants did not readily identify
additional variables to measure with the BESI-C system. In
other words, patients and caregivers validated our list of
proposed variables and felt that we included a comprehensive
list.

Feedback About the BESI-C Prototype Components:
How This Can Inform System Design
Showing prototypes of the BESI-C system and discussing them
with participants proved to be very effective and helpful in
informing system design and refining the BESI-C system. For
example, based on feedback from participants, we elected to
use a smart watch to collect EMA data (vs a smartphone or
table) and iterated our environmental sensors to make them
smaller, sleeker, and more discrete. Another benefit of
discussing the technology with participants is that it confirmed
important dyad dynamics that reinforced our initial hypotheses
about system design. For example, the ultimate goal of BESI-C
is to improve communication between patients and caregivers,
particularly around pain management. This was reinforced by
comments from dyad 6, where the patient reported that he did
not always ask for pain medication, even when he needed it,
and the caregiver expressed that she was not always sure when
the patient needed pain medication. Data from BESI-C could
improve these types of interactions by providing helpful data
in real time to patients and caregivers.

We paid particular attention to data privacy based on participant
feedback. The system includes no cameras, and the microphone
outputs are locally processed to extract relevant audio features
(eg, loudness level and noise fluctuation) so that no interpretable
audio data are stored or transmitted. Participants also had

questions about data sharing and expressed interest in seeing
their own data and having it be available to health care
providers. Our initial pilot work does not fully explore this
important question (although patients and caregivers will see
selected extracted features of their data), but future work will
examine how to optimally generate data visualizations and how
to best share these data with relevant stakeholders.

Patients and caregivers expressed less concerns regarding
passive monitoring and seemed to prefer elements of the system
that could be left alone and just do their thing. This is important
when considering the system design for this patient population
and suggests that passive data collection, with environmental
sensors or physiological monitoring with wearables, may be
more acceptable and feasible and that active data collection with
EMAs should be extremely judicious to reduce user burden.
Simplicity and ease of use were critically (and not surprisingly)
important to participants, and we designed our smart watch user
interface to be extremely easy to use, intuitive, and to work well
on a watch touchscreen [36]. Through all portions of the
interviews, both patients and caregivers reinforced the
importance of medication tracking and monitoring. On the basis
of this feedback, the BESI-C EMAs include simple questions
about medication use as well as reasons pain medication may
not be taken even if patients are in pain (eg, concerns about
running out of tablets).

Limitations
The primary limitation of this study is the sample size, which
reduced generalizability and precluded our ability to detect
statistical significance in our analysis of variable impact scores.
However, our sample size is consistent with the scope of a pilot
study related to early stage smart health design [33,53,54] and
the aims of qualitative research [51,52,56] and provides an
important rural perspective. Our initial intent was to interview
all dyads together, but this proved difficult/impossible due to
logistical constraints. To avoid increasing the participant burden,
a critical consideration for this patient population, some dyads
were interviewed together and some separately. Although
participants were instructed that we were interested in their own
individual opinion and perspective, it is likely that for dyads
interviewed together, hearing their partner’s responses may
have influenced their answers. Finally, we do not know the
direction of the impact of variables as we did not ask participants
whether certain factors made pain better or worse, only whether
they felt the variable had an important impact, either negative
or positive. Therefore, for example, we cannot say that a high
score of physical activity means physical activity improves pain
or makes it worse—only that the variable of physical activity
is perceived to have a significant influence on the patient’s pain.

Future Directions
This study provides important foundational data that can inform
future research, particularly related to understanding variable
influence on the pain experience and how this can inform remote
monitoring system design. Conducting a similar study in part
2 with a larger sample size of dyads would be helpful to detect
statistically significant differences between how caregivers and
patients rank variables that may influence pain. Relatedly, it
would be interesting to explore whether, and how, concordance
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between variable ratings among patients and caregivers changes
relevant clinical outcomes. For example, are dyads with higher
variable congruence (eg, more agreement regarding the impact
of certain variables that may influence pain) more likely to
experience lower levels of pain and overall distress? This could
be evaluated by asking patients and caregivers to independently
score a list of variables, deploy a monitoring system such as the
BESI-C, and then compare the reported pain and distress levels
with predeployment variable congruence levels. Such results
would help further inform the design of smart health monitoring
systems and personalized interventions. In addition, more recent
concerns regarding home-based care in the context of
COVID-19 are prompting adjustments in the BESI-C system
design to facilitate contactless deployments.

Conclusions
Strategies to monitor and treat cancer pain outside the acute
care setting are critical as most cancer symptom management
occurs at home, often causing significant stress for both patients
and family caregivers. Home-based smart health monitoring
systems designed to support cancer pain management should
account for the experience of both the patient and the caregiver;
prioritize passive monitoring of physiological and environmental
variables to reduce burden; and include functionality that can
monitor and track medication intake and efficacy, wellness
variables (such as sleep quality/quantity, physical activity, mood,
and oral intake), and levels of social interaction and engagement.
In addition, systems must consider concerns regarding privacy
and data sharing and incorporate feasible strategies to capture
and characterize rapid-onset symptoms.
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Abstract

Background: The majority of cigarette smokers want to quit someday but are not ready to commit to long-term abstinence.
However, available smoking cessation treatments are not well-suited to meet the needs of these ambivalent smokers. Low-cost,
high-reach mobile health (mHealth) interventions may be a cost-efficient means of offering assistance to ambivalent smokers,
yet there are currently no evidence-based options available for this group.

Objective: The aim of this study was to develop and preliminarily evaluate the core content for an mHealth program targeting
adult smokers who are ambivalent about quitting. The core content consisted of a series of “personal experiments” similar to
those tested as part of a counseling intervention in prior work, including brief cognitive or behavioral tasks designed to boost
readiness for changing smoking behavior.

Methods: We conducted individual user interviews (N=3) to refine program content, and then conducted a one-arm pilot study
(N=25) to assess user receptivity and the potential impact of the experiments on motivation and self-efficacy to quit or reduce
smoking.

Results: In user interviews, participants liked the concept of the personal experiments. Participants in the pilot study found a
medium-fidelity prototype to be highly acceptable. After watching a brief orientation video that explained how the program
works, most participants (80%, 20/25) indicated that it sounded interesting, primarily because it did not require any commitment
to quit. All participants (100%, 25/25) completed all 7 experiments, including a 24-hour quit attempt, although not all were able
to refrain from smoking for a full day based on qualitative feedback on the experiment. The mean rating of usefulness of the
overall program was 4.12 (SD 1.09) out of 5, and the average rating of the difficulty of the experiments was 2.16 (SD 1.18) out
of 5. At the last assessment point, 92% (23/25) of the participants indicated that they were more interested in either quitting or
cutting back than when they began the program, and 72% (18/25) said that if the program had included a free trial of nicotine
replacement therapy, they would have used it to try to quit smoking.

Conclusions: This formative work confirmed that ambivalent smokers are willing to use and will remain engaged with an
mHealth intervention that employs the novel concept of personal experiments to enhance their motivation for and ability to quit
smoking. The addition of action-oriented treatment (self-help and free nicotine replacement therapy, quitline referral) could
further support users’ efforts to stop smoking and remain quit.

(JMIR Form Res 2020;4(8):e21784)   doi:10.2196/21784
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Introduction

Background
According to the World Health Organization, tobacco kills
approximately half of its users worldwide and is responsible
for over 8 million deaths per year [1]. Helping people quit
smoking is critical to reducing the human toll of tobacco use,
but is also a difficult goal as most smokers are ambivalent about
quitting. Approximately 70% of smokers in the United States
report that they want to quit smoking someday, but they are not
currently ready to quit nor actively seeking treatment [2]. This
ambivalence makes it difficult to engage these individuals in
nicotine dependence treatment programs. Consequently,
reducing tobacco use on a population level will require new
intervention strategies that can engage, motivate, and effectively
assist ambivalent individuals in quitting smoking. Digital
therapeutic interventions such as mobile health (mHealth) apps
offer a potentially high-reach, effective strategy for achieving
this important public health goal.

To date, no published trials have tested self-guided mHealth
interventions designed for ambivalent smokers, despite strong
rationale for doing so. The vast majority (81%) of US adults
own a smartphone, including those with only a high school
education (72%), those who make less than $30,000 a year
(71%), and racial/ethnic minorities (Hispanic, 79%; Black, 80%)
[3], which are also demographic groups with high smoking rates
[4]. Further, rates of smartphone ownership are similar among
smokers and nonsmokers [5]. Evidence from our preliminary
work also suggests that smokers who are ambivalent about
quitting—specifically, those who want to quit smoking someday,
but not in the next 6 months—are quite receptive to mHealth
interventions focused on smoking: 75% stated they would
consider using a cessation app, 88% were interested in an app
to help them reduce their smoking, and 91% were interested in
an app that could help them decide “if , when, or how” to quit
[6]. This suggests that, with appropriate intervention
message-framing that takes their ambivalence into account, a
self-guided mHealth intervention could reach and assist a sizable
proportion of smokers who would not otherwise seek treatment.
A particular advantage of mHealth in this context is that it does
not require involvement of a treatment provider in contrast to
other digital interventions that include ambivalent smokers as
part of the target user group (eg, a provider-facilitated social
media intervention targeting young adult smokers across all
stages of change [7]). Thus, our aim was to create a novel,
empirically validated, self-guided mHealth intervention that
will be appealing to ambivalent smokers, able to keep them
engaged over time, and ultimately assist them in quitting
smoking.

Intervening With Ambivalent Smokers
Research suggests that ambivalent smokers may benefit from
standard, evidence-based treatment approaches (ie, behavioral
and pharmacological interventions), but that they may also need
to be introduced to these methods in a softer, more gradual

manner than would be used with smokers who are already
committed to quitting [8]. For example, we found that
ambivalent smokers are willing to enroll in clinical trials when
it is clear that the goal is to help them explore their willingness
to quit or to answer questions about the quitting process, as
opposed to asking for a commitment to stop smoking, and many
go on to successfully quit [9,10]. Other studies have found that
ambivalent smokers are receptive to a goal of smoking
reduction, which in turn can increase quit rates, particularly
when the intervention is paired with a stop-smoking medication
[11-15]. This concept—that ambivalent smokers can benefit
from the same evidence-based strategies used with smokers
ready to quit, if framed appropriately—is consistent with West’s
[16] PRIME theory, in which motivation is viewed as a dynamic,
rapidly changing state rather than one that emerges slowly and
in a staged manner. The implication is that interventions
targeting ambivalent smokers should be responsive to rapid
changes in motivation and able to support smokers’ changing
needs and interests, while still focusing on similar goals and
strategies that have been found to be effective for smoking
cessation.

Intervention Concept and Preliminary Work
We previously designed and pilot-tested a phone-based
counseling program for smokers with depression, most of whom
(69%) were ambivalent about quitting. A key component of the
intervention was 9 weekly “experiments” that the participants
were encouraged to try on their own between counseling
sessions and to report back what they had learned. Each
experiment was a short exercise designed to address cognitive
restructuring and behavioral activation for mood management
or to build self-efficacy for smoking cessation (eg, learning to
delay smoking in response to urges, making a practice quit
attempt) [17].

Findings from this study demonstrated the acceptability of using
this approach to engage ambivalent smokers and support
behavior change. We subsequently assessed ambivalent
smokers’ reactions using a similar concept as a component of
an mHealth intervention during user-centered design workshops.
Participants in our user-centered design workshops were strongly
in favor of trying what they retermed “personal experiments”
to guide them through short, discrete activities that could help
them learn the skills needed to change their smoking habits or
to explore their interest in quitting. They particularly liked the
idea of accessing these “personal experiments” through an
mHealth app and suggested that users have the opportunity to
earn points or rewards for completing each experiment.
Gamification is a common request from smokers in our design
work [6,18,19].

Current Study
The goals of this study were to design and pretest a set of
mHealth-delivered “personal experiments” for ambivalent
smokers, using the experiments from our prior research as a
guide, but modifying the topics and experiment structure (eg,
duration) to work better as part of a self-guided program. Study
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findings are currently being used to refine the experiment
concept for subsequent testing of the efficacy of this intervention
as part of a more comprehensive mHealth app.

Methods

Prototype Development and Testing

Theoretical Foundation
The intervention concept was grounded in several prominent
and complementary motivation and behavior change theories
along with the empirically validated best-practice
recommendations of the US Public Health Service (PHS)
Guidelines for Treatment of Nicotine Dependence [20].
Consistent with the PRIME theory of motivation [16,21], the
intervention acknowledges that motivation for behavior change
is fluid and, in part, determined by one’s situational beliefs.
Thus, the intervention assumes that motivation will fluctuate
over time and targets smokers’beliefs. In accordance with social
cognitive theory [22-24], which forms the basis for cognitive
behavioral therapy and many recommendations of the PHS
Treatment Guidelines [20], we focus on promoting confidence
(self-efficacy) and positive outcome expectations, since these
are associated with success in quitting smoking. Toward this
end, we used an approach to engage smokers in discrete
experiments designed to shape their motivation and behavior
change through traditional behavioral techniques such as

successive approximation, reinforcement, and shaping. The
experiments were also designed to teach the specific skills
needed to cut back or quit smoking (eg, managing cravings)
using techniques from both traditional cognitive behavioral
therapy (eg, problem solving, stimulus control) and acceptance
and commitment therapy (eg, values clarification, mindfulness,
and other acceptance-based coping skills) [25-27]. We
hypothesize that by engaging in the experiments, smokers will
have successive mastery experiences that will build confidence
and positive outcome expectations (ie, “I believe that I can
control my smoking or I can quit when I am ready”), and in
turn will encourage greater efforts for change, including making
a quit attempt and ultimately quitting smoking. Drawing from
Fogg’s [28] model for persuasive design, the intervention also
recognizes that when people have low motivation for change
(as is expected for ambivalent smokers), it is important that the
behaviors they are asked to engage in are fairly simple (ie,
require low ability) and that these behaviors need to be coupled
with extrinsic triggers to prompt engagement (ie, reminder
prompts).

To ultimately achieve smoking cessation, individuals may also
need to utilize other treatment aids such as counseling or
pharmacotherapy [20], but we believe that engaging in the
personal experiments will increase the likelihood that this will
occur. Figure 1 shows the theoretically based conceptual model
of the intervention; items in grey reflect the core intervention
elements being developed and evaluated in the present work.

Figure 1. Conceptual model of the intervention.

Preliminary User Interviews
As a first step, we wanted to assess individuals’ reactions to the
general experiment concept when presented as self-guided

app-based exercises, and to collect feedback on several key
issues that could help us refine the content and design of the
experiments in the pilot study. For this purpose, we adapted 5
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personal experiments from a prior study that used a similar
experiment concept as part of a phone-based counseling program
[17]. In that study, the counselor was able to explain each
experiment to participants, who then had 1 week to complete
each experiment. For an mHealth intervention, it is important
that each experiment be self-explanatory, and we believe that
a shorter time frame would be more optimal for keeping users
engaged. Therefore, we created low-fidelity prototypes of 5
experiments that we believed were easy to understand and could
be completed in less than 2 days (see Figure 2 for an example).
We initially limited the number of experiments to 5 to reduce

participant burden and maximize the time available during the
interviews to more fully explore user reactions. The experiments
included were specifically chosen to represent a range of goals
and topics (ie, exploring motivation for quitting, tracking
smoking behavior, changing smoking behavior or location),
input options (ie, written comments, uploaded photos), duration
(ie, experiments that could be completed in the moment and
those that required taking action over a 24-48 hour period), and
related design issues (eg, using progress indicators) that were
considered pertinent to the final selection and design of the
future experiments.

Figure 2. Example of a low-fidelity prototype of a personal experiment.

Five ambivalent smokers were screened as eligible to provide
feedback on the initial prototype, but two cancelled and could
not be rescheduled, leaving three final participants for this
formative phase. Two of the three (67%) participants were
women, all three were White, they were aged 40-46 years,
reported smoking 5-10 cigarettes per day, and 2/3 (67%)
reported household incomes under US $50,000/year (the other
participant refused to answer). Each participant viewed a
storyboard explaining the concept of the personal experiments
as an mHealth intervention and were then walked through each
of the experiment prototypes by a trained user-centered design
researcher.

For each experiment, the participants were asked to identify
any parts that were confusing, what they liked and disliked,
whether they could see themselves trying the experiment, and
what they anticipated would be the biggest challenges to their
completing the experiment. They were also asked about the
perceived helpfulness of a program that included these features;
what, if anything, would help them stay engaged with the
program over time; what other features they would like to see
included; and whether they wanted to be able to share their
experiment progress with others. The feedback from user

interviews was then used to iteratively refine the basic
intervention design and presentation prior to the pilot study.

Medium-Fidelity Prototypes
Using feedback collected from the user interviews, we designed
a set of 7 personal experiments and then created a functional
medium-fidelity prototype of the intervention program, including
an initial program orientation and each personal experiment
(see Table 1 for a summary of each and Figure 3 for sample
content). Each experiment topic was chosen based on its
theoretical or empirical utility for changing smoking-related
attitudes, beliefs, or behaviors based on our prior research. The
experiments were intentionally ordered based on the flow that
we expect will maximize the intended therapeutic effects,
starting with exercises designed to build or strengthen
motivation for quitting, followed by experiments intended to
teach coping or other behavioral skills needed to resist the urge
to smoke in response to cravings and build self-confidence for
making a quit attempt, and culminating in a 24-hour practice
quit attempt.

An overview of each experiment and its intended cognitive or
behavioral target is provided in Table 1. All experiments were
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designed to be completed either in the moment or within 48 hours.

Table 1. Personal experiments.

DescriptionGoal/skill targetedTitleExperiment
number

User is asked to imagine giving a speech at their 90th birthday
party about what have been the most meaningful aspects of their
life and to consider whether they want to be remembered as a
smoker.

Clarify personal values.90th Birthday1

User is asked to make a list of all of the reasons that they want
to quit smoking and review this list in response to cravings.

Identify reasons for quitting. Build motiva-
tion.

What Motivates You?2

User is asked to write down what they’re doing every time they
have a craving to smoke.

Identify high-risk situations for smoking.
Aid future problem-solving and coping.

Know Your Triggers3

User is asked to do no other activities (eg, no friends, coffee,
TV) while smoking and to notice how it feels.

Stimulus control. Make smoking less rein-
forcing.

Make Smoking Boring4

User is asked to wait 1 minute before each cigarette and to use
that time to consider personal values or reasons for quitting, or
to do nothing (ie, make smoking boring).

Learn to delay smoking in response to
urges.

Pause Before You Puff5

User is asked to visualize thoughts as leaves on a moving stream
and to practice nonjudgmentally observing these thoughts as
they come and go (including thoughts about smoking) without
acting on them.

Learn mindfulness-based coping strategy.
Learn to let urges pass without smoking.

Leaves on a Stream6

User is asked to attempt to stop smoking for 24 hours and is
encouraged to use nicotine replacement to assist with this
challenge.

Make a practice quit attempt. No smoking
for 24 hours.

Practice Quit Attempt7

Figure 3. Medium-fidelity prototype of a personal experiment.

Single-Arm Pilot Test

Participants
Twenty-five adult smokers were recruited to participate in a
one-arm pilot test of the prototype intervention. Typically,
randomized pilot trials of similar behavioral interventions
include 25-30 participants per arm [29]; thus, 25 was viewed
as an adequate sample size to assess the outcomes of interest
in this formative study. Individuals were eligible if they were
at least 18 years of age; smoked at least 100 cigarettes in their
lifetime; reported any smoking in the last 7 days; were interested
in quitting someday, but not currently trying to quit or planning

to quit in the next month (ie, ambivalent about quitting); were
comfortable reading and speaking in English; owned a
smartphone; used apps on their smartphone at least once a week;
and had a personal email account.

Procedures
Participants were recruited between September and November
2017 via advertisements on Craigslist in the following cities:
Seattle, WA; Baltimore, MD; Columbus, OH; Atlanta, GA; and
Oakland, CA. The cities were purposely chosen to obtain a
geographically, racially, and socioeconomically diverse sample.
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To determine eligibility, potential participants were screened
by telephone, following verbal consent to participate.

Eligible participants completed a baseline survey via telephone,
either immediately following the telephone screening or in a
later scheduled call. The survey assessed demographics, tobacco
use, motivation to quit smoking, smartphone use, and interest
in and experience with mHealth apps.

Participants were emailed a URL that allowed them to access
the initial orientation and the first experiment from their
smartphone. Study staff walked individuals through this content
while on the phone to assess their reactions in real time and to
ensure that they understood how to access and use the online
prototype.

Starting on day 2, the remaining experiments were pushed to
smokers one at a time via an emailed link. When the link was
opened, smokers were taken to a mobile-optimized website,
which mimicked the appearance and functionality of an mHealth
app. Each experiment used a similar format, starting with a brief
explanation of the experiment’s purpose, 1-2 screens explaining
the action to be completed and encouragement to try it, and
instructions that we would check back in 1-2 days to see how
it went.

One to two days after each experiment was viewed online
(which was monitored remotely), smokers were emailed a link
that allowed them to complete a brief survey and then begin
their next experiment. Surveys assessed motivation and
self-efficacy for both quitting and reducing smoking, measured
on a 5-point Likert-type scale where 1=“not at all” and 5=“very.”
In addition to being more feasible to administer in a brief,
repeated assessment protocol, the predictive validity of
single-item measures of motivation and self-efficacy has been
supported in studies focused on change in smoking and other
substance use behaviors [30,31]. Participants also rated how
helpful and difficult each experiment was using the same 5-point
scale. With the exception of the first two experiments that
involved a separate pre-experiment survey, the timing of the
surveys allowed each to serve both as a postexperiment
assessment and a pre-experiment baseline for the next
experiment, enabling assessments of change over time in relation
to each experiment.

The final survey contained additional questions about overall
perceptions and impact of the program, including whether the
program caused them to think differently about quitting or
cutting back on smoking (yes/no) and, if yes, whether it made
them more interested in quitting, more interested in cutting back,
less interested in quitting, or less interested in cutting back.
Participants were also asked if the program had provided a free
2-week supply of nicotine replacement therapy (NRT), whether
they would have used it to try to quit. Response options were:
“yes,” “unsure,” and “no, I would have saved them until I am
ready to quit smoking.”

If participants failed to view an experiment within the planned
48-hour window, they were sent up to 4 email reminders. For
the purpose of this pilot study, the entire series of experiments
was designed to be completed in 2 weeks. Participants received

US $75 for completing all experiments and a final follow-up
survey.

The project was reviewed by the Kaiser Permanente Washington
Human Subjects Review Board and deemed exempt from review
due to its formative nature (ie, designed to develop a program
rather than to produce generalizable knowledge).

Analyses
The majority of analyses for this formative work are descriptive,
including means (SD) for continuous variables and frequencies
and percentages for categorical variables. To assess the change
in ratings of motivation and confidence, we used paired-sample
t tests to compare pre- and postratings for each experiment, and
we report the change score and 95% CIs for each comparison.

Results

User Interviews
Interviewees (N=3) responded positively to the intervention
concept. They identified some aspects of the design that were
confusing, including specific wording and iconography (eg,
using an image of a camera to indicate the ability to upload
photos). They also recommended several additional program
features for future consideration, including allowing users to
save their reflections about each exercise (eg, a journal), adding
testimonials from other smokers, including statistics and
information about smoking, and using gamification features to
make the program more engaging and fun (eg, badges,
challenges). Two of three participants were not interested in
adding a social feature that would share their progress with
others, citing a strong desire for privacy. Some of this feedback
was incorporated into the medium-fidelity prototype (eg,
dropping the ability to upload photographs). Other feedback
that was out of the scope for the experiment concept (eg, adding
a journal, testimonials, and reward badges) is being implemented
and tested in an ongoing randomized pilot trial of the
intervention.

Single-Arm Pilot Test

Participant Characteristics
Among the 25 participants, 15/24 (63%) reported their
race/ethnicity as nonwhite (11 Black, 1 Asian, 1 Mexican
American, 2 with multiple responses, and 1 invalid response);
12% (3/25) of the participants were Hispanic, 64% (16/25) were
men, 24% (6/25) had an education of high school or less, 68%
(17/25) were employed, and 48% (12/25) had an annual
household income less than US $45,000. Regarding tobacco
product use, 56% (14/25) smoked cigarettes only and 44%
(11/25) used another form of tobacco or nicotine product (eg,
7 used electronic cigarettes, 4 smoked cigars, and 3 used other
tobacco products) in addition to cigarettes. The average number
of cigarettes smoked per day was 17 (SD 11). More participants
had Android phones (68%, 17/25) than iPhones (32%, 8/25).
Only 2 of the 25 (8%) participants had ever used a smoking
cessation app, although most (84%, 21/25) said that they would
consider using one. All 25 participants said they would consider
using an app that helped them decide if, when, or how to quit
smoking. Nearly half (12/25, 48%) reported having experience
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using some other type of health app, with the most common
being a physical activity app (9/25, 36%).

Receptivity
After watching the brief program orientation that explained how
the program works, most participants (80%, 20/25) indicated
that it sounded interesting, primarily because it did not require
a commitment to quit. All participants (100%, 25/25) completed
all 7 experiments; 80% (20/25) completed these within 2 weeks,
as planned, and 100% (25/25) within 1 month. Most of the
participants (88%, 22/25) liked the order of the experiments
presented. All participants (100%, 25/25) tried the 24-hour quit
attempt, although not all were able to stay quit for a full day.
The mean rating of usefulness of the overall program was 4.12
(SD 1.09) out of 5, and the average rating of the difficulty of
the experiments was 2.16 (SD 1.18) out of 5. Regarding
difficulty, feedback on the Practice Quit Date exercise
highlighted the difficulty that some participants experienced in

trying to go 24 hours without smoking, with some being unable
to do so. For example, one participant, when asked what they
disliked about the experiment, stated, “I did not like the fact
that I was not able to quit for one day.” Another participant
noted, “I tried using the tools that I learned from this study and
to a certain degree it worked. I smoked less but I still smoked.
I held out for most of one day, then I caved.” Participants’
comments also indicated that some were successful at the
24-hour abstinence goal. One participant stated, “I liked that I
could go a whole day without smoking a cigarette. I thought I
would have more withdrawal symptoms but I did not.” Another
participant said, “Although it was very hard I did it!”

Helpfulness ratings (on a 1 to 5 scale where 1=not at all and
5=very helpful) for individual experiments are shown in Table
2 and ranged from 3.44 to 3.96, indicating a net positive rating
for all experiments. The three experiments rated highest on
helpfulness were Make Smoking Boring, Know Your Triggers,
and Pause Before You Puff.

Table 2. Personal experiments and user receptivity outcomes.

Change in confidence
to cut back, mean
(95% CI)

Change in motivation to
cut back, mean (95% CI)

Change in confidence
to quit, mean(95% CI)

Change in motivation
to quit, mean (95% CI)

Helpfulness,
mean (SD)

TitleExperiment

–0.20 (–0.63, +0.23)–0.16 (–0.63, +0.31)+0.08 (–0.35, +0.51)–0.16 (–0.63, +0.31)3.44 (1.26)90th Birthday1

+0.20 (–0.31, +0.71)–0.12 (–0.34, +0.10)+0.20 (–0.18, +0.58)–0.20 (–0.58, +0.18)3.60 (1.04)What Motivates
You?

2

+0.32 (–0.15, +0.79)+0.56 (+0.07, +1.05)+0.52 (+0.09, +0.95)+0.52 (+0.20, +0.84)3.75 (1.23)Know Your Trig-
gers

3

+0.40 (+0.11, +0.69)+0.32 (–0.03, +0.67)+0.20 (–0.12, +0.52)+0.52 (+0.23, +0.82)3.96 (1.17)Make Smoking
Boring

4

+0.12 (–0.16, +0.40)+0.00 (–0.32, +0.32)+0.24 (–0.08, +0.56)+0.04 (–0.21, +0.29)3.75 (1.29)Pause Before
You Puff

5

+0.08 (–0.44, +0.28)–0.28 (–0.61, +0.05)-0.16 (–0.51, +0.19)–0.32 (–0.71, +0.07)3.46 (1.18)Leaves on a
Stream

6

+0.29 (–0.11, +0.70)+0.20 (–0.14, +0.54)+0.32 (+0.06, +0.58)+0.28 (–0.07, +0.63)3.68 (1.31)Practice Quit At-
tempt

7

Motivation to Quit
At the last assessment point, 92% of the respondents (23/25)
reported that trying the experiments made them think differently
about quitting or cutting back, with a roughly even split between
those who indicated that they were more interested in cutting
back (11/25, 44%) and those who indicated that they were more
interested in quitting completely (12/25, 48%). There was an

average increase of 0.72 points on the 5-point motivation scale
(95% CI +0.22 to +1.22) between the first pre-experiment
assessment and the last postexperiment assessment. The impact
of each experiment on motivation to quit is provided in Table
2, and Figure 4 shows the increases across experiments. The
three experiments with the largest positive change in motivation
to quit were Know Your Triggers, Make Smoking Boring, and
Practice Quit Attempt.
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Figure 4. Change in motivation and self-efficacy across experiments.

Quitting Self-Efficacy
Confidence in ability to quit also showed an increase across the
experiments (see Figure 4), increasing by over one point (+1.32,
95% CI +0.78 to +1.86) from the first to the last assessment.
The three exercises with the largest increase in confidence to
quit were Know Your Triggers, Practice Quit Attempt, and
Pause Before You Puff (Table 2).

Motivation to Reduce Smoking
Motivation to reduce smoking increased across the experiments
by one-half of a point (mean +0.52, 95% CI +0.12 to +0.92)
from the first to the last assessment (Figure 4). The three
exercises with the greatest increase in motivation to cut back
were Know Your Triggers, Make Smoking Boring, and Practice
Quit Attempt (Table 2).

Self-Efficacy to Reduce Smoking
Confidence in ability to reduce smoking increased across
experiments (Figure 4) by an average of 1.17 points (95% CI
+0.61 to +1.72) from the first to the last assessment. The three
experiments associated with the greatest increases in confidence
to cut back were Make Smoking Boring, Know Your Triggers,
and Practice Quit Attempt (Table 2).

User Feedback on Adding Pharmacotherapy
Overall, 72% (18/25) of the participants said that if the program
had included a free trial of NRT, they would have used it to try
to quit; 20% (2/25) said that they were unsure if they would use
NRT, and 8% (2/25) said they would save it until they were
ready to stop smoking.

Discussion

Principal Findings
Results of this formative work provide proof-of-concept
evidence that ambivalent smokers are willing to use and will
remain engaged with a self-guided mHealth intervention using
the concept of personal experiments to enhance their ability to
quit smoking. These findings expand on our prior mixed
methods study to assess the preferences and behavioral
intentions of ambivalent smokers, in which we found a high
rate of interest in using a digital health program where the
messaging was framed specifically for ambivalent smokers (ie,
smoking reduction or decision support to help them decide if,
how, and when to give quitting a try) [6].

Motivation and self-efficacy, both for quitting and for reducing
smoking, increased across the period of use, suggesting that the
program impacted key cognitive targets. Because self-efficacy
and motivation to quit are predictive of quit attempts and quit
success [32,33], these findings are an encouraging signal of
potential efficacy for supporting cessation among ambivalent
smokers. Taken together with the strong indications of
acceptability based on high perceived usefulness and high
engagement with the program, these findings warrant continued
development of the program as a novel method for engaging
and assisting ambivalent smokers in a cessation program.

Next Steps
Out of the 7 experiments, Leaves on a Stream was the only
experiment that was identified as confusing based on the title
and iconography (4/25), and after trying it, participants gave
this experiment the lowest overall ratings. Based on this
feedback, we plan to drop this experiment and replace it with
an alternative mindfulness-based coping exercise. In addition,
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we plan to add more experiments designed to help users resist
the urge to smoke in response to cravings (a critical skill for
smoking cessation), include gamification features (ie, badge
rewards), a journal feature to allow users to record lessons
learned, and testimonials, in addition to pairing the program
with best-practice treatment (self-help advice, NRT, and access
to quitline counseling). These refinements are responsive to
feedback from participants in the preliminary user interviews
and in our other prior design work [6], as well as a body of
research suggesting that providing active treatment to
unmotivated smokers encourages quit attempts and improves
cessation rates [34]. Inclusion of these components is also
aligned with the PRIME theory of motivation [21]. Since
motivation is dynamic, people may convert from ambivalence
to readiness for action at any time. Thus, providing these
resources will ensure that they have action-oriented support
when it is needed.

Limitations and Strengths
The small sample sizes in this research limit our ability to draw
any conclusions about the generalizability of our findings. The
lack of a control arm or long-term follow up in the pilot also
prevents us from making strong assertions about the program’s
impact on motivation, self-efficacy, and behavior change.
Self-report data are also subject to social desirability bias.
Although these limitations should be considered when

interpreting the results, the methods are appropriate for this
formative stage of design.

Strengths of this work include a demographically diverse
participant sample, a rigorous assessment strategy that included
pre-post evaluation on key constructs of interest immediately
prior to and following each experiment, and a high pilot
retention rate. Given the dearth of knowledge about how best
to utilize digital health technologies to support behavior change
among people ambivalent about quitting, our target population
is also a study strength.

Conclusions
This work highlights both the need and the promise for
interventions targeted to smokers who are ambivalent about
quitting. If found to be effective in future work, the planned
intervention could provide an attractive new option for
ambivalent smokers as well as for employers, quitlines, and
health care organizations, none of whom currently has
evidence-based options available to offer this group. The results
may also be relevant when designing mHealth interventions for
people not yet ready to commit to other types of health behavior
change (eg, physical activity, dietary intake, alcohol use), as
the concept of personal experiments may be a useful strategy
for engaging users and promoting action without requiring a
commitment to change.
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Abstract

Background: Patient-reported outcomes (PROs) are increasingly being used in the management of type 2 diabetes (T2D) to
integrate data from patients’ perspective into clinical care. To date, the majority of PRO tools have lacked patient and provider
involvement in their development, thus failing to meet the unique needs of end users, and lack the technical infrastructure to be
integrated into the clinic workflow.

Objective: This study aims to apply a systematic, user-centered design approach to develop i-Matter (investigating a mobile
health [mHealth] texting tool for embedding patient-reported data into diabetes management), a theory-driven, mobile PRO
system for patients with T2D and their primary care providers.

Methods: i-Matter combines text messaging with dynamic data visualizations that can be integrated into electronic health
records (EHRs) and personalized patient reports. To build i-Matter, we conducted semistructured group and individual interviews
with patients with T2D and providers, a design thinking workshop to refine initial ideas and design the prototype, and user testing
sessions of prototypes using a rapid-cycle design (ie, design-test-modify-retest).

Results: Using an iterative user-centered process resulted in the identification of 6 PRO messages that were relevant to patients
and providers: medication adherence, dietary behaviors, physical activity, sleep quality, quality of life, and healthy living goals.
In user testing, patients recommended improvements to the wording and timing of the PRO text messages to increase clarity and
response rates. Patients also recommended including motivational text messages to help sustain engagement with the program.
The personalized report was regarded as a key tool for diabetes self-management by patients and providers because it aided in
the identification of longitudinal patterns in the PRO data, which increased patient awareness of their need to adopt healthier
behaviors. Patients recommended adding individualized tips to the journal on how they can improve their behaviors. Providers
preferred having a separate tab built into the EHR that included the personalized report and highlighted key trends in patients’
PRO data over the past 3 months.
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Conclusions: PRO tools that capture patients’ well-being and the behavioral aspects of T2D management are important to
patients and providers. A clinical trial will test the efficacy of i-Matter in 282 patients with uncontrolled T2D.

Trial Registration: ClinicalTrials.gov NCT03652389; https://clinicaltrials.gov/ct2/show/NCT03652389

(JMIR Form Res 2020;4(8):e18554)   doi:10.2196/18554

KEYWORDS

patient-reported outcome measures; mobile health; type 2 diabetes

Introduction

Background
Uncontrolled type 2 diabetes (T2D) is a significant public health
problem in the United States, particularly among vulnerable
populations (eg, low-income and racial and ethnic minorities)
[1,2]. Annually, T2D incurs about US $250 billion in health
care costs and lost productivity, representing a significant social
and economic burden [3]. Despite recent improvements in the
proportion of adults with T2D achieving hemoglobin A1c

(HbA1c) targets <7%, only 50.9% achieved this level of control
[4]. The number of patients who fail to meet these goals is even
higher in resource-limited primary care practices—a place where
most vulnerable populations receive their care [5,6].

Recognizing the central role patients play in the management
of T2D (eg, being aware of its signs and symptoms and engaging
in daily self-care behaviors), several national and local
organizations have forged initiatives to support the development
and use of patient-reported outcomes (PROs) in the evaluation
of health and well-being of patients with T2D [7-11]. Measures
of PROs are a standardized and quantifiable approach that
allows for the collection and integration of data on patients’
perspective of their chronic disease into its clinical management
[12].

Much of the existing research that incorporates PROs in T2D
has been limited to clinical drug trials examining patient
tolerance to new treatments [13]. The few practice-based studies
conducted in T2D have used long batteries of PRO measures,
and patients report PROs only on a single occasion, most often
immediately before clinic visits [14,15]. Such reporting
introduces a recall bias because patients are asked to
approximate changes in their symptoms and behaviors over
several months. To address these challenges, a growing number
of studies are utilizing mobile health (mHealth) platforms that
enable real-time data collection to facilitate patient
self-monitoring outside the clinic environment, enhance patient
engagement in their care, and inform provider decision making
[16-21].

Systematic reviews of mHealth interventions in patients with
T2D have demonstrated positive, short-term benefits on HbA1c

levels and self-care behaviors [22-24]. However, these studies
have several methodological shortcomings that limit their
impact, including small sample sizes (24-180 patients), short
study duration (mean 24 weeks), low patient compliance, limited
integration with clinical practice, and exclusion of vulnerable
populations that would benefit most from mHealth interventions
[25]. More importantly, the PROs collected in the mHealth tools

are researcher-driven and lack patient and provider involvement
in the conceptualization of the intervention. As a result, the
tools are not customized to address the complex and unique
needs and preferences of patients and lack the technical
infrastructure to support integration into the clinic workflow.

Objectives
The i-Matter (investigating an mHealth texting tool for
embedding patient-reported data into diabetes management)
trial aims to address this gap in the literature by evaluating the
efficacy of an innovative mobile PRO system that incorporates
patients’ perspective of their disease into the management of
T2D in primary care practices. The i-Matter intervention uses
text messaging to capture patients’ self-reported PROs in real
time, enhances patient engagement through data-driven feedback
and motivational messages, and creates dynamic visualizations
of the PROs that can be shared in personalized reports and
integrated into the clinical workflow. A future randomized
controlled trial (RCT) will evaluate the efficacy of the i-Matter
intervention versus usual care on reduction in HbA1c and
adherence to self-care behaviors at 12 months among 282
patients with uncontrolled T2D who receive care in
resource-limited primary care practices. This paper discusses
the iterative process of developing, integrating, and user testing
the i-Matter intervention in the formative phase of the trial.

Methods

Theoretical Framework
The i-Matter intervention is a blend of 2 frameworks: technology
acceptance model (TAM) and capability, opportunity, and
motivation model of behavior (COM-B). The TAM is based on
the theory of reasoned action and asserts that perceptions of
usefulness and ease of use directly influence the intention to
use a new technology, leading in turn to its adoption [26]. The
TAM is considered a gold standard for characterizing the
adoption and use of new health information technology [27,28].
COM-B is a parsimonious amalgamation of existing theories
of behavior change [29], which states that interaction among 3
key components is necessary for successful behavior change:
the person needs to feel capable (ie, the ability to engage in
necessary physical and thought processes) of changing, needs
to have the opportunity (ie, social and environmental factors)
to change, and needs to feel motivated (ie, confidence and
self-efficacy) to change [29]. The COM-B model has been
proven effective for designing programs that help patients with
T2D improve adherence to health behaviors [29,30]. The core
components of the COM-B model are integrated into the design
features of the i-Matter intervention to create a theoretically
grounded technology solution (Table 1) [31-33].
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Table 1. Application of capability, opportunity, and motivation model of behavior theoretical constructs to i-Matter design features.

Design featuresMechanisms of actionCOM-Bb constructsi-Mattera components

PROc assessments ••• Daily text message questionsRating PROs on a scale helps patients
make more realistic assessments of
their symptoms and behaviors

Capability (comprehension)
• •Motivation (habit formation) Asks patients to complete

small doable actions at opti-
mal times• Daily ratings increase patients’ aware-

ness of their condition on their quality
of life and daily functioning

• Tracking PROs and observing patterns
provides patients with reasons to ad-
here to their self-management regimen

Data-driven insights based on PRO
ratings, such as:

Feedback messages (in-
sights)

•• Enables patients to identify changes in
PROs that previously went undetected

Motivation (perceptions of illness
and emotional response)

• Encourages self-reflection of PRO
ratings and their impact on behavior

• Correlational: association be-
tween PRO responses

• Individual: comparisons of
PRO responses across weeks

Text messages that encourage
journaling, such as:

Motivational messages •• Uses text messages to maintain high
levels of engagement in the program

Motivation
• Opportunity (perceived support)

• Response-based: weekly
supportive messages based
on PRO responses

• Activity-based: weekly mes-
sages based on response rates
to the messages

• Completion-based: messages
based on patient duration in
the study

Personalized reports ••• Patient reports will include
pattern messaging, PRO data
visualizations, reflective
questions, and tips plus an
area for notes

Facilitates informed discussions with
provider

Opportunity (patient-provider re-
lationship)

•• Provides provider with succinct and
timely data on patient PROs

Capability (comprehension and
ability to plan)

• Motivates patients through the gradual
completion of the personalized report,
with landscape changes every 4 weeks

• Monthly PRO patterns inte-

grated into EHRd, available
during and between visits• Enables patients to understand and

identify patterns in their PROs and to
develop behavioral changes to better
manage PROs

ai-Matter: investigating an mHealth texting tool for embedding patient-reported data into diabetes management.
bCOM-B: capability, opportunity, and motivation model of behavior.
cPRO: patient-reported outcome.
dEHR: electronic health record.

Overview of the Study Design
We used the evidence-based user-centered design (UCD)
approach to conduct the formative phase of the trial [34-37].
The aims of this phase were to (1) systematically gather and
incorporate feedback from patients and providers to develop
and refine the i-Matter intervention and (2) optimize the design
of the personalized report for patients and providers [38,39].
The formative phase consisted of 3 steps: (1) focus groups and
semistructured interviews to adapt i-Matter to diverse patient
and provider needs, including those of Spanish-speaking
patients; (2) a design workshop to understand a day in the life
of patients with T2D and provider workflow processes to
integrate i-Matter into clinical practice; and (3) user testing to
evaluate the usability and acceptability of i-Matter in patients

with T2D and optimize the tool’s performance and display of
the personalized reports. The primary outcome of this phase
was a refined, integrated, and well-tested mobile PRO system
for T2D whose efficacy will be evaluated in the clinical trial.

Study Setting and Population
This study was conducted in a network of primary care practices
of New York University Langone Health (NYULH). The
practices comprised >1500 ambulatory physicians, nurse
practitioners, and physician assistants who care for >800,000
patients in 235 facilities in New York City’s 5 boroughs: Long
Island, New Jersey, Westchester County, Putnam County, and
Dutchess County. The participating sites include academic
practices, many community-based practices, and federally
qualified health centers, serving an ethnically diverse population.
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All primary care practice sites share a single, integrated
electronic health record (EHR; Epic).

The target enrollment for the formative phase was 36 patients
and 14 providers. To be eligible, patients must (1) have had a
diagnosis of T2D for ≥6 months; (2) have had uncontrolled
T2D, defined as HbA1c >7%, documented in the EHR at least
twice in the past year; (3) be fluent in English or Spanish; (4)
be willing to send and receive text messages; and (5) be aged
≥18 years. Patients were excluded if they (1) refused or were
unable to provide informed consent; (2) had acute renal failure,
end-stage renal disease (ESRD) or evidence of dialysis, renal
transplantation, or other ESRD-related services documented in
the EHR; (3) were participating in another T2D study; (4) had
significant psychiatric comorbidity or reports of substance abuse
(as documented in the EHR); (5) were pregnant or planning to
become pregnant within 12 months; or (6) planned to
discontinue care at the practice within the next 12 months.
Providers were eligible if they (1) were a primary care provider
(ie, medical doctor, nurse practitioner) practicing at the
participating practices and (2) provided care to at least five
patients with T2D. The NYULH Institutional Review Board
approved this study.

Recruitment
We used 2 approaches to recruit patients and providers into the
formative phase. First, potentially eligible patients were

identified through a review of the EHR using the
diagnosis-related group codes indicating the presence of T2D
and receiving care from a primary care provider at one of
NYULH practices. After retrieving a list of potentially eligible
patients, research assistants (RAs) reviewed patients’ EHR to
determine if the patient met the eligibility criteria. Patients that
met these criteria were contacted via telephone to confirm
eligibility. During the telephone call, the RA gave patients a
description of the study, including their role as participants in
the study. If the patient remained interested in participating,
they were given the option to either complete the focus groups
or interviews in-person in a private room or via a remote session
using the secure Webex conferencing platform. Providers were
sent emails from the study principal investigators inviting them
to provide feedback on the development of an interactive
mHealth tool that could help enable patients with T2D to take
a more active role in their diabetes management. All patients
and providers provided written informed consent before
participation in the study.

Development of the i-Matter Intervention
Table 2 provides an overview of the UCD process used to
develop the PROs for i-Matter. A description of each step is
also included below.

Table 2. Evidence-based user-centered design process for the development of patient-reported outcome text messages.

OutputsMethodsSteps

Patient focus groups and provider interviews1. Adapt • Thematic analysis of patient and provider needs, preferences, and barriers

and facilitators of tracking PROsa

• Review of existing validated PRO questionnaires by study team based on
thematic analysis

• Initial list of PROs for i-Matterb comprised individual items extracted from
existing questionnaires

• Reduced list of PROs based on importance rankings from focus group
participants

Design workshop2. Integrate • Refined list of PROs
• Clinic workflow or patient journey maps• Workflow mapping

• Problem or opportunity analysis • Essential features of i-Matter system
• Presentation of PRO list from step 1 • i-Matterb prototype: PRO text messages and personalized report• EHRc integration

3. Evaluate •• Finalized PROs and personalized report2 rounds of patient user testing sessions
• •Provider interviews Fully functional i-Matter intervention

aPRO: patient-reported outcome.
bi-Matter: investigating an mHealth texting tool for embedding patient-reported data into diabetes management.
cEHR: electronic health record.

Step 1. Focus Groups and Interviews to Adapt i-Matter
to Diverse T2D Patients and Primary Care Physician
Needs
The goal of the focus groups was to select the PROs that would
be integrated into the i-Matter intervention as it relates to
patients’experiences living with T2D. A trained moderator used
a semistructured guide to explore (1) patients’daily experiences

living with T2D, (2) the barriers and facilitators to achieving
their diabetes-specific goals, (3) descriptions of patient-provider
conversations about T2D and goals for HbA1c, and (4) interest
in sharing PRO data with their provider to support treatment of
T2D. A trained bilingual moderator also conducted separate
focus groups with Spanish-speaking patients to inform the
cultural and linguistic adaptation of i-Matter. Before starting
each focus group, all patients completed questions about their
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comfort with using technology and their interest in using
mHealth tools for diabetes care.

A trained moderator conducted semistructured individual
interviews with primary care providers at the participating
practices. The goal of the interviews was to elicit provider
feedback on the clinical relevance of the PROs discussed in the
patient focus groups for the management of T2D. The interview
guide also explored (1) providers’ level of comfort with PRO
data, (2) descriptions of patient-provider discussions about
diabetes management, and (3) other important PROs not
identified in the patient groups.

Results from the thematic analysis of the focus groups and
interviews were used to develop a preliminary list of PROs for
inclusion in i-Matter [40]. The PROs were individual items
taken from existing validated PRO measures that assess the
impact of T2D and its treatments on patients’ psychosocial,
physical, and behavioral functioning (eg, emotional distress,
treatment and disease burden, adherence to medications, and
lifestyle behaviors) [41]. The measures included the Problem
Areas in Diabetes Questionnaire, Diabetes Treatment
Satisfaction Questionnaire, Treatment Related Impact
Measure-Diabetes, Audit of Diabetes-Dependent Quality of
Life, Diabetes Impact Management Scale, and Diabetes Distress
Screening Scale [42-47]. General items from the National
Institutes of Health Patient-Reported Outcome Measurement
Information System Global 10 measure, which assesses patients’
physical, social, and emotional functioning [48], were also
included on the list of candidate PROs.

The study team then recontacted patients from the focus groups
to get their feedback on the candidate list and have them rank
the perceived importance of each PRO for management of T2D
on a 1 (least important) to 6 (most important) scale. The study
team used patients’ ratings in concert with the thematic analysis
to narrow the list of PROs that would be presented to
participants in the design workshop.

Step 2. Integrate i-Matter Into Provider Workflows and
Patient Daily Lives
The design workshop comprised patients, providers, academic
researchers with expertise in T2D and PROs; the digital health
company Rip Road; and staff from the NYULH Medical Center

Information Technology (MCIT) department. The design
workshop used a UCD protocol adapted from the Agency for
Healthcare Research and Quality [49] that sequentially led the
group through a variety of activities (eg, story mapping and
workflow or patient journey analysis) designed to further refine
the i-Matter PRO content, stimulate ideas for the content and
layout of the personalized report, discuss ideal workflow
integration, and identify potential problems and opportunities
to improve i-Matter for patients and providers.

Following steps 1 and 2, the study team collaborated with Rip
Road to develop a prototype of i-Matter (ie, the beta version of
the text message program and personalized report).

We wrote 2 variations of each PRO question to evaluate the
wording and response formats that would yield the highest
patient response rates and data quality. On the basis of our
previous experiences and best practices for data collection via
text message [50], all PRO questions were written so they
require short, simple answer choices (eg, 0-10 rating or yes or
no response), thereby minimizing the likelihood of missing
and/or unanalyzable data that is common with open-ended (free
text) response options. We also created 2 versions of the
personalized report: a 1-month view and a 3-month view. All
text messages and report content were translated to Spanish
before user testing.

In addition to prototype development, we created decision rules
that would drive the delivery of the text messages and report
content. The rules, which were iteratively refined throughout
the formative phase, outline the timing and order of the
messages, the duration of time patients had to respond to each
message (ie, response window), and the conditions that triggered
specific motivational text messages and individualized insights
displayed on the personalized report (Figure 1). As shown in
Table 1, patients receive 3 types of motivational text messages
over the course of the study: (1) response-based, (2)
activity-based, and (3) completion-based. The personalized
report displays 2 types of insights: (1) correlational, which
compares associations between 2 different PROs, and (2)
individual, which identify trends in patients’ responses to the
PROs over the past month (see Multimedia Appendix 1 for
example messages).

Figure 1. i-Matter study flow.

Step 3. User Testing of the i-Matter Prototype
User testing was conducted in a purposive sample of patients
drawn from the focus groups and those who were naive to the
tool (ie, did not participate in previous steps). A rapid-cycle

design (ie, design-test-modify-retest in short intervals of time)
was used to allow for iterative refinement of the i-Matter
prototype between each user test. Patients participated in the
user testing sessions for 2 weeks, during which time they
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received and responded to the PRO questions sent via text
message. At the end of the 2-week period, the study team sent
patients a copy of the personalized report (Figure 2) and
conducted an interview about their experiences. The interviews
used a combination of think-aloud techniques and semistructured
questions to collect patient feedback on the perceived ease of
receiving and responding to the PRO questions; the clarity,
timing, and frequency of the messages; and the perceived
usefulness of systematically tracking the selected PROs for
diabetes self-management. Patients also provided feedback on
the personalized report, including the clarity of the data

visualizations and data-driven feedback messages (herein called
insights), content and layout of the report, and utility of the
report for diabetes self-management. In addition to the interview,
patients responded to questions derived from the TAM version
3 (TAM3) survey.

We also conducted interviews with providers to elicit their
feedback on preferences for visual displays and placement of
the report in the EHR and perceived barriers and facilitators to
viewing the reports in clinical practice. The primary outcome
of this step was the fully functional i-Matter intervention for
testing in the RCT.

Figure 2. Example of a final personalized report after two rounds of user testing.

Measures
Participant demographics: a self-report instrument was used
to collect patient sociodemographic data including gender, race
or ethnicity, age, annual household income, education level,
marital status, employment status, and current HbA1c level.

Patient use of mobile technology: before the focus groups,
patients completed a survey created for this study that assessed
the frequency of mobile phone use, capabilities of their mobile
phones (eg, Wi-Fi connection, Bluetooth, and mobile data plan),
the most commonly used functions (eg, text messaging, phone
calls, email, and apps), comfort with using their mobile phone
to manage T2D, interest in enrolling in a text messaging diabetes
program, and challenges to using their mobile phone for diabetes
self-management.

Use behavior: these data were extracted from the i-Matter
platform at the end of the user testing sessions and included the
following metrics (described in the analysis section): number
of mobile phone inputs, time-on-task, task success, number of
missed responses to PRO questions, and number of responses
by patients outside the response window.

TAM3 survey: following the 2-week user testing period, patients
completed questions derived from the well-validated TAM3
survey that assessed the perceived ease of use, usefulness, and
quality of i-Matter; the likelihood of using i-Matter in the future
and recommending it to others (ie, behavioral intention); and
perceived benefits of discussing i-Matter data with providers
to help manage their diabetes (ie, communication). The internal
consistency of this scale ranged from 0.86 (communication) to
0.94 (perceived usefulness).

Statistical Analysis
Sample size estimates for the formative phase were based on
best practices for maximizing the information power of
qualitative research, which recommends beginning with 6 to 8
participants per qualitative method and adding to the sample,
as needed [51]. As with previous studies, user testing sessions
were scheduled until data saturation was reached [36]. Our
previous studies suggested that we would need 2 to 3 cycles of
user testing to reach saturation [36].

Focus groups and interviews were audiotaped, translated where
necessary, and transcribed verbatim. Both data sources were
analyzed using the constant comparative method, in which text
was categorized into themes with the use of codes developed
iteratively to reflect the data [52,53]. The coding scheme was
developed by the study investigators to focus on key themes
identified both a priori (eg, from the interview protocols) and
those that emerged during the interviews or focus group
discussions. A trained qualitative researcher coded the
transcripts independently, after which the research team met to
discuss the coding and resolve any discrepancies.

After each round of user testing, the study team employed the
best practices for instant data analysis of usability data for each
PRO [54,55]. Task success was calculated as the percentage of
PRO questions that were answered correctly without errors.
Time-on-task was calculated as the average amount of time in
minutes and seconds that patients took to respond to each PRO
question. Mobile phone inputs were calculated as raw counts
of PRO questions sent by the i-Matter platform and the number
of responses received by patients. Missing data were calculated
as the percentage of PRO questions that had no response by
patients, and late responses were calculated as the percentage
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of messages sent by patients that was outside a 1-hour window.
In addition, we calculated frequencies for the TAM3 survey
questions.

Following the analysis of use data, the research team categorized
each issue with usability as either critical (abandon or remove),
severe (significant delay or frustration in task completion
requiring revision), or cosmetic (minor issue). Each of these
issues were mapped onto the interview transcripts and survey
responses to provide specific and detailed recommendations for
refining i-Matter before proceeding to the next testing session.

Results

Step 1. Patient Focus Groups, Provider Interviews,
and Ranking of Candidate PROs
We invited 55 patients with T2D (22 male and 33 female) to
participate in the focus groups, of which 35 (64%) declined
participation, leaving 20 potential participants. Reasons for
declining participation included being too busy, limitations
owing to other comorbid conditions, personal or family
constraints, and lack of interest in participating in the research.
Of the 20 people who agreed to participate, 12 (60%) attended
one of the focus groups, 1 did not attend owing to a scheduling
conflict with work, and 7 stopped responding to the RA’s
outreach calls. We held 4 focus groups: 2 for English-speaking
patients (n=6) and 2 for Spanish-speaking patients (n=6). Table
3 describes the sociodemographic characteristics of the focus
group participants and their comfort with technology.

Analysis of the focus groups identified 4 core themes: (1)
patients felt as though their lives were controlled by their blood
sugar values; (2) patients’ greatest fear of having T2D were
vision loss, kidney failure, or risk of amputation, and avoiding
these consequences served as motivators for behavior change;
(3) important goals for patients were being in control of their
T2D, feeling well, living a long healthy life, and eventually not
needing medications for T2D (owing to concerns about the

negative long-term effects); and (4) forgetfulness, poor dietary
adherence, physical inactivity, tiredness or fatigue, and poor
emotional health were viewed as major barriers to keeping blood
sugar in control. Patients in the Spanish-speaking focus groups
also spoke about God being an important source of strength and
motivation to improve their health.

We conducted 6 provider interviews (3/6, 50% female; 4
primary care providers, 1 endocrinologist, and 1 general surgeon
and weight management specialist). Analysis of the interviews
identified the central theme that providers want PRO data that
are specific and actionable and can help them focus the clinic
visit on what is most important for their T2D patients’ care. All
providers felt that an asset of a program like i-Matter would be
having patients systematically track data such as dietary intake
and medication adherence that they cannot reliably assess within
the time constraints of a clinic visit. All providers liked the idea
of showing correlations between PROs being tracked in i-Matter
and clinical data that are already stored in the EHR, such as
HbA1c values. Providers varied on the importance of tracking
patient functional status, quality of life, and psychosocial health,
with two-thirds of the providers commenting that it was central
to understanding patients’ behaviors, whereas the remaining
one-third felt they were soft symptoms that may be important
for the patient but not for clinical management.

Next, the study team selected individual items from existing
PRO measures that best represented themes derived from the
focus groups and interviews. This resulted in the selection of
items representing 8 categories of PROs: diabetes-related
symptoms, quality of life, emotional health (eg, depression,
mood, and distress), treatment-related symptoms, treatment
satisfaction, diabetes-related functional status, medication
adherence, and lifestyle behaviors. Patient ranking of the items
further reduced the number of PRO categories to 5:
diabetes-related symptoms, quality of life, emotional health,
medication adherence, and lifestyle behaviors (Table 4).
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Table 3. Sociodemographic characteristics and comfort with technology survey responses among focus group participants (n=12).

ValuesSociodemographic characteristics

62.5 (5.6)Age (years), mean (SD)

7.95 (0.8)HbA1c
a, mean (SD)

8 (67)Female, n (%)

4 (33)Employed, n (%)

4 (33)Retired, n (%)

7 (58)Annual income <US $25,000, n (%)

7 (58)Hispanic, n (%)

Race, n (%)

5 (42)White

3 (25)Black

1 (8)Asian

4 (25)Other

Education, n (%)

1 (8)Less than high school

4 (3)High school degree

2 (17)Some college

5 (42)College degree

Technology survey, n (%)

7 (58)Currently uses text messaging

12 (100)Has an unlimited text messaging plan

9 (75)Always has mobile phone with them

7 (58)Comfortable downloading apps on their mobile phone

8 (67)Comfortable receiving and responding to text messages about T2Db

7 (58)Interested in using mobile phone to help keep track of T2D

Challenges to tracking T2D on mobile phone, n (%)

2 (17)Cost of receiving messages

1 (8)Unreliable internet access

3 (25)Do not use mobile phone regularly

4 (33)Unsure of benefit

2 (17)Concerns about privacy and security

aHbA1c: hemoglobin A1c.
bT2D: type 2 diabetes.

JMIR Form Res 2020 | vol. 4 | iss. 8 |e18554 | p.162https://formative.jmir.org/2020/8/e18554
(page number not for citation purposes)

Schoenthaler et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

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


Table 4. Patient ranking of perceived importance of initial list of candidate patient-reported outcomes.

Mean importance score, range 1 (low) to 6 (high)PRO statementsPROa categories

1.8Over the past week, did you experience tingling or prickling sensations
in hands or feet owing to your diabetes?

Symptom

3.0Over the past week, did you experience dry mouth owing to your dia-
betes?

Symptom

3.6Over the past week, how often were you bothered by blurred vision?Symptom

4.3Over the past week, how would you rate your level of fatigue owing to
your diabetes?

Symptom

4.1Over the past week, how often did you experience increased thirst and
frequent urination owing to your diabetes?

Symptom

4.2Over the past week, how often were you been bothered by emotional
problems such as feeling anxious, depressed, or irritable owing to your
diabetes?

Emotional health

2.75How often over the past month, did you feel overwhelmed by the de-
mands of living with diabetes?

Emotional health

3.13bOn average, how many days did you participate in at least 30 min of
physical activity over the past 7 days?

Lifestyle behavior

4.6Over the past week, how often did you eat (favorite unhealthy food)?Lifestyle behavior

2.25Over the past week, how often did you eat (favorite healthy food)?Lifestyle behavior

4.8How would you rate your sleep quality over the past 7 days?Lifestyle behavior

4.6I was able to keep my blood sugar in good control today.Quality of life

4.9Over the past week, how often were you able to take your diabetes
medication on time?

Medication adherence

2.9How many days did you miss or skip at least one dose of your diabetes
medication over the past 7 days?

Medication adherence

aPRO: patient-reported outcome.
bDespite the lower score, physical activity was added as a PRO after review of transcripts and notes from patient and provider interviews.

Step 2. Design Workshop
A total of 17 stakeholders participated in the design workshop.
The following themes emerged when the group discussed the
candidate list of PROs: (1) PROs should show variability in
patients’ responses over time and be actionable by both patients
and providers, (2) PROs should be taken from validated
questionnaires to increase provider confidence in the data
patients report and be comparable with HbA1c levels, (3)
choosing fewer PROs would help increase patient response rates
and reduce the burden on providers to view the data, (4) tracking
PROs that focus on adherence to lifestyle behaviors were most
appealing to patients, and (5) PRO content should be general
(eg, “how are you feeling today?”) as opposed to
diabetes-specific (“how much does diabetes interfere with your
life?”). The group reasoned that questions that were too specific
may not be relevant to all patients and could lead to
disengagement or missing data. Alternatively, a broader question
could be used as a way to show care for patients’ overall
well-being and as an entry point for more diabetes-specific
questions that may uncover new or different concerns the
provider should be aware of.

On the basis of these discussions, the group generated several
ideas for potential visualizations of PRO data. These included
defining a threshold that patients’ data can fall above or below

and depicting it in a way that makes it easily detectible and
actionable, using bar graphs to show directionality, including
icons or coloring schemes in addition to PRO labels that enhance
the readability of the report, and including summary data in
percentages or raw numbers to show the patient’s progress over
time.

Applying the findings from steps 1 and 2, the study team
reduced the number of PRO categories to 4. Diabetes-related
fatigue (symptom category) was removed from the list because
providers viewed it as too nebulous and not actionable, whereas
patients felt sleep quality was a more meaningful PRO for their
diabetes management. In addition, physical activity was added
to the lifestyle category because many patients felt that physical
inactivity was a major contributor to weight gain and poor
diabetes control.

Step 3. User Testing of the i-Matter Prototype

Patients: Text Messages
We completed 2 rounds of user testing with patients: 7 patients
completed the first round of testing (1 Spanish-speaking), and
3 patients completed the second round. Table 5 presents the
results of the use behavior data for both rounds of user testing.
The i-Matter platform sent 325 messages, and patients sent 256
responses (78.7%). The most common reason for invalid
messages was the response being sent in the wrong format (eg,
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sending free-text responses instead of a numerical response).
The most common reasons for missing messages included
problems with message filtering by the mobile carrier (which
has been resolved by changing to short code messages), being
busy during the response window, and not having their phone
during the time the messages were sent. For the
Spanish-speaking patient, the average response rate was 67.3
min (range 0-209.1 min). Overall, 59.7% (153/256) of the
messages were answered within an hour, of which all (256/256,
100%) were answered within 1 min.

In the second round of user testing, the message protocol was
modified to address the suboptimal percentage of missed
responses. For example, to address the wide range of response
times seen in the first round of testing (range 0-661.6 min), we
restricted the patients’ ability to respond to the morning and
evening PRO questions to a 1-hour window (based on the
median response time). Overall, the i-Matter platform sent 222
messages and received 188 responses (84.6%) from patients.

The most frequently missed message was sleep quality (77/188,
40.9% of missed messages). The most common reason for an
invalid message was the patient responding to a question outside
the 1-hour response window.

In qualitative interviews, patients in both rounds of user testing
described the program as easy to use, not intrusive to their daily
life, and helpful for managing their T2D. Similar findings were
seen in the TAM3 survey responses (Table 6). Patients also
liked the consistency in message timing because it helped them
build a habit to respond (“it becomes second nature”). Several
patients commented that they felt as though a person was
sending the messages to check up on them. Patients also felt
that the number of messages sent was adequate, with 2 people
commenting, “No number is too many because they want to get
better.” There were no differences in qualitative feedback or
TAM3 responses between the English- and Spanish-speaking
patients.

Table 5. Patient text messaging use behavior during user testing.

User testing round 2 (n=3)User testing round 1 (n=7)User behaviors

20 min (range 0.08-30)44 min (range 0-661.6)Time-on-task

175 (93.1)232 (90.6)Task success (messages), n (%)

28 (15.0)100 (39.2)Missed responses, n (%)

14 (7.5)49 (19.3)Late responses, n (%)

13 (6.9)24 (9.4)Invalid responses, n (%)

Table 6. Response to technology acceptance model version 3 survey questions.

Proportion of patients agreeing with statement, n (%)Questions

PROa (n=7)

5 (71)I would definitely use the i-Matter program in the future

6 (86)The PRO questions are very helpful for managing T2Db

7 (100)Receiving and responding to PRO questions was easy

5 (71)I responded to the PRO questions all the time

7 (100)I would recommend i-Matter to friends and family

5 (71)My provider would be more effective managing T2D with my PRO data

6 (86)Overall, the i-Matter program is great or excellent

Personalized report (n=9)

8 (89)I would definitely use the personalized report in the future

7 (78)The personalized report is very helpful for managing T2D

5 (56)The personalized report is easy to use

5 (56)I would share the personalized report with friends or family

7 (78)Showing my provider the personalized journal would help make clinic visits more effective

6 (67)The charts and images are great

6 (67)Overall, the personalized report is great

aPRO: patient-reported outcome.
bT2D: type 2 diabetes.

As shown in Table 7, patients recommended improvements to
the wording and timing of several of the PROs (eg, sending the

sleep message at 9 AM rather than 7 AM), which is reflective
of the use data. Patients also recommended including
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motivational messages to help sustain engagement with the
program. After examining the data, the study team decided to
remove the emotional health PRO (ie, labeled as critical). This
was owing to the lack of variability in the use data (206/256,

80.6% of responses were 0-1 on a 10-point scale) and feedback
from patients in the interviews that the PRO was not relevant
to the management of their T2D.

Table 7. Recommended changes to patient-reported outcome text messages from user testing sessions.

Revised timingRevised messageOriginal timingPROa categories and original messages

Medication adherence

Allow patients to decide if
they want the message in the
AM or PM, or both (11 AM
and 9 PM)

Retain as isDaily at 7 AMHave you taken all of your diabetes medications as pre-
scribed today?

Lifestyle

Changes so patients choose
healthy goal at baseline visit
(with option to change goal
every 3 months)

Retain for all patients. Separate
less carbs and sweets to 2 separate
goals

Daily at 7 AMReply with 1-4 to track ONE healthy living goal:

• 1=Lose weight
• 2=Eat more fruits and vegetables
• 3=Eat less sweets and carbohydrates
• 4=Have better portion control

Change timing to weekly at
2 PM

How successful were you in
achieving your goal to (custom

text healthy goal) this past week?b

Daily at 2 PMHow successful were you in achieving your goal to (custom
text healthy goal) yesterday? Response: 0 (not at all) to 10
(very successful)

Change to daily at 10 AMRetain message but change timing

to assessing overall diet yesterdayb
Daily at 7 AMIn general, how healthy your overall diet was today?

Change to daily at 9 AMReply with the number that best
describes how well you slept last
night

Daily at 7 AMRate your sleep quality last night. Think how easily you
fell asleep, how often you woke up and if sleep was refresh-
ing. Response: 0 (poor) to 10 (excellent)

Change to daily at 8 PMOther than your regular job, did
you do any physical activities like
brisk walking for at least 30 min
today?

Weekly at noonHow many days in the past week did you do any physical
activities like brisk walking where you breathed harder
than normal?

Diabetes quality of life

Change to weekly at 3 PMRetain as is change timing to
weekly

Biweekly at noonReply with the number that best describes how much con-
trol you felt you had over your diabetes over the past 2
weeks

Emotional health

N/AcRemoveDaily at 7 PMReply with the number that best describes how irritable or
moody you felt today owing to your diabetes

aPRO: patient-reported outcome.
bText in italics show the changes made to the PRO timing across user testing sessions.
cN/A: not applicable.

Patients: Personalized Reports
A total of 9 patients provided feedback on the 1-month and
3-month versions of the personalized report: 4 of these patients
participated in the user testing (of which 2 were recruited from
the focus groups), whereas 5 were naive to the program. Overall,
the majority of patients (8/9, 89%) felt the report was easy to
read, eye-catching, and comprehensive. There was a strong
preference for the 1-month version of the report owing to the
larger font size. Patients also felt that receiving the report more
frequently would help sustain motivation. Patients preferred
layouts that used darker fonts and lighter background colors to
help make the text easier to read. All patients viewed the
color-coded schema favorably because it helped draw attention

to the most important aspects of the report and made the data
easy to interpret.

Several patients had difficulty reading the bar graphs of PROs
that were collected biweekly (eg, quality of life) and
recommended changing the items to weekly measures to be
consistent with other PROs. Finally, email was the preferred
delivery method, and most patients would share the report with
their family and friends (Table 6).

Benefits of using the personalized report for diabetes
self-management included being able to analyze how well one
is adhering to recommended diabetes behaviors (“being honest
with yourself”), providing visual cues to take responsibility for
one’s health (“a visual reminder of things I need to do but don’t
do and how I can be better”), and providing support to stay on

JMIR Form Res 2020 | vol. 4 | iss. 8 |e18554 | p.165https://formative.jmir.org/2020/8/e18554
(page number not for citation purposes)

Schoenthaler et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

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


track to be successful with diabetes. In the first round of user
testing, 3 critiques of the report included being of greater use
to providers than patients, concerns about confidentiality, and
being too limited because it did not include tips on how patients
can improve unhealthy behaviors. From this feedback, we
incorporated motivational text messages and insights into the
i-Matter prototype and created a study website that included
additional resources. Patients in the second round of testing
regarded the inclusion of insight messages as a source of
motivation to change their behaviors and to continue responding
to text messages to monitor changes in behavior over time.

Provider Feedback
Overall, all (n=6) providers thought the report was a good tool
to help patients manage their T2D. Similar to patients, they felt
that the insight messages were helpful for interpreting the data
and prompting behavioral changes. When reviewing the PRO
content, providers cautioned that before starting the program,
patients would need to be educated on the recommended dietary
and physical activity guidelines for diabetic patients and the
medications they are currently taking for their T2D to ensure
they are reliably answering the questions. On the basis of this
feedback, at the baseline visit, trained study staff provide a brief
overview of evidence-based guidelines for healthy eating and
physical activity for T2D using low-literacy and

language-congruent patient education handouts from the
American Diabetes Association and review the patient’s current
diabetes medication regimen.

To integrate the report into clinical practice, providers preferred
having a separate tab built into the EHR, which included a
summary of the personalized report and highlighted key trends
in patients’ PRO data over the past 3 months. All providers
found value in discussing the report with patients during the
clinic visit because the data complemented the questions that
they had already asked about diabetes self-management. Finally,
although they found value in the longitudinal trends displayed
in the graphs, owing to time constraints, they felt that patients
should bring up anything important that stood out in the detailed
view. On the basis of this feedback, the study team is working
in collaboration with NYULH MCIT to integrate the
personalized report into Epic. This includes the development
of security protocols that will link patients’ encrypted research
ID to their medical record number and integrate the report image
into an Epic web integration record. Web integration records
are used to visually integrate external apps with Epic. Providers
will be able to access the i-Matter report via a button located
within the patient’s chart at the top of the Office Visit toolbar
(Figure 3). The button will only be visible for patients
randomized to the intervention arm.

Figure 3. Screenshot of i-Matter Epic integration.

Discussion

Strengths
Although achieving glycemic control is of clinical importance,
it is the daily experiences of living with T2D that drive patients’
decisions to adhere to treatment recommendations and become
engaged in their care [56]. Even with the most efficacious
treatments, failure to incorporate patients’ perspective of their
disease into clinical decision making will make achieving the
outcomes desired by patients and providers unattainable. The
i-Matter trial will assess whether a theory-driven mobile PRO
system that incorporates a set of PROs that are meaningful to
both patients and providers can lead to reductions in HbA1c and
improvements in patient adherence to self-care behaviors. Unlike
existing programs, i-Matter is designed to collect real-time PRO
data in the form of data-driven feedback, motivational messages,

and dynamic data visualizations that are displayed in
personalized reports for patients and providers.

This paper describes the design and refinement of i-Matter
through an iterative user-centered approach that actively
involved patients and providers throughout the process. Active
involvement of end users in the development of the intervention
can help to address the difficulties with protocol compliance,
lack of clinical integration in the EHR, and provider skepticism
about the utility of PROs in practice, which are hallmarks of
previous trials, thus increasing the likelihood of developing a
sustainable approach [57]. Findings from our formative phase
resulted in several insights regarding issues with the design,
usability, and workflow of i-Matter, which led to key changes
in the content and delivery of the text messages and personalized
report and the technical infrastructure to support the integration
of i-Matter into the EHR to improve patient and provider
acceptability. In addition to evaluating the clinical benefit of
i-Matter, the RCT will provide much needed evidence on the
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conditions under which mHealth interventions work in primary
care settings and in patients’ daily lives and the organizational,
individual, and technical factors that are required to support
their use.

Limitations
Although there are many strengths of our intervention approach,
we note limitations that can be considered for future research.
First, although our intervention is designed to target patients
with T2D, it is more common for patients to have 2 or more
chronic diseases (ie, multimorbidity) than 1 disease in isolation
(89.3% vs 8.5%, respectively) [58]. In fact, recent research
demonstrates the negative impact of multimorbidity on PROs
such as quality life, psychosocial health, self-efficacy, physical
function, and self-management behaviors (eg, physical activity
and medication adherence) [59]. Thus, future research should
examine whether adapting i-Matter for a multimorbid population
would improve the integration and coordination of patient and
provider management of co-occurring chronic diseases rather
than using a single disease focus that can cause inefficiencies
and fragmentation in care. Second, we did not perform
psychometric testing of the final PROs before they were
deployed in our intervention. We will use data collected in this

study to assess the psychometric properties of our PRO questions
and test their validity in subsequent research.

Finally, 2 (out of the 6) providers interviewed during the
development of i-Matter indicated that they found less value in
PROs that were not immediately actionable in primary care
practice (eg, depression and quality of life). A key strength of
the i-Matter study is the full EHR integration of the PROs with
the health care team. Many previous PRO initiatives share the
patient PRO data back with the providers in a workflow
disruptive manner—asking providers to change their normal
activities and make a special effort to review the PRO data.
i-Matter overcomes these challenges by delivering the patient
PRO data directly into the patient’s chart in the EHR—presented
as just another commonly viewed data visualization by the
provider such as patients’ lab and test results. Thus, our
intervention will test the hypothesis that if actionable diabetes
PRO data are delivered in the right context, it will influence
patient-provider interactions. Early adopters of our intervention
will also help to provide important data on the potential
effectiveness and (time) efficiency of using PROs in clinical
care. Sharing the outcomes of this work could provide providers
who are hesitant to adopt such innovations with much needed
information about the benefits of using these tools.
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Abstract

Background: Many health care organizations use social media to support a variety of activities. To ensure continuous improvement
in social media performance, health care organizations must measure their social media.

Objective: The purpose of this study is to explore how health care organizations approach social media measurement and to
elucidate the tools they employ.

Methods: In this exploratory qualitative research, Australian health care organizations that use social media, varying in size
and locality, were invited to participate in the study. Data were collected through semistructured interviews, and the transcripts
were analyzed using thematic analysis.

Results: The study identified health care organizations’ approaches to social media measurement. While some measured their
social media frequently, others used infrequent measurements, and a few did not measure theirs at all. Those that measured their
social media used one or a combination of the following yardsticks: personal benchmarking, peer benchmarking, and metric
benchmarking. The metrics tracked included one or more of the following: reach, engagement, and conversion rates. The tools
employed to measure social media were either inbuilt or add-on analytics tools. Although many participants showed great interest
in measuring their social media, they still had some unanswered questions.

Conclusions: The lack of a consensus approach to measurement suggests that, unlike other industries, social media measurement
in health care settings is at a nascent stage. There is a need to improve knowledge, sophistication, and integration of social media
strategy through the application of theoretical and analytical knowledge to help resolve the current challenge of effective social
media measurement. This study calls for social media training in health care organizations. Such training must focus on how to
use relevant tools and how to measure their use effectively.

(JMIR Form Res 2020;4(8):e18518)   doi:10.2196/18518

KEYWORDS

health care organization; social media; measurement; benchmarking; metrics; analytics tools

Introduction

Background
There is a growing use of social media in health care settings,
and an increasing number of health care organizations use social
media [1-4]. Social media refers to internet-based
communication and interactive tools that enable the capture,
storage, and presentation of written, audio, and video

communication [5]. Social media is the general term for
internet-based applications underpinned by the ideological and
technological foundations of Web 2.0, which enables and
encourages user-generated content [6] such as texts, images,
and videos [7]. Social media allows users to create a profile
within a bounded system, identify other users with whom they
have a connection, and view and access their list of connections
and those made by others within the system [8]. The
International Medical Informatics Association identified 13
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types of social media platforms: social networks, professional
networks, thematic networks, microblogs, blogs, Wikis, forums
or Listserv, social photo and video-sharing tools, collaborative
filtering tools, multiuser virtual environments, social apps and
games, integration of social media with health information
technologies, and others (eg, FriendFeed) [9]. Social media used
in health care settings can be grouped broadly into two
categories—general-purpose web-based social networks and
online health communities that often serve as discussion forums
[10].

The ubiquitous nature of social media makes it a convenient
tool for health care organizations to connect with patients and
colleagues, irrespective of their geographical locations [1]. It
has been predicted that social media will become the second
most important form of engagement with employees and
customers, second only to face-to-face interactions [11]. Social
media facilitates the expansion of professional networks and
participation in various professional activities, thereby giving
health care practitioners a platform to express their views about
the health system, which in turn helps generate and inform
health policy and public debate [1]. As many as 72% of internet
users have sought health information online, and many
individuals regard health care organizations as their primary
source of health information, in preference to advice from other
sources [12].

Objectives
Many studies [13-16] have highlighted the usefulness of social
media in health care settings, and an increasing number of health
care organizations are adopting the application [2-4,14]. Health
care organizations use social media to support a variety of
activities, including professional networking, harnessing patient
feedback, public health promotion, professional education,
patient education, organizational promotion, crowdsourcing,
research, and patient collaboration [17].

Some health care organizations already use social media
extensively, while others are relative neophytes, aiming to
become “mature” social media users. Social media maturity
entails a health care organization not only adopting and using
the application but also possessing high levels of relevant
knowledge and sophistication, along with an integrated social
media strategy [18]. One of the indicators of a health care
organization’s level of social media maturity is the ability to
measure it [18].

Social media must be measured to ensure continuous
improvement [17,19,20]. Thus, the ability to measure is critical
to the success of health care social media initiatives [17,20,21].
As more forms of social media emerge, health care organizations
must understand what tools to use, how to use them
appropriately, and how to measure their effectiveness. The
challenge for health care organizations is not just trying to find
the best way to incorporate social media strategically, but also
to find the best way to measure it. Against this background, this
study explores how health care organizations approach social
media measurement and the tools they employ.

Methods

Overview
This study is exploratory; thus, it follows a broadly interpretive
[22] and inductive approach [23]. To solicit feedback relevant
to the study’s objectives, health care organizations in Australia
that use social media were invited to participate in the study.

Ethical Considerations
In line with Federation University Australia’s ethics procedure,
an ethics review form was submitted, and approval was granted
on August 23, 2017. Participants were interviewed between
2017 and 2019. All participants in the study were >18 years of
age. Before the interviews, all potential interviewees were
allowed to read about and consent to participate in the research.
Thus, participation in the study was voluntary, and no financial
rewards or incentives were offered.

Recruitment
Participant selection involved both purposive and snowball
sampling. Purposive sampling involved the identification of
major stakeholders [24] and ensured that initial participants
were drawn from health care organizations that use social media.
Initially, five hospitals that use social media were recruited to
participate in the study through a combination of phone calls
and emails. Apart from the initial participants, all but one of
the participating organizations were recruited through snowball
sampling—that is, participants suggested or helped to recruit
other participants for the study. Finally, the participants were
drawn from distinct types of health care organizations, varying
in size and locality. Of the participating organizations, four were
large hospitals that provide comprehensive health services, three
were smaller hospitals that offer a wide range of medical and
primary health services, and another was a medical research
center. Other participants included a family practice and a clinic
that promotes public health. Of the participating organizations,
four were located in major cities, while the rest were located in
regional areas.

Given that this study focused on health care organizations, all
individuals that contribute to their organization’s social media
were eligible to participate in the study. The final composition
of participants was six medical doctors and five communications
personnel (social media or communications managers).

Data Collection
Qualitative data were collected through semistructured
interviews, as recommended by Walsham [25]. When
developing the interview questions, the researcher initially
outlined the broad areas of knowledge that were considered
relevant to answering the larger research questions of the study.
Questions were developed within each of these areas, adjusting
the language of the interview to fit participants’ backgrounds
so that clinicians and communications personnel could relate
to questions. The goal was to tap into their experiences and
expertise. The interview guide can be found in Multimedia
Appendix 1.

Participants were interviewed at their preferred time and
location. In line with the process of conducting semistructured
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interviews, an interview guide was used flexibly [26], ensuring
that conversations were free-flowing, yet focused. The flexible
use of the researcher-developed interview questions enabled
the interviewees to be probed further based on their responses
[27]. Notes and probe questions in each interview were recorded
and factored into the subsequent interviews.

Each interview was recorded with an audio recorder and then
transcribed verbatim for analysis. The average duration of the
interviews was approximately 50 minutes. Additional relevant
information was obtained from publicly available literature
about some participants in the study. After each interview
transcription, the researcher carefully reviewed the transcripts
and recordings to ensure that no relevant information had been
missed.

The expectation was to conduct between 12 [28] and 15
interviews [29] to reach saturation of knowledge; however, after
the seventh interview, the analysis of subsequent interview
transcripts hardly yielded new themes. This redundancy signaled
to the researcher that the data collection process might not
produce additional information. In total, 11 in-depth interviews
took place.

Data Analysis
The interview data were anonymized by removing content that
could identify interviewees. Utmost care was taken to preserve
the richness of the interview material wherever possible, while
also protecting the privacy of participants [30].

The transcript was then uploaded to NVivo (QSR International)
[31] in readiness for the analysis process. Relevant qualitative
data were thematically analyzed until themes emerged that
helped elucidate the phenomenon under investigation.

The analysis involved the inductive development of categories.
The researcher first assigned summative or evocative attributes
to different portions of the transcribed interviews, identifying
similarities, patterns, and relationships. There were several
initial codes, with some of them overlapping to some extent. A
preliminary category system was applied to the interview data.
Subsequently, codes with similar meanings were clustered, and
a corresponding theme was formed. The researcher modified
categories when the data showed additional and new information
that required a new category. The researcher differentiated the
resulting defined themes into main and subcategories and
assigned relevant original statements in the transcripts to these
categories.

Although the coding and analysis of interview transcripts were
performed solely by the researcher, the findings were reviewed
with peers, including experienced researchers. Furthermore, to
ensure the validity of the results, the results were considered
vis-à-vis explanations from relevant literature, in line with
triangulation techniques [32].

Figure 1 presents the sequence of activities during data analysis.

Figure 1. The sequence of data analysis activities.

Results

Overview
Thematic analysis of interview transcripts yielded five main
themes concerning health care organizations’approach to social
media measurement: frequency of social media measurement,
benchmarks used for social media measurement, metrics tracked
in social media measurement, tools used in social media
measurement, and challenging aspects of social media
measurement.

The themes that emerged were spread over both medical doctors
(MD) and communications personnel (CP).Hence, the
contributions of MD and CP participants were blended and
presented based on themes that emerged collectively rather than
by group.

Frequency of Social Media Measurement
Three categories emerged based on how often participants
measured their social media: frequently, infrequently, and never.

Frequently
Some participants reported that they measured their social media
frequently. This study conceptualized frequent measurement as
measuring one’s social media at least once per week. In response

to a question about how often they measure their social media,
a participant had the following to say:

Every day. Every post that we do, we look to see how
it went. So, we don’t just look at them once a month,
but we look at them every day. [CP1]

According to another participant:

I monitor it on a day-to-day basis and then on a
weekly basis, looking back, just to see that I am on
track for where I need to be for the month. Because
if you don’t look at where you are until the end of the
month, there’s nothing you can do to fix it if you’re
not anywhere near your goal. So, it’s continuous
monitoring I would say. [CP3]

Infrequently
It was observed that some health care organizations measured
their social media infrequently. This study conceptualized
infrequent measurement as measuring one’s social media twice
or fewer times per month. Regarding how frequently they
measured their social media, a participant stated:

Not often. I give my results on a monthly report.
[CP5]
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One reason for infrequent measurement could be that managers
do not require employees who oversee the health care
organization’s social media to provide social media reports
frequently. In the words of a participant:

I honestly haven’t had to do that in a long while
because they trust me. [CP2]

Other possible reasons for not regularly measuring their social
media are that some organizations do not sufficiently understand
the information or are unable to afford the time, money, and
effort needed.

I don’t check it all that often because, number one,
you need to understand the information, number two,
you need to either have the time, the money, or
[afford] the effort to change that. [MD4]

Never
Interestingly, it was noted that some health care organizations
did not ever measure their social media performance. As two
participants explained:

I glance at the stats. I’ve never, in all my time, ever
tried to calculate, like, the stats. [MD5]

I don’t measure anything. I am not sure these sorts
of things can be measured. [MD6]

The lack of measurement can be attributed to the practices of
management staff in their organizations, who do not require
them to provide periodic reports. As one participant put it:

I don’t think I’ve been asked to measure once or to
provide one of my monthly reports that I do. I don’t
think … I’m still yet to report that to anybody. [CP4]

Benchmarks Used in Social Media Measurement
Three types of benchmarks were apparent in social media
measurement: personal benchmarking, comparative
benchmarking, and metric benchmarking.

Personal Benchmarking
At least one participant alluded to using personal benchmarks
to track progress, evaluate performance, and determine areas
for improvement. This study conceptualized personal
benchmarking as using self-set targets to evaluate social media
performance. The adoption of personal benchmarks appears to
be a convenient way to make up for the absence of an official
one:

I gave myself KPIs because nobody gave me any.
[CP2]

Comparative Benchmarking
An alternative to personal benchmarking is comparative
benchmarking. It involves measuring social media against those
of best-in-class peers. One of the participants stated that:

My whole team attended Mayo Clinic’s Conference
in Australia last year … in the next 5 years, we will
like to be like Mayo clinic … We look at other
organizations, for instance, the Royal Children’s
Hospital has very good social media … We use other

organizations as benchmarks and try to do better.
[CP1]

Metric Benchmarking
Unlike other types of benchmarking, metric benchmarking
enables the numerical measurement of performance levels and
comparison with set targets. According to an interviewee:

We’ve got quite huge targets that they [management]
want us to achieve within the next 5 years of growing
the page and reaching more people ... And they are
very keen, and they monitor those results in their
quarterly board meetings. So, they get a presentation
every 3 months of where we are versus where we
should be, and then they make recommendations
based on that … So, we have very defined targets that
we want to reach on a yearly basis, but then we work
it, obviously, back to a monthly basis. [CP3]

Metrics Tracked in Social Media Measurement
Participants’ responses revealed three areas that they considered
relevant indicators of their social media performance. These are
reach, engagement, and conversion rates.

Reach
To determine the size of the audience that has encountered the
social media posts targeted at them, health care organizations
use the reach metric.

Social media reach is based on the number of followers, fans,
subscribers, connections, and visibility [33], as illustrated by
the following comments:

… we specifically measure audience size. So, [on]
Facebook and Twitter and Instagram, how many
followers do we have, and how fast is that growing?
[CP3]

I’ve got a metric that’s balanced towards being
followed, which is good. [MD3]

A reach metric allows health care organizations to estimate the
proportion of an audience that sees a given social media message
on a given social media platform.

If it’s [social media posts] reaching 2000 people, or
200,000 people saw it, we know even though they
might not have clicked like, they still saw it, and they
might have gotten some benefit out of it. [CP3]

Engagement
By using engagement metrics, health care organizations can
gauge the degree of audience interaction with their social media
efforts, using public shares, likes, retweets, check-ins, and
comments as indicators. According to one of the participants:

Every month we look at our average brand
impressions and make sure we exceed that of the
previous month. So, we set targets for ourselves. We
also look out for metrics on our engagement and
check whether we are meeting the targets. We always
aim to surpass that of the previous month. [CP1]

Another participant shared a similar view:
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I have a look at how many people look at my blog,
my articles on my blog, which is an automated stats
collection. [MD5]

There are several ways to measure how much interest a health
care organization’s social media is generating, as noted below:

It could be the commentary, likes … it’s derived from
an algorithm. [CP1]

Another way to measure engagement is to use yardsticks, such
as the Alexa rank.

According to an interviewee:

I’ll check my Alexa ranking every month or so just to
make sure we’re going in the right direction. And if
that has a massive turn, then I know that something
isn’t right. [MD4]

One of the alternatives to using yardsticks, such as the Alexa
rank to measure engagement is to deploy an analytics tool to
do the measurement. According to a participant:

…we have our Google Analytics running all the time
on our website to be looking at traffic and so on. The
regular posting on social media is designed to
generate the traffic ... We track how successful they
[social media] are at generating new and old traffic,
how many clicks, how many people visit a certain
number of pages after it, and so on. The bounce rate,
things like that. [MD3]

When health care organizations post relevant social media
content, it encourages users to click through to the organization’s
website. To specifically identify traffic from social media
platforms, health care organizations deploy relevant metrics.
One participant alluded to this by saying:

Every time we run a little campaign or a post, we put
a sticky label on it to see what’s causing the traffic
to rise or fall. So, we track which types of posts are
most successful in driving more traffic through.
[MD3]

Another participant added that:

…we measure referrals back, so how many views on
our website did we get from people who were using
Facebook or Twitter or saw our stuff on Facebook
or Twitter? [CP3]

Measuring engagement also allows users to identify the
platforms audiences are most interested in, the nature of their
interaction with the platforms, and the geographical locations
of the audience. In the words of a participant:

I measure the way in which people interact, including
the platforms, the time zones, and the countries in
which they interact. If there’s increase in the number
of users in a certain country, then I can start thinking
about translating contents into the language of that
country. [MD4]

Conversion
The conversion rate metric enables health care organizations to
determine the percentage of visitors to their social media

platform who donated to their social crowdfunding initiatives.
In that context, a higher conversion rate is an indication of the
success of social media initiatives. As one participant stated:

I think the amount of money we have raised through
social media campaigns is an indication of success.
[CP2]

Health care organizations can also use the conversion rate metric
to measure the percentage of people who attend an event after
learning of the event on their social media platform. According
to some interviewees, if many people attend their events after
interacting with social media posts about those events, this
demonstrates that their social media initiative has been
successful. In the words of a participant:

[We consider our social media initiative successful]
when patients come in and say we are here because
we saw you on Facebook. [MD2]

Another added:

If we have a function … we can do a paid advert for
A$2,000 in a local paper and get 5 people in. If we
do a A$500 advert on Facebook, we’ll get 50 people
in, and the function is full, and we have to run
additional events. So, from that, I suppose we can say
we’ve been successful. [CP5]

Tools Used in Social Media Measurement
The study found that health care organizations used two types
of tools for social media measurement: inbuilt analytics tools
and add-on analytics tools.

Inbuilt Analytics Tools
Inbuilt analytics tools are embedded in the social media
platform. For instance, Facebook page analytics is an inbuilt
tool used to track user interaction on a Facebook fan page to
improve understanding of the page’s performance. According
to a participant:

Facebook Insights provides details on which posts
have the most likes, comments, and shares, which
means that page managers can see what content
resonates with their audience and provide similar
content to increase engagement with the page … Page
Insights also provides basic demographic information
about people who like your page, and this includes
gender and age. [MD2]

Another participant had the following to say about how they
use inbuilt analytics tools for social media measurement:

... I will show them [management] monthly how many
people were reached with the help of data obtained
from Facebook Insights, and explain factors (humor,
picture, videos, etc) that made the difference to
audience engagement. [CP2]

Add-on Analytics Tools
In contrast to inbuilt analytics tools, add-on analytics tools are
not embedded in the social media platform. Rather, they are
third-party software programs or scripts that are added to a
social media platform to provide it with additional features and
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abilities. The additional capabilities of add-on analytics tools
appear to have made them popular among health care
organizations that use social media. According to an interviewee:

I’ll check my Alexa ranking every month or so just to
make sure we’re going in the right direction. [MD4]

In the words of another interviewee:

… we have our Google Analytics running all the time
on our website, to be looking at traffic and so on.
[MD3]

A participant had this to say about the benefits of using Google
Analytics:

I think that using Google Analytics is useful from a
geolocation point of view. ... If there’s increase in
number of users in a certain country, then I can start
thinking about translating contents into the language
of that country. [MD4]

Challenging Aspects of Social Media Measurement
Some of the feedback from participants indicated that there are
aspects of social media use that health care organizations would
like to measure but are currently unable to. Those identified
specifically were health care social media’s conversion rate and
its impact on both public health and patient satisfaction.

Conversion Rate
Although some of the interviewees alluded to measuring their
social media conversion rate, it appears that many had more
questions than answers. In the words of one particpant:

I wish there is a way to measure the follow-on. I can
see how many people have gone to our website
through Google Analytics, but the conversion rate is
the problem. It’s hard to measure. I wish I could find
out if we got more people as a result of our social
media post. [CP2]

Echoing a similar sentiment, another interviewee commented:

… we want the hard facts, we want to know who are
we convincing [through social media] to come here
rather than a competitor. [CP5]

Impact on Public Health
Another aspect identified by some participants as difficult to
measure is the impact of their social media activities on public
health. In the words of one participant:

Like everything in health, what you will like to
measure is whether you are making an impact in
people’s health [through social media]… it’s hard to
know. [MD2]

The difficulty inherent in measuring the impact of social media
interventions is particularly obvious at the aggregate level. One
interviewee had this to say regarding the issue of measuring the
global impact of social media-based health interventions:

There are many anecdotal pieces of information
[regarding the impact of social media interventions]
... But how can you measure the globality of impact,
because a lot of it is subconscious? It is difficult.
[MD4]

Patient Satisfaction
Finally, it is difficult to measure the extent to which patients
are satisfied with the information health care organizations share
with them on social media. In their words:

So you can have an exchange with them [patients],
on social media, but how satisfied were they with
service that we provided? … You can’t really measure
the satisfaction that they got out of your exchange
with them. [CP03]

Discussion

Principal Findings
Five themes emerged from the analysis of health care
organization participants’ responses regarding their approaches
to social media measurement: frequency of social media
measurement, the benchmark used for social media
measurement, metrics tracked in social media measurement,
tools used in social media measurement, and challenging aspects
of social media measurement. Table 1 presents a summary of
the findings. The analysis presented in this section elucidates
responses to the research question—how do health care
organizations approach social media measurement?

JMIR Form Res 2020 | vol. 4 | iss. 8 |e18518 | p.177http://formative.jmir.org/2020/8/e18518/
(page number not for citation purposes)

UkohaJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

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


Table 1. Principal findings: themes and categories.

CategoriesThemes

Frequency of measurement • Frequently
• Infrequently
• Never

Benchmarks used in measurement • Personal benchmarking
• Comparative benchmarking
• Metric benchmarking

Metrics tracked in measurement • Reach
• Engagement
• Conversion

Tools used in measurement • Inbuilt analytics tools
• Add-on analytics tools

Challenging aspects of measurement • Conversion rate
• Impact on health
• Patient satisfaction

Frequency of Measurement
The study observed a discrepancy among participants in the
frequency of social media measurement. While some health
care organizations measured their social media frequently, others
measured infrequently or not at all.

It appears that the frequency of social media measurement
depended on the accountability expectations of management.
Health care organizations whose management demand a formal
report of their social media performance tend to measure their
social media frequently. Whereas health care organizations
whose management does not demand accountability from those
who run their social media tend not to measure their social
media at all, or they measure them infrequently.

Accountability expectations were influenced by whether the
management trusted that their social media was performing a
useful health service. Not measuring social media or infrequently
measuring them could be an indication that managers of a health
care organization are not fully aware of the usefulness of using
social media in health care settings.

Further, it appears that medical doctors were less likely to
measure social media regularly compared with communications
personnel, perhaps due to their heavy workloads or limited
experience using social media for business.

Social media should be tracked frequently, that is, weekly or
monthly [34]. Health care organizations that frequently measure
their social media can track how their social media initiatives
are progressing vis-à-vis their target for the month, which allows
them to address any issues that could impede their ability to
meet set targets. Measurement needs to be an ongoing cycle
[35]. Measuring social media on an ongoing basis would enable
an understanding of the extent to which social media has
supported the realization of set objectives [19,36-38].

Benchmarks Used in Measurement
Although many health care organizations use benchmarks to
measure their social media performance, others do not.

Benchmarks are standards against which performance is
compared; thus, they enable social media users to know which
areas require more attention [34]. The types of benchmarking
that were apparent from the study are personal benchmarking,
comparative benchmarking, and metric benchmarking.

Some health care organizations that use social media do not
have an official benchmark against which they measure their
performance; hence, some users have set personal benchmarks
in the absence of an official one. Personal benchmarks are
standards individuals set for themselves that allow them to track
their progress and evaluate themselves to determine how they
need to improve. The standards are set regarding what is
important to individuals, thereby guiding them against irrational
actions [39]. Setting a personal benchmark could help motivate
health care organizations to perform better because it enables
them to measure their performance.

An alternative approach used by some of the more ambitious
health care organizations to measure their social media is
comparative benchmarking. Health care organizations that used
comparative benchmarking tracked their social media operations
and compared their results with those of more established health
care organizations. In this context, it can also be referred to as
peer benchmarking. In health care settings, peer benchmarking
is used when there is a need to raise performance levels to be
on par with the performance of leaders in the field [40]. In doing
so, individual results may be used to compare with peer results
[41]. Comparative benchmarking has the potential to support
health care organizations that are neophytes in their efforts to
improve their social media performance. It encourages them to
strive to be like more established health care social media users
in the industry or region.

Health care organizations that have clear social media goals
may prefer metric benchmarking to both personal benchmarking
and comparative benchmarking. Metric benchmarking involves
the use of statistical procedures to evaluate performance against
set targets [42]. Consequently, social media use is data-driven,
with quantitative performance improvement objectives that are
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predictable and align with the needs of the health care
organization, thereby ensuring a more objective appraisal of
social media performance.

Metrics Tracked in Measurement
It was noted that metrics tracked by health care organizations
that use social media include reach, engagement, and conversion
rates.

Many health care organizations use reach metric to measure
their social media performance because it is easy to calculate.
Social media reach is an estimate of the number of users that
could have contact with a social media post [33]. It is the
aggregate of the audience of a social media platform, including
subscribers and visitors [33]. The reach metric is informative,
given that it allows a health care organization to obtain a better
understanding of their audience and the geographical regions
that their posts or content reach. An expanding audience would
indicate to a health care organization that their online presence
is growing.

A wide reach does not necessarily translate to deep engagement.
In other words, it is possible for a health care organization’s
reach via social media to be wide yet only able to engage a small
proportion of its target audience. Consequently, there is a need
for the engagement metric. The engagement metric measures
the ability of a social media user to establish dialogue and
interaction with other users [37,43]. Measuring engagement
allows health care organizations to know who is reading their
social media posts, the content that interests users, and the
platform that is popular with users. Social media data, such as
the number of “likes,” “fans,” or “shares” for Facebook, or the
number of “tweets,” “retweets,” or “replies” for Twitter are
used to compute engagement [43]. The type of indicator required
depends on the specific social media platform. For instance,
engagement can be calculated by counting the number of replies
on Twitter, the number of comments on Facebook, and the
number of subscribers on YouTube [37,43]. More shares, likes,
or comments for a health care organization’s social media posts
would indicate that their message resonates with their audience.

Although a high level of engagement indicates that the audience
finds social media efforts interesting, it is not a confirmation
that they are taking the desired action. To be sure that their
social media posts are influencing the behavior of their audience,
health care organizations use the conversion metric. Social
media conversion rate is a measure of the percentage of the
audience who take the desired action after interacting with social
media content [44]. Health care organizations use conversion
metrics to measure the number of people that respond to their
call-to-action on social media. When a health care organization
is seeking to motivate action on the part of its audience, tracking
the conversion rate allows them to monitor the percentage of
users who take the recommended action. Participants reported
that the conversion metrics helped them to know the proportion
of people who visited their social media pages that donated to
their crowdfunding initiatives. Ultimately, the indicators used
to measure conversion rates vary depending on the
recommended action. For instance, if the recommended action
is for the audience to donate to a crowdfunding initiative, the
indicator would be the number of people that donated after

finding the campaign on social media. Similarly, if the
recommended action is that the audience attends an event
organized by the health care organization, the indicator would
be the number of people that arrive at the event after viewing
the invitation on social media.

Tools Used in Measurement
It was noted that when it comes to measuring health care social
media, both inbuilt analytics tools and add-on analytics tools
are useful.

Inbuilt analytics tools are measurement tools built into most
social media platforms [45]. For example, Facebook Analytics
provides a general overview of a user’s Facebook page, their
audience, and the performance of their posts [45]. Data taken
from one day, the previous week, or the last month can be
drilled-down to reveal more high-level statistics [45]. It shows
an organization the performance of their posts and the behavior
of their followers, thus allowing them to identify the best time
of day to post, the best day of the week to post, and the most
popular type of content to post [45]. Other examples of inbuilt
analytics tools include Pinterest Analytics, Twitter Analytics,
Instagram Analytics, and YouTube Analytics [46].

Inbuilt analytics tools are popular because there are no
acquisition costs [45,47]. Hence, they are suitable for health
care organizations that have a relatively small social media
budget and health care organizations that do not use social media
extensively or use only one social media platform. The main
limitations of inbuilt social media analytics tools are that they
are usually only able to support individuals or small brands [47]
and specific social media accounts [45].

Health care organizations that are mature social media users
and own multiple social media platforms may prefer to use
add-on social media analytics tools to appraise their social
media. Add-on social media analytics tools include computer
software services such as Google Analytics and Alexa ranking
that can be added to social media to enable the tracking of
relevant metrics. Users can employ the Google Analytics tool
to sift and sort visitors to social media platforms with
dimensions such as location. As an analytics tool, it can globally
track social media and other online activities [45]. Google
Analytics could work well with social media platforms. To
optimize usage, the user must install both Google Analytics and
Google Tag Manager before tagging the aspect of social media
they would like to measure [48]. Google Tag Manager enables
data and metrics from relevant social media websites to be sent
to Google Analytics for analysis [48]. Alexa rank, on the other
hand, is a measure of the popularity of a website or a social
media site in terms of traffic [49]. It is calculated using a
proprietary methodology that combines a site’s estimated traffic
and visitor engagement over some time [50].

Other examples of add-on analytics tools include BuzzSumo,
Vizia, SumAll, and Quintly [46]. Add-ons are arguably easier
to use than inbuilt analytics tools. They are cross-platform and
are particularly relevant for managing multiple social media
platforms and accounts [45-47]. Users can use them to track all
their social media platforms simultaneously, thereby enhancing
efficiency and ensuring more consistent and valuable results

JMIR Form Res 2020 | vol. 4 | iss. 8 |e18518 | p.179http://formative.jmir.org/2020/8/e18518/
(page number not for citation purposes)

UkohaJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

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


[45]. The additional features mean that most of these tools entail
additional costs. That notwithstanding, they are the most suitable
analytics tools for health care organizations that use several
social media platforms.

Challenging Aspects of Measurement
Information technology creates value but identifying where,
how, and how much value can be problematic [51]. Social media
has considerable potential to make a positive contribution to
health care; however, results from its use are abstruse [52]. One
of the most critical issues in the appraisal of information systems
investments is the question of what to measure [53]. Although
many participants alluded to measuring their social media, many
did not appear confident that they were successful with certain
aspects of measurement.

Participants identified conversion rate, impact on public health,
and patient satisfaction as areas that were difficult to measure.
Although some health care organizations found the conversion
metrics useful for tracking audience responses to social
crowdfunding initiatives, they appeared to have unanswered
questions regarding using the metric in different contexts.

It was also noted that health care organizations would like to
know the impact their social media initiatives are having on the
broader society in terms of disease prevention, prolonging life,
and promoting human health. However, according to the results
of the study, participants do not know how to ascertain their
impact. That is not surprising because the societal impact of
information technology is difficult to conceptualize, and any
conceptualization is likely to be subjective [54].

Participants also alluded to being interested in learning the level
of patient satisfaction with their social media sites, but being
unable to measure it. Patient satisfaction is an important and
commonly used indicator for measuring the extent to which
patients are content with the health care they have received from
their health care organization [55]. Given that patient satisfaction
affects clinical outcomes, patient retention, and medical
malpractice claims [55], it is logical that health care
organizations that use social media would be keen to know the
extent to which patients are happy with their social media sites.

The ongoing social media measurement challenges highlight
the need for a transparent, standardized, and flexible
measurement framework [19]. The lack of a consensus approach
concerning certain aspects of measurement suggests that social
media measurement in health care settings is at a nascent stage.
It seems that the health industry lags behind other industries in
terms of knowledge, sophistication, and integration of social
media strategy.

Strengths and Limitations
This study sheds light on the social media capabilities of health
care organizations. It demonstrates the yardsticks that are
effective for social media measurement as well as potential
blind spots for which suitable yardsticks appear to be elusive.
By exploring the merits and limitations of current techniques
used to appraise social media in health care settings, this study
provides information with which to revise and improve the
existing measurement criteria.

A health care organization’s ability to measure their social
media, among other things, reflects their level of social media
maturity [18]. By investigating how health care organizations
in Australia approach social media measurement, this study
reveals participants’ level of social media maturity. Thus, the
results of this study can help health care organizations take stock
of their social media capabilities and determine which strategies
are appropriate for their maturity level and for optimizing
success [18].

Moreover, measurement is a critical success factor of social
media initiatives [56]. Thus, by identifying the approach used
by health care organizations in social media measurement, this
study enables a deeper understanding of some of the tools and
techniques required for successful social media campaigns.

Despite the contributions of this study to the growing body of
research on the use of social software in health care settings,
several important limitations need to be considered. First, the
results of this study should be interpreted as indicative and not
necessarily generalizable, considering that the study was
restricted to Australia. Second, given that only medical doctors
and the communications personnel of health care organizations
were interviewed for this study, a research sample with more
diverse profiles may suggest additional themes. Last, it is
important to note the time frame of this study when considering
its findings, since usage and attitude toward social media evolve
rapidly.

Conclusions
This qualitative study provides insight into how health care
organizations approach social media measurement. Although
many participants showed great interest in using various tools
and techniques to measure their social media, they still had
some unanswered questions. Despite the availability of tools
that enable users to track social followers and click-through,
measuring the effectiveness of social media initiatives remains
a challenge [21]. While many online activities can be appraised
using defined quantitative metrics, social media, among other
things, generates qualitative data, which traditional metrics
alone cannot effectively measure [19]. This measurement
problem is exacerbated by the lack of an overarching
measurement approach, which causes difficulties for
organizations wanting to prove the usefulness of their social
media [19,57,58].

Without the ability to define and measure the use of social
media, it will be difficult to derive value from them [21,59].
Therefore, the challenge for health care organizations that use
social media is to determine what to measure and the data
requirement of such measurement. A comprehensive and
consistent measurement approach for social media would help
improve its use.

Health care organizations should work towards improvements
in how to use social media, and how to measure their
effectiveness. This study calls for social media training in health
care organizations. Such training must focus on both how to
use relevant tools and how to effectively measure their use.
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Abstract

Background: Physical activity (PA) level is associated with multiple health benefits during early childhood. However,
inconsistency in the methods for quantification of PA levels among preschoolers remains a problem.

Objective: This study aimed to develop PA intensity cut points for wrist-worn accelerometers by using machine learning (ML)
approaches to assess PA in preschoolers.

Methods: Wrist- and hip-derived acceleration data were collected simultaneously from 34 preschoolers on 3 consecutive
preschool days. Two supervised ML models, receiver operating characteristic curve (ROC) and ordinal logistic regression (OLR),
and one unsupervised ML model, k-means cluster analysis, were applied to establish wrist-worn accelerometer vector magnitude
(VM) cut points to classify accelerometer counts into sedentary behavior, light PA (LPA), moderate PA (MPA), and vigorous
PA (VPA). Physical activity intensity levels identified by hip-worn accelerometer VM cut points were used as reference to train
the supervised ML models. Vector magnitude counts were classified by intensity based on three newly established wrist methods
and the hip reference to examine classification accuracy. Daily estimates of PA were compared to the hip-reference criterion.

Results: In total, 3600 epochs with matched hip- and wrist-worn accelerometer VM counts were analyzed. All ML approaches
performed differently on developing PA intensity cut points for wrist-worn accelerometers. Among the three ML models, k-means
cluster analysis derived the following cut points: ≤2556 counts per minute (cpm) for sedentary behavior, 2557-7064 cpm for
LPA, 7065-14532 cpm for MPA, and ≥14533 cpm for VPA; in addition, k-means cluster analysis had the highest classification
accuracy, with more than 70% of the total epochs being classified into the correct PA categories, as examined by the hip reference.
Additionally, k-means cut points exhibited the most accurate estimates on sedentary behavior, LPA, and VPA as the hip reference.
None of the three wrist methods were able to accurately assess MPA.

Conclusions: This study demonstrates the potential of ML approaches in establishing cut points for wrist-worn accelerometers
to assess PA in preschoolers. However, the findings from this study warrant additional validation studies.

(JMIR Form Res 2020;4(8):e16727)   doi:10.2196/16727

KEYWORDS

preschoolers; accelerometer; physical activity; obesity; machine learning

Introduction

Accelerometry has been widely accepted as the gold standard
to measure physical activity (PA) in free-living settings [1,2]

including preschools [3]. Triaxial accelerometers can record
the magnitude of accelerations from three movement axes and
convert accelerations to vector magnitude counts over a given
user-specified cycling period (epoch) [4]. Counts are translated
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into biologically meaningful PA volume and intensity levels
using pre-established cut points for sedentary behavior, light
physical activity (LPA), moderate physical activity (MPA), and
vigorous physical activity (VPA) [3]. Although; traditionally,
gold standard cut points are established using data derived from
accelerometers placed on the right hip of the body [1,2], recent
revolutions have focused on acceleration data from wrist-worn
accelerometers for increased protocol compliance of study
participants, better sensitivity to detect certain types of
movements, and sleep measurement [5-9]. Fairclough et al [10]
found that wrist-worn accelerometers had at least 10% higher
compliance rate than hip-worn ones, regardless of the data
processing criteria in school-age children. They also reported
that wrist-worn accelerometers had a much lower study drop-off
rate compared to hip-worn ones, regardless of the number of
monitoring days. Thus, the wrist, instead of the hip, might be
an ideal accelerometer placement site for preschoolers.

However, cut points from wrist-derived data are sparse for
preschool-age children [11,12]. Johansson and colleagues
[13,14] conducted the only studies that established
wrist-referenced cut points for sedentary behavior and moderate
and vigorous physical activity (MVPA) in preschoolers. Using
direct observation of structured and free-play activities as the
ground truth activities, hip- and wrist-derived cut points yielded
comparable accuracy and validity of the observed activities.
Nevertheless, Johansson [15] cut points did not differentiate
between LPA, MPA, and VPA, and have not been replicated
by others.

Machine learning (ML) algorithms are increasingly being used
to translate accelerometer outputs to meaningful PA metrics
[16]. Recent studies have applied part of the accelerometry data
to ML algorithms as the training set to build statistical models
that can predict PA intensities from a new set of accelerometry
data without explicit instructions [17]. Research has
demonstrated the promising performance of ML techniques in
combination with the use of wrist-derived acceleration data in
predicting the type and intensity of activities, as well as activity
energy expenditure with comparable overall predictive
accuracies in adult populations [16,18,19].

Combining ML techniques and wrist-worn accelerometers may
help address the low compliance caused by the challenges in
wearing hip-worn accelerometers [20,21] and the difficulty in
measuring the various levels of activity intensity given the
unique nature of the sporadic and short-burst activity patterns

in preschool-age children [22,23]. Therefore, the purposes of
this study were (1) to develop the cut point values for sedentary
behavior, LPA, MPA, and VPA based on wrist-derived
acceleration data using multiple ML algorithms, and (2) to
examine classification accuracy of PA intensity in comparison
to hip-reference cut points [24] and previously established
wrist-referenced cut points [25] in preschool-age children.

Methods

Recruitment
A total of 61 healthy children, aged 3-5 years, who were enrolled
in a Head Start program (HS), were recruited to participate in
the study in Fall 2018; in San Antonio, Texas. The HS is a
federally funded program that serves children from low-income
families through academic, health, nutrition, and family service
programs [26]. Their parents/guardians signed an informed
consent form before participation. Each participant received up
to US $30 gift card for participating in the study. Children who
were 3 years old at recruitment, were enrolled in the full-day
HS program, and had no physical disabilities were eligible for
the study.

This study was reviewed and approved by the Institutional
Review Board of the University of Texas at San Antonio.

Accelerometer Data Collection
For 3 consecutive days, the children wore two triaxial
accelerometers (ActiGraph model WGT3X-BT, ActiGraph,
LLC) that collected raw accelerometry data at a sampling
frequency of 30Hz (30 observations per second for each axis)
from 9 AM to 2 PM, following a previously published protocol
[27]. On the day of data collection, a trained research assistant
placed one accelerometer on the nondominant wrist and the
other one on the right hip of each child. For this study, raw
accelerations were converted into 15-second epoch and
thereafter collapsed to 60-second epochs. For this study, data
were outputted as the vector magnitude (VM) counts, which is
the square root of the sum of squares of each axis of acceleration
data. Nonwear time was detected using the Choi wear time
validation algorithm [28]. Participants with missing hip- or
wrist-worn accelerometer epoch for more than 3 consecutive
5-hour days were excluded from the analysis. Accelerometer
data processing was performed using ActiLife software (Version
6.13.3). Visual presentation of the accelerometer counts for one
participant is shown in Figure 1.
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Figure 1. Visual presentation of the changes of wrist- and hip-worn accelerometer vector magnitude counts for one participant throughout a school
day, with previously established hip-based physical activity level thresholds as defined by Butte et al. [23].

Hip- and Wrist-Reference Cut Points for Comparisons
The hip-reference cut points for assessing PA intensity were
adopted from Butte et al [24] based on predicted energy
expenditure from room calorimetry and doubly labeled water.
The cut points were no more than 820 counts per minute (cpm)
for sedentary behavior, 821-3908 cpm for LPA, 3909-6112 cpm
for MPA, and greater than 6113 cpm for VPA for vector
magnitude counts collected from ActiGraph hip-worn
accelerometers during free-living activities in preschool-age
children. The cut points reported by Butte and colleagues [13]
are widely used and will be used as the gold-standard reference
in this study. The cut points for sedentary behavior and MVPA
from wrist-derived data captured during structured and free-play
activities by Johansson et al [14] are the only available
references for preschool-age children.

Applications of Machine Learning Techniques
Three ML models, two supervised and one unsupervised, were
used to establish three different sets of wrist-worn accelerometer
VM cut points as the new wrist methods to assess PA in
preschoolers (Figure 2). Supervised ML models learn from
hip-identified PA of each epoch and produce an inferred function
that maps the wrist accelerometer count to a PA category;
unsupervised models read the underlying structure of the
wrist-worn accelerometer counts and detect the PA level of each
count value [29]. PA intensity levels identified using hip-worn

accelerometer cut points by Butte et al [24] were used as the
hip reference to train the supervised ML models. The two
supervised ML techniques were receiver operating characteristic
(ROC) analysis and the ordinal logistic regression (OLR) model.
Since ROC analysis was designed to predict binary outcomes,
it was run three times to establish the upper threshold for
sedentary behavior and the lower thresholds for LPA and VPA
[30]. After ROC analysis calculated and compared sensitivity
values for all possible threshold values, we selected thresholds
based on the minimum difference between sensitivity and
specificity [31]. For the OLR method, after being trained by the
PA intensity levels as predicted by the hip reference, the newly
constructed model calculated and compared the probability of
each VM count value being classified into different PA intensity
levels and assigned each count to the PA level with the highest
predicted probability. K-means cluster analysis was the
unsupervised learning approach used to separate each 15-second
epoch for each participant into four distinct clusters, based solely
on the input VM count data [32-34]. The number of clusters
(k=4) was determined a priori because the four activity states
of sedentary behavior, LPA, MPA, and VPA were known.
Sedentary behavior cut points for OLR and k-means cluster
analysis were determined based on the maximum count value
within the sedentary behavior category; MPA and VPA cut
points were determined based on the minimum count values
within these two PA intensity categories; LPA was further
determined based on the sedentary behavior and MPA cut points.
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Figure 2. Modeling process diagram.

Statistical Analysis
The VM count for each epoch for each participant was
categorized into a PA level based on each of the three sets of
newly established wrist-worn accelerometer cut points and the
hip reference, resulting in four separate PA level designations.
Standard classification measures of sensitivity, specificity,
false-negative rate, and false-positive rate were calculated to
assess the discriminative ability of each method to correctly
classify PA levels. Cohen kappa values were calculated to test
the agreement between hip- and four wrist-derived measures,
k-means, ROC, OLR, and Johansson’s cut points. Daily amount
of time in each PA level was also calculated and compared
against PA estimates from the hip-worn accelerometer.

Univariate analysis of covariance was conducted to compare
mean daily time in each PA intensity level for each of the
wrist-worn ML-based cut points versus the hip reference and
the Johansson’s cut points.

Results

All study participants were 3-5 years old, and more than 80%
(29/34) of them were of Hispanic ethnicity (Table 1). Hip
accelerometer identified 64.2% activity counts representing
sedentary behavior and nearly 8.0% representing MVPA.
Matched hip- and wrist-worn accelerometer data were collected
and analyzed from 34 participants, yielding a total of 122,399
epochs (Figure 3).

Table 1. Descriptive characteristics of the study participants (N=34).

TotalVariables

20 (58.8)Female, n (%)

29 (85.3)Hispanic race, n (%)

3.97 (0.49)Age (years), mean (SD)

100.80 (4.70)Height (cm), mean (SD)

16.38 (2.157)Weight (kg), mean (SD)

Hip-based activity counts in each physical activity level, n (%)

78,538 (64.2)Sedentary behavior

34,243 (28.0)Light physical activity

6784 (5.5)Moderate physical activity

2834 (2.3)Vigorous physical activity

9618 (7.8)Moderate-to-vigorous physical activity

JMIR Form Res 2020 | vol. 4 | iss. 8 |e16727 | p.187https://formative.jmir.org/2020/8/e16727
(page number not for citation purposes)

Li et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

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


Figure 3. Data flow diagram.

The three ML models grouped accelerometer counts differently
and developed three sets of wrist-worn accelerometer VM cut
points (lower and upper bounds; Table 2). For each ML model,

mean count values increased as the PA intensity level increased,
as expected.

Table 2. Wrist-worn accelerometer VM cut points established by each ML model and mean count value within each PA category.

Vector magnitude counts (cpm)Cut points (cpma)NModel

Mean (SD)Upper BoundLower Bound

Receiver operating characteristic analysis

744.40 (1077.67)3406070,848Sedentary behavior

4509.79 (652.33)5690340720,194Light physical activity

5952.98 (150.75)621956914009Moderate physical activity

10,054.39 (4267.24)∞622027,348Vigorous physical activity

Ordinal logistic regression model

1629.59 (1900.25)5837092,143Sedentary behavior

8436.16 (2028.01)14,020583826,746Light physical activity

15,481.18 (968.54)17,43214,0211688Moderate physical activity

22,350.31(4593.46)∞17,4331822Vigorous physical activity

K-means analysis

457.57 (759.38)2556062,815Sedentary behavior

4655.99 (1270.28)7067255737,876Light physical activity

9474.95 (1895.16)14,535706818,559Moderate physical activity

19,595.06 (4787.10)∞14,5363149Vigorous physical activity

acpm: counts per minute.

Agreement Between Each Wrist Method and the Hip
Reference
Agreement between the wrist methods and the hip reference at
epoch level is presented at Table 3. When grouping the MPA

and VPA, the prediction accuracy of each wrist method was
more comparable with the hip reference, based on a higher
classification rate and kappa value.
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Table 3. Agreement of each wrist cut point compared to the hip reference.

K-means analysisOLRb modelROCa analysisJohansson WristActivity intensity

Sedentary behavior

71.6490.9577.8281.36Sensitivity (%)

85.0752.7877.8272.77Specificity (%)

14.9347.2222.1827.23FPR (%)

28.369.0522.1818.64FNR (%)

0.530.470.540.53Kappa

Light physical activity

50.9043.2726.8067.34Sensitivity (%)

76.8186.4787.5075.69Specificity (%)

23.1956.7312.5024.31FPR (%)

49.1013.5373.2032.66FNR (%)

0.270.320.160.39Kappa

Moderate physical activity

48.428.834.47N/AcSensitivity (%)

86.7999.0696.79N/ASpecificity (%)

13.210.963.21N/AFPR (%)

51.5876.1195.53N/AFNR (%)

0.190.120.02N/AKappa

Vigorous physical activity

33.9423.8979.00N/ASensitivity (%)

98.1799.0479.00N/ASpecificity (%)

1.830.9621.00N/AFPR (%)

66.0676.1121.00N/AFNR (%)

0.310.280.11N/AKappa

Moderate-to-vigorous physical activity

68.3724.2778.8916.02Sensitivity (%)

86.5898.9678.9299.53Specificity (%)

13.421.0421.080.47FPR (%)

31.6375.7321.1183.98FNR (%)

0.350.330.280.24Kappa

Overall agreement

63.6871.5159.51N/ACorrect classification (%)

0.370.370.30N/AKappa

Overall agreement when MPA and VPA were grouped together

65.5872.3763.6372.30Correct classification (%)

0.400.390.350.45Kappa

aROC: Receiver operating characteristic.
bOLR: Ordinal logistic regression.
cN/A: Not applicable.

According to the kappa values, all three ML models performed
well on identifying sedentary behavior. When compared against
the hip reference, ROC analysis and k-means cluster analysis

derived cut points with acceptable sensitivity and specificity
values (both >70%) and were comparable to the performance
of Johansson et al [25] cut points.
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In terms of classifying LPA, only the k-means LPA cut point
resulted with sensitivity and specificity values greater than 50%.
While the specificity value for k-means LPA cut point (76.81%)
was similar to the Johansson cut point (75.69%), it had a much
lower sensitivity value.

None of the three wrist methods were able to distinguish MPA
as indicated by the low sensitivity and kappa values, although
the k-means MPA cut point had the highest sensitivity (48.42%)
and kappa value (0.19). OLR and k-means cut points also had
low sensitivity values for identifying VPA (23.89% for OLR,
33.94 for k-means). Although the ROC cut point exhibited
sensitivity and specificity values of 79%, the low kappa value
(0.11) indicated that there was a low agreement between this
method and the hip reference. When MPA and VPA were
grouped together, the k-means cut points demonstrated higher
sensitivity (68.37%), specificity (86.58%), and kappa values
(0.35) than the other two wrist methods.

In general, k-means cut points resulted in sensitivity and
specificity values above 50% for predicting sedentary behavior,
LPA, and MVPA, with an acceptable kappa value for overall
agreement (0.40).

Physical Activity Estimates by Method
Table 4 presents daily amount of time and percent of time in
each PA intensity level as assessed by the hip reference,
Johansson et al [25] wrist VM cut points, and the three newly
developed wrist methods. ROC and k-means sedentary behavior
cut points were close to the hip reference on estimating
sedentary behavior time. LPA estimates were similar among
the Johansson et al [25] cut point, the hip reference, and the
k-means wrist method. None of the three wrist methods were
comparable to the hip reference on estimating MPA and MVPA.
Univariate ANOVA showed a similar VPA estimates for the
k-means wrist method and the hip reference.

Table 4. Daily time in each Physical Activity intensity level (%) by different sets of cut points.

K-means analysisOLRb modelROCa analysisJohansson wristHip referenceActivity intensity

%Mean (SD)%Mean (SD)%Mean (SD)%Mean (SD)%Mean (SD)

51.6c138.13
(37.63)

76.1208.61
(33.65)

58.5c157.95
(37.88)

63.9194.81
(41.58)

57.8c148.07
(32.15)

Sedentary behavior

31.3d89.25
(23.68)

21.260.11
(26.45)

16.747.47
(12.97)

34.6d100.84
(39.53)

30.4d83.13
(25.71)

Light physical activ-
ity

14.741.46
(19.87)

1.33.73 (2.18)3.39.20 (3.44)N/AN/A7.119.27
(10.95)

Moderate physical
activity

2.4e6.74 (4.42)1.43.82 (2.88)21.560.84
(28.09)

N/AN/A4.7e13.24
(20.74)

Vigorous physical
activity

17.148.87
(23.47)

2.77.62 (4.77)24.870.98
(61.63)

1.54.35 (3.16)11.832.61
(30.78)

Moderate-to-vigor-
ous physical activity

aROC: Receiver operating characteristic.
bOLR: Ordinal logistic regression.
c Indicates there is no statistical difference in PA estimate between the ML method and the hip-based reference for the Sedentary behavior intensity
level.
d Indicates there is no statistical difference in PA estimate between the ML method and the hip-based reference for the Sedentary behavior intensity
level.
e Indicates there is no statistical difference in PA estimate between the ML method and the hip-based reference for the Sedentary behavior intensity
level.

Discussion

This study applied wrist derived VM data to assess PA in
preschoolers based on three ML models. In the supervised ML
models, the ROC analysis and OLR model were able to
distinguish VM counts into each PA intensity level by reading
the intensity label of each epoch as assigned by the gold standard
hip reference. As an unsupervised ML model, k-means cluster
analysis successfully grouped accelerometer count values into
four PA clusters. When examining the agreement and comparing
PA estimates from the wrist data compared with the hip
reference, the k-means cluster analysis had the best performance
among three ML models tested. Additionally, the k-means
method of assigning PA levels had better agreement with the
hip reference than the previously published cut points developed
by Johansson et al [25].

Our results showed that cut points derived from the k-means
cluster analysis produced better agreement with the gold
standard hip reference than the other two ML approaches across
all sedentary behavior and PA intensity levels, as indicated by
sensitivity, specificity, and kappa values. K-means sedentary
behavior, LPA, and VPA cut points showed the highest
similarity to the hip reference on estimating PA time.
Additionally, the estimated percent time in sedentary behavior,
LPA, and MVPA by the k-means wrist reference method was
comparable to the findings by Jones et al [35], who adopted a
hip-worn accelerometry protocol for assessing PA in
preschoolers similar to the one used in this study.

One reason that the k-means method had superior performance
could be that the use of unlabeled data for calibration may result
in less biased cut points for classifying epochs into PA levels
[36]. During the data training process for the supervised learning
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models, the hip reference-based PA levels were used as “labels”
or “targets,” which the models are trying to use as a basis to
classify each epoch into the “true PA state.” Since most of the
epochs in our calibration data were observed in the sedentary
state based on the hip reference, this could result in biasing the
supervised model cut points toward lower activity levels. Thus,
the lower activity levels might overly influence supervised
learning models when developing cut points for wrist-worn
accelerometers.

Similarly, the nature of the activities generating the calibration
data may also influence the performance of the machine learning
methods. For example, Butte et al [24] used 11 structured
activities as the ground truth activity to calibrate the cut points
for the hip reference [37]. However, others have found that
using free-living activities for accelerometer calibration might
generate higher counts per minute cut points than structured
activities [38]. This might explain the higher MVPA cut point
(≥16716 cpm) developed by Johansson et al [25], which
incorporated free-play sessions during the calibration process,
compared to our calibration data, which used only structured
activities. Regardless, the k-means method showed superior
performance in accurately assessing PA levels compared to the
ROC, OLR and Johansson et al [25] methods. Thus, the k-means
approach represents an improvement on existing methods for
establishing wrist-based PA levels among pre-school aged
children.

Our results showed that all wrist-based methods had difficulty
in accurately assessing MPA. One possible explanation for this
issue is that there is no consensus on what types of activities
can represent MPA for this age group [25]. For example, the
Johansson study [25] used a ball-toss activity, a 10-minute active
video game, a 15-minute dancing activity, and an aerobic video
activity to represent MPA, whereas Pate et al [39] defined the
intensity between slow and brisk walking as the cut point for
MPA and Sirard et al [40] used fast walking at 4.3 (SD 0.6)
km/h as their criterion activity to represent MPA. Therefore,
combined criterion-based and free-living activities for the
generation of model training data may better reflect the full
range of MPA, which could result in improved calibration
processes for children in this age group. Future studies would
also benefit from additional analysis of raw accelerometry data
from wrist-worn devices with unsupervised learning methods.

Limitations
This study has several limitations. First, participants in this
study were from low-income minority families and, therefore,
accelerometer counts collected from the study sample might
not represent the activity patterns of the general population.
Previous studies have shown that young children from
low-income minority families had a significantly lower motor
performance and are less active during a preschool day
compared to children from higher income families [41,42].
However, previous research found no difference in cut points
in older children and adults from different income and
socioeconomic background [13]. Second, this study chose a 30
Hertz sampling rate for both hip and wrist accelerometer
placement sites to collect raw acceleration data to make the
results comparable to other studies, but this approach might
lead to an underestimate of activity intensity [13]. For instance,
Clevenger et al [43] found that greater sampling rate resulted
in a higher estimation of high-intensity PA in preschoolers for
both hip- and wrist-worn accelerometers, even though the
difference was not significant. Thus, the study should be
replicated using higher sampling rate magnitude. Another
limitation is that this study collected data during school hours
on 3 days, which may not reflect the general PA patterns of
preschool-aged children. Hesketh et al [44] found that children
were more active in daycare than at home and were more active
during weekdays than weekends days. In this case, collecting
accelerometry data from both weekdays and weekend days
based on a 24-hour accelerometry protocol would reflect the
PA pattern in this age group more accurately. Finally, the cut
points from ML models were not validated against ground truth
activities that can substantiate the accuracy of the wrist-derived
data [16].

Conclusion
This study demonstrated the potential of ML techniques to
distinguish PA intensity levels, with the exception of MPA, in
preschool-age children. Cut point established from k-means
cluster analysis was comparable to the hip-reference criterion
in predicting sedentary behavior. Although PA estimates from
k-means cluster analysis of wrist-worn accelerometers were
acceptable as compared to the hip reference, the finding needs
to be replicated using ground truth activities in free-living
setting.
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Abstract

Background: In many research studies, the identification of social determinants is an important activity, in particular, information
about occupations is frequently added to existing patient data. Such information is usually solicited during interviews with
open-ended questions such as “What is your job?” and “What industry sector do you work in?” Before being able to use this
information for further analysis, the responses need to be categorized using a coding system, such as the Canadian National
Occupational Classification (NOC). Manual coding is the usual method, which is a time-consuming and error-prone activity,
suitable for automation.

Objective: This study aims to facilitate automated coding by introducing a rigorous algorithm that will be able to identify the
NOC (2016) codes using only job title and industry information as input. Using manually coded data sets, we sought to benchmark
and iteratively improve the performance of the algorithm.

Methods: We developed the ACA-NOC algorithm based on the NOC (2016), which allowed users to match NOC codes with
job and industry titles. We employed several different search strategies in the ACA-NOC algorithm to find the best match,
including exact search, minor exact search, like search, near (same order) search, near (different order) search, any search, and
weak match search. In addition, a filtering step based on the hierarchical structure of the NOC data was applied to the algorithm
to select the best matching codes.

Results: The ACA-NOC was applied to over 500 manually coded job and industry titles. The accuracy rate at the four-digit
NOC code level was 58.7% (332/566) and improved when broader job categories were considered (65.0% at the three-digit NOC
code level, 72.3% at the two-digit NOC code level, and 81.6% at the one-digit NOC code level).

Conclusions: The ACA-NOC is a rigorous algorithm for automatically coding the Canadian NOC system and has been evaluated
using real-world data. It allows researchers to code moderate-sized data sets with occupation in a timely and cost-efficient manner
such that further analytics are possible. Initial assessments indicate that it has state-of-the-art performance and is readily extensible
upon further benchmarking on larger data sets.
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Introduction

In many research studies, and for governmental or other
statistical purposes, data collection includes gathering
information on occupation. Occupation is a widely used
explanatory variable in health research, representing social status
and class as well as exposure to environmental hazards [1].
Typically, such data are collected either by a self-completed
questionnaire or by an interviewer. In either case, to be useful
for secondary reuse in health care analytics, a coding system is
applied to translate the job titles into meaningful categories and
then match them to the appropriate standard codes. Manual
coding is generally considered to be the most reliable approach;
however, manual coding is very expensive and time-consuming
and requires considerable expertise. It can, from our experience,
take a manual coder 3-5 days to code 500 job titles.

The Canadian National Occupational Classification (NOC) 2016
is a 4-tiered hierarchical arrangement of occupational groups
with successive levels of disaggregation [2]. It has 500
predefined occupational codes and unit groups that code >30,000
occupational job titles, although different unit groups may
contain similar job titles. Occupational coding is therefore a
complex task, with the possibility of different professional
coders coding differently, sometimes developing individual
coding preferences [3,4]. The agreement of manual occupation
coders has been reported to range from 44% to 89% at the
four-digit level [4]. Efforts have been made to automate such
coding. Gweon [3] reported that researchers have implemented
2 kinds of automated coding approaches: a data-based approach
and a rule-based approach.

A data-based approach involves using machine learning
algorithms to create models from manually coded training data.
Once the model has been trained, new data can be coded
automatically [3]. Several different algorithms have been used
for occupation coding in this manner. For example, Bethmann
et al [5] employed 2 machine learning algorithms (Naive Bayes
and Bayesian Multinomial) for occupation coding using a data
set of 300,000 coded answers from the German National
Educational Panel study. The approach used by Bethmann et
al [5] was further deployed by Schierholz et al [6] to code 2
survey data sets from the German Institute for Employment
Research. Gweon [3] proposed 3 methods for automatic coding:
(1) combining separate models for detailed occupation codes
into aggregate occupation codes, (2) a hybrid method that
combines the duplicate-based approach with a machine learning
algorithm, and (3) a modified nearest neighbor approach. These
same authors [3] used data from the German General Social
Survey (ALLBUS). In the United States, Russ et al [7]
developed a stacked ensemble algorithm trained with 14,983
manually coded job titles to assign US SOC (Standard
Occupational Classification) 2010 occupation codes based on
job title, task, and industry input data. Nahoomi [8] used 65,962
SOC-coded job titles to report that support vector machines

(SVMs) and convolutional neural networks (CNNs) have similar
performance but perform better than Naive Bayes.

A rule-based approach involves building a classification
algorithm based on several rules created by experts after
analyzing manually coded data. Depending on their design, the
application of rules can lead to the assignment of multiple
classes to an input and a filter algorithm is applied to identify
the best match. There exist several rule-based methods for
automated matching of text in a hierarchical classification
system. In one approach, an initial match between the input data
and the text description of a top-level class triggers further
matchmaking at lower levels in the hierarchy. Another method
is to directly compare the input data with each of the hierarchical
levels [9]. In the same study, Burstyn et al [9] applied an
algorithm that mixes both methods to code against the SOC
(2010) system. Schierholz [6] has since reported that this
approach rarely coded >50% of records accurately.

A review of automated occupation coding system performance
carried out by Nahoomi [8] considered the full range of
approaches, including machine learning, hybrid, and rule-based
approaches. It was found that occupation classification
algorithms can deliver production rates of up to 100%, with
accuracy levels ranging from 44% to 98%. The best
dictionary-based approach produced a 43% production rate but
a 94% accuracy, whereas machine learning approaches were
able to deliver a 100% production rate and a maximum accuracy
of 80%. The hybrid machine learning/rule-based approaches
had a production rate of 73% to 80% and an accuracy rate of
98% to 100%, relying on large data sets and >3000 rules.
Overall, the accuracy depends on the type of algorithms used
and the manner in which accuracy is computed. The review did
not identify any systems targeted or tested on the Canadian
NOC.

In this study, we report on the development of a hybrid
algorithm that uses a rule-based method for search and
matchmaking and a filtering step to select the best match. The
algorithm is rigorous in matching input text with the hierarchy
textual descriptions of the NOC, meaning it is designed to
accommodate poor-quality input data, specifically spelling and
typing errors. It adjusts for inserted symbols such as
hyphenation, forward slashes, or punctuation errors in the input
strings. Multiple search strategies are performed sequentially
until job titles are matched and filtered and the best-fitting NOC
code is identified. This paper aimed to document the incremental
design of the algorithm based on performance benchmarking
and an analysis of uncoded or incorrectly coded occupation
data.

Methods

Data Resources
The Canadian NOC is the national reference for occupations in
Canada, providing a standard taxonomy and a Canadian
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framework for collecting, analyzing, and disseminating
occupational data for labor market information and
employment-related program administration. It comprises
>30,000 occupational titles gathered into 500 unit groups,
organized according to 4 skill levels and 10 skill types. Unit
groups are based on the similarity of skills, defined primarily
by functions and employment requirements. Each unit group
describes the main duties and employment requirements and
details examples of occupational titles. Each unit group has a
unique four-digit code. The first 3 digits of this code indicate

the major and minor groups to which the unit group belongs
[2].

Table 1 lists the first level of NOC (2016). NOC (2016) is
organized in a four-level hierarchy, and there are 10 broad
occupational categories in the first level, 46 major groups in
the second level, 140 minor groups in the third level, and 500
unit groups in the fourth level [2]. NOC major group 00: senior
management occupations showing minor and unit groups are
shown in Textbox 1.

Table 1. Occupational categories of the Canadian National Occupational Classification (first level).

Occupational categoriesNOCa code

Management occupations0

Business, finance, and administration occupations1

Natural and applied sciences and related occupations2

Health occupations3

Occupations in education, law and social, community, and government services4

Occupations in art, culture, recreation, and sport5

Sales and service occupations6

Trades, transport, and equipment operators and related occupations7

Natural resources, agriculture, and related production occupations8

Occupations in manufacturing and utilities9

aNOC: National Occupational Classification.

Textbox 1. National Occupational Classification major group 00: senior management occupations showing minor and unit groups.

• 0 - management occupations

• 00 - senior management occupations

• 001 - legislators and senior management

• 0011 - legislators

• 0012 - senior government managers and officials

• 0013 - senior managers: financial, communications, and other business services

• 0014 - senior managers: health, education, social and community services, and membership organizations

• 0015 - senior managers: trade, broadcasting, and other services, n.e.c (not elsewhere classified)

• 0016 - senior managers: construction, transportation, production, and utilities

Multiple versions (2001, 2006, 2011, and 2016) of the NOC
can be accessed through a web browser [10]. StatCan also
provides programmatic access to the 2016 classification via
web services including GetNOCStructure, GetSkillType,
GetSkillLevel, GetMajorGroup, GetMinorGroup, GetUnitGroup,
GetNOCTitles, GetNOCTitlesAutoCoding, GetNOCDescription,
and GetNOCDescriptionByKeyword. Furthermore, the NOC
database dump web method, DumpNOCDatabase, was available,
enabling local query access to the categories.

Data Set
The initial data set used to benchmark the algorithm consisted
of 566 job and industry titles with manual coding to the NOC
(2016) and to the North American Industrial Classification

(NAICS), respectively. These data were gathered as part of the
Canadian Immunization Research Network Community
Acquired Pneumonia study [11] to investigate occupational
associations. The data were coded by 1 researcher and
underwent validation checks by a second coder. Table 2 lists
the input data set of this project that contains the fields Current
Job Title, NOC Code Manually, and Current Industry. The NOC
Code Manually was manually coded and entered based on the
current job title and industry. The data on job title and industry
originate from free text entered in response to the questions
“What is your job title?” and “In which type of industry do you
work?” with additional questions asking about the last job held
for those not currently working and enquiry about the longest
held post.
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Table 2. Example of the source data sets.

Current industriesNOCa codes manuallyCurrent job titles

Service industry0651Owner of cleaning business

Computer technology0213Managing website

Health care0311Manager

aNOC: National Occupational Classification.

The current job title and the current industry set are accessed
from the data set, and the algorithm interrogates the local version
of the NOC database to find the best matching NOC code. The
NOC code in the data set is contrasted with the algorithmically
derived code to arrive at a performance evaluation.

Algorithm
To develop an algorithm for automated occupation coding,
direct access to the full NOC structure is required. Although
manual coding relies on familiarization with a coding structure
and computer-assisted keyword lookups through a web browser,
we sought to use the NOC’s web service access to look up codes
for our sample data. In preliminary work, we assessed the

accuracy with which we could identify the correct job codes
using individual web service calls to the job title field only.
Albeit limited, we recorded this as a baseline for subsequent
performance comparisons. To improve the accuracy beyond
using the web services, we initiated the design of the Automated
Coding Algorithm (ACA)-NOC algorithm. To facilitate custom
searches, the NOC data were downloaded and saved in a
spreadsheet using the NOC Database Dump Web Methods
provided by NOC. Thereafter, we designed a search algorithm,
as shown in Figure 1, employing the 7 search strategies listed
in the section Search Strategies to match text input strings with
NOC titles and text descriptions in the locally stored data.

Figure 1. ACA-NOC algorithm. NOC: National Occupational Classification.

Search Algorithm
The search algorithm shown in Figure 1 comprises a sequence
of steps that iteratively look for matches in the NOC until all
the given job titles in the input data set are matched with one
or more NOC codes. The initial step, step 1, runs multiple search
strategies sequentially to match input data with the NOC data
using either a job title or an industry description. Depending on
the outcomes from these NOC data searches, matches to a single
NOC code are archived or multiple NOC code matches are
further filtered according to the NOC hierarchy and by industry,
step 5. If no matches are generated, the input data are
preprocessed (splitting job titles, removing stop words,
stemming, and noun extraction from titles) in step 2 before NOC

multisearches are reinitiated. If no NOC codes are matched at
this stage, the input industry descriptions are preprocessed and
NOC searches are reinitiated, step 3. In step 4, any input data
that still fail to link to an NOC code are further processed to
extract any nouns in the job title, and spelling checks and
corrections are made. This is the final step in which NOC data
searches are subsequently reinitiated.

ACA-NOC Algorithm
We applied multiple search strategies sequentially to match the
input data with the NOC data.

1. Query the NOC job codes by exactly matching the input
data with the NOC job titles in step 1.
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2. If results are found, then initiate postprocessing in step 5.
If not, then use the following procedure:
• 2.1. Obtain results from the processed information

(splitting job titles, removing stop words, stemming,
and noun extraction from titles) in step 2.

• 2.2. If results are found, then perform postprocessing
in step 5. If not:
• 2.2.1. Query NOC information with industry or

split industry keywords in step 3.
• 2.2.2. If results are found, then perform

postprocessing in step 5. If not:
• 2.2.2.1. Correct spelling errors for the input

data. Then, query NOC data in step 2.2.2.2. If
results are found, perform postprocessing in
step 5. Otherwise, return none.

• 2.2.2.2. If results are found, perform
postprocessing in step 5. Otherwise, return
none.

3. Postprocessing:
• 3.1. Return the NOC code if a single result is found,

else:
• 3.2. Apply the filter algorithm to the multiple results

and return the most pertinent NOC code in step 5.

Search Strategies
1. Exact: this search returns results that exactly match the

input string(s) entered.
2. Minor exact: this search returns results that match exactly

after correcting spelling errors in the input string(s).
3. Like: this search returns results that include every input

string in the specific order as entered. The exact string may
be included anywhere in the associated text.

4. Near (same order): this search returns results that include
every input string matched in the same order.

5. Near (different order): this search returns results that include
every input string matched in any order.

6. Any: this search returns results that include any/some of
the string(s) entered.

7. Weak match: this search returns results that include any of
the nouns found in the string(s) entered.

Filter Algorithm
The filter algorithm selects a single NOC code from a list of
candidate NOC codes based on the frequency of the keyword
(job title or industry title) in the NOC descriptions. The selection
occurs in the following order:

1. Select the given job titles from the NOC skill-type names
in the result sets.

2. Select the given job titles from the NOC major group names
in the result sets.

3. Select the given job titles from the NOC minor group names
in the result sets.

4. Select the given job titles from the NOC group titles in the
result sets.

5. Select the industry title from the NOC job titles in the result
sets.

6. Split the industry titles that have inserted symbols and
search each of the job titles from the NOC job titles in the
result sets. Then, return the data set with the highest
frequency of the keyword.

7. Select the industry title from the NOC descriptions (lead
statement, main duties, and employment requirements) in
the result sets.

Results

Overview
The design of the ACA-NOC algorithm shown in Figure 1 was
arrived at through an iterative process of design, deployment,
and testing. Each generation of the algorithm was evaluated
using the sample data set described in the section Data Set. In
this section, we detail the different generations of the algorithm
and the performance at each generation. Production rate and
accuracy are metrics that were used for evaluating the
performance, where the production rate is the proportion of
observations that can be coded automatically. For a given
production rate, accuracy is the proportion of codes that
are coded correctly when compared with manual coding [3].
Accuracy can be assessed for each digit of the NOC code.

The ACA-NOC algorithm underwent 4 generations of design
and evaluation. Table 3 lists the production rate and accuracy
of each version of the algorithm compared with the simple web
service lookup.

The first observation that could be made was that ACA-NOC
generation 0 outperformed the web service on production rate,
and a 100% production rate was achieved in ACA-NOC
generation 1. Second, between ACA-NOC generation 0 and
ACA-NOC generation 4, the accuracy in coding the NOC
skill-type level (a one-digit code) improved from 67.3% to
73.3%, the NOC major group level (two-digit code) improved
from 58.3% to 64.0%, the NOC minor group level (three-digit
code) improved from 53.5% to 59.7%, and the NOC unit group
level (four-digit code) improved from 51.2% to 55.5%. Expert
review by a team member (author AA) familiar with
occupational coding aided the development of the algorithm
through identification of mismatched items and discussion
within the development team of the likely reasons for error.
These discussions led to modifications of the algorithm and
further improved the performance. Finally, the expert review
allowed the recognition that a number of mismatches did not
necessarily indicate poor performance by the algorithm, but
that, in some cases, the algorithm had identified a more accurate
code. Specifically, human error caused data entry errors, and
the algorithm code and manual code were both reasonable
choices.
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Table 3. Production rate and accuracy of occupation coding (NOC 2016) with the ACA-NOC algorithm by generation number (N=566).

Accuracy, %Production rate, %Generation numbers

4 digits3 digits2 digits1 digit

47.249.352.861.374.0Web servicea

51.253.658.467.493.50

53.055.860.469.31001

53.956.561.370.31002

54.657.261.870.51003

55.559.764.073.31004

58.765.072.381.61004 (following expert review of mismatches)

44-8956-8061-9275-97N/Ab
Mannetje and Kromhout [4] agreement rates (%) for occupation

classification between manual coders

aThe method we used was GetNOCTitlesAutoCoding. This method returned a best match NOC code for the input titles. It queried the database titles
tables first; if no result was found, then it queried database profile tables. The important parameters of the method are strTitle->job title, bytLang->0
(english), bytMultiTitles->0 (not required), bytGrouptitle->0 (not required).
bN/A: not applicable.

Generation 0
The first version of the algorithm included only steps 1 to 3.
No hierarchical filtering steps were applied.

1. Step 1: if the entry of Current Job Title exists, then search
for NOC job titles using the same. Otherwise, search for
NOC job titles by industry keywords. If the search returns
only 1 NOC code, then the search for this job title is
completed.

2. Step 2: if the returned data set is none, then remove stop
words or stem the job titles and search the NOC job titles
using the modified job titles. If there are no results, search
NOC descriptions using the job title provided. If the search
returns only 1 NOC code, then the search is completed. If
it returns >1 NOC code, proceed to step 3.

3. Step 3: if the returned data set contains >1 NOC code,
search the returned data set using industry keywords. If
there are no results, then search the lead statement related
to the returned data set using industry keywords. Rank the
results in alphabetical order and return the last one.

Search Strategies
1. Exact: this search returns results that exactly match the

string(s) entered.
2. Like: this search returns results that include every string in

the specific order as entered. The string may be included
anywhere in the associated text.

3. Near: this search returns results that include every string
entered in any order.

4. Any: this search returns results that include any of the
strings entered.

Performance
The initial data set consisted of 566 job and industry titles with
manual coding to the NOC (2016) and to the NAICS,

respectively. Applying the ACA-NOC algorithm in its original
form, Generation 0, to the input data set from step 1 to step 3
assigned NOC codes to 529 cases (93.5%) and resulted in 37
(6.5%) residual uncoded job titles. For 289 (51.2%) job titles,
the assigned NOC codes matched the manual coding NOC codes
at the fourth digit position, that is, identical matches to the
manual coding NOC codes; for 303 (53.6%) job titles, the
assigned NOC codes matched the manual coding NOC codes
at the third digit position; for 330 (58.4%) job titles, the assigned
NOC codes matched the manual coding NOC codes at the
second digit position; for 381 (67.4%) job titles, the assigned
NOC codes matched the manual coding NOC codes at the first
digit position; and for 148 (26.2%) job titles, the assigned NOC
codes differed from the manual coding NOC codes, with no
matches on the 4 digits of the NOC code.

Generation 1
Following the evaluation of Generation 0, a review of cases in
which the algorithm failed to code input job titles and industry
descriptions was made. Table 4 lists cases showing that some
current job titles contain a forward slash, such as
Interpretor/Translator; some have spelling errors, such as
Constuction; and some contain adjectives and
spelling/typographical errors, such as certified accontant.

Consequently, the algorithm was updated as follows: any
unmatched job titles are reviewed for (1) incorrect spelling.
Correct the spelling errors before continuing NOC searches
with the corrected job titles. (2) Inserted symbols such as
hyphenation, forward slash, or punctuation in the job titles
initiated a subroutine where job titles were split and coded
separately to the NOC. (3) Selected target nouns were extracted
and used to search the NOC data. (4) Any nouns found in the
job titles were extracted and used to search the NOC data.
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Table 4. Examples of unmatched data for Generation 0.

Current industriesNOC codes manuallyNOCa code by ACAb-NOCCurrent job titles

N/A5121N/AcInterpretor/translator

CONSTUCTION7611N/ACONSTUCTION

N/A1111N/ACertified accontant

aNOC: National Occupational Classification.
bACA: Automated Coding Algorithm.
cN/A: not applicable.

Performance
Compared with Generation 0, the improvements yielded 10
more job titles (58+20+5+5-48-18-9-3) accurately coded in the
fourth position, 12 (4+2+1+3-2-1-5+10) more job titles
accurately coded in the third position, 11 (4+2+9-6-4-1-5+12)
more job titles accurately coded in second position, and 10
(8+4+1+18-8-2-2-20+11) more job titles accurately coded in
the first position; all the current job titles matched with an NOC
code. Table 5 lists the specific details of the improvement
between the results of the previous Generation 0 and Generation
1 of the algorithm. Overall, 88 more job titles were accurately
coded in the fourth position, although 78 job titles previously

accurately coded in this position were lost. The reason for the
lost matches was that these job titles were listed in alphabetical
order where >1 job title was matched.

An example of an exact match that did not correlate with the
manual code is the job title Landscaper in the industry
Landscaping, where the algorithm assigned code 2225. This
gave only a two-digit match with the manually assigned code
2215, which does not exist on investigation and represents a
typographical source data input error. Therefore, the algorithm
code was correct in finding the category Landscape and
horticulture technicians and specialists, which includes the job
title landscaper.

Table 5. Performance of Generation 1 compared with Generation 0.

G0bG1a

Four-digit matchThree-digit matchTwo-digit matchOne-digit matchNo match

58448N/AcNo match

2022N/A8One-digit match

51N/A46Two-digit match

5N/A012Three-digit match

N/A391848Four-digit match

aG1: Generation 1.
bG0: Generation 0.
cN/A: not applicable.

Generation 2
Table 6 lists the unmatched sample data from Generation 0 of
the algorithm. It was identified that some of the industry titles
also contained forward slash, punctuation, and hyphenation.
Additionally, it was noted that some current job titles would
match with the correct NOC code if only the noun from the title
was used for matching. For example, a match to an NOC code
was possible with producer but not agricultural producer.

The algorithm was rewritten to include the following updates
designed to address these issues:

The correction of spelling errors was moved to the end of the
algorithm. Industry titles including hyphenation, forward slash,
or punctuation were split, and both parts of the titles were used
to search for NOC data. Compound words with spelling errors
were corrected.

The description of the ACA-NOC Generation 2 algorithm is as
follows:

1. Step 1: is the same as the original algorithm.
2. Step 2: if the returned data set is none, search the NOC data

based on job titles after each of the operations on the input
data set, as follows:
• 2.1 Split job titles.
• 2.2 Remove stopping words.
• 2.3 Stem job titles
• 2.4 Extract nouns from job titles.

If the search returns only 1 NOC code, then finish the
search; if it returns >1 NOC code, then repeat step 5.

3. Step 3: if the returned data set is still none, search the NOC
data based on industry. If there are no results, then the
industry is split and searched again. If the search returns
only 1 NOC code, then finish the search; if it returns >1
NOC code, repeat step 5.

4. Step 4: If the returning data set is still none, search the NOC
data based on any nouns from the job titles. If there are no
results, then correct spellings and search again. If the search
returns only 1 NOC code, then finish the search; if it returns
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>1 NOC code, repeat step 5. If there are still no results,
then return none.

5. Step 5: is the same as the original algorithm.

Table 6. Unmatched data for Generation 1.

Current industriesNOC codes manuallyNOCa codes by ACAb-NOCCurrent job titles

MARKETING/HEALTH CARE11232153MARKETING IN MD OFFICE

Real estate/housing12240714Property manager

Farm08218252Agricultural producer

aNOC: National Occupational Classification.
bACA: Automated Coding Algorithm.

Performance
Compared with Generation 1 of the ACA-NOC algorithm in
Table 7, the improvements yielded 5 (10+2+0+1-5-2-1-0) more
job titles accurately coded in the fourth digit position, 4
(0+1+1+0-1-1-0-1+5) more job titles accurately coded in the
third digit position, 5 (2+0+0+1-1-0-1-0+4) more job titles
accurately coded in the second digit position, and 6
(4+0+1+2-3-0-1-2+5) more job titles accurately coded in the
first digit position. A total of 13 additional job titles were
accurately coded in the fourth digit position, but 8 job titles

accurately coded in this position were lost because of the
alphabetical selection order for multiple matches.

On reviewing apparent mismatches, the algorithm coded the
job title Addictions worker with industry hospital to 4212 Social
and community service workers, which gave a single digit match
with the manually assigned code 4153 Family, marriage and
other related counsellors. This latter category includes the job
title addictions counsellor, whereas the code 4212 includes
Addictions worker, thus the algorithm-assigned code was
considered preferable, being more accurate.

Table 7. Performance of Generation 2 compared with Generation 1.

G1bG2a

Four-digit matchThree-digit matchTwo-digit matchOne-digit matchNo match

10024N/AcNo match

210N/A3One-digit match

01N/A01Two-digit match

1N/A011Three-digit match

N/A0125Four-digit match

aG2: Generation 2.
bG1: Generation 1.
cN/A: not applicable.

Generation 3
Table 8 lists the unmatched data. Some current job titles were
identified as compounds of >1 occupation, although they may
match the correct NOC code if run separately using the
combination of each part of the job title and the industry title
for searching. For Bartender/Waiter, we could use Bartender
accommodation and food services to match the NOC code. The
algorithm was updated as follows:

After splitting the job title, first search the NOC data by the
combination of each job title and the industry title (the
combination of the first job title and the industry title has the
priority); if the returned data set is empty, then search the NOC
data by each job title (the first job title has the priority); if the
returned data set is empty, then search the NOC data by the
industry title.

Table 8. Unmatched data example for Generation 2.

Current industriesNOC codes manuallyNOCa codes by ACAb-NOCCurrent job titles

Sales64210601Retail

Accommodation and food services65126513Bartender/waiter

aNOC: National Occupational Classification.
bACA: Automated Coding Algorithm.
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Performance
Compared with the previous algorithm in Table 9, the
improvements yielded 4 (0+2+0+2-0-0-0-0) more job titles
accurately coded in the fourth position, 4 (2+0+0+0-0-0-0-2+4)
more job titles accurately coded in the third position, 3
(0+0+0+0-1-0-0-0+4) more job titles accurately coded in the
second position, and 1 (0+0+0+0-0-0-0-2+3) more job title
accurately coded in the first position. A total of 4 additional job
titles were accurately coded in the fourth position, and no job
titles accurately coded in this position were lost.

An example of apparent inaccuracy being overturned by expert
review was the job title Quality Control with the industry Food
coded 9465 Testers and graders, food and beverage processing
by the algorithm. The manual code 2211 Chemical technologists
and technicians was allocated presumably because of the
included job title quality control technician–food processing.
However, code 9465 includes a wide range of food-related
grading and testing jobs, including quality control checker–food
and beverage processing, and was considered preferable for
accuracy because the assumption of technical expertise is not
necessary.

Table 9. Performance of Generation 3 compared with Generation 2.

G2bG3a

Four-digit matchThree-digit matchTwo-digit matchOne-digit matchNo match

0200N/AcNo match

200N/A0One-digit match

00N/A01Two-digit match

2N/A000Three-digit match

N/A0000Four-digit match

aG3: Generation 3.
bG2: Generation 2.
cN/A: not applicable.

Generation 4
By checking the unmatched data in Table 10, it was identified
that the term teacher was included in the major group title
(Textbox 2). The algorithm was updated as follows:

1. Split the industry title and search each title separately; return
the NOC data with the highest frequency of the industry
title.

2. If >1 NOC code is returned, first filter the results
hierarchically by given job title, then filter the results by
industry title, and finally filter the results by given job title
in the description of the NOC unit group level.

In this manner, the ACA-NOC algorithm respects the
hierarchical structure of the NOC (2016) when producing results.

Table 10. Unmatched data for Generation 2.

Current industriesNOC codes manuallyNOCa codes by ACAb-NOCCurrent job titles

EDUCATION40324021TEACHER

LANDSCAPING22152225LANDSCAPER

Fashion52435231Works in fashion show room

aNOC: National Occupational Classification.
bACA: Automated Coding Algorithm.

Textbox 2. National Occupational Classification (NOC) major group title from NOC (2016) contained teacher.

• Major Group 40 professional occupations in education services

• 403-secondary and elementary school teachers and educational counsellors

• 4031-secondary school teachers

• 4032–elementary school and kindergarten teachers

• 4033–educational counsellors

Performance
Compared with the previous algorithm, the improvements
yielded 5 (3+2+5+1-5-0-1-0) more job titles accurately coded

in the fourth position, 14 (4+0+6+0-0-0-0-1+5) more job titles
accurately coded in the third position, 12 (7+2+0+1-0-1-6-5+14)
more job titles accurately coded in the second position, and 16
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(9+1+0+0-2-2-0-2+12) more job titles accurately coded in the
first position. The difference between the results of ACA-NOC
Generation 3 and Generation 4 is shown in Table 11. A total of
11 additional job titles were accurately coded in the fourth
position, but 6 job titles accurately coded in this position were
lost because of the alphabetical selection order.

The equivalence of an algorithm and manually assigned code
that would otherwise be designated as a mismatch was

sometimes adjudicated by expert review. The job title
Electrician with industry given as Trades was allocated code
7241 Electricians (except industrial and power system) by the
algorithm being a two-digit match for the manual code 7202
Contractors and supervisors, electrical trades and
telecommunications occupations. It was considered on the basis
of the information available that either code was acceptable,
the main distinction being that for 7202 it includes those who
own and operate their own businesses.

Table 11. Performance of Generation 4 compared with Generation 3.

G3bG4a

Four-digit matchThree-digit matchTwo-digit matchOne-digit matchNo match

3479N/AcNo match

202N/A2One-digit match

56N/A10Two-digit match

1N/A000Three-digit match

N/A0105Four-digit match

aG4: Generation 4.
bG3: Generation 3.
cN/A: not applicable.

Discussion

Principal Findings
We developed the ACA-NOC algorithm for automatically
coding occupation from textual jobs and industry titles. Mannetje
and Kromhout [4] discussed the major standard classification
systems for occupations and the different methods for coding
occupations, such as self-classification, clerical coding, and
computer-assisted coding. They identified that the agreement
rates for reliable occupation classification with manual coding
is 44% to 89% for 4 to 5 digits, 56% to 80% for 3 digits, 61%
to 92% for 2 digits, and 75% to 97% for 1 digit. On the basis
of the agreement rates mentioned in their study, our method can
be considered reliable because the accuracy of our method is
in the range of the agreement rates. Overall, we describe the
algorithm as rigorous, meaning that it is capable of allowing
for spelling and typing errors as well as adjusting for inserted
symbols such as hyphenation, forward slash, or punctuation in
the search terms. It uses 7 search strategies sequentially to match
job titles with the NOC codes. Through iterative development
in successive generations of the algorithm, we have incorporated
changes that enhance the ability to handle variations in the
quality of input data. Additionally, we built a filtering
mechanism that respects the hierarchical structure of the coding
scheme in code selection. The system outputs a spreadsheet that
includes the best-matched NOC codes for a given input, the
type of search that found the match, for example, exact match,
as well as the list of candidate matches from which the filter
algorithm selected the best match. These are available for
algorithm developers investigating mismatches on a
benchmarking data set.

During development, we found that reviewing apparent coding
mismatches was helpful in identifying opportunities for

algorithm improvement and in determining that some
automatically assigned codes were preferable to those allocated
manually. We further tested the ACA-NOC algorithm with 2
other manually coded data sets of 218 and 186 cases, derived
from the same question sets and answered by 2 different
populations, with production rates and accuracy at least as good
as for our development data.

After comparison with manual codes and with expert review,
the accuracy of the algorithm is 58.7% at the four-digit level,
65.0% at the three-digit level, 72.3% at the two-digit level, and
81.6% at the one-digit level. We compared the performance of
our approach side-by-side with the available web service
algorithm coding with the NOC, gaining a 10% improvement
with these early efforts. It is also possible to make some
comparisons on the basis of algorithms performing the same
task, although to different classification systems. A recent study,
similarly reporting performance at each digit level of the
occupation code, was conducted by Nahoomi [8], who measured
the performance of multiple machine learning models (SVM,
maximum entropy, and CNN) for coding job titles to the SOC
hierarchy. The accuracy did not exceed 56% in the fourth level,
59% in the third level, 67% in the second level, and 77% in the
first level. Our results are comparable, although marginally
higher at each level.

Taking a somewhat broader comparison with other automated
coding systems, highlighted in the introduction, higher accuracy
levels at the four-digit level have been reported. These cases,
involving other occupation classification systems, have relied
on very large sets of training data and up to 3000 rules in hybrid
rule–based systems. Investigation into the design of these
systems will give us further insights to improve the system we
have developed for coding to the NOC. Further pragmatic
considerations for direct comparison of systems include (1) the
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availability of manually curated test sets for performance
benchmarking tasks, (2) the quality of input data, which is not
only very short text but also full of spelling errors and
irregularities, (3) design limitations of techniques used, and (4)
the speed at which these algorithms can run on dedicated
hardware platforms. Given that such information is not readily
available, our comparisons are limited in scope.

Nonetheless, given the relatively modest scale of our project,
the results are promising, particularly as there are no other
available automated coding algorithms for the NOC (2016). We
are currently negotiating access to larger sets of patient data
manually coded to the NOC for further benchmarking.

Even at the current level of accuracy, significant time and cost
savings are possible over manual coding by insurers or
researchers in Canada. As identified by Burstyn et al [9], it can
take manual coders days to months to code a few 100

occupations to a classification. They reported that it can take 2
months to code approximately 1600 free text descriptors of
lifetime occupational histories to the 2010 SOC. The ACA-NOC
algorithm will clearly be useful for efficient and cost-effective
coding of data sets, allowing human expertise to be more
focused on any residual uncoded cases and those with low
confidence matches. With a very high production rate, a coding
accuracy of approximately 60% to 4 digits, and being
comparable with the intersubject performance of human coders
[4], our software is both practicable and economically
significant, particularly with large data sets becoming available
from population health studies in Canada. One such study is
the Canadian Partnership for Tomorrow Project, which has
occupation information on >300,000 Canadian participants [12].
Additionally, the ACA-NOC may have utility for Workers’
Compensation Boards and other insurers who collate
occupational data.
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Abstract

Background: Hypertension is a significant problem in the United States, affecting 1 in 3 adults aged above 18 years and is
associated with a higher risk for cardiovascular disease and stroke. The prevalence of hypertension has increased in medically
underserved areas (MUAs). Mobile health technologies, such as digital self-monitoring devices, have been shown to improve the
management of chronic health conditions. However, patients from MUAs have reduced access to these devices because of limited
resources and low health literacy. Health coaches and peer training programs are a potentially cost-effective solution for the
shortage of physicians available to manage hypertension in MUAs. Activating young people as student health coaches (SHCs)
is a promising strategy to improve community health.

Objective: This pilot study aims to assess (1) the feasibility of training high school students as health technology coaches in
MUAs and (2) whether the addition of SHCs to digital home monitoring improves the frequency of self-monitoring and overall
blood pressure (BP) control.

Methods: In total, 15 high school students completed 3-day health coach training. Patients who had a documented diagnosis
of hypertension were randomly assigned to 1 of the 3 intervention arms. The QardioArm alone (Q) group was provided a QardioArm
cuff only for convenience. The SHC alone (S) group was instructed to meet with a health coach for 30 min once a week for 5
weeks to create action plans for reducing BP. The student+QardioArm (S+Q) group received both interventions.

Results: Participants (n=27) were randomly assigned to 3 groups in a ratio of 9:9:9. All 15 students completed training, of which
40% (6/15) of students completed all the 5 meetings with their assigned patient. Barriers to feasibility included transportation
and patient response drop-off at the end of the study. Overall, 92% (11/12) of the students rated their experience as very good or
higher and 69% (9/13) reported that this experience made them more likely to go into the medical field. There was a statistically
significant difference in the frequency of cuff use (S+Q vs Q groups: 37 vs 17; P<.001). Participants in the S+Q group reported
better BP control after the intervention compared with the other groups. The average BP at the end of the intervention was 145/84
(SD 9/18) mm Hg, 150/85 (SD 18/12) mm Hg, and 128/69 (SD 20/14) mm Hg in the Q, S, and S+Q groups, respectively.

Conclusions: This pilot study demonstrates the feasibility of pairing technology with young student coaches, although challenges
existed. The S+Q group used their cuff more than the Q group. Patients were more engaged in the S+Q group, reporting higher
satisfaction with their SHC and better control of their BP.

(JMIR Form Res 2020;4(8):e13637)   doi:10.2196/13637
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Introduction

Background
Despite advances in management, hypertension remains a
significant public health challenge in the United States, affecting
approximately 33% of adults aged above 18 years [1,2].
Hypertension is associated with a significantly higher risk for
cardiovascular disease and stroke [3]. From 2004 to 2014, the
death rate directly attributable to hypertension increased by
7.6% and the total number of deaths from hypertension increased
by 34% [3]. Factors such as race and socioeconomic status
(SES) are major social determinants that influence an
individual’s risk of hypertension. In one meta-analysis, lower
occupational status and level of education were associated with
odds ratios for hypertension of 1.31 and 2.02, respectively [4].
Another prospective trial demonstrated that incident
hypertension was lower in participants from higher SES groups
than in lower SES groups, suggesting that having limited social
and economic resources plays a role in the disproportionate
burden of hypertension seen in disadvantaged neighborhoods
[5].

Mobile health (mHealth) offers a unique opportunity for
improving blood pressure (BP) management [6,7]. Patient
motivation, medication adherence, and diastolic BP have all
been shown to improve with access to digital BP monitoring
devices [8,9]. In rural areas, mHealth has been shown to improve
outcomes. One study [10] demonstrated that the implementation
of mHealth strategies, such as smart messaging systems, in rural
health care centers across Lebanon significantly improved mean
systolic BP in comparison with controls. These interventions
have also been shown to improve adherence to BP medication
regimens [11]. However, many of these studies require intensive
resources to carry out mHealth interventions, including
dedicated field researchers or community health workers.
Although effective in the short term, it can be challenging to
allocate the appropriate resources to these interventions. One
qualitative study in rural Uganda discovered that providers and
health care workers both articulated that a lack of patient
education, limitations in time with patients, and funding for
patient education were substantial barriers to implementing
successful programs [12]. Health literacy, which was defined
by Nielsen-Bohlman in 2004 as “the degree to which individuals
have the capacity to obtain, process and understand basic health
information and the services needed to make appropriate health
decisions,” is an important variable to consider in the
intervention of health programs. Improving the health literacy
of patients allows them to become agents of change in their own
health trajectory, which can reduce the burden on the health
care system. Lower health literacy is often associated with
patients from underrepresented and vulnerable groups and can
contribute to widening health disparities in chronic diseases,
such as hypertension [13]. Health literacy is also related to
mHealth adoption. It is strongly associated with patients’
perceived ease of use and perceived usefulness of digital devices
[14]. Thus, patients who are arguably the most likely to benefit
from mHealth interventions potentially face barriers related to
health literacy that limit their access to them. Health coaching
has become an increasingly used strategy in low-income settings

to manage BP outside of the clinic [15]. One study that
examined health coaching as a possible strategy to prevent
rehospitalization for chronic obstructive pulmonary disease
(COPD) exacerbation randomized 215 patients hospitalized for
COPD to either health coaching sessions with written action
plans for exacerbations or usual care. The investigators trained
volunteers as health coaches and evaluated the rate of
COPD-related hospitalizations. There was a statistically
significant difference of up to 9 months after discharge, and the
investigators concluded that this is a potentially feasible
approach for patients with chronic diseases that predispose them
to hospitalization [16]. In addition, peer health coaching, where
nonmedical community members are trained as health coaches,
has been shown to be cost-effective and efficacious [17]. Social
epidemiologists have begun to target youth civic engagement
(YCE) as a strategy to promote community health in a social
context [18], but to our knowledge, the impact of YCE directly
on patient care has not been explored. In addition, bringing
vibrant, young people into the health coaching intersection with
digital technology is also an evidence-free zone. iPads have
increasingly become a part of secondary education and have
shown enhanced creativity and increased collaboration between
students and teachers [19]. Our team felt that high school
students’ exposure to technology in schools would uniquely
qualify them as health coaches at the intersection of mHealth
and health coaching. Using our understanding of the benefits
of health coaching and mHealth in reducing the burden of
hypertension, the focus of this study was to demonstrate that
these 2 entities could synergistically improve BP monitoring
and health behaviors.

Objectives
This pilot study investigated an innovative approach for
implementing a smartphone-based BP monitoring program in
a medically underserved area (MUA) by engaging young people.
First, we hypothesized that high school students could be trained
as student health coaches (SHCs) to assist patients with
smartphone devices for BP management. Second, we asked the
question, “does the addition of weekly SHC visits to the use of
digital BP monitoring devices improve patient engagement and
overall BP control?”

Methods

Recruitment of Participants and Students
Participants aged above 18 years with a documented diagnosis
of hypertension were recruited from a rural primary care clinic
in Stockton, San Joaquin County, California, from June to July
2016. As recruitment took place at a small clinic with the
primary care physician (PCP) available, patients who did not
have chart documentation of hypertension but were verified by
the PCP to be prescribed antihypertensive agents or currently
attempting lifestyle changes for hypertension were included.
This clinic was selected because it was the only primary care
clinic located in South Stockton, San Joaquin County, California,
where health disparities are most prevalent. All participants
needed to own or have access to a Bluetooth-enabled
smartphone. Patients were excluded if they were diagnosed with
hypertension secondary to renal or endocrine disorders.
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SHCs aged between 14 and 18 years were selected from a
charter school in South Stockton, San Joaquin County,
California. This charter school was a health academy, where
the students who were enrolled had expressed an interest in
careers in health care. The principal was actively involved in
the development of this program as an extracurricular activity
for students during the summer to build their resumes and
skillsets. The University of California, San Francisco (UCSF)
Institutional Review Board (IRB), who approved the protocol,
required SHCs to complete research credentials. However, they
did not require parental consent for participation, as the research
activities were taking place in public places, such as the clinic
itself or a coffee shop, if it was more convenient for the SHC.
This was deemed to be of minimal risk for students in secondary
school. They completed an extensive 3-day training on health
coaching techniques. The curriculum included motivational
interviewing; ask-tell-ask strategies for identifying barriers to
patients' adherence to BP management; creating specific,
measurable, achievable, realistic, and time-based (SMART)
goals; and identifying hypertensive emergencies. SHCs were
given a binder with reference sheets for use during their
meetings. One day of the training was focused on using the
QardioArm device itself. The health coaching curriculum was
provided by the UCSF Center for Excellence in Primary Care.
SHCs were all required to update an electronic tracking
spreadsheet with deidentified notes from their meetings with
patients. The purpose of the tracking spreadsheet was to ensure
that SHCs were effective at guiding patients to create an action
plan in the first visit and to document how they guided their
patients through challenges and provided encouragement.
Real-time feedback was provided by the research coordinator
(EV) to the SHCs to improve the quality of the coaching
sessions.

Study Design
Participants were randomized in a 1:1:1 ratio to 1 of the
following 3 groups: SHC+QardioArm (S+Q), QardioArm alone

(Q), or SHC alone (S). Randomization was open, and a
computerized randomization algorithm was used to assign
patients to 1 of the 3 groups. We planned to recruit 30
participants. Each patient who met the inclusion criteria was
given information on the trial and was assigned to an
intervention arm after they signed a consent form. We followed
this system so that participation would not be influenced by
group assignment and, therefore, there would be minimal
differences between the groups. The 5-week intervention
consisted of (1) weekly meetings with the SHC (S+Q and S
arms) and (2) provision of a QardioArm BP home monitoring
device to be used at the patient’s discretion (S+Q and S arms).

Qardio Inc, a digital monitoring device company based in San
Francisco, California, donated QardioArm BP devices, which
uploaded data to the patient’s smartphone. Patients were enrolled
concurrently in the UCSF Health eHeart (HeH) study, and the
HeH technical team carried out BP data collection. This study
was approved by the UCSF IRB.

Data Collection and Analysis
This pilot study used a mixed methods approach. SHCs
completed postintervention surveys, which included both
quantitative and qualitative data. Differences in pre- and
postintervention BP across all 3 groups were reported. The
frequency of QardioArm use and the number of active
QardioArm users between the S+Q and Q groups were analyzed
with a two-sided t test. Qualitative data reported by patients are
quoted directly.

Results

A total of 27 eligible participants were enrolled in the study.
The baseline characteristics are displayed for 89% (24/27) of
the participants (Table 1). The remaining 3 participants never
returned to the baseline surveys.
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Table 1. Baseline characteristics of Health eHeart participants in the San Joaquin County, California, cohort (N=24).

S+QaStudent health coach aloneQardioArm aloneGroup

8 (89)8 (89)8 (89)Number of respondentsb, n (%)

58 (17)55 (6)55 (15)Age (years), mean (SD)

Race and ethnicity, n (%)

3 (37.5)3 (37.5)2 (25)Black

3 (37.5)1 (12.5)0 (0)White

0 (0)0 (0)2 (25)Asian

0 (0)0 (0)0 (0)Hispanic

1 (12.5)0 (0)1 (12.5)Other Pacific Islander

1 (12.5)4 (50)3 (37.5)No answer

Health insurance, n (%)

3 (37.5)3 (37.5)3 (37.5)MediCal/MediCare

2 (25)1 (12.5)2 (25)Health Plan of San Joaquin

0 (0)1 (12.5)0 (0)Blue Cross

1 (12.5)0 (0)0 (0)Care First

1 (12.5)0 (0)0 (0)Alignment

1 (12.5)3 (37.7)3 (37.5)None

aS+Q: student+QardioArm.
bOne participant from each intervention arm did not return a baseline survey.

Feasibility of High School Students as Health Coaches
All 15 SHCs completed training and at least one meeting to
create a lifestyle plan with their assigned patient. Patients were
assigned to SHCs in a nonrandom way at an orientation event
held at the clinic where SHCs introduced themselves to patients
and signed up for the 5 meetings together. Any of the
participants or SHCs who could not attend the orientation event
were individually contacted by the study coordinator and
assigned patients based on the patient’s and SHC’s availability.
One hypertensive emergency was accurately identified by an
SHC, who followed the protocol and advised the patient to go
to the emergency room for treatment. Follow-up surveys were
completed by 80% (12/15) of the students. These SHCs rated
their overall experience favorably, with 92% (11/12) of the
SHCs reporting their experience from very good (8) to
exceptional (10) on a 10-point scale. When asked how this
project influenced their future plans to go into the medical field,
69% (9/13) of SHCs reported that they were more likely to go
into the medical field. Notably, all (10/10) the SHCs who were
assigned to patients randomized into the S+Q group reported
that the feedback from the QardioArm device enhanced patient
motivation and improved BP management. SHCs noted that
they enjoyed the autonomy of working with patients the most.
For example:

I absolutely loved the fact that this project allowed
me to become an actual health provider. It was like
I was her doctor and I’m sure it will prepare me for
the future. [JT, 17 years]

I enjoyed meeting with patients and actually being
involved with tackling health disparities. [MS, 17
years]

Of the 15 SHCs, 6 (40%) completed all 5 meetings, with 5
(33%) of these SHCs assigned to the S+Q group. SHCs reported
difficulty with patient retention in the program:

...the patients would sign up and not show up, and it
was pretty sad for the mentors, because some of us
were actually looking forward to meeting them. [SN,
15 years]

My two patients specifically stopped coming to meet
up with me after a few days. [JT]

In addition, SHCs kept weekly logs of their meeting notes on
a spreadsheet and submitted them to the research coordinator
during each week of the intervention (Table 2). The SHCs were
all able to create effective SMART goals with patients, as shown
in the sample of two of the SHC responses in the table.
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Table 2. Example of student health coach–logged visit summaries for student+QardioArm and student health coach–alone groups.

Student health coach aloneS+QaWeek of intervention

Patient made action plan goal to exercise 3 days a week
for an hour. He plans on exercises Mondays, Wednes-

Health Goals made: Meditation videos on YouTube 3
times a week for 30 min a time. Goal is to reduce stress

Week 1

days, and Fridays by walking around Victory Park orlevels. Has Bell’s Palsy and feels like she gets some eye
pain when she gets anxious. by going to the gym. Patient started diet about 2 weeks

before starting the study. His diet includes having
smoothies for breakfast as well as oatmeal. He has also
cut carbohydrates, starches, and unhealthy sugars from
his diet. Since he is already on a diet, he made another
action plan goal to continue his diet to eat healthier.

Patient feels very confident with his action plan. He has
exercise from Monday-Friday in the mornings for an

The meeting was a success. She completed and over
exceeded her health Goal and even wanted to walk for

Week 2

hour, which is more than his original [sic]b action plan10 min, once a week, alone without her dog. He vision
is still blurry because of her Bell’s Palsy, but she has states. Patient has maintained his diet and is sleeping
arranged an eye doctor’s appointment. Meeting dates
have been rearranged also.

better. Pateint [sic] has also lost 10 pounds and has set
his own goal to lose weight. His goal weight is 170
pounds. The patient overall wants to be healthier and
not have to take medication.

No showIn this meeting, my patient decided to add another health
goal. Beside being already fantastic they wanted to cut

Week 3

down on the slts [sic]. We talked a little bit about her
stress, and she was mentioning how her mother may
contribute a little to her stress. She deffinately [sic] said
that Bell’s Palsy was one of her major problems that
stress her out, but she also said she’s been feeling a lot
[sic] better. She had question about the program and
what was going to happen after all five meeting were
over and what we would do? She also experienced some
technical issues with her Quardio [sic] Arm monitor, so
I assured her I would ask. She also wnated to know what
would happen with the Quardio [sic] arm after the five
visits, and if she would return it? Beside her adding an-
other [sic] health goal my patient has beeing [sic] fol-
lowing up with her other previous expectations and says
she’s been doing great, and that she certaianatly [sic]
has seen a differece [sic] in her overall life style.

Patient has been experiencing any problems and been
doing well with his action plan. Patient was cleared to

even though she ran a little late because of a traffic jam
on the freeway, she was an excellent patient and came.

Week 4

receive [sic] CPAPc machine. Patient stated that he feelsShe’s been cutting down on her stress levels by listening
to the meditation sound tracks, and she’s been walking great, better than ever. Patient has been getting better
for 30 min with her grandchildren, and besides that she sleep and has more energy. Patient as exercised for the
has also been cutting down on the salts. She also con- past week Monday-Friday walking at Victory Park for
fesses she likes eating chips, so she will stay away from an hour in the mornings and has been keeping up with

his diet.those too. I explained to her after the five sessions we
could meet up outside [sic] the clinic but it was totally
up to her. I also let her know to add any concern about
the Quardio [sic] arm and its performance on the feed-
back sheet that will hopefully be given to her by me.
She will also be keeping the Quardio [sic] Arm after her
participation in the case study. But she wanted to know
if other patients were experiencing anything wrong with
their Quardio [sic] Arm? she also said she’s pretty proud
of her reading and significantly reduced them. Although
she is a little scepticle [sic] because she has another
High Blood Pressure monitor for her wrist and says that
the wrist one, shows a different reading than the Quardio
[sic] Arm.
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Student health coach aloneS+QaWeek of intervention

Patient appeared to be happier compared to the first
meeting. Patient says he lost another 9 pounds. His
current weight is 220 pounds, he started at 240. The
patient feels good. He was been keeping up with his diet
and exercising. He plans to keep these up in order to
reach his goal weight, 170 pounds. He states that his
energy has improved. He exercises for 5 days a for 1
hour and 30 min at a time. He has stated that the chanl-
leges [sic] he has faced include not want to exercises,
wanting to get unhealthy foods, and keeping everything
consistent [sic]. He was able to not give into these
challenges and has benefited from it. Patient and I said
our farewells.

No showWeek 5

aS+Q: student+QardioArm.
bSHC responses reported exactly as written in the originally logged visit summaries and are not edited for spelling or grammar to preserve the primary
data.
cCPAP: Continuous Positive Airway Pressure.

Patient Outcomes
There was a total of 97 and 264 distinct uses of QardioArm in
the Q group and S+Q group, respectively. We found a
statistically significant difference in the average total number
of uses of the BP monitor during the 5-week intervention
(average total number of uses for S+Q vs Q groups: 37 vs 17;
P=.01). As shown in Figure 1, the number of active QardioArm
users per week (defined as use at least once a week) in both the
S+Q and Q groups decreased over time but was higher in the
S+Q group (4.8 vs 2.4 users). Due to the small sample size and
the risk of overinterpretation, statistical analysis is not included.
In the Q group, the number of intervention days used by each
active participant was 48, 14, 4, and 2 for each of the 4 active
participants. The other 5 participants did not record QardioArm
use. In the S+Q group, the number of intervention days used
by each active participant was 57, 36, 19, 17, 3, and 2 for the 6
active participants. The other 3 participants did not record
QardioArm use.

Participants were also asked about their perception of their BP
control, which was elicited by querying how many days of the
week they felt their BP was well controlled. Well controlled
was intentionally left to the participant’s interpretation to avoid
introducing bias, given the variability in the health literacy of
the participants. Number of days of the week was categorized
as all days of the week for 7 days, most days of the week for 5
to 6 days, half the days of the week for 3 to 4 days, few days of
the week for 1 to 2 days, and no days of the week for 0 days.
Participants were also given the option to respond, “I’m not
sure.” As shown in Multimedia Appendix 1, 7 of 9 participants
in the S+Q group reported their BP to be well controlled most
days of the week after the intervention compared with those in
the Q (3/9) and S (2/9) groups.

Participants’ perceptions of the program, both the SHCs and
QardioArm devices, varied across the 3 groups qualitatively.
Participants in the S group reported less satisfaction with the
SHCs compared with those in the S+Q group (4/9 vs 7/9
participants rated their SHC as satisfactory). The Q group
expressed more frustration with their QardioArm and overall
had a higher cessation rate of QardioArm use compared with

the S+Q group. Although the S+Q group expressed the same
challenges as the Q group with QardioArm, they were more
engaged. For example, the S+Q group participants identified
solutions to technical difficulties with the devices. Survey
responses from this group also reflected the synergy between
the QardioArm and SHC. Patients in the S+Q group reported:

The results are really inconsistent—I don’t know if I
trust it or not. I am thinking of getting my own
machine, though. Nobody should be on blood pressure
medication if they don’t need to be so we should have
a machine that works. [P12]

Sometimes it works and sometimes it doesn’t, but I
still use it. My health coach was very involved, he
was very good, would call me every week, and I would
text him when it wasn’t working and he was able to
help me use it and he would see if it started working
later. [P20]

[SHC name] was incredibly supportive and as a result
of the accountability, I was actually able to improve
my diet...and has taught me how to better manage my
blood pressure. [P6]

In comparison, surveys returned from the Q group included:

I was excited at first, but then it just went downhill.
I got tired of messing with it.” [P28]

Sometimes doesn’t work properly. Had difficulty
putting it on. [P3]

BP values were obtained in the clinic during the first participant
meeting. Each QardioArm distributed was calibrated with a
clinic sphygmomanometer. Any QardioArm device that did not
reliably yield a result within 5 mm Hg of the clinic
sphygmomanometer was not used. Baseline values were
obtained in 78% (7/9) of the participants in the S group, 56%
(5/9) of the participants in the Q group, and 78% (7/9) of the
participants in the S+Q group. Baseline BP values were obtained
only for participants who were able to attend the first meeting
with their SHC or, for Q group participants, if they were able
to return during the first week of the intervention. This was
done to avoid potential bias introduced by the intervention or
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an uncalibrated QardioArm cuff. The follow-up BPs in the S+Q
and Q groups were the final readings during the fifth week of
the intervention from these calibrated QardioArm cuffs. These
values represented 67% (6/9) of the participants assigned to the
S+Q and Q groups. The S group was asked to come into the
clinic to measure their BP. Only 44% (4/9) participants in this
group returned to the clinic for a follow-up BP check. Given
the small sample size in this pilot study, BPs reported should

be interpreted with caution. At baseline, the mean BP was
149/85 (SD 15/10) mm Hg, 142/84 (SD 9/13) mm Hg, and
139/79 (SD 14/6) mm Hg in the Q, S, and S+Q groups,
respectively. At the end of the intervention, the mean BP was
145/84 (SD 9/18) mm Hg, 150/85 (SD 18/12) mm Hg, and
128/69 (SD 20/14) mm Hg in the Q, S, and S+Q groups,
respectively.

Figure 1. Active number of QardioArm users/week.

Discussion

Principal Findings
This proof-of-concept study showed that high school students
are capable of learning health coaching skills that effectively
facilitate patients’ use of digital home monitoring devices to
improve BP compared with either SHC or device alone. We
found that it is feasible to train SHCs, as demonstrated by (1)
100% of training completion and (2) successful completion of
at least one patient meeting where lifestyle modification plans
were created and approved by the study coordinator. It is
remarkable that even in this short 5-week intervention, 1
hypertensive emergency was detected by the QardioArm and
the SHC was capable of properly referring the participant for
emergent care. Participants in the S+Q group used their
QardioArm more frequently across all weeks of the intervention.
Compared with the Q and S groups, more participants in the
S+Q group subjectively felt their BP was well controlled after
the intervention. Thus, although this was reflective of
participants’ subjective experiences, the large increase in
participants reporting their BP to be well controlled after the
intervention suggests that the S+Q group had a larger impact
from the intervention than the other two groups. The qualitative
survey data also support these results. The S+Q group was more
engaged with both the Q and SHC groups than the other groups.
This was apparent in their willingness to troubleshoot obstacles,
use their support systems, and recognize their self-agency over
managing their hypertension. In addition, multiple participants
in this group reached out to the study coordinator after the
completion of the 5-week trial hoping to continue to meet with

their SHC. Many reported that they felt responsible for
cultivating the “future doctors of Stockton.” In turn, SHCs felt
accountable for their patients. In essence, they were the primary
care providers for their patients, recognizing the complications
of hypertension and encouraging participants to make lifestyle
changes. Although the pilot study was not designed to detect a
statistically significant difference in BP, the S+Q group showed
a trend toward a clinically meaningful decrease in BP at the end
of 5 weeks compared with the other groups. The SHC facilitated
the use of the QardioArm to improve patient engagement in the
S+Q group. This was reflected in both the frequency of active
QardioArm use in this group as well as patient engagement in
more regular BP monitoring despite challenges associated with
the QardioArm.

Future Work
This study is promising because it highlights that although the
use of smartphones is prevalent, the use of self-monitoring
Bluetooth-enabled devices, such as QardioArm, is widely
adopted by patients in MUAs who may have low health literacy.
However, the assistance of a health coach can facilitate patient
engagement in lifestyle changes related to hypertension, even
when the health coach is a high school student without formal
training or an advanced health degree. Health literacy in this
study was measured by both patient use of QardioArm and
participant responses of BP control most days of the week.
Participants in the S+Q group had a higher frequency of use per
week compared with the Q group, and overall, they had a higher
proportion of participants reporting well-controlled BP on most
days of the week. This demonstrates that the participants in this
group had the information they needed after the intervention to
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assess their health status, as it relates to their BP. This, in turn,
was associated with higher rates of participant engagement.

The participants in this study were recruited from a clinic in
South Stockton, a particularly underserved area in San Joaquin
County, California, with a human development index score of
2.86 compared with the California average of 5.39 [21].
According to the community needs assessment conducted by
the San Joaquin Department of Public Health in 2016,
approximately 25% of people in this geographic region fall
below the poverty line, and 1 in 10 workers cannot find
employment [21]. In addition, the percentage of the population
in San Joaquin County, California, insured by MediCal is 30.9%,
similar to the reported MediCal and Medicare insurance
coverage of the participants in this study. Hypertension is a
prevalent and morbid condition affecting members of this
community. For example, in the zip code 95202 which is located
in south Stockton, San Joaquin County, California, there were
1749 visits and 722.5 hospitalizations related to hypertension
in 2016. This is compared to 365.5 visits and 381
hospitalizations related to hypertension on average for the state
of California [12]. Although we were unable to collect data on
the other comorbidities of the participants because of
inconsistent clinical documentation at the underresourced, rural
clinic, we can use the community-level data to extrapolate the
risk of serious hypertension-related outcomes to the patients
studied. Therefore, this patient population is suitable for the
assessment of the study interventions. Although the average
initial diastolic BP was close to the goal, several studies have
shown that isolated systolic hypertension is comparable with
systolic-diastolic hypertension for the risk of incident heart
failure and cardiovascular mortality [22]. In another study
published in the New England Journal of Medicine, the authors
showed that systolic hypertension had a greater effect on the

composite outcome of myocardial infarction, hemorrhagic
stroke, and ischemic stroke [23]. The study population clearly
showed elevated systolic pressures in all groups at baseline,
which showed a trend toward improvement in the S+Q group.

The students selected as SHCs were also from a charter school
located in South Stockton, San Joaquin County, California,
where 1 in 4 students dropped out of high school. This is twice
the average dropout rate for the state of California. Demographic
data were not collected on the SHCs, as this was not part of the
IRB approval. However, all SHCs expressed a desire to go into
the health field and were seeking mentorship that was not readily
available within their school district.

Conclusions
This pilot study was designed as a proof-of-concept trial to
explore the feasibility of a community-based, cost-effective
integration of health coaching and digital home monitoring
devices. There were several limitations to this study.
Participation dropped off in week 4 of the intervention because
of obstacles related to transportation and the start of the new
school year for the students. However, one of the important
aims of this project was to carry out the interventions in a
low-resource setting with limited resources. We accepted
donated QardioArm devices, and students’ participation was
completely voluntary. The results are promising in that they
suggest that the need for health coaching in MUAs can be met
by training and engaging motivated young people, who are
looking for opportunities to work with patients. It would be
worthwhile to explore health coaching as a possible avenue for
both improving the health of communities and fostering positive
youth development. Future exploration of this cost-effective,
community-engaged approach is warranted.
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Multimedia Appendix 1
Number of participants who answered that their blood pressure was well controlled on at least 5 days per week. Q: QardioArm
alone; S: student health coach alone; S+Q: student+QardioArm.
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Abstract

Background: Shared decision making (SDM) is a health communication model that evolved in Europe and North America and
largely reflects the values and medical practices dominant in these areas.

Objective: This study aims to understand the beliefs, perceptions, and practices related to SDM and patient-centered care (PCC)
of physicians in Israel, Jordan, and the United States.

Methods: A hypothesis-generating comparative survey study was administered to physicians from Israel, Jordan, and the United
States.

Results: A total of 36 surveys were collected via snowball sampling (Jordan: n=15; United States: n=12; Israel: n=9). SDM
was perceived as a way to inform patients and allow them to participate in their care. Barriers to implementing SDM varied based
on place of origin; physicians in the United States mentioned limited time, physicians in Jordan reported that a lack of patient
education limits SDM practices, and physicians in Israel reported lack of communication training. Most US physicians defined
PCC as a practice for prioritizing patient preferences, whereas both Jordanian and Israeli physicians defined PCC as a holistic
approach to care and to prioritizing patient needs. Barriers to implementing PCC, as seen by US physicians, were mostly centered
on limited appointment time and insurance coverage. In Jordan and Israel, staff shortage and a lack of resources in the system
were seen as major barriers to PCC implementation.

Conclusions: The study adds to the limited, yet important, literature on SDM and PCC in areas of the world outside the United
States, Canada, Australia, and Western Europe. The study suggests that perceptions of PCC might widely differ among these
regions, whereas concepts of SDM might be shared. Future work should clarify these differences.

(JMIR Form Res 2020;4(8):e18223)   doi:10.2196/18223
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Introduction

Shared decision making (SDM) is a central health
communication model for supporting patient engagement in

health care [1-3] and a recommended approach to increasing
patient engagement and patient-centered care (PCC) in clinical
decision making [4-6]. SDM evolved in Europe and North
America [7] and largely reflects the values and medical practices
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dominant in these areas [8,9]. Although SDM has become more
widely discussed in recent years in non-Western countries (eg,
China, Peru, Malaysia, Taiwan, Iran) [10], it has yet to be
implemented on a wider scale, and less is known about how or
whether attitudes, beliefs, and practices regarding PCC exist or
differ in various other regions of the world.

The overall aim of the present exploratory study was to explore
the factors that enable or impede SDM implementation in
different geographical and political contexts. Specifically, we
sought to conduct a hypothesis-generating study and to collect
preliminary data to better understand SDM- and PCC-related
beliefs, attitudes, and practices of physicians in four regions in
the Middle East characterized by different health care systems,
cultures, and political environments: Israel, Jordan, and the
West Bank. As a point of reference, we conducted a similar
survey among US physicians to serve as a benchmark for SDM-
and PCC-related beliefs, attitudes, and practices. In addition,
such a comparison may provide insights about the importance
of a health care system that facilitates the practice of SDM and
PCC. The study focused on the following specific questions:
(1) What are physicians’ common understandings and
perceptions of the concepts of SDM and PCC? and (2) Do
physicians find SDM and PCC to be feasible in their practice
and in health care?

Methods

Settings: Context of Participating Countries
The survey was intended to be administered to physicians from
different geographical and political contexts in the Middle East
characterized by different health care systems: Israel, Jordan,
and the West Bank. Israel is a democratic state with an efficient
health care system that has been ranked among the top 10 health
care systems for several years [11,12]. Israel’s national health
insurance system provides universal health coverage throughout
the country, with a significant spread of hospital and clinics
[13-15]. Residents can supplement the universal coverage with
additional forms of private health insurance. Israel’s health
policy legislation is supportive of SDM principles, including
the right to be informed of treatment options and risks [16].
Jordan is a constitutional monarchy state with a health care
system characterized by diverse types of payers (public, private,
and donors) [17]. The public health care sector is the largest in
Jordan; however, only about 70% of residents have some form
of public health insurance. Jordan has a ratio of 2.3 physicians
to 1000 residents, and hospitals are mostly centralized in the
larger urban areas. The massive influx of Syrian refugees due
to the start of the Arab Spring in 2011 has further increased
burdens on the Jordanian health care system, especially on
public health facilities. The West Bank is an independent
Palestinian territory governed by the Palestinian National
Authority. The West Bank has low-functioning, inefficient
health care systems that rely heavily on medical services to and
referrals of patients to Israel (14% in 2011) or Jordan (13% in
2011) [17,18].

A parallel survey was planned among US physicians to serve
as a benchmark. The United States is a representative democracy
with a hybrid health care system but without universal health

care coverage. In 2016, 48% of US health care spending came
from private funds, with 28% coming from households and 20%
coming from private businesses. The federal government
accounted for 28% of spending, while state and local
governments accounted for 17% of spending [19]. SDM in the
United States is increasingly recognized as part of value-based
care, and several federal initiatives have linked SDM to
reimbursement [20].

Survey Development and Structure
Because the purpose of the present study was to explore aspects
of SDM and PCC and to provide data for testing hypotheses,
we chose to develop a survey as a research strategy [20]. As
recommended by Enhancing the Quality and Transparency of
Health Research (EQUATOR), we used “Good Practice in the
Conduct and Reporting of Survey Research” as a reporting
guideline [20]. We developed a short standardized survey form
with 24 questions divided into 3 parts (see Multimedia Appendix
1): (1) demographic data, (2) qualitative evaluation, and (3)
quantitative evaluation.

First, demographic data (eg, age and years in practice) was
assessed with 9 questions.

Second, a qualitative evaluation was included. One part of this
evaluation assessed the beliefs and attitudes of physicians around
PCC and SDM in their health care setting (eg, “What do you
see as barriers to implementing shared decision making in your
practice?”). This comprised 5 open-ended questions and 1
multiple choice question. The second part of the qualitative
evaluation assessed the understanding of physicians of their
immediate environment of practice in the context of their larger
health care system (eg, “What are the most important day-to-day
problems in the practice of medicine or health care in your
country or region?”). This included 3 open-ended questions.

Third, the quantitative evaluation of level of SDM practice was
based on the Shared Decision Making Questionnaire, physician
version (SDM-Q-DOC) scale [21]. This included 9 questions
on a 6-point Likert scale ranging from “completely disagree”
(0) to “completely agree” (5). The SDM-Q-DOC was developed
to measure patients’ and clinicians’ agreement with steps and
actions defined by a medically driven SDM model at the end
of a medical consultation. It has been used in numerous studies
to measure physicians’ perspectives of SDM and was
recommended for use in health policy survey responses targeting
the implementation of SDM [22-24]

The qualitative part of the survey was developed through an
iterative process based on SDM and PCC literature related to
the delivery and perception of care and on the lead investigators’
(YZI and ZB) knowledge [25-30]. The development process
included discussions among the coinvestigators and piloting
among colleagues. We conducted forward and backward
translations based on accepted guidelines [31] to each new
question in sections 1 and 2. We used the English version of
the SDM-Q-DOC questionnaire [21] and the Arabic [32] and
Hebrew [33] translations of the 9-item Shared Decision Making
Questionnaire (SDM-Q-9), a parallel patient version [34], with
the needed minor adaptions.
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Procedure
A web-based survey developed for the study was emailed to
physicians in Israel, the West Bank, and the United States using
the Qualtrics platform (Qualtrics International Inc). In Jordan
it was advised by one of the coauthors (RO) to administer the
survey via face-to-face interviews, based on her previous
experience conducting similar types of research in Jordan. A
snowball sampling methodology was used to recruit physicians.
Accordingly, participants were asked to identify and email the
questionnaire to other colleagues. Surveys were administered
in Hebrew, English, and Arabic, and all responses were
anonymized. Data collection began in February 2017 and ended
in June 2017. It was designed to stop after a sample of 15 in
each country or after the maximum sample size closest to this
threshold. As this was an exploratory study, this sample size
target was based not on statistical considerations but on
real-world experience with the number of respondents likely to
provide a hypothesis-generating set of responses. At the end of
the survey, participants were reimbursed via gift cards in the
amount of US $10 or an equal value in the local currency.

Data Analysis
To summarize the qualitative results from the open-ended survey
questions, we used an integrated approach that enabled both
inductive (ie, data-driven) coding of participants’ responses and
deductive (ie, theory-driven) framework organization of codes
[35]. Specifically, 2 coauthors (SH and ZB) and another research
assistant read open-ended responses from participants and
developed a draft of coding categories based on the responses’
contents. These categories were reviewed by the lead author
(YZI) and revised accordingly. Responses to open-ended
questions were coded independently by all coauthors; differences
and disagreements between the coders were resolved through
discussions until consensus was achieved. The final coding of
open-ended responses was double-checked for accuracy by the
first and last authors (YZI and ZB) after finalization of the
coding guide. Then, guided by SDM and PCC theories, all
coauthors discussed the interrelationships between codes to
finalize the grouping of the codes into themes and subthemes.

Chi-square and one-way ANOVA tests were conducted to
describe demographic characteristics of the survey respondents.
As recommended by the developers [21], multiplication of the
raw score by 20/9 provided a transformed total score range from
0 to 100, where 0 indicates the lowest possible level and 100
indicates the highest possible level of SDM. A nonparametric
Kruskal-Wallis test was conducted to compare the mean total
score of SDM-Q-9 between the 3 countries. Results were
considered significant below a P value of .05.

Ethics, Consent, and Permissions
Because the responses were anonymized and not identifiable
and participation in the study was associated with minimal risk,
the Institutional Review Board of the Johns Hopkins School of
Medicine deemed this study exempt from requirements for
approval (IRB00111847). All participants provided consent to
participate through their responses to the survey.

Results

Participants
Eligible survey respondents were practicing physicians in the
United States, Israel, Jordan, and the West Bank. A total of 36
survey responses were received from Israel (n=9), Jordan
(n=15), and the United States (n=12). Throughout the study
period, we received no responses from West Bank physicians
to our emails or to our in-person attempts to contact them;
therefore, we were unable to collect any data from that
population. Most survey respondents were men (24/36, 67%),
the mean age of survey respondents was 43.6 years (SD 11.2),
and the mean years of clinical experience was 15.8 (SD 10.5).
Comparison of demographic characteristics and clinical
experience of clinicians in each country indicate similarity
between US and Israeli respondents for gender distribution, age,
and clinical experience (Table 1). The Jordanian respondents
were significantly younger and less experienced, and almost all
were men.

Table 1. Demographic and clinical experience characteristics of survey respondents.

P valueJordan

(n=15)

Israel

(n=9)

United States

(n=12)

Total sample

(N=36)

Characteristics

.01aGender

—b14 (93)5 (56)24 (67)5 (42)Men, n (%)

—1 (7)4 (44)12 (33)7 (58)Women, n (%)

.02c37.4 (9.2)48.7 (13.4)47.0 (8.6)43.6 (11.2)Age (years), mean (SD)

.05d10.8 (6.0)20.0 (14.2)19.0 (9.8)15.8 (10.5)Years of clinical experience,
mean (SD)

aPearson χ2
2=8.7.

bNot applicable.
cAnalysis of variance F test (F2,32=4.40).
dAnalysis of variance F test (F2,33=3.37).
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Open-Ended Responses: Perception of SDM and PCC
We included in the analysis 34 survey responses with greater
than 50% total completion (Jordan: n=15; United States: n=12;
Israel: n=7). There were 12 responses to the open-ended
questions from the US physicians, 7 from the Israeli physicians,
and 14 from the Jordanian physicians.

Most respondents defined SDM as a process aimed at informing
patients (United States: 8/12, 67%; Israel: 4/7, 57%; Jordan:
12/15, 80%). Whereas most US respondents also defined SDM
as the participation of patients in their care (8/12, 67%), only a
third of the Jordanian respondents defined it as patient
participation (5/15, 33%), and 4 of the 7 (57%) Israeli
respondents defined SDM also as collaboration between patient
and physician.

[SDM is when] a patient makes decisions about
medical tests and treatment that incorporate
information about benefits and harms from the
physician as well as the patient’s own understanding
of his or her values and priorities. [US respondent]

[SDM is] an open conversation with the patient, in
which I [the doctor] suggest/advise a variety of
treatment options that fit the patient’s medical
condition, and together with the patient, choose the
appropriate treatment method. [Israeli respondent]

[SDM is] giving the patient information about his
treatment options and his illness and giving him a
chance to have a say in his treatment options.
[Jordanian respondent]

Most US and Israeli respondents indicated familiarity with the
concept of PCC (Israel: 5/7, 71%; United States: 10/12, 83%),
whereas only 6 of the 15 (40%) Jordanian respondents indicated
their or their patients’ familiarity with the concept. Prioritizing
or meeting patient needs was commonly described as a feature
of PCC by most respondents regardless of country of origin. In
addition, US respondents commonly described PCC as
accounting for patients’ preferences, most Israeli respondents
described PCC also as individualized care, and most Jordanian
respondents also described PCC as a provision of holistic care.

[PCC refers to] care that balances the needs and
desires of the person receiving care. [US respondent]

[PCC aims] to provide the patient with all of the
patient’s needs and not just to solve a problem in the
field, while maintaining proper communication and
respect for the patient’s values. [Israeli respondent]

[PCC refers] to doing whatever is needed for the
patient or referring him/her to someone who can.
[Jordanian respondent]

Respondents indicated several barriers affecting the provision
of SDM and PCC systematically; however, the common barrier
was related to the system itself. All US respondents (12/12,
100%) mentioned lack of time as a major barrier to SDM
implementation, whereas only 5 of 12 (42%) mentioned it as a
barrier to PCC implementation. The role of insurance companies
and fragmentation of care were mentioned as additional possible
barriers to PCC implementation. In Jordan, most respondents

(9/15, 60%) mentioned patient-related barriers, low health
literacy, and a lack of knowledge as barriers to SDM
implementation, whereas system-related barriers, such as staff
shortages and high patient loads, were identified as barriers to
PCC.

Time, and often hard to do for many decisions: few
are really straightforward. Would be nice to have
tools readily available to do this & ways to facilitate
it. [US respondent, regarding SDM barriers]

Lack of knowledge among patients and patient
unwillingness to be fully informed about his/her
condition. [Jordanian respondent, regarding SDM
barriers]

The healthcare delivery system is still organized
traditionally regarding appointment scheduling and
how patients interact with doctors; short visits limit
person-centered care. [US respondent, regarding PCC
barriers]

Bureaucracy of the Jordanian health care system and
lack of medical specialties in the peripheral areas of
the country. [Jordanian respondent, regarding PCC
barriers]

With respect to problems related to the patient-physician
relationship, the responses of Israeli physicians emphasized a
lack of time and training (eg, lack of time, lack of support for
physicians during their work). Jordanian respondents
emphasized disorganization of the health care system, and US
physicians highlighted problems of cost, social determinants of
health, and the role of insurance companies (eg, the payment
system and its incentive structure, lack of universal health care,
costs of pharmaceuticals).

SDM-Q-DOC Responses: Comparison of SDM Practice
and PCC Behaviors
We included in the analysis 32 survey responses with greater
than 50% total completion (Jordan: n=15; United States: n=10;
Israel: n=7). Overall, physicians in our sample reported
practicing SDM at a moderately high level (mean 76.6, SD 11.5;
median 75.6), with a range of 53 to 100. This result is similar
to findings in other studies [22]. The Kruskal-Wallis test results
showed no significant difference in SDM-Q-DOC scores
between the 3 countries (H2=0.631, P=.73; United States: mean
74.9, SD 11.4; Israel: mean 78.7, SD 7.9; Jordan: mean 76.7,
SD 13.4). Box plot diagrams of SDM-Q-DOC means and
standard deviations imply that SDM practice and PCC behaviors
vary more among the US and Jordanian respondents in our
sample than among their Israeli counterparts, as seen in Figure
1.

In addition, we compared the individual item scores between
respondents from the 3 countries. Only for the first item (“I
make clear to my patient that a decision needs to be made”) was
a significant difference noticed, with higher scores for Jordanian
physicians (Table 2). A nonsignificant but notable difference
was noticed in the second item (“I want to know exactly from
my patient how he/she wants to be involved in making the
decision”), with a higher mean score for Jordanian physicians.
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Figure 1. Box plot diagrams of SDM-Q-DOC score per country. SDM-Q-DOC: Shared Decision Making Questionnaire, physician version.

Table 2. Comparison of means and standard deviations of Shared Decision Making Questionnaire, physician version responses among respondents
from the United States, Israel, and Jordan (n=32).

Jordan, mean (SD)bIsrael, mean (SD)bUnited States, mean (SD)bP valueH statisticSDM-Q-DOCa item question

4.47 (0.52)3.57 (0.98)3.60 (0.84).0089.551. I make clear to my patient that a deci-
sion needs to be made.

3.73 (0.80)3.29 (0.76)3.00 (0.67).104.662. I want to know exactly from my pa-
tient how he/she wants to be involved in
making the decision.

4.21 (0.58)4.43 (0.98)4.50 (0.71).401.833. I tell my patient that there are different
options for treating his/her medical con-
dition.

4.13 (0.64)4.43 (0.53)3.80 (0.92).272.594. I precisely explain the advantages and
disadvantages of the treatment options
to my patient.

4.27 (0.96)4.29 (0.76)3.80 (0.92).362.065. I help my patient understand all the
information.

3.73 (0.96)4.00 (1.00)4.10 (0.74).611.006. I ask my patient which treatment op-
tion he/she prefers.

3.47 (0.92)4.00 (0.82)3.40 (0.52).282.537. My patient and I thoroughly weigh the
different treatment options.

3.13 (1.46)3.43 (0.79)3.50 (0.53).890.238. My patient and I select a treatment
option together.

3.67 (0.90)4.00 (5.80)8.84 (0.76).481.479. My patient and I reach an agreement
on how to proceed.

aSDM-Q-DOC: Shared Decision Making Questionnaire, physician version.
bMeans represent level of agreement with each item on a 6-point Likert scale, where 0=completely disagree and 5=completely agree.

Discussion

Principal Results and Comparison With Prior Work
The present study describes findings of a small, exploratory
hypothesis-generating survey [20] of Israeli, Jordanian, and US
physicians’ perceptions of SDM and PCC. Open-ended
qualitative results suggest that respondents, regardless of country
of origin, identify SDM as a process focused on providing

information or as informed decision making, but PCC as a
physician’s effort to meet patients’ individualized needs. These
findings are aligned with the perception that SDM is “the
pinnacle of PCC” [4] but also emphasize that SDM remains
commonly perceived by physicians as a mean for delivering
information rather than a collaborative discussion [36,37].
Barriers to implementing SDM and PCC were also identified
and attributed to system- and patient-related factors [25]. The
quantitative results of the total mean score of the SDM-Q-DOC
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show medium to high levels of SDM-related behaviors among
all respondents. Item-focused analysis showed that Jordanian
respondents scored significantly higher on item 1 (“I make clear
to my patient that a decision needs to be made”), with a
nonsignificant but notable difference for item 2 (“I want to know
exactly from my patient how he/she wants to be involved in
making the decision”). These are interesting results for the
psychometric quality of the SDM-Q-DOC. Although there is
less literature on the psychometric qualities of the SDM-Q-DOC,
ample literature exists on the psychometric characteristics of
the SDM-Q-9, showing mixed results for item 1 and suggesting
eliminating the item to improve the factorial structure [22]. In
our small sample, item 1 served as a discriminate item.

Strengths and Limitations
The present study has several strengths. To the best of our
knowledge, this is the first transnational comparison of the
perceptions and practices of physicians in the United States,
Israel, and Jordan. This survey study provided a conceptual
overview of physicians’ understanding of SDM and PCC as
well as an evaluation of SDM- and PCC-related behaviors.
Although SDM is a communication model and practice and
PCC is considered the conceptual framework [6], the
participating physicians’ interpretation and understanding of
the two were different. SDM was generally perceived as a means
for delivering information to patients, whereas PCC was
commonly perceived as a method for meeting a patient’s
individual needs. While US and Jordanian physicians in our
sample interpreted SDM also as a patient-level process (ie,
patient participation), Israeli physicians in our sample interpreted
SDM as a dialogue- and dyadic-based process occurring between
patient and physician. These insights can inform future research
and education initiatives pertaining to SDM and PCC among
physicians. Finally, a methodological strength is our ability to
deliver surveys in Arabic, Hebrew, and English due to the
multilingual expertise of our team.

There are also some limitations to note. Our sample is small
and not random; thus, we are unable to make meaningful
statistical inferences or to generalize our findings, decreasing
the study’s validity. However, because the purpose of this
exploratory study was to generate hypotheses, our snapshot of

the SDM landscape and PCC perceptions among physicians in
Israel and Jordan is new and will inform future scaled-up
surveys. We surveyed physicians, not other members of the
health care team or patients. Clearly, a future comprehensive
comparison of these health systems and practitioners’
approaches to care requires surveying all stakeholders involved.
The SDM-Q-DOC questionnaire was administered to explore
physicians’ perceptions of what is important in an SDM
encounter, but it was not used to evaluate an actual encounter.
Although the SDM-Q-DOC was developed to rate physicians’
experiences of SDM in patient-physician encounters, recent
literature indicates the feasibility of the Shared Decision Making
Questionnaire family for use in surveys [23,28,38]. The final
limitations are that we were unable to recruit and collect data
from physicians in the West Bank and that the survey in Jordan
was conducted using face-to-face interviews rather than
web-based surveys. Using email to initiate communication with
potential Jordanian and West Bank respondents was challenging,
as was administering a web-based survey. In Jordan, we learned
that recruitment by phone call or an offline survey methodology
that does not require an internet connection could be better for
collecting responses. Therefore, we employed face-to-face
interviews successfully, but this might have caused a social
desirability bias; that is, physicians might have overestimated
their support for and use of the SDM approach. However,
because the web-based platform was the tool rather than the
purpose, we believe it was not critical and that the benefits of
collecting data face to face instead of via a web-based survey
were more important for this project.

Conclusions
The results of the present study add to the limited, yet important,
literature on SDM and PCC in areas of the world outside the
United States, Canada, Australia, and Western Europe
[9,12,39-43]. They also add to the psychometric evaluation of
SDM and PCC measures [44] and identify barriers to
implementation. We hope this survey will motivate researchers
and clinicians in Israel, Jordan, and other countries that are less
represented in the SDM and PCC research and practice to
encourage related discussions and practice and to facilitate
implementation, measurements, and interventions.
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Abstract

Background: Integrated data repositories (IDRs), also referred to as clinical data warehouses, are platforms used for the
integration of several data sources through specialized analytical tools that facilitate data processing and analysis. IDRs offer
several opportunities for clinical data reuse, and the number of institutions implementing an IDR has grown steadily in the past
decade.

Objective: The architectural choices of major IDRs are highly diverse and determining their differences can be overwhelming.
This review aims to explore the underlying models and common features of IDRs, provide a high-level overview for those entering
the field, and propose a set of guiding principles for small- to medium-sized health institutions embarking on IDR implementation.

Methods: We reviewed manuscripts published in peer-reviewed scientific literature between 2008 and 2020, and selected those
that specifically describe IDR architectures. Of 255 shortlisted articles, we found 34 articles describing 29 different architectures.
The different IDRs were analyzed for common features and classified according to their data processing and integration solution
choices.

Results: Despite common trends in the selection of standard terminologies and data models, the IDRs examined showed
heterogeneity in the underlying architecture design. We identified 4 common architecture models that use different approaches
for data processing and integration. These different approaches were driven by a variety of features such as data sources, whether
the IDR was for a single institution or a collaborative project, the intended primary data user, and purpose (research-only or
including clinical or operational decision making).

Conclusions: IDR implementations are diverse and complex undertakings, which benefit from being preceded by an evaluation
of requirements and definition of scope in the early planning stage. Factors such as data source diversity and intended users of
the IDR influence data flow and synchronization, both of which are crucial factors in IDR architecture planning.

(JMIR Form Res 2020;4(8):e17687)   doi:10.2196/17687
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Introduction

Background
An electronic health record (EHR) is a system for the input,
processing, storage, and retrieval of digital health data. EHR
systems have been increasingly adopted in the United States
over the past 10 years [1], and their use is spreading worldwide
in both hospital and outpatient care settings [2,3]. An EHR is
typically organized in a patient-centric manner and has become
a powerful tool to store data in a time-dependent and
longitudinal structure. EHR data can also be integrated into an
enterprise data warehouse or integrated data repository (IDR).
IDRs collect heterogeneous data from multiple sources and
present them to the user through a comprehensive view [4].
Unlike EHRs, IDRs offer specialized analytical tools for
researchers or analysts to perform data analyses.

An IDR is a significant institutional investment in terms of both
initial costs and maintenance, but it offers the advantage of
clinical data reuse beyond direct clinical care, such as for
research and quality improvement studies. Secondary use of
clinical data is a rapidly growing field [5,6]; an increasing
number of institutions have implemented in-house IDRs and
several others are developing IDRs for future research
endeavors.

Unlike clinical practice, which focuses on enhancing the
well-being of current patients, the purpose of an IDR is to
produce generalized knowledge that can be extended to future
patients. Typical applications of IDRs include retrospective
analysis and hypothesis generation [7]. Some IDRs also support
clinical applications, such as clinical decision support systems
(CDSSs), that work alongside clinical practice to estimate risk
factors or predictive scores associated with clinical treatments.
CDSSs help to avoid medical errors and deliver efficient and
safer care by assisting the provider with diagnosis, therapy
planning, and treatment evaluation decisions [8]. All these
applications are valuable resources that have the potential to
improve the quality of health care [9] and reduce health costs
if implemented appropriately [10].

Objective
Our study is motivated by the need to develop a pediatric IDR
at our institution and by the lack of literature providing practical
recommendations to apply during the initial development stages.
Reviews by Shin et al [11] and Huser et al [12] highlighted the

recommended characteristics when designing an IDR; however,
they include only a small set of examples and a limited number
of example IDRs. Since 2014, the IDR landscape has evolved
rapidly, and thus, we felt more recent developments needed to
be better addressed as well. A 2018 review by Hamoud et al
[13] provided a comprehensive description of most recent data
warehouses, including information about their data content,
processing, and main purpose; it also provides general
recommendations for the implementation of an IDR, but no
practical considerations to guide the planning stages.

This study compares the features of contemporary IDRs and
presents some guiding principles for the design and
implementation of a clinical research data warehouse. Our
research objective was to identify the major features of
contemporary IDRs and obtain a list of established architectures
used in the field of health informatics. We expect that this
review will be useful for other small- to medium-sized
institutions that plan to implement an institutional IDR and have
no extensive experience in the field.

Methods

We conducted a literature review and a targeted web-based
search to identify the major existing IDRs and synthesized the
retrieved information around key themes.

Literature Review Search
We performed a narrative review following the procedure
described below. First, a literature search was conducted using
Ovid MEDLINE (Medical Literature Analysis and Retrieval
System Online) and IEEE Xplore (Institute of Electrical and
Electronics Engineers Xplore), queried in March 2020 (Figure
1). Articles were identified in 2 iterative phases. The first phase
used an initial list of keywords querying for infrastructure
purposes (data integration, such as linkage and harmonization)
as well as infrastructure type and hospital setting (Multimedia
Appendix 1: A1). The second phase search used additional
keywords identified from the titles and abstracts of articles
retrieved in the first phase (Multimedia Appendix 1: A1).
Second, Google Scholar was queried for major article keywords
(Integrated Data Repository) OR (Clinical Data Warehouse),
and the first 150 retrieved hits were screened. The query was
executed in a single search stage because the traditional search
methods using Ovid MEDLINE and IEEE Xplore already
produced exhaustive results.
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Figure 1. Article selection process. The diagram shows the number of articles at each stage of selection for each of the 3 databases: MEDLINE (Medical
Literature Analysis and Retrieval System Online), IEEE Xplore (Institute of Electrical and Electronics Engineers Xplore), and Google Scholar.

We selected peer-reviewed articles, published in the English
language between January 2008 and March 2020, to include
the most current data warehouse features. Non-English articles
were excluded because of a lack of resources for translation.
We retained articles for which the full text was available and
removed duplicates. KG read the abstracts, and the articles
describing specific data integration strategies, describing
architecture structures, or providing more information about
the data models were included. When it was unclear whether
an article should be included, the authors EPC and MG were
consulted. Duplicated articles were removed using EndNote
reference management software (Clarivate Analytics).
Additional articles providing the most up-to-date information
about selected IDRs or cited by the selected articles were
included in the selection process because they were considered
relevant for the IDR definition. Targeted Web-Based Search of
Known Institutional IDRs

We manually queried nonpublished resources with the goal of
adding contemporary data warehousing practices implemented

in large North American hospitals. A convenience sample of
hospitals known to be leaders in these types of data warehousing
was suggested by EPC and MG.

Additionally, we browsed publicly available information on
each of the targeted institutional websites (Multimedia Appendix
1: A2). This was complemented with relevant peer-reviewed
articles cited in these websites related to the design,
implementation, and applications of such repositories.

Manual Shortlisting for a Comparative Review
Analysis
For the comparative review analysis, we performed a manual
selection to shortlist articles specifically describing IDR
architectures. The shortlisting considered the major focus of
the article and the presence of significant details describing data
integration, data processing, or database services. The selected
articles were searched for related IDR projects and further
web-based resources (Table 1 and Multimedia Appendix 1: A3).
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Table 1. Institutions and major features of the integrated data repositories.

Primary ref-
erences

Standard terminologiesStandard common
data model

Architecture
model

IDR scopeIDRa,b

The National Institutes of Health Clinical Center-Small-sized institution

[14]REDdN/AcGeneralGeneral careBiomedical Translational Research
Information System (BTRIS)

[15]REDN/AGeneralDeceased subjectsDeceased subjects (dsIDR)

University of Kansas Medical Cent er-Medium-sized institution

[16,17]ICDf-9/ICD-10, CPTg,

RxNormh, SNOMED-CTi,

NDFRTj, NCIk, FDBl

i2b2eGeneralGeneral careHealthcare Enterprise Repository
for Ontological Narration (HERON)

Stanford University Medical Center- Medium-sized institution

[18,19]ICD-9, CPT, RxNorm,
SNOMED-CT

i2b2, OMOPmGeneralGeneral careStanford Translational Research In-
tegrated Database Environment
(STRIDE)

[20]ICD-9, CPT, RxNorm,
SNOMED-CT

i2b2, OMOPGeneralGeneral careSTAnford Research Repository
(STARR)

The Georges Pompidou University Hospital (HEGP)-Medium-sized institution

[21-23]ICD-10, LOINCo,
SNOMED-CT

i2b2GeneralGeneral care, cardio-
vascular, cancer

HEGP CDWn platform

Hanover Peter L. Reichertz Institute- Large-sized i nstitution

[24]ICD-10, LOINCi2b2GeneralGeneral careHanover Medical School Transla-
tional Research framework (HaM-
STR)

Erlangen University Hospital-Large-sized institution

[25]LOINC, NCII2b2GeneralGeneral careClinical data warehouse

Seoul St. Mary Hospital-Large-sized institution

[26]N/AN/AGeneralCancerProstate cancer research database

Lead partner: Cincinnati Children’s Hospital Medical Center-Collaborative project

[27]ICD-9/ICD-10, SNOMED-
CT

OMOPGeneralPerinatalMaternal and Infant Data Hub
(MIDH)

Georges Pompidou, Cochin and Necker Hospitals- Collaborative project

[28]ICD-9/ICD-10, SNOMED-

CT, ATCq, GOr, HPOs
Variant of i2b2

(tranSMARTp)

GeneralCancerCAncer Research for PErsonalized
Medicine (CARPEM)

Learning Healthcare System (LHS) across South Carolina-Collaborative project

[29]N/Ai2b2GeneralGeneral careHealth Science South Carolina
(HSSC) clinical data warehouse

Windber Research Institute-Collaborative project

[30,31]MeSHt, SNOMED-CT,

NCI, caBIG VCDEu

N/AGeneralCancerData Warehouse for Translational
Research (DW4TR)

Veterans’ Health Administration-Collaborative project

[32]ICD-9N/AGeneral with
CDSS

General careVA EHR (Veterans Administra-
tion’s electronic health records)

Coordinated by Medtronic Iberica SA- Collaborative project

[33]ICD-9, DRGv, ATCi2b2General with
CDSS

DiabetesModels and simulation techniques
for discovering diabetes influence
factors (MOSAIC)

National collaboration- Collaborative project
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Primary ref-
erences

Standard terminologiesStandard common
data model

Architecture
model

IDR scopeIDRa,b

[34]N/AN/AGeneral with
CDSS

CerebrovascularChina Stroke Data Center (CSDC)

Houston Methodist Hospital-Large-sized institution

[35]ICD-9, CPTExtension of i2b2General with
CDSS

General careMethodist Environment for Transla-
tional Enhancement and Outcomes
Research (METEOR)

Mayo Clinic- Large-sized institution

[36]LexGridwi2b2GeneralGeneral careMayo Enterprise Data Trust
(MEDT)

[37]LexGridi2b2GeneralCancerOvarian cancer registry

[38]LexGridi2b2Biobank-drivenCancerTranslational Research Center
(TRC)

Vanderbilt University Medical Center- Large-sized institution

[39]FDB, ICD-9, CPTN/AGeneralGeneral careSynthetic Derivative

[40]FDB, ICD-9, CPTN/ABiobank-drivenGeneral careBioVU

The Children's Hospital of Philadelphia- Medium-sized institution

[41]N/AHarvestBiobank-drivenCancer, pediatricBiorepository Portal (BRP)

University of São Paulo-Large-sized institution

[42]ICD-10, SNOMED-CT,
LOINC, GO

N/ABiobank-drivenCancerBioBankWarden (BBW)

University of Pavia and Fondazione S. Maugeri- Large-sized institution

[43]SNOMED-CTi2b2Biobank-drivenCanceronco-i2b2

Leon Berard Cancer Center- Small-sized institution

[44]ADICAPy, ICD-ON/AUser-controlled
application layer

CancerCLB-ITx

Lead partner: University of Utah-Collaborative project

[45]ICD-9/ICD-10, LOINC,
SNOMED-CT, RxNorm

i2b2, OMOP,

OpenMRSz
FederatedSeveralFederated Utah Research and

Translational Health electronic
Repository (FURTHeR)

[46]ICD-9/ICD-10, LOINC,
SNOMED-CT, RxNorm

i2b2, OMOP,
OpenMRS

FederatedSeveralOpenFurther

Lead partner: University of Utah-Collaborative project

[47]LOINC, SNOMED-CTi2b2Based on FUR-
THeR

PediatricPediatric Health Information System
(PHIS+)

@neurIST European Project-Collaborative project

[48]@neurIST ontologyaaN/AFederated as in
FURTHeR

Cerebrovascular@neurIST platform

University Clinics in Northern Germany- Collaborative project
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Primary ref-
erences

Standard terminologiesStandard common
data model

Architecture
model

IDR scopeIDRa,b

[49]ICD-10, SNOMED-CTi2b2Federated as in
FURTHeR

CancerResearch Data Management System
(RDMS)

aIDR: Integrated Data Repository
bThe IDRs are defined by their data scope, architecture model (as defined by the major design class represented in Figure 2), standard common data
model, standard terminology, and primary reference.
cN/A: not applicable, n=4 in Standard Terminology.
dRED: Research Entities Dictionary, n=1.
ei2b2: Informatics for Integrating Biology and the Bedside
fICD-9/ICD-10/ICD-O: International Classification for Diseases, version 9/10, O for oncology, n=14.
gCPT: Current Procedural Terminology, n=4.
hRxNorm: standardized nomenclature for clinical drugs, n=3.
iSNOMED-CT: Systematized Nomenclature of Medicine-clinical terms, n=11.
jNDFRT: National Drug File Reference Terminology, n=1.
kNCI: National Cancer Institute, n=2.
lFDB: First Databank, n=2.
mOMOP: Observational Medical Outcomes Partnership
nHEGP CDW: Hôpital Européen Georges Pompidou Clinical Data Warehouse, n=1.
oLOINC: Logical Observation Identifiers Names and Codes, n=5.
ptranSMART: Open-source data platform for translational research, n=1.
qATC: Anatomical Therapeutic Chemical Classification, n=2.
rGO: Gene Ontology, n=2.
sHPO: Human Phenotype Ontology, n=1.
tMeSH: Medical Subject Headings; n=1.
ucaBIG VCDE: the cancer Biomedical Informatics Grid Vocabulary and Data Elements Workspace, n=1.
vDRG: Diagnosis Related Group, n=1.
wLexGrid: Lexical Grid, n=1.
xCLB-IT: Léon Bérard Cancer Center-IT.
yADICAP: Association pour le Développement de l'Informatique en Cytologie et en Anatomie Pathologique, n=1.
zOpenMRS: Open Medical Record System, n=1.
aa@neurIST ontology, n=1.
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Figure 2. Architecture models identified from selected integrated data repositories (IDRs). Arrows indicate data output because of a query (blue) and
data input (orange) because of data integration or update. Continuous lines show data query and integration applied by research users, whereas dashed
lines are data queries performed by operational or clinical users.

Literature Synthesis and Institution Characterization
Information from the literature was aggregated through thematic
analysis and collapsed into 4 classes of IDR architectures. We
evaluated the main features of the identified IDRs, such as data
processing components, data characteristics, common
terminologies, and data models. Features were summarized,
compared, and contrasted. We extracted information about host
institutions and divided them into small (≤500 beds), medium
(500-1000 beds), and large (>1000 beds) institutions based on
the number of beds listed on the institution’s websites.

Analysis of Word Content
Selected articles were uploaded into NVivo 12 (QSR
International LLC) for qualitative analysis, specifically to count
the word frequency in the selected papers. The words with a
minimum length of 5 in the full text were counted, excluding
stop words, and grouped by synonyms. The word frequency is
represented as a word cloud, generated with R (R Foundation
for Statistical Computing) and wordcloud package 2.6.

Citations Analysis
The references of the articles describing IDRs were downloaded
in a semiautomated manner using Content Extractor and Miner
software [50] to parse the full-text PDF files. References to web
resources, video-cast meetings, and software were removed,
and partial references were manually corrected. The references
were grouped by first author and year of publication and loaded
in R (R Foundation for Statistical Computing) and plotted with
UpSetR [51].

Results

Overview
A total of 241 articles were identified in the literature search
[11,13-19,21-29,31,33-35,37,43,44,47-49,52-264]; the largest
number of articles were identified in IEEE Xplore (n=112),
followed by MEDLINE (n=95), and Google Scholar (n=71).
After removing duplicates (n=24), we added 3 articles that were
frequently cited in the selected articles but were missing from
our search results [30,36,42]. Three articles [38,40,45] were
further added that provided additional details relevant to the
review topic. Finally, 1 article was replaced by a more updated
publication [265]. These 247 articles were combined with the
targeted web-based search [32,39-41,266-269]; hence, we
identified a total of 255 articles (Figure 1). The most frequent
words in the articles were system,information, study, project,
and design (Multimedia Appendix 1: A4.1). A total of 79 of
these 255 articles were published between 2014 and 2016, and
34 were published in 2019; this date range covers the full range
of initially identified articles in this domain area (Multimedia
Appendix 1: A4.2 and A4.3).

A total of 116 articles were presented in proceedings of
international scientific conferences, particularly those published
in the book series Studies in Health Technology and Informatics
(n=23); this included the World Congress of Medical and Health
Informatics and Medical Informatics Europe. The second most
frequent proceedings were the American Medical Informatics
Association annual symposium and joint summits on
translational science (n=12). The most frequently observed
journals were the Journal of the American Medical Informatics
Association (n=9) and BioMed Central (BMC; n=8), with BMC
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Bioinformatics being the most common. More details about the
individual conferences and journals can be found in Multimedia
Appendix 1: A4.4 and A4.5.

For this review, we focused on the 34 articles describing 29
IDRs for which sufficient design details were presented. The
additional web resources describing 2 IDRs, Stanford
Translational Research Integrated Database Environment
(STRIDE) and Federated Utah Research and Translational
Health Electronic Repository (FURTHeR), referred to novel
projects STAnford Research Repository (STARR) [20] and
OpenFurther [46], respectively, which increased the number of
IDRs to 31 from 25 different institutions or collaborative
projects (Table 1). In reviewing the references in these 34
articles, we observed only a small overlap, with 1 reference
[270] being found in common in a maximum of 11 articles
(Multimedia Appendix 1: A5.1). The most frequently cited
among the 34 are onco-Informatics for Integrating Biology and
the Bedside (i2b2) [43,271], STRIDE [18], and the Mayo Clinic
[36] IDRs, cited in 8, 5, and 4 articles, respectively (Multimedia
Appendix 1: A5.2).

IDRs represent a variety of applications of health data
warehousing for research. Although they share common
characteristics, as described in detail below, they also
demonstrate the many different purposes they can serve. For
example, BioVU [40] and the Synthetic Derivative [39] at
Vanderbilt University Medical Center are examples of a
biobank-driven database that automatically couples patients’
clinical information to biological samples (biosamples). The
power of this system is its connection between genotype and
phenotype and its large number of biosamples (>50,000), which
allows a rich set of cohort research studies. The Maternal and
Infant Data Hub (MIDH) at Cincinnati Children’s Hospital
Medical Center [27] is a regional perinatal data repository that
integrates a large and diverse set of data from different
institutions. The strength of the project is the combination of
delivery and postdischarge hospital data and the linked mother
and child data sets. The pilot database contains approximately
70,000 newborns and 42,000 pediatric postnatal visits. Another
example is the Hanover Medical School Translational Research
Framework (HaMSTR) framework at the Hanover Peter L.
Reichertz Institute [24], which was developed to automatically
load data from a clinical data repository into a standard data
model that researchers can query; it is a successful example of
fast data upload and query using data structures designed from
standard data models available for clinical research.

Characteristics of the Institutions in the Selected IDR
Sample
We identified 2 types of IDRs: those developed for use in a
single institution (n=19) and those implemented for a
collaborative project (n=12). The latter typically integrate patient
data and provide project-specific tools. The median number of
different institutional partners in a collaborative IDR is 6, with
one of the partners acting as an organizational hub. The partners
range from research institutes, laboratories, and private
institutions to university medical centers.

The IDRs were further divided by their scope (Table 1), which
were classified as general or specialized medical care (cancer,

pediatrics, perinatal, cerebrovascular, or cardiovascular). Seven
of the 10 IDRs containing specialized data were collaborative
projects, likely indicating the need to pool data from several
institutions when dealing with smaller but more focused patient
populations.

Four Major Architecture Models Used in Our Selected
IDR Sample
We identified 4 overarching conceptual architectures that
summarize the data layers in the selected IDRs (Figure 2).
Different institutions can implement multiple architectures for
different purposes; we assigned each IDR to a category
considering the major features of the IDR, as described in their
respective articles.

The general architecture model is the most common model,
with 19 identified IDRs structured around medical data mining
(Figure 2, General architecture with optional CDSS). In outline,
different data marts are transferred to a staging layer that
harmonizes the input to a common data view; data are loaded
into a common data warehouse and queried through an
application layer that communicates with the user; a CDSS tool
can provide added functionality. Hence, in this architecture,
each data source is originally stored in an independent data
mart, collecting data from a separate research or clinical source
within the same institution. Data are processed in the staging
layer, which reshapes the input to an integrated view through
several steps of data linkage, transformation, and harmonization.
The next stage of processing is loading the data into a single
database connected to an application layer that provides the
tools for end users, typically researchers, to access and analyze
the data securely with different services. An example of an IDR
providing multiple services is the STRIDE architecture stack
[18], which includes several services for data analysis or
research data management. The articles describing METEOR
[35], CSDC [34], models and simulation techniques for
discovering diabetes-related factors (MOSAIC) [33], and
Veterans Administration’s EHRs [32] provide further details
about the integration of CDSS tools in the architecture. In these
cases, the architecture model is divided into CDSS and data
analysis modules, both of which communicate with the common
database. The CDSS allows clinical staff to retrieve real-time
individual patient records and to use analytical models to make
risk prediction. The CDSS tools described by METEOR and
MOSAIC, for example, learn from the clinical data stored in
the data warehouse and estimate risk factors predicting hospital
readmission or long-term complications.

The Health Science South Carolina (HSSC) [29] IDR gathers
data from different clinical systems implemented in various
institutions, all of which are party to a data collaboration
agreement that authorizes data aggregation in a single data
warehouse. This data warehouse contains a longitudinal record
for each individual across all institutions. Data processing and
terminology mapping occur in a conceptual staging layer, as in
the case of the general architecture model.

In the case of the Erlanger University Hospital IDR [25],
terminology is mapped using vocabularies that are manually
curated and mapped through an automatic workflow that
processes the raw data to the final data warehouse format. Other
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IDRs that make use of multiple terminologies are health care
enterprise repository for ontological narration [16], Research
for PErsonalized Medicine (CARPEM) [28], and STRIDE [18],
but further details of their mapping processes were not available.

The biobank-driven architecture model is built around a
particular application, in this case, biobanking (Figure 2,
Biobank-driven architecture). This model is similar to the
general architecture model but, in this case, the IDR is built
around the biosamples database. The biosample data integration
occurs at the staging layer. The main feature is that the model
allows the biosample operational user to access the raw and
identified biobank data source for quality control and biosample
management. An example of a biobank-driven structure is the
biorepository portal (BRP) [41,266], which allows for the
automatic integration of biosamples with clinical data, while
maintaining unrestricted access to the biorepository for the
operational team. The Mayo Clinic and Vanderbilt University
adopt the general and biobank-driven architecture models in
parallel.

The user-controlled application layer architecture model does
not have a specific staging layer (Figure 2, User-controlled
application layer). This architecture does not include a central
data warehouse; the data are preprocessed and integrated from
the original data sources only when the users query the data.
Hence, data are processed in 2 stages: the first stage preprocesses
the original data to a common format. The user query then
carries out the final data integration function for the output
delivery. In this architecture, a common data warehouse is not
implemented, but rather the data are dynamically queried. An
example is the text mining technology at the Léon Bérard Cancer
Center (CLB) [44], which indexes text documents during the
preprocessing stage and in which the users’ queries return the
exact documents matched.

The federated architecture is implemented for heterogeneous
data retrieval and integration across multiple institutions (Figure
2, Federated architecture, adapted from OpenFurther). In this
case, institutions selectively share their data through an adaptor
system that applies common preprocessing, with data integrated
on-the-fly in a virtual data warehouse. The FURTHeR federated
query platform [45] builds a virtual IDR that responds to the
needs of the user and calls several services for data resolution
on-the-fly and upon query. The architecture model is flexible
and operates using several services for data integration. An
application of FURTHeR is the Pediatric Health Information
System+ project [47], which combines data from 6 institutions.
The IDR uses a federation component, which aggregates and
stores translated query results in a temporary, in-memory
database for presentation and analysis by the researcher for the
duration of the user’s session. Federated data integration was
also proposed using a research data management system
(RDMS) [49], which integrates clinical and biosample data from
several institutions in Germany. The @neurIST [48] is a large
IDR dedicated to translational research that includes data,
computing resources, and tools for researchers and clinicians.
Data are located across different sites and are securely shared
with a grid infrastructure that allows federated data access.

The 4 types of architecture present different analytics tools, data
presentation logic, and query interface based on the type of user
they serve, which can be classified into 2 major groups: the first
group, such as researchers and operational or business analysts,
uses the IDR to identify important clinical features that occur
at the level of patient cohorts. The second type of user, such as
physicians and other health care professionals, uses the IDR to
make decisions at an individual patient level, for example, to
plan specific therapeutic interventions or predict risk. The first
type of user is served by all the architecture models (Research
user in Figure 2). The general architecture model that
incorporates a CDSS presents a clear separation of both user
types who have different applications for IDR data, with CDSS
queries being made by clinical users (Figure 2, General
architecture with optional CDSS). Similarly, the biobank-driven
architecture model includes operational users who can directly
query the information regarding patient biosamples for clinical
applications (Figure 2, Biobank-driven architecture).

Data Retrieval and Update Are Influenced by the IDR
Architecture Model
Both data update and integration schedules in an IDR are
important features that define the timeliness of data. Here, we
describe some of the key limiting steps and their occurrence in
the different IDR architecture models.

Data Retrieval
The data processing involved in extraction, transformation, and
loading (ETL) is described in detail in the articles of biomedical
translational research information system (BTRIS) [14],
HaMSTR [24], Mayo Translational Research Center (TRC)
[38], CARPEM [28], onco-i2b2, Vanderbilt’s Synthetic
Derivative [39] and BioVU [40], and BRP [41]. These IDRs
represent the general and biobank-driven architecture models,
which implement a staging layer for the ETL process. A
temporal sequence of the ETL steps is as follows:

1. Data extraction from source(s): The source data are
extracted by an automatic (or manual) process.

2. Deidentification: Identifiable patient features, such as
demographics or localization, are removed before loading
into the IDR. The biobank-driven IDRs implement an
automated process of this step without the need for
extensive institutional reviews. In addition to the
deidentified data, BTRIS [14] and Vanderbilt’s Synthetic
Derivative [39] maintain a parallel database with original
identifiable patient entries for research purposes where
appropriate.

3. Assignment of unique identifiers: Deidentified data are
assigned unique patient identifiers that are used as a
reference for linking.

4. Data transformation and standardization: Data are first
checked for possible errors or missing values and are then
transformed into a common format that is standard for all
cohorts. Data may be subjected to transformation, such as
the derivation of new values from the existing ones
(pseudonymization) for maintaining privacy.

5. Standard terminology and ontology mapping: Data types
are labeled with standard terminologies.
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6. Data linkage: If the data are derived from multiple sources,
they are linked and combined in the IDR.

7. Loading into the data warehouse: This is performed by
either an update of existing data or a complete data
re-import into the data warehouse.

The CLB [44] IDR (user-controlled application layer
architecture model) uses specialized software to manipulate the
content from unstructured data without using an ETL process.
IDRs representing architecture model 4 do not provide additional
information on the ETL process in their respective articles.

Data Update
Five of the selected articles provide additional information about
the frequency of data updates in their IDRs. BTRIS [14] and
Vanderbilt’s Synthetic Derivative [39] argue for daily IDR
updates as new source data accumulate daily. Onco-i2b2 [43]
performs more frequent data synchronization, as frequent as
every 15 min. A real-time data update is presented by METEOR

[35] and MOSAIC [33], which also integrate a CDSS in their
architecture model and thus need this frequency to make
actionable decisions. MOSAIC presents an example with
asynchronous data update; although the CDSS is updated in
real time, the demographics are synchronized only every 6
months. The general architecture model combined with a CDSS
may require real-time data updates, whereas the general or the
biobank-driven architecture models, without a CDSS, may have
periodic updates that vary widely in frequency.

Major IDR Features: Data Type, Standard
Terminology, and Common Data Model

Data Type
We have listed the data types in 19 of the selected IDRs based
on information in the articles (Figure 3). The most common
types of data are those extracted from EHR that include patient
demographics, diagnoses, procedures, laboratory tests, and
medications.

Figure 3. Common data types across IDRs. Columns show the main types of data collected in the selected IDRs. Gray-filled cells denote feature
presence, with colors classifying the IDRs based on the examined architectures. Only 19 IDR articles contained enough information in their articles to
be included in this figure. BRP: biorepository portal; BTRIS: biomedical translational research information system; CARPEM: cancer research for
personalized medicine; CLB-IT: Léon Bérard Cancer Center Information Technology; DW4TR: Data Warehouse for Translational Research; EHR:
electronic health record; HEGP: Hôpital Européen Georges Pompidou; HERON: health care enterprise repository for ontological narration; HSSC:
Health Science, South Carolina; IDRs: integrated data repositories; Mayo Clinic-TRC: Mayo Clinic – Translational Research Center; METEOR:
Methodist Environment for Translational Enhancement and Outcome Research; MIDH: Maternal and Infant Data Hub; MOSAIC: models and simulation
techniques for discovering diabetes-related factors; Onco-i2b2; PHIS+: Pediatric Health Information System+; STARR: STAnford Research Repository;
VUMC-BioVU: Vanderbilt University Medical Center–BioVU; VUMC-SD: Vanderbilt University Medical Center–Synthetic Derivative.

Several IDRs incorporate data from biosamples and their omics
characterization, especially those based on the biobank-driven
architecture model such as TRC [38], BRP [41,266], and BioVU
[40]. Other examples of omics-based IDRs are CARPEM [28],
Data Warehouse for Translational Research (DW4TR) [30],
and @neurIST [48], which are dedicated to specific domains
of research, namely cancer and cerebral aneurysm research.

Several types of images are part of modern IDRs, such as
radiographic images in BTRIS [14] and document images in
Methodist Environment for Translational Enhancement and
Outcome Research (METEOR) [35]. In addition, medical reports
are integrated in the IDRs. Clinical documents can be processed
using natural language processing (NLP) algorithms to extract

clinical conditions, medication types, and other features from
common hospital procedures, which increases their utility
through transformation into structured data. NLP modules are
integrated in CLB-IT [44], which is specifically built for text
processing entries, as well as BTRIS [14], METEOR [35], and
onco-i2b2 [43].

IDRs including CDSS include outcome data types, which are
relevant for calculating risk factors or predictive values in
clinical domains. External data can also be integrated into the
IDRs, including genomics data from disease model organisms
(BTRIS) [14], patients from external sources (BTRIS [14] and
DW4TR [30]), or environmental indices and geolocation
(MIDH) [27].
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Standard Terminology
Health information technology uses controlled terminologies
to condense the information to a set of codes that can be
manipulated more easily and automatically in data processing.
We observed the adoption of both common [272,273] and
specialized terminologies (eg, Anatomical Therapeutic Chemical
Classification [274], human phenotype ontology [275], Gene
Ontology [276]). The most broadly used were International
Classification of Diseases (ICD)-9 and 10 for the classification
of diseases, systematized nomenclature of medicine-clinical
terms (SNOMED-CT) for a variety of medical domains, Logical
Observation Identifiers, Names, and Codes for laboratory
observations, and current procedural terminology for common
procedures (Table 1). These terminologies were utilized within
the EHR and further integrated into the IDRs.

Common Data Model
A common data model (CDM) is a standard data schema that
enables data interoperability and sharing. Contemporary data
warehouses propose an analytical platform built around the
CDM that provides all the software components to construct
and manage the data in a CDM. A few different CDMs have
been developed and adopted by the wider clinical research
community, although some institutions still favor using a custom
data schema tailored to their specific needs. In our study, a
standard CDM was adopted by 18 of the 29 IDRs. The most
frequently applied CDM, found in 16 instances, is Informatics
for Integrating Biology and the Bedside (i2b2) [277]. METEOR
[35] applies i2b2 with an expanded schema, and CARPEM [28]
applies tranSMART [278], which is a framework layered on
top of i2b2, dedicated to integrating omics data with EHR data.
Another popular CDM that has been used more frequently in
recent years is the Observational Medical Outcomes Partnership
(OMOP) [279], adopted by 3 IDRs, namely MIDH [27],
OpenFurther [46], and STARR [20]. OpenFurther uses
OpenMRS [280], which is an open-source software and CDM
that delivers health care in low- and middle-income countries.
The BRP [41] is the only example using Harvest as their CDM.

Discussion

Principal Findings
Our review identified several institutions of various sizes and
scopes that utilize an IDR. These IDRs contain data used for
both research and clinical decision-making purposes. The use
of structured data from natural language processing of clinical
notes, clinical imaging, and omics data are the most recent big
data types to be integrated with standard clinical observations.
Owing to the large heterogeneity, however, integration is
complex and tailored to the specific needs during the IDR
implementation and maintenance, as ETL necessitates a
significant effort in both the initial modeling and the ongoing
updates.

As a novel contribution, we proposed and classified IDR
architectures into 4 major models that highlight the processing
and integration steps. The most common architecture model
employs a staging layer implemented before the data are loaded
into the data warehouse.

A set of common features are applied across most IDRs: IDRs
commonly use standard terminologies such as ICD-9/10 and
SNOMED-CT, which are often already part of the EHR data.
Several IDRs use an open-source translational research
framework to model their data, as described by Huser et al [12].
We observed extensive use of i2b2 CDM and the emergent
adoption of OMOP CDM, which has the possibility to map
additional domain-specific terminologies. Interestingly,
PCORnet is one of the newest CDMs, but its application was
not discussed in the sample of IDRs reviewed. The PCORnet
is the most recently implemented CDM that borrows from
several other CDMs and is organized around patient outcomes
[261].

To safeguard the data in the IDR, data security and privacy need
to be ensured from the initial steps of development. Data security
is an important factor in all architecture types, with a particular
need in collaborative projects that share data across jurisdictions.
For example, in the general architecture of HSSC [29], data
need to be stored in physically and logically secure facilities,
where data management is extended to all the parties involved,
and data need to be transmitted between the participating
institutions through private high-speed networks. In the case of
federated data warehouses, such as @neurIST [48], there is a
tight control of data flow between different institutions and
clinical and research domains, following policies aligned with
recommendations from the Legal and Ethics Advisory Board.
Privacy, referring to the protection of patient’s personal
information, emerged as an important feature, especially in the
biobank-driven architecture; here, identifiable patient
information is deleted from both the biosamples and the patient
clinical data. Developers at the Children’s Hospital of
Philadelphia and the Children’s Brain Tumor Tissue Consortium
created an electronic Honest Broker (eHB) and Biorepository
Portal (BRP) eHB [41], which provides a method for patient
privacy protection by removing all the exposure of the research
staff to patient identifiers and automating the deidentification
process. Following a different privacy-preservation approach,
Vanderbilt’s Synthetic Derivative database [39] alters the patient
data by obfuscating the true entries while preserving their time
dependence.

Guiding Principles
The implementation of an IDR is subject to several factors that
must be considered before development. We identified 2 major
factors: (1) the data stored in the IDR and (2) the scope of the
IDR, either being exclusively used for research purposes or in
combination with clinical or operational purposes, as shown in
the general and biobank-driven architecture models. Data types,
heterogeneity, and volume greatly influence system load, update,
and query of the database. The scope of the IDR influences its
primary end users, researchers, clinical users, or operational
users, who have different needs and, thus, need access to
different sets of tools to extract, analyze, and visualize the data.
All the features influence both the data latency and the data
synchronization, which are major elements in the model
architecture. Moreover, available funding plays an important
role in architecture decisions, as are considerations for future
expansions.
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Among the set of selected IDRs, we observed a number of
collaborative projects that work within specialized medical
domains, such as cancer or pediatrics. Collaborative IDRs are
likely to integrate their data to increase the number of patients,
thus increasing the statistical power of their respective cohorts.

On the basis of our analysis, we highlight the following guiding
principles for small- to medium-sized institutions planning to
implement an IDR:

1. The general architecture model, with or without CDSS, is
the most straightforward to implement; the data staging
layer facilitates ETL and data processing before loading
into the data warehouse.

2. Select a standard CDM already in use by other institutions;
both i2b2 and OMOP provide server and client services in
a single unique platform that serves the user with all the
necessary tools to set up a structured IDR.

3. Wherever possible, adopt standard terminologies; we listed
the most common terminologies derived from the
integration with EHR data (Table 1). One promising
approach is that common terminologies are applied in the
first phases of the IDR development with other, more
specialized terminologies, added later as the project scope
expands.

4. Finally, the data update requirements and ETL process
design should be carefully considered, the level of
automation, as these are the limiting stages in data
integration and update.

Commercial electronic medical record platforms such as Epic,
Cerner, Meditech, and Allscripts are dominant in large
institutions. However, although some information about how
to query underlying databases and application programming
interfaces to communicate with these systems are available,
little information on transforming such data into IDR is available
in the literature, most likely because of their proprietary nature.
Most vendors also sell tools for analysts to query and make use
of data from these clinical production systems; however, they
are not IDRs themselves and are not targeted toward secondary
use for research.

As for lessons learned in the field, Epstein et al [281]
demonstrate the feasibility of transferring the development of
a perioperative data warehouse (schemas and processes) built
on top of Epic’s database from one institution to another.

Comparison With Prior Work
In their review, Hamoud et al [13] provided general
requirements for building a successful clinical data warehouse,
recommending a top-down approach to the initial stages of
development. They recommended considering all the individual
components of the final system to decrease integration obstacles
when dealing with heterogeneous data sources.

Three major factors contributing to the success of IDRs were
identified by Baghal [231] when developing their in-house IDR:
(1) organizational, enhancing the collaboration between different
departments and researchers; (2) behavioral, building new
professional relationships through frequent meetings and
communication between departments; and (3) technical
improvements to deploy new self-service tools that empower

researchers. Collectively, these factors increase the utility and
adoption of IDRs in clinical research.

In addition, the report by Rizi and Roudsari [282] on lessons
and barriers from their development of a public health data
warehouse, which IDR developers might want to consider,
specifically, not to underestimate technical challenges such as
those related to extracting data from other systems, difficulties
in modeling and mapping of data, as well as data security and
privacy. Other considerations include leveraging the IDR to
improve data quality at the source, implementing a data
governance framework from the beginning, and ensuring that
key organizational stakeholders endorse the project early and
strongly [282].

Limitations
Our search was not intended to be a systematic search; therefore,
we may have missed some articles. An example of missing
articles is those describing raw and unstructured data
repositories, also referred to as data lakes, as these did not
appear in our search results although we knew they exist. One
of the data lakes was presented by Foran et al [207] as a file
reservoir, integrated in the data warehouse schema. For
researchers to access those data, it was necessary to use a feeder
database before their upload to the final data warehouse.

Furthermore, we were able to report on the IDRs and IDR
features described in the literature, possibly omitting smaller
institutions that are not actively publishing in peer-reviewed
journals. In an attempt to mitigate this issue, we searched the
representative institutional websites to retrieve additional details
about the IDR architectures. As shown in Multimedia Appendix
1 [283-288]: A2, several organizations provide further details
about their architecture in GitHub repositories or institutional
Wiki pages, which can be explored for additional information
besides the published literature.

This review includes articles and web resources shortlisted
according to aspects of the IDR architectures that were
considered relevant. Providing an exhaustive coverage of all
aspects of IDR implementation, such as tools designed to
interact with the IDR, are better left for a dedicated review. An
example of such tools is the Green Button project, which
provides critical help in treating patients [289-292]. Examples
of CDM-based tools, built around an application, are the
@neurIST platform [48], @neurLink, and @neurFuse
application suites that consist of research-oriented modules
dedicated to knowledge discovery and image processing. CDSS
tools such as Green Button, @neurIST applications, or many
other existing frameworks are essential in providing
sophisticated analyses to support clinicians, but are beyond the
scope of our review.

Conclusions
There is significant potential in the implementation of IDRs in
health institutions, and their importance is evident from the
growing number of projects developed in the past 10 years.
Despite the common trends in IDR implementation observed
in this study, there are also many variations. There are 2 major
design factors, namely data heterogeneity and IDR scope, which
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need to be carefully considered before embarking on the IDR
design and planning process.

Finally, we aim to apply the knowledge presented in this study
for the implementation of a pediatric IDR at our institution. By

sharing our experience of planning and designing our IDR with
those joining the field or planning to implement an IDR for
research purposes, we hope to contribute to future IDR
endeavors.
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BTRIS: biomedical translational research information system
CARPEM: CAncer Research for PErsonalized Medicine
CDM: common data model
CDSS: clinical decision support system
CLB: Léon Bérard Cancer Center
DW4TR: Data Warehouse for Translational Research
EHR: electronic health record
ETL: extraction, transformation, and loading
FURTHeR: Federated Utah Research and Translational Health Electronic Repository
HaMSTR: Hanover Medical School Translational Research Framework
HSSC: Health Science, South Carolina
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IDR: integrated data repository
IEEE Xplore: Institute of Electrical and Electronics Engineers Xplore
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METEOR: Methodist Environment for Translational Enhancement and Outcome Research
MIDH: Maternal and Infant Data Hub
MOSAIC: models and simulation techniques for discovering diabetes-related factors
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