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Abstract

Background: Effective eHealth interventions can benefit alarge number of patients with content intended to support self-care
and management of both chronic and acute conditions. Even though usage statistics are easily logged in most eHealth interventions,
usage or exposure has rarely been reported in trids, let alone studied in relationship to effectiveness.

Objective: Theintent of the study was to evaluate use of a fully automated, Web-based program, the Electronic Self Report
Assessment-Cancer (ESRA-C), and how delivery and total use of the intervention may have affected cancer symptom distress.

Methods: Patientsat two cancer centers used ESRA-C to self-report symptom and quality of life (SxQOL) issues during therapy.
Participants were randomized to ESRA-C assessment only (control) or the ESRA-C intervention delivered via the Internet to
patients homes or to a tablet at the clinic. The intervention enabled participants to self-monitor SxQOL and receive self-care
education and customized coaching on how to report concernsto clinicians. Overall and voluntary intervention use were defined
as having =2 exposures, and one non-prompted exposure to the intervention, respectively. Factors associated with intervention
use were explored with Fisher's exact test. Propensity score matching was used to select a sample of control participants similar
to intervention participants who used the intervention. Analysis of covariance (ANCOVA) was used to compare change in
Symptom Distress Scale (SDS-15) scores from pre-treatment to end-of-study by groups in the matched sample.

Results. Radiation oncology participants used the intervention, overall and voluntarily, more than medical oncology and
transplant participants. Partici pants who were working and had more than a high school education voluntarily used theintervention
more. The SDS-15 score was reduced by an estimated 1.53 points (P=.01) in theintervention group users compared to the matched
control group.

Conclusions: The intended effects of a Web-based, patient-centered intervention on cancer symptom distress were modified
by intervention use frequency. Clinical and personal demographics influenced voluntary use.

Trial Registration: Clinicaltrials.gov NCT00852852; http://clinicaltrials.gov/ct2/show/NCT00852852 (Archived by WebCite
at http://www.webcitation.org/6Y wAfwWI7).
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Introduction

Background

Clinicians and researchers have developed eHeadlth solutions
that supplement the limited time for patient report and
communication within the confines of the ambulatory care,
face-to-facevisit [1]. Reported benefits of eHealth solutionsfor
oncology careincludeimproved patient well-being [2,3], better
patient-clinician communication [2,4], and lower symptom
distress [5]. Effective eHealth interventions can benefit alarge
number of patientswith both generic and tailored content. Even
though usage statistics are easily logged in most eHealth
interventions, usage or exposure has rarely been reported in
trials, let alone studied in relationship to effectiveness. As
reviewed by Donkin et al [6], the “dose” of eHealth solutions,
comprehensive measures of intervention exposure or patient
engagement, have been documented in few trials evaluating
health promotion and mental health interventions. Furthermore,
eHedlth intervention delivery has been studied in only one
cancer symptom and quality of life trial, in association with
outcomesin breast cancer survivors[7]. The ability and efforts
of patients in active cancer treatment to fully utilize such
solutions are uncertain.

The Electronic Self Report Assessment for Cancer (ESRA-C)
is a patient-centered technology developed with rigorous
participatory design methods [8] and evaluated in multi-site
randomized trials [4,5]. ESRA-C, a Web-based intervention
that supports patients with any cancer diagnosis during

http://www.jmir.org/2015/6/e136/

RenderX

trestment, has been shown to significantly increase the frequency
of patient-clinician communication about problematic issues
[4], reduce symptom distress over the course of active therapy
[5], and increase the patient’'s unsolicited and specific
description of symptoms and quality of life (SxQOL) concerns
[9]. However, when we conducted a mediation analysis of the
impact of the intervention group’s increased patient verbal
reportsat one clinic visit during thetrial, we found no significant
impact on the primary outcome of symptom distress[9]. In other
words, another aspect of the intervention was responsible for
the reduction of symptom distress.

Objective
The purpose of this analysis was to determine the impact of the
ESRA-C intervention exposure on cancer symptom distress and

describe frequency of intervention use by participants in the
ESRA-C I trial.

Methods

Overview

This analysis addresses one component of our program of
research founded on the Quality Health Outcomes Model, a
framework proposed by Mitchell and colleagues[10] toillustrate
that patient outcomes are rarely explained only by specific
interventions but also by health care system/provider factors
and patient-specific factors. The extent of patients’ use of the
intervention can be placed in the model (Figure 1) as a
patient-specific factor that may influence the impact of the
ESRA-C intervention on symptom distress.
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Figure 1. Adapted Health Outcomes Model [10].
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Design, Sample, I ntervention

The ESRA-C Il was a randomized trial conducted at two
comprehensive cancer centers. Full details of the trial [5] and
system development were reported elsewhere [11]. In brief,
adult participants with any type or stage of cancer, and about
to start a new anti-cancer therapy, used ESRA-C to self-report
baseline SxQOL and then were randomized to receive usua
education about SxQOL topics or usual education plus the
opportunity to self-monitor when not in the clinic, tailored
self-care instruction for SxQOL issues, and communication
coaching on how to report each SxQOL to clinicians. Whilein
the clinic, the intervention group participants were shown an
overview of the ESRA-C intervention and voluntary remote use
was encouraged. Participants in the intervention group could
access the ESRA-C program from home or in clinic on a
touch-screen computer at any time throughout the trial to
electronically track SxQOL and view the intervention. Those
intervention group participants without Internet access were
encouraged to meet the research coordinator during any
subsequent visit to the clinic and use ESRA-C on astudy tablet.
Participants in both groups were asked to report SxQOL using
the ESRA-C system from home or clinic at three study time
points (T2-T4) throughout the course of therapy, coinciding
with clinic visits at which clinicians would receive a printed
summary of the patient report for participants in both groups.
Home user participantsin both groupswere prompted by email,
24 hours prior to a scheduled clinic visit, to use the SxQOL
report feature of ESRA-C. Clinic users were notified to arrive
about 45 minutes prior to scheduled clinic visits corresponding
to each study time point in order to use the reporting feature
and, if intheintervention group, components. | ntervention group
participants had access to the ESRA-C intervention Teaching
Tips and View My Reports components.

http://www.jmir.org/2015/6/e136/
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Socio- and clinical
demographics

Berry et d

QOutcomes

SxQOL outcomes

Following the SxQOL report in prompted T2-T4 sessions, the
intervention group participants received pushed teaching tips
for those SxQOL issuesreported as moderate-to-severe. Within
each pushed teaching tip was the option to expand linked text
addressing (1) “Why does this happen?’, (2) “What can | do
about this?’, and (3) “What do | tell my clinical team?’ (Figure
2a). After the SxQOL report and pushed teaching tips, the
participant could navigate to the Teaching Tips tab or the View
My Reportstab within theintervention home page (Figure 2b-c)
by clicking on the designated tab. A click on the (non-pushed)
Teaching Tips tab displayed a dropdown list of al 26 SxQOL
issues and the option to select and expand any issues. A click
on the View My Reports tab displayed thumbnail line graphs
tracking SxQOL reports over time.

I ntervention group participants wereinvited to access ESRA-C
at any time between prompted sessions and clinic visits. These
sessions were defined as any intervention use that was not
prompted. During voluntary, non-prompted sessions, the
participant did not receive pushed Teaching Tips, but did have
the option to report SxQOL, and click the (non-pushed)
Teaching Tips tab and the View My Reports tab.

The ESRA-C intervention was considered delivered if the
participant accessed the Teaching Tipsand/or View My Reports.
As a conservative measure of exposure to Teaching Tips, if at
least one pushed tip was delivered during a prompted session,
this was considered comparable to a single click on the
non-pushed Teaching Tips. For example, a participant with at
least one pushed teaching tip at each of three prompted sessions
would have atotal of three pushed teaching tips. Total exposure
to the intervention consisted of three components: (1) the
number of pushed teaching tips during prompted sessions, (2)
the number of clicks on the non-pushed Teaching Tips tab
during prompted and non-prompted sessions, and (3) the number
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of clicks on the View My Reports tab during prompted and
non-prompted sessions. Voluntary exposure only occurred
during non-prompted sessions and consisted of (1) the number
of clicks on the (non-pushed) Teaching Tips tab, and (2) the
number of clicks on the View My Reports tab.

At prompted study time points, all participants were presented
a set of SxQOL self-report assessments that included the
Symptom Distress Scale-15 (SDS-15) [5], cancer quality of life
questionnaires EORTC QLQ-C30 [12] and EORTC-CPIN20
[13], the Patient Health Questionnaire (PHQ-9) depression scale
[14], a0-10 pain intensity numerical scale, and askin problems

Berry et d

guestionnaire[15]. At unprompted sessions, intervention group
participants could choose to access any or al of the
guestionnaires. These procedures were fully described
previously [5].

A total of 752 participants were randomized in the parent trial:
374 intervention and 378 control. Of those, 523 (262
intervention, 261 control) had complete SDS-15 baseline and
end-of-study scores. In the primary analysis of covariance
(ANCOVA), the average SDS-15 score was reduced by an
estimated 1.21 points (95% CI 0.23-2.20; P=.02) in the
intervention group compared to the control group [5].

Figure 2. Exemplar screen shots from the ESRA-C intervention: a) pushed Teaching Tip, b) Teaching Tipstab, c) View My Reports tab.

Fatigue (a)

Some of our patients have had concerns about feeling tired as a result of their treatment.

Based on your report, you may be fatigued or have a lack of energy. This often involves feeling tired or
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14% of patients in our previous research report similar problems after starting treatment L
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What can | do about this? There are things you can do at home to help deal with these changes, and there
may be things that your clinical team will recommend for you. The following websites provide useful
information regarding pain:

« The American Society of Clinical Oncolog
« The American Cancer Society (Pain

(Pain)

What do | tell my clinical team? Be sure to talk with your clinical team during your next visit. You should tell
your clinicians that you have concerns about pain and ask if there's something they can suggest to help. It's
important that they know you're bothered about the effects of the treatment. We suggest saying something
like this:

Teaching Tips Share My Reports

(©)

——Symptom Distress
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Sleeping Troubles
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Analytic Methods

Total exposure was cal cul ated asthe sum of the number of clicks
on pushed teaching tips, clicks on the non-pushed Teaching
Tips tab, and the number of clicks on the View My Reports tab.
Similarly, voluntary exposure was calculated as the sum of the
number of clicks on the Teaching Tips tab and the number of
clicks on the View My Reportstab during non-prompted sessions
(Figure 3). Descriptive statistics were used to summarize the
total and voluntary intervention exposures. The median of total
exposure was cal culated and used to indi cate sufficient exposure
to the intervention and defines intervention use.

Factors associated with using the intervention, both overall and
voluntarily, were explored with Fisher's exact test. Factors of
interest included: age (=50 years, <50 years), work status,

http://www.jmir.org/2015/6/e136/
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Nausea Intensity

Bowel Troubles

Fo Ny

Appearance
| I =

Fear and Worry

Fatigue

Concentration

Impact on Sexuality

Breathing

frequent computer user, gender, married/partnered, education
(>high school, <high school), and service (medical oncology,
radiation oncology, and stem cell transplant). Stage of disease
was not considered for two reasons: (1) the highly associated
relationship of stage and working status, a phenomenon
documented in our prior work [16], and (2) the study sample
contained participants with hematologic cancers in which the
solid tumor staging system was inappropriate. The propensity
score [17-19] was used to match a subset of the control group
to the exposed intervention group and was defined as the
probability of using the intervention given baseline participant
characteristics. The following factors, shown in prior work [5]
to contribute to outcomes, were used to compute the propensity
score: baseline SDS-15 score categories (15-19, 20-23, 24-28,
>28), service, gender, frequent computer use, married/coupled,
education, minority status, age category, and working status.
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The outcome, change in continuous SDS-15 scores from
pre-treatment to end of study, was compared by intervention
use and selected by propensity score matching using an
ANCOVA approach.

Propensity score matching was performed with the complete
data method in which no missing information could exist in the
covariates used to compute the propensity score. A sensitivity

Berry et d

analysiswas conducted with the goal to balance the missingness
within the two most common missing factors, work status and
minority status. The propensity score matched sample was
obtained using the R package “Matchit” [20] and nearest
neighbor matching. All analyseswere performedin SASversion
9.3 and R version 2.152. All tests were two-sided and
considered significant at the .05 level.

Figure 3. Components of the ESRA-C intervention with calculation of total exposure.

Prompted Exposure=a+b+c

pushed teaching tip clicks

prompted sessions

a=

b= non — pushed teaching tip clicks

prompted sessions

c= report view clicks

prompted sessions

Non-prompted (Voluntary) Exposure =a + b

a= non — pushed teaching tip clicks

non—prompted session

b =

non—prompted session

report view clicks

Results

Intervention Group Analysis

Total and voluntary exposure to the intervention components
can only be cal culated within theintervention group. The median
total exposurewas 2 (range 0-29). Intervention use was defined
as at least two exposures. Of the 374 intervention participants,
233 (62.3%) used the intervention. A software error precluded
exposure to pushed teaching tips for any intervention
participants with an appointment date from June 30, 2010 to
May 12, 2011. Of the 141 not receiving pushed teaching tips
intheintervention, thiserror precluded three possible exposures
in 48 (34.0%), two exposuresin 21 (14.9%), and 1 exposurein
15 (10.6%) intervention group participants. There were 55
participants on the intervention arm that required a
clinic/assisted point of access; their median total exposure was
2 (range 0-13) and 16 (29%) viewed the intervention voluntarily
in the clinic. There were 319 participants on the intervention
arm that indicated home/independent access; the median total
exposure for these remote users was 3 (range 0-29) and 111
(34.8%) viewed the intervention voluntarily.

http://www.jmir.org/2015/6/e136/

Total Exposure = prompted exposure + non-prompted
exposure

There were no dsatistically significant differences in the
proportion of participants using versus not using theintervention
based on characteristics, with the exception of clinical service
(P=.02, Table 1). A total of 70.4% (88/125) of radiation
oncology participants, followed by 60.2% (127/211) of medical
oncology participants, used the intervention, whereasonly 47%
(18/38) of transplant participants used the intervention. The
median voluntary exposure to the intervention was 0 (range
0-16). Voluntary use was defined as at least one voluntary
exposure. Of the 374 participants randomized to theintervention
group, 127 (34.0%) voluntarily used the intervention. There
were marginally significant differences in the proportion of
participants voluntarily using the intervention by work status
(P=.06) and education (P=.05). Participants that used the
intervention were working and had more than a high school
education. Additionally, there was a significant difference in
the proportion of participants voluntarily using theintervention
by service (P=.001). More radiation oncology participants
58/125 (46.4%) voluntarily used the intervention compared to
medical oncology 61/211 (28.9%) and transplant 8/38 (21%)
participants (Table 1).
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Table 1. Number and frequency of total exposures and voluntary exposures by selected participant characteristic.

Characteristic Overall Total exposure Voluntary exposure
n (at least 2) (at least 1)
n (%) P vaue n (%) P vaue
Total N 374 233 (62.3) - 127 (34.0) -
Age 1.00 82
=50 years 248 154 (62.1) 83(33.5)
<50 years 126 79 (62.7) 44(34.9)
Work status 64 .06
Working 222 141 (63.5) 84 (37.8)
Not working 123 75 (61.0) 34 (27.6)
Frequent computer use .24 .07
No 59 33(55.9) 14 (23.7)
Yes 304 195 (64.1) 111 (36.5)
Gender 13 33
Male 185 108 (58.4) 58 (31.3)
Female 189 125 (66.1) 69 (36.5)
Minority .86 1.00
No 304 190 (62.5) 104 (34.2)
Yes 36 22 (61.1) 12(33.3)
Married/Partnered .79 14
No 78 48 (61.5) 21(26.9)
Yes 293 185 (63.1) 106 (36.2)
Education 10 .05
<High school 71 38 (53.5) 17 (23.9)
>High school 301 195 (64.8) 110 (36.5)
Service .02 .001
Medica oncology 211 127 (60.1) 61 (28.9)
Radiation oncology 125 88 (70.4) 58 (46.4)
Hematopoietic stem cell transplant 38 18 (47.4) 8(21.0)

Propensity Score Analysis

Figure 4 outlines the sample selection from the parent trial for
the propensity score anaysis. Of the 262 participants
randomized to the intervention group with a baseline and
end-of-study SDS-15 score, 188 (71.8%) used theintervention.
Complete demographic data were available for 167 (88.8%) of
the 188 who used the intervention and 218 (83.5%) of the 261
control participants with baseline and end-of-study SDS-15
score. Using the propensity score and nearest neighbor matching,
167 control participants were selected from the possible 218 as

http://www.jmir.org/2015/6/e136/

the matched control group. Covariates were confirmed to be
balanced (data not shown). Participants who used the
intervention had lower symptom distress, mean change in the
SDS-15 scorewas 1.07 (SD 6.55) in the matched control group
(higher distress) and —0.57 (SD 5.68) in the intervention group
(lower distress). In the ANCOVA analysis, SDS-15 score was
reduced by an estimated 1.53 points (95% Cl 0.32-2.75; P=.01)
in the intervention group compared to the matched control
group. The sensitivity analysis that balanced the missingness
within the work status and minority status factors produced
similar results as the complete data analysis (data not shown).
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Figure 4. Sample selection for the propensity score analysis. Note: EOS=end of study; SDS=Symptom Distress Scale; Demo=demographics.

ESRAC-II Parent Trial

N= 752 Eligible
Randomized
Intervention Control
N=374 N=378
Complete baseline and outcome measure
Baseline & Baseline &
EOS SDS-15 EOS SDS-15
N=262 N=261
Did not use Used
intervention intervention
N=74 N=188
Complete demographic data for
propensity score calculation
Complete ) . Complete
Demo Propensity score matc mg> Bemo
N=167 N=218
Matched sample
Control
comparator
N=167
Discussion of theintervention significantly reduced the estimated symptom

Principal Findings

Theresults of this propensity analysis suggested that reduction
of cancer symptom distress, the primary outcome of our
randomized trial, was associated with use of the ESRA-C
intervention components. More than half of participantsin the
intervention group were exposed to pushed Teaching Tips,
accessed non-pushed tips, and viewed reports of SxQOL
outcomes graphed over time. About athird voluntarily accessed
theintervention in between clinic visits. We discovered that use

http://www.jmir.org/2015/6/e136/

distress score when compared to participants who did not use
theintervention. The magnitude of the estimate (1.53) waslarger
than in the primary outcome analysis when we compared study
groups (1.21) [5], indicating that actual use promotesthe impact
of the intervention. While this may seem intuitive, actual use
of psycho-educational or self-administered interventionsis not
always known to investigators without objective monitoring
capability. Our findings are consistent with the Quality Health
Outcomes Model [10], illustrating the influence of patients

characteristics.
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Comparisons With Prior Work

Use of, and adherence to, Web-based health care interventions
have primarily been evaluated in health promotion and chronic
disease self-management settings [21]. Few studies have
associated changes in physical and/or psychosocial symptom
distress with use of an eHealth intervention by patients with
cancer and nonefor patients undergoing active cancer therapies
or for those in the United States. Borosund et al [22] analyzed
usage of a Web-based, symptom distress self-management
system by prostate and breast cancer survivorsin Norway over
oneyear post-enrollment. Similar to our analysis, the Norwegian
group defined “use” as at least two intervention sessions, but
did not analyze symptom outcomes based on use. Van der Berg
and colleagues [7] analyzed usage statistics of a Web-based
self-management intervention for breast cancer survivorsinthe
Netherlands. Participants were prompted by email to accessthe
intervention. The survivors did not monitor or report symptoms,
but were encouraged to read and/or view new educational
material provided every 4 weeks over 16 weeks. Active usage
was defined by Ven den Berg's group as alog-in to each of the
four modules, and was observed in 44% of the 70 women in
the trial. Our unprompted voluntary use percentage was lower
at 34% of 374 intervention group participants. The explanation
for a lower voluntary use percentage may be related to no
systematic prompting for voluntary use or the fact that, unlike
the group of Dutch survivors, our participants already were
receiving the intervention at three time points prior to clinic
visits throughout active cancer therapy.

Not surprisingly, ESRA-C was accessed remotely and
voluntarily more frequently by those with higher education,
who may have been likely to use personal computers or tablets
on aregular basis. Thisis consistent with the finding, while of
borderline statistical significance, that working individualsalso
used ESRA-C more often in between clinic visits. Working
when beginning cancer therapy has been shown as asignificant
variable in two of our earlier analyses, predicting a lower rate
of emergency department and unplanned admissions [23], yet
predicting depression in participants receiving stem cell
transplant [24]. How the fact that a patient is working full- or
part-time influences outcomes is not well understood. In this
case however, participants who were working when about to
start cancer therapy may have had the type of job that enabled
easy access to the Internet.

Participants who enrolled in the trial as they were about to
undergo radiation treatments al so accessed ESRA-C voluntarily
significantly more often than those enrolled when beginning
medical cancer therapies or stem cell transplant. We are not
aware of differences in usual care symptom support between
modality services at the cancer centers; yet, if differences
existed, patients may have turned to ESRA-C more often in
radiation. Alternatively, these participants were reminded of
ESRA-C amost every day of the week as they entered the
radiation setting where each had consented to the trial.

Limitations

Our findings are limited by the fact that about a third of the
intervention group participants never received pushed teaching
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tipsin the assessments prior to on-study clinic visits. Thus, the
effect of the intervention may have been different if all had the
opportunity to see the tips. Our participant sample was less
diversewith regard to race and ethnicity than the rates of cancer
diagnoses in minority groups in the United States [25] and all
were patients at comprehensive cancer centers, precluding
generalization of our findings beyond these parameters.

Implications for Future Research

First, propensity analyses could be replicated in other eHealth
trials as a method to investigate the relationship of usage to
health outcomes. Although our participants’ raw exposure to
theintervention was not high in an absol ute sense, wewere able
to study the association of symptom distress with usage rather
than report raw usage. Second, investigators could evaluate
whether usage wasrel ated to various characteristics, and whether
they are characteristics of theintervention, of the user, or of the
condition addressed by the intervention. We provided some
rationale for the mechanism that triggered usage by certain
demographic groups, but this could have been a combination
of aspects of the intervention itself in addition to participant
demographics. Although someinvestigatorsfound that educated,
older, employed women were the most active users of
Web-based, chronic disease [26] and health promotion [27]
interventions, other studies have revealed conflicting results
with regard to demographic variables [28-29].

Implicationsfor Clinical Practice

Our findings have implications for the many patients treated at
institutions that have deployed a patient portal as a component
of an electronic medical record system. There may be patients
at risk for failed symptom and distress screening and/or failed
symptom support delivery if such systems are available only to
those Web-savvy, educated patients who regularly use email.

Finally, implicationsfor both future research and practice using
patient-centered, Web-based technologies include improved
communication of study design and workflow between the
design and technical implementation teams and more rigorous
quality checks on intervention integrity. Communication of
research goals may be facilitated via improved use of shared
artifacts such as models of study data and workflows [30].
Software unit-testing and continuous integration goals should
be oriented toward detailed research data deliverables [31,32].
Methods to improve quality checks include improved training
of software quality assurance staff and making descriptive study
data available to the investigators early in the data collection
period for interim review.

Conclusions

The intended effects of a Web-based, self-care education,
monitoring, and communication coaching intervention on cancer
symptom distresswere modified by intervention use frequency.
The voluntary, remote use of ESRA-C was most frequent in
working participants with higher education levels and those
receiving radiation therapy.
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Abstract

Background: People living in rural and remote communities have greater difficulty accessing mental health services and
evidence-based therapies, such as cognitive behavior therapy (CBT), than their urban counterparts. Computerized CBT (CCBT)
can be used to effectively treat depression and anxiety and may be particularly useful in rural settings where there are alack of
suitably trained practitioners.

Objective:  To systematically review the global evidence regarding the clinical effectiveness and acceptability of CCBT
interventions for anxiety and/or depression for people living in rural and remote locations.

Methods: We searched seven online databases: Medline, Embase Classic and Embase, PsycINFO, CINAHL, Web of Science,
Scopus, and the Cochrane Library. We also hand searched reference lists, Internet search engines, and trial protocols. Two stages
of selection were undertaken. In the first, the three authors screened citations. Studies were retained if they reported the efficacy,
effectiveness or acceptability of CCBT for depression and/or anxiety disorders, were peer reviewed, and written in English. The
qualitative data analysis software, NVivo 10, was then used to run automated text searches for the word “rural,” its synonyms,
and stemmed words. All studies identified were read in full and were included in the study if they measured or meaningfully
discussed the efficacy or acceptability of CCBT among rural participants.

Results: A total of 2594 studies were identified, of which 11 met the selection criteria and were included in the review. The
studies that disaggregated efficacy data by location of participant reported that CCBT was equally effective for rural and urban
participants. Rural location was found to both positively and negatively predict adherence across studies. CCBT may be more
acceptable among rural than urban participants—studies to date showed that rural participants were less likely to want more
face-to-face contact with a practitioner and found that computerized delivery addressed confidentiality concerns.

Conclusions; CCBT can be effective for addressing depression and anxiety and is acceptable among rural participants. Further
work is required to confirm these results across a wider range of countries, and to determine the most feasible model of CCBT
delivery, in partnership with people who live and work in rural and remote communities.

(J Med Internet Res 2015;17(6):€139) doi:10.2196/jmir.4145
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Introduction

Background

In any one year, 10% and 14% of Australian adults experience
affective problems and anxiety disorders, respectively [1,2].
Theserates of mental illnessarein linewith global trends—the
average 12-month depression prevalence rate of 18 high- and
low-income countries is 5.4% [3]. For anxiety disorders,
12-month prevalence rates range from 7% to 15.5% in
Euro/Anglo cultures [4].

In Australia, over 30% of the population lives outside major
cities, with 11% living in outer regional, remote, and very
remote areas [5]. The reported prevalence of mental health
disordersissimilar acrossrural and urban areas|6,7]. However,
there are certain population groups in rura and remote areas
that experience higher levelsof mental disorders—menin outer
regional and remote areas are significantly more likely to
experience higher levels of psychological distress than men in
major cities [8], and women in nonmetropolitan areas aged 30
to 44 years also face dightly higher rates of mental health
disorders than their urban counterparts [6].

Globally, the prevalence of anxiety disorders is significantly
higher among rural versus urban populations[4]. Furthermore,
suicide rates are markedly higher in rural areas compared with
major cities, as has been documented in Australia, the United
States, the United Kingdom, and New Zealand [9]. In Australia,
suicide rates increase with level of remoteness and are largely
driven by increased suicides among young men [6,10,11].

Treatment, Services, and Access

There is a strong evidence base and subsequently established
guidelines for the effective drug and nondrug treatment of
depression and anxiety. For example, supportive clinical care,
cognitive behavior therapy (CBT), antidepressants, and
interpersona therapy (IPT) are al recommended treatment
options for different forms of depression [12]. For anxiety,
evidence-based interventionsinclude self-hel p strategies, group
andindividual psychoeducational interventionsincluding CBT,
and pharmacological treatments for complex conditions [13].

However, despite an understanding of what works in treating
depression and anxiety, many people do not receive adequate
care. Less than one-quarter of Australians access psychosocial
services, even when they are available [14]. Of the people with
depression or anxiety who do seek treatment, under half are
offered an appropriate treatment option [15].

Accessing health services can be particularly difficult for people
living outside metropolitan areas and away from service hubs.
Smaller proportions of rural versus urban populations seek or
receive professional help for amental health problem [6,16].

There are numerous factors that prevent people from accessing
mental health services. Availability of services and trained
mental health professionalsare major barriersto accessin rural
and remote Australia [14,17]. In comparison with the 115
psychologistsfor every 100,000 personsin major cities, therate
inrural areas declinesfrom 66.5 in inner regional to 29 in very
remote areas [18]. Other barriers may include cultural norms
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around stoicism and not wanting to show vulnerability, denial,
poor mental health literacy, stigma around mental illness and
mental health service use, and the financial and personal
demandsrequired of treatment [6,17,19]. Studiesfrom anumber
of English-speaking countries have shown that mental health
stigmais particularly prevalent in rural areas, is greater among
men, and impacts willingness to seek help [16].

The consequences of untreated depression and anxiety arewide
ranging and often debilitating. These conditions can lead to
reduced quality of life and productivity, increased likelihood
of developing substance abuse disorders[20], nonadherence to
care and treatment [21,22], increased risk of physical health
problems such as cardiovascular disease [23], and increased
suicide risk [24]. Stack [24] reported that 87% of suicides
involve at least one mental disorder, and that people
experiencing major depression are as much as 20 times more
likely to commit suicide than people without depression.
Accessing appropriate treatment for depression can reduce
suicide risk by up to 50%, particularly among young men [12].

Computerized Cognitive Behavior Therapy

Computerized cognitive behavior therapy (CCBT) isan effective
treatment option for peoplewith anxiety and/or depression, both
as astandal one treatment and as acomponent of a stepped-care
treatment plan. Numerous reviews and meta-analyses have
found that CCBT achieves moderate to large effect sizes for
depression and anxiety [25-31], similar to those found for
therapist-delivered CBT [26,32]. That said, the comparative
effectiveness of CCBT and therapist-delivered CBT issomewhat
contested. For example, a Cochrane review by Mayo-Wilson
and Montgomery [28] found therapist-delivered CBT to bemore
effective than computerized delivery.

The delivery of evidence-based psychotherapy via personal
computers, mobile phones, and tabl ets provides an opportunity
toincrease its uptake in rural and remote communities. It may
help minimize the impact of inadequate numbers and unequal
distribution of appropriately trained therapists, and subsequent
long wait times, as well as the financial demands of treatment,
travel times [19,33], and stigma associated with accessing
mental health services. Computerized CBT as a mechanism to
improve evidence-based service provision in rural and remote
areas may increase the uptake of evidence-based interventions.
However, few studies have explicitly explored the effectiveness
and acceptability of CCBT in rural communities.

This review synthesizes the global evidence regarding the
clinical effectiveness and acceptability of CCBT interventions
for preventing or treating anxiety and depression in peoplewho
liveinrural and remote areas. It provides recommendations for
future research and practice with relevance to rural communities
in English-speaking countries around the world.

Methods

Overview

Literature was systematically reviewed in linewith the Preferred
Reporting Items for Systematic Review and Meta-Analysis
(PRISMA) guidelines [34].

JMed Internet Res 2015 | vol. 17 | iss. 6 €139 | p.16
(page number not for citation purposes)


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

JOURNAL OF MEDICAL INTERNET RESEARCH

Search Strategy

The search strategy was devel oped by authors KV and CO with
input from an academic research librarian. The final strategy
included variations of the following terms: anxiety, depression,
eHealth, computerized, online, application, health, cognitive
behavior therapy, and computerized cognitive behavior therapy.
Other terms such as "e-therapy,” "Internet-delivered,” and
"phone-based" did not identify additional citations and were
excluded from the strategy. A full copy of the search strategy
is provided in Multimedia Appendix 1.

The search was conducted in a number of health and science
databases. Medline (1946-2014), Embase Classic and Embase
(1947-2014), PsycINFO (1806-2014), CINAHL (1981-2014),
Web of Science (1950-2014), Scopus (1960-2014), and the
CochraneLibrary (al reviewsandtrials, May 2014). Additional
articles were identified through pearling (ie, hand searching)
selected reference lists and trial protocols.

Sdlection Criteria

Two screening phases were conducted. In the initial phase,
studies were included if they (1) reported the clinical efficacy,
effectiveness, acceptability and/or feasibility of CBT delivered
viathe Internet, through the use of a computer or other mobile
electronic device; (2) had afocus on the prevention or treatment
of generalized or social anxiety disorders, multiple forms of
anxiety, and/or depression; (3) included participants from any
population group in any location; (4) were conducted in any
year up until the search date of May 22, 2014; and (5) were
written in English. Primary and secondary studies with
guantitative and qualitative designs, as well as systematic
reviews and meta-analyses, were included.

Studiesthat focused solely onindividual phobias, posttraumatic
stress disorder, or postnatal depression were not included inthis
review, although studies that addressed any combination of
anxiety disorders were included. Generalized anxiety disorder
(GAD) and social anxiety disorder aretwo of the most prevalent
anxiety disorders, with 12-month prevalence ratesin Australia
of 2.7% and 4.7%, respectively [15]. In the United Kingdom,
approximately 4.4% of the population are experiencing
generalized anxiety at any one time, in comparison to panic
disorder and obsessive compulsive disorder (OCD) at 1.1%
[35]. Furthermore, these forms of anxiety are more likely to be
treatable with more generalizable forms of CBT. For these
reasons, findings regarding the efficacy of CCBT for these
disorders are likely to be more broadly applicable and were,
therefore, included as the focus of this review.

In the second phase of screening, studiesthat measured efficacy
or acceptability among rural participants or meaningfully
discussed the application of CCBT inrural settingswereretained
for inclusion.

Study Selection

All three authors were involved in the initial stage of the study
selection process. KV conducted aniinitial review of all citations

http://www.jmir.org/2015/6/e139/

Valury et d

by title and discarded any that were clearly irrelevant. KV and
CO then reviewed the abstracts of all remaining citations (half
each), discarding any that did not meet the inclusion criteria.
In response to any uncertainty, the other reviewing author was
consulted. If both authors were unsure or disagreed, the third
author (MJ) was consulted to reach afinal decision. Full texts
were located for al citations that potentially matched the
inclusion criteria. Each text was reviewed by KV and CO
independently to decide on the final list of included articles,
again with input from MJwhen required.

NVivo 10 (QSR International, Cambridge, MA), a software
package that supports qualitative data analysis, was used to
support the second stage of screening. All studies that met the
inclusion criteria at stage one were imported into NVivo.
Automated text (word) searches were run to identify studies
that included the word “rural,” its stemmed variations, and
synonyms. The full texts of studies identified through this
process were then assessed by KV to determine the final list of
included studies. Where KV was undecided, MJwas consulted.

Data Extraction and Bias Assessment

A structured, but flexible, data extraction table was devel oped.
Data were extracted for arange of outcomes measuring patient
experience as well as clinical effect. These included study
design, population and intervention characteristics, clinical
efficacy, rates of uptake and adherence, qualitative measures
of satisfaction, and perceived benefits and disadvantages.

The Cochrane Collaboration’s tool for assessing risk of bias
[36] was used to assess bias among randomized controlled trials
(RCTs), assessed at study level. Relevant criteria from the
Grades of Recommendation, Assessment, Development, and
Evaluation (GRADE) handbook were used to assess biasin all
other study designs [37]. Several authors were contacted with
requests for further information regarding study methods to
support the accurate completion of these assessments.

Results

Overview

The initial database search identified 2587 citations. Of these,
195 were selected for full-text review at the first stage of
screening, along with six studiesidentified through pearling. A
total of 142 studies met the inclusion criteriaand were retained
for the second stage of screening. The automated text search
revealed that 45 of these studies included the word “rural,” a
synonym, or stemmed word at |east once. Of these, 10 met the
inclusion criteria and were included in the review. One extra
study was identified by hand searching at this stage, resulting
in 11 studiesbeing finally included in thisreview [38-48]. Figure
1 outlines this process and provides the reasons for exclusion
at each stage.
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Figure 1. Study selection process.

2587 records identified through database
searches; 1945 after duplicates removed

6 records identified

Valury et d

1750 studies excluded by title and abstract.
Main reasons for exclusion were:

Addressed mental health issues other
than depression or anxiety
Not computerised or not CBT

through pearling &
hand-searching
\4

201 full texts assessed against inclusion
criteria

Discussion paper, guidelines, other
Not in English

59 studies excluded. Reasons were:

142 studies met inclusion criteria. Retained
for second stage of screening.

V

45 studies included word ‘rural’, a synonym
or stemmed word. Full texts assessed
against inclusion criteria.

6 Not CBT
1 Not online/computerised

- 12 Didn’t address/measure depression or
generalised/social/multiple forms of
anxiety

- 9 Duplicates

- 29 Not intervention study or systematic
review

1 article identified by

35 studies didnot measure outcomes or
acceptability for rural participants, or

hand-searching

V

11 studies included

Study Characteristics

Among the 11 included studies were four papers reporting the
findings of three RCTs, one systematic review, one qualitative
study, and five studies which used quasi-experimental designs.
Nine of the studies were conducted in Australia and
two—regarding onetrial—in Scotland. Characteristicsand key
findings of the 11 studies are reported in Table 1.

Eight papers regarding six different trials measured rural
location as a predictor of outcomes, adherence, or acceptability
[38-45]. The qualitative study explored the acceptability of a

http://www.jmir.org/2015/6/e139/
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meaningfully explore the potential value of
CCBT for rural participants.

CCBT package among rura youth [46]. The final two studies
discussed the potential application of their results to rural
populations [47,48].

Acrossthe nine studiesreporting at least somerural participants
were atotal of 11,260 participants. Between 16% and 100% of
study participants lived in rural areas. Four of the 11 studies
explored the value of CCBT among children and/or young
people, while five studies tested CCBT for adults. The
systematic review included five studies with adult participants
and four with children and/or young people.
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Table 1. Characteristics of included studies.
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Citation; program Study design Location Participants: Main findings
n, % rural; gender, %;
age group, age in years, mean
or range
Calear et a 2013[38]; RCT? Australia 1477, ~16; female, 56; Livinginarural location predicted greater
MoodGY M, anxiety & depression adolescents, 12-17 adherence.
Neil et a 2009 [43]; Quasi-experimental  Australia 8207, 19; female, 71, Living inarura area predicted greater
MoodGY M, anxiety & depression adolescents, 13-19 adherence.
Sethi 2013 [47]; RCT Australia 89, 0; female, 58; CCBTbmay be aviable option for youth,
MoodGY M, anxiety & depression youth, 18-25 but unsuitable for peoplewith low literacy.
Griffiths & Christensen2007[48]; Systematic review  International pyacd CCBT may beinconsistent with rural res-
MoodGYM + Blue Pages idents' preferred mode of learn-
ing—should consider tailoring programs
to rural users.
Cheek et al 2014 [46]; Qualitative study Australia 16, 100; male, 75; New Zealand program acceptable for
SPARX, depression adolescents, 13-18 Australian participants.
Hayward et a 2007 [39]; Uncontrolled trial Scotland 35, 100; female, 66; Participants had significant improvements

FearFighter, anxiety & depression

MacGregor et al 2009 [45];
FearFighter, anxiety & depression

Survey & qualitative Scotland

Kay-Lambkin et al 2011; [40] RCT Australia
CCBT for comorbid depression &

substance use

Kay-Lambkineta 2012 [41)" ~ RCT Australia
Mewton et al 2012 [42]; Quasi-experimental  Australia
CRUfAD clinic, anxiety

Sunderland et al 2012 [44]; Quasi-experimental  Australia

CRUfAD clinic, depression &
anxiety

16 years and over, 40.2

35, 100; female, 66;
16 years and over, 40.2

274, 41; male, 57;

16 years and over, 40

163, 33; N/A;

16 years and over9

588, 43; female, 71;
16 years and over, 39.5

663, ~45; female, 66;
N/A, 43

on measures of depression and anxiety.
Patients and GPswere satisfied.

Content was generally appropriate for ru-
ral dwellers (except for referencesto city
centers, buses, and lifts).

Rurality did not affect treatment response
(depression). Computerized therapy led
to 2.5 times greater reduction in alcohol
use than therapist delivered (P=.006).

No significant differences between rural
and urban regarding preferred treatment
method. No effect of rurality on retention
or treatment response.

Thosein anonrura location were 1.8
times more likely to complete the six
course components. Need to tailor courses
for rural users.

Rurality did not influence effectiveness of
CCBT for anxiety and depression.

8Randomized controlled trial (RCT).
bComputerized cognitive behavior therapy (CCBT).
®Not applicable (N/A).

%The review included 12 papers regarding nine studies. Of these nine studies, five were regarding adults, one regarding tertiary students, and three
regarding children/secondary school students. Gender breakdown varied across studies.

€General practioners (GPs).

"Partici pants from this study were a subset of Kay-Lambkin et al 2011 [40].

9Mean age for this subsample was unavailable.

Efficacy

Three papers, regarding two trials, reported clinical efficacy
data disaggregated by location [40,41,44]. All found no
difference in the treatment response to CCBT for depression
and anxiety between rural and urban participants. Another study,
conducted entirely with rural participants, found that CCBT led
to significant improvements in anxiety and depression [39].

http://www.jmir.org/2015/6/e139/

One school-based study found that rurality predicted high
adherence to CCBT among adolescents, and that higher
adherence led to greater reductions in depression and anxiety
[38]. However, of the four trials with children/young people,
none disaggregated efficacy data by rural/urban location.
Furthermore, while the review by Griffiths and Christensen
included studies reporting the efficacy of CCBT for both
children/young people and adults, none of their included studies
disaggregated the data by location [48]. It is, therefore, not
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possible to identify patterns regarding the interaction of rural
location, age, and efficacy from the studies included in this
review.

Uptake and Referral

Theincluded studies did not consistently report rates of uptake,
in several cases due to retrospective study designs. The study
in rural Scotland found that 24% of people referred to CCBT
declined to undertake the treatment [39]. In Kay-Lambkin and
colleagues' tria [40], less than 9% (54) of 617 participants
assessed for digibility refused to participate. However, the rate
of uptake in this tria was still only 44% of the original
parti ci pants assessed—40% were excluded asthey did not meset
inclusion criteria and a further 7% did not attend their first
assessment.

Theincluded systematic review [48] found that, of spontaneous
users of the CCBT program MoodGYM worldwide, 20.5%
were from rural and remote areas. In further support of its
acceptability among rural mental health patients, Kay-Lambkin
and colleagues reported that amost half of their sample
self-referred to CCBT [40].

General practitioners (GPs) have an important rolein connecting
patients to CCBT in rural communities. Rural participants are
more likely to have been referred to CCBT by their GPs than
urban participants—23% versus 2% referred by a GP,
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respectively (P<.001) [40]. Hayward and colleagues’ trial in
rural Scotland aso relied on GPs to connect patientsto CCBT
[39]. The study reported that CCBT was highly acceptable
among GPs in regard to suitability for provision to rural and
remote patients.

Adherence/Attrition

The included studies reported mixed findings in regard to
adherence and attrition rates among rura versus urban
participants, though they most commonly reported rural
participantsto beaslikely, if not morelikely, to adhereto CCBT
treatment.

Two studieswith adult participants compared rates of adherence
by location. Kay-Lambkin and colleagues found that rurality
did not affect retention [41]. In contrast, Mewton and colleagues
found that rura participants were significantly less likely to
complete CCBT, with urban participants almost twice as likely
to complete the full course [42]. The two studies with
adol escentsthat compared adherence outcomes by location both
found that rural residence predicted significantly greater
adherence to the MoodGYM program [38,43]. Lack of
availability of aternative services, greater motivation of
supervising staff members, or a preference for hedth
self-management in rural participants are potential explanations
for this[38,43,48]. Table 2 showsthe efficacy and acceptability
outcomes of the studies.
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Table 2. Efficacy and acceptability outcomes.
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Study Uptake Adherence Other acceptability Clinical effect

Caleareta 2013 /A%(school based) Rura had greater adherence N/A Not disaggregated by location.

[38] (P=.01).

Cheek etal 2014  N/A N/A New Zealand programaccept- N/A

[46] abletorural Australian youth;
design important.

Griffiths & Chriss  20.5% spontaneoususers  N/A Should consider tailoring Both programs examined led to im-

tensen 2007 [48]  worldwide rural/remote content. May not be suitable  provementsin mental health, knowl-
for learning styles of rural edge, and attitudes to mental health.
participants.

Hayward et a 89 referred; 13 unsuit- 26 completed (47% of partici- 97% satisfied withhelpre-  Significant improvement in depres-

2007 [39] able; 21 refused; 55 pants who received pass- ceived. GPs feel demos of sion and anxiety (P<.001).

passwords issued (62%) words)

Kay-Lambkinetal 617 assessed; 244 unsuit-

86 (33% of starters) received

program could increaserefer-
ras by GPs.

N/A No significant effect of rurality on

2011 [40] able; 54 refused; 274 all sessions; 163 (63% of effectiveness: depression (P=.70) or
randomized (44%); 260  starters) completed 3-month substance use. Therapist and CCBT
began follow-up. equally effective for depression

(P=.02).

Kay-Lambkinetal N/A: 3-month follow-up Rurdlity did not affect atten-  Rurality did not affect prefer-  Rurality did not influence treatment
2012 [41] data dance or therapeutic alliance.  ence for therapist/ computer-  response.

ized delivery. Rural lesslikely

to want more therapist con-

tact—18% vs 48% urban.
MacGregor et & 89 referred; 13 unsuit-  N/A Content acceptabletorural/re-  N/A
2009 [45] able; 21 refused; 55 mote participants. Minor

passwords issued (62%6)

changes may be beneficial.

Mewton et a 2012 N/A 55.1% completion; rural had N/A Significant reduction in anxiety and
[42] poorer adherence (P<.05). psychological distress; improved
Urban 1.8 times more likely quality of life (WHODASP) (all
to complete. P<.001).
Neil etal 2009[43] N/A Rural had greater adherence:  N/A N/A
whole sample (P=.01), school
sample (P<.001).
Sethi 2013 [47] 103 assessed; 89 eligible  100% completed (assume Unsuitable for people with N/A, as location of participants not
and randomized (86%)  nonerural as not reported) low literacy. reported.
Sunderland et al N/A: datafrom com- N/A N/A Rurality did not influence treatment
2012 [44] pleters only response; depression (P=.83), anxiety

(P=.77).

3N ot applicable (N/A).
Bworld Health Organization Disability Assessment Schedule (WHODAYS).

Other Measures of Acceptability

There is some evidence to suggest that, on completion, CCBT
was considered to be more acceptable to rural than to urban
adult participants. In one study, rural participants were more
likely to report that CCBT had helped them with their depression
and substance use—92% versus 75% of urban participants[41].
Furthermore, fewer rural CCBT participants reported wanting
more face-to-face contact as compared with urban
participants—18% versus 48%, respectively. Hayward and
colleagues found that 97% of their rural (whole) sample was
satisfied with the support provided through CCBT [39].

Studies with both young people and adults found that privacy
when accessing mental health serviceswas of great importance
to rural participants. For example, Cheek et al [46] found that

http://www.jmir.org/2015/6/e139/

visibility and confidentiality when accessing services, as well
as attitudes of health professionals, were barriers to young
people accessing mental health services in a small rural town
in Australia. They also found that the opportunity to complete
CCBT in private was an appealing feature of the treatment. In
another study, two-thirds of the rural adult participants missed
therapist contact, and yet two-thirds also felt that the benefits
of CCBT included increased autonomy and confidentiality [39].

Risk of Bias

A risk of bias assessment was conducted for all studies, with
the exception of the systematic review. Overall, therisk of bias
was moderate. This is consistent with a large review of the
broader CCBT evidence by Grist and Cavanagh [26], which
found an overall moderate risk of bias across 49 studies. It also
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established that risk of bias was unlikely to influence effect
sizesin the included studies.

Across the RCTs included in this review, the risk of bias was
rated as low for two studies [38,40], and moderate for two
studies [41,47]. Baseline differences across treatment groups,
and between completers and noncompleters of outcome
measures, were the primary sources of potential bias. Of the
quasi-experimental studies, the risk in one study was unclear
due to insufficient information on several variables [44] and
moderate in another [45], due to low numbers of participants
completing the outcome measurements. Thethree other studies
wererated as likely to be at low risk of bias[39,42,43].

The qualitative study by Cheek and colleagues [46] was rated
asat moderaterisk of bias. Duetoitssize and scope, replication
of the study in varying locations would be valuable to further
understand the generalizability of the findings.

Across the included studies, strict participant selection criteria
in severa may limit the generalizability of their findings.
However, a number of the studies included groups of
participants who are otherwise often excluded, such as youth
and people with severe symptoms or comorbidities. We believe
this goes some way toward balancing this limitation.

A number of studiesin the broader CCBT literature have found
evidence of a publication bias. Studies reporting negative
findings arelesslikely to be published [26,49,50]. In thisreview,
publication biasisalso area possibility, given that weidentified
and included only published data.

Discussion

Overview

Computerized CBT can beclinically effectivefor the prevention
and treatment of anxiety and depression, and offers avaluable
alternative to traditional face-to-face delivery. This may be
particularly pertinent to the delivery of services in
underresourced and otherwise underserved communities.

Efficacy and Acceptability

We located 11 studies that begin to identify the feasibility of
CCBT in rural and remote communities. Notwithstanding
diversity in study designs, participants, software packages,
styles, and locations of delivery, the studiesindicatethat CCBT
has equal effectsfor urban and rural participants. Furthermore,
they support the effectiveness of CCBT in rea-world rura
clinical practice and community settings, with all included trials
conducted in school, university, community, or clinica (ie,
online mental health or GP clinic) sites.

Theincluded studies indicate that rurality is unlikely to have a
negative impact on uptake or adherence. Among the wider
CCBT evidence base, low uptake has been identified as a key
barrier to implementation, with an average of 12% of
participants offered CCBT commencing treatment [26,51,52].
The rates of uptake among several studies included in this
review were much higher—44% and 56% in studies by
Kay-Lambkin et al [40] and Hayward et al [39], respectively.
Importantly, these studies included patients with comorbidities
and had minimal inclusion criteria, respectively.
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Satisfaction and acceptability are generally high among people
who undertake CCBT. Acceptability increases significantly
once patients have received a demonstration or have undertaken
the treatment [19,41,49,52]. Kay-Lambkin et a showed that
treatment preference fulfilment—computerized versus therapist
delivered—had a greater impact on adherence for rural versus
urban participants [41]. Furthermore, changes in depression
were significantly associated with treatment preference
fulfilment across their whole sample. Fostering understanding
and promoting the credibility of CCBT prior toimplementation
inrural areas may greatly improveits acceptability, uptake, and
reach.

This review provides evidence to support a number of the
assumed benefits of CCBT for rural populations, including its
ability to overcome barriersthat havetraditionally limited access
to mental health services. For example, studiesin both Australia
and Scotland found that the ability to complete CCBT privately
hel ped minimize confidentiality concerns and stigmaregarding
accessing mental health services [39,46]. Furthermore, the
delivery of CCBT does not rely on a preponderance of trained
therapists, and even guided versions require considerably less
therapist time than face-to-face CBT [19,53,54]. Staff who are
not trained mental health practitioners are able to provide the
guidance required by some CCBT programs without
significantly reduced clinical effect [32,40,55,56].

Opportunitiesand Challengesfor Rural
I mplementation

Computerized CBT has the potential to complement the
inadequate numbers of qualified mental health professionalsin
rural communities. Implementing CCBT within the existing
service landscape as a "first response” treatment may be
appropriate. Within such a model, all patients would first be
offered CCBT, with therapist time reserved for those who do
not respond well, or require further or more intensive therapies
[18,34]. This could alleviate pressure on trained therapists and
ensuretheir servicesare availableto those most in need. A study
in the United Kingdom [57] found that 19% of participants
required referral to atherapist on completion of CCBT. These
patients then required, on average, only 3.5—compared with
the usual 15—sessions of CBT with a therapist. Combining
therapist and computer-delivered CBT has also been shown to
be a particularly effective method for treating anxiety and
depression among adol escents and similarly reducesthetherapist
time required to treat each patient [47,58].

Moreresearchisneeded into thefeasibility of delivering CCBT
across varying geographical and demographic sitesand groups.
Understanding local barriers to uptake and adherence, and
solutions to these, will be crucial, as they are likely to vary
between towns, regions, and countries.

The extent to which content needs to be tailored to rural users
location and age a so requires further study. Computerized CBT
packages may benefit from being tailored to more accurately
reflect the physical nature of the rural context [42], or in line
with different learning styles or education levels [47,48].
However, Cheek and colleagues found that aprogram devel oped
in New Zealand was acceptable to youth in arural Australian
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town [46], suggesting the possibility of trandation of CCBT
programs across | ocations without significant alterations.

Limitations

Despite the use of a systematic methodology, it is possible that
some studies have been missed. While some hand searching
and pearling was conducted, not every referencelist of identified
reviews and studies was searched. Furthermore, no unpublished
findingswereincluded in the review and it is, therefore, at risk
of publication bias.

Inclusion criteria were limited to studies that addressed
generalized and socia anxiety disorders, depression, or several
types of anxiety disorders concurrently. CCBT for individual
phobias, posttraumatic stress disorder, and postnatal depression
were excluded, athough such studies could hold valuable
insightsto inform the wider application of CCBT. Furthermore,
CCBT has been used for 25 different clinical disorders [27],
not only mental health conditions [59-62]. To ensure that its
full potential isrealized, asimilar review into the efficacy and
acceptability of CCBT for other conditionsin rural and remote
areas would be valuable.

The studiesidentified were predominantly Australian, with two
from Scotland. The conclusions and recommendations drawn
are, therefore, particularly relevant to the Australian context.
The authors believe, however, that given the similar challenges
faced across the world in providing evidence-based mental
health to rural communities, these findings can be expected to
be relevant to English-speaking countries more broadly.
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Conclusions

Thereisastrong focus on workforce development in rural health
research and provision. Yet rura and remote communities,
globally, continue to face significant challenges in attracting
specialist health professionals, highlighting the need for
aternative models of delivering evidence-based care. The
studies that we reviewed provide initial evidence that CCBT
could be a valuable tool for increasing the accessibility of
psychological therapiesin rural and remote communities. It is
likely to be effective and acceptable among rural participants
and practitioners.

In the future, practitioners need to be supported to understand
and refer clients with particular needs to appropriate
evidence-based CCBT programs. Workforce development
programs at university level and beyond need to prepare the
workforce to appreciate the potential of CCBT. Demonstration
of CCBT packages aimed at both users and practitioners may
be an important action to build acceptability and trust in rural
communities and to ensure that the therapy is accessed by those
who need it.

Futureresearchisrequired to clarify thefindings of thisreview,
given the relatively small number of studiesidentified and the
small number of countries represented. Models of CCBT
delivery that work within existing health systems and fill service
gaps need to be devel oped and tested in varied rural and remote
environments and countries.
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Abstract

Background: Many patients with eating disorders do not receive help for their symptoms, even though these disorders have
severe morbidity. The Internet may offer aternative low-threshold treatment interventions.

Objective: This study evaluated the effects of a Web-based cognitive behavioral therapy (CBT) intervention using intensive
asynchronous therapeutic support to improve eating disorder psychopathology, and to reduce body dissatisfaction and related
health problems among patients with eating disorders.

Methods: A two-arm open randomized controlled trial comparing a Web-based CBT intervention to a waiting list control
condition (WL) was carried out among female patients with bulimia nervosa (BN), binge eating disorder (BED), and egating
disorders not otherwise specified (EDNOS). The eating disorder diagnosis wasin accordance with the Diagnostic and Statistical
Manual of Mental Disorders, 4th edition, and was established based on participants' self-report. Participants were recruited from
an open-access website, and the intervention consisted of a structured two-part program within a secure Web-based application.
The aim of thefirst part was to analyze participant’s eating attitudes and behaviors, while the second part focused on behavioral
change. Participants had asynchronous contact with a personal therapist twice aweek, solely viathe Internet. Self-report measures
of eating disorder psychopathology (primary outcome), body dissatisfaction, physical health, mental health, self-esteem, quality
of life, and socia functioning were completed at baseline and posttest.

Results. A total of 214 participants were randomized to either the Web-based CBT group (n=108) or to the WL group (n=106)
stratified by type of eating disorder (BN: n=44; BED: n=85; EDNOS: n=85). Study attrition waslow with 94% of the participants
completing the posttest assignment. Overall, Web-based CBT showed a significant improvement over time for eating disorder
psychopathology (F4;=63.07, P<.001, d=.82) and all secondary outcome measures (effect sizes between d=.34 to d=.49), except
for Body Mass Index. WL participants also improved on most outcomes,; however, effects were smaller in this group with
significant between-group effectsfor eating disorder psychopathology (F,;=9.42, P=.002, d=.44), body dissatisfaction (F,y;,=13.16,
P<.001, d=.42), physical health (F,,=12.55, P<.001, d=.28), mental health (F,y3=4.88, P=.028, d=.24), self-esteem (F,,=5.06,
P=.026, d=.20), and social functioning (F,s=7.93, P=.005, d=.29). Analysesfor theindividual subgroupsBN, BED, and EDNOS
showed that eating disorder psychopathology improved significantly over time among Web-based CBT participantsin al three
subgroups; however, the between-group effect was significant only for participants with BED (F,5=4.25, P=.043, d=.61).
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Conclusions: Web-based CBT proved to be effective in improving eating disorder psychopathology and related health among

female patients with eating disorders.

Trial Registration: NederlandsTria Register (NTR): NTR2415; http://www.trialregister.nl/trial reg/admin/rctview.asp?T C=2415
(Archived by WebCite at http://www.webcitation.org/6T2i03DnJ).

(J Med Internet Res 2015;17(6):€152) doi:10.2196/jmir.3946

KEYWORDS

eating disorders; bulimia nervosa; binge-eating disorder; eating disorders not otherwise specified; randomized controlled trial;
eHealth; Web-based treatment; asynchronous therapeutic support; treatment effectiveness; cognitive behavioral therapy

Introduction

In the Netherlands, eating disorders have alifetime prevalence
of 1.74% [1], and these disorders account for severe
psychological, physical, and social morbidity. Although early
identification and treatment is desired, patients often refrain
from seeking or receiving help because of persona barriers,
such as feelings of shame and fear of stigmatization, and
intervention-related barriers, such as costs, geographical
distance, and lack of availability [2-6]. Psychiatric servicesare
challenged to help patients overcome these barriers by providing
easily accessible, low-threshold interventions.

The Internet offers many possibilities for these types of
interventions because of itsrelative anonymity, widespread and
24-hour access, and increasing usage. Low-threshold Internet
interventions may reach patients with less advanced disorders
and prevent their condition from progressing. Moreover,
Web-based interventions for psychopathology such as
depression, anxiety, and addictive behaviors have already proven
successful, with interventions using (intensive) therapeutic
support being more effective than self-help or minimal contact
interventions [7-9]. In the past few years, several Internet
interventions have been developed for patients with eating
disorders, and arecent review showed that these treatments can
be effectivein reducing eating disorder psychopathol ogy, binge
eating, and purging, aswell asinimproving quality of life[10].
However, it should be noted that most studies were conducted
among patients with bulimia nervosa (BN) and (to a lesser
extent) binge eating disorder (BED) [10], whereas eating
disorders not otherwise specified (EDNOS) is the most
commonly diagnosed eating disorder [11]. Additionally, studies
conducted among patients with EDNOS mostly included
interventions aimed at (indicated) prevention or early
intervention in eating disorders [12-14]. Although some
interventions proved to be effective, most studiesincluded only
adolescents and young women [12,13], while the EDNOS
subgroup includes a broader population of patients with eating
disorder symptoms. Therefore, in 2009 a Web-based cognitive
behavioral therapy (CBT) intervention with intensive therapeutic
support was devel oped to treat Dutch patients with all types of
eating disorders[15], based on asimilar intervention for problem

http://www.jmir.org/2015/6/e152/

drinkers[16,17], in which patients communicate asynchronously
with their therapist twice aweek. A before-after study into this
intervention showed a reduction in eating disorder
psychopathology (d=1.14) and body dissatisfaction (d=0.86),
as well as high patient satisfaction [18]. However, this study
had a nonrandomized design and included only those
participants who completed the intervention (54% of
participants).

This study, therefore, aimed to explore the effects of the
Web-based CBT intervention, compared to awaiting list control
group (WL), on eating disorder psychopathology (primary
outcome) aswell as body dissatisfaction, physical health, body
mass index (BMI), mental health, self-esteem, quality of life,
and social functioning (secondary outcomes). Furthermore, we
were interested in the effects of the Web-based CBT across
participants of the specific eating disorder subgroups: BN, BED,
and EDNOS.

Methods

Participants

Participants were self-recruited users of the Dutch website
“Look at your eating” [19]. This open-accesswebsite (see Figure
1) offered general information on eating disorders and related
topics, aforum for peer support, as well as information about
the Web-based CBT program and the study procedures of this
trial. Inclusion criteriafor participation were (1) femal e gender,
(2) age=18 years, (3) diagnosisof BN, BED, or EDNOS (based
on participants self-report), (4) written and ora fluency in
Dutch language, (5) access to Internet, (6) signed informed
consent, and (7) a referral from a general practitioner (GP).
Exclusion criteria were (1) severe underweight, (2) suicidal
ideation, (3) receiving psychological or pharmaceutical treatment
for any eating disorder within the past 6 months, (4) pregnancy,
and (5) expected absence for 4 weeks or longer during the
intervention period (eg, dueto planned vacation). If participation
in the intervention was not possible for some reason (eg, lack
of Dutch hedth insurance and therefore funding of the
intervention, or patient’s GP did not agree with participation),
patients were also not eligible for this study.
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Study Design and Procedure

This study was a randomized controlled trial with two groups:
Web-based cognitive behavioral therapy (Web-based CBT) and
waiting list control (WL). Figure 2 presents aflow chart of the
design and timeline of the study. Recruitment took place from
March 2011 until December 2013. Information about the study
was disseminated through announcements on eating
disorder—related websites and forums, and newspaper
advertisements. Website visitors were invited to read the
information about the study explicitly, provide their email
addresses and tel ephone numbers, and agree with the conditions
of the Web-based CBT protocol. Furthermore, they had to
provide written informed consent, personal data, and data of
their GP. The GPwasinformed about the patients’ participation
in the study (as covered by the Ethics Committee approval) and
requested to sign and return the referral form. To assess
eligibility and to obtain baseline data, participants completed
an online self-report questionnaire during the sign-up procedure.
Based on this questionnaire, the Diagnostic and Satistical
Manual of Mental Disorders, 4th Edition (DSM-IV) eating
disorder diagnosis was assessed and randomi zation took place.
Participants not eligible for this study were offered participation
intheregular Web-based CBT intervention (outside this study).
Thiswas possible only by logging in with apersonal code that
individuals received by mail after providing persona data. In
case of urgent medical risks, no funding of the intervention, or
disagreement of the GP for participation in the intervention,
participants were referred to their GP or advised on more
appropriate treatment.

http://www.jmir.org/2015/6/€152/
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Participants were randomized to the Web-based CBT or WL
through computer-generated randomly varying block sizes (2,
4, or 8), dtratified by type of eating disorder (BN, BED,
EDNOQOS). Randomization was performed at a 1:1 ratio. The
allocation schedul e was prepared by an independent researcher
not involved in data collection. The assignment of participants
to the conditions was not dependent on the participants
characteristics. Participants assigned to the Web-based CBT
started the intervention immediately while participants of the
WL had to wait 15 weeks, during which they received supportive
email messages once every 2 weeksto keep them involved. All
WL participants were guaranteed treatment after the waiting
period, and they were advised to contact their GPin case earlier
treatment was needed.

To measure efficacy, the WL group completed the posttest
questionnaire after the 15-week waiting period, and the
Web-based CBT group completed this questionnaire after
completing or prematurely ending the intervention, or in case
of alonger treatment duration, 18 weeks after randomization
(to keep the time frame between thefirst and second assessments
as close as possiblein both groups). The posttest questionnaire
measured al primary and secondary outcomes and included
evauation questions about the Web-based CBT intervention
and treatment non-completion when applicable. Participants
received a €10 digital voucher for an online store for each
completed questionnaire, except for the baseline questionnaire.

The study protocol was approved by the Ethics Committee of
Medical Spectrum Twente in March 2011 (reference number
NL31717.044.010, P10-31) and was registered on the Dutch

JMed Internet Res 2015 | vol. 17 | iss. 6 |e152 | p.30
(page number not for citation purposes)


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

JOURNAL OF MEDICAL INTERNET RESEARCH

ter Huurne et d

Trial Registry (NTR2415). Details of this protocol have been CONSORT-EHEALTH checklist [21].

published previously [20]. See Multimedia Appendix 1 for the

Figure2. Flow chart of study design and timeline.
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Web-Based Cognitive Behavioral Therapy I ntervention

The Web-based CBT intervention [15,18] “L ook at your eating”
(in Dutch: Etendebaas) was developed at Tactus Addiction
Treatment by health care professional s (psychol ogist, addiction
medicine physician, psychotherapist, psychiatrist, dietician,
registered nurses, and social workers), a software development
team (The Factor-E), and patients and members of a Dutch
organization for people with eating disorders. Development of
the intervention was an interactive and iterative process,
involving patients providing input and feedback on different
versions of the content, layout, visual features, and ease of
navigation of the Web-based CBT intervention. Theintervention
included a structured two-part program with at least 21 contact
moments and 10 assignments within a secure Web-based
application. Multimedia Appendix 2 presents an overview of
the content of the intervention. The first part aimed to analyze
participants’ eating attitudes and behaviors, while the second
part focused on behavioral change. The moduleswere organized
in apre-specified order, and participants had access only to the
information and assignments that were sent by the therapist at
a specific point. CBT [22-24] and motivational interviewing
(MI) [25,26] werethe fundamental s of theinterventionincluding
techniques such as psycho-education, self-monitoring, thought
restructuring, problem solving, and relapse prevention.

Participants had to log in to the application viathe website [ 19]
with a personal username and password, secured by Secure
Sockets Layer, to have access to their personal file (see Figure
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RenderX

3). All datatransferred between the participant’s computer and
the application was encrypted and sent via the Hypertext
Transfer Protocol Secure (https) protocol. The application was
entirely server-based, and al information gathered was stored
on an encrypted database. Daily backups of the server on an
offsite location were made to ensure further data security.

During the Web-based CBT, participants normally had
asynchronous contact twice a week with their persona
therapists, solely viathe Internet, unless participants specifically
requested an additional telephone contact. Participation in the
intervention took approximately 20 minutes per day, and
participantswere instructed about compl eting home assignments
and registering eating behaviors daily in their online eating
diary. Participants could accesstheintervention in their personal
environment at any time, and in their private file they could
read the messages from their therapist or compl ete assignments.
Accordingly, therapists responded within 3 working days on
the participants messages or assignments. The therapists
messages were personalized to the participants' situation but
also comprised pre-programmed text fragments, for example,
explaining the assignments. For each module, a format was
available including the topics that should be addressed and the
information that should be given by the therapist. Therapists
could asoinclude hyperlinksto information on the website[19]
in their messages. These formats ensured consistency in the
therapists' messages. However, as al messages were adjusted
to the situation of participants, with differences in complexity
of personal issues, their content and length varied. Therapists
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always responded on participants completed eating diary,
assignments, and questionnaires, but the content of these texts
was dependent on what participants had filled out. The responses
of the therapists were supportive and included also CBT and
MI techniques. Moreover, their communication primarily
focused on providing accurate and objective information,
hopeful writing, reinforcement, and relabeling of demotivating
statements. The progress of the participants was monitored by
the therapists. When participants did not respond to the messages
of the therapists within the next week, they received areminder
with arequest to keep in touch regularly. When participants did
not respond for 4 weeks, the intervention was terminated by the
therapist. Participants were considered treatment completers if
they had completed all 10 assignments and attended at least 21
sessions. In case participants stopped the intervention
prematurely and still needed help, the therapist discussed with
the participant what kind of treatment would be more
appropriate. Possible options were face-to-face treatment with
aprofessiona (therapist or dietician), day care, or hospitalization
in a specialist eating disorder institution. If preferred by the
participant, the therapist also initiated the first contact with the
other professional or institution.

A total of 17 therapistswith either abachelor’sdegreein nursing
or social work or amaster’s degreein psychology wereinvolved
in this study. All therapists completed 2 days of training
including theoretical information and practice-oriented
assignments focusing on the design and implementation of the
Web-based application, on technical aspects of delivering this
intervention, and on using different strategiesto apply the CBT
and M1 techniques (eg, restructuring of non-helpful thoughts
into helpful thoughts, enhancing self-efficacy, expression of
empathy, and evoking cognitive dissonance). Additionally, they

Figure 3. Participant's personal onlinefile.
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also received a 1-day training session about eating disorders
and related i ssues, and about the treastment content and protocol.
Subsequently, all therapists completed afull treatment program
with a test patient, and 3 months of intensive supervision by
experienced coaches. A comprehensive manual to the
Web-based CBT intervention was available for all therapists,
which included a detailed description of the different modules
of theintervention. Also safety protocolswere described in this
manual, covering the criteriafor admission to part 2, aswell as
guidelines about what to do in case of severe eating problems,
relapse or suicidal ideations, and when to inform the
participant’s GP. Safety protocols were aso included in the
formats of the different modules. Besidesthe use of formatsfor
all modules and theintensivetraining of therapists, several other
methods were used to ensure quality and consistency in the
treatment of participants. For example, al messages of the
therapists were checked retrospectively (and adjusted if
necessary) by a multidisciplinary team consisting of a
psychologist, a psychotherapist, an addiction medicine
physician, apsychiatrist, adietician, and two coaches at theend
of part 1 of theintervention. Furthermore, all patient fileswere
regularly checked by the coaches of the Web-based CBT
intervention and these coaches were also present daily for
consultation and advice. The multidisciplinary team was
available remotely for consultation throughout the intervention
and gave also expert advice to the therapists at the end of part
1 of the intervention of each participant. For all participants,
the intervention was covered by Dutch health insurance,
although the costs were set off against participants deductible.
Therefore, several of them needed to pay a contribution of up
to €350 for their participation. Thisis a standard procedurein
the Dutch health care system.
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Waiting List Control Group

Participants in the WL received seven supportive email
messages sent by the researcher during the waiting period. The
first message included a brief explanation about the design of
the Web-based CBT intervention as well as information about
when participants could start the intervention, the aim of the
supporting email messages, and what participants should do in
case they needed urgent help. The second message provided
information about the different topics discussed on the website
[19], such as information about factors that could effect
participants eating behavior and information about the physical
effects of eating disorders. Thethird email contained information
about the online forum, which was part of the website [19] and
provided contact with fellow sufferers. The fourth email
included information about the scientific research project of the
Web-based CBT intervention and the results of the pilot study.
The fifth message contained a summary of comments from
former participants of the Web-based CBT intervention
(verbatim and anonymous) about their experiences with the
treatment. The sixth email focused on common misconceptions
about food, losing weight, and eating disorders. This message
also referred to relevant information on the website [19] and
possible consequences of these misconceptions. The last email
included a description of the basic principles of theintervention
and therapeutic support, and a description of what was expected
of the participants during the intervention. Finally, participants
were thanked for their patience during the waiting period and
were wished successwith their participation in theintervention.
All email messages also concluded with information about what
participants had to do when they needed urgent help.
Specifically, they were referred to their GP in case of urgent
medical problems. This information was also presented in the
prior email that participants received the moment they were
allocated to the control group.

M easures

The primary outcome measure was eating disorder
psychopathology measured with the global mean scale of the
Eating Disorder Examination-Questionnaire (EDE-Q) [27], a
widely used self-report questionnaire to measure eating disorder
severity. Items were scored on a 7-point Likert scale (range
0-6), with a higher score reflecting more psychopathology.
Additionally, the scores on the EDE-Q subscales Restraint,
Eating Concern, Shape Concern, and Weight Concern were
calculated. Secondary outcome measures included the Body
Attitude Test (BAT) [28,29] to assess body dissatisfaction, the
Maudd ey Addiction Profile-Health Symptom Scale (MAP-HSS)
[30] and 15 eating disorder-specific physica complaints to
measure physical health, the Depression Anxiety Stress Scale
(DASS) [31] to measure mental health, the Rosenberg
Self-Esteem Scale (RSES) [32] to examine self-esteem, the
EuroQol visual analogue scale (EQ-5D VAS) [33] to assess
quality of life, the Measurements in the Addictions for Triage
and Evaluation - International Classification of Functioning,
Disability and Health (MATE-ICN) [34] to examine socia
functioning, and Body Mass Index (BMI). Participants
completed these measures a baseline and posttest
(approximately 15 weeks after baseline). Additionaly,
demographic data, DSM-1V diagnosis, prior care for eating
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disordersand other psychological problems, duration of illness,
and suicide risk were measured at baseline. DSM-1V eating
disorder diagnosis was assessed using the online self-report
guestionnaire Eating Disorder Questionnaire-Online (EDQ-O)
and related baseline data, optionally with additional questions
by email. The EDQ-O was devel oped as adiagnostic instrument
for establishing all DSM-IV-TR eating disorder diagnoses
without using face-to-face contact, as in-person clinica
interviewsare not suitable for Web-based interventions. A recent
study into the validity of the EDQ-O showed that this self-report
guestionnaire performs acceptably as a diagnostic instrument
for al eating disorder classifications [35]. However, as the
results of the validation study were not available at the start of
the current RCT, the EDQ-O was not used as the only tool to
set a DSM-IV eating disorder classification in this study, but
also other baseline data of participants were taken into
consideration such astheir BMI and completed EDE-Q. If there
were doubts about the diagnosis established with the EDQ-O
based on the combination of all data, participants were asked
additional questions by email. Based on the responses of the
participants, a final diagnosis was established by the
psychologist and researcher. Suicide risk was measured using
Part C of the MINI-Plus [36,37], consisting of 6 self-report
items examining suicidal tendencies. Participantsfor whom the
current risk of suicide was classified as “high” were excluded
from the study. The exclusion criterion of severe underweight
was assessed in case the body weight of participants was less
than 85% of ideal body weight, determined using the table of
height/weight limits of the MINI-Plus [36,37]. At posttest,
participants were also asked if they had other support for their
eating disorder during the intervention or waiting period.
Furthermore, participants evaluation of the intervention and
their personal therapist was measured as well as reasons for
non-completion (if applicable).

Statistical Analyses

Our sample size was calculated based on an expected mean
difference score of 1.0 (SD 1.2) on the EDE-Q global score
(primary outcome measure) between the Web-based CBT and
WL at posttest. Thisexpected difference was based on theresults
of our before-after study, adjusted for an estimated improvement
in the WL. Power analysis (G* Power) revealed a sample size
of 25 participants in each condition based on a significance
level of 5%, a power of 80%, the same number of participants
per condition, 2 measurements, and acorrel ation among repeated
measures of 0.95. However, we expected 40% of the participants
not to compl ete the Web-based CBT, therefore, 42 participants
in each condition (Web-based CBT and WL) were needed. To
determine the efficacy of the Web-based CBT for the specific
eating disorder subtypes, the total sample size was determined
at 84 participants with BN, 84 participants with BED, and 84
participants with EDNOS (total of 252 participants).

All analyses were conducted using SPSS version 21. Data are
presented as numbers (percentage) for categorical data and as
the means (SD) for continuous data. Baseline differences
between the Web-based CBT and WL are expressed as
differences in proportion for categorical data and as the mean
differences for continuous data. Chi sguare or Fisher's exact
tests (asappropriate) were used to compare categorical measures
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between the groups, and t tests or Mann-Whitney tests to
compare continuous measures. To measure baseline differences
between the three subgroups, Chi square or Fisher's exact tests
were used to compare categorical measures, and analysis of
variance (ANOVA) with Tukey's post-hoc tests or
Kruskall-Wallis tests were used to compare continuous
measures. Post-hoc tests for categorical variables were
conducted by pairwise comparisons, with a Holm-Bonferroni
post-hoc correction.

To measure the efficacy of the Web-based CBT in terms of
primary and secondary outcome measures, Mixed Models for
repeated measures were used, allowing for the inclusion of all
participants, regardless of missing data. The intervention*time
interaction effect was used to measure whether the change over
time was different for the Web-based CBT compared to the
WL. Between-group effect sizes were calculated according to
Cohen’s d by subtracting the average difference score between
pretest and posttest of the control group from the corresponding
difference score of the Web-based CBT group, and dividing the
result by the pooled standard deviation of the pretest.
Additionally, the effects over time within the Web-based CBT
and WL group were measured. Within-group effect sizes were
calculated by subtracting the average score at posttest from the
average score at pretest and dividing the result by the pooled
standard deviation of the pretest. Effect sizes of 0.8 were

Figure 4. Flow chart of study participants.
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considered large, effect sizes of 0.5 moderate, and effect sizes
of 0.2 small [38].

Results

Participant Flow

From the 404 subjectsinitially interested in participating in the
trial, atotal of 214 participants were randomized to one of the
two conditions (Web-based CBT or WL), stratified by type of
eating disorder (subgroups BN, BED, EDNOS). As shown in
Figure 4, the predetermined sample size of 84 participants per
eating disorder subtype had not been reached for the subtype
BN (n=44). Within the Web-based CBT group, a total of 72
participants (66.7%, 72/108) completed theintervention and 36
participants (33.3%, 36/108) were considered treatment
non-completers. Posttest assignments were completed for 201
participants (93.9%, 201/214) with a higher study dropout in
the Web-based CBT (10.2%, 11/108) than WL (1.9%, 2/106)

(x21=6.46, P=.01). Participants who withdrew from the study

more often lived alone (x%=5.74, P=.04) and had less
self-esteem (t,1,=2.53, P=.01) at baseline than participantswho
completed the posttest. Within the Web-based CBT group, 99%
of the treatment completers (71/72) and 56% of the treatment
non-completers (20/36) completed the questions regarding
treatment acceptability. Reasons for treatment non-completion
were given by 67% of the non-completers (24/36).
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1 No GP’s referral for participationin web-based CBT

7 Severe underweight
5 High suicide risk
6 Concurrent treatment

64 Diagnosis of subgroup which already was full

3 Being pregnant

Eating Disorders Not
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39 years, mostly living with others (74.3%, 159/214), employed
(79.0%, 169/214), higher educated (50.9%, 109/214) and being
overweight (85.0% BMI >25, 182/214). For most participants,
the history of the eating disorder was long (68.2% >10 years,

Participant Characteristics

The baseline characteristics of the participants are presented in
Table 1. Participants were 214 females with an average age of
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146/214), whereas only 44.4% (95/214) received prior care for
their disorder.

The three subgroups BN, BED, and EDNOS differed
significantly in terms of age, living situation, and daily routine
(datapresentedin Table 1). BN participants were younger, lived
more often alone, and lessfrequently had aregular daily routine.
Alsotheillness-related variables differed significantly between
the three groups, except for the quality of life. Eating disorder
psychopathology and mental health were most severe within
the BN subgroup and least severe within the EDNOS subgroup.
BN participants also had a significantly lower BMI and more

http://www.jmir.org/2015/6/e152/
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problems in social functioning than the other two groups, and
significantly more physical complaintsand less self-esteem than
the EDNOS participants. Participants of the BED subgroup
weresignificantly less satisfied with their body than participants
of the EDNOS subgroup.

Baseline characteristics showed no significant differences
between the Web-based CBT (n=108) and WL (n=106), nor
between these two groups within the three subgroups (data not
shown), with the exception of a higher EDE-Q subscale
“Restraint” in the EDNOS Web-based CBT subgroup (tgz=2.05,
P=.04).
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Table 1. Baseline characteristics of participants.
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Variable Overal (n=214) BN (n=44) BED (n=85) EDNOS(n=85) Testdtatistic ~df P vaue
Age (years), mean (SD) 39.4 (11.6) 332(104) 40.2(114) 41.9(11.3) 9.00 2 <001"
Living situation, n (%) 7.93 2 .02
Alone 55 (25.7) 17 (39) 24 (28) 14 (16)
With others 159 (74.3) 27 (61) 61 (72) 71 (84)
Level of education, n (%) 3.59 4 A7
Low 25(11.7) 2(4) 13 (15) 10 (12)
Intermediate 80 (37.4) 19 (43) 31(36) 30 (35)
High 109 (50.9) 23 (52) 41 (48) 45 (53)
Employed, n (%) 169 (79.0) 33(75) 66 (78) 70 (82) 1.09 2 58
Regular daily routine, n (%) 156 (72.9) 24 (55) 60 (71) 72 (85) 13.73 2 001
Prior eating disorder treatment, n (%) 95 (44.4) 17 (39) 39 (46) 39 (46) 0.74 2 .69
Prior psychological treatment, n (%) 143 (66.8) 35(80) 58 (68) 50 (59) 5.74 2 .06
Body MassIndex, n (%) 67.01 4 <001
<185 6(2.8) 3(7) - 3(4)
18525 26 (12.1) 20 (46) - 6(7)
>25 182 (85.0) 21 (48) 85 (100) 76 (89)
Duration of eating disorder, n (%) 11.99 6 .06
1-5 years 33 (15.4) 10 (23) 7(8) 16 (19)
6-10 years 35 (16.4) 8(18) 17 (20) 10 (12)
11-20 years 64 (29.9) 12 (27) 32(38) 20 (24)
>20 years 82 (38.3) 14(32) 29 (34) 39 (46)
Eating disorder psychopathology 2, mean "
(SD) 3.5(0.9) 4.1(0.9) 3.6 (0.8) 3.0(0.9) 23.54 2 <.001N
Restraint 2.6 (1.3) 35(L1) 2.4(1.3) 23(1.3) 15.00 2 <001"
Eating concern 2.9(13) 35(L1) 33(1.2) 2.2(1.3) 23.39 2 <001/
Shape concern 44(1.2) 48(1.1) 4.6(0.9) 3.9(L1) 1353 2 <001l
Weight concern 41(11) 45 (1.2) 4.2(0.8) 3.7 (1.1 7.95 2 .001"
Body dissatisfaction®, mean (SD) 59.3 (14.8) 59.9(17.4) 626(14.1) 557 (135) 471 2 o1
Physical health®, mean (SD) 24.2 (12.3) 289(134) 243(11.3) 21.7(12.1) 5.16 2 006
MAP-HSS, mean (SD) 12.3(6.2) 131(67) 127(58) 115(6.3) 131 2 27
Mental health ¢, mean (SD) 33.1(19.4) 430(20.7) 335(181) 27.6(18.0) 19.83 3 <001Mi
Depression 11.4 (8.4) 14987) 116(7.9) 95(82) 13.82 3 001"
Anxiety 6.0 (6.4) 85 (7.4) 6.3 (6.5) 45 (5.3) 10.85 3 .004
Stress 15.7 (8.6) 197(90) 157(83)  136(8.0) 7.78 2 001"
Self-esteem®, mean (SD) 16.7 (7.2) 141(74) 164(66) 184(7.2) 557 2 004
Quality of lifef, mean (SD) 62.0 (17.1) 61.0(17.2) 60.1(156) 64.5(18.4) 1.50 2 23
Social functioning®, mean (SD) 6.7 (4.8) 8.8 (5.5) 6.6 (4.6) 5.7 (4.4) 6.21 2 002"

Eating Disorder Examination-Questionnaire.
bBody Attitude Test.

“Total score of Maudsley Addiction Profile-Health Symptom Scale (MAP-HSS) and 15 additional eating disorder-specific physical complaints.
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dDepr on Anxiety Stress Scale.
®Rosenberg Self-Esteem Scale.
fEuroQoI visual analogue scale.

ter Huurne et d

9Measurements in the Addictions for Triage and Evaluation — International Classification of Functioning, Disability and Health.

hSignificant difference between BN and BED.
'Significant difference between BN and EDNOS.
JSignificant difference between BED and EDNOS.

Efficacy of Web-Based Treatment for Eating Disorders
in General

Table 2 reports the primary and secondary treatment outcomes
of this study for all participants at posttest. Participants of the
Web-based CBT improved significantly more on eating disorder
psychopathology than participants of the WL, athough both
groups showed improvements over time. Web-based CBT
participants also had significantly fewer concerns about their
eating, shape, and weight after participating in the intervention
than participants of the WL.

Body dissatisfaction, physical health, mental health, self-esteem,
and socia functioning all improved significantly more in
participants of the Web-based CBT than in participants of the
WL. Therefore, participating in the intervention resulted in an
overall improvement on health indicators related to eating
disorders, although effect sizeswere generally small. For BMI,
no significant effects were found in either group.

During the intervention or waiting period, several participants
in both groups had other support for their eating disorder, for

http://www.jmir.org/2015/6/e152/

example, from family or friends, or through a self-help program
(Web-based CBT 24%, 23/96; WL 30.8%, 32/104). Some of
these participants had face-to-face contact with a professional
such as a therapist, dietician, or GP (Web-based CBT 11%,
11/96 and WL 18.3%, 19/104). For the Web-based CBT group,
the additional support had no added value as there were no
significant differences between participants who had other
(professional face-to-face) support and those who did not have
this support during the intervention period. For the WL,
additional support had only a significant effect on body
dissatisfaction in case of face-to-face contact with aprofessional.
Participants who had face-to-face contact with a professional
during the waiting time improved significantly more on body
dissatisfaction than participants who did not have this kind of
support (F;0,=5.16; P=.025). For all other outcome measures,
no significant effects were found between those two WL groups.
Overall effects of the Web-based CBT intervention did al so not
change significantly by correcting for additional face-to-face
support (datanot shown). Aswe used an intention-to-treat (ITT)
analysis, we therefore did not correct for this.
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Table 2. Treatment outcomes for all participants and for the individual subgroups BN, BED, and EDNOS.

Interaction effect of group x
Web-based CBT (n=108) WL (n=106) time?

Baseline Posttest P d Basdline Posttest P d F df P d

All participants (n=214)

Eating disorder psychopathologyb 35(0.9) 26(12 <001 .82 35(10) 30(1.1) <001 .43 942 201 .002 44

Restraint 2713 22(14) <001 .39 25(14) 21(14) .046 .23 09 206 .34 A5
Eating concern 28(1.2) 17(1.3) <001 .83 3.0(14) 24(15 <001 40 665 205 .01 .35
Shape concern 44 (1.1) 34(15 <001 .72 44(11) 39(1.3) <001 .38 7.87 200 .006 43
Weight concern 4011 31(14) <001 .73 41(1.0) 37(12 <001 .36 1113 200 .001 .48
50.5 58.6
Body dissatisfaction® 58.4(14.9) (17.6) <001 49 60.3(14.8) (15.3) .05 11 1316 201 <001 .42
Body Mass | ndex
<185 17.2(0.3) 172(06) .93 .03 17.9(-) 179(¢) - - <0.01 4 .98 .04
185-25 224(17) 232(12 .09 58 220(17) 223(25 .56 .10 143 23 24 .38
>25 335(5.7) 333(56) 23 .04 340(4 34053 93 .00 094 169 .33 .04
181 24.3
Physical health d 228(12.7) (12.7) <001 .37 25.7(11.8) (12.2) 045 11 1255 200 <.001 .28
MAP-HSS 11.7(65) 95(6.4) <001 .34 13.0(59) 122(59) .046 .13 694 202 .009 .23
23.6 31.2
Mental health © 31.7(18.6) (18.5) <001 43 346(20.2) (20.7) .03 .17 4838 203 .03 24
Depression 112(84) 75(75 <001 .46 11.7(85 102(86) .06 .17 437 204 .04 .26
Anxiety 5.5 (5.8) 47(4) .06 .16 65(7.0 64(64) .84 .02 109 206 .30 12
Stress 150(85) 11.3(84) <001 .43 16.4(86) 146(9.00 .009 .20 355 203 .06 22
Self-esteem’ 16.2(7.1) 186(6.8) <001 .34 173(7.2) 183(69) .01 .14 506 202 .03 .20
69.2 65.4
Quality of life? 62.8(17.2) (15.8) <001 .39 61.2(17.1) (15.0) .03 27 085 206 .36 A3
Social functioni ngh 6.8 (5.0) 52(43) <001 .35 65(4.7) 6343 50 .05 793 205 .005 .29

BN subgroup (n=44)

Eating disorder psychopathologyb 39(1.0 29.(11) .003 .94 42(08) 37(11) .02 55 192 4 A7 .55

Restraint 33(13) 26(12 .01 .64 37(L0) 34(12) .43 27 111 42 .30 44
Eating concern 33(11) 19(1L1) <00l 10 37(L1) 30(L5 .04 53 259 41 12 65
Shape concern 4.7 (1.2) 38(15 .02 .67 49(10) 4413 .02 49 074 41 .39 31
Weight concern 44(13) 35(16) .03 .62 47(12) 42(12) .02 43 08 41 .36 32

BED subgroup (n=85)

Eating disor der psychopathologyb 3.5(0.8) 26(1.3) <001 .87 3.7(0.7) 3209 .002 60 425 78 .04 .61

Restraint 25(14) 19(15 .005 .42 23(1L3) 20(L3) .31 .23 060 80 .44 22
Eating concern 31(12) 20(14) <001 86 34(L1) 27(14) 001 61 136 8 25 .31
Shape concern 45(1.0) 35(16) <00l .76 4.7(08) 42(L1) .004 52 413 77 046 .60
Weight concern 4.1(0.9) 31(14) <001 .83 4.3(0.8) 39(0.9 .02 39 667 78 .01 a7

EDNOS subgroup (n=85)

Eating disorder pslchopathologyb 3.2(0.8) 25(1.1) <001 .76 29(0.9 25(1.0) .002 .39 331 78 .07 .38

Restraint 26(1.2 23(1.3) .16 26 2.0(13 17(12) 11 .28 0.02 80 .90 .03
Eating concern 22(11) 14(12) <001 .70 22(L5 18(14 .04 25 341 79 .07 35
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Interaction effect of group x

Web-based CBT (n=108) WL (n=106) time?

Baseline Posttest P d Basdline Posttest P d F df P d
Shape concern 41(1.0) 32(14) <001 .72 38(11) 34(14) .02 32 327 T8 07 44
Weight concern 38(11) 30(13) <001 .73 36(L0) 32(12) .005 .37 501 78 .03 44

#Treatment outcomes were measured with repeated measures and mixed model analysis. Effect sizes were measured with Cohen’s d.

bEat ng Disorder Examination-Questionnaire.
‘Body Attitude Test.

%Total score of Maudsley Addiction Profile-Health Symptom Scale (MAP-HSS) and 15 additional eating disorder-specific physical complaints.

®Depression Anxiety Stress Scale.
fRosenberg Self-Esteem Scale.
9EuroQol visual analogue scale.

M easurements in the Addictions for Triage and Evaluation — International Classification of Functioning, Disability and Health.

Efficacy of Web-Based Treatment for Specific Eating
Disorder Subgroups

Among participants of the Web-based CBT, eating disorder
psychopathology significantly improved over time for all
subgroups (data presented in Table 2). However, participants
in the control group also improved, and significant differences
in effects between the Web-based CBT and WL on primary
outcome were found only in the BED subgroup.

On secondary outcome measures, Web-based CBT participants
in al three subgroups improved significantly over time with
regard to physical health, mental health, self-esteem, quality of
life, and social functioning, with small to moderate effect sizes
(data presented in Multimedia Appendix 3). Furthermore, BED
and EDNOS participants of the Web-based CBT group aso
improved significantly regarding body dissatisfaction. In the
WL group, no significant time effects were found on the
secondary outcome measures with the exception of self-esteem
for participants with BN and body dissatisfaction and mental
health for participants with EDNOS. However, significant
between-group differences (Web-based CBT and WL) within
the three subgroups were found only for body dissatisfaction
and physica health in BED participants and for body
dissatisfaction and mental health in EDNOS participants.

Treatment Acceptability

In general, participants were satisfied with the Web-based CBT
intervention and their therapist. Most participants evaluated the
intervention asrather (46%, 42/91) or very (35%, 32/91) useful,
and according to the participants the intervention was especially
effective for their eating behavior. Four out of five participants
(79%, 72/91) indicated that the treatment had resulted in a
healthier diet in their daily lives. Furthermore, for several
participants the treatment also led to improvement of mental
health (56%, 51/91), self-esteem (49%, 45/91), physical health
(47%, 43/91), body image (46%, 42/91), and exercise habits
(45%, 41/91). On a scale from 0-10, participants evaluated the
intervention with a7.6 (SD 1.3) and their therapist with an 8.1
(SD 1.0). The magjority of participants considered the online
contact to be (very) pleasant (77%, 70/91), personal (60%,
55/91), and safe (92%, 84/91). Almost all participants evaluated
the support of the therapist to be of added value. For participants

http://www.jmir.org/2015/6/e152/

who completed the intervention, the therapeutic support was
one of the most valuable and important components of the
treatment. However, some participants had missed other forms
of contact (eg, face-to-face or via telephone) a little (33%,
30/91), quite a lot (5%, 5/91), or very much (8%, 7/91). The
participants who did not complete the intervention often
mentioned several reasons for dropping out or stopping the
intervention prematurely, which can be divided into three main
categories: (1) persona reasons or problems (33%, 8/24; eg,
lack of time, psychological problems, lack of motivation),
treatment content/protocol (29%, 7/24; eg, eating diary
annoying/too time consuming, assignments not supportive, not
enough attention for weight loss), and the online method (21%,
5/24; eg, lack of personal contact, too open-ended). Furthermore,
two participants were discharged by the therapist due to the
seriousness of their problemsand referred to amore appropriate
treatment, and one participant stopped because her GP and
psychologist considered the intervention not suitable and had
reported her to an outpatient mental health facility for
face-to-face treatment.

Discussion

Principal Results and Comparison With Prior Work

Our study shows that Web-based CBT is effective in reducing
eating disorder psychopathology in participants with eating
disordersin comparison with awaiting list control group. This
finding is consistent with the results of a recent review on
Internet-based treatments of eating disorders[10]. Participants
of the Web-based CBT reported significant reductionsin eating
disorder psychopathology and were also less concerned with
their eating, shape, and weight after participating in the
intervention. Participation in the Web-based CBT also resulted
in a significant reduction in body dissatisfaction and an
improvement of physical and mental health, self-esteem, and
social functioning. However, participants of the control group
also improved on almost all eating disorder and health-related
outcomes resulting in small to moderate effect sizes for the
Web-based CBT on interaction effects. The reasons for the
improvements in the control group are not totally clear, but
several participants received other professional face-to-face
support during the waiting period and this resulted in an
improvement of participants’ body dissatisfaction. Furthermore,
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it is possible that the no-reply email messages that participants
received during the waiting period activated them to start
behavioral change. Possibly thewaiting list condition thus better
resembled an unguided self-hel p condition than ano-intervention
condition. Additionally, the process of seeking help or knowing
that treatment would start shortly could also have contributed
to theimprovement, as some other studies showed similar results
[39,40Q].

For BMI, no effects were found. Most participants were
overweight at baseline and thereforeimprovement of BMI would
be desirable. It would be interesting to use the follow-up data
to investigate whether the BMI of participants will improvein
the long term.

In comparison to the results of our pilot study [18], similar
significant effects were found, but with somewhat lower effect
sizes for the Web-based CBT. For eating disorder
psychopathology, the effect size was d=1.14 in the pilot study
and d=.82 in the current trial. This difference is most likely
because the pilot results included only posttest data of
participants who had completed the intervention, whereas the
data of this study also included posttest data of treatment
non-compl eters (33% of Web-based CBT group). Asthe content
and protocol of the intervention, and the online method were
important reasons for dropping out or stopping the intervention
prematurely, it is likely that the results of the intervention are
less positive for treatment non-completers than for treatment
completers. For future research, it would be interesting to
compare the results of treatment completers and treatment
non-completers in terms of efficacy and acceptability of the
intervention.

The treatment adherence of 67% in this study was remarkably
higher thanin our pilot study (54%) [18]. A possible explanation
could be that the higher threshold to participate in the current
study (because of the randomized design, GP referral, and
informed consent) has resulted in selection bias. It is rather
difficult to compare the treatment adherence of our Web-based
CBT intervention to the adherence of other Web-based
interventions, as the definition of adherenceis quite diversein
the different studies [10]. However, based on the results of a
systematic review on other Web-based interventionsfor patients
with eating disorders [10], the compliance rate of 67% with
participants completing all treatment modules of the
intervention, can be considered as moderate to high. Compared
to the compliance rate of 50% found in a systematic review on
adherencein Web-based interventionsfocused on broader health
issues [41], the treatment adherence in our study was
significantly higher.

In addition to other studies, we compared the effects of the
Web-based CBT between patients with different eating disorder
diagnoses (BN, BED, and EDNOS). Web-based CBT was
primarily effectivefor participantswith BED. For this subgroup,
significant interaction effects were found for eating disorder
psychopathol ogy, body dissatisfaction, and mental health, with
medium effect sizes. According to the results of arecent review
[10], the improvement in eating disorder psychopathology
among BED participants in our study is similar to the results
found for participants with BED participating in a 6-month
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self-help treatment with weekly therapist support [42]. For the
EDNOS subgroup, participating in the Web-based CBT did not
result in a significant interaction effect on eating disorder
psychopathology, although the within-group effect size was
rather high (P<.001, d=.71). Asparticipants body dissatisfaction
and mental health did improve significantly, and also high
within-group effectswere found for the other outcome measures,
the intervention was partly effective for this subgroup as well.
Because EDNOS s not ahomogeneous group, further research
should elucidate whether the intervention may be more or less
effective for specific subgroups of patients with an EDNOS
diagnosis. For example, it would be interesting to investigate
the results of the intervention among the participants of the
EDNOS category who did meet a specified eating disorder
diagnosis using the DSM-5 criteria. This was applicable for
29% of al EDNOS participants since 11 participants of the
Web-based CBT group (26%) and 8 participants of the WL
group (19%) met the DSM-5 criteria of BED, 2 participants of
the Web-based CBT group (5%) met the DSM-5 criteriaof AN,
and 3 participants of the WL group (7%) met the DSM-5 criteria
of BN. Though participantswith BN improved during treatment
with a high within-group effect size for eating disorder
psychopathology and small to moderate within-group effect
sizes for most secondary outcome measures, no significant
interaction effects were found for any outcome measure. This
could be explained by the smaller sample size of this subgroup
(n=44). However, other explanations are possible, for example,
that participants with BN need a more intensive (face-to-face)
treatment as results showed that these subgroups had more
severe eating disorder psychopathology and related health
problems at baseline than the other subgroups. Therefore, it
would be interesting to further evaluate the results of the
intervention for this specific subgroup.

Participants were generally satisfied with the Web-based CBT
intervention, and the support of the therapist was considered as
very valuable and important. Several methods were used to
ensure quality and consistency in the treatment of participants
(eg, formats for each intervention module, intensive training,
and supervision of therapists, and retrospective control of
therapists messages). Therefore we expect only minor
differencesin the support provided by the therapists, equivalent
to differences between therapists in clinical face-to-face
treatment. However, differencesin therapeutic support possibly
resulted in differences between therapistsin participant outcome.
As the 17 therapists were not stratified by type of eating
disorder, and the number of participants assigned to each
therapist differed significantly with a minimum of 2 and a
maximum of 31 participants, this might have affected the results
of the intervention. Therefore, it would be interesting to
investigate the consistency in the support of the therapists, their
adherenceto the protocol, and their competencies, for example,
by conducting astudy including directive and summative content
analysis of the treatment of several participants of the current
study. Furthermore, additional research into the differences
between therapists in participant outcome would be very
valuable.

Because the effectiveness of the Web-based CBT was
investigated within a naturalistic setting, results of this study
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are likely to approximate those of the Web-based intervention
in everyday practice. Another strength of our study is the low
study dropout, as posttest data were available for 94% of the
participants.

Limitations

Although the study shows promising results, these should be
considered in the context of several limitations. The first and
most important limitation isthat, despite extending the sampling
period, we were unable to recruit the sample size of 84
participantswith BN and therefore also did not reach the planned
total sample size of 252 participants. Although the total sample
size of 252 participants was not achieved, significant time and
interaction effects for the overall group were found for almost
all outcome measures. For participants with BN on the other
hand, only significant time effects were found; there were no
significant interaction effects.

Second, the number of participants per diagnostic category was
low. Sample sizes were calculated based on the results of our
pilot study. However, we did not sufficiently take into account
the differences in effectiveness between the subgroups and the
improvements among participants of the control group, resulting
in alow number of participants per diagnostic category.

Third, eating disorder diagnoses were not assessed using an
in-person clinical interview as required in formal diagnoses,
but by using online self-report questionsincluding the EDQ-O.
Asanin-personinterview would probably increase the threshold

Acknowledgments
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to participate in the Web-based CBT intervention, we found
this incompatible with the main objective of this treatment.
Therefore, we decided to use only self-report assessments to
measure al primary and secondary outcomes. A recent study
[35] showed acceptable performance of the EDQ-O as a
diagnostic instrument for al DSM-IV eating disorder
classifications, although improvement was desirable. However,
this study did not use the EDQ-O as the only tool to assess
eating disorder diagnoses. Also, other baseline data were taken
into consideration, and if necessary, additional questions were
asked by email. Nevertheless, thelack of any personal interviews
isanimportant limitation of this study. For future research, this
topic should be considered carefully, weighing pros (validity)
and cons (excluding patients).

Conclusions

Eating disorders have a considerable impact on the quality of
life and psychological and physical health of patients. The
participantsin this study suffered from BN, BED, and EDNOS
for severa years, and more than half of the participants had
never had treatment for their eating disorder. The results of this
study provide support for the use of a Web-based CBT
intervention to improve eating disorder psychopathol ogy, body
dissatisfaction, and related health among patients with eating
disorders. Furthermore, our findings confirm that new
technologies can be used to treat patientswho otherwiserefrain
from seeking or receiving help.
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Abstract

Background: Mabile health (mHealth) interventions may improve heart failure (HF) self-care, but standard models do not
addressinformal caregivers needs for information about the patient’s status or how the caregiver can help.

Objective: We evaluated mHealth support for caregivers of HF patients over and above the impact of a standard mHealth
approach.

Methods: We identified 331 HF patients from Department of Veterans Affairs outpatient clinics. All patients identified a
“CarePartner” outside their household. Patients randomized to “standard mHealth” (n=165) received 12 months of weekly
interactive voice response (1VR) callsincluding questions about their health and self-management. Based on patients’ responses,
they received tailored self-management advice, and their clinical team received structured fax alerts regarding serious health
concerns. Patients randomized to “mHealth+CP” (n=166) received an identical intervention, but with automated emails sent to
their CarePartner after each IVR call, including feedback about the patient’s status and suggestions for how the CarePartner could
support disease care. Self-care and symptoms were measured via 6- and 12-month tel ephone surveys with a research associate.
Self-care and symptom data al so were collected through the weekly 1VR assessments.

Results: Participants were on average 67.8 years of age, 99% were male (329/331), 77% where white (255/331), and 59% were
married (195/331). During 15,709 call-weeks of attempted IVR assessments, patients completed 90% of their calls with no
difference in completion rates between arms. At both endpoints, composite quality of life scores were similar across arms.
However, more mHealth+CP pati ents reported taking medications as prescribed at 6 months (8.8% more, 95% Cl 1.2-16.5, P=.02)
and 12 months (13.8% more, Cl 3.7-23.8, P<.01), and 10.2% more mHealth+CP patients reported talking with their CarePartner
at least twice per week at the 6-month follow-up (P=.048). mHealth+CP patients were less likely to report negative emotions
during those interactions at both endpoints (both P<.05), were consistently more likely to report taking medications as prescribed
during weekly IVR assessments, and also were less likely to report breathing problems or weight gains (all P<.05). Among
patients with more depressive symptoms at enrollment, those randomized to mHealth+CP were morelikely than standard mHealth
patients to report excellent or very good general health during weekly IVR calls.
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Conclusions: Compared to arelatively intensive model of 1VR monitoring, self-management assistance, and clinician alerts, a
model including automated feedback to aninformal caregiver outside the household improved HF patients’ medication adherence
and caregiver communication. mHealth+CP may also decrease patients’ risk of HF exacerbations related to shortness of breath
and sudden weight gains. mHealth+CP may improve quality of life among patients with greater depressive symptoms. Weekly
health and self-care monitoring via mHealth tools may identify intervention effects in mHealth trials that go undetected using
typical, infrequent retrospective surveys.

Trial Registration: ClinicaTrials.gov NCT00555360; https://clinicaltrials.gov/ct2/show/NCT00555360 (Archived by WebCite
at http://www.webcitation.org/6Z4Tsk78B).

(J Med Internet Res 2015;17(6):€142) doi:10.2196/jmir.4550

KEYWORDS

telehealth; mobile health; heart failure; disease management; self-management

Introduction

Chronic heart failure (HF) is associated with reduced quality
of life, preventable hospitalizations, and early mortality [1,2].
For effective disease management, patients must systematically
monitor symptoms, including shortness of breath, weight gain,
and edema, and follow strict self-care practices including
limiting salt and fluid intake, and taking medications as
prescribed [3,4]. Because HF management is challenging,
patients frequently experience life-threatening exacerbations
that are responsible for $40 billion in US health care costs each
year [5]. Telephone care management can improve HF patients’
prognosis[6-10]. However, telephone follow-up isinadequately
reimbursed and competes with in-person care for clinicians
time [11].

A number of recently completed clinical trials and evidence
syntheses have shown that mobile health (mHealth) interventions
can improve self-care behaviors and physiologic risk factors
for poor outcomes of cardiovascular disease, including heart
failure [12-16]. For example, risk factor management using
interactive voice response (IVR) calls can improve dietary
behaviors and blood pressure control among hypertension
patients in the United States and Latin America [17-19], and
remote monitoring coupled with self-management assistance
has been shown to improve outcomes of cardiovascular disease
in a number of countries [20-25]. Despite these encouraging
findings, not al trials of HF self-management support via
mHealth tools have shown positive outcomes [26,27]. Without
substantial restructuring of financial incentives for health care
organizations and systems to follow up on identified problems,
increased monitoring may beinsufficient tofill the gap between
what HF patients need and what health systems can provide
[28,29].

One potentia solution to bridging the gap between the promise
and the practice of mHealth self-management assistance may
be to expand the reach of interventions so that they support not
only patients but also their informal caregivers. Informal
caregivers often help chronicaly ill patients follow
self-management recommendations by providing support that
is unavailable through professional care management [30-33].
However, in-home caregivers are often elderly, ill, and
overwhelmed [34,35]. Most in-home caregiverslack thetraining
and resources needed to systematically monitor HF patientsand
provide self-management assistance. Moreover, chronicaly ill

http://www.jmir.org/2015/6/e142/

patientsincreasingly have caregivers outside of the household,
making health and self-care monitoring much more difficult
[36,37].

The CarePartner program was developed through a series of
Veterans Affairs (VA) and non-VA pilot and feasibility studies
to address these challenges by enabling structured support by
informal caregivers (CarePartners) who reside outside the
patient’s home. Through this program, patients receive regular
monitoring and tailored self-management education via IVR
calls with feedback to their clinician. While evidence suggests
that between-visit mHealth assistance could be effective in
improving HF self-care and outcomes, it remains unclear
whether feedback to CarePartnersis helpful over and abovethe
support provided directly to patients and clinicians.

This study reports the results of a randomized comparative
effectiveness trial testing the impact of systematic feedback to
patients' CarePartners, compared to patientsreceiving standard
mHealth monitoring and self-management education. Analyses
focused on changes in patients HF-related quality of life,
self-care, and patient-CarePartner communication reported via
6- and 12-month surveys, as well as on patients’ medication
adherence and symptoms reported viaweekly IVR calls.

CarePartners also completed surveys at 6- and 12-months post
enrollment. The primary results of those assessments are
presented elsewhere [38]. In brief, CarePartners who
experienced significant caregiving strain and depression at
baseline experienced significant decreases in those symptoms
if randomized to receive systematic feedback about their
patient-partner’shealth and self-care, and al so reported increased
engagement in self-management support. In order to provide
additional information about the intervention experience from
the CarePartners’ perspective, here we briefly describe
qualitative feedback from CarePartners at follow-up as well as
their unsolicited repliesto email reports sent automatically based
on patients’ 1VR assessment calls.

Methods

Recruitment

Patients were recruited from VA Cleveland Medical Center
outpatient clinics between June 2009 and January 2012 and
were followed for 12 months. To be eligible, patients had to
have an HF diagnosis, New York Heart Association
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classification of 11 or 111, and a documented gjection fraction
<40% (see Multimedia Appendix 1). Patients also had to have
attended at least one VA outpatient visit within the previous 12
months, have a VA primary care provider, and be able to
participate in automated telephone calls in English. Patients
needed to nominate an eligible CarePartner, that is, a relative
or friend living outside their home. Patients were excluded if
they lived in a skilled nursing facility; were prescribed oxygen
supplementation; were receiving palliative care; had a
life-threating condition such aslung cancer; or had ICD-9 coded
diagnoses indicating dementia, bipolar disorder, or
schizophrenia.

Potentially eligible patients identified from electronic medical
records were sent an invitation letter, followed by a screening
and recruitment call. Eligible and interested patientswere mailed
informed consent forms and were assisted in identifying
potential CarePartners using the Norbeck Social Support
Questionnaire (NSSQ) [39]. To be eligible, CarePartners had
to live outside the patient’s home, speak English, have access
to a telephone and email, and report at least monthly contact
with the patient. CarePartners provided verbal consent to
participate.

Randomization

After completing baseline surveys, patient-CarePartner dyads
were randomized by a research associate to a patient-focused
mHealth service (standard mHealth) or a service that included
feedback to patients CarePartners (mHealth+CP). Pairs were
randomized within strata defined by whether the patient had an
in-home caregiver. Sealed randomization envel opeswere created
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by the study coordinator in blocks using an online random
number generator. It was impossible to blind patients to their
random assignment because patients and CarePartners were
aware whether the CarePartner received email feedback.

Standard mHealth I ntervention

Patients, CarePartners, and in-home caregivers (when present)
randomized to standard mHeal th were mailed information about
HF self-care [37]. Patients received weekly 1VR monitoring
and self-management support calls for 12 months. Up to nine
call attempts per week were made at timesthe patient indicated
were convenient. IVR callsincluded recorded information and
guestions that patients answered using their touchtone keypad.
The IVR calls were developed by a panel including primary
care physicians, cardiologists, nurses, and experts in health
behavior change and mHealth. Callslasted roughly 10 minutes
and followed a tree-structured algorithm to ask about overall
health, HF symptoms, and self-management behaviors. Patients
received pre-recorded information tailored to their reported
symptoms and self-care practices. See Figures 1 and 2 for
screenshots of the website used for enrollment and call
scheduling.

When patients reported an urgent issue vial VR (ie, worsening
shortness of breath or asignificant weight increase), the system
automatically issued a fax notification to their clinician. A
significant weight increase was defined as a 5-1b increase over
1 or 2 weeks, a 7-1b increase over 3 weeks, or an average gain
of 2 |bs per week since the last automated call if more than 3
weeks had elapsed. Actions taken by clinicians based on the
faxes were not tracked.
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Figure 1. Patient enrollment page.
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Figure 2. Call scheduling page.
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mHealth+CP | ntervention

The mHealth+CP intervention was based on self-regulation
theory, which emphasizes communication of expectations of
behavior (“standards’), promotion of motivation to mest
standards, and monitoring with feedback regarding the gap
between behavior and standards [40,41]. Patients and
CarePartners randomized to mHealth+CP received identical
intervention elements described above.

mHealth+CP CarePartners were automatically emailed a
structured report after each completed IVR call. CarePartner
reports were sent to their personal, individual email addresses,
which were stored in the system’s secure database at the
University of Michigan. Reports described in lay language what
patients' responses meant in terms of risk for HF exacerbations
and included suggestions for how CarePartners could support
self-management. Email reports referred to the patient using
gender-specific pronouns, for example, “Your partner did not

http://www.jmir.org/2015/6/e142/
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RenderX

weigh himself last week”, but were otherwise de-identified.
Reportsincluded feedback about the patient’smost recent i ssues
asreported during their VR call, including shortness of bresth,
medication adherence, salt, and fluid intake, and increases in
weight. CarePartners were asked to call their patient-partner
weekly to review the reports and address identified problems.

CarePartners received guidelines about how to communicate
in a positive motivating way, avoid conflict by respecting
boundaries, include in-home caregivers, and respect
confidentiality. Patients received anotebook including reminders
and tipsfor their weekly patient-CarePartner calls. CarePartners
received logbooks for tracking IVR reports, upcoming patient
contacts, clinical encounters, and medication refills.
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M easur ement

Baseline, 6-Month, and 12-Month Surveys

Patients HF-specific quality of life, self-care, and
patient-CarePartner communication were measured via
guantitative telephone surveys. Baseline sociodemographic
variables included patients age, race, marital status,
employment status, educational attainment, and income.
Patients' baseline depressive symptoms were measured using
the 10-item version of the CES-D [42]. CarePartners completed
online surveys at each time point; the current analyses include
baseline CarePartner characteristicsrelevant to the comparability
of groups at the time of randomization, and qualitative feedback
from CarePartners’ 12-month surveys.

The primary outcome was HF-specific quality of life at 12
months, as measured by the Minnesota Living with Heart Failure
Questionnaire (MLHFQ) [43]. HF self-care behaviors were
measured using the Revised Heart Failure Self-Care Behavior
Scale (HFSCB) [3]. A measure of HF medication adherence
was created using the HFSCB adherence items with which
patients reported how often they “took [their] pills every day”,
“took [their] pills as the doctor prescribed, ie, took al of the
doses of [their] pills’, “aways refilled prescriptions for [their]
pills on time”, and “had a system to help tell [them] when to
take[their] pills’. The adherence measure based on theseitems
was designed to identify patients reporting perfect adherence
(ie, a binary measure identifying patients reporting “aways”
engaging in al four behaviors). Binary indicators for perfect
adherence tend to correct for inflated adherence reporting
[44,45].

To identify changes in patient-CarePartner communication,
three relationship dimensionswere measured at each time point.
First, as an objective measure of communication intensity,
patients were asked how often over the prior 6 months they
communicated with their CarePartner by phone. Analyses
examined patients' likelihood of reporting that they spoke with
their CarePartner at least twice per week. Second, the affective
dimension of CarePartner support was measured using items
based on prior studies of caregiving relationships [46,47].
Patients were asked how often they experienced each of six
negative emotionswhen talking with their CarePartner (sadness,
loneliness, anger, tension, guilt, or frustration), and analyses
examined patients' likelihood of reporting that they regularly
experience one or more of these emations. Third, to understand
patients perspective of the difficulty involved in CarePartner
communication, analyses examined participants’ likelihood of
agreeing or strongly agreeing that it was “difficult to talk with
[their] CarePartner about [their] illness’.

Weekly | nteractive Voice Response Adherence and
Symptom Reports

Patients' 1V R medication adherence and symptom reportswere
examined as potential indicators of differences acrossarmsin
intervention effectiveness, because short-term reporting intervals
often provide information that is more reliable and less prone
to bias than retrospective recall surveys[48-50]. Patients were
considered adherent if they reported “always’ taking their HF
medication exactly as prescribed in the past week. Patientswere
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classified as experiencing shortness of breath if they reported
being bothered by shortness of breath “daily” or “several days”
in the prior week. Patients were coded as having a significant
weight gainif their reported weight met criteria described above.
Finally, patients were coded as having positive self-reported
health if they reported that their overall health was “excellent”
or “very good”.

CarePartner Feedback

Although replies were not solicited to email reports sent to
CarePartners based on the patient's IVR feedback, if
CarePartners did reply, that message was sent to the study
coordinator. Also, in 12-month follow-up interviews,
CarePartners were asked an open-ended question regarding
what they felt were the strengths of the program. Here we briefly
summarize both types of CarePartner feedback and include
exhaustive lists of CarePartner comments in Multimedia
Appendices 2 and 3.

Statistical Analysis

The sample included all patients with 12-month surveys plus
22 patientsfor whom 6-month survey datawere carried forward.
Initial analyses compared the baseline characteristics of patients
who did versus did not have 12-month data in the imputed
sample. Subsequent analyses compared patients and
CarePartners across armsin the samplewith outcome data. IVR
call completion rates were calculated using one record per week
of attempted IVR calls, that is, 52 call-weeks per patient minus
weeks in which the patient was on vacation or hospitalized.
Logistic models were used to predict patients' likelihood of
completing each weekly call as a function of arm, baseline
characteristics, and the number of weeks since enrollment.
Statistical tests for the analyses of call completion rates were
adjusted for clustering of call-weeks within patients.

The primary outcome was change in HF-specific quality of life
between baseline and 12 months. The study was powered to
detect amedium/small effect (d=.351) assuming a 20% lossto
follow-up, similar to that observed in the prior HF trial by Sisk
et a [51]. All outcomes were analyzed on an intent-to-treat
basis. The xtmixed and logistic regression commands in Stata
version 13.1 [52] were used to identify intervention effects on
patients HF-related quality of life, sef-care, and
patient-CarePartner communication. Predictorsfor each analysis
included an indicator for arm, time (baseline, 6-month, and
12-month), and an arm-by-time interaction. Effect estimates
represent differences across arms adjusted for baseline values.
To examine differences across arms in IVR reports of
medication adherence and symptoms, graphical displays were
created illustrating the proportion of patients reporting a given
outcome each week, separately by arm. Logistic regression
models were fitted to predict patients’ weekly IVR-reported
outcomes, with weekly reports clustered within patient. Models
included thefollowing predictors: arm, time, and an arm-by-time
interaction term. Variancesfor the estimated intervention effects
were adjusted for the within-patient correlation of 1VR reports
across weeks [53-55]. To illustrate the magnitude of
intervention-control differencesin IV R-reported outcomes, the
probability for each outcome at week 26 and 52 was predicted
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based on the logistic model separately for mHealth+CP and
standard mHealth groups.

Among patients with chronic medical problems, depressive
symptoms may influence their perceived health status even
more than objective symptoms and impairments resulting from
their medical condition [56]. Depressed patients often attribute
their difficulties to insufficient social support [57,58], and
CarePartners' support may have counteracted their tendency to
over-generalize health problems[59-61]. To test thishypothesis,
we examined a potential interaction between patients’ baseline
level of depressive symptoms (CES-D) and arm, with respect
to IVR reports of excellent/very good health. Specifically,
patients’ unadjusted frequency of reporting excellent/very good
health was examined graphically as described above, within
subgroups defined by baseline CES-D scores. Because graphical
displays suggested an inflection point with two very different
dopes, wefit logistic models separately for patientswith CES-D
scores that were low (0-4) versus high (5-10). Each model
included terms for am, basdline CESD score, an
arm-by-CES-D interaction, time, and an arm-by-timeinteraction.

Human Subjects Approval

The study protocol was approved by the Ann Arbor VA Human
Subjects Committee, and all patients provided written informed
consent. Patients and CarePartners received US $20 for
completed surveys; patients did not have financial incentives
for completing IVR calls. None of the authors had any financial
conflict of interest.

See Multimedia Appendix 4 for the CONSORT-EHEALTH
checklist [62].

Results

Recruitment and Basdline Char acteristics

A total of 4140 potentially eligible patientswereidentified from
electronic medical records. Of these, 372 were randomized, and
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331 (89%) had outcome data at 12 months (see Figure 3).
Patients lost to follow-up were less likely to report at baseline
that they spoke with their CarePartner at least twice per week
(43.9% versus 65.9%, P=.006) and had better baseline HF
self-care scores as measured by the HFSCB (P=.002) but were
not significantly different from patients with follow-up data on
any other characteristic shown in Table 1 (see a'so Multimedia
Appendix 5).

Patientsin both arms had similar baseline characteristics, except
that mHesalth+CP patientswere more likely to have ahigh school
education or less (Table 1). Education wasincluded in outcome
analyses as a control variable, although analyses not including
education as a covariate produced essentially the same results.
There were no significant baseline differences across arms in
measures of patient-CarePartner communication or in
CarePartner characteristics. As expected in a VA population,
most participants were male. Patients were on average 67.8
years of age (SD 10.2), 77.0% (255/331) were white, 48.0%
(159/331) had a high school education or less, 32.6% (108/331)
lived alone, and 87.6% (290/331) were retired or unemployed.
While most patients (65.9%, 218/331) reported at baseline that
they talked with their CarePartner by phone at least twice per
week over the prior 6 months, 44.8% (147/328) reported
regularly experiencing one or more negative emotions during
those conversations, and 21.5% (71/331) agreed that it was
difficult to talk with their CarePartner about their illness.
Compared to patients, CarePartners were younger, more likely
to be female, more likely to be employed, and had more years
of education. A total of 41.4% (137/331) of CarePartners were
the patients' daughters/daughter-in-laws, 20.2% (67/331) were
sonsg/son-in-laws, 11.2% (37/331) were friends, 9.1% (30/331)
were sisters/sisters-in-laws, and the remaining 18.1% (60/331)
were other family and social network members.
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Table 1. Baseline characteristics of the sample.

Overall (n=331) Standard mHealth (n=165) mHealth+CP (n=166)
Patient characteristics
Agein years, mean (SD) 67.8 (10.2) 68.1 (10.1) 67.6 (10.3)
Male, % () 99.4 (329) 98.8 (163) 100.0 (166)
White race, % (n) 77.0 (255) 77.0 (127) 77.1(128)
Married/Partnered, % (n) 58.9 (195) 61.2 (101) 56.6 (94)
High school or less, % (n) 48.0 (159) 41.8 (69) 54.2 (90)
Live alone, % (n) 32.6 (108) 32.7 (54) 32.5 (54)
Unemployed/retired, % (n) 87.6 (290) 86.1 (142) 89.2 (148)
Income <$15,000, % (n) 31.4 (104) 30.3(50) 32.5 (54)
CES-D Depression, mean (SD) 3.0(25) 3.0(25) 3.0(25)
MLHFQ® mean (SD) 433(25.3) 43.0 (26.4) 48.8 (24.3)
HFSCB®, mean (SD) 82.8 (17.9) 82.6 (19.2) 83.0 (16.5)
Adherent to HF Rx%,% (n) 52.3 (173) 50.3 (83) 54.2 (90)
Relationship quality d o9 (n)
Talk 2+ times/ week 65.9 (218) 66.1 (109) 65.7 (109)
Negative emotions® 44.8 (147) 45.4 (74) 44.2 (73)
Perceived difficulty 21.5(71) 18.8(31) 24.1 (40)
CarePartner characteristics
Agein years, mean (SD) 46.7 (13.2) 47.2 (14.5) 46.2 (11.9)
Male, % (n) 35.0 (116) 32.7 (54) 37.3(62)
Married/Partnered, % (n) 68.6 (227) 67.3 (111) 69.9 (116)
High school or less, % (n) 27.8(92) 23.6 (39) 31.9 (53)
Unemployed/retired, % (n) 36.9 (122) 38.8 (64) 34.9 (58)

AMinnesota Living with Heart Failure Questionnaire Scores. Lower scores indicate better functioning.
bRevised Heart Failure Self-Care Behavior Scale. Higher scores indicate better HF self-care.

CPercent of patients with perfect HF medication adherence over the prior month as measured by the four HFSCB items focused on adherence (see
Methods).

dpatients reports regarding their relationship with their CarePartner.

®Percent of patients who report regularly experiencing any of six negative emotions when talking with their CarePartner (sadness, loneliness, anger,
tension, guilt, or frustration).

fPercent of patients who agree that it is “difficult to talk to [their] CarePartner about [their] illness’.
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Figure 3. CONSORT Diagram for participantsin the trial.
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I nteractive Voice Response Call Completion

Patients participated for a total of 15,709 call-weeks, during
which they completed 14,175 calls, for a completion rate of
90.2%. IV R compl etion rates were essentially the same between
mHealth+CP and standard mHealth arms (90.8% versus 89.7%),
and there was no change in patients’ likelihood of completing
IVR callsthroughout follow-up (P=.19). Thelikelihood of call
completion was unrelated to patients baseline HF-specific
quality of life (MLHFQ) scores, HF self-management scores,
CES-D scores, or measures of patient-CarePartner relationship
quality (all Pvalues=.15). VR callsgenerated fax notifications
to clinicians 1606 times (11.3% of completed calls), including
743 for weight gain, 774 for shortness of breath, and 89 for both
problems. Therewere no differencesin the number of fax alerts
to clinicians between arms (P=.52).

http://www.jmir.org/2015/6/e142/
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Intervention Effects

Effects on Quality of Life, Self-Care, and CarePartner
Communication Measured via Surveys at 6 and 12
Months

There were no differences by arm at either 6 or 12 monthsin
HF quality of life (MLHFQ) scores (Table 2; both P>.21).
Overall, there were no differences by arm in HF self-care
behaviors measured by the HFSCB composite score. However,
based on the four HFSCB items addressing HF medication
adherence, mHealth+CP patients were 8.8% more likely than
standard mHealth patients to report taking medication exactly
as prescribed at 6 months (62.8% versus 54.0%, P=.02) and
13.8% more likely at 12 months (66.4% versus 52.6%, P=.01).
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Table 2. Intervention effects measured via 6- and 12-month surveys.
Baseline to 6 months Baseline to 12 months
mHealth+CP effect P value mHeal th+CP effect P value
(95% CI) (95% CI)
Quality of lifeand self-care
MLHFQ? +2.66 (-1.51 t0 6.82) 21 0.74 (-4.62 t0 4.77) .98
HFscBP -2.33(-6.00 to 1.35) 21 -1.08 (-4.74 to 2.58) 56
Adherent to HF Rx® +8.8% (1.2-16.5) .02 +13.8% (3.7-23.8) .01
Relationship quality d
Talk 2+ times/ week +10.2% (0.0-20.5) 048 0.02% (-8.8%, 12.1%) 76
Negative emotions® -9.9% (-19.8t0-0.1) .049 -13.8% (-23.4t0-4.2) .01
Perceived difficulty -2.3% (-10.1t0 5.5) 56 -8.3% (-16.6 0 0.0) .049

AMinnesota Living with Heart Failure Questionnaire Scores. Lower scores indicate better functioning.
bRevised Heart Failure Self-Care Behavior Scale. Higher scores indicate better HF self-care.
CPatients’ likelihood of reporting perfect HF medication adherence over the prior 30 days as measured by the four HFSCB items focused on heart failure

medication use (see M ethods).
dpatients reports regarding their relationship with their CarePartner.

patients’ likelihood of reporting regularly experiencing any of six negative emotions when talking with their CarePartner (sadness, loneliness, anger,

tension, guilt, or frustration).

fPatients’ likelihood of agreeing that it is“ difficult to talk to [their] CarePartner about [their] illness’.

Patients’ survey responsesindicated that dyadic communication
with their CarePartner was more active and positive in the
mHealth+CP arm. For example, in the 6-month survey,
mHealth+CP patients had an absolute 10.2% greater likelihood
than standard mHealth patients of reporting talking with their
CarePartner at least twice per week over the prior 6 months
(70.2% versus 60.0%; P=.048). mHealth+CP patients were
significantly lesslikely than standard mHealth patientsto report
regularly experiencing negative emotions when talking with
their CarePartner at the 6-month (31.9% versus 41.8%, P=.049)
and 12-month follow-up (26.6% versus 40.4%, P=.01). Also,
at the 12-month follow-up, mHealth+CP patients were 8.3%
less likely than standard mHealth patients to agree that it was
difficult for them to talk with their CarePartner about their
illness (16.2% versus 24.5%; P=.049).

Effects on Adherence and Symptoms Reported Weekly
via | nteractive Voice Response

Displays of the unadjusted proportion of patients reporting
perfect medication adherence, shortness of breath, and
concerning weight changes via | VR suggested differences that
favored mHealth+CP (Figure 4). These findings were
substantiated by logistic regression analyses. Throughout the
1-year intervention, mHealth+CP patients were consistently
more likely than standard mHealth patientsto report perfect HF
medication adherence over the prior week (main effect for arm,
ie, 3=.5092; 95% CI 0.0857-0.9329; P=.02). There were no
differences in time-trends in adherence reports across arms
(P=.41), and the arm-by-time interaction term was excluded
fromthefinal model. Based on thelogistic model, mHealth+CP

http://www.jmir.org/2015/6/e142/

patients had an 8.3% absolute greater likelihood of reporting
perfect HF medication adherencein the prior week at 6 months
(83.7% versus 75.4% for standard mHealth) and a 10.0% greater
likelihood at 12 months (84.9% versus 74.9%).

Over the course of follow-up, mHealth+CP patients became
increasingly lesslikely than standard mHealth patientsto report
shortness of breath during the prior week (arm-by-time
interaction 3=-.0114; 95% CI -0.0206 to -0.0022; P=.049). The
main effect of arm was not statistically significant ([3=.0894;
95% Cl -0.2857 to 0.4644; P=.64). mHealth+CP patients had
a4% absol ute reduction compared to standard mHealth patients
in the likelihood of reporting shortness of breath at 6 months
(57% versus 61%) and an 11.1% reduction at 12 months (50.1%
versus 61.2%).

A significant arm-by-timeinteraction indicated that mHealth+CP
patients were significantly less likely than standard mHealth
patients to experience clinically significant weight increases
(RB=-.0148; 95% CI -0.0232 to -0.0064; P=.01). The main effect
of armwas not statistically significant (3=.0454; 95% ClI -0.2147
to 0.3055; P=.73). At 12 months, mHealth+CP patients had an
absolute 2.4% decreasein the likelihood of generating aclinician
notification for weight gain, relative to standard mHealth
patients. Given the expected 12-month rate of significant weight
increase in the standard mHealth group (5.4%), the reduction
in the mHeath+CP arm represents a 44.4% relative
improvement.

With respect to patients’ reports of excellent/very good health,
arm had neither a main effect (3=-.1469; 95% CI -0.5366 to
0.2427; P=.39) nor an interaction with time (P=.70).
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Figure4. Unadjusted self-care and health status reports for patientsin each randomization group by week since enrollment: Standard mHealth=patients
randomized to IV R monitoring and self-care support with clinician alerts, mHeal th+CP=patients randomized to the same intervention + weekly feedback
to patients' CarePartners. The Y-axis for each panel differsin scale; bars represent the proportion of patients responding with that report. P values are
from logistic regression models testing differences across arms. P values <.05 represent significant effects favoring mHealth+CP. A: Reports of always
taking heart failure medication exactly as prescribed in the prior week. B: Reports of being bothered by shortness of breath every day or several days
inthe prior week. C: Clinically significant weight gain generating anotification to patients’ healthcare team. D: Reports of very good or excellent health

(versus good, fair, or poor health) in the prior week.
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Auxiliary Analysis of the I nteraction Between
Randomization Arm and Baseline Depression Scores
With Respect to Perceived Health Status Reported via
I nteractive Voice Response

Among patients randomized to standard mHealth, there was a
strong negative association between higher (ie, worse) baseline
CES-D depression scores and patients’ likelihood of reporting
excellent healthvial VR (see Figure5). In contrast, IVR reports
of excellent health status were roughly constant in the
mHealth+CP arm, regardless of the patient’s baseline level of
depressive symptoms. The leveling of mHealth+CP patients

perceived health reports across baseline CESD-levels reflected
asomewhat lower proportion of mHealth+CP patients reporting
excellent/very good health relative to standard mHealth patients
when baseline CES-D scoreswerelow, aswell asasubstantially

http://www.jmir.org/2015/6/e142/
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higher proportion reporting excellent/very good health among
thosewith greater baseline depressive symptoms. In multivariate
analyses examining the effect of arm on patients' likelihood of
reporting excellent health status separately in groups with low
CES-D (scores 0-4) and high baseline CES-D (5+) scores, the
effect of mHeath+CP was significant in both groups.
mHealth+CP had a positive effect among patients with higher
baseline CES-D scores (3=1.27; 95% Cl 0.42-2.12; P<.01), and
a smaller negative effect among patients with lower baseline
CES-D scores (3=-.46; CI -0.90 to -0.028; P=.04). According
to these models, patientswith abaseline CES-D score of 1 were
11% less likely to report excellent/very good health if
randomized to mHealth+CP, while patients with a baseline
CES-D scoreof 8 were 22% morelikely to report excellent/very
good health if randomized to mHealth+CP relative to the control

group.
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Figure5. Unadjusted reports of excellent/very good health for patientsin each randomization group by baseline CES-D depression score. Higher scores

indicated greater depressive symptoms.
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CarePartner Feedback

Although mHealth+CP CarePartners’ responsesto | VR reports
were not systematically tracked, many CarePartners did reply
to those email reports, and their messages suggested that the
structured alerts were read and acted upon (see Multimedia
Appendix 2). Examples of text from those CarePartner replies
include:

Hi. Thanks, there is nothing to report. He is doing
quite well, thank you for your continuing caring and
support.

Hi. [Patient-partner’'s name] is coming alone fine,
he was hospitalized for a few days dueto an infection

http://www.jmir.org/2015/6/e142/
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Standard mHealth

mHealth+CP

012345678910

from his dialysis treatment, he is doing better today,
he just returned from dialysis treatment. Thank you.

Yes he has had a little shortness of breath and has
sought council [sic] from his doctor. Thank you.

Qualitative feedback from mHealth+CP CarePartners in their
12-month online follow-up survey also suggested that they felt
that the feedback about their patient-partner was useful and that
they were using that information as the basis for a stronger,
more active relationship related to their partner’sHF (see Table
3 for example quotes and Multimedia Appendix 3 for an
exhaustive list of CarePartner comments). Comments suggest
that CarePartners found the intervention useful not only for
increasing theinformation base of their self-care assistance, but
that it also served asavehiclefor strengthening their relationship
with their patient-partner more generaly.
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Table 3. Example of responses to open-ended questions to mHealth+CP CarePartners in their 12-month follow-up survey regarding the perceived

strengths of the program.

Category Responses

Informational support and general knowledge about
heart failure

| learned alot about heart failure by being in the program. My father learned alot too!

[The program] gave me better insight into my dad’s health.

It kept my relative in areporting mode where he had to think about what he needed to do be-
cause someone would be checking in with him.

| appreciated the weekly update regarding medications.

[I'liked] the CarePartner calls. The monitoring program is awesome.

[I liked that] even if | hadn’t spoke with him yet, | knew from the email, he was ok.

Improved communication, reassurance, and relation-
ship quality

[The program] helped my brother and | to get closer and communicate better.

Communication about heart failure was more open.

[The program] helped me understand my dad better.

| liked that my dad told me alot more about his health.

| felt more comfortable talking to my brother about his heart failure.

[The program] helps me to keep in touch with my cousin on aregular basis.

Ease of use and general positive comments

[mHealth+CP was] friendly, easy to understand, the questionnaire was easy to navigate.

It was not very intrusive.

Asfar aswhat | liked about the program, the fact that it even exists! It awonderful ideaand
hopefully will yield results that are helpful to your patients.

I think it made my Dad alittle more responsible because he was more accountableto an outside

party.

Discussion

Principal Findings

In this randomized comparative effectiveness trial, no group
differences were identified at 6 or 12 months in the primary
outcome of HF-specific quality of life or the composite measure
of HF self-care. However, a number of potentially important
differencesin the process and outcomes of care wereidentified
that favored mHealth+CP compared to standard mHealth. For
example, in both follow-up surveys, a greater proportion of
mHealth+CP patients reported perfect medication adherence,
and mHealth+CP patients were consistently more likely
throughout the 1-year follow-up to report vial VR that they took
their HF medications as prescribed during the prior week.
mHealth+CP patients also had a significantly greater decrease
in their likelihood of reporting shortness of breath vialVR and
were lesslikely to report clinically significant weight gains.

The strongly negative association between patients baseline
depressive symptoms and IVR reports of perceived general
health that we observed in the standard mHealth group was not
apparent among patients who were randomized to mHealth+CP.
In particular, patients with more severe depressive symptoms
a baseline were relatively likely to make positive
self-assessments about their health via VR if they were in the
mHealth+CP arm. This finding (as well as the feedback from
CarePartners presented here) is consistent with studies
suggesting that social support can have powerful impacts on
patients well-being over and above the concrete benefits in
terms of specific self-management behaviors [58].

http://www.jmir.org/2015/6/e142/

These intervention effects represent positive impacts in some
of the most fundamental areas of HF-related self-care and
morbidity. Medication adherence is vital for HF patients, and
poor adherence is a major predictor of acute events [63].
Shortness of breath and rapid weight gain are correlates of
patients functional decline and used as sentinel events to
identify patients at high risk for acute episodes. If these risk
factors can be effectively addressed via mHealth services such
as this one that focus on increasing caregiver support instead
of the use of costly medical services, it would represent amajor
advance.

It isimportant to emphasize that these intervention effectswere
observed in a comparative effectiveness trial, over and above
potential changes in health and self-care among patients
receiving an active control intervention. All participants
identified a CarePartner prior to randomization, and control
patients and CarePartners received considerable information
about HF self-care and self-management support. Control
patients also received weekly VR monitoring and
self-management support callswith feedback to their clinician.

A soon-to-be-published companion paper using survey data
from CarePartnersin thissametria providesadditional positive
information consistent with the patient information reported
here [38]. Compared to CarePartners in the standard mHealth
arm, those randomized to mHealth+CP reported greater
involvement in the patient’s medication adherence at both
endpoints (both P<.05). mHealth+CP CarePartners also were
more likely to report attending the patient’s medical visits at
the 6-month follow-up. Importantly, CarePartnersreporting the
most symptoms of depression and strain at baseline had those
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symptoms significantly reduced if the CarePartner was in the
mHealth+CP versus standard mHealth arm. These CarePartner
reports as well as the qualitative feedback from CarePartners
reported here suggest that involvement in mHealth information
exchange may significantly improve relationship quality and
self-management assistance for patients with chronic health
problems. The qualitative feedback presented in Table 3 and
Multimedia Appendix 3 is particularly interesting—since many
mHealth+CP CarePartners volunteered that the intervention
served to strengthen their relationship with their patient-partner.

The 1-week reporting interval used for the IV R-based outcome
measures may have been more sensitive to intervention effects
than the 6- and 12-month surveys. Differences across armsin
IVR-reported adherence were consistent over the 12-month
follow-up, and improvementsin shortness of breath and weight
became evident only after several months of program
participation. This suggests that the pattern of effectsis not the
result of biased reporting, which tends to be immediate and
short-lived [64]. Also, improvements in health and self-care
measured via IVR were consistent with patients' improved
medication adherence reported in both follow-up surveys and
with reports of more frequent supportive communication with
CarePartners. More generally, reports of health behaviors are
more reliable when reporting intervals are brief, avoiding the
biases associated with longer periods of retrospective recall
[44,45,49,50,65].

Limitations

Thistrial had several limitations. It ispossiblethat patientswere
biased about their medication adherence reporting in order to
avoid burden for their CarePartner or conflict in therelationship.
However, prior studies have shown that patients' medication
self-reports are highly correlated with objective measures of
medication use, especially when the recall interval is short and
the measure is designed to identify even mild forms of
non-adherence [44,45]. Also, other positive reports from both
patients and CarePartnersin thistrial corroborate patients’ IVR
reports of medication adherence when randomized to
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mHealth+CP. Nevertheless, it would be important to confirm
these findings with medication refill data. Similarly, it would
be useful to verify patients self-reported weights using
data-storing electronic scales. Another limitation isthat thetrial
was conducted among VA patients, nearly al of whom were
men. Caregiving dynamics differ by patients’ demographic and
clinical characteristics, and future studies should determine
whether results can be replicated in other populations, including
non-VA patients and women. Some important clinical
information about participantswas not collected during thetrial.
For example, we do not know whether patients underwent
cardiac surgery, resynchronization therapy, or revascul arization.
While we have no indication that randomization was
unsuccessful, and patients in both groups were well matched
on awide range of baseline characteristics, it remains possible
that unobserved differences in patients' clinical status at the
time of enrollment may have contributed to the intervention
effects observed. Finally, our study had several outcomes
measured at two time points, and multiple comparisons may
have contributed to the findings. However, results were
consistent with the study’s theoretical framework, and
significant results were consistently in the same direction, that
is, favoring mHealth+CP over standard mHealth.

Conclusions

This comparative effectivenesstrial suggeststhat, although not
all outcomes were different across arms at follow-up (notably
HF-specific quality of life and a composite measure of HF
self-care), providing caregivers with automated updates and
guidance on self-care support may enhance the beneficial effects
of mHealth for HF patients’ health and self-management. Given
increasing numbers of patients with chronic illness and the
growing strains on clinical resources, heath systems using
mHealth approaches should consider creative ways to engage
patients' social supporters to play a more active role. Finaly,
trials such asthis onethat include frequent mHealth monitoring
may uncover intervention effects that are missed through more
intermittent surveys and lengthy retrospective recal intervals.
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Multimedia Appendix 2
Unsolicited email replies from CarePartners when receiving feedback about the status of their patient-partner.
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Multimedia Appendix 3

Responsesto open-ended questionsto mHealth+CP CarePartnersin their 12-month onlinefollow-up survey regarding the perceived
strengths of the program.
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Multimedia Appendix 4
CONSORT-EHEALTH checklist V1.6.2 [65].
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Multimedia Appendix 5
Comparison of baseline characteristics for patients with and without follow-up data.
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Abstract

Background: Many concerns have been raised about pharmaceutical companies marketing their drugs directly to consumers
on social media. Thisform of direct-to-consumer advertising (DTCA) can be interactive and, because it is largely unmonitored,
the benefits of pharmaceutical treatment could easily be overemphasized compared to therisks. Additionally, nonexpert consumers
can share their own drug product testimonials on social mediaand illegal online pharmacies can market their services on popular
social mediasites. Thereisgreat potentia for the public to be exposed to miseading or dangerousinformation about pharmaceutical
drugs on social media.

Objective: Our central aim was to examine how pharmaceutical companies use social mediato interact with the general public
and market their drugs. We also sought to analyze the nature of information that appears in search results for widely used
pharmaceutical drugs in the United States on Facebook, Twitter, and YouTube with a particular emphasis on the presence of
illegal pharmacies.

Methods: Content analyses were performed on (1) social media content on the Facebook, Twitter, and YouTube accounts of
the top 15 pharmaceutical companies in the world and (2) the content that appears when searching on Facebook, Twitter, and
YouTube for the top 20 pharmaceutical drugs purchased in the United States. Notably, for the company-specific analysis, we
examined the presence of information similar to variousformsof DTCA, the audience reach of company postings, and the quantity
and quality of company-consumer interaction. For the drug-specific analysis, we documented the presence of illegal pharmacies,
personal testimonials, and drug efficacy claims.

Results: From the company-specific analysis, we found information similar to help-seeking DTCA in 40.7% (301/740) of
pharmaceutical companies’ social media posts. Drug product claims were present in only 1.6% (12/740) of posts. Overall, there
was a substantial amount of consumers who interacted with pharmaceutical companies through commenting (23.9%, 177/740).
For the drug-specific analysis, we found that the majority of search results contained drug product claims (69.4%, 482/695); more
claims mentioned only benefits (44.8%, 216/482) relative to only risks (27.2%, 131/482). Additionally, approximately 25%
(150/603) of posts on Twitter and YouTube were presented as personal testimonials. A considerable percentage of content on
Facebook contained advertisements for illegal online pharmacies (17%, 16/92).

Conclusions: Pharmaceutical companies avoid making drug product claims on their social media accounts but frequently post
content that is consistent with FDA definitions for help-seeking DTCA. Thousands of people often view content posted by
pharmaceutical companies on social media; usersal so share company postings making both direct and indirect influence possible.
Finally, people are likely to be exposed to drug product claims and information about illegal pharmacies when searching for
information about popular pharmaceutical drugs on social media.

(J Med Internet Res 2015;17(6):€130) doi:10.2196/jmir.4357
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Introduction

Background

Direct-to-consumer advertising (DTCA) of pharmaceutical
products is an increasingly used but widely debated practice
[1,2]. Electronic DTCA (eDTCA), in particular, is a rapidly
growing marketing strategy [3] that was recently declared a
“global health challenge” [4]. In particular, the features and
affordances of social media(ie, interactive Web platformswhere
users can connect, collaborate, and exchange user-generated
content) add complexity to pharmaceutical drug marketing. For
instance, pharmaceutical companies can quickly and cheaply
reach avariety of consumers onlinewith multimodal, interactive,
promotional activities, and consumers can produce promotional
content as well [3]. Despite growing concerns about harmful
effects, there is a lack of academic research on eDTCA [5].
Given that approximately 75% of adults online in the United
States use social media frequently [6], it is critical to examine
how social media are being used for eDTCA [4,5]. This study
seeks to further our understanding of eDTCA by examining
how pharmaceutical companies use social mediato interact with
the genera public and market their drugs.

In addition to pharmaceutical companies’ official social media
accounts, it is important to document what information
consumers are exposed to when searching popular social media
sites for drug information. Researchers have noted that other
consumers’ reviews and testimonial's are often quite persuasive
[3-5]. The extent to which nonexperts make drug efficacy claims
and share personal testimonials on social media currently has
not been well documented despite the potential for such
information to highly influence viewers. Public health officials
arealso greatly concerned that social mediasitesare being used
to promote or host illegal pharmaciesthat directly harm patients
[3,7,8]. The presence of drug efficacy claims and illegal
pharmacies on social media sites is important to examine
because these media have the potential to convey a degree of
credibility to content they host [9]. Put differently, people might
trust the claims made by illegal pharmacies or nonexperts more
when the claims are hosted on popular social media sites than
on strange or unknown websites. To better understand the
preval ence of these concerns and how severely the public might
be affected by drug information on social media, we analyzed
the nature of information resulting from searches for the 20
most highly sold drugs in the United States on Facebook,
Twitter, and YouTube.

Phar maceutical Drug Marketing Via Social Media

The practice of DTCA is controversial. Proponents suggest
DTCA haspositive effects, such as generating disease awareness
and increasing patient involvement in health decisions, but
opponents suggest DTCA promotes misinformation,
overemphasi zes the benefits of pharmaceutical treatment over
the risks, increases inappropriate prescribing, and more
[2,10,11]. Due to these concerns, the US Food and Drug

http://www.jmir.org/2015/6/€130/

Administration (FDA) regulates the content of DTCA, banning
al untruthful or misleading advertisements [2]. Additionally,
the FDA requires product claim advertisements, a specific type
of DTCA that names the drug and the condition(s) it treats, to
present a“fair balance” of the benefits and risks of product use.
In print advertisements, pharmaceutical companies must provide
abrief summary of all risks associated with product use to meet
fair-balance requirements. For broadcast advertisements, a
statement of the major risks and information on whereto locate
complete risk information is required. The 2 other types of
DTCA, reminder advertisements and help-seeking
advertisements, do not indicate which condition(s) a product
treats and thus are not subject to fair-balance rules. Reminder
advertisements name the drug and often include information on
dosage form or price. Help-seeking advertisements describe a
health condition and encourage consumers to discuss the
condition and potential treatment options with their doctor.

Online promotional activities, or eDTCA, now occupy an
increased share of pharmaceutical companies’ marketing budgets
and more companies are marketing through social media[2,3].
Public health researchers have documented the negative effects
that can occur from frequent and widespread eDTCA [3/4].
However, it remains unclear how pharmaceutical companies
are currently using social mediato market their drugs. Prior to
changes in Facebook’s commenting policy, many companies
had specific social media pages for their products [3,12].
Although most product-specific pages have since been
discontinued, pharmaceutical companies still maintain official
social media accounts. As such, the first step of this study was
to assess the extent to which information akin to the 3 forms of
DTCA is present on major pharmaceutical companies’ official
social mediaaccounts. We a so documented the audience reach
of eDTCA and whether companies are adhering to the FDA's
fair-balance guidelines on socia media.

In addition to eDTCA shared directly by companies, the
interactive nature of social media has raised concerns that
consumers might provideinaccurate and dangerousinformation
about drugs on the official socid media platforms of
pharmaceutical companies [5]. People might be more likely to
trust information posted by an outside source, particularly if the
source claimsto have personal experience with the topic at hand
[3-5]. Additionally, pharmaceutical companies can potentially
delete or alter negative consumer reviews, leaving only the most
flattering portrayals behind [4]. Accordingly, we examined
whether pharmaceutical companies provideformal policiesthat
regulate what users can post to their official social media
accounts (hereafter user postings/contributions are referred to
as “user-generated content”) and the frequency and nature of
the posted user-generated content. Specifically, we examine
whether users posted personal testimonials about health-related
issues, the tone of user-generated comments, and the degree to
which companies interacted with consumers.
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Information About Pharmaceutical Drugs on Social
Media

Although people can get information directly from
pharmaceutical companies sites, they can also search for
information about particular drugs within popular social media
sites. In particular, Facebook, Twitter, and YouTube are 3 of
the most common socia media platforms [5,6,13,14] that
provide search capabilities; in a recent survey, 40% of
participants had searched for health information on general
social mediasites such asthese before[13]. The pharmaceutical
drug information shared on these sites could have alarge impact
on their users treatment decisions. Specificaly, personal
testimonials and drug efficacy claims, particularly from people
unaffiliated with the pharmaceutical company, can be highly
influential [3-5]. What information are people exposed to when
they search for pharmaceutical drugs on socia media? To
address this question, we analyzed the nature of information
people are exposed to when searching for the 20 most highly
sold drugs in the United States on Facebook, Twitter, and
YouTube.

Of critical interest to public health researchers is the extent to
which illegal pharmacies are allowed to persist online. Illegal
pharmacies are sites where consumers can purchase prescription
drugs without a prescription and can compromise public safety
by providing drugs to people who have not consulted medical
officials and/or by providing counterfeit drugs that are
ineffective, lead to injury, or cause death [7,8,12,15]. Given
these serious implications for public health safety, we assessed
the extent to which people are exposed to illegal pharmacies
when searching on popular social media sites for commonly
purchased pharmaceutical drugs.

Table 1. Pharmaceutical companies and drugs examined.

Tyrawski & DeAndrea

In analyzing the results that appear when people search for
pharmaceutical drugs on Facebook, Twitter, and YouTube, we
more broadly documented the audience reach of the resulting
pages and classified who control sthe social mediaaccounts (ie,
is the site proprietor the pharmaceutical company or a
consumer). We also documented the format and tone of the
information posted as well as the nature of the associated
user-generated comments.

To summarize, we sought to answer the following research
guestions:

1 To what extent is eDTCA present on pharmaceutical
companies’ social media accounts?

2. What isthe nature of the user-generated content present on
pharmaceutical companies’ social media accounts?

3. To what extent are (1) drug efficacy claims, (2) personal
testimonials, and (3) illegal pharmacies present when
searching on popular social mediasitesfor pharmaceutical
drugs?

Methods

Two content analyses (company-specific and drug-specific)
were conducted. For the company-specific analysis, the social
media content of the top 15 pharmaceutical companies in the
global and US Fortune 500 rankings were analyzed [16,17].
The drug-specific content analysis examined information on
Facebook, Twitter, and YouTube about the top 20 drugsin 2013
based on US spending [18]. Table 1 lists the pharmaceutical
companies and drugs examined.

Companies Drugs

Johnson & Johnson Abilify

Novartis Nexium

Pfizer Humira

Roche Group Crestor

Sanofi Cymbalta

Merck Advair Diskus
GlaxoSmithKline Enbrel

Sinopharm Remicade

AstraZeneca Copaxone

Eli Lilly & Company Neulasta

AbbVielnc Rituxan

Bristol-Myers Squibb Co Lantus SoloSTAR/Lantus
Gilead Sciences, Inc Spiriva Handihaler
Biogen Idec Inc Atripla

Mylan Inc Januvia, Avastin, OxyContin, Lyrica, Epogen, and Celebrex
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Sample

Company-Specific Analysis

We analyzed (1) the social mediainformation on the company’s
website; (2) each company’s Facebook, Twitter, and YouTube
page-level characteristics (eg, overal number of followers,
commenting policies); (3) randomly selected posts appearing
on those pages; and (4) user-generated comments on the

Figure 1. Example Facebook page from company-specific analysis.

October is Breast Cancer Awareness Month. If you or someone you care for is
coping with cancer, visit www.MerckEngage.com for helpful resources and

Timeline About Photos
BEQBLE > 0 Merck shared a link.
15,912 likes
ABOUT > information.
This site is intended only for residents of the United Heal
States and its territories. Merck, known as MSD
outside the United States and Canada, is an...
READ MORE .
http:/ fwww. Merck.com/

Figure 2. Example tweet from company-specific analysis.

Follow

e, Lilly Health News

Health LillyHealth

You'd ask your server a menu guestion. Why
not ask your doctor about #diabetes? Tips
on starting the conversation: ow.ly/zklOK

+ Reply 3 Retweet % Favorite =+ More

Drug-Specific Analysis

For Facebook and YouTube, each drug’s name was entered into
the site's search bar. Because most people do not venture past
the first page of search results [19], the top 10 results were
selected. Additionally, we collected the 10 most recent
user-generated comments on the selected pages. For Twitter,
we searched for each drug using a hashtag with the drug name
(eg, #ahilify) and randomly selected 20 tweets made within a
1-year time period (October 1, 2013-September 30, 2014). See
Figure 3 for an example tweet from the drug-specific analysis.
As in previous social media analyses, the sample was limited
to content written in English [20,21]. A tota of 800
pages/tweets/videos were analyzed.
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randomly selected posts. For theindividual posts, we randomly
selected 20 posts from each site during a 1-year time frame
(October 1, 2013-September 30, 2014). For pages with fewer
than 20 posts in the time frame, the 20 most recent posts were
selected. A total of 740 posts and 348 user-generated comments
were analyzed. See Figures 1 and 2 for examples of content
analyzed in the company-specific analysis.
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Company-Specific Variables

Social Media Sites

Any social mediasite links on the company’s official webpage,
including Facebook, Twitter, YouTube, Google+, Linkedin,
Flickr, Instagram, Pinterest, or blogs, were recorded.

Audience Reach

As in other content analyses of social media, the page likes
(Facebook), followers (Twitter), and subscribers (YouTube)
were coded to assess audience reach [20,22].
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Page Commenting Policy

For each page, the presence or absence of a policy for
user-generated commentswas recorded. If acommenting policy
existed, we assessed whether it prohibited discussions of (1)
drug products, (2) drug benefits, and (3) drug risks, and whether
the palicy stated (4) the company would remove misinformation
and (5) how users should report adverse events to the FDA.

Post/Comment Source

We assessed whether the content was originally authored by
(2) the pharmaceutical company, (2) other for-profit company,
(3) media outlet (news, television, radio, etc), (4) government
agency, (5) nonprofit or academic organization, (6) consumer,
or (7) other source. These categorieswere adapted from previous
social media content analyses [23,24].

Post/Comment Content

We coded the presence or absence of the following content for
each post/comment. Using the FDA's DTCA definitions, a
post/comment could include (1) drug product claims or
information about a specific drug and condition(s) it treats, (2)
reminder information or information about a specific drug
without uses, or (3) help-seeking information or information
about a health condition without mentioning a treatment. For
drug product claims, it was aso noted whether the content
included benefit and/or risk information. Additionally, content
could include (4) nondrug treatment or information about
nonpharmaceutical options to treat conditions and/or improve
physical or mental health, (5) company information or news,
or (6) job information/career opportunities.

Post/Comment Format

Based on previously used categories [19], we assessed the
format of the information posted online. Information could be
presented as either one or a combination of the following: (1)
video, (2) image, (3) audio, and/or (4) text. Additionaly, a
post/comment could be an (5) interactive click-and-choose
activity (poll, quiz, contest, or game) or (6) personalized/tailored
content, where users receive a unique response based on
provided information. We also coded whether a post/comment
was presented as a testimonial (personal experience or story)
or as didactic information (facts, reasons, or opinions without
personal experience).

Post I nteractivity

The interactivity of the post was assessed in multiple ways.
First, following previous socia media studies, we coded

http://www.jmir.org/2015/6/€130/
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audience engagement as the number of “likes’ (Facebook,
YouTube), views (YouTube), shares (Facebook), and retweets
and favorites (Twitter) [20,24]. Second, we assessed whether
commenting was allowed and, if so, if the post solicited
comments (ie, directly asked usersto comment, retweet, or share
the content) [19]. Third, the number of user-generated comments
on each post and the number of company replieswere recorded.

Comment Valence and Relevance

The valence of user-generated comments was coded as either
(2) positive (ie, expressing support for the company, its products,
or the content of the initial post), (2) negative (ie, expressing
opposition to the company, its products, or the content of the
initial post), or (3) mixed/neutral (ie, expressing both support
and opposition). User-generated comments could also either be
(2) relevant to the original post and on-topic or (2) irrelevant
to the original post and clearly off-topic.

Drug-Specific Variables

Source/Site Proprietor

In addition to using the source options from the
company-specific analysis, we also noted whether the site
proprietor or account holder/creator was (1) an individual, (2)
pharmaceutical  company/representative, (3)  another
organization/group, or (4) other.

Content

The presence or absence of the following information was
recorded for both the main posts and the user-generated
comments. First, it was assessed whether the content was
actually about the drug. Additionally, the content could make
aclaim about the drug’s efficacy; if coded, we assessed whether
the claim included benefit and/or risk information. Other content
included (1) alternative treatment options, including other drugs
or behaviors, (2) pharmaceutical company news, (3)
emotional/informational support from other patients; (4) illegal
pharmacies; and (5) lawsuits against the pharmaceutical
company. See Figure 4 for an example of an illegal pharmacy
on Facebook.

Format and Tone

Theformat codes from the company-specific analysiswere used
to classify theformat of the content in the drug-specific analysis.
We also coded whether the content was presented as humorous,
such as joking about the side effects of the drug, or
serious/nonhumorous.
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Figure 4. Example Facebook page from drug-specific analysis.
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Timeline About Photos Likes
About Basic Info
Abilify (Aripiprazole) is an atypical antipsychotic medication usad for the Joined 10132012
treatment of schizophrenia. Facebook :

Description

Abilify (aripiprazole) is an antipsychotic medication. It works by changing
the actions of chemicals in the brain

Website

Abilify is used to treat the symptems of psychotic conditions such as
schizephrenia and bipolar disorder (manic depression). It is also used
together with other medications to treat major depressive disorder in
adults

Abilify is also used te treat imitability and symptoms of aggression, mood
swings, temper tantrums, and self-injury related to aufistic disorder in
children who are at least 6 years old.

Buy now and get +20% bonus pills on your next erder!

About  Create Ad  Create Page  Developers  Careers  Privacy  Cookies

Facebook © 2014 - English (US)

Coder Training and I ntercoder Reliability

Two separate teams of 3 coders each practiced extensively to
clarify definitions and coding decisions. Each coder averaged
a training time of approximately 30 hours. Each team coded
10% of their respective samples for reliability testing and
intercoder reliability was established for all reported variables
(Krippendorff’'s a>.70). For the company-specific analysis,
Krippendorff’s alpha scores ranged from .73 to 1.00. For the
drug-specific analysis, scores ranged from .81 to 1.00.

Results

Company-Specific Analysis
Pharmaceutical Companies’ Social Media Accounts

Overview

With the exception of Sinopharm, all pharmaceutical companies
linked to at least one social media account on their website.
Twitter was the most common social media site used (93%,
14/15), followed by Facebook (66%, 10/15), YouTube (66%,
10/15), and Linkedin (60%, 9/15). Other less common social
mediasitesincluded blogging platforms (26%, 4/15), Pinterest
(26%, 4/15), Instagram (13%, 2/15), Flickr (13%, 2/15), and
Googlet (6%, 1/15).

Company Facebook, Twitter, and YouTube Pages

The audience reach of 38 pages (10 Facebook, 17 Twitter, and
11 YouTube) was analyzed. The Facebook pagesranged inlikes
from 4716 to 642,816 (mean 105,806, SD 194,560; median
21,342.50, IQR 113,799). The Twitter pagesranged from 1521
to 98,589 followers (mean 36,723, SD 32,770). The YouTube
accounts had a mean 2074 subscribers (SD 3169; median 924,
IQR 1879), ranging from zero to 11,096 subscribers.

http://www.jmir.org/2015/6/€130/

XSL-FO

RenderX

Contact Info

http:/www. online-medications.net/preser...

Terms  Help

Across sites, the mgjority of pages did not have a formal
commenting policy (63%, 24/38). Of the existing policies, most
suggested misinformation would be removed (92%, 13/14), but
did not explicitly prohibit consumersfrom making claims about
their pharmaceutical products (85%, 12/14). The majority of
policies did, however, provide information on how to report
adverse events to the FDA (85%, 12/14).

Company Posts and User-Generated Comments

A total of 740 posts on pharmaceutical companies' social media
accounts (200 Facebook, 340 Twitter, and 200 YouTube) and
348 user-generated comments (225 Facebook, 69 Twitter, and
54 YouTube) were analyzed.

Electronic Direct-to-Consumer Advertising

Overview

Table 2 displays the percentage of posts and user-generated
comments on company-run Facebook, Twitter, and YouTube
pages that included information that matched the FDA's
definition of DTCA. Help-seeking information was the most
common form of eDTCA; it was present in approximately 40%
of al main posts (301/740), but was more commonly found on
YouTube and Twitter than on Facebook (x%=14.6, P=.001).
Drug product claims were present in only 1.6% of posts
(12/740); of these, all posts mentioned the benefits of the drug
(12/12) and only 33% (4/12) also mentioned itsrisks. Only 0.1%
(1/740) of posts contained reminder information. Overall, most
eDTCA found in pharmaceutical companies' social mediaposts
could be classified as help-seeking advertisements; specific
information about drug products wasrare. However, when drug
product claims were made, the majority did not follow
fair-balance rules.
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Table 2. Electronic direct-to-consumer advertising (eDTCA) on company-run social media pages.

Tyrawski & DeAndrea

a

Content Facebook Twitter YouTube Total
Main posts, n 200 340 200 740
eDTCA, n (%)
Hel p-seeking 59 (29.5)° 149 (43.8) 93 (46.5)° 301 (40.7)
Drug product claims 0(0) 8(24) 4(2.0) 12 (1.6)
Benefits only? 0(0) 5 (63) 3(75) 8(67)
Risks only? 0(0) 0(0) 0(0.0) 0(0)
Benefits and risks? 0(0) 3(39) 1(25) 4(33)
Reminder 1(0.5) 0(0) 0(0) 1(0.1)
User-gener ated comments, n 225 69 54 348
eDTCA, n (%)
Help-seeking 15(6.7) 12 (17)° 3(6) 30(8.6)
Drug product claims 4(1.8) 0(0) 0(0) 4(1.1)
Benefits only® 2 (50) 0(0) 0(0) 2 (50)
Risks only® 2 (50) 0(0) 0(0) 2 (50)
Benefits and risks® 0(0) 0(0) 0(0) 0(0)
Reminder 2(0.9) 0(0) 0(0) 2(0.6)

8 Percentages in table based on column N, except where noted.

b Statistically underrepresented in sample.

€ Statistically overrepresented in sample.

d Percentages based on drug product claim posts only (n=12).

€ Percentages based on drug product claim comments only (n=4).

The user-generated comments on pharmaceutical companies
social media posts followed a similar pattern. Information that
matched the FDA's definition of a hel p-seeking advertisement
was the most common in comments (8.6%, 30/348) and was
primarily found in user replies to company tweets (x22=8.5,
P=.02). Drug product claim information was present in 1.1%
(4/348) of comments, with half of these comments mentioning
only benefits and half mentioning only risks. Similar to posts,
reminder information was rare in comments (0.6%, 2/348).
Overdl, user-generated comments did not contain much
DTCA-related information, but of those containing drug product
claims, half did not provide any risk information.

http://www.jmir.org/2015/6/€130/

Other Content

Table 3 displays the percentage of non-DTCA content in posts
and user-generated comments on company-run Facebook,
Twitter, and YouTube pages. The majority of pharmaceutical
companies’ posts shared company news (63.4%, 469/740), with
this information most commonly shared on Twitter (x%,=15.3,
P<.001). A small portion of posts shared job information (5.0%,
37/740) and approximately 15% (112/740) of posts shared
nondrug treatments for improving health. User-generated
commentsfollowed asimilar pattern, ascompany newswasthe
most common type of content (21.3%, 74/348) followed by
nondrug treatments (2.9%, 10/348) and job information (1.4%,
5/348). Overall, both pharmaceutical companies’ social media
posts and user-generated comments primarily discussed
company news.
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Table 3. Non—electronic direct-to-consumer advertising (eDTCA) content on company-run social media pages.?

Content Facebook Twitter YouTube Total
Main posts, n 200 340 200 740
Non-eDTCA, n (%)
Nondrug treatment 34 (17.0) 44 (12.9) 34 (17.0) 112 (15.1)
Company news 138 (69.0) 190 (55.9)° 141 (70.5)° 469 (63.4)
Job information 16 (8.0) 14 (4.1) 7(3.5) 37 (5.0)
User-gener ated comments, n 225 69 54 348
Non-eDTCA, n (%)
Nondrug treatment 4(1.8) 319 3(6) 10(2.9)
Company news 44 (19.6) 17 (25) 13 (24) 74 (21.3)
Job information 5(2.2) 0(0) 0(0) 5(1.4)

@ percentages in table based on column n.
b Statistically underrepresented in sample.
€ Statistically overrepresented in sample.

Source

Pharmaceutical companies authored the vast majority of content
on their socia media sites (91.9%, 680/740). However,
pharmaceutical companies also shared information from media
sources (3.8%, 28/740), advocacy groups (1.8%, 13/740),
government agencies (1.2%, 9/740), and other companies and
groups (1.3%, 10/740). Consumers posted the majority of
user-generated comments (79.6%, 277/348), athough
pharmaceutical company employees or representatives posted
11.8% (41/348) of the comments. Other sources of comments
included advocacy groups (4.0%, 12/348) and other companies
or groups (4.5%, 16/348).

Format and Interactivity

The majority of pharmaceutical companies’ social media posts
were text-based (51.1%, 373/740) or video-based (26.3%,
199/740), and 20.0% (148/740) included both text and images.
Interactive click-and-choose activities (0.1%, 1/740) and
personalized/tailored content (0.1%, 1/740) were uncommon.
Testimonials were used in 16.7% of posts (123/740).

Table 4 displays the degree of interaction found on the
pharmaceutical companies’ social media posts. In terms of

Table 4. Interactivity on company-run social media pages.?

audience engagement, Facebook posts averaged 65.53 likes (SD
75.98) and 85 shares (SD 15.18). Tweets averaged 2.11
favorites (SD 2.94) and 3.94 retweets (SD 4.98). YouTube
videosaveraged 1597.38 views (SD 31,886.88) and 211.76 likes
(SD 2361.65). Close to 25% of posts had comments present
(177/740), with an average of 0.50 comments per post (SD
1.32). Repliesfrom the company wereless common (mean 0.03,
SD 0.20). Most interaction occurred on Facebook; of the posts

with comments, half were on Facebook ()(22:74.0, P<.001).
Additionally, Facebook posts were more likely to solicit
user-generated comments (x%,=26.5, P<.001) and have replies

from the company (x2,=13.8, P=.001). Only YouTube allowed
companies to disable comments on their posts and almost half
of the YouTube videos sampled (96/200) had disabled the
commenting function. Overall, audience engagement with
pharmaceutical companies social media posts was high, as
users often interacted through liking and sharing the content.
Additionally, aquarter of the postsincluded interaction through
comments and pharmaceutical companies used Facebook to
both solicit comments and have discussions with consumers.

Interactivity Facebook, n (%) Twitter, n (%) YouTube, n (%) Total, n (%)
n=200 n=340 n=200 n=740
Comments allowed 200 (100.0) 200 (100.0) 104 (52.0) 644 (87.0)
Comments present 92 (46.0)° 57 (16.8)° 28 (14.0)° 177 (23.9)
Comments solicited 24 (12.0)° 9(2.6)° 5(2.5)° 38 (5.0)
Company replied 13 (6.5)ID 3(0.9)° 6 (3.0 22 (3.0

8 Percentages in table based on column n.
b Statistically overrepresented in sample.
€ Statistically underrepresented in sample.
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User-Gener ated Comment For mat, Valence, and Relevance

Approximately 14% (47/348) of user-generated comments on
pharmaceutical companies’ socia mediapostsweretestimonials.
More than half of the user-generated comments were positive
(186/348), 37.4% (130/348) were classified as mixed/neutral,
and 9.2% (32/348) as negative. Positive comments were
overrepresented on YouTube and negative comments were
overrepresented on Twitter (x%=17.0, P=.002). The majority
of comments were aso relevant to the initial post (83.0%,
289/740). Relevant comments were overrepresented on YouTube
(x22=8.0, P=.02). Positive comments were more likely to be
relevant to the initial post (177/289), whereas mixed/neutral
comments were more likely to be irrelevant (42/59; )(22:42.6,
P<.001). The majority of positive comments were on pages
with a commenting policy (153/186), whereas most negative
comments were on pages without acommenting policy (19/32;
X%=8.7, P=.01). There was no relationship between comment

relevance and presence of a commenting policy (x%=0.1,
P=.75). Overall, it appeared that user-generated commentswere
mostly supportive of the pharmaceutical company and its
products, particularly when the company had a commenting
policy in place.

Drug-Specific Analysis

Of the 800 Facebook pages, tweets, and YouTube videos
sampled from social media searches for pharmaceutical drugs,
86.9% (695/800) were actually about the searched-for drug.
The following analyses included this portion of the sample.
Source/Site Proprietor

Of the 695 main posts about the searched-for drug, the majority
of site proprietors were individuas (51.1%, 355/695) or

Table5. Drug product claimsin the drug-specific analysis.?

Tyrawski & DeAndrea

nonpharmaceutical  organizations  (48.3%,  336/695).
Pharmaceutical companies ran 0.6% of accounts (4/695). On
Twitter and YouTube, consumers created most of the content
(41.1%, 248/603), closely followed by media sources (37.0%,
233/603). Other sources included advocacy groups (6.0%,
36/603), pharmaceutical companies (3.3%, 20/603), other
for-profit companies (9.0%, 54/603), and government agencies
(1.0%, 6/603). Overdl, most information from searches for
drugs on Facebook, Twitter, or YouTube was attributed to
members of the public rather than pharmaceutical companies.

Drug Product Claims

Table 5 displays the percentage of drug product claimsin the
search results on Facebook, Twitter, and YouTube. The mgjority
included drug product claims (69.4%, 482/695), most of which
were on YouTube (x%,=13.7, P=.001). Of the drug product
claims, posts mentioning only the benefits (44.8%, 216/482)
were significantly more common than both risk-only posts
(27.2%, 131/482) and posts that discussed both benefits and
risks (28.0%, 135/482; x2,=28.6, P<.001). The majority of
user-generated comments on Facebook and YouTube videos
also contained drug product claims (85.4%, 140/164). In contrast
to the main posts, risk-only information (39.2%, 55/140) was
significantly more common in comments than benefit-only
information (22.9%, 32/140; x%=7.0, P=.03). Overall, results
indicate that when the public searches for drugs on Facebook,
Twitter, or YouTube, they are likely to come into contact with
claims about those drugs' effectiveness. Although the main
posts often highlight the benefits of the drug, the user-generated
comments often present a contrasting view.

Content Facebook Twitter YouTube Total

Main posts, n 92 409 194 695
Drug product claims, n (%) 68 (73.9) 262 (64.1) 152 (78.4)b 482 (69.4)
Benefits only® 24 (35.5) 148 (56.5)° 44 (28.9)4 216 (44.8)
Risks only © 14 (20.6)° 85 (32.4)° 32 (21.1)¢ 131 (27.2)
Benefits and risks® 30 (44.1)° 29 (11.1)¢ 76 (50.0)° 135 (28.0)

User-gener ated comments, n 51 113 164
Drug product claims, n (%) 46 (90) 94 (83.1) 140 (85.4)
Benefits only® 15 (33) 17 (18.1) 32(22.9)
Risks only® 14 (30) 41 (43.6) 55(39.3)
Benefits and risks® 17 (37) 36(38.3) 53(37.8)

8 percentages in table based on column n, except where noted.

b Statistical ly overrepresented in sample.

€ Percentages in row based on drug product claim posts only (n=482).

d Statistically underrepresented in sample.

€ Percentages in row based on drug product claim comments only (n=140).
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Illegal Pharmacies

Table 6 presents the other content found in the social media
search resullts. Illegal pharmacieswere present in 17.4% (16/92)
of Facebook pages. Illegal pharmacies were less common on

YouTube (x%,=29.6, P<.001). Linkstoillegal pharmacieswere

Table 6. Other content in drug-specific analysis.2

Tyrawski & DeAndrea

also present in 9.1% (15/164) of user-generated comments on
Facebook and YouTube; these comments were also more
common on Facebook (x%=13.7, P<.001). When searching for
drug information on social media, consumers were likely to
come into contact with at least one link to anillegal pharmacy,
particularly if consumers conducted the search on Facebook.

Content Facebook Twitter YouTube Total

Main posts, n 92 409 194 695
Illegal pharmacies, n (%) 16 (17)b 21(5.0) 3(15)° 40 (5.8)
Lawsits, n (%) 11 (12)° 26 (6.4) 2(10)° 39 (5.6)
Patient support, n (%) 8(9) 6 (1.5)° 32 (16.5)b 46 (6.6)
Alternative treatments, n (%) 6 (7) 16 (3.9) 8(4.1) 30 (4.3
Company news, n (%) 20 (22) 100 (24.4)° 11 (5.7)° 131 (18.8)

User-gener ated comments, n 51 113 164
Illegal pharmacies, n (%) 11 (22)b 4(35)° 15(9.1)
Lawstits, n (%) 10 (20)° 1(0.9° 11(6.7)
Patient support, n (%) 12 (24)° 47 (41.6)° 59 (36.0)
Alternative treatments, n (%) 7(14) 27(23.9) 34 (20.7)
Company news, n (%) 13 (26)b 3@27)° 16 (9.8)

@ Percentages in table based on column n.
b Statistical ly overrepresented in sample.
€ Statistically underrepresented in sample.

Other Content

Lawsuit information was present in 5.6% (39/695) of all
drug-specific social media posts and was more common on
Facebook and Twitter than YouTube (x%=15.1, P=.001). Patient
support (6.6%, 46/695) and alternative treatment information

(4.3%, 30/695) were present in fewer posts than company news
(18.8%, 131/695). The majority of patient support was on

YouTube (x?,=48.8, P<.001). Most of the company news was

on Twitter (x%,=30.9, P<.001). There was no difference in
alternative treatment information based on socia media site
(x%=1.3, P=.53). Thus, when searching for drug information
on social mediasites, consumerswerelikely to find information
about the pharmaceutical company on Twitter, but support from
other patients on YouTube. Information regarding lawsuits was
found dlightly less often than illegal pharmacies on Facebook.
Alternative treatment options were relatively uncommon on al
social media sites.

In contrast to the posts, patient support (36.0%, 59/164) and
aternative treatment information (20.7%, 34/164) were more
common than company news (9.8%, 16/164) and lawsuit
information (6.7%, 11/164) in user-generated comments on

Facebook and YouTube. Lawsuits (x%,=19.7, P<.001) and
company news (x21=20.8, P<.001) were more common on

http://www.jmir.org/2015/6/€130/

Facebook, whereas support was more common on YouTube
(x%,=5.0, P=.04). Overall, these results indicate that other
consumers commented to provide alternative trestment options
and support, even though this content was largely absent in the
main posts.

Reach, Format, and Tone

Approximately 25% of posts on Twitter and YouTube were
testimonials (150/603). Additionally, alarge majority of tweets
and YouTube videos had a serious, nonhumorous tone (96.7%,
583/603). The Facebook pagesranged from zero to 62,427 likes
(median 69.0, IQR 328.3). Approximately 80% of tweets had
zero favorites and zero retweets, with a mean of 0.42 favorites
(SD 1.53) and 1.25 retweets (SD 16.32). YouTube video views
ranged from 2 to 1,077,399 (median 4707.0, IQR 14,009).
YouTube video likes ranged from zero to 1671 (median 51.83,
IQR 30.0). In genera, the mgjority of posts that arose from
searches about specific drugs on social media provided didactic,
nonhumorousinformation. The degree of audience engagement
with drug information on social media sites varied widely.

Discussion

Principal Findings
Theresults of thisstudy directly addresscritical concernsraised

by researchers and public health officials about the marketing
of pharmaceutical drugs via social media. Importantly, novel
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evaluations are provided about (1) how pharmaceutical
companies use socia media for DTCA, (2) how greatly
companies reach and interact with consumers through social
media, and (3) how likely people are to be exposed to drug
efficacy claims and information about illegal pharmacieswhen
searching for information about pharmaceutical drugsviasocial
media. Respectively, the results suggest that (1) pharmaceutical
companies avoid making drug product claims but frequently
post help-seeking content, (2) thousands of people often view
and share content posted by pharmaceutical companies, and (3)
people are likely to be exposed to drug product claims and
information about illegal pharmacies when searching for
information about popular pharmaceutical drugson social media.

More specifically, approximately 40% of al pharmaceutical
companies’ Facebook, Twitter, and YouTube posts in our
sample met the FDA's definition of a help-seeking
advertisement. This content focuses on generating awareness
of a health condition or disease and often suggests that the
audience should learn about potential treatment options from
their doctor or other source. Despite concernsthat specific drugs
would be heavily advertised through pharmaceutical companies
social media accounts, product claim advertisements were
uncommon. Only approximately 1% of posts contained aproduct
claim. However, one-third of the product claim posts did not
include any information on drug risks, thus failing to adhere to
FDA regulationsfor traditional DTCA. Although this occurred
in a relatively small number of posts overal, the problems
surrounding the absence of risk information in product claims
is well documented [2,4,5,25]. The FDA has developed draft
guidelines for eDTCA regulations [26], and the inclusion of
risk information is required for all company postings about
specific products. To increase compliance with fair-balance
rules on social media, the FDA should finalize the eDTCA
regulations and formally detail how regulatory oversight will
be enacted. Although monitoring every single post is likely
unfeasible, the FDA could follow the procedures of this study
to regularly monitor a random selection of posts and require
pharmaceutical companies to notify the FDA whenever they
use any media to share information with the public that is
consistent with traditional forms of DTCA.

It is particularly important for the FDA to monitor
pharmaceutical companies’ social mediaaccounts becausethey
can have rather large audiences. Pharmaceutical companies
social media pages averaged approximately 45,000 followers
or subscribers. Additionally, our results indicate that audience
members are actively interacting with companies and sharing
the content that the companies’ post with people in their own
socia networks. For instance, posts are often liked and shared
on Facebook and favorited and retweeted on Twitter. The public
approval of this information on users’ social network pages
increasesthe potential for these poststoinfluence alarge portion
of the public. For example, research suggests that health
behaviors and attitudes often spread through social networks
and a number of social media-based interventions have shown
that exposure to health information on social networking sites
leads to health behavior change [27,28]. Thus, the messages
that pharmaceutical companies share through social media
channels have the potential to reach and influence millions of
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people worldwide; estimates of direct exposure grossly
underestimate the cumulative influence of eDTCA on social
media.

One common concern regarding eDTCA is that positive (and
potentially misleading) product claim testimonials would
populate the user-generated comments on pharmaceutical
companies’ pages [3,4]. Approximately 25% of posts had at
least one comment and most were supportive of the company.
However, very few comments contai ned information that would
be classified as DTCA if the pharmaceutical company had
produced the comments. Most commonly, user-generated
comments contained information that resembled content that
would appear in a help-seeking ad. When users did make drug
product claims, however, they tended to focus either exclusively
on benefits or risks. Additionally, most companies did not
explicitly prohibit users from making product claims in their
commenting policies. According to current FDA draft guidance
documents, pharmaceutical companies are not responsible for
the content of user-generated comments unless the comments
were created by, paid for, or edited by the company [29,30].
Most commenting policies did, however, suggest that inaccurate
information would be removed. Under current FDA draft
guidance documents, pharmaceutical companies can, but are
not required to, correct misinformation about their productsin
user-generated comments [30]. Interestingly, companies with
commenting guidelines had significantly more positive
comments than those without a commenting policy. Although
it cannot be determined through this analysis, companies who
are more aware of user-generated comments (and thus have a
commenting policy) might be deleting negative user-generated
comments [4]. If companies selectively delete user-generated
comments, the information in the remaining user-generated
comments would be applicable to FDA regulations [29,30].

Although uncommon on pharmaceutical companies sites,
product claims and testimonials were largely present in posts
resulting from general searches for drug information on
Facebook, Twitter, and YouTube. The mgjority of thetop search
results contained drug efficacy claims. Troublingly, most claims
were made by nonexpert sources and mentioned only benefits
of the drug rather than presenting a balanced view of both the
benefits and risks of product use. Given that approximately 20%
of Internet users check online reviews of particular drugs[31],
our results suggest that consumersare likely getting incomplete
drug information through social media. Additionally, around
25% of these posts were testimonials, a format that often
enhancesthe credibility of the claims made[3-5]. Furthermore,
itislikely that well-known and trusted media such as Facebook
lend credibility to the health information posted within their
pages relative to other online channels[9]. For example, young
adults, the most prolific users of social networking sites[6], are
the most likely age group to trust health information on social
media [32] and to search for health advice and others’ health
experiences on social media[13].

The potential credibility afforded to information on social media
is also problematic when we consider the continued presence
of illegal pharmaciesin thetop search results. Illegal pharmacies
were most prominent on Facebook; approximately 20% of the
Facebook pages in the drug-specific analysis advertised illegal
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pharmacies. Although Facebook’s terms of use prohibit illegal
activity [33] and the organization is partnered with the Center
for Safe Internet Pharmacies [8], our results suggest Facebook
is not adequately policing its site for illegal pharmacies. We
echo the calls of other scholars for social media companies to
actively monitor their sites and make meaningful policy changes
to eliminate this type of content [7,8,15]. Past policy changes
demonstrate that social media organizations can have a
measurable impact on the presence of pharmaceutical drug
information on their sites. For example, Facebook eliminated
companies ability to block the commenting feature on their
pages in 2011, so many of the drug product pages that existed
in previous analyses [12] were discontinued [3]. Thus, these
sites need to take an active role in protecting their users from
harmful illegal pharmacies.

Limitations

Thereare somelimitationsto the present study. First, wefocused
our analysis on the top pharmaceutical companies and
best-selling drugs. As a cost-effective marketing strategy,
smaller companies might rely on social mediaadvertising more
so than larger companies and pharmaceutical companies might
use social media channels to introduce newer, less established
drugsto the marketplace[3]. Additionally, although we analyzed
alarge number of postings, our review only focused on 1 year
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of social mediaactivity. As marketing trends constantly change
[12], future research should investigate if the presence of
eDTCA changes over time. Last, we focused on the presence
of product claims, benefits, and risks and did not examine the
accuracy of the claims or whether benefits or risks were
emphasized within in a single post. To get a more complete
picture of the pharmaceutical drug information that appears on
social media sites, future research should explore these areas.

Conclusions

Social mediasitesare an accessible channel for pharmaceutical
companies and others to easily deliver drug information to
millions of people across the globe. Although pharmaceutical
companies are not directly marketing specific productsthrough
their social media accounts often, they are posting content
similar to help-seeking DTCA, which describes a hedth
condition without providing a specific solution. If people search
for drug solutions to these ailments via social media sites, they
will likely be exposed to testimonias that highlight
pharmaceutical drug benefits over risks as well as links to
pharmacieswherethey canillegally purchase these drugs. Thus,
pharmaceutical drug information on socia media sites is
potentially quite dangerous to public health and should be
monitored accordingly.
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Abstract

Background: Social network technologies have become part of health education and wider health promotion—either by design
or happenstance. Social support, peer pressure, and information sharing in online communities may affect health behaviors. If
there are positive and sustained effects, then social network technologies could increase the effectiveness and efficiency of many
public health campaigns. Social mediaa one, however, may beinsufficient to promote health. Furthermore, there may be unintended
and potentially harmful consequences of inaccurate or misleading health information. Given these uncertainties, there is a need
to understand and synthesize the evidence base for the use of online social networking as part of health promoting interventions
to inform future research and practice.

Objective: Our aim wasto review the research on theintegration of expert-led health promotion interventions with online social
networking in order to determine the extent to which the complementary benefits of each are understood and used. We asked, in
particular, (1) How is effectiveness being measured and what are the specific problemsin effecting health behavior change?, and
(2) To what extent is the designated role of socia networking grounded in theory?

Methods: The narrative synthesis approach to literature review was used to analyze the existing evidence. We searched the
indexed scientific literature using keywords associated with health promotion and social networking. The papers included were
only those making substantial study of both socia networking and health promotion—either reporting the results of theintervention
or detailing evidence-based plans. General papers about social networking and health were not included.

Results. The search identified 162 potentially relevant documents after review of titles and abstracts. Of these, 42 satisfied the
inclusion criteria after full-text review. Six studies described randomized controlled trials (RCTs) evaluating the effectiveness of
online socia networking within health promotion interventions. Most of the trials investigated the value of a“ social networking
condition” in general and did not identify specific features that might play arole in effectiveness. | ssues about the usability and
level of uptake of interventions were more common among pilot studies, while observationa studies showed positive evidence
about the role of social support. A total of 20 papers showed the use of theory in the design of interventions, but authors eval uated
effectivenessin only 10 papers.
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Conclusions: More research is needed in this area to understand the actual effect of social network technologies on health
promotion. More RCTs of greater length need to be conducted taking into account contextual factors such as patient characteristics
and types of asocial network technology. Also, more evidenceis needed regarding the actual usability of online social networking
and how different interface design elements may help or hinder behavior change and engagement. Moreover, it is crucia to
investigate further the effect of theory on the effectiveness of this type of technology for health promotion. Research is needed
linking theoretical grounding with observation and analysis of health promotion in online networks.

(J Med Internet Res 2015;17(6):€141) doi:10.2196/jmir.3662

KEYWORDS
health behaviors; health promotion; health behavior change; health education; social media; social technology; social networking;

content analysis; theoretical grounding

Introduction

Background

Social networking sites (SNS)—such as YouTube, Facebook,
and Twitter—have been used extensively in public health and
prevention interventionsto change behavior and improve health
outcomes [1,2]. Several aspects of SNS—including social
support, empowerment, peer pressure, and interactive
information-emotion sharing—have the potentia to influence
patients health behaviors and increase adherence to and
engagement with such interventions [3-5]. Yet little is known
about the actual effect of SNS on behavior change and on the
factorsthat may influence user interaction and experience, such
asusability, user satisfaction, and level of technology acceptance
or engagement. Therefore, there is a need to understand the
effectiveness of SNS in the context of wider health promotion
methods and evidence—not simply assuming that interventions
can be ported from one medium to another.

Previous reviews of the literature have provided mixed results
about the effectiveness of SNSfor health promotion with many
authors characterizing the effect of online social networking on
behavior change as positive, but not statistically significant
[1,6]. For example, Korda and Itani [7] identified both positive
and less successful examples of the application of social media
(including blogs, forums, video-sharing, and wikis) for health
promotion. However, the authors also concluded that thereisa
need for precise evaluation metrics and for behavior change
interventions to be grounded in theory in order to successfully
measure and assess their effectiveness. The previous work in
thisareasuggeststhat the lack of clear evidence can be attributed
to the following factors.

Firgt, there are a small number of randomized controlled trials
(RCTs) with considerable heterogeneity used to evaluate the
actua effect of online social networking on behavior change.
This was evident in two recent systematic reviews, with a
meta-analysis, by Maher and Lewis[1] and Lavanjo et a [2],
which showed mixed results. Maher and Lewis showed amodest
effect for the examined interventions on behavior change when
magnitudes of the effect sizes were calculated, while Lavanjo
et a reported a dight positive effect of SNS interventions on
health behavior-related outcomes. However, the findings of
these two studies should be interpreted with caution since, in
the case of both reviews, the authors analyzed a small number
of RCTs (six studies in [1] and eight in [2]), the mgjority of
which were short-term tria s, with astudy duration not exceeding
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6 months, while there was considerable heterogeneity of study
designs, evaluation metrics, health topics, and types of SNS.

Further, thereisalack of ecological vaidity dueto the difficulty
in assessing the true effect of SNS in the context of
multi-component interventions. There is alack of clarity over
whether a positive effect could be attributed to the SNS or the
non-SNS component of an intervention [1,2,8]. A typical
example of this phenomenon was highlighted by Chang et a
[9] who reviewed the evidence about the effect of SNS on
weight management behaviors. From the 20 studies that met
the eligibility criteriafor this review, only one study measured
the“isolated effect” of social media. The authors cautioned that
in the case of the remaining studies it was difficult to assess
whether a reported effect was related to a socid media
component alone or was a synergistic effect. This problem was
also reported in other reviews of social media use in behavior
change and health promotion, such as Schein et a [10] who
reviewed the effectiveness of social media in public health
communication, or the review by Hamm et a [6] who were
focused on the behaviors of patients and caregivers.

There is also a lack of knowledge about the role of theory in
the effectiveness of SNS-enabled interventions. Although studies
have shown a positive effect of theory-driven Internet-based
interventions on behavior change [11], there is little evidence
in the context of SNS[1,2]. Understanding this phenomenoniis
important for the design of interventions. Yet, moreresearchis
needed to review existing evidence in this context and identify
the type of theories and models currently used in the delivery
of interventions through SNS, but aso for the design of the
social networking application itself.

Finally, previousliterature reviewsin the areaof SNSfor health
promotion have focused on summative and outcome eval uations
rather than formative and process assessments. For example,
most reviewersin thisfield have attempted to examine the effect
of SNS on objectively measured behavior change usually though
the use of RCTs or some form of experimental study, like
pre-test and post-test evaluations [1,2]. However, other factors
that may have an important influence on the effectiveness of
SN, such as usability, user satisfaction, and level of technology
acceptance or engagement, have rarely been synthesized. While
these types of evaluation cannot provide direct evidence on
effectiveness, they may provide very useful insights to guide
future intervention development and implementation. For
example, usability factors may influence which features of the
delivered intervention are actually used, thus limiting its actual
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effectiveness. This type of information is usually included in
research and technical papers reporting work in progress or
complete research documenting the results of an iterative
evaluation process. To date, a significant number of this type
of studies has not met the eligibility criteria for inclusion in
traditional RCT-focused systematic reviews.

Therefore, the aim and originality of this current review is to
extend our knowledge about the effectiveness of SNSfor health
promotion by addressing some of these gaps in the existing
literature, in particular, (1) extending the focus on effectiveness
by reviewing studies reporting findings relevant to the usahility,
user satisfaction, acceptance, and level of engagement with
SNS, as well as studies using different research methods and
techniques, beyond traditional RCTS, to eval uate effectiveness,
such as observational, qualitative, and pilot studies; (2) focusing
on studies and findings that apply directly to the isolated effect
of SNS (wherever this is possible); and (3) to investigate the
extent to which theory has contributed to the design of
SNS-driven interventions.

This paper isstructured asfollows. First, we present definitions
of concepts that are central to this review. The next section
presents the methods used to review the literature aswell asthe
decisions made to select studies for review. In the following
section, we present the findings of this review, while the final
section includes a discussion and some conclusions.
Definitions

Our use of the term “socia networking sites” (SNS) or “social
networking” includes the broader concepts of Health 2.0 and
Medicine 2.0. The definitions of these concepts have been
previously reviewed [12]. They identify the two most important
features as (1) patient/consumer participation and (2) Web 2.0
technology (user-generated content). There are several examples
of different types of SNS that have been used for hedth
promotion. For example, YouTube has been frequently used
for the promotion of information about cancer screening, as
well as obesity and dietary problems [13,14], Facebook has
been used in interventions related to sexua health issues[15],
and Twitter hasbeen incorporated in the design of interventions
about prenatal health promotion and education [16]. In addition
to publicly available popular SNS (like Facebook), thereisalso
a considerable number of standalone health-focused social
networking applications used for conditions like obesity [17],
healthy living [18], as well as various chronic diseases, like
diabetes[19].

In the context of this review, the term “health promotion” is
used in abroad senseto include health education initiatives (eg,
in schooals), social marketing campaigns (eg, using advertising),
community development, and behavior change interventions
(eg, smoking cessation websites). It can aso take the form of
educators in social networks to direct non-experts towards
relevant and accurate health information. Agents with thisrole
(which may be people or tools) have been called “ apomediaries”
[20]. Examples include knowledgeable collaborative filtering
and recommendation agents. Despite the fact that health
promotion is not synonymouswith health prevention strategies,
like social marketing and health education, in the context of our
study, health promotion is used as an umbrella term to include
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also interventions grounded in social marketing and health
education approaches. This decision was made because to date
there are several successful examples of integrative health
promotion interventions using social marketing methods and
approaches, like audience segmentation [21,22], or health
promotion interventions applying health education strategiesto
promote behavior change [23].

In this paper, we consider studies of “effectiveness’ to
encompass eval uation of measured behavior change (eg, RCTs
and controlled studies), aswell as aspects of the user experience
and interaction with the SNS application that might help or
hinder behavior change, such as usability, user satisfaction,
technology acceptance, and level of engagement. “Usability”
refersto the ease of use of the SNS application and is normally
measured using behavioral metrics, like effectiveness, efficiency,
learnability, and errors [24]. “User satisfaction” reports on the
subjective satisfaction with theinterface components of agiven
application [25]. “User engagement/adoption” includes the
reporting of statistical figures about the level of adherence with
agiven intervention. Thisinformation may be reported both in
terms of participation rate in the online intervention, but also
in terms of Google analytics indicators, like number of hits or
posts, and time spent. Finally, the term “technol ogy acceptance”
isused in abroad manner to include both the level of uptake of
a given technology, but also more formal studies focused on
modeling factors influencing user acceptance of technology,
such as the Technology Acceptance Model [26].

Expectations about social networking, such as motivational
support and peer-pressure, may be grounded in socia or
behavioral theories. For example, the Theory of Planned
Behavior [27] predicts that norms of significant people in an
individual’s social circles (subjective norms) have a strong
influence on the individual’s behavioral intentions. Similarly,
Social Cognitive Theory [28] predicts socia learning by
observation, which can take place in social networks. In the
context of this review, the term “theory” is used broadly to
include any theory used as the basis for the design of an
intervention delivered through online social networking. In the
absence of specific theory, we examined for the presence of a
specific model or technological approach used to inform the
design and delivery of interventions through SNS.

Methods

Overview

The narrative synthesis approach to literature review was used
to analyze the existing evidence. This decision was made
because the aim of thisreview wasto synthesize evidence from
a heterogeneous body of literature with studies representing
different health promotion initiatives with a range of
effectiveness eval uation measures and mixed-method research
designs[29].

Asguidanceto thisreview, wefollowed the method of narrative
synthesis prescribed by Rodgerset a [29]. Key elements of this
method were (1) the development of a preliminary synthesis,
and (2) the exploration of relationships (differences and
similarities) within and between homogeneous groups of studies.
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For the development of a preliminary synthesis, we used two
techniques: (1) tabulation, as a means of extracting and
organizing data from the primary studies in tables, and (2)
grouping/clustering, which involved an interpretivist analysis
of the contents of the primary studies in order to identify
dominant groups of studies that shared a common set of
characteristics. More detail s about the preliminary synthesisare
presented in the following subsections. After the preliminary
synthesis, the data collected were used to explore rel ationships
between primary studies both at the individual and group level.

Scoping Sear ch and Sear ching Process

We undertook an initial scoping search of the literature using
Google Scholar. The purpose of thisinitial search wasto gain
a feel about the important aspects of the topic of this review,
and more specifically to identify the different types of SNS
available and to explore different areas of health promotion
where SNS can play animportant role. Theresults of theinitial
scoping review informed the design of our search strategy.

We searched Google Scholar and PubMed using a search
strategy conceptualized asthefollowing: Health AND “behavior
change” AND <health promotion keywords> AND <social
networking technology keywords>. The full search termswere
health AND “behavior change” AND (“health promotion” OR
“health education” OR “social marketing” OR “intervention”
OR “persuasive” OR “therapy”) AND (“social networking” OR
“social media’ OR “peer-to-peer” OR “online forum” OR
“online community” OR “virtual community OR “online
discussion” OR “électronic support groups’ OR “participatory”
OR “citizen-led” OR “web 2.0 OR “medicine 2.0 OR
“user-generated content” OR “social software” OR
“collaborative software”).

The identification of a broad range of studies was one of the
main challenges of thisreview. For this purpose, we decided to
search using the Google Scholar (in addition to the PubMed
database). Empirical studies [30,31] have shown that Google
Scholar provides sufficient coverage to be used reliably in
literature reviews of thiskind. The date range was January 2005
to December 2013. Only articles written in English were
included. Keyword searches were conducted in January 2014.

Inclusion/Exclusion Criteria

We included articles on health promotion (HP) interventions,
where online SNSwasamajor themein the study. In particular,
these included the following: (1) Evaluation of interventions
combining HP with SNS, including studies of effectivenessin
terms of behavior change, usability, user satisfaction, level of
engagement, and technology acceptance; (2) Observational
studies of a social network within an existing HP intervention,
including those involving content analysis, socia network
analysisor other usage patterns, but excluding studies of general
social networks where health was one topic, unless the
discussionswere connected to an HPinitiative; and (3) Designs
and planned interventions were included if they addressed the
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relationship between HP and the anticipated emergent features
of SNS. We aso included papers reporting planned
methodologies for the evaluation of interventions, as well as
papers reporting work in progress, such as evaluation of early
prototype designs. Information extracted from these papers
contributed to our understanding of the different methods
availablefor the evaluation of the effectiveness of interventions,
and the presence of theories as evidence for guiding the design
of interventions with an HP and an SNS component.

The following were excluded: mention of social networking in
a generic, non-specific way; use of a discussion board as an
“added extra” in an intervention without any significant rolein
the study; use of the term “social networking” to indicate
“top-down” dissemination only (eg, using mobile phones or
text messaging) without mention of peer-to-peer communication
or other emergent SNS effects; study of health discussions on
genera socia networksin which there is no HP initiative; and
discussion/position papers, including definitions and research
roadmaps (but some are cited as background).

Data Extraction and Synthesis Process

Two of the authors (PB and CK) performed the review working
independently. They extracted data on effectiveness (broadly
defined) and theoretical grounding. The items extracted are
shown in Multimedia Appendix 1. Disagreements during the
study selection and data extraction process were solved after
consultation with the other authors (1B, JA, and JP).

We did not use a specific quality assessment tool due to the
heterogeneity of study designs and the varying level of
completeness of the studies included in this review. However,
we did make individual assessments of the internal validity of
the studies. In the results, we present the research design used
by each selected study and the nature of the findings reported
intheindividua studies, including objectively and subjectively
reported measures; long-term and short-term designs; strong
and weak associations, or no associations (for observational
studies); positive, negative, or mixed results (in the case of pilot
and qualitative studies); and significant/not significant findings
(for RCTs and controlled studies) (a detailed description is
provided in Multimedia Appendix 1). This information was
assessed during the tabulation process. Finally, we performed
an interpretivist analysis to categorize primary studies into
groups and examine the relationship between them.

Results

Overview

The search identified 162 potentially relevant documents after
review of titlesand abstracts. Of these, 42 setisfied theinclusion
criteriaafter full-text review (Figure 1). Results on effectiveness,
with details about the type of study design and main findings
areshownin Table 1. The use of theory ininterventions, aswell
as the extent of top-down, theory-based approaches, and
bottom-up participation (observation) is shown in Table 2.
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Table 1. Effectiveness evaluation (summary of study types and findings).

Balatsoukas et al

Social networking . )
Reference/ projector Health topic/ Study  topic/key words/ tech- Effectiveness eval uations
intervention name  population nology Type of study/methods Main findings (if any)?
Anetal,2008[32] Smoking cessa Active and passive Observationa study: Weak association be- SNS; Abstinence: +
(Quitplan) tion/adults online community Bi, multivariate, and tween active community
participation path analysisto deter-  engagement and absti-
mine association be- nence
tween online activities
and abstinence
Baghaei et d, 2009  Obesity/families Motivational support; Pilot tria: will users Educational content a--  SNS+HP; Acceptance: +
[33] (SOFA) involve families engagewith educational  tracted positive attention;
content? What kind of  individual profiles better
profileincreasesengage-  than whole family
ment?
Burke & Oomen- General/ High Blogging; community Education idea N/A (concept only) N/A
Early, 2008 [34] School students debates; advocacy
campaigns
Cobb et a, 2010 Smoking cessation/  Online social support  Socia network analy-  SNSeffectsare present;  N/A

[35] (QuitNet)

Cunningham et d,
2008 [36] (Alco-
hol_HelpCenter)

Falan et dl, 2011
[37] (SCEDES)

Foster et al, 2010
[38] (StepMatron)

Fukuokaet a, 2011 Diabetes prevention/
[39] overweight, seden-
tary adults

Gasca et al, 2009
[17] (pHea thNet)

Gay et a, 2011 [40] Emotional aware-
ness/ adults

(AURORA)

Kamal et al, 2010
(41

QuitNet users

Problem drinkers

Diabetics

PA/ office workers

Obesity/ adults with
weight-related
health problems

Nutrition/ general

Online socia support

Community support
and education

Social influence:
competitive step-
counting (FaceBook
app)

Mobile peer to peer
support

Persuasive and SNS
technology for exist-
ing support-groups
(pedometer, Web por-
tal, mobile app)

Mobile sharing of
emotions (Web and
mobile app)

Theory-based social
networking software

sis: determine SNS ef-
fects (persistence, peer-
to-peer communication,
heterogeneity); com-
pare with other SNS;
characterize partici-
pants and subgroups

Usage patterns and
message content analy-
sis: determine quality
of interactions

Concept: minimize
hospitalizations

Pilot trial:10 nurses, 9F,
1M

Qualitative focus-
group anaysisto deter-
mine desired features of
planned mobileinterven-
tion

Field study of support
groups:. low sustainabil-
ity of behavior changes;
technology evaluation:
12 patients: compare
behavior during and af -
ter technology-assisted
group sessions (2 sub-
groups of 6)

Pilot study, 65 adults, 7
days. Random (EMA)
assessments and post-
study survey

Prototype development

most integrated are fe-
male and older

Qudlitative: content ap-
pears valuable and sup-
portive

N/A

9/10 walked more in so-
cia conditionthanin
non-socia (Stat. signifi-
cance tested)

Real-time peer support
emerged asdesirable (al-
so, tailored advice, self-
monitoring)

Semi-quantitative: sus-

tained PA changes 2 wks
after technol ogy-enabled
session (3 wks). Positive
acceptance of technology

EMA and post-study re-
sults positive for emotion
awareness, sharing and
social support (also
among strangers), but
danger of negative conta-
gion

N/A

SNS+HP; Acceptance: +
N/A

SNS; Objectively mea-
sured behavior change
(walking): +

N/A

SNS+HP; Observational
study weak association
(low sustainability of be-
havior change): +; Accep-
tance: +

SNS; Emotional health: +
contagion danger: -

N/A
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Socia networking

Effectiveness evaluations

Reference/ projector  Health topic/ Study  topic/key words/ tech-
intervention name  population nology Type of study/methods Main findings (if any)?
Kharrazi et a, 2011 Obesity/ genera Online sharing of Technology design N/A N/A
[42] progress and peer-
pressure (Facebook
app)
Krukowski et al, Obesity/ adults Weight loss websites  Observational study: In maintenance phase, SNS; Weight loss mainte-

2008 [43] (VTrim)

Lindsay et a, 2009  Exercise, smoking,

[44] diet/ coronary heart
patients in deprived
urban area

Linehan et a, 2010 Obesity/ adults

[45] (Tagliatelle)

Liu& Chan, 2010  Generd hedth

[46]

Maibach et al, 2007 General health

[47]

Munson et a, 2010  Positive psychology/

(3GT) [48] adults

Nahm et al, 2009 Hip fracture preven-

[49] (TSW) tion/ older adults

Nordfelt et al, 2010 Diabetes/ children

[19] (Diabit) and parents

O'Grady et al, 2008 General health

[50]

with online socia
support as a feature.

Online support com-
munity

Socia photo tagging
of mealsfor nutrition-
a content

Seeking helpinvirtual
communities

Socia networks as
ecological fields of
influence

Facebook app (3GT)
for sharing positive
experiences (“good
things’)

Educational discus-
sion board

Peer-to-peer chat and
blogging on a Web
2.0 portal

SNSfor collaborative
learning

Determine what ele-
ments of awebsite
(VTrim) are associated
with actual weight loss.
Exploratory factor
analysis; 123 over-
weight adults; 1 yr:
treatment: months 0-6;
maintenance months 7-
12

RCT: determine effects
of removing moderator
support from online
community: 108 partici-
pants, 12 months, non-
moderated phase after
6 months; randomly as-
sign half to Web-portal
access and half to non-
Web portal group

Pilot usage and accept-
ability study: 14 partici-
pants

Research design: deter-
mine relation between
social identity, beliefs,
and help-seeking behav-
ior (planned survey)

Conceptua framework
for social marketing to
mobilize health-promot-
ing dynamicsin social
networks

Survey of 3GT users
(190 participants) to
record usage patterns
and attitudes

Exploratory qualitative
analysis (316 forum
posts; 245 participants)

Qualitative content
analysis of essayswrit-
ten by portal users (19
parents, 5 young people
11-18 years)

Proposal of Experientia
Health Information
Processing Model

“social support” was best
predictor for additional
weight loss. “ Feedback”
was best predictor during
initial phase

Significant reduction in
self-reported health be-
haviors 3 months after
moderator withdrawal
(for both groups); during
moderated phase, Web
portal access led to posi-
tive behavior changes

9/14 participantsregul ar-
ly used system over 7-
day tria

N/A

N/A

Positive acceptance of
app, but concern about
privacy; indifference
about reminders

Emergent themesinclud-
ed sharing of health be-
haviors, problems, and
opportunities; also socia
support

Message boards and
chats found to provide
valuableinformation that
could not be provided by
clinicians (attitudes to
website itself were
mixed)

N/A

nance: +++

HP; Self-reported health
behavior: +++

SNSS; Acceptance: +

N/A

N/A

SNS+HP; Acceptance: +/

N/A

N/A

N/A
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Socia networking

Effectiveness evaluations

Reference/ projector  Health topic/ Study  topic/key words/ tech-
intervention name  population nology Type of study/methods Main findings (if any)?
Olsen & Kraft, 2009 General hedth SNSroleinproviding Pilot study to determine  Social support provided N/A
[51] social support andad- which aspects of SNS  mostly by close friends
herence areimportantin social  or family; adherence may

support and adherence  beimproved with dynam-

(semi-structured inter-  icand interactivefeatures

views, 5 participants,  (eg, games, contests)

qualitative analysis)
Potenteetal, 2011  Sunprotection/ Aus- Social MediaMarket- Online survey and the-  Positive stat. significant  SNS+HP; Self-reported
[52] tralian youth ing (SMM) matic analysis of com- difference in attitudes risk-awareness: ++

Rhodes et a, 2010
(CyBER/ M4M)
[53]

Richardson et a,
2010 [54] (Stepping
UptoHealth- SUH)

Roblin, 2011 [55]

Stoddard et a, 2008
[56] (Smoke-
free.gov)

Toscos et al, 2010°
[57]

Waters et al, 2011
[58]

Human immunodefi-
ciency virus (HIV)
prevention/ men
who have sex with
men (MSM)

PA/ adults

Diabeted patients
and families

Smoking cessation/
adults

Barriersto Physical
activity/female fo-
rum users of GetFit!

Student health

Educatorsin Internet
chat rooms

Online community in
Stepping Upto Hedlth
website

Mobile peer support
for glucose manage-
ment

Bulletin board in
website

Online forum on PA

Facebook profiles of
University Health
Centers

ments to determine ef-
fects of an SMM music
video on attitudes and
risk-awareness

Quantitative analysis of
participant survey
(n=210); qualitative
analysisof chat content
(n=1851): private and
public messages

RCT: effect of online
community in website.
n=324; (5:1 randomiza-
tion, larger number in
community condition);
Objective measures:
pedometer data, commu-
nity usage (activity) and
intervention completion
rates

Pilot study: experience
of patients and their
peer supporters using
mobile technology for
encouraging and remind-
ing

RCT: effect of bulletin
board (BB) in website.
n=1375 (50:50 alloca-
tion BB vsusual)

Qualitative Analysis of
GetFit! Forum content;
compare with literature
survey on barriers.

Content analysis to de-
termine the extent of
“dialogic principles’
(eg, usahility, conversa-
tion of visitors, feed-
back options)

between video-exposed
respondents and non-
video-exposed

Inconsistent condom use:
27% (77% of HIV posi-
tive chatters): Qualita-
tive: need for prevention
information; privacy, and
trust important; educators
had to respect culture

Online community more
engaged and more likely
to complete intervention
than non-community;
otherwise no great differ-
enceinwalking. Howev-
er, within online commu-
nity, active participants
(with more posts and
page views) walked more
than less active partici-
pants

Self-reported improved
self-monitoring and en-
couragement through
mobile communication
with peer-supporter

In BB condition, only
11% posted or viewed
messages; no significant
differencein cessation;
moretime on website for
BB condition; no differ-
ence in satisfaction

Differences between PA
barriers emerging in fo-
rums and those from sur-
veys; GetFit! interven-
tion not aware of them

Least applied dialogic
principleswere feedback
options (contact details)
and promoting return
visits. Significant relation
between social network-
ing extent (friends, fans)
and useof dialogic princi-
ples

N/A

SNS; Adherence: ++++

SNS+HP; Acceptance: +

SNS; Abstinence: 0

N/A
N/A
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Socia networking

Effectiveness evaluations

Reference/ projector  Health topic/ Study  topic/key words/ tech-
intervention name  population nology Type of study/methods Main findings (if any)?
West et al, 2011[59] Breastfeeding Blogging Determine extent of Reports on one’'s own SNS; Behavioral intention:
blogging to support behavior and personal ++
breastfeeding behavior:  experience sharing were
quditativeand quantita-  more likely to elicit be-
tive analysis of posts havioral intention than
and comments; 32 ac-  advice or information.
tiveblogs, 354 posts,  Attitude (like/dislike)
881 comments most common themein
blog posts (28%); praise
(support) for breastfeed-
ing most frequent com-
ment (43%)
Woodruff et al, 2007 Smoking/ adoles- Virtual chat room RCT: determine effect ~ Short-term: self reported SNS+HP; Self-reported
[60] cents of interventionwith M1 smoking reduction for behavior: ++
and virtual chat room  intervention group; long-
(n=136) term: not significant
Young et al, 2010 PA/ teenage girls Micro-blogging Pilot study: 4 students; Positivebehavior change, SNS; Behavior change: +
[61] determineif peer-pres-  gradual increase in num-
sureand SNStechnolo-  ber of stepsover 4 weeks
gy can influence girls
to exercise
Kamal et al, 2013 Healthy living / VivoSpace Pilot study: interviews, Findingsshowed ABC ~ SNS+HP, Engagement: +
[18] Adults questionnaires, and framework in combina-

Baelden et al, 2012
[62]

Ploderer et a, 2013
[63]

Goldetal, 2012[64]

Acquired Immune
Deficiency Syn-
drome (AIDS) and
HIV/ Adults

Online discussion
group

Smoking cessation/ Facebook support

Adults

Sexual hedlth/
Young people

group

Facebook + YouTube

prototyping. Aim was
evaluation in terms of
usability of anovel the-
oretical framework
(Appeal, Belonging,
Commitment) for de-
signof asocial network-
ing tool for healthy liv-
ing

Pilot study: examining
suitability of an
anonymized discussion
forumforincreasing in-
terpersona communica-
tion and engagement in
theareaof HIV / evalu-
ation through usage
statistics & focusgroup
interviews

Pilot study: Examining
the relationship be-
tween stage of health
identity change and
seek for social support
/ thematic analysis of
messages posted in a
public Facebook sup-
port group

Pilot study: Review of
challengesrelated to
promoation of sexua
health behavior through
Web 2.0/ usage statis-
tics, satisfaction ques-
tionnaires, and focus
groups

tion with iterative usabil -
ity evaluation to be
promising for user en-
gagement; but, since the
study was focused on
prototypes and not fully
working systems, no tan-
gible data on actual na-
ture of engagement and
itseffect on health behav-
ior change

Mixed on suitability of
onlinediscussion forums
for interpersonal commu-
nication about AIDS. Use
of discussion forum was
successful when integrat-
ed into the curriculum.
Usage was lower when
participants had to use
the forum on avoluntary
basis

Findings showed that
supportive responses and
leadership came from
users who just started
their behavior change
process rather than peo-
plewho had successfully
completed it

Mixed resultsin terms of
adherence and engage-
ment with technology

SNS; Adherence and tech-
nology engagement: +/-

SNS + HP; Self-reported
behavior change: ++

SNS; Adherenceor technol-
ogy engagement: +/-
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Socia networking

Effectiveness evaluations

Reference/ projector  Health topic/ Study  topic/key words/ tech-
intervention name  population nology Type of study/methods Main findings (if any)?
Nguyen et al, 2013  Sexual health/ Facebook + SNS Pilot study: Review of  Mixed resultson effec-  SNS; Adherenceor technol-
[65] Young adults challengesrelated to tiveness. The project ogy engagement: -
promoation of sexual reached 900 fans across
health behavior through 5 Facebook pages. Key
Web 2.0/ usage statis-  challengesincluded a
ticsand questionnaires  lack of vira recruitment,
evoking substantial inter-
est, and maintaining user
engagement
Kolt et al, 2013 [66] Physical activity Walk 2.0 project RCT: A methodology ~ N/A (the paper presented SN'S; Self-reported behav-
(blogs, socia network-  to comparetheeffective- the methodology of the  ior change: +; Objectively
ing, virtual walking ~ ness between Web 1.0, evaluation, but noresults measured behavior change:
groups, forums) Web 2.0 and control in-  were presented or dis- + ; Engagement: N/A
terventions) using larg-  cussed)
er samplesizeand re-
peated measures data
collection
Gabarroneta, 2012 Sexual hedth/ Virtua Clinic for Impact evaluation: N/A (presented the SN'S; Acceptability/ user
[67] Young adults Sexually Transmitted Methodology to exam- methodology of theeval-  engagement: N/A
Diseases (VCSTD) /  ineusefulnessof ser-  uation, but not the re- Self-reported behavior
Avatars vice/ user experience sults) change: N/A
through online feedback
forms—behavior
change through online
questionnaires—usage
data/ effect of theinter-
ventions on (1) number
of abortions, (2) num-
ber of chlamydiatests,
(3) amount of emergen-
cy contraception infor-
mation sold
Kelty et a, 2012 Physical activity/ Facebook / “Girls' RCT: evaluating a Although intervention SNS; Adherence-engage-
[68] teenage girls recreationd activity  baseline intervention group increased physical ment: +; Objectively mea-
support programusing  (based on face-to-face  activity, the difference sured behavior change
informationtechnolo- support) and aninter-  between the 2 interven-  (based on physiological
ay” vention based on Face- tionswasnot significant. data, BMI): ++++
book pages, datacollect- Engagement with the on-
ed during a 3-month line component was low.
period. Study aimed to  Additional strategies are
evaluate the effective-  required to improve en-
ness of social network- gagement and compli-
ing intervention forim- ancewith socia network-
proving physical activi-  ing interventions based
ty and behavior change, on Facebook
aswell asthefed of
support to the users of
the service
Laaksoeta, 2012  Self-managementof HOFA (Heathy Out- Litreview: Noevalua= N/A (paperincludeda  N/A
[69] chronic disease comes for Aus- tion of effectiveness. review of therelevant lit-

tralians): Social media
platform for informa-
tion sharing, communi-
ty building, and socia
networking for those
with chronic disease

Lit review informed the
design of the interven-
tion. Paper presentsthe
results of the review
and a general descrip-
tion of the HOFA web-
site

erature)
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Social networking

Effectiveness evaluations

Reference/ projector  Health topic/ Study  topic/key words/ tech-

intervention name  population nology Type of study/methods Main findings (if any)?

Hwangetal, 2012  Weight loss/ Adults  SparkPeople.com/ Observationa study: Using social mediatools SNS; Self-reported behav-
[70] Discussionforumand finding an association  of an online weight loss  ior change: ++

blogs

between frequency of
use of social media &
social support inthe
context of weight loss/
survey

program at least 1x/wk is
strongly associated with
receiving encouragement,
but not information or
shared experiences

8Abbreviations and symbols used in this column are explained in Multimedia Appendix 1.

bConflict of interest declared.

Figure 1. Flow of studies through the review.

Unigue number of records
identified through searching
Google Scholar and Pubmed

n=1128

| 4

Records screened by title
and Abstract
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Y

Full-text articles assessed for
eligibility

) J

Records excluded

n =582

n=162

L 4

Articles included in the review

n=42
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Full-text articles excluded:

* Mention of social networking in a generic non
specific way n = 44;

= Study of health discussions on general social
networks in which there is no health promotion
initiative n = 37;

* Discussion / position papers, including
definitions and research roadmaps n = 23;

* Use of discussion boards as an “added extra”
in an intervention without significant role in the
study n=7;

* Use of the term “social networking” to indicate
“top down” dissemination only (e.g. using
mobile phones or text messaging) without
mention of peer to peer communication or
other emergent SNS effects n=9.
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Table 2. Role of theory and relationship between top-down and bottom-up features in interventions.2

Balatsoukas et al

Reference/ intervention name  Theories or modelsused  Role of top-down Role of bottom-up  Citizen-led or Relation between HP
(if any) design (HP) ininter- or emergent SNS participatory ele- and SNSin study
vention features ments (if any)
Observed usage pat-
Anet al, 2008 [32] N/A Quitplan website terns N/A PHP . _ SNS
Baghaei et a, 2009 (SOFA) N/A Educational content Usage patterns N/A HP — - SNS
[33]
Burke & Oomen-Early, 2008  Bloom'’s Taxonomy of High school teach-  Learning from SNS ~ Students learn HP - SNS
[34] Educational Objectives  ing idea(guided use expected advocacy cam-
of SNS) paigning and citi-
zen debates
Cobb et al 2010 (QuitNet) [35] Socia Network Analysis Design of smoking ~ Socia networking ~ N/A HP — SNS
interventions analysisresultsin-
form HP
Cunningham et al, 2008° (Alco- Expert forummoder- Observed usage and
hol_HelpCenter) [36] N/A ator content informHP ~ N/A HP — SNS
Fdan et a, 2011 (SCEDES) N/A Nurses, educatorsin  Planned bottom-up ~ Planned con- HP — - SNS
[37] community flow of knowledge  sumer empower-
ment
Foster et al, 2010 (StepMatron) N/A Design of interven-  Peer pressure N/A HP — - SNS
[38] tion
Fukuokaet al, 2011 [39] N/A Planned anti-dia- Planned social sup-  Focus group HP — - SNS
betes intervention port in community  emergent themes
help determine
intervention
Gascaet a, 2009 (pHealthNet) N/A Design of interven-  Peer-to-peer chal- Researcherscon- HP — - SNS
[17] tion based on exist-  lenges, games, expe-  sulted support
ing hospital support riencesharing, com- groups to deter-
groups munity attachment  mine technology
design
Gay et a, 2011 (AURORA) N/A Design of interven-  Visua emotionshar-  N/A HP — - SNS
[40Q] tion based on effects  ing (selecting Flickr
of emotional health  pictures)
on physical health
Kamal et al, 2010 [41] Social Science Theories  Intervention design  Planned SNSshould  N/A HP - SNS
(U&G; CICB; SI; OC; based on survey of  promote social be-
SNT; DI) and Behavior ~ models and theories  longing, identity and
Change Theories (TTM; comparison
HBM; SCT; TRA) (grounded in theo-
ries)
Kharrazi et al, 2011 [42] TPB Educational materi- Planned SNSshould  Interactiveperson- HP - SNS
als + pedometer enable peer pressure,  a health record
linked to personal competition, and re-  should empower
health record wards consumer
Krukowski et al, 2008 [43] N/A Website design with  Bulletin board, Web  Focus groups HP — - SNS
educational content  chats, stories, biogra=  help to determine
phies website features
Lindsay et al, 2009 [44] N/A Moderator support ~ Onlineclosed com- N/A HP — - SNS
munity
Linehan et a, 2010 [45] N/A Plannedintervention Participantsupload ~ Nutritiontagging HP - SNS
for general nutrition photosof mealsto  generated by par-
education be tagged anony- ticipants
moudly for nutrition
vaue
Liu & Chan, 2010 [46] Social Support Theory;  Virtual community — Observed social sup- N/A HP — SNS

Social Identity Theory
(Sl); HBM

management based
on theories and evi-
dence

port patternsin SNS
informinterventions
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Reference/ intervention name  Theories or modelsused  Role of top-down Role of bottom-up  Citizen-led or Relation between HP
(if any) design (HP) ininter- or emergent SNS participatory ele- and SNSin study
vention features ments (if any)
Maibach et al, 2007 [47] Ecological models: peo- Planned framework  Theory of SNSas  Participatory HP - SNS
ple-based and place- for Social Marketing people-based fields  model considered
based fields of influence to promote behavior of influence
changein SNS
Munson et al, 2010 (3GT) [48] Positive Psychology Encouragingsharing Real attitudes of N/A HP — - SNS
of positive eventsin  SNS users
SNS
Nahm et a, 2009 (TSW) [49]  Social Cognitive Theory Theory-based web-  Emerging themes N/A HP — - SNS
sitewith moderated  from discussion
discussion
Nordfelt et al, 2010 (Diabit) N/A Educational materi- Attitudesfromes-  Attitudes and HP — SNS
[19] als on website sayswritten by par-  suggestions pro-
ticipants videinput for fur-
ther development
of website
O'Grady et a, 2008 [50] Kolb Model of Experien- Designof collabora- Harnessing of SNS ~ Patientsmay be HP - SNS
tial Learning tivehealth education technology to sup-  considered as au-
port learning thoritative due to
their experience
Olsen & Kraft, 2009 [51] N/A Futuredesignsbased Aspectsof SNSper-  Attitudesof SNS HP~ SNS
on observed SNS celved by usersas  usersprovidein-
features promoting social put to technical
support and adher-  design of SNS
ence technology (posi-
tive and negative
experiences/ con-
cerns)
Potente et al, 2011 [52] N/A Social Marketing Sharing and debat-  N/A HP —~ - SNS
use of social media  ing video online
(YouTube, Twitter,
forums)
Rhodes et al, 2010 (CyBER/  Social Cognitive Theory Chat room educators Observed chat Methodol ogy: HP — - SNS
M4M) [53] (SCT); Grounded Theory roomsinteractions ~ Community-
used for data analysis with educatorsin-  Based Participato-
form intervention ry Research
design (CBPR)
Richardson et al, 2010 [54] SCT SUH intervention Observed communi-  N/A HP - - SNS
(SUH) ty engagement and
peer support
Roblin, 2011 [55] Social support Planned diabetesin- Peer-to-peer mobile Participatory HP — - SNS
tervention messages model for dia-
betes manage-
ment
Stoddard et al, 2008 [56] N/A Smoking interven-  Observed bulletin N/A HP — - SNS
(Smokefree.gov) tion board usage and ef-
fectiveness
Toscos et al, 2010 [57] For qualitative analysis:  Futuredesignsbased Commonly men- N/A HP — SNS
Presentation of Self in on SNSobservations  tioned barriersto PA
Everyday Life & Cogni- in forum to inform
tive Dissonance HP design
Waters et a, 2011 [58] Didogic Theory University Health HealthCenter SNSS'  N/A HP — - SNS
Centers useof Dialogic Prin-
ciples
West et a, 2011 [59] Integrated Behavioral Health education on  Observed peer sup- N/A HP — SNS
Model (IBM): to code breastfeeding port via blogging to

constructs for behavioral

support.

inform HP interven-
tions
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Reference/ intervention name  Theories or modelsused  Role of top-down Role of bottom-up  Citizen-led or Relation between HP
(if any) design (HP) ininter- or emergent SNS participatory ele- and SNSin study
vention features ments (if any)
Woodruff et al, 2007 [60] Ml M1 used withinvirtu- Peer pressure and Participatory ree  HP — — SNS
al chat room social support search involving
schools and aca-
demics
Young et al, 2010 [61] Persuasion Design Princi- PA website with pe- Harness peer press  Teenagerswere  HP - SNS
ples (PSD) dometer sure using micro- consulted about
blogging design principles
Kamal et al, 2013 [18] ABC: A theoretical Design & content N/A (thestudy in-  Researchersin- HP — SNS
framework encompassing components of aso- volved only aproto- volved usersin
conceptsfrom 13individ- cia networking tool type) the prototype de-
ual theoretical models were informed from sign and evalua-
the ABC theoretica tion phase
framework
Ploderer et al, 2013 [63] N/A Smoking cessation  Analysis of posts Analysis of SNS - HP
Facebook support made to a Facebook users posts
group support group by
180 users
Baelden et al, 2012 [62] N/A Design of the tool Observation of us-  Researchersin-  HP~ SNS
wasbased on partici- age statisticsfollow- volved usersin
patory approaches  ing 3implementa-  prototype design
tion scenarios: (1)  and evaluation
voluntary (with phase (through
15,000 users), (2) focusgroup inter-
semi-voluntary (with  views)
1431 users), & (3)
curriculum integra-
tion (with 161
users). Each imple-
mentation phase
lasted ~1 month
Gold et al, 2012 [64] N/A Design of interven-  Observationof uss  N/A HP — SNS
tion was based on age statistics
collaboration be-
tween public health
professionals, ex-
pertsin user experi-
ence, and people
from creative indus-
tries
Nguyen et al, 2013 [65] Concept of edutainment  Design of tool was ~ Observation of us-  N/A HP — SNS
based ontheconcept  age statistics + on-
of edutainment line surveys
Kolt et al, 2013 [66] N/A N/A Observation of par-  N/A SNS - HP
ticipants self-report-
ed behavior includ-
ing data on physical
activity levels, self-
reported quality of
life, user satisfac-
tion, psychosocial
correlates
Gabarron et a, 2012 [67] Gaming and eLearning  Design of toolsin-  Feedback forms; on-  N/A SNS - HP

approach

volved an avatar,
which was influ-
enced by gaming
and el_earning con-
cepts

line questionnaires
and publicly avail-
able usage data
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Reference/ intervention name  Theories or modelsused  Role of top-down Role of bottom-up  Citizen-led or Relation between HP
(if any) design (HP) ininter- or emergent SNS participatory ele- and SNSin study
vention features ments (if any)
Kelty et al, 2012 [68] N/A N/A Objectively mea- N/A SNS - HP
sured effect (eg, use
of pedometers; digi-
tal scales, calcula-
tion of BMI and
CRF scores)
Laakso et a, 2012 [69] N/A (based onlit review Interdisciplinary in-  N/A N/A N/A
of the barriersto access-  put from specialists
ing and managing health in physiotherapy,
information) exercise science, nu-
trition, education,
human services,
psychology
Hwang et al, 2012 [70] N/A N/A Questionnairesur- ~ N/A SNS - HP

vey, interviews,
qualitative analysis
of postsin discus-
sion forums

8PA: Physical activity; Social Science theories: U & G: Uses and Gratification theory [71], CICB: Common Identity and Common Bond theories[72],
OT: Organizational Commitment theory [73], SI: Socia Identity theory [74,75], SST: Social Support Theory [76,77], SNT: Socia Network Threshold
[78], DI: Diffusion of Innovation theory [79]; Behavior change theories: SCT: Social Cognitive Theory [28], TTM: Transtheoretical Model [80], TPB:
Theory of Planned Behavior [27], TRA: Theory of Reasoned Action (see TPB), HBM: Health Belief Model [81], MI: Motivationa Interviewing.

bThe followi ng notations have been used to denote the relationship between HP and SNSin the study: HP — — SNS (emphasis on top-down design);
HP — SNS (emphasis on bottom-up flow of knowledge through observation and/or participation); HP — SNS (both aspects included in the study).

CConflict of interest declared.

Effectiveness Studies

Overview

A total of 26 studies (Table 1) had an explicit focus on
effectiveness. These were RCTs (n=6), fully powered and
explicitly designed observational studies (n=5), and pilot studies
(n=15). A total of 17 articles (Table 1) did not report results on
the effectiveness of social networking for health promation.
The studies presented in these articles were either planned
interventions,  conceptual  frameworks, and early
prototypes—usually coupled with findings from a literature
review [34,37,39,41,42,46,47,50,58,67,69] or showed results
other than those rel ated to the measurement of the effectiveness
of social networking applications. For example, findings were
focused on the information seeking and sharing behavior of
users of socia media, or the application of socia network
analysis to show the growth and characteristics of Web 2.0
applications [35,49,19,51,53,57]. The main findings of the 26
studies with afocus on effectiveness are summarized below.

Randomized Controlled Trials

Six studies were RCTs [44,54,56,60,66,68]. Of these, three
studies [54,66,68] examined the effect of online socia
networking on objectively measured behavior, while the
remaining studies attempted to examine this effect on
self-reported behaviors. In the case of objectively measured
behaviors, Kolt et a [66] presented the methodology, but not
actua results from the study. Richardson et al [54] and Kelty
et al [68] showed no significant effect on physical activity (in
terms of walking behavior) between the baseline and online
social networking interventions. However, the two studies

http://www.jmir.org/2015/6/e141/

showed mixed results in terms of the level of engagement and
adherence with socially mediated interventions. Richardson et
al [54] reported a positive effect of an online community on
adherence (ie, engagement and completion of the intervention)
while Kelty et a [68] showed alow level of engagement.

Researcherswho examined self-reported behavior changeusing
RCTs presented a mixed picture of online social networking
versus behavior change in the context of smoking cessation,
healthy eating, and physical activity. Stoddard et a [56]
measured the effect of a bulletin board on smoking abstinence
(n=1375, 50:50 all ocation to bulletin board vs usua care)—only
11% in the intervention arm viewed or posted to the bulletin
board, and no significant effect was found. Woodruff et al [60]
found a short-term self-reported effect on smoking abstinence.
However, the study evaluated the whole intervention (which
included motivational interviewing) thus making it difficult to
determine the effect of the social networking aspects. The effect
of aspecific HP component in ahealth care social network was
evaluated by Lindsay et a [44], who studied the effect of
removing amoderator from an online community. The 12-month
study involved 108 coronary heart patients, half of whom were
randomly assigned to Web portal access. For both groups,
moderation was removed after 6 months. After 3 months of
non-moderated usage, there was a significant reduction in
self-reported healthy behaviors for both groups. During the
moderated phase, there was a positive effect for the portal
(intervention) group.

Observational Studies

Four studies determined effectiveness through controlled
observational designs. An et al [32] found a weak association
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between community engagement and abstinence (smoking)
using multivariate and path analyses. Krukowski et a [43] used
exploratory factor analysisto determine which website features
were associated with actual weight loss (n=123). “Saocia
support” was the highest predictor. Similar findings were
presented by Hwang et al [70]. Theresearchersfound that using
the social networking tools of an online weight loss website
was strongly associated with receiving encouragement and
support from the community. However, no strong associations
were observed between the use of social networking tools and
the amount of new information or shared experiences received.
Ploderer et al [63] examined the relationship between stages of
health identity change and seeking social support. They
performed aquantitative analysis of messages posted inapublic
Facebook support group for smoking cessation. The findings
showed that supportive responses and leadership came from
users who had just started their behavior change process rather
than people who successfully completed it. Finally, West et a
[59] performed both qualitative and quantitative analyses of a
large set of blog posts to determine whether blogging can
promote breastfeeding. The findings showed that sharing
personal experiences was more likely to elicit behavioral
intention than generic advice or information.

Pilot Studies

A total of 14 articles examined the effectiveness of social
networking interventionsin studiesthat were pilots (with regard
to the power to detect the effect of interest) or qualitative
explorations. In the majority of cases, researchers recruited
small sample sizes and employed mixed (qualitative and
guantitative) methods. Typical data collection techniques were
focus groups, online questionnaire surveys, interviews, and
guantitative analysis of user-generated content (such as posts
in blogs, discussion forums, and other social networking sites).

Nine studies [18,33,36,38,40,45,52,55,61] showed a positive
effect of socia networking  interventions  on
engagement/acceptance of technology and behavior change. In
particular, several studies [18,33,45] showed that social
networking interventions enhanced user engagement and
acceptance of technology in the contexts of obesity, healthy
eating, and physical activity. Similar findings were reported in
the case of interventions related to alcohol misuse and diabetes
[36,38]. In addition to positive user engagement, two studies
[38,61] demonstrated promotion of walking (gradual increase
in the number of steps). Positive behavior changes were
self-reported [40,52]. Gay et al [40] focused on the application
of social networking in the context of emaotional health. The
resultswere positive for emotion awareness, sharing, and social
support. Finaly, Potente et a [52] showed a high level of
self-reported risk awareness in the context of sun protection.

The remaining five studies [17,48,62,64,65] presented mixed
results regarding the effectiveness of social networking
interventions in health promotion. Several studies [62,64,65]
were focused on sexua health promotion (including HIV
protection). The findings of these studies showed that social
networking can be auseful tool for initiating online discussions.
However, severa limitations were identified, such aslow level
of participation and engagement on a voluntary basis, lack of

http://www.jmir.org/2015/6/e141/
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expected “vira” recruitment through online networks, and
problems maintaining user engagement in the long term. In
addition to sexual health, two studies[17,48] that were focused
on obesity and emotional health reported similarly mixed
effectiveness. In particular, Gascaet al [17] showed ahighlevel
of acceptance of technology, but the authors reported also that
social networking did not support long-term behavior change
(ie, low sustainability of behavior change). In Munson et al [49],
the positive engagement with technology was counteracted by
concerns about privacy and personal information management.

Theoretical Grounding

Twenty studies involved interventions that were grounded in
social and psychological theories, or technological model and
approaches. Most of these were early stage designs that we
classed as top-down studies in Table 2. Many were based on
the expected emergent properties of socia networks. In
particular, Kamal et al 2010 [41] grounded their intervention
design on asurvey of theoriesrelating to social networking and
behavior change. The socia networking theories employed were
Uses and Gratification (U&G) theory [71]: participants use
media actively and search for specific resources (for usefulness
or gratification); Common Identity and Common Bond (CICB)
theories[72]: online communities need to be managed in away
that facilitates attachment to a group (Common Identity) and
attachment to group members (Common Bond) in order to
sustain voluntary participation; Organizational Commitment
theory (OT) [73]: amodel of different kinds of commitment (or
attachment) to an organization, which can be relevant to an
online community; Socia Identity (SI) theory [74,75]:
motivation for behavior change is influenced by the sense of
belonging to agroup; Socia Support Theory (SST) [76,77]: in
social networks, social support might take the form of messages
showing empathy, encouragement and caring (among others),
which may be beneficial for health and positive mental attitude,
including moativation for behavior change; Socia Network
Threshold (SNT) [78]: thistheory distinguishes critical/threshold
numbers of individuals' contacts influencing their adoption
behavior from the effects of structural aspects regarding
individuals positions in socia networks; and Diffusion of
Innovation (DI) theory [79]: populations comprise atheoretical
distribution of people with different propensities for adopting
innovations, from “innovators’ and their “early adopters’ to
“laggards’.

The planned social hetwork should promote asense of belonging
and social identity (based on S| and CICB theories) as well as
socia support (based on SST) among other features. Social
support theory was also applied in other interventions [46,55].
In afollow-up paper, Kamal et al [18] summarized theindividual
theoretical modelsinto the ABC framework. Thisinformed the
design of the VivoSpace, a social networking tool focused on
healthy living.

Other theories used were as follows. People-based and
Place-based fiel ds of influence, where people areinfluenced by
the placesthey arein, aswell as other people (norms, etc) [47];
Positive psychology [82], used by Munson et a 2010 [48]
(3GT), in which sharing of positive stories and experiences
promotes emotional health (acceptance evaluation); Social
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Cognitive Theory used for the whole intervention design in
three studies with moderated discussion [49,53,54]; Theory of
Planned Behavior, in which peer-pressure (norms) should
emerge in planned social network for sharing step count data
[42]; Kolb Model of Experiential Learning [83], in which
learning happens through experience, and experience sharing
[50]; Dialogic Theory [84] used in one study [58] to evaluate
university health center use of Facebook; Moativational
Interviewing (MI) used for chat room educators [60]; and
Persuasion Design Principles (PSD) used for website design
[61].

A few studieswere not theoretically grounded but instead based
on commonly held expectations about the effects of social
networking. For example, AURORA [40] was focused on the
expected positive effects on emotional health if positive
experiences are shared. However, this can also be negative, due
to contagion of negative emotions. Another was Tagliatelle
[45], which is based on the expectation of constructive social
tagging of meals. Nguyen et al [65] designed an intervention
for sexual education using Facebook. Theintervention followed
the concept of edutainment to support adherence and
engagement. Finally, the Virtual Clinic for Sexually Transmitted
Diseases [67] was an Avatar-supported intervention, the design
of which was based on concepts from gaming and el earning
to support adherence and promote behavior change among the
users of the service.

Discussion

Principal Considerations

The aim of this study wasto review the existing evidence about
the effectiveness of SNS in health promotion. As opposed to
existing systematic reviews, this study took adifferent approach
by including abroader range of studiesfor review. The selected
papersreflected different dimensions of effectiveness and types
of aresearch design. Thisdecision was madein order to address
some of the gaps identified in previous reviews of the relevant
literature, and in particular, the focus on RCTs (ignoring other
types of research designs), as well as the narrow focus of
effectiveness on behavior change (excluding other types of
effectiveness that may have an impact on our understanding of
behavior change, like usability, user satisfaction, level of
adherence, and technology acceptance). By reviewing a larger
pool of papersin this context, our objectives were to extend our
existing knowledge about how effectivenessis being measured
and identify the level of uptake of theories in the design of
interventions based on online social networking.

Effectiveness of Social Networking Sites

In accordance with findings from previous reviews [1,2], the
RCTs included in this review showed no clear effect of SNS
on objectively measured behavior change (eg, no significant
increase in walking behavior in the context of obesity-related
interventions [54,68]). However, more positive effects on both
self-reported and objectively measured behavior change were
reported in the case of small pilot studies [38,61]. It is well
recognized that small pilot studies often show amore promising
positive effect of an intervention than later larger and more
pragmatic evaluations [85].
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The review of controlled observational studies showed some
interesting aspects about the role of social support in behavior
change. It appearsthat not all aspectsof SNS (eg, social support,
peer pressure, or information sharing) have an equa role. In
particular, socia support was the highest predictor of behavior
change in the context of weight loss[43]. Also, the use of SNS
in weight loss interventions was more strongly associated with
receiving encouragement and support from the community
rather than the amount of new information and experiences
received [70]. Finally, there was evidence that socia support is
not manifested equally among members of an online community.
The level of completion of behavior change appeared to be an
important predictor of socia support, with users who had just
started their behavior change being more supportive than their
peers who successfully completed it [63]. In previous reviews
of theliterature [1,2], social support wasidentified asapositive
aspect of interventions delivered through SNS. However, this
review goes a step further by highlighting itsrole in relation to
other aspects of SNS, like peer pressure and information sharing,
but also among different members of the online community.
Future research should investigate in more depth the role of
social support as a specific component of health promotion
interventions and for interface design. For example, what isthe
effect of different contextual factors on online socia support?
Or how can the interface design of SNS applications be
enhanced with featuresthat could motivate social support among
different members of the online community?

Broader influences on effectiveness, such as usability or level
of engagement, were reported more frequently in pilot studies,
rather than RCTs and observational research. The majority of
pilot studies showed results about the level of engagement with
an online social networking application over a short period of
time (normally between 1-4 weeks). Despite the fact that all
authors reported systematically a good level of engagement at
the beginning of the trial period, in many cases the number of
active users dropped considerably in the long term
[17,48,62,64,65]. Only afew authors attempted to explain the
reasons for this phenomenon. However, when thisinformation
was reported, the most common reasons included concerns
about privacy, problems related to personal information
management, and lack of motivation [48,53]. Only in one pilot
study did the authors examine what actions should be taken to
improvethelevel of adherence and engagement with SNS[51].
They found that dynamic and interactive elements (such as
online games and contests) could improve adherence. The lack
of active participation and long-term engagement with SNS
technology was anissue also in the case of RCTs. For example,
Stoddard et al [56] reported that only 11% of participants were
active users (ie, posted or viewed comments/messages), while
Woodruffe et al [60] found a significant self-reported behavior
change only in the short term. A reduction in the level of
engagement in RCTshas been reported by other authorsaswell
[2,86,87]. Also, it is interesting that almost all RCTs in our
review, except for one, did not exceed a 12-week trial period.
This shows a lack of evidence about the level of user
engagement and retention in the case of longer trial periods
(such as 12 months or more). The lack of long-term RCTSs (ie,
more than a year) is atypical phenomenon in this context and
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similar concerns regarding long-term user engagement and
retention have been expressed by other authorsin the past [2].

Lack of clear evidence was evident in the case of the evaluation
of the usability and technol ogy acceptance of the SNS. Despite
thefact that usability wasfrequently mentioned in several papers
as a feature of a well-designed social networking application,
there was no evidence of complete usability tests or heuristic
evaluations. In the majority of cases, usability was reduced to
the evaluation of the quality of the contents and information in
an SNS [58]. In other cases, some authors reported the
application of a participatory design approach to inform the
development of usable interfaces for SNS. This was more
common ininterventionswith ahealth-focused SNS component
rather than the mainstream SNS channels, like Facebook.
Evaluating the usability (ie, interface design) of SNS
applicationsisimportant for both user engagement and behavior
change [88]. Also, thistype of evaluation will provide some of
the evidence needed by informaticians to design ease-of-use
SNS interfaces for health promotion interventions. Finaly, the
review showed a lack of studies examining technology
acceptance (ie, studies focused on identifying and modeling
factors of technology acceptance and intention to use the specific
technology).

Useof Theory intheDesign of Social Networking Sites

As opposed to previous reviews of the literature [2], the papers
included in this review showed a wider range of socia and
behavioral theories and design approaches used to inform the
design of interventions. Thisfinding showsthat moreresearchers
are choosing a more theory-driven approach as a means of
achieving powerful effects [11]. Although a wide range of
theories were mentioned in the studies, the social networking
concepts that they emphasized were often overlapping. The
most common were peer pressure, social support, and sense of
identify (ie, belonging to a community).

Of the 20 papers that showed evidence about the use of theory
to inform the design of interventions, the authors evaluated
effectiveness in only half. In the context of physical activity,
smoking cessation, and diabetes, the findings showed apositive
effect of interventions grounded on persuasion design [61],
motivational interviewing [60], and social support theory [55]
on behavior change (both self-reported and objectively
measured) respectively. Also, interventions based on the ABC
framework [18] and positive psychology [48] showed good
level of engagement and apositive effect on behavioral intention
to share personal experiences. Positive, but not statistically
significant, effect on behavior change was reported by authors
who applied socia cognitive theory to the design of an SNS
intervention for physical activity [54], while the results were
mixed interms of engagement in the case of an SNSintervention
grounded on the concept of edutainment [65].

Theories were used a priori to inform the design and contents
of the online intervention. However, in the majority of cases,
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authors were not clear as to which aspects of the theory were
applied specifically for the delivery of the SNS. This was
common for interventions encompassing a website, part of
which was the social networking application. In a few cases,
the researchers also used bottom-up approaches to enhance the
design and the contents of SNS. Bottom-up approaches were
based on the use of observation using information extraction
tools and social network analysis [49,59,57,35]. Yet, no study
showed clearly how both top-down and bottom-up approaches
to the design of health promotion interventions can beintegrated
into an iterative design life-cycle or how top-down design of
health promotion can be linked with bottom-up observation and
user participation.

Limitations

This review has severa limitations. Only articles indexed in
Google Scholar or PubMed were included. However, most
academic publications are found by Google Scholar. We did
not include gray literature such aswhite papers and unpublished
reports. In addition, our search terms may have missed some
relevant articles, especialy in the context of health prevention
and preventive strategies. However, health prevention was not
the focus of this review and a decision was made to include in
the search for relevant papersonly terms representing prevention
strategiesthat are known examples of integrative (mixed) health
promotion interventions, that is, health promotion interventions
that incorporate methods from prevention strategies, like social
marketing and health education. Finally, due to the exploratory
nature of this review, we decided to include a range of study
designs, at various stages of completeness. Thismadeit difficult
to assesstherisk of biasor perform ameta-analysis of the papers
included in the analysis. Therefore, the findings should be
interpreted with caution.

Conclusions

Narrative approaches to evidence synthesis that incorporate
diverse literature can be valuable in highlighting issues beyond
simple summary measures of effect. Indeed, a smple
meta-analysis of this evidence base would be misleading given
the heterogeneity of the interventions. Instead, this review has
identified theoretical and empirical issuesrelated to the success
of health promoting interventionsthat harness social media. We
have shown that more, and longer, RCTs need to be conducted
that take into account contextual factors such as patient
characteristicsand types of SNS. Also, moreevidenceisneeded
regarding the actual usability of SNSand how different interface
design elements may help or hinder behavior change and
engagement. It will be crucial to investigate further the effect
of theory on the effectiveness of SNSfor health promotion. The
informatics research in this field needs better designed
experiments. Public health practitioners need to prepare for
more action research whereby theoreticaly founded
interventions generate evidence that helps them to
evolve—reflecting the emergent nature of social technologies.
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Abstract

Background: Traditional studies of health behaviors are typically conducted using one-shot, cross-sectional surveys. Thus,
participants’ recall bias may undermine the reliability and validity of the data. To capture mood changes and health behaviorsin
everyday life, we designed an online survey platform, ClickDiary, which helped collect more complete information for
comprehensive data analyses.

Objective: We aim to understand whether daily mood changes are related to one's personal characteristics, demographic factors,
and daily health behaviors.

Methods: The ClickDiary program uses a Web-based platform to collect data on participants' health behaviors and their
social-contact networks. The name ClickDiary comes from the platform’s interface, which is designed to alow the users to
respond to most of the survey questions simply by clicking on the options provided. Participants were recruited from the general
population and came from various backgrounds. To keep the participants motivated and interested, the ClickDiary program
included arandom drawing for rewards. We used descriptive statistics and the multilevel proportional-odds mixed model for our
analysis.

Results: We selected 130 participants who had completed at least 30 days of ClickDiary entries from May 1 to October 31,
2014 as our sample for the study. According to the results of the multilevel proportional-odds mixed model, a person tended to
be in a better mood on a given day if he or she ate more fruits and vegetables, took in more sugary drinks, ate more fried foods,
showed no cold symptoms, slept better, exercised longer, and traveled farther away from home. In addition, participants were
generaly in a better mood during the weekend than on weekdays.

Conclusions: Sleeping well, eating more fruits and vegetables, and exercising longer each day all appear to put onein a better
mood. With the online ClickDiary survey, which reduces the recall biases that are common in traditional one-shot surveys, we
were able to collect and analyze the daily variations of each subject’s health behaviors and mood status.

(J Med Internet Res 2015;17(6):€147) doi:10.2196/jmir.4315

KEYWORDS
health behaviors; mood; diet; physical exercise; quality of sleep; personality

information has been either overlooked [3] or confounded by
on€'s daily activities [4], social contacts [5], persona health
Happiness has been regarded as an important indicator correlated ~ PeNaviors [6,7], and personality [8]. In conventional surveys,
to an individual’s mental and physical health [1,2]. Although for example, respondentsare often asked how happy or unhappy
it is well known that emotional state is an important piece of ~ they have been, in general, over along period of time, such as
information to consider in health or psychological studies, such ~ the past month or the past year [9], atime frame that is often
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too vague or too long to recall specific details. Theinformation
collected from such surveys can be biased by more recent and
memorable experiences, or confused with the participant’'s
general mood, both undermining the extent of accuracy in data
analysis. In some cases it may also be difficult for researchers
to determine which factors play more critical roles in
distinguishing one's mood. One way to overcome such
limitations is to get each participant’s dynamic daily mood
changes properly documented.

In an effort to collect such longitudinal data about mood
changes, some health studies use a journal-like design, on a
daily basis, to tap participants emotional status [10], headache
symptoms (of children) [11], signsof depression and stressfrom
working or learning [12], and instances of gastrointestinal illness
and other physical illnesses[13]. Datacollection in such studies
usualy lasts for only 1 week or 1 month, thus limiting their
sampl e sizes despite having repeated measurements. Although
some social network studies also use the contact diary format
to collect data [14-16], they al rely on conventiona
paper-and-pencil instruments. To improve the process of diary
taking, minimize participants' efforts, and enhance the accuracy
of results, we designed an online-based diary platform for our
study.

In previous studies, one’'s emotional stability has been linked
to certain personal characteristics, such as
personality—particularly agreeableness and neuroticism
[8]—and demographic factors, such as age [17]. Those
individual factors, however, are more or less fixed, either
ascribed or predetermined since childhood. We believe that it
is also important to examine how emotional stability or
happiness varies by other variablesthat are more closely relevant
to one'shealth behaviorsor lifestyles, such as physical exercise
[2,18], quality of sleep [19], consumption of vegetables and
fruits[6,7], and so on.

The aim of this study is to use the online diary platform to
collect health and contact data on a daily basis. We want to
elucidate the extent to which a person’s daily mood varies by
his or her personal characteristics, demographic factors, and
health behaviors, aswell as the day of the week and the extent
of socia interactionsin everyday life.

http://www.jmir.org/2015/6/e147/
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Methods

Ethics

This study was approved by the Institutional Review Board
(IRB) on Humanities and Socia Science Research, Academia
Sinica(AS-IRB-HS 02-13022). Participants must be at least 20
yearsold and capable of making juridical actsin Taiwan. Before
registering as a participant of the ClickDiary program, one must
read the guidelines of the program and give informed consent.
We have removed personal identifiers, such asnamesand email
addresses, and assigned serial numbersto both the participants
and everyone in their contact networks to ensure privacy.

The ClickDiary Program

The ClickDiary program uses a Web-based platform [20] (see
Figure 1, section A) to collect data on participants health
behaviors and their social-contact networks. The interface of
ClickDiary is designed so that users can input their responses
by clicking optionsin theinstrument, making it easier to record
responses on a daily basis (see Figure 1, section B). At this
stage, this program is specifically tailored to the Taiwanese
population. The program is unlike traditional cross-sectional
health behavior surveys [21] or one-shot paper-and-pencil
contact surveys [15,16]. In addition to being user friendly, the
ClickDiary program helps generate daily, real-time, longitudinal
data. After participants successfully sign up for their accounts,
they are asked to provide demographic information, including
age, gender, place of residence, marital status, and current job.
The program aso collects the Big Five personality
traits—openness, conscientiousness, extraversion, agreeableness,
neuroticism (OCEAN) [14,22], whose exact wording was taken
from the International Personality Item Pool (1PIP) [23]—height

and weight for calculating body mass index (BMI, kg/m?),
perceived health status and happiness, the number (and
characteristics) of people contacted during the day, and a
baseline health survey, which borrows items from the Taiwan
Socia Change Survey [24]. After giving such basic information,
participants can then proceed to fill out their health diary and
contact diary. A reward system serves as incentive for the
participants to keep both diaries at least three times aweek. In
thefollowing sectionswe introduce our health diary, recruitment
methods, quality-control process, reward system, and feedback
design.
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Figure 1. Screenshots of ClickDiary. (A) Home page; (B) The interface of the health diary.
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In this study, we used only the health diary and baseline profile
data for our analysis. Thus, we will not introduce the contents
of the contact diary here. In the hedlth diary, we asked
participants seven major questions regarding what happened in
the past day, including their sleep behaviors (ie, what time they
got up and went to bed, and how well they slept—very good,
good, fair, poor, or very poor), their mood during the past day
(very good, good, fair, or poor), their food intake during the
past day, duration of physical exercise (no exercise, 1 to 30
minutes, 31 to 60 minutes, 61 to 120 minutes, or longer than
120 minutes), the number of people with whom they had contact
in the past day, the number of suspected or confirmed
influenza-inflicted people (and their symptoms) with whom
they had contact, and the maximum distance they traveled from

http://www.jmir.org/2015/6/e147/
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to 49 kilometers, 50 to 300 kilometers, or farther than 300
kilometers).

In the section on food intake, we listed 16 categories of food,
the quantities of which were measured in six degrees(ie, 0, 0.5,
1, 2, 3, and 3+) with different units. The 16 categories of food
were vegetables, fruits, whole grains and rootstock, rice and
flour, pork/beef/mutton, chicken/duck/goose, fatty meat,
seafood, eggs, beans, milk and cheese, nuts, fried foods,
processed foods, desserts, and sugary drinks. For this study, we
selected and consolidated the food typesinto the following eight
types: meat, seafood, milk and cheese, whole grains and
rootstock, fried foods, sugary drinks, desserts, and vegetables
and fruits. Mouse-over labels were available to inform users
about the unitsfor the different categories of food. One serving
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of fruit, for example, was equa to a fistful or 80% of a 240
milliliter bowl. These hints ensured that all participants had the
same understanding of the units.

Time Definition

We designed the health diary to collect data from the past 24
hours. Because it was likely that participants would enter data
several times a day, we reorganized the dates indicated on the
diaries according to thelogged time. If thelogged timefell after
noon of the current day, the entry would be included in the
current day’s health diary. If the logged time fell between noon
of the previous day and noon of the current day, then it was
considered the previous day’s health diary entry.

Recruitment of Participants

Recruited from various channels, our participants included
university students, school teachers and administrative
employees, volunteers at health-promotion centers, hospital
patients, and community college students, aswell as other adults
in the general population. Due to a limited budget and the
longitudinal nature of the ClickDiary program, we were unable
to recruit arepresentative sample aslarge as that of the one-shot
cross-sectional  surveys. To diversify the patterns of
participation, however, we used two major recruitment
strategies. First, we targeted unspecified individual s and groups
to solicit volunteers using posters and other promotional
campaigns, both online and offline, such as on Facebook and
in classes held at different universities and community colleges
scattered across northern, central, and southern Taiwan. Second,
in several groups with delineated boundaries, we asked group
leaders to monitor the participation rate by periodically
encouraging group membersto complete both health and contact
diaries. To help such monitoring, our system issued a summary
report of each group to its leader at the end of each week. If a
group’s diary entries met our standards for both quantity and
quality, we sent out convenience store vouchers to the leader
and each group member as a reward.

Quality Control

To ensure the quality of the data, we checked the data pattern
of each participant every week. If we suspected that a specific
participant had not been keeping hisor her diaries properly, the
participant’s serial number was put on an dert list, and any data
entered by the participant would be excluded from our analysis.
In addition, anyone who provided incomplete and poor data
was excluded from the random drawing and from receiving any
reward. We did not publish details of our quality-control
procedure, because quality control might become more difficult
if the participants get acquainted with our rules of screening.

Incentives

We designed a random drawing that took place both weekly
and monthly. Each entry into the drawing was assigned aweight
based on each participant’s corresponding weekly and monthly
cumulative points. The more time and effort participants spent
on completing their ClickDiary entries, the greater were their
chances to win areward. A participant automatically received
20 points after finishing the health diary each day. If someone
submitted multiple health diary entries within asingle day, the
system still gave the participant only 20 points. Participants

http://www.jmir.org/2015/6/e147/
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also received 3 points for each contacted person entered into
the contact diary. Although one could record multiple
interactions with the same contacted person on the same day,
each contacted person would only yield 3 points. To prevent
the participants from intentionally giving fal se data about daily
contacts, we developed a screening program for checking the
accuracy and quality of diary data every week.

Feedback

We did not give feedback to participants, based on the IRB’s
recommendations. We did, however, provide an interactive Web
chart summarizing the recordsin each participant’s contact and
health diaries. Participants could then view the summarized
reports that kept track of their health behaviors for up to one
year. In addition, participants could gain insight from their
overall contact patterns by checking the contact network tree
we devel oped, which also allowed them to take aglance at how
their mood changed when contacting different people over time.

Statistical Analysis

Participants’ reports on their overall mood in the past 24 hours
were coded on a 4-point scale—1 (Poor), 2 (Fair), 3 (Good),
and 4 (Very good). Other health-related daily entries included
diet, exercise, and the time and quality of sleep during the
184-day study period. For this study, we applied a multilevel
proportional-odds mixed model to analyze the data [25,26].
With this model, we analyzed the relationship between mood
swings and health behaviors, while adjusting for individual
characteristics, such as age, gender, and personality.

LetY;; bethe i™individual's scalar response of mood recorded
on day t;;, where j=1,2,...,T;, and T; ranged from 26 to 184 for
the n=130 participants. The random-effects ordinal regression
model for analyzing such multilevel datais given as.

logit[Pr(Y;k)]=6y — & — byl (Y;j1=1) —bxl (Y;;1=2) — bl
(Yij1=3) = byl (Yj1=4) -0’ Z; — B Xj;, k=1,2,3
Time-dependent covariates for the it participant are denoted
by Xi; = (Xyj,--Xij)” @nd the other covariates are denoted by
Z; = (Zyj,-Zy)' - Theparameters{ 6,} increasingink areknown
as thresholds or cut-points. Random components of g ~
N(O,oza), representing variations of theselogitsfor each response
level k among the n individuas, are added into the mean
equation to adjust for the thresholds of each individual.

For the repeated recordings, each individual’s scalar response
may be associated with previously reported responses. To take
this into account, we added another random component b, ~
N(O, ozb), I=1,...,4 to the model for further adjustment of the
thresholds. Thismodel hasthe samefixed effects as determined
by the parameters a and 3 of the covariates of interest for each
response level k. For example, the ratio between the odds of
making aresponse at each level k or below with covariates X;;
= x% and x%; is exp[-B (x"; - X%)]. In this application, our
covariates are all categorical variables. For the h'" covariate of
interest, Xp,;, which is represented by an indicator variable
corresponding to a level of a categorical variable, such as the
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quality of sleep, we report exp(-f3,) as odds ratio (OR) of

cumulative probabilities between the presence of the level and
the basdline level of this categorical variable.

We might expect that an individual with the level of this
categorical variable had odds of worsening mood exp(—3;) times
compared to those with a baseline level of this variable if the
odds ratio were larger than 1. On the contrary, an estimate of
exp(-B)<1 indicates better mood with the level of this
categorical variable. We used the clmm function from the R
package “ordinal” to estimate the model parameters[27].

Results

We selected 130 participants from 726 qualified participants
(17.9%) who had completed at |east 30 days of contact diaries
from May 1 to October 31, 2014. The contact diary served better
asour criterion because it required more time to complete—on
average, it took 1 minute and 12 secondsto record al variables
per contact, or about 12 minutes for 10 contacts per day—than

Chanet a

the health diary, which averaged 1 minute and 39 seconds per
day. Thus, a more complete contact diary normally indicates
higher commitment by the participant, which in turn ensures
that the health diary, as well as other variables, are of better
quality.

The average participant kept the health diary for about 69 days,
with a range from 26 to 184 days (see Table 1). The 130
participants had input 8824 complete health diary entries. Our
sample was overrepresented by females (98/130, 75.4%), and
the overall mean age was 33.1 (SD 13.4), ranging from 20 to

67 years. Participants averaged aBMI of 22.0 kg/m? (SD 3.3),
and most were within the normal range—healthy BMI: 18.5
kg/m’<BMI1<24 kg/m?. Among the Big Five personality items,
about 90% of participants said they werethoroughin performing
atask—ameasure of being conscientious—or they sympathized
with others' feelings—a measure of being agreeable (see Table
2). We used the 10 personality measures as covariates for the
multilevel proportional-odds mixed model.

Table 1. Summary of selected variables for the 32 male and 98 female participants (n=130).

Variable Mean (SD) Minimum Maximum
Participating days 68.9 (38.1) 26 184
Ageinyears 33.1(13.4) 20 67

Body mass index (kg/m?) 22.0(3.3) 16.2 36.0

Table 2. Summary of personality items for the 32 male and 98 femal e participants (n=130).

Big Five personality items Responses
Not at all, n (%) Not very, n (%) Somewhat, n (%) Very, n (%)

Extraversion

Outgoing and sociable 13 (10.0) 47 (36.2) 58 (44.6) 12 (9.2)

Do not talk alot 22 (16.9) 56 (43.1) 42 (32.3) 10(7.7)
Agreeableness

Sympathize with others' feelings 5(3.8) 8(6.2) 81 (62.3) 36 (27.7)

Do not trust others 20 (15.4) 61 (46.9) 39 (30.0) 10 (7.7)
Conscientiousness

Thorough 3(23) 8(6.2) 70(53.8) 49 (37.7)

Careless 21(16.2) 60 (46.2) 39 (29.9) 10(7.7)
Neuroticism

Relaxed most of the time 8(6.1) 27 (20.8) 72 (55.4) 23(17.7)

Get nervous easily 9(6.9) 27(20.8) 66 (50.8) 28(21.5)
Opennessto new experiences

Have avivid imagination 6 (4.6) 31(23.8) 60 (46.2) 33(25.4)

Conservative 8(6.2) 29(22.3) 71 (54.6) 22 (16.9)

Table 3 shows the results of parameter estimates for
time-independent covariates. Participants gender, age, and BMI
had no significant association with the odds of reporting amood
status during the study period. Those who were relaxed most
of the time seemed to have lower odds of reporting a mood

http://www.jmir.org/2015/6/e147/

statusat alevel k or below (OR 0.78, 95% Cl 0.58-1.04, P=.09),
indicating a margina association between better mood and
emotional stability. Being quiet (ie, "do not talk alot"), being
sympathetic to others' feelings, and not trusting others had
marginally significant associationswith higher odds of reporting
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amood status at alevel k or below, indicating the likelihood of ~ reporting a negative mood up to 50%.
Table 3. Parameter estimates for the time-independent covariates in the multilevel proportional-odds model.
Covariate of interest Estimate (SE) OR?(95% Cl) P
Gender (femaleasrefer- Male -0.114 (0.134) 1.12 (0.86-1.46) 40
ence)
Age group (26<age<59 years asreference) in years
<26 0.084 (0.121) 0.92 (0.73-1.17) 49
>59 0.233 (0.242) 0.79 (0.49-1.27) 34
BMI P (18.5<BM1<24 kg/m? asreference), kg/m?
<185 0.089 (0.159) 0.91 (0.67-1.25) 58
24<BMI1<27 -0.013 (0.160) 1.01(0.74-1.38) .94
>27 -0.105 (0.234) 1.11 (0.70-1.76) 65
Big Five personality items
Extraversion
Outgoing and sociable -0.109 (0.137) 1.12 (0.85-1.46) 43
Do not talk alot -0.214 (0.123) 1.24(0.97-1.58) .08
Agreeableness
Sympathize with others’ feelings -0.409 (0.218) 1.50(0.98-2.31) .06
Do not trust others -0.215 (0.123) 1.24 (0.97-1.58) .08
Conscientiousness
Thorough 0.312 (0.225) 0.73 (0.47-1.14) 17
Careless -0.093 (0.119) 1.10 (0.87-1.39) 43
Neuroticism
Relaxed most of the time 0.254 (0.150) 0.78 (0.58-1.04) .09
Get nervous easily 0.016 (0.140) 0.98 (0.75-1.30) 91
Openness to new experiences
Have avivid imagination 0.092 (0.134) 0.91(0.70-1.19) 49
Conservative -0.042 (0.129) 1.04 (0.81-1.34) 74

30dds ratio (OR).
bBody mass index (BMI).

Compared to time-independent

time-dependent covariates were more closely associated with
the odds of reporting a mood status at alevel k or below (see
Table 4). The odds ratio estimate of 0.36 (P<.001) for those
who slept very well, for example, indicates that they had a 64%
reduction in odds compared to those who slept just fairly, after
taking the length of deep, diet, and other lifestyle factors into
account. In contrast, participantswho slept very poorly reported
odds of moods being at or below alevel that was 147% greater
than the odds of those who dept fairly (P<.001). This finding
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covariates, several supports our expectation of a strong relationship between the

quality of deep and one’'smood in daily life. Participants’ moods
were also closely associated with longer duration of physical
exercise. The odds of reporting mood status at alevel k or below
was 0.86 (95% Cl 0.76-0.98, P=.021) for people who exercised
more than 60 minutes a day, compared to those who did not
exerciseat all. To alesser degree, exercising for 1 to 30 minutes
or 31 to 60 minutes per day also helped—OR 0.93 (95% CI
0.86-1.00) and 0.91 (95% CI 0.83-1.00), respectively.
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Table 4. Parameter estimates for the time-dependent covariates in the multilevel proportional-odds model.
Covariate of interest Estimate (SE) OR?(95% Cl) P
Sleeping quality (Fair asreference)
Very poor -0.903 (0.121) 2.47 (1.94-3.13) <.001
Poor -0.364 (0.052) 1.44 (1.30-1.59) <.001
Good 0.529 (0.040) 0.59 (0.54-0.64) <.001
Very good 1.036 (0.077) 0.36 (0.31-0.41) <.001
Length of sleep (6-8 hoursasreference), hours
<6 0.489 (0.305) 0.61 (0.34-1.12) 11
>8 -0.110 (0.153) 1.12 (0.83-1.51) 47
Duration of physical exercise (None asreference), minutes
1-30 0.075 (0.041) 0.93 (0.86-1.00) 07
31-60 0.093 (0.049) 0.91 (0.83-1.00) .06
>60 0.149 (0.064) 0.86 (0.76-0.98) 02
Diet (None asreference within each category), servings
M eat
0-2 0.032 (0.049) 0.97 (0.88-1.07) .51
>2 0.065 (0.057) 0.94 (0.84-1.05) 25
Seafood
0-2  0.047(0.036) 0.95 (0.89-1.02) 19
=2 0.061 (0.067) 0.94 (0.83-1.07) .36
Milk and cheese
0-2 -0.029 (0.035) 1.03 (0.96-1.10) A1
>2 0.037 (0.066) 0.96 (0.85-1.10) 57
Whole grains and rootstock
0-2  0.057(0.036) 0.94 (0.88-1.01) 12
>2 -0.023 (0.063) 1.02 (0.90-1.16) 72
Fried food
0-1 0.000 (0.050) 1.00 (0.91-1.10) .997
21 0.081 (0.040) 0.92 (0.85-1.00) .04
Sugary drinks
0-2  0.013(0.036) 0.99 (0.92-1.06) 72
22 0.133 (0.063) 0.88 (0.77-0.99) .04
Dessert
0-1  0.081(0.047) 0.92 (0.84-1.01) .08
21 0.025 (0.038) 0.98 (0.90-1.05) 51
Vegetablesand fruits
0-4  0.175(0.085) 0.84 (0.71-0.99) .04
>4 0.240 (0.093) 0.79 (0.66-0.94) 01
Day of the week (Tuesday-Friday asreference)
Monday -0.010 (0.040) 1.01 (0.93-1.09) .79
Saturday, Sunday 0.177 (0.034) 0.84 (0.78-0.90) <.001
IL1® symptoms (Yes as reference) Without ILI 0.109 (0.048) 0.90 (0.82-0.98) .02
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Covariate of interest Estimate (SE) OR?(95% Cl) P
Distance away from residence (<1 km asreference), km

1-9 0.036 (0.051) 0.96 (0.87-1.07) 48

10-49 0.150 (0.055) 0.86 (0.77-0.96) .006

=50 0.336 (0.074) 0.71 (0.62-0.83) <.001
Number of people contacted (<5 asreference), n

5-9 -0.072 (0.066) 1.07 (0.94-1.22) 27

=10 -0.048 (0.068) 1.05 (0.92-1.20) 48

30dds ratio (OR).
Binfluenzalike illness (IL1).

Some types of diets were positively related to the mood, too.
Participants who ate four servings or more of vegetables or
fruits had lower odds of reporting a mood status at alevel of k
or below (OR 0.79, 95% CI 0.66-0.94, P=.01) than those who
did not eat any vegetables or fruits. Eating fewer servings of
vegetables or fruits also resulted in lower odds (OR 0.84, 95%
Cl 0.71-0.99, P=.04). Those who had two bottles or more of
sugary drinks had lower odds compared with those who did not
have such drinks (OR 0.88, 95% CI 0.77-0.99, P=.04).
Moreover, eating less than one serving of dessert was also
marginally associated with daily mood (OR 0.92, 95% CI
0.84-1.01, P=.08). One surprising finding was that taking at
least one serving of fried food was also linked to a somewhat
better mood (OR 0.92, 95% CI 0.85-1.00, P=.04). Participants
tended to have lower odds of reporting their mood status at a
level of k or below on weekends (OR 0.84, 95% CI 0.78-0.90,
P<.001). Traveling away from home by at least 50 kilometers

was associated with significantly lower odds (OR 0.71, 95%
Cl 0.62-0.83, P<.001), as was traveling 10 to 49 kilometers
away (OR 0.86, 95% CI 0.77-0.96, P=.006). Asexpected, people
who did not suffer from any symptoms of influenza-likeillness
(IL1) tended to experience a better mood (OR 0.90, 95% ClI
0.82-0.98, P=.02).The variance estimate, 6%,=0.327, for the
random components representing variation of these thresholds
among the nindividuals, was not negligible. Asshownin Figure
2, we saw a lot of random-effect estimates of this variance
component deviated away from the zero mean. This indicates
that thereis still some uncertainty that remains unexplained by
the covariates considered in the model. The estimate of variance,

0%, for the other four variance components was 1.587. This

result was expected because participants’ reports on mood status
were affected by their previous reports to various degrees, as
shown in Table 5.

Table 5. Number of mood changes reported in two consecutive diary entries by the 130 participants during the study period of 184 days.

Response for current report, n (%)

Response for previous report, n (%)

Poor Fair Good Very good
Poor 142 (40.3) 138 (3.99) 57 (1.45) 11 (1.02)
Fair 153 (43.5) 2834 (81.91) 442 (11.24) 36 (3.32)
Good 43 (12.2) 458 (13.23) 3262 (82.96) 164 (15.14)
Very good 14 (4.0) 30(0.87) 171 (4.35) 872 (80.52)
Total 352 (100) 3460 (100) 3932 (100) 1080 (100)

Among the participantswho reported having apoor mood, about
40% reported the same level during the following day, 43%
moved to fair, and 12% moved to good. On the other end, among
those who reported avery good mood, about 81% felt the same
in the following report, 15% changed to good, and 3% changed
to fair. For participants who reported fair or good moods, about

http://www.jmir.org/2015/6/e147/

82% to 83% retained the same feeling the following day, while
about 11% to 13% tended to swing between these two levels.
This phenomenon had been adjusted by the four random
components with effects estimates b; = -1.43, b, = -0.8, b; =
0.33, and b, = 1.88 in the proportional -odds model.
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Figure 2. Estimates of random effects with 95% confidence intervals for the random components of the 130 individual s representing the participants

threshold deviations in the multilevel proportional-odds mixed model.
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Principal Findings

This study provides clear evidence that an individual’s mood
can be associated with health behaviors and activities in
everyday life. Our findings are based on longitudinal diaries
collected through the user-friendly, online ClickDiary platform,
which allows participantsto select their mood status and health
behaviors by simply clicking appropriate responseitemsin the
respective diaries. Using this platform, participants can record
their daily activities during the past 24 hours at their
convenience. The design should have substantially reduced
recall bias.

On average, it takes only about one minute to complete one
health diary entry. Such alow-demanding task helps keep users
participating in the study for alonger period of time. In addition,
the visualization of their own diary entries and the random
drawings help new participants sign up and existing participants
to remain committed. Long-term data on variations in
participants moods and health behaviors are essential for
understanding the dynamic interactions between the two. In
contrast, across-sectional or short-term follow-up study design
would not allow researchersto collect thewealth of information
on the daily variations provided by each participant. The
advantages of such longitudinal data can be further examined
by comparing our findings to those of previous studies that
focus on emotions and health behaviors.

http://www.jmir.org/2015/6/e147/

Earlier studies showed that a higher BMI or being overweight
was closely linked to negative affect among young adults and
adverse psychosocial outcomes among grade-school children
[7,28]. Among adolescents with excess weight, BM| was also
a good predictor of emotion-driven impulsivity and cognitive
inflexibility [29]. Our results, however, do not show that BMI
has a significantly negative correlation with an individual's
mood. Note that BMIsfor most of the individualsin this study
were within the normal range. This may be a reason for not
finding a significant association in our analysis.

Most of our participants perceived themselves as being agreesble
and conscientious. From the parameter estimates in the model,
we found that agreeableness tends to be negatively correlated
with aperson’s mood, while relaxation is positively correlated.
The finding differs from that of a study conducted in Finland
[8], which showed that agreeableness is associated with higher
positive and lower negative effects on mood, and that
neuroticism predicts higher negative and lower positive effects
on mood. The exact underlying reasonsfor the differences need
to be further examined. The Finnish study, however, employed
avery different data collection approach and sample groups—it
recruited 106 university studentsaged 19 to 35 and used portable
devices, such as mobile phones, to collect information 10 times
per day for 1 week. By contrast, the ClickDiary participants
camefrom different backgrounds, including students, full-time
workers, housewives, and retired persons, between the ages of
20 and 67. Our measure of daily mood was recorded once aday
for an average of 69 days. While the Finnish study collected
the mood changes detailed within each day, our study collected
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the mood variations on different days over a longer period of
time.

With regard to daily diets, we found that eating vegetables and
fruitsisrelated to better mood, which is consistent with findings
from previous studies [6,7,30]. The possible biological
mechanism is from the polyphenols found in fruits and
vegetables. They can battle oxidative stress and help stimulate
the activation of the neural molecules that aid in synaptic
plasticity, which is important for cognitive function [31].
Currently, there are over 8000 polyphenolic compounds that
have been identified in the world. For example, cocoa
polyphenols have been shown to cause positive mood in one
randomized study [32]. We aso found, however, that eating
certain unhealthful foods, such as fried food and sweetened
beverages, is correlated to a dightly positive mood. Because it
is difficult to differentiate the temporal order between eating
behaviors and mood changes, we cannot conclude that such
unhealthful foods actually trigger more positive emotions.
Although such foods might play a role in promoting a good
mood, we need further experimentation and validation.

Our study confirms that the participants are clearly in a better
mood on the weekends, aswell aswhen they travel farther away
from their homes. Thosewithout ILI symptomsare also happier
than their counterpartswith IL1 symptoms. Those who exercise
more also tend to be in a better mood compared to those who
do not exercise, afinding consistent with those of earlier studies
[18,33,34]. In addition, the longer one exercises, the better his
or her mood becomes.

Most important, we found the quality of sleep to be a strong
factor in distinguishing how one’'s mood changes from day to
day. Having slept well or not during the previous night has a
clear effect on aperson’smood the following day. Asalso found
in other studies [19,35], better-quality sleep clearly leads to a
more positive mood the following day.

Limitations

Despite various interesting findings from this study, some
limitations remain to be addressed. First, our sample of
participants was not representative of Taiwan's population. Due
tothelongitudinal nature of diary studies, we required long-term
and demanding commitment from our participants. After further
screening for complex dataanalyses, only 130 participants met
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our strict threshold. Even though wetried to recruit participants
through various channels, the demographic distribution of our
participantswas still skewed to females and young adults. Such
a skewed sample tends to be common in many online surveys
as well [7,36,37], which might be due to health issues and
patterns of computer use. As a result, we cannot infer our
findings to the general population, but the internal validity of
the study is retained.

Second, we cannot make definite causal inferences between
moods and health behaviors. Our ClickDiary platform requires
participants to record their moods and health behaviors during
the past 24 hours, but thetemporal order of emotionsand health
behaviors remains unclear. Therefore, we can identify only the
overal mood of the participant on a given day and his or her
corresponding health behaviors on the same day. In addition,
there are still many uncollected factors such as working stress
and other life behaviors affecting people’s moods within the
day. In the current study design, we were not able to capture
and adjust all these factorsin the model.

Third, some participants’ contact and health diaries may not
have been complete. In this study, the average length of
participation was about 69 days during the 184 days of
follow-up. Unlike previous diary research that managed to
collect complete information about one’s daily contacts during
the full periods of study [38,39], the diary records of some of
our participants may have lagged at different intervals. The
resulting sporadic records may have somewhat inhibited further
analyses that required continuous time-series data. The study
is still ongoing, however, and mobile apps for the iOS and
Android systems have been released in January 2015. With
participants from more diverse sources, a longer observation
period, and more complete diary entries on a continuous basis,
we expect to reexamine and further validate our current findings
in the near future.

Conclusions

Sleeping well, eating more fruits and vegetables, and exercising
longer all contribute significantly to improving aperson’s mood
in everyday life. Using our online ClickDiary program, which
helps reduce the recall bias associated with traditional one-shot
surveys, we collected data on adaily basisto carefully identify
the links between health behaviors and mood.
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Abstract

Background: Biomedical research hastraditionally been conducted via surveys and the analysis of medical records. However,
these resources are limited in their content, such that non-traditional domains (eg, online forums and social media) have an
opportunity to supplement the view of an individual’s health.

Objective: The objective of this study was to devel op a scalable framework to detect personal health status mentions on Twitter
and assess the extent to which such information is disclosed.

Methods: We collected more than 250 million tweets viathe Twitter streaming APl over a 2-month period in 2014. The corpus
was filtered down to approximately 250,000 tweets, stratified across 34 high-impact health issues, based on guidance from the
Medical Expenditure Panel Survey. We created a labeled corpus of several thousand tweets via a survey, administered over
Amazon Mechanical Turk, that documents when terms correspond to mentions of personal health issues or an aternative (eg, a
metaphor). We engineered a scalable classifier for persona health mentions via feature selection and assessed its potential over
the health issues. We further investigated the utility of the tweets by determining the extent to which Twitter users disclose
personal health status.

Results:  Our investigation yielded several notable findings. First, we find that tweets from a small subset of the health issues
can train a scalable classifier to detect health mentions. Specifically, training on 2000 tweets from four health issues (cancer,
depression, hypertension, and leukemia) yielded a classifier with precision of 0.77 on al 34 health issues. Second, Twitter users
disclosed personal health status for al health issues. Notably, personal health status was disclosed over 50% of the time for 11
out of 34 (33%) investigated health issues. Third, the disclosure rate was dependent on the health issuein a statistically significant
manner (P<.001). For instance, more than 80% of the tweets about migraines (83/100) and allergies (85/100) communicated
personal health status, while only around 10% of the tweets about obesity (13/100) and heart attack (12/100) did so. Fourth, the
likelihood that people disclose their own versus other people's health status was dependent on health issue in a statistically
significant manner aswell (P<.001). For example, 69% (69/100) of the insomnia tweets disclosed the author’s status, while only
1% (1/100) disclosed another person’s status. By contrast, 1% (1/100) of the Down syndrome tweets disclosed the author’ s status,
while 21% (21/100) disclosed another person’s status.

Conclusions: It is possible to automatically detect personal health status mentions on Twitter in a scalable manner. These
mentions correspond to the health issues of the Twitter users themselves, but also other individuals. Though this study did not
investigate the veracity of such statements, we anticipate such information may be useful in supplementing traditional health-rel ated
sources for research purposes.
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Introduction

Background

Traditional methods for collecting data in support of clinical
research include prospectively collected surveys (eg, [1]),
retrospective analyses of existing medical records (eg, [2,3]),
and a combination of the two (eg, [4]). Over the past decade,
computerized methods for data collection have emerged, with
traditional surveysfor health research moving onto the Internet
[5] and increasingly widespread electronic medical records
(EMRs) able to be mined to investigate a wide range of acute
and longitudinal phenotypes [6-8]. At the same time, these
approachestend to focus only on amedically centric worldview,
and may provide only a partial view of a patient's life.
Recognizing this limitation, investigators have suggested that
the data contributed through non-traditional domains, such as
mobile apps[9-11] and online forumswhere patients self-report
on their status [12,13], will provide a more complete view of
an individual’s health and population-based health trends.

An increasing number of studies demonstrate that the data
disseminated via social media platforms, such as Twitter, can
inform health-related investigations. We review such studiesin
the following section, but we highlight that studies have shown,
for instance, that such data can be mined to model aggregate
trends about health (eg, detection of statistically significant
adverse effects of pharmaceuticas [14,15]). Recent
investigations have also demonstrated that an individual’s health
status can be corroborated by the statements they publish over
social mediaplatforms (eg, confirmation of flu diagnoses[16]).
Despite the power of such investigations, they are limited in
that the associated approaches do not filter data from social
media streams for any arbitrary health-related concept.

Objective and Contribution

The objective of our work is to develop a scalable framework
for detecting mentions about personal health on aspecific socia
media platform, namely Twitter. The system introduced in this
paper is composed of several core processes. First, the system
filters the Twitter stream for tweets that are likely to contain
health-related information. Next, a subset of the tweets are
labeled with respect to the type of information that is
communicated (eg, hedth status of the author versus a
metaphorical statement) and applied to train a classifier. While
itispossibleto label alarge number of tweets given a substantial
budget, it is unlikely that a classifier could be specialized for
each specific health issue. For instance, imagine aresearcher is
interested in studying 10,000 distinct health issues, each of
which will require at least 500 tweetsto train arobust classifier.
If the cost to label each tweet is $0.10, it would cost $500,000
to build the necessary corporal Our framework demonstrates
that ascalable classifier, which discovers health mentions across
abroad range of health issues, can be composed by leveraging
a mixture of tweets from various health issues, which could

http://www.jmir.org/2015/6/e138/

make large-scale investigations much more cost-effective. In
doing so, however, our system is oriented toward a high
precision while maintaining a reasonable recall.

There are three primary contributions of this paper:

« Labeled Health Mention Corpus. We leverage Amazon
Mechanical Turk to create alabeled corpus of tweets with
health mentions for 34 health issues. These include certain
high impact health issues investigated in the Medical
Expenditure Panel Survey [17], such as arthritis, asthma,
bronchitis, cancer, diabetes, hypertension, and stroke.

« Hedth Mention Detection. We introduce a system to
automatically detect personal health mentions in tweset
streams. We show that this system is trainable with a
relatively small number of labeled tweets from severa
health issues. Moreover, it can effectively detect personal
health mentions across arange of health issues on Twitter.
For instance, training on 2000 tweets associated with four
health issues (cancer, depression, hypertension, and
leukemia) can yield aclassifier that achieves aprecision of
0.77 on the aforementioned corpus of tweets of 34 health
issues.

« Hedth Mention Attribution. To demonstrate the potential
for the data filtered from Twitter, we investigated how
people reveal information about themselves and others. In
doing so, we show that the likelihood an individual
self-discloses is dependent on the health issues
communicated. For example, persona health status is
revealed more than 50% for 11 of the 34 health issues. For
certain health issues (eg, alergies, bronchitis, insomnia,
migraines, and ulcers), people are more likely to disclose
their own health status, while for other health issues (eg,
Alzheimer’s, Down syndrome, leukemia, miscarriage, and
Parkinson's), people are more likely to disclose another
person’s status.

Prior Work

Social Media and Health Research

As dluded to, various investigations have demonstrated that
social media can be successfully leveraged to (1) enable
individuals to discuss their hedlth status, (2) influence an
individual’s health behavior, and (3) support the analysis of
aggregate trends around health activities.

First, acertain portion of studies have focused on the extent to
which, as well as how, social media enables self-reports of
health information. Hale et al [18] showed that users discuss
their health conditions on public Facebook pages, but recognized
that such pages tend to be overly general to attract users to
contribute to a discussion. However, Bodnar and colleagues
[16] found that individual swho use social mediadiscuss certain
ailments with high accuracy on Twitter. Specifically, it was
demonstrated that college students tend to talk about their
influenza diagnosis and associated symptoms. More generally,
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Paul et al [19] performed latent topic model discovery over
self-reported health status in Twitter to detect complex and
potentially novel phenotypes. It has further been shown, that
some Twitter usersreveal genome sequencing results (inrelation
to ancestry information according to 23andme.com services)
over Twitter [20].

Second, the previous investigations show that individuals
publish information about themselves, but there is also a
growing body of evidence to suggest that social media can
influence an individua’s health behavior. In certain cases,
exploitation of social media can bring about negative health
behaviors. For instance, based on discussions about prescription
abuse over Twitter, it was observed that social media may
aggravate such problems [21,22]. In a similar vein, a content
analysis of tweets, in association with the demographics of the
followers of marijuana Twitter handles, showed that socia
media may allure young people to establish substance use
patterns. Wilson et al aso argued that social mediaenablesmore
individuals to be involved in an anti-vaccination movement
[23]. However, it was also shown that social media can
encourage more positive changes in health behavior. Notably,
it was shown that increasing communications with smokers on
socia mediacan promote free cessation services[24]. Moreover,
Cobb and colleagues [25] developed a Facebook application
that was ableto track the significant elements of an intervention
on smoke cessation. It was also found that the design and
realization of acommunity opinion leader model may mitigate
the spread of HIV [26].

Third, social media can be mined to learn and characterize
aggregate trends with respect to health activities. For instance,
it was shown that flu trends can be effectively extracted from
Twitter using standard machine learning strategies [27]. More
specifically, the analysis of daily tweets across a maor
metropolitan region (eg, New York) can enable the prediction
of which health issues are currently influencing the health of
the public [28]. Meanwhile, Nagel et al [29] showed that both
the keywords chosen to filter and create subgroups of tweets
affected prediction accuracy. Beyond health status, it has been
illustrated that the rare or unknown side-effects of drugs can be
discovered through sentiment analysis over Twitter [15].

Though social mediacan support awide array of health-related
investigations, there are a number of hurdles to making the
associated methodologies scalable. As Curtis and colleagues
[30] point out, for instance, insufficient proceduresfor protecting
participants’ privacy was one of the challenges to recruiting
members from social media to conduct HIV research. In
addition, it was recently revealed that the unreliability of big
data and continuous changes of search algorithms contributed
to failluresin the Google Flu Trends program [31].

Our work differs from the aforementioned studies in that we
focus on personal health status disclosure on Twitter. We note
that Mao et al [32] discussed a similar topic, but their work is
limited in that (1) it relied on regular expressions for
classification, (2) focused on alimited number of health issues,
and (3) examined whether personal health status is disclosed
on status or conversation, but did not differentiate when heath
status was disclosed for authors versus others. Lamb et al [33]

http://www.jmir.org/2015/6/e138/
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showed that acombination of tweets about infection with respect
to both authors and others performed better than tweets about
the authors alone when predicting flu trends, which lends
credibility to our work. However, it should be noted that their
classification only focused on a diagnosis of the flu instead of
abroad range of health issues, asis addressed in our work.

Classification on Social Media

To mine hedth-related information from social media, it is
critical to develop aclassifier. However, tweets are constrained
in size and, thus, are composed of limited content.
Consequentially, it isessential to define and select discriminative
featuresto support automated health status detection. In certain
studies, tweets were enriched with features by referencing
external sources, such as Wikipedia [34,35], to improve topic
modeling, but their generality hampers them in the support of
personal health mention detection.

As an alternative, it has been shown that punctuation, emoji
characters, hashtags, and the @username designation, as well
as text (including n-grams of words or characters [36]) from
the webpage referenced by the URL in a tweet, can form
meaningful features for classification purposes [34,37,38].
Features generated using natural language processing tools,
such as part of speech tags and dependencies between terms
were also successfully incorporated as featuresin social media
classifiers [33,39]. Building on previous studies, our work
illustrates that nouns, verbs, pronouns, punctuation, emoji,
hashtags, aswell as dependencies, can serve as effective features
for personal health mention.

Social Media Corpus Construction

If werely on aclassifier tofilter and analyze social media, then
it is essential to obtain (or create) alabeled corpus to train the
classifier. Crowdsourcing over Web-based platforms, such as
Amazon Mechanica Turk (MT), hasbeen employed to generate
labeled gold standard corpora[37]. Notably, MT was|everaged
to label when tweets were related to the health status of the
author of atweet inthelatent topic modeling analysis discussed
above [19]. However, it should be recognized that the survey
utilized by [19] is limited in that it only related tweet content
to the author and not another person’s health status.

The Personal Health Status Mention Problem

To formalize the problem, we define the notions of personal
health status and mention: Definition 1 (Personal Health Status)
is the health condition of a specific person regarding a health
issue or symptom, and Definition 2 (Personal Health Mention)
is astatement of personal health statusin social media.

These definitions focus on the hedth information of the
individualswho are potentially identifiable. For instance, tweets
such as “my father is cancer free for ten years’, “I have to do
chemo tomorrow”, and “my little cousin has leukemia’ are
representatives of persona health mentions. By contrast, “L ocal
charity doing great work to help cancer patients’ is not a
personal health mention because the subject isagroup of people
as opposed to a specific person.

We treat the problem of persona health mention detection as
binary classification. We say a twest is positive if it reveals
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personal health status and negative otherwise. For example, two
MT masters assigned positive labels to each of the first three
tweets in Table 1 (details in Method Section). Yet a term
associated with a health issue can be uttered on Twitter for many
other reasons, such as in a metaphorical sense, to express a
viewpoint about a health issuein general, or to communicate a
worry. The next three tweets in Table 1 provide examples of
these reasons respectively.

Given their brevity (140 characters at most), tweets often have
limited context. Consequentially, assigning a class label to a
tweet is substantially more challenging than detecting if agiven
tweet communicates status of the author. The last three tweets

Yineta

in Table 1 illustrates this observation, where MT masters
assigned different option labels to the same tweet.

In this paper, we study how people disclose personal health
statuses on Twitter and present a scalable personal health
mentions detection system for the Twitter stream. Specifically,
we decompose this investigation into the following four
hypotheses: H1: People discuss personal health status on
Twitter; H2: Personal health statusdisclosurerateishealth issue
dependent; H3: The likelihood that people disclose their own
versus other people’s personal health status is health issue
dependent; and H4: Personal health status mention classifiers
based on tweets of multiple health issues are more scal able than
those based on a single health issue.

Table 1. Examples of tweets related to health issues and the label's obtained through the Mechanical Turk (MT) survey.

Tweet Label viaMT
Master 1 Master 2
Positive
I’'m suffering from schizophreniaand a little bit of insomnia. author author
Prayers for my dad would be appreciated. He has lymphoma. Thanks for the support everyone. relative relative
didn’t she have amiscarriage like 3 days ago? someone someone
else ese
Negative
you're gonnagive Viv a heart attack metaphor metaphor
Even after Bill Gates relentless support and millions of dollars poured into Malaria research, we are not viewpoint viewpoint
successful.
Praying | don’t have pneumonia worry worry
Ambiguous
Cheerios say she'll never have to worry about dieting. Too bad with 2:1 sodium to cal, she'll have to worry  metaphor someone
about high blood pressure. dse
Yooo soo i walk out my apt and herethis girl screaming for help. Apparently, she kneed her testicular cancer metaphor someone
bf in the nuts repeatedly. dse
memorial find. 10% of your bills went to leukemia and lymphoma research. when amber was around she  viewpoint someone
brightened everyone's day in one way. dse

Methods

System Pipeline

Figure 1 provides a high-level summary of the system
engineered to detect personal health mentions on Twitter. The
systemiscomposed of three primary components: (1) afiltering
service (eg, a keyword filter based on health issues), (2) a

http://www.jmir.org/2015/6/e138/

labeling service, and (3) ahealth mention classification service.
First, tweets collected viathe Twitter streaming APl are passed
into a filter and stored in a bin indicative of a specific health
issue. Next, asample of the tweets associated with these health
issues are sent to alabeling service (eg, MT). Once labeling is
complete, a personal health mention classifier is trained and
applied to report the probability that new incoming tweets
correspond to such mentions.

JMed Internet Res 2015 | vol. 17 | iss. 6 [e138 | p.115
(page number not for citation purposes)


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

JOURNAL OF MEDICAL INTERNET RESEARCH

Figure 1. Framework for personal health mention detection over Twitter.
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First, tweets are filtered into bins according to health issue topic. A portion

of the tweets are supplied to alabeling service. The labeled datais then applied to train a classifier to detect personal health mentions.
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Construction of a Health Mention Corpus

To create alabeled corpus of health status mentions, we solicited
annotators through MT. Specifically, we set up a survey for
labeling acorpus on M T, the detail s of which arein Multimedia
Appendix 1. For each tweet, we directed two MT masters to
select the best of seven optionsthat describe how the tweet uses
the health issue. These options represent the common usage of
most health issues. We validated the reliability of the MT
masters by illustrating that they exhibit high concordance in
their labels (detailsin TablesA-2, A-3in Multimedia A ppendix
1, and in Multimedia Appendix 2). Figure 2 depicts how the
options relate to the positive and negative labels.

The positive class includes the labels of author, relative or
friend, and someone else. The negative class consists of labels
for metaphor, viewpoint, and worry. Table 1 provides examples
of tweets and the labels supplied by the MT masters. The last
option label, N/A, which means none of the above, isalso treated
asanegative label in thisinvestigation because it was observed
(by the authors) that such labels were generally negative. For
instance, these include tweets with job related information,

Figure 2. Label hierarchy.

positive

: }

S

which is spam that has nothing to do with a personal health
mention.

For the purposes of this study, we created four types of datasets.
The formalization of the design of these datasetsisavailablein
Table B-1 in Multimedia Appendix 3. We refer to the first as
the gold standard dataset. It consists of al tweets with labels
agreeing at the positive (negative) level. This dataset represents
an ideal case where readers can determine when a tweet
communicates personal health status. For example, this dataset
treats tweets as positive when labeled as author by one MT
master and someone else by a second MT master. By contrast,
this dataset discards tweets labeled as relative or friend and
worry.

Given thedifficulty in labeling tweetsin practice, we generated
three additional datasets to resolve label conflicts. The first is
the conflict as positive (CAP) dataset, which treats tweets with
conflicting labels as positive. The second is the conflict as
negative (CAN) dataset, which treats tweets with conflicting
labelsas negative. Thethirdisthe TieBreak dataset, which uses
athird MT master to break the tie. These datasets represent the
best case, the worst case, and the general casein the real world
and we rely upon them to assess the system’s scalability.

negative

| } )

author relative or friend someone else

metaphor | | viewpoint | | worry N/A

System Classifier Evaluation Roadmap

System scal ability emphasizes the ability to detect mentionsfor
many, potentially unknown, health issues communicated via
social media, using the labeled tweets from a limited number
of health issues.

To formalize the scenario, let D be the set of health issues and
X and Y be the set of health issues selected to train and test the
classifier, respectively. By default, X, Y O D.

http://www.jmir.org/2015/6/e138/

As depicted in Figure 3, we assess two variations on
classification. The first, which we refer to as homogeneous
classification, corresponds to the traditional machine learning
setting where a classifier is trained and tested on tweets from
the same health issue. The second, which we refer to as
heterogeneous classification, correspondsto when wetrain and
test the classifier on tweets from disparate health issues. This
type of scenario arises when a researcher attempts to reuse a
classifier developed for one health issue on adifferent problem.
Figure 3 further illustrates two training strategies to scale the
system in a real-world scenario: train the classifier on tweets
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from (1) one health issue, which results in homogeneous
classification with |[X|] = 1 (HOC-1) and heterogeneous
classification with [X] = 1 (HEC-1), and (2) many health issues,
which results in homogeneous classification with |X| > 1
(HOC-N) and heterogeneous classification with [X| > 1 (HEC-N).

Theideal scalability test isto train an HOC-1 classifier for every
health issue in D with a sufficient quantity of labeled tweets.

Yineta

However, it is difficult to realize this scenario in practice
because of limited budgets for gathering and annotating such
corpora. As such, we performed a series of experiments to
compare the performance of the various models (ie, HOC-1,
HOC-N, HEC-1, and HEC-N) and leverage the best model to
conduct scalability testsin areal-world scenario.

Figure 3. Overview of evaluation strategies for the personal health status mention classifier. Note, D={d1, d2, ..., dn} is set of health issues, X is set
of health issues selected to train classifier, and Y is set of health issues used to test classifier.

Scalability Test (Real World Scenario)

XeD;Y=D

ﬁ

[
HOmogeneous Classification (HOC-N) A
XYSD;X=Y;[X|>1

HOmogeneous Classification (HOC-1) )
X,YSD:X=Y:[X|=1

Per for mance M easures

To assess the performance of the system, we rely upon the
standard measures of precision and recall. In our setting,
precision (P) corresponds to the proportion of tweets classified
as positive that are in fact positive. Recall (R)corresponds to
thefraction of real positive tweetsthat are classified as positive.
Given the large volume of tweets and the often unbalanced

|
HEterogeneous Classification (HEC-N) A
XYED;XNnY=0;|X|>1

HEterogeneous Classification (HEC-1) A
X,YED;XNY=0; X =1

positive/negative class ratio per health issue (see Table 2 and
Figure4), we emphasize Pwhile setting R to areasonablelevel.
Henceforth, we report the area under the PR curve (AUPRC)
to evaluate how a classifier performs in general. We consider
the PR curve, which can be more indicative of a classifier's
performance when the classratio ishighly imbalanced [40]. To
characterize general performance, we report on AUPRC when
testing the scalability of the system.

Figure4. The extent to which people tweet about themselves versus others when disclosing personal health status. Note that thisis a stacked bar chart,
such that the sum of the author and others proportions corresponds to the overall proportion of positive instances.
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Health Status Classifier

One of the aimsin this research is to examine whether we can
use classifiers trained with tweets from multiple health issues
to detect personal health mentions about other health issues.
Hence, it should be noted that the goal of our research is to
examine the effectiveness of classifiers when supplied with a
set of known (or off-the-shelf) features. We use a Multinomial
Naive Bayes (MNB) binary classifier based on four types of
features associated with tweets. Alternatively, we can plug other
learning algorithms, such as logistic regression or a support
vector machine, into the framework as the base classifier.
Previous investigations verified the effectiveness of such
features [33,34,37-39].

« Nouns, verbs, and pronouns. We transformed each word
into itslemmaform. Though pronouns are often defined as
stop terms (which are discarded in traditional natural
language processing), they are retained because they can
disclose the personal health status of a friend or family
member (eg, “My mom makes having cancer look good”).

« Dependencies. These are grammatical relations [41]
between words in a tweet, such that one of the wordsis a
health issue. We replaced terms for health issues with the
keyword diagnosis to compact the feature space. For
example, the dependency (“dobj”, “have’, “cancer”) is
converted into a feature that can be supplied to MNB,
dobj have diagnosis.

« Punctuation and Emoji. These can indicate an author’'s
emotion and may improve classification (e.g., “my uncle

« HTTP LINK, #hashtags, and @username. These features
represent the existence of link, hashtag, and @usernamein
atweet, respectively.

Experiment Design
Overview

In our experiments, we highlight the eval uation of two important
factors that can affect the scalability of a classifier: (1) the
diversity of healthissuesin thetraining data, and (2) the quantity
of training tweets. When we compare different classifiers, we
focus on the former. When we test system scalability, beside
the system scalahility, we also evaluate the performance of the
classifierswith different size of training dataset. The following
provides details of the experiment design.

Dataset

We use the 34 health issues depicted in Figure 4 to represent D
and define a synthetic health issue, or SYND, as the union of
cancer, depression, hypertension, and leukemia. We select
cancer and leukemia, for which tweets are skewed toward
communicating about other people’'s hedth status, and
depression and hypertension, for which tweets are skewed
toward communi cating about the author’s health status. Wefirst
applied the keywords (shown in Table D-1 in Multimedia
Appendix 4), which were sel ected based on these health issues
under the guidance of a clinical expert, to filter for tweets
associated with the keywords. Then, we chose 1000 twesets, at
random, for each of the four health issues to obtain the gold
standard datasets. We also choose 100 tweets, at random, for

http://www.jmir.org/2015/6/e138/

Yineta

each of healthissuein D to generate gold standard, CAN, CAP
and TieBresak datasets.

Comparison Between HOC-1 and HOC-N

We use the cancer, depression, hypertension, and leukemiagold
standard datasets to train each homogeneous classifier. There
are two situations where we can evaluate how the diversity of
health issues in the training data influence the homogeneous
classifiers. First, suppose that we aim to detect multiple health
issues. Given a fixed number of training tweets, how does an
HOC-N classifier (eg, trained with SYND) differ from agroup
of HOC-1 classifiers (eg, four HOC-1 classifiers)? Second, now
imagine we wish to perform detection for only one single health
issue (eg, cancer). Given afixed number of training tweets, how
does a HOC-N classifier (eg, trained with SYND and test on
cancer) differ from the associated HOC-1 classifier (eg, cancer
HOC-1 classifier)?

Comparison Between HEC-1 and HEC-N

To evaluate the diversity of health issuesin training dataset, we
compare HEC-1 withHEC-N (2< |X| < 4). In particular, we use
the cancer, depression, hypertension and leukemiagold standard
datasets for training and the gold standard dataset of D SYND
to test all of the heterogeneous classifiers.

System Scalability Test

When assessing system scalability, we test the classifier on the
CAN, CAP and TieBreak datasets of D. This enables the
evaluation of the performance of the system in a real-world
scenario. We also test the classifier trained with different number
of tweets.

Experimental Methodol ogy

For each experiment, we stratify the tweets and generate 30
train-test sets. In doing so, (1) each set preservesthe proportion
of samples for each positive (negative) class, and (2) the data
is partitioned, such that we train on 80% of the tweetswhilewe
test on the remaining 20%. To control the comparison, the size
of the training set for each compared classifier is equivalent.

Results

Dataset

We used the Twitter streaming API to filter for tweets between
May 7, 2014 and July 23, 2014 that were (1) published in the
contiguous United States according to their geolocation, and
(2) writtenin the English language only. A total of 261,468,446
tweets were subject to a filter composed of keywords for 34
health issues, resulting in 281,357 tweets (0.11%) for further
investigation.

How People Disclose Per sonal Health Statuson Twitter

To demonstrate the opportunities for a personal health mention
detection system, we conducted an investigation totest H1, H2,
and H3. We chose 100 tweets, at random, for each of the 34
health issues as shown along the x-axis of Figure 4, to generate
the TieBreak dataset. These health issues are based on common
and high impact health issues as defined by the Medical
Expenditure Panel Survey [17]. Thisfigureillustrates how often
people disclose their own health status as opposed to other
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individuals' status. The black bar, “About Author”, represents
the proportion of positive tweetswith the author label. The gray
bar, “About Others’, representsthe proportion of positive tweets
with thelabel relative or friends and someone el se. For aspecific
health issue, the sum of thetwo valuesisequal to the proportion
of positive tweets for this health issue. For example, 40% of
the tweets about miscarriages (40/100) disclosed other people’s
status, while only 12% (12/100) disclosed the author’s status
(such that 52%, 52/100, of the tweets were positive instances).

To test hypothesis H2 (persona health status disclosure rate)
and H3 (who the disclosure is about), we define the following
null hypotheses: H2,: The rate of positive and negative tweets
isindependent of the health issues, and H3,: The rate of tweets

disclosing the author’s health status and others' health statusis
independent of the health issues.

To test these hypotheses, we used the TieBreak dataset, which
(due to randomness) represents 100 samples from each of the
34 distributions regarding how people disclose health status.
To test H2, we applied a chi-square test on these two variabl es:
the number of positive tweets and the number of negative tweets
in each health issue samples. To test hypothesis H3, we applied
a Spearman correlation test on these two variables: the rate of
tweets disclosing the author’s hedlth status and the rate of tweets
disclosing the others' health status. We set the alpha level of
significance to .05.

Theresultsreveal several notable pieces of evidence, which are
related to the first three hypotheses posed above.

«  Peopledisclose persona health status on Twitter for arange
of health issues (H1). The disclosure rate for each of the
34 hedlth issues is greater than 9%. There are 29 health
issueswith disclosure rates greater than 20% and 11 health
issues with disclosure rates greater than 50%. The latter
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group includes: alergies (85/100), anemia (57/100), arthritis
(48/100), asthma (61/100), bronchitis (88/100), insomnia
(70/100), kidney stones (67/100), migraines (83/100),
miscarriages (52/100), pneumonia (68/100), thyroid
(74/100) problems, and ulcers (56/100).

- Headlth status disclosure rate is dependent on the health
issue, X%3=697, P<.001. For instance, more than 80% of
the tweets about migraines (83/100) and allergies (85/100)
communicate persona health status. By contrast, only [110%
of tweets about obesity (13/100) and heart attacks (12/100)
communicate persona health status. Bronchitis (88/100)
exhibits the largest proportion of tweets that disclose
personal health status, while smallpox (9/100) exhibitsthe
smallest proportion.

- Thelikelihood that people disclose their own versus other
people's health status is dependent on the health issue,
Z=-5.745, P<.001. For instance, 69% (69/100) of tweets
about insomniadisclose the author’s personal health statuses
compared, whileonly 1% (1/100) disclose another person’s
status. By contrast, 1% (1/100) of the tweets for Down
syndrome disclose the author’s status, while 21% (21/100)
disclose another person’s status.

Classification Evaluation

Classification Data Set

We extracted the gold standard datasets for each of the four
health issues mentioned in the Methods section. Table 2
summarizes the number of tweets in each class. Except
leukemia, which has a balanced positive and negative instance
space, there were substantially more negative than positive
tweets. Due to the definition of SYND, the number of positive
and negative tweets of the synthetic health issue is the sum of
the four health issues.

Table 2. The number of positive and negative tweets in the gold standard datasets.

Tweet Cancer Depression Hypertension Leukemia SYND?
Positive 166 261 211 436 1074
Negative 697 461 551 423 2132

33YND: synthetic health issue (D).

Most | nformative Features

Before conducting an in-depth empirical investigation, we
inspected the classifiers and their corresponding features to
determine if they are intuitive. Here, we report on the top 10
informative features by training in ahomogeneous classification
setting with tweets of each of the five health issues (cancer,
depression, hypertension, leukemia, and SYND). Table 3 reports
these features for each classifier.

The results show the effectiveness of feature selectionin severa
ways. First, morethan five features are pronouns, such as |, my,
and she (which was also confirmed in [32]). These are stop
words that are typically removed in the context of general text
classification. However, in our scenario, they appear to signify
users who disclose health information about themselves and
others (eg, “my mom makes having cancer look easy”). Second,

http://www.jmir.org/2015/6/e138/

certain words, such as get, have, and battle, when applied in
conjunction with a health issue, can disclose personal health
status (eg, “my friend lost his battle to leukemia’). Third,
dependencies, such as“obj_have diagnosis’, are strong positive
indicators (eg, “| have seasona allergy”).

This table also provides several notable results about other
behaviors when people disclose persona health status. For
instance, people often include @someone in health mentions.
They use links to provide additional information such as
pictures, locations, or texts, or use exclamation mark to express
strong feelings about personal health status.

The hypertension classifier was notable because it had specific
health-related terminology ranked highly. Specifically, theterm
blood is highly informative for this classifier. We suspect this
is because hypertension is commonly referred as high blood
pressure.
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Table 3. The most informative features for homogeneous health mention classification.

Rank  Cancer Depression Hypertension Leukemia SYND?

1 | | | | |

2 my my my My My

3 ! have

4 you HTTP LINK !

5 you it dobj_have diagnosis ! Have

6 have go ! She HTTPLINK
7 she poss_diagnosis_my get Have She

8 He ! she He You

9 HTTPLINK get it Battle obj_have _diagnosis
10 obj_have _diagnosis have blood Help He

83YND: synthetic health issue (D).

Homogeneous and Heterogeneous Classification

In this experiment, we compared the effectiveness of
homogeneous and heterogeneous classifiers and then testing on
tweets from each of the five health issues. Table 4 providesthe
AUPRCs for each homogeneous (along the diagonal) and
heterogeneous (off diagonal cells) health mention classifier.
Each row correspondsto the health issuerelied upon for training
the classifier, while each column correspondsto the health issue
the classifier was applied to. To test the significance, we ran a
t test when the results followed a normal distribution and a
Kolmogorov-Smirnov (KS) test otherwise.

First, it should be noted that each homogeneous classifier
outperforms the heterogeneous classifiers when testing the
corresponding health issue tweets, but such classifiers do not
generalize. It can be seen that the leukemia HOC-1 classifier
achieved the highest AUPRC. This may be due to the balance
in the positive and negative classes for this health issue.
However, it was observed that the homogeneous classifiers

Table 4. AUPRC for homogeneous and heterogeneous classifiers.2

exhibited much higher variance compared to the heterogeneous
classifiers. This suggests that heterogeneous classifiers may
yield stable results.

Second, the HEC-1 classifier may tend to obtain abetter AUPRC
when testing on health issues with a similar author-to-others
disclosure rate. For instance, cancer achieved the best AUPRC
when testing on leukemiatweets. Meanwhile, leukemiaachieved
the best AUPRC when testing on cancer tweets. Depression and
hypertension also achieved the best AUPRC when testing on
each other.

Third, it aso shows that SYND heterogeneous classifier
(HEC-N) was the second best heterogeneous classifier when
testing on cancer, depression, and leukemiatweets, and the best
heterogeneous classifier when testing on hypertension.
Considering that the HEC-1 classifier is specialized to acertain
health issue, the HEC-N classifier may provide amore scalable
alternative when filtering for personal health mentions on other
health issues.

Cancer Depression Hypertension Leukemia SYND

mean (SD)
Cancer 0.732 (0.058) 0.528 (0.018) 0.552 (0.014)° 0.869 (0.009)° 0.728 (0.009)°
Depression 0.441 (0.007)° 0.663 (0.054) 0.611 (0.014)° 0.821 (0.006)° 0.666 (0.006)°
Hypertension 0.451 (0.009)° 0.646 (0.011) 0.664 (0.062) 0.726 (0.008)° 0.616 (0.006)°
Leukemia 0.638 (0.011)° 0.603 (0.011)" 0.559 (0.019)° 0.936 (0.019) 0.579 (0.007)°
SYND' 0.625 (0.022)° 0.618 (0.026)¢ 0.626 (0.019)° 0.831 (0.023)° 0.820 (0.0180

@ AUPRC: areaunder the precision recall curve. Classifiers were trained with row health issue tweets and tested on column health issue tweets. Within
each column, a hypothesis test was conducted between HOC-1 and each model that is not HOC-1 (eg, HOC-1 vs HEC-1).

bp<.001
P=.002
dp=.003
€p=.004
fSYND: synthetic health issue (D).
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Table 5. AUPRC of homogeneous health mention classifiers, given the same number of training tweets.?

Classifier Cancer Depression Hypertension Leukemia
mean (SD)

Hoc-1P 0.732 (0.058) 0.663 (0.054) 0.664 (0.063) 0.936 (0.019)

HOC-N¢ 0.723 (0.061) 0.645 (0.053) 0.672 (0.070) 0.927 (0.022)

HOC-N# 0.756 (0.050) 0.681 (0.050) 0.702 (0.059)¢ 0.940 (0.021)

8AUPRC: area under the precision recall curve. Within each column, the hypothesis test was conducted between HOC-1 and each model that is not

HOC-1 (eg, HOC-1 vs HOC-N).

bHoc-1: homogeneous classification with [X| = 1
®HOC-N: homogeneous classification with [X| > 1
d4p=015

Comparison of Homogeneous Classifiers

In this experiment, we evaluated how homogeneous classifiers
areinfluenced by (1) the number of health issuesin thetraining
set, and (2) the number of tweets used for training classifiers.
Table 5 showstheresultsfor the HOC-1 and HOC-N classifiers
when testing on the tweets of each health issue. For each
column, wetrained homogeneousclassifiersHOC-1 and HOC-N
with the same number of training tweets. The number of training

tweets for HOC-N* classifier equaled to the number of all the

tweetstraining for each HOC-1 classifier. HOC-N* isintroduced
to compare classifiers in a scenario often encountered in
practice. For instance, imagine there is a fixed budget (eg,
monetary quantity) through which we can only label 2000
tweets. If we have four HOC-1 classifiers, then we can only
allocate 500 tweets to each. However, we can allocate all 2000
tweets to the HOC-N classifier. Again, we ran at test when the
results failed to followed a normal distribution and a KS-test
otherwise.

The hypothesis tests showed that only the HOC-1 and HOC-N*
classifiers are doatistically significant when testing on
hypertension tweets (P=.015). This suggests that HOC-N
classifiersare expected to have similar performancewith HOC-1
classifierswhen each classifier istrained with the same number

http://www.jmir.org/2015/6/e138/

of training tweets. However, if the total number of training
tweets is fixed, the HOC-N classifier will outperform the
combination of HOC-1 classifiers.

Thisindicatesthat the HOC-N classifier can serve as asubstitute
for HOC-1 classifiers.

Comparison Between Heterogeneous Classifiers

In this experiment, we evaluated how the number of health
issuesin thetraining set influence the heterogeneous classifiers.
Figure 5 shows the results of HEC-1 and HEC-N (N 0O {2, 3,
4}) when testing on the other 30 health issues. For HEC-1, it
should be noted that the cancer HEC-1 achieved the best
AUPRC. Thismay stem from the fact that cancer can beinvoked
to communicate a wide variety of concepts beyond an
individual’s health status, such as the Zodiac, the name of a
physical building, or a metaphor. The results aso indicate that
HEC-N tends to outperform HEC-1.

This suggests hypothesis H4 may betrue, provided the classifier
is based on an appropriate mixture of health issues. However,
determining an optimized group of health issues to achieve an
HEC-N classifier with performance comparable to HEC-1
classifier isleft to future investigation.

Based on these findings, we use HOC-N and HEC-N to conduct
the system scalability test.
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Figure 5. Comparison Between heterogeneous classifiers HEC-1 and HEC-N trained on cancer, depression, hypertension, and leukemia, and tested
on the remaining 30 health issues. The tweets of each test health issue stratified with respect to their rate of observation.
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After breaking ties, 43.7% of the TieBreak dataset are positive
instances. Based on this proportion, there are approximately
120,260 positive instances out of 281,357 tweets in the health
issue bins (or 0.046% of al the collected tweets). Table 6 reports
the distribution of positive and negative tweets in each dataset.

We trained the SYND classifier with the gold standard datasets
for cancer, depression, hypertension, and leukemia, and tested
it on the other three types of datasets. Figure 6 depicts the PR
curves for each dataset and shows the average and standard
deviation of AUPRC. The upper line corresponds to testing on
the CAP dataset (AUPRC 0.753, SD 0.005), the middle line
corresponds to testing on the TieBreak dataset (AUPRC 0.685,

Table 6. Classdistribution of tweets in the datasets.

HEC-3 HEC-4

SD 0.005) and thelower line correspondsto testing on the CAP
dataset (AUPRC 0.594, SD 0.007). When fixing the recall to
0.4, it was observed that the CAP, TieBreak, and CAN scenarios
yield a precision of 0.8, 0.77, and 0.61, respectively. These
results demonstrate the scalability of the system classifiers to
obtain a high precision with a reasonable recall when testing
many other health issues in the Twitter environment.

Figure 7 shows how the size of the training set influences the
AUPRC of the classifiers. For each training set, the mean
AUPRC and a95% confidenceinterval isillustrated in the gray
area. For each dataset, the results suggest that AUPRC achieves
stability when the training set consists of approximately 2000
tweets.

Tweets Gold CAN? CAP® TieBreak
Positives 1082 1082 1718 1366
Negatives 1539 2175 1539 1891

8CAN: conflict as negative
PCAP: conflict as positive
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Figure 6. PR (precision recall) curves for testing on the gold, CAN (conflict as negative), and CAP (conflict as positive) datasets.
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Figure 7. Performance of the SYND (synthetic health issue) classifier with a varying amount of training data.
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Principal Findings
Thereare several notablefindingsfrom thisinvestigation. First,
Twitter users disclose the health status of themselves and others.
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health issue. Third, how people disclose their own and other
people’s hedth status may also be health issue dependent.
Fourth, tweets related with a small group of health issues can
train a scalable classifier to detect health mentions on Twitter
streams.
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Another interesting phenomenon illustrated from the PR curves
(Figure 6) is that the system classifier, trained with the tweets
for which MT masters exhibited high concordance in their
labels, is more likely than MT masters to classify tweets with
conflict labels as positive. One possible explanation is that the
classifier makes its decision based on thousands of examples,
whilemost MT masters made decisions only with the description
of the survey, which indicates that the classifier may be more
familiar with the labeling task. This suggests there may be a
difference between using an expert and crowdsourcing to
generate the labeled corpus. However, determining how to best
leverage the crowd to mimic an expert is beyond the scope of
thisinvestigation.

Impact on Health Related Research

According to our investigation, roughly 44% of the tweets
containing health issue keywords disclose personal health status.
We believe there is a potential for information to assist health
care professionals in learning about their patients or their
patients family medical history, information often missing in
the EMRs. This indicates that social media platforms, such as
Twitter contains huge amount of personal health care related
information that may complement traditional EMRsin research
and practice. We recognized that we must till verify the veracity
of such data, but an opportunity exists nonetheless.

Limitations

We wish to highlight several limitations of this investigation.
First, two parameters to extract tweets from Twitter streams
require configuration: (1) the set of keywords invoked in the
filter, and (2) the geolocation applied to discover tweets.
Compared to keywords, geolocation can filter tweets
disseminated by authoritative organizations (due to the absence
of “coordinates’ and “place” information in these tweets), such
asthe American Cancer Society, and thus greatly reduce noise.
However, it should be noted that invoking such afilter can also
exclude the tweets of individuals who choose not to disclose
their location. A second limitation existsin the survey provided
to the MT masters for labeling the corpus. Specifically, we
assumed the N/A option was a member of the negative class,
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but this could be an incorrect assumption in certain instances.
Third, thisinvestigation was restricted to only 34 health-related
phenomena, whichisclearly only asample of al possible health
issues. The keywords filter service can be enhanced by
integrating a laymen health vocabulary [42]. Given that this
study shows there is (1) high variability in the rate at which
people tweet about a certain health issue, and (2) to whom the
statement of health issue corresponds, it will be critical to
investigate how these methodsfare in the context of other health
issues.

Conclusions

Recent studies demonstrate the information communicated
through social media platforms, such as Twitter and Facebook,
could supplement traditional medical and epidemiological
research. In this paper, we showed that a health mention
detection system can be designed and deployed for
microblogging systems, such as Twitter. At the same time, we
illustrated that the information communicated through such
mentions can disclose the health status of the authors and other
individuals at a wide range of rates. Our experimental
investigation further showed that the combination of tweets
from several health issues can yield a classifier that dominates
a classifier based on the tweets of a single health issue. This
may enable the system to use a small amount of training data
to build a classifier that detects health status mentions across a
range of health issues. We envision several opportunities for
extending this work. First, we believe the scalability of the
classifier may be improved by determining the minimal set of
health issues and features (eg, more complicated grammar
features). Second, we anticipate that the performance of the
classifier could be improved be accounting for context, such as
dialogue, relationships in the network, and profile information
as new supplemental features. Finally, whilethe rate that health
status is disclosed for the author versus other individuas is
dependent upon the considered health issue, further investigation
isrequired to determine what drives this disparity. We suspect,
for instance, that it may be dependent on the sensitivity and
severity of health issues, but thisis only a conjecture.
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Abstract

Background: Sleepissues such asinsomniaaffect over 50 million Americans and can lead to serious health problems, including
depression and obesity, and can increase risk of injury. Social media platforms such as Twitter offer exciting potential for their
use in studying and identifying both diseases and social phenomenon.

Objective: Our aim was to determine whether social media can be used as a method to conduct research focusing on sleep
issues.

Methods: Twitter posts were collected and curated to determine whether a user exhibited signs of sleep issues based on the
presence of several keywords in tweets such asinsomnia, “can’t sleep”, Ambien, and others. Users whose tweets contain any of
the keywords were designated as having self-identified sleep issues (sleep group). Users who did not have self-identified sleep
issues (non-sleep group) were selected from tweets that did not contain pre-defined words or phrases used as a proxy for sleep
issues.

Results:  User data such as number of tweets, friends, followers, and location were collected, as well as the time and date of
tweets. Additionally, the sentiment of each tweet and average sentiment of each user were determined to investigate differences
between non-sleep and sleep groups. It was found that sleep group users were significantly less active on Twitter (P=.04), had
fewer friends (P<.001), and fewer followers (P<.001) compared to others, after adjusting for the length of time each user's account
has been active. Sleep group users were more active during typical sleeping hours than others, which may suggest they were
having difficulty sleeping. Sleep group users also had significantly lower sentiment in their tweets (P<.001), indicating apossible
relationship between sleep and pyschosocial issues.

Conclusions: We have demonstrated anovel method for studying sleep issuesthat allowsfor fast, cost-effective, and customizable
data to be gathered.

(J Med Internet Res 2015;17(6):€140) doi:10.2196/jmir.4476
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Introduction

In 2006, between 50-70 million adultsin the United States had
perceived chronic sleep or wakefulness issues, which is an
increasing trend, and more than 35% of adults report having
insufficient sleep [1]. With the most common sleep issues
reported by Americans as having <7 hours of sleep in a 24-hour
period, restless leg syndrome, snoring, and insomnia, there are
many areas where further exploration could be beneficia [1].
These forms of sleegp-depriving conditions have been linked to
decreased quality of life, excessive daytime sleepiness,
depression, obesity, cardiovascular complications, diabetes,
decreased productivity, increased chance of risky behaviors,
increased risk of car accidents, and others [2-5]. Impaired
sleeping can lead to seriousimpact on health; for example, the
US Department of Transportation found that 2.2-2.6% of all
fatal car crashes from 2005-2009 reportedly involved drowsy
driving [6]. As well, depression has been an area of active
research in attempting to determine its role in insomnia and
sleep disorders, in either causal direction [7-11]. Due to the
impact, both physical and psychosocial, of sleep-related issues
on alarge segment of the population, continued research in this
areais needed.

For decades, interest in sleep issues has produced broad research
and survey methods. In addition to studies and surveys being
undertaken by private organizations such asthe National Sleep
Foundation, the Centers for Disease Control and Prevention
(CDC), via the Behavioral Risk Factor Surveillance System
(BRFSS), administers yearly questionnaires to the American,
non-incarcerated population, regarding many types of health
and risk factors. Beginning in 2009, the BRFSS has included a
module dealing exclusively with deepissues[1]. Whilethe data
gathered by the BRFSS have been instrumental in our
understanding of sleep disorders, it does suffer from several
limitations. The BRFSS is based on a random-digit-dialing
system, and response rates can be low. Of all calls made, a
response rate of between 40-67%, while respectable for
epidemiologica surveys, means much of theintended population
is not being surveyed [1], though sample size and weighting
calculations can correct for some of this bias. Of note, not all
US states are included in the survey each year; therefore, the
generalizability of the results to the entire US population is
negatively impacted. Finally, because of the monumental amount
of work involved in performing the surveys, gathering and
combining data, analysis, and publication, the resulting BRFSS
reportsare expensive and aretypically 7 monthsold by thetime
they arereleased. There have been many investigations of sleep
disorders by independent researchers, but they too tend to suffer
from some of these limitations, such as small sample size[12],
high cost [13], long time frames [14], and lack of
generaizability [15]. In light of these shortcomings, new
supplemental methods of investigating the epidemiologic factors
associated with sleep issues are needed to provide timely
analyses that have greater external validity by incorporating a
much larger sample size, and which areless costly, more quickly
implemented and analyzed, and are malleableto alow for design
restructuring based on new data.

http://www.jmir.org/2015/6/€140/
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We are interested in determining whether the way in which
people with potential sleep issues interact with Twitter can be
used as a method of identifying and characterizing those
individuals. In recent years, there has been a great deal of
interest in harnessing the massive amounts of data produced by
social media websites, such as Facebook and Twitter, to try to
glean insightsinto topics of interest to public health, and these
platformsareincreasingly being considered as valuable sources
of patient information [16-19]. Recent examples include using
social media to perform infectious and foodborne disease
surveillance [20-22], chronic disease surveillance [23],
prescription drug use [24], investigating hospital care quality
[25], and many others [26,27]. With a greater focus on human
behavior and characterization, researchers have used Twitter to
investigate how people use social media in efforts of weight
loss[28] and how suicide-rel ated Twitter use comparesto actual
events [29]. Additionally, an increasing number of researchers
have been experimenting with sentiment analysis on social
media [30-35]. Sentiment can be determined in several ways,
with the principle being to classify the underlying emotional
information (within tweets, status updates, photos, etc) aseither
positive or negative; this can be done either purely by human
input or by an algorithm trained to complete this process based
on a human-classified set of objects. This processis useful for
determining how people feel about products, events, other
people, etc. Sentiment analysis has yet to be used on social
media to help understand sleep disorders, but it does exhibit a
diurnal characteristic [30] and offersinteresting possibilitiesin
investigating the links between sleep disorders and the overall
sentiment or attitude of individuals displaying these
characteristics. Demographics of Twitter users, while not
entirely representative of the American popul ation, have become
more representative over time. Twitter iscurrently used by 23%
of the adult Internet-using population and has seen increasesin
usage from hitherto underrepresented popul ations, such asmen,
whites, people aged 65 and older, and others. As of late 2014,
24% and 21%, respectively, of male and female adult Internet
users used Twitter, and only 37% of that group were under 30
years of age [36].

We were interested in finding out if people who posted on
Twitter about having sleep issues were more active on Twitter
than people who did not, or if they had more friends or
followers. As well, we wanted to know if people discussing
deep issueswere posting more during traditional sleeping hours,
suggesting that they may be having difficulty with sleeping.
Furthermore, we were interested in the relationship between
users who exhibited potential sleep issues and the sentiment of
what it was they were tweeting, as a means of exploring the
impact of sleep issues on emations, feelings, and attitudes.

In this study, information posted on Twitter was used to identify
peoplewho may be exhibiting self-described signs or symptoms
of sleep-related issues. By examining the content of tweets,
users whose tweets contained specific sleep-related keywords
were compared to a random population that did not contain
these keywords. We then examined if there were observable
differences between these groupsin relation to their activity on
Twitter.
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Methods

Overview

Twitter isan online microblogging website where users“ tweet”
or post, statuses containing 140 characters or less. It boasts
approximately 255 million monthly active users worldwide,
including 33% residing in the United States[37]. Twitter allows
conditional access to this wealth of information through their
application programming interface (API), for data that users
allow to be public. Using the Twitter API, one can collect tweets
matching certain query criteria and access meta information
including location (self-reported and geo-tagged), total number
of tweets, number of “followers’, number of friends, etc.

Twitter users who mentioned pre-defined keywords related to
deep or deep issuesin their tweets (sleep group) were compared
to users whose tweets did not contain pre-defined keywords
(non-sleep group). Sleep group tweets were identified on the
basis of keywords being present in a curated tweet, on a
prospective basis, starting on January 7, 2014, and ending on
April 30, 2014, and were examined and curated on a “most
recent tweet” basis. That is, during each curation session, tweets
that were most recently posted to Twitter were analyzed first.

To build acorpus of both sleep group and non-sleep group users,
code was written to access the Twitter API, which searched
Twitter every 15 minutes for all new tweets containing any of
thefollowing keywords: “can’'t degp”, “insomnid’, “melatonin”,
“Ambien”, “Ambien-CR”, “zolpidem”, “Lunesta’,
“Intermezzo”, “trazadone’, “ eszopiclone’, “ #teamnodleep”, and
“#cantsleep” (note that “#” isthe symbol for a Twitter hashtag
that denotes a user-identified topic within the tweet, and
“teamnosleep” is a user-created hash tag often used by
individuals who declare that they are unable to deep). Thelist
of Twitter search termswasidentified through consultation with
researchers with expertise in sleep-related fields of study and
by experimentally querying the Twitter database to investigate
which termswere most commonly used. By including keywords
and hashtags that are related to specific medications (ie,
zolpidem, Intermezzo, eszopiclone), we aimed to collect tweets
that we were highly confident would be related to some type of
deepissue, evenif the number collected was small. In contrast,
by including keywords and hashtags that were broader (sleep,
tired, insomnia, etc), we hoped to collect a large number of
tweets, but not al of which would be strictly relevant. Since all
tweets included in the study were manually curated, the low
specificity of tweets collected under the more generic keywords
was hot an issue. This was not an exhaustive search across al
possible search terms, but rather an expl oratory approach to test
the utility of thistype of analysis.

To assess authenticity and ensure they met sleep group inclusion
criteria, tweets that contained one or more of these keywords
were manualy curated, by a single individual (DM), looking
for the following attributes. To be included as sleep group
tweets, a tweet (and the Twitter account it is associated with)
(1) must have been in the English language (as selected in user
settings), (2) appeared to be from within the United States, (3)
be owned by an “average”™ person (ie, not a
company/corporation, celebrity, or spam account), and (4) was
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not a “re-tweet” (a re-post of a tweet originally posted by a
different user). Re-tweets were removed because we were
interested only in the experiences and expressed feelings of the
individuals we were collecting information on, and not those
of other people. Twitter accountswere qualitatively determined
to be within the United States if the user-defined location was
set to aUSlocation or the account appeared to be located in the
United States based on the nature of the user's profile
information and previous posts. Aswell, tweets were examined
to ensure that the keyword sel ected in the tweet was being used
in the proper context. For example, atweet that read “ Just took
my Ambien, hope | can sleep tonight” would be accepted as a
sleep group user, but the tweet “A friend of mine just got
prescribed Ambien” would not, becauseit did not pertain to the
person who issued the tweet. Similarly, tweets that were
ambiguous as to whether or not an action or outcome pertained
to the individual who wrote the tweet were not treated as sleep
group users. For example, the tweet “I took an Ambien, and
now I’ m sleepy” would be treated as a sleep group user, but the
tweet “Ambien makes you sleepy” would not, because it did
not indicate that this person took Ambien or was sleepy. They
were simply making a statement.

A corpus of potential non-sleep group tweets was built by
collecting tweets that did not contain any of the pre-defined
keywords of interest. After initial manual curation to ensure
tweets and users were in the English language, were from the
United States, and were “normal” users, users were added to
the non-sleep group if none of their tweets within the previous
10 days contained any of the pre-defined keywords of interest;
text found in re-tweets was not considered. As an introductory
and exploratory study, 10 days was chosen as anumber of days
that would allow for enough tweets to provide sufficient data
for our purposes and was both computationally and financially
achievable.

Tweets were automatically collected on an ongoing basis and
selection of usersinto either the sleep group or non-sleep group
was performed by the curator on a “most recent tweet” basis.
That is, when the curator logged on to the curating tool, the
most recent tweets to be collected were presented for curation.
Therefore, if the curator were curating tweets at 9 am EST, the
tweets they would be working on were the most recent tweets
posted that matched the search criteria.

User Data

User-related data are data that are associated with a user’s
Twitter account as opposed to a particular tweet. For each user
curated and included in the study, the metadataincluded in the
analyses were total number of tweets, number of favorites
(number of times that user favorited tweets from other users),
totadk number of followers, total number of friends,
user-submitted location, date of account creation, time zone of
user, average number of tweets per day since account creation
(calculated astotal number of tweets divided by number of days
that account has been active). For several of these collected
variables, the count of the variable was also averaged over the
lifetime of the user’'s account. This was done by dividing the
variable count by the number of days the user had been active,
whichisegual to the number of days between account creation
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and the day the identified tweet was written. By creating data
for the average number of counts/actions per day, the fact that
some users have a higher number of friends, followers, or status
updates, simply because they have had a Twitter account longer
than some other users was accounted for. We also calculated
the ratio of Twitter followers to friends for each user to create
a way of measuring influence or impact on Twitter; a high
follower:friend ratio indicates that a user has many people who
follow their account but that they themselves follow relatively
few people. This is often an indicator of high-impact Twitter
users [38] and was included to ensure that both sleep- and
non-sleep groups were equal in this respect.

To ensure that user data were collected at the same time for all
study users, user metadata was collected after all tweets had
been identified, rather than at the time of tweet approval. This
was done primarily due to the increased time it took to identify
sleep group tweets as compared to non-sleep group tweets. As
a result, user metadata and tweet data presented in this study
represent the state of a user’s account as of May 1, 2014.

Tweet/Timeline Data

Tweet data are the data associated with asingle tweet as opposed
to the data associated with the user who issued the tweet. For
each tweet that was included in the study, the analyzed tweet
metadata included 140-character (maximum) tweet text, date
and time of tweet creation (in Universal Time Code, UTC), and
geo-tagged location of tweet (when available).

Similar to parsing non-sleep group users' previous 10 days of
activity to search for keywords, additional information was
gathered on all usersto investigate the overall trend of non-sleep
group users behavior versus sleep group users tweeting
behavior. From the original tweet that was manually curated to
classify auser, aminimum of 10 days worth of previoustweets
were collected from a user’s timeline. The process proceeded
such that the Twitter APl was queried to return 200 tweets for
a given user. If the returned 200 tweets represented less than
10 days worth of tweets, the processwas repeated until 10 days
of tweets were collected, or until the Twitter API indicated that
the user had no more data to retrieve.

For all study users, the number of tweets that were published
during certain times of day (coded as 1: midnight-5:59 am, 2:
6 am-11:59 am, 3: 12 pm-5:59 pm, 4: 6 pm-11:59 am) and on
which day of the week they were created was determined. All
tweet times used in this analysis were converted from UTC to
the user’s local time (based on the user’s time zone). While it
is possible that a user has an incorrect time zone set, this is
highly unlikely asit is based on the time zone of their computer
or smart device.

Sentiment Analysis

To determine the difference in sentiment of tweets published
by sleep group users and non-sleep group users, Amazon's
Mechanical Turk (AMT) platform was used. Amazon's
Mechanical Turk isan onlinetool that allowslarge, tediousjobs
to be completed very quickly by harnessing the efforts of
numerous personnel hired by Amazon [39]. For this study, we
had AMT workers perform asentiment analysis on select tweets.
Thisisapopular AMT featurein which text (in this case tweets)
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is rated as having either a strongly positive, positive, neutral,
negative, or strongly negative sentiment (recorded as 2, 1, 0,
-1, -2, respectively). Ratings are of course based on each AMT
worker’s own subjective opinion. For each Twitter user included
in the study, 20 of their tweets (the original, curated tweet plus
the user’s previous 19 tweets) were rated by AMT workers, in
arandomized, de-identified, non-categorized format. TWo AMT
employees, who were classified by Amazon as being highly
experienced in thefield of sentiment analysis (Master Workers)
[40], rated each tweet. The result was an average sentiment
score for each tweet, across both sleep and non-sleep groups.
Because only two users rated each tweet, the final average
sentiment results were grouped into the following categories:
Positive=0.5, 1.0, 1.5, 2.0; Neutral=0; Negative=-0.5, -1.0, - 1.5,
-2.0. By comparing the proportion of sleep group and non-sleep
group tweets that were identified as positive, negative, or
neutral, sentiment differences were assessed. While there are
numerous software options for determining the sentiment of
any string of text (such as tweets), we opted to use AMT asiit
involves human graders, which is the gold standard on which
many automated methods are based [41,42]. Humans are better
able to catch uses of language, such as irony or sarcasm, that
are difficult for computers to identify. In addition, while
machines may be better at identifying individual words
attributed to positive and negative sentences, determining the
sentiment of a complex sentence and taking word context into
consideration is still quite difficult for a machine [43].

To ensure that AMT workers were rating tweet sentiment
reliably, we calculated agreement and Cohen’s kappa values
between sets of workers. Because AMT can use hundreds of
individual workers for a project, we focused our efforts on the
AMT workerswho were most prolific in rating tweet sentiment
to capture at least 20% of rating jobs.

Statistical M ethods

To investigate differences between sleep group users and
non-sleep group users for variables with highly skewed
distributions, permutation analyses with 10,000 iterations with
re-sampling was used to investigate differences in median
values. Variables based on proportions, such as the proportion
of auser’s tweets published on a certain day of the week, were
compared between groups by performing two-tailed, two-group
proportion tests, with statistical significance considered to be
aP value of <.05. All analyses were performed in Stata 13.

Code and Database Structure

Custom code was written in PHP (hypertext preprocessor) to
access the Twitter REST APl (v1.1), which utilizes the
open-source OAuth library tmhOA uth. Tweets are accessed via
the Twitter APl as “status objects’, which are structured,
JSON-formatted objects that contain all of the metadata about
both the individual tweet and the user. Tweets were searched
on the presence or absence of keywords using the GET
search/tweets request. User timelines were collected using the
GET datuses/user_timelinerequest. Returned tweetswere stored
inan Amazon Web Service (AWS) Relational Database Service
(RDS) MySQL database as complete status objects in JSON
format. Additionally, some tweet and user fieldswere stored in
separate MySQL tables for faster access. Subsequent analysis
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and data cleaning were done using custom scripts written in
PHP and Python.

Results

Asof May 1, 2014, the total number of sleep group tweets that
were collected over 115 days and stored in the database was
2,820,427. The number of tweets collected for each keyword
are reported in Table 1. Due to the large number of tweets
collected, only a small percentage could be analyzed. Of all
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collected tweets, 1000 of both sleep group and non-sleep group
users (N=2000) were manually curated and approved for
inclusion in the study. At the time of user account metadata
collection on May 1, 2014, there were some accounts that had
become inaccessible (eg, switched to a private setting, del eted,
or banned from Twitter). After accounting for these changes,
our final dataset included 896 sleep group users and 934
non-sleep group users. Summary statistics of the collected user
metadata and tweet data, categorized by user group, are
presented in Table 2 and Table 3, respectively.

Table 1. Number of tweets collected by various insomnia or sleep related keywords.?

Keyword n Proportion, %
#TeamNoSleep 119,378 4.23
Ambien 54,420 1.93
Can't Sleep 1,533,704 54.38
Eszopiclone 151 0