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Abstract

Background: Substance useisamajor issuefor adolescentsand young adults, particularly college students. With theimportance
of peer influence and the ubiquitous use of social media among these age groups, it is important to assess what is discussed on
various social media sites regarding substance use. One particular mobile app (Yik Yak) alowed users to post any message
anonymously to nearby persons, often in areas with close proximity to major colleges and universities.

Objective: This study describes the content, including attitude toward substances, of social media discussions that occurred
near college campuses and involved substances.

Methods: A total of 493 posts about drugs and alcohol on Yik Yak were reviewed and coded for their content, as well as the
poster’s attitude toward the substance(s) mentioned.

Results: Alcohol (226/493, 45.8%), marijuana (206/493, 41.8%), and tobacco (67/493, 13%) were the most frequently mentioned
substances. Posts about use (442/493) were generally positive toward the substance mentioned (262/442, 59.3%), unless the post
was about abstinence from the substance. Additionally, posts that commented on the substance use of others tended to be less
positive (18/92, 19.6% positive) compared to posts about one's own use (132/202, 65.3% positive).

Conclusions: Thisstudy provides a description of anonymous discussions on or near college campuses about drugs and alcohoal,
which serves as an example of data that can be examined from social media sites for further research and prevention campaigns.

(JMIR Ment Health 2018;5(3):652) doi:10.2196/mental.9903

KEYWORDS
Yik Yak; college; social media; substance; drugs; alcohol

: of alcohol and 6% reported initial use of illicit drugs (including
Introduction marijuana, which accounted for the vast majority of this category
Substance useisamgjor public health problem for adolescents  [31)- Approximately 20% reported using illicit drugsin the past
and young adultsin the United States, and college studentshave ~ Month, almost 40% reported binge drinking, and 13% reported
their own particular set of risksfor useand barriersto treatment  SMoKing cigarettes. Substance use (particularly acohol use) has
[1,2]. Of an estimated 9 million full-time college students in become normative in the college culture, and the influence of

2014, approximately 10% reported initial use in the past year
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peers is certainly a major factor affecting this stage of
development [1].

The use of social media among adults aged 18 to 29 years is
now essentially ubiquitous; 90% reported usein 2015 compared
to 12% in 2005 [4]. This use has expanded the social network
of young adults, and online platforms may have moreinfluence
on their substance use than actual in-person interactions [5,6].
Historically, college students have perceived that their peers
used substances more than they actualy do [7-9]. As such,
exposure to substance use via social media may normalize the
use for some young adults by presenting it in a positive light,
potentially providing a skewed perspective compared to the
actual behavior of most college-aged persons. In fact, a study
involving the socia networking site (SNS) Twitter showed that
messages (“tweets’) about alcohol use (especially heavy use
and binge drinking) are quite common and typically portray a
positive attitude about the substance (pro-alcohol tweets were
10 times more frequent than anti-al cohol tweets[10]). Another
study examined posts about marijuana on the SNS Instagram,
which tendsto have younger users (approximately 40% of users
are younger than age 24 years), and found that the mgjority of
these posts were also pro-use [11]. Finally, a study examining
tweets about menthol cigarettes reported more complex findings,
with 48% of tweets being positive and 40% negative, but
negative views were common among nonsmokers (91%) and
former smokers (71%) [12]. Topics associated with negative
sentiment included health and smoking cessation. Together,
these findings demonstrate the large variety of substance-related
topics discussed on social media sites, which can be a source
of datafor substance use research, and the complexities of the
discussions, which are dependent on the substance mentioned
and the perspective of the poster.

Previous studies have shown that substance use ratestend to be
higher when collected via self-report methods with some
anonymity built in versus direct interviews [13-16], indicating
a preference for privacy when discussing this sensitive topic.
Accordingly, although some users seem to be open about what
they post onling, it is possible that certain topics related to
substance use may not be as readily discussed by all persons
on public sites due to concerns about issues such as privacy or
stigma. Thus, it would be interesting to understand whether an
added layer of privacy changes the content of posts. The social
media mobile app Yik Yak, which was in use from November
2013 until the company ceased operationsin May 2017, initially
differed from sites such as Facebook because it allowed users
to post messages (“yaks’) anonymously, without any form of
personal identifiers such as usernames, which limited
traceability. This was somewhat similar to websites such as
Drugs-Forum.com and BlueL ight.com, whereindividuals have
partial anonymity (by use of pseudonym usernames) and share
information about how to prepare and administer certain drugs,
aswell as potential effects (positive or negative) to expect. Like
Twitter, therewas acharacter limit; Yik Yak had a200-character
limit for each yak. Another difference between Yik Yak and
other sites was Yik Yak’s restriction of user interaction to a
5-mileradius. Thus, users were only able to communicate with
persons that were nearby. The locations popularly served by
Yik Yak tended to center around college campuses and, as
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anyone within a specific area could participate in the network
by responding to the post, this effectively targeted a particular
audience. Being able to post anonymously to nearby persons
not only allowed for free discussion of sensitivetopics, such as
substance use, but also helped facilitate in-person interactions
of people with similar interests. Although these features may
have led to the controversial situations and negative press
involving Yik Yak due to reports of cyberbullying with
subsequent discontinuation of the app [17], research involving
SNS or apps with these characteristics provides an opportunity
for observation of attitudes and potential practices related to
substance use among college students. SNS are very diverse
and constantly changing, and it is important to capture
information from different sites at varying times to ensure
reliability and ease of replication to inform future research.

We previoudly reported on the types of topics discussed on Yik
Yak near college campuses, with a particular focus on general
health-related topics [18]. Yik Yak was chosen for study due
to the lack of research on it and its features of anonymity and
geospatial restriction. We noted that alarge share of postswere
about sensitive topics such as sex and drugs, which may be
related to the anonymity of the platform. Further analysis of
substance-rel ated posts showed that most were rel ated to buying
substances. In this study, our objective was to further
characterize posts that mentioned licit and illicit substances,
categorizing them by types of posts, substance(s) mentioned,
and poster attitudes toward specific substanceswhileidentifying
the frequencies of these characteristics. We hypothesized that
posts about one's own use of substances would be more likely
to result in a categorization implying a positive attitude
compared to posts about others’ use of substances.

Methods

The dataset was created by downloading messages from Yik
Yak. We created a tool that emulated the protocol that mobile
devices would use to communicate with Yik Yak servers. This
tool allowed us to programmatically retrieve and store yaksin
real time into a database for further processing on our end.
Additionally, we were able to use the devel oped tool to change
the target location to collect yaks from a variety of locations.
We continuously polled the incoming posts, comments, and
their respective latitude and longitude for our dataset. The tool
allowed us to download messages within a 5-mile radius of a
provided latitude and longitude. We used this tool to collect
yaks near 120 college campuses in the United States. This set
of campuses included the largest universities in the United
States, along with additional universities that we included to
increase the breadth and diversity of our collection—based on
academic rigor, culture, and politics of the location—and also
included universities in population-dense cities. For each
campus, we queried for yaks within the radius of the campus
geocoordinates, which we obtained from the Google Maps
Geocoding API [19]. We downloaded yaks from June 12, 2015
to July 14, 2015, an arbitrary period based on the initial
development of our collection tool. We stopped scraping the
yaks as our sample size grew to asizeable amount. The crawler
software returned the 100 most recent yaks for a particular
location and provided us with 122,179 total yaks.
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Table 1. Examples of posts (“yaks') and how they were categorized.

Hammond et d

Code Substance Paraphrased Yak

Own use, positive Alcohol | just want to watch the game, drink some beers, and relax.

Other’s use, negative Tobacco Cigarette smokers: how selfish to make others breathe in your smoke!
Meeting to use, positive Marijuana Who is downtown and wants to smoke ajoint with me?

Request for Information, neutral Other What's agood price for agram of cocaine?

Although users could also reply to yaks, we focused on the
original yaksin this paper because responses were often quite
varied and not always specific to the original post. This study
analyzed only the dataavailable from Yik Yak, which maintains
the anonymity of the user. The Johns Hopkins University
institutional review board approved analysis of publicly
available social media messages.

Tofind yaksrelevant to substances, we keyword-filtered original
posts matching a large set of substance-related keywords (see
Multimedia Appendix 1 for thelist of keywords). We manually
examined the 12,292 retrieved posts asafirst passand manually
removed blatantly irrel evant messages, resulting in a dataset of
2047 substance-related yaks. To characterize the datain greater
depth, we reviewed and coded a convenience sample of thefirst
500 yaks (from awide variety of universities) of the sample of
yaksidentified as mentioning substances. Two reviewers (ASH
and JGH) read each yak and confirmed whether they were
indeed about substances; if they were, the substance(s) was
identified and categorized as being al cohal, tobacco, marijuana,
and/or other. (The mgjority of substances fell in the first three
categories and due to the small number of other substances
mentioned, such as cocaine, Adderall, and LSD, they were
grouped together in the “ other” category.)

Yakswerethen coded for the content based on whether the post
was about actual use of a substance or nonuse (typicaly
rhetorical comments about drugs or jokes). Posts specifically
about use were then categorized into one of eight types. (1)
first-person accounts of use, including effects, (2) comments
on use by another person, (3) obtaining substances (through
buying or bartering), (4) meeting to use, (5) selling or trading,
(6) abstinence from a substance (cessation or cutting down use),
(7) laws about use, and (8) questionsto obtain information, such
as how to use certain substances. Reviewers aso coded the
displayed attitude (positive, negative, or neutral) of the poster
toward the substance(s) mentioned. Reviewers kept this standard
by focusing on whether the poster was in support of the
substance mentioned specifically, and not the overall emotional
affect of the post. If this was ambiguous, or the person was
neither in support of nor against the substance, it was rated as
neutral. (See Table 1 for paraphrased examples of yaks with
codes.) When there was any discordance between the two
reviewers at any step in the review and coding process, a third
reviewer (MSC) resolved the discordance. The three reviewers
established a codebook and discussed what content would be
included among each category a priori. Data were analyzed to
look at frequencies of particular posts by category and/or
substance, and coding agreement among thefirst two raterswas
assessed using Cohen kappa coefficient (k).

http://mental .jmir.org/2018/3/e52/

Results

Overview

Of the subset of 500 yaks, 493 yaks (98.6%) were confirmed
as related to substances on the manual second pass. Although
some of the 493 yaks mentioned more than one substance,
alcohol (n=226), marijuana (n=206), and tobacco (n=67) were
the most frequently mentioned substances. The remaining
substances mentioned (n=47) were grouped together as*“ other”
due to low frequency and included “acid” Adderall,
methamphetamines, and cocaine. The Cohen kappa score for
substance was .98. In al, 53 yaks mentioned two or more
substances; those most often mentioned together were
alcohol/marijuana(20/53, 38%), a cohol/tobacco (12/53, 23%),
alcohol/other substance (11/53, 21%), marijuanal/other substance
(10/53, 19%), and marijuana/tobacco (7/53, 13%).

Content of Posts

The majority of yaks (442/493, 89.7%; Table 2) were about use
of a substance (k=.56) and, among these, 202 (45.7%) were
about the poster’s own use, 92 (20.8%) were commenting on
someone else’'s use, 45 (10.2%) involved discussion of meeting
up with someoneto use, 40 (9.0%) involved buying substances,
and 31 (7.0%) asked for information about using. Lesscommon
categories of use included the discussion of selling substances
(12/442, 2.7%), abstinence from use (9/442, 2.0%), and the
legal statuses of substances (10/443, 2.3%). The Cohen kappa
score for all categories was .92.

Attitudes of Posts

Overall, posts about substance use were mainly positive toward
the substance (262/442, 59.3%; Table 3), with 79 (17.9%) being
negative and 101(22.9%) neutral. Tobacco posts tended to be
more negative toward the substance, while postsin the “ other”
category were generally spread out evenly among attitudes.
Among the various “use” categories, positive posts included
those about meeting up to use (45/45, 100% positive) and about
one's own use (132/202, 65.3% positive). Posts about others
use (18/92, 20% positive) and abstinence (1/9, 11% positive)
were less positive (Table 4). Posts about the legal status of
tobacco were 100% negative (3/3) toward tobacco. These
expected attitude trends often persisted when looking at
categories of use by substance as well (data not shown), with
the notable exception that only 8/32 (25%) comments about
other’s use of marijuanawere negative, with most being positive
(10/32, 31%) or neutral (14/32, 43%). The Cohen kappa score
for attitudes was .73.

JMIR Ment Health 2018 | vol. 5 | iss. 3 [e52 | p.6
(page number not for citation purposes)


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

JMIR MENTAL HEALTH

Table 2. Categories of codes, as afunction of substance mentioned.
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Code Alcohol (N=226),n (%)  Tobacco (N=62), n (%) Marijuana (N=206), n (%) Other (N=47), n (%)
Use 195 (86.3) 62 (92.5) 193 (93.7) 38(80.9)
First-person account of use 104 (53.3)2 17 (27.4)° 84 (43.5)° 21 (55.3)¢
Comments on others' use 35(17.9)2 31 (50.0)° 32 (16.6)° 7 (18.4)¢
Obtaining substance 13 (6.7)2 0(0.0)° 22 (11.4)° 5(13.2)¢
Meeting to use 21(10.8)% 2(3.2)° 24 (12.4)° 1(2.6)°
Selling or trading 6(3.1)2 0(0.0)° 6 (3.1)° 1(2.6)
Abstinence 1(0.1)2 7(11.3)° 1(0.05)° 0(0.0)¢
Laws about use 1(0.1)2 3(4.8)° 7(3.6)° 0(0.0)¢
Requests for information 13(6.7)2 2(3.2)° 17 (8.8)° 3(7.9)¢
N=195.
ON=62.
‘N=193.
dIN=38.

Table 3. Attitudes of posters about particular substances.

Attitude toward substance Alcohol (n=195), n (%) Tobacco (n=62), n (%) Marijuana (n=193), n (%) Other (n=38), n (%)
Positive 116 (59.5) 13(21.0) 137 (71.0) 18 (47.4)

Negative 30(15.4) 36 (58.1) 15(7.8) 9(23.7)

Neutral 49 (25.1) 13(21.0) 41 (21.2) 11 (28.9)

Table 4. Attitudes of posters toward substance as a function of the selected category of use.

Attitude Ownuse (n=202), Others use (n=92), Looking to buy (n=40), Requests for information (n=31),  Abstinence (n=9),
n (%) n (%) n (%) n (%) n (%)
Positive 132 (65.3) 18 (19.6) 34(85.0) 16 (51.6) 1(11.2)
Negative 26 (12.9) 44 (47.8) 0(0.0) 0(0.0) 6 (66.7)
Neutral 44 (21.8) 30 (32.6) 6 (15.0) 15 (48.4) 2(22.2)
Discussion Test (AUDIT) scale [26] and were more likely to report having

Our finding that most posts related to substances were positive
is consistent with previous studies [10,20-23]. A selection bias
existsin this data because these attitudes may not be consistent
with the mgjority of college students, but the findings certainly
highlight the type of content to which any college student may
be exposed to via social media. A previous study identified
prescription drug “abusers’ on Twitter and found that persons
in their social circles also tended to discuss prescription drug
use online [24], providing further evidence of the influence
from, and reinforcement of, online content. In fact, viewing and
posting about substance use appears to correlate with actual
use. Research among Twitter users found that exposure to
positive messages about alcohol and marijuanawas significantly
associated with current heavy episodic drinking and current
marijuana use, respectively [25]. Similarly, college students
younger than age 21 who posted items on their Facebook profile
that were related to intoxication showed higher scores related
to problem drinking on the Alcohol Use Disorders I dentification

http://mental .jmir.org/2018/3/e52/

an alcohol-related injury in the past year as opposed to students
who did not display referencesto alcohol [27]. This study was
unable to correlate substance use with postings due to the
anonymous nature of Yik Yak, and more research is needed to
better understand and replicate this phenomenon. As new
substances or substance use patterns emerge, social mediasites
continue to provide an opportunity for health surveillance.

Interestingly, attitudes of posts requesting information about
substances, such as how to use them, were almost evenly split
between positive and neutral suggesting ambivalence among
some posters, which could then be influenced by responses to
their posts. We did not analyze repliesto original posts, although
this would be an interesting avenue for future research to see
how often comments agreed or disagreed with the original post
or provided helpful or harmful information in response. This
could also be an opportunity for intervention in the future: to
dissuade young adults from initiating use of a substance or to
provide evidence-based health information for this vulnerable
popul ation.
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Another limitation of the study is, due to the anonymous nature
of Yik Yak, we do not know any demographic characteristics
of the posters, including age or student status, and have no way
to tell if any postings were from automated accounts or “bots’
[28]. Posts were shared within a 5-mile radius of a university
at the time of posting, so thisis a study of areas on and around
colleges and universities, but it is not necessarily a study of
college students. Thisinformation is till important due to the
potential for other persons to attempt to sell substances to
students, expose them to information about substance use, or
meet up with them to use. Additionally, we were limited to a
1-month period of time to collect data, which fell during the
summer, a time when some college students are not in town.
Future studies may collect more varied information by collecting
over alonger duration of time or at repeated pointsin time.

This study provides a glimpse into the discussion of multiple
substances on or near college campuses through an anonymous
social media maobile app. Socia media sites are constantly

Hammond et d

changing and evolving, and it isimportant to collect dataacross
different sites over varying times and durations of time to both
capture information and produce reliable results that can be
replicated [29]. Yik Yak had unique features, mainly being a
location-oriented site with strong anonymity, and it isvery likely
that similar sites may be developed or those with other novel
features. Thus, although Yik Yak is no longer in use and this
specific study cannot bereplicated, it isstill important to report
the methodology and findings to inform future studies among
current social mediasitesand novel sitesthat are certainto arise.
The data reported here provide an example of the kind of
information that can be examined from publicly available social
media posts that may inform health prevention and treatment
strategies. For example, this kind of information may prove
useful for developing public health campaigns relevant to this
population, such as dispelling common myths or advising of
the consequences associated with use, possession/distribution,
or meeting up with strangersto use.
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Abstract

Background: Despite the growing number of mental health apps available for smartphones, the perceived usability of these
apps from the perspectives of end users or health care experts has rarely been reported. Thisinformation isvital, particularly for
self-guided mHealth interventions, as perceptions of navigability and quality of content arelikely to impact participant engagement
and treatment compliance.

Objective: The aim of this study was to conduct a usability evaluation of a personalized, self-guided, app-based intervention
for depression.

Methods: Participants were administered the System Usability Scale and open-ended questions as part of a semistructured
interview. There were 15 participants equally divided into 3 groups: (1) individuals with clinical depression who were the target
audience for the app, (2) mental health professionals, and (3) researchers who specialize in the area of eHealth interventions
and/or depression research.

Results: The end-user group rated the app highly, both in quantitative and qualitative assessments. The 2 expert groups highlighted
the self-monitoring features and range of established psychological treatment options (such as behavioral activation and cognitive
restructuring) but had concerns that the amount and layout of content may be difficult for end users to navigate in a self-directed
fashion. The end-user data did not confirm these concerns.

Conclusions: Encouraging participant engagement via self-monitoring and feedback, as well as personalized messaging, may
be aviableway to maintain participation in self-guided interventions. Further evaluation is necessary to determine whether levels
of engagement with these features enhance treatment effects.

(JMIR Ment Health 2018;5(3):€54) doi:10.2196/mental .9445

KEYWORDS
depression; eHealth; mHealth; young adult

http://mental .jmir.org/2018/3/e54/ JMIR Ment Health 2018 | vol. 5 | iss. 3 [e54 | p.11
(page number not for citation purposes)

RenderX


mailto:matthewf@deakin.edu.au
http://dx.doi.org/10.2196/mental.9445
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH

Introduction

Background

Mental illness is both common and costly [1]. People with
mental illness have a lower quality of life and poorer work
opportunities, and are morelikely to attempt suicide[2,3]. Given
that onset of depression most often occurs during adol escence
to early adulthood [4,5] and that proven treatments for
depression become less effective as the severity and duration
of the illness increase [6], early detection and treatment of
depressive symptoms are seen as key strategies to reduce the
prevalence, duration, and burden of depression. Unfortunately,
many adolescents and young adults are reluctant to seek help
for their depressive symptoms [7], citing barriers such as cost,
access to help, lack of anonymity, and perceived stigma of
mental illness[8,9]. eHealth technology may help to overcome
these barriers to treatment and ultimately assist sufferers in
alleviating their depressive symptoms.

eHealth Interventionsfor Depression

The past decade has seen increasing use of technology to
enhance accessto, and engagement with, treatments previously
established as efficacious when delivered face-to-face [10,11].
Thiswidespread promotion of eHealth solutionsto intervention
delivery is premised on the notions that eHealth interventions
(1) can replicate treatment gains observed in face-to-face
treatment; (2) are acceptable to end users; (3) may have
advantages in terms of reach, anonymity, and cost; and (4)
provide useful features that may enhance treatment experience
and outcomes, such as feedback functionsto enable charting of
one’s progress, and sophisticated algorithms for tailoring the
intervention experience [12,13].

Accumulated evidence broadly supports these premises. Most
adolescents and young adults own a smartphone [14], have
accessed amHealth app [15], and report a stated preference for
engaging health servicesin thismanner [ 16]. Importantly, recent
meta-analyses suggest that psychological intervention content
delivered via a Web- or mobile app can be as efficacious as
face-to-face treatment for depression [10,17,18].

Despite these encouraging findings, it isalso clear that dropout
rates tend to be higher for eHealth interventions than for
face-to-face therapy, especially when eHealth interventions are
self-guided [19]. The greater dropout rate in self-guided eHealth
interventions may signal that the apps are not sufficiently
engaging and/or user-friendly to maintain participant interest
over time. Check-inswith aclinician or researcher may enable
evaluation of whether the content is being used appropriately,
whether it is having the desired effect, and whether there is a
need to modify the treatment plan. In instances where clinician
contact is not feasible, incorporation of persuasive design
principles into app development may enhance end-user
experience and outcomes for self-guided apps.

Design Principlesto Facilitate Target Behavior

According to the Fogg Behavior Model [20], engagement in a
task isdependent on 3 key factors: (1) motivation, (2) sufficient
ability for task performance, and (3) triggering to perform the
task. This model further stipulates that all the 3 factors are
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necessary to enable behavior. For instance, motivation alone
may be insufficient to bring about change in an individual who
does not possessthe necessary skillsto achieve the desired goal
(eg, coping strategies to deal with negative mood). Similarly,
triggering performance—whether through an externa or internal
prompt—may not lead to the desired outcome when the
individual is insufficiently motivated to engage in the task at
that time.

Within the context of eHealth interventions, incorporation of
design features such as engaging, actionable, and easy-to-use
content may ensure that ability and motivation levels are less
of a barrier to use. Furthermore, personalization of the app
through tailoring of content, scheduling of information, and
provision of feedback to help participants chart their progress
may provide timely prompts that train individuals when to use
the content for optimal results. Such features may increase
ability and enhance user experience and engagement, and in
turn reduce the likelihood of dropout in self-guided treatments
[21].

Ultimately, the success of these design choices is determined
through usability testing. Jake-Schoffman et al [22] emphasize
that usability may be evaluated across a range of dimensions,
including how easy the app is to operate, understand, or learn;
satisfaction with the app; attractiveness of the layout; and error
rates compared with intended usage. Depending on the
dimensions one wishes to study, usability may be evaluated
using laboratory-based testing [ 23,24], field testing [ 25], and/or
user feedback [26-28]; however, self-reported usability
(hereafter, labeled perceived usability) is the most commonly
employed usability approach to date for eHealth apps[29].

The Study

This study sought to evaluate end-user experience of a mobile
app-based intervention for depression (BlueWatch) devel oped
with feedback functionality as a central feature to enhance
usability and engagement. The app was designed to be
salf-paced and without therapist input and wastargeted at young
adults (18 to 25 years), given thisis a peak period for the onset
of depressive symptoms. Although BlueWatch shares many
design features with other commonly available depression
treatment apps (evidence-based content, survey, mood
monitoring features, etc), akey differentiator isthat it usesthe
participants’ mood survey data to provide real-time messages
to help participants work out when best to engage the treatment
content.

A mixed methods design was employed to augment quantitative
ratings of perceived usability of BlueWatch with qualitative
interviewing to flesh out responses to these questions. These
guestions probed the ease of use and navigability, aesthetic
features of the app, integration and suitability of content
provided, and app personalization.

The qualities that make an app attractive for users may differ
from features that researchers focus on when developing an
intervention or the features that clinicians look for in
recommending apps to patients. Hence, the second aim of this
study was to compare qualitative responses of the user group
with app feedback from clinicianswith expertisein the treatment
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of depression and researchers who specialize in mental health
intervention research (including a focus on eHealth
interventions).

Methods

Participants

A total of 5 participants, each from 3 different target groups,
wererecruited. The majority of participants were female (4 out
of 5 for the user and mental health professional groups and 3
out of 5 for the researcher group). The user group had a lower
average age (mean 22.4, SD 2.71) than the mental health
professional (mean 31.8, SD 6.61) and researcher groups (mean
33.4, SD 5.03).

The target groups included users who had completed use of
BlueWatch as part of a randomized controlled trial for
individual swith depression (ACTRN12615001093572), mental
health clinicians, and mental health researchers. Diagnosis of
depression among participants from the user group was
ascertained by prescreening with the Patient Health
Questionnaire 9 [30], followed by confirmation of diagnosis
using the Mini-International Neuropsychiatric Interview [31].

Formative usability trials have demonstrated that a sample of
5 participants can identify 80% of usability issues[32,33], and

Figure 1. Content for the values module of BlueWatch.

£ Activities Values
Introduction
@ Doing what matters
Session 1

Identify your values

What do | stand for?

= ®

Session 2

Living up to your values

Living up to my values

Live life according to your values

©) [

)
[ 1]
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thus, this study was suitably powered to identify user issuesfor
BlueWatch, both within and across the 3 groups tested.
Furthermore, in this study, saturation was reached in the themes
derived from qualitative interviews.

Materials

BlueWatch Mobile App I ntervention

BlueWatch, a mobile app that comprises short audio activities,
journaling exercises, and self-monitoring functions, was
designed to improve the well-being and resilience of adults
experiencing depressive symptomatology. The app was
developed by amultidisciplinary team comprising psychol ogists,
apsychiatrist, and researcherswith expertisein eHealth delivery
of interventions for depression.

The app was organized into 6 modules based on the principles
of cognitive behavioral therapy (CBT): (1) psychoeducation
about depression and introduction to CBT, (2) behavioral
activation, (3) cognitive restructuring, (4) problem solving, (5)
assertiveness skills, and (6) relapse prevention. Each moduleis
based on empirically validated treatment methods and consists
of approximately 30 min of content, including instructive text,
audio, and various activities to consolidate techniques learned.
An example of the content for the values module is provided
in Figure 1 to illustrate.

Living up to my values

your work

Mot at all Perfectly
your relationships

Mot at all Perfectly
play

Mot at all Perfectly
your health

Mot at all Perfectly
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Figure 2. Example of the dashboard used to orient participants to upcoming activities.

Dashboard

My Snapshot

@M

Mood

Last 24 Hours

My Tasks

values

Dashboard

Monitoring

Values

Progress

Favourites ]

Goal setting according to my

Given the self-guided nature of BlueWatch, severa design
features were added to enhance technologically mediated
therapeutic aliance and engagement. The app displays a brief
welcome video by default the first time a participant opensthe
app. This reaffirms the purpose of the intervention, instructs
participants how to engage with the app, and points out key
features such as push notifications, self-monitoring, and
feedback on mood over time. Every time the app is opened
thereafter, participants are immediately brought to their
dashboard (see Figure 2), which comprisesato-do list, with the
option to favorite any activities that are liked and may wish to
be revisited. As such, the immediate tasks are easy to find and
help to prevent participants from losing track of which module
they are up to or how to access the relevant content. Thelist of
recommended content is kept brief to prevent overwhelming
participantswith alist of thingsyet to be achieved. Furthermore,
content isprovided in the form of audio filesto reduce download
size, and a single calming voice is used in each audio file for
continuity. Transcripts of audio files are made available (by
selecting a button, rather than by default) on screen for each
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activity to enhance the flexibility of delivery options. Finally,
a self-monitoring section is incorporated into the app to allow
participants to report their mood states throughout the
intervention. These brief surveystake approximately 1to 2 min
to complete and are signaled up to 4 times per day to chart the
progress of the participant’s mood acrossthe intervention phase
(see Figures 3 and 4 for an example of the summary of mood
data and questions from the mood survey).

Perceived Usability Measures

Perceived usability was evaluated using the System Usability
Scale (SUS; [34]) and a qualitative interview. The SUS is an
industry-standard 10-item scale that examines the perceived
usability of atechnological tool. Responses are measured on a
5-point Likert-type scale with O (strongly disagree) to 4
(strongly agree). Items are summed and then this total is
multiplied by 2.5, yielding a SUS composite score between 0
and 100, with higher scores indicating higher perceptions of
usability. A SUS score over 68 is considered above average.
The SUShasbeen found asareliable and valid tool among both

IMIR Ment Health 2018 | vol. 5 | iss. 3 [e54 | p.14
(page number not for citation purposes)


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

JMIR MENTAL HEALTH

expertsand service userswhen ng the usability of mobile
apps [35].

In addition to the SUS items (which were answered in a phone
interview), qualitative questions were included to probe
responses to the SUS items as well as to obtain further
information about what participants liked and disliked about
the app. Structured questions are provided in Multimedia
Appendix 1.

Procedure

Recruitment of participants differed depending on the target
group they were from. Participants in the user group were
recruited after completing the 12-week intervention using
BlueWatch. These end users were randomly selected and
recruited by invitation via already supplied email addresses,
whereas mental health cliniciansand researcherswere recruited
by targeted email invitations that were sent to a number of
metropolitan universitiesand clinical practice centersto recruit
relevant experts in the study. Clinicians and researchers were
provided with the details to download the BlueWatch app and
were instructed to test the app for aperiod of 7 days before the
phoneinterview.

During the semistructured interview, trained research assistants
obtained participant demographics (ie, age and sex) and
presented a validated usability scale (the SUS) and open-ended
guestionsto further probe participants' perceptions of the app’s

Figure 3. Set up of mood surveys within BlueWatch.

Fuller-Tyszkiewicz et al

usability. The mean interview length was 40 min (SD 9.82),
and upon compl etion, each participant was reimbursed with an
AUD $20 shopping voucher. The semistructured interviews
were recorded and then transcribed.

Data Analysis

Descriptive statistics were used for quantitative data from the
SUS. Results were presented separately for the 3 groups. Both
overall SUS scores and item means were reported to provide a
more complete picture of perceived usability of BlueWatch.
Qualitative datawere organized using acoding template analysis
approach [36] according to the 6 themes for evaluating the
quality of eHealth apps, as proposed in Baumel et a’'s [37]
review of app usability studies: (1) usability, (2) visual design,
(3) user engagement, (4) content, (5) therapeutic persuasiveness,
and (6) therapeutic alliance. Adoption of a prespecified set of
themes rather than deriving themes from interviews permitted
prioritization of topicsthat are widely discussed in the existing
literature, thus allowing more direct alignment with this
literature. Furthermore, Baumel et a’'s [37] framework in
particular was chosen for severa key reasons. First, the
framework derives from an extensive review of the existing
literature to identify key dimensions of perceived usability.
Second, this framework has an emphasis on persuasive design
elements and as such aligns with design principles underlying
the creation of BlueWatch.

MOOD MONITORING NOTIFICATIONS
Number of morning alerts

/T

Earliest alert time

1M 45 am

Number of afternoon / evening alerts
I

Latest alert time
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Mood Monitoring

Last 24 hours
7 g

11tem Check 1Minute Survey

Try to check in 4 times each day: twice in the morning,
twice in the afternoon | evening.

If you're busy, use the one item ‘quick check". Or, if you
have time, fill out the one minute survey which helps
Bluewatch provide greater insight into things that
influence your mood.
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Figure 4. Example of a chart showing mood scores for the past week.

Fuller-Tyszkiewicz et a

Dec 3 Dec 4 Dec 5 Dec 6 Dec 7 Dec 8 Dec9
@ Your Mood @
Low Med

Initially, an additional category for miscellaneous comments
was planned for qualitative analysis, however, this seventh
category was not needed, given that all comments fit within
these 6 initia categories. All coding was done independently
by 2 researchers (LA and RO), who then discussed results to
ensure consistency and agreement in coded comments.
Moreover, 100% consensus was achieved for comment
suitability for prespecified themes.

Results

Quantitative Analysis

The quantitative usability data derived from the SUS
questionnaire indicated distinctions between researchers and
participants. As shown in Table 1, participants tended to report
higher usability and positive user experience results than those
reported by researchers and clinicians. Although researchers
and clinicians tended to have higher scores for items about the
difficulty of use and need for support, participants in the
end-user group were more likely to strongly endorseitems’ ease
of use and confidence using the app. Overall, the scores suggest
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that service users rated the app as substantially more usable
than clinicians and researchers. However, it isalso worth noting
that there was more variability in ratings for the researcher and
clinician groups, relative to the participant group.

Qualitative Analysis
Content from the semistructured interviews is organized bel ow

according to the evaluation categories proposed by Baumel et
a [37].

Theme 1: Usability

Service usersrated the usability of the app more positively than
did the expert groups, athough usability comments were
generally positive overal. All participants in the user group
found the app easy to use and many commented that they found
the way in which the activities were presented made sense and
“flowed well.” This ease of use was further attributed to the
welcome message that oriented the users to key features of the
app, comparability of the setup of the app with other apps the
participants were familiar with, and the To Do list as the main
page to orient participants to upcoming content:
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Thefive slides shown when initially downloading the
app was enough to know what to do throughout the
app. [Participant, male]

If you are familiar with apps then you do not need to
learn anything [technically] before using BlueWatch.
[Participant, female]

As soon asthe activitiescomein, you learn by clicking
on them...You do the top one first, and then you go
down the list. [Participant, female]

One participant from the user group also found the option to
receive atext transcript of the audio files useful, particularly in
situations where playing the audio was not feasible. She
emphasized that this option made the app more flexible but
cautioned that it took her longer to get through the content when
reading and that app users with lower reading ability may not
benefit from this option.

Several of the experts expressed that quite some time was
required to learn and familiarize themselves with the app:

| found the navigation really tricky at the start, if |
listen to two CBT sessions and it tells me to go and
do an exercise | need to go back into activities. There
just seemed like a lot of steps to get my head around
at the start. [Clinician, femal€e]

Although the participants who were interviewed found the
language easy to follow, a useful suggestion was made by a
researcher to include a glossary of terms within the app in case
participants are unfamiliar with or forget the meaning of key
terms:

Perhaps there could be a separate tab under the
activities in which you could include a glossary of
key termsthat way participantsdon’t need to go back
and listen to the audio all over again. [Researcher,
female]

Fuller-Tyszkiewicz et al

Theme 2: Visual Design

Both the users and experts rated the visual design of the app
highly. Users appreciated the well-thought-out appearance of
the app and commented that they especialy liked its overall
simplicity and color palette:

It was neutral and straightforward. [Participant,
female]

| like the blue color, I think it is an attractive app.
[Researcher, female]

Users and experts found the layout and presentation of content
“well-organized” and “logical.” This was summed up well by
a participant from the user group:

It was self-explanatory. Going through the content,
there weren’t that many options...so you couldn’t get
lost in it. [Participant, femal€]
Several interviewees did, however, comment that they would
prefer the text to be presented differently:

| would suggest increasing the font size—asa 37 year
old I found this hard to read. [Researcher, femal€]

When you go to the activities it can be hard to
understand as the instructions and your responses
are all in the same font. | would change the font or
use bold to distinguish. [Participant, mal€]

A further suggestion was to use star ratings for mood items
instead of the dider scalesas currently implemented (Participant,
male). This participant further raised the possibility of
embedding these star ratings within the activities aswell or in
addition to the 1-min survey section of BlueWatch.

Theme 3: User Engagement

There was agreement across al participants that the app was
highly interactive and personalized, particularly the
self-monitoring component that provided userswith agraphical
representation of their mood states over time and prompts to
remind them to use the app (refer to Multimedia Appendix 1).

Table 1. Means and standard deviations for the System Usability Scale across participant, researcher, and clinician groups.

Question? Participants, Researchers, Clinicians,
mean (SD) mean (SD) mean (SD)
I think I would like to use the app frequently 2.00(0.7) 2.00(0.71) 2.20(0.84)
| found the app to be unnecessarily complex 0.20 (0.44) 1.80 (1.64) 1.20 (1.09)
| thought the app was easy to use 3.40 (0.90) 3.00 (1.22) 3.00 (1.22)
| think that | would need support of atechnical person to be able to use the app 0.00 (0.00) 1.40 (1.67) 1.00 (1.22)
| found the various functions in the app were well integrated 2.80(1.01) 2.20 (0.84) 3.20 (0.45)
| thought there was too much inconsistency in the app 0.60 (0.89) 1.40 (1.14) 0.60 (0.55)
I would imagine that most people would learn to use the app very quickly 3.20(0.45) 2.80 (1.10) 2.60(1.14)
| found the app very cumbersome to use 0.40 (0.55) 2.80 (0.84) 2.20 (1.30)
| felt very confident using the app 3.80 (0.45) 3.00 (1.22) 2.40 (0.55)
| needed to learn alot of things before | could get going with the app 0.40 (0.54) 1.60 (1.50) 1.20 (1.10)
System Usability Scale total score 86.00 (10.84) 60.50 (21.61) 67.00 (15.35)

8Responses were scored on a 5-point Likert scale ranging from O=strongly disagree to 4=strongly agree.
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One user noted:

Mood tracking was a cool aspect of the app. | treated

it like my own personalized diary. [Participant,

female]
There was agreement from all experts that the app achieved a
personalized touch as it allowed the user to adjust the app to
their unique circumstance. Specifically, there was a function
within the app that allowed users to change the time of the day
at which aertswere sent (Figure 3), which was found to be very
important for this cohort of people who may experience unusual
sleeping times:

One of the important parts of thisis that you can set
the alerts to suit your schedule—thisis so important
for depression in particular because if you have
someone who sleeps late they know it is unlikely they
will respond to early morning prompts. [Clinician,
female]

Furthermore, experts commented that the graphical feedback
was an important function of the app asit allowed usersinsight
into their mood and hel ped them remember that they may have
days on which they feel positive:

| really liketheidea of being ableto seeyour progress
and that you can see how you're going—sometimes
people who are depressed think that they are
constantly depressed, when they're not, and this lets
you see that that is not the case. [Clinician, femal €]

However, severa experts also noted that a lot of content was
delivered viaaudio (although made avail able viatext transcripts
as well) and wondered whether more graphics could be
incorporated to help convey the treatment information:

If a client learnt visually and understood content
through graphs and animations then they would
struggle to engage with this app. [Clinician, malg]

Theme 4: Content

There was agreement among all participants that the content
presented was rooted in evidence. Indeed, some of the service
users commented that they had been exposed to the app
components in prior therapeutic exchanges, and this ensured
their confidence.

All experts agreed that the content was evidence-based and
many had a preference for the behavior activation module,
noting its simplicity and clear delivery:

| thought the sections on behaviour activation were

really well planned out and particularly thatisa core

treatment of depression regardless of whether you

are delving into cognitions or whether you are just

looking to change their behaviours. | thought it was

a really nice combination of audio plus reading plus

the activity. [Clinician, male]
Clinicians aso specifically commented that the variety of
evidence-based information presented wasimpressive asit could
cater to awide range of preferences:

| like that you combined CBT with mindfulness—some
people just don't like CBT and that is why having

http://mental .jmir.org/2018/3/e54/
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mindfulness and also behavioural activation is so
important. [Clinician, femal€]

Theme 5: Therapeutic Persuasiveness

End-user and expert groups offered differing opinions about
the suitability of the amount of content provided by the app.
Several experts believed that there were too many activities
within the app and that the activities themselves were too long
in duration to compl ete:

| think it is too long the activities—it is trying to
achieve so much—it isessentially replacing 12 psych
session and it seems really ambitious. [Clinician,
female]

In contrast, service users were more accepting of the amount
of content and saw this as necessary to provide different
strategies to address their depressive symptoms:

| didn’t find it overwhelming, there wasn’t too much
information there was the right number. [Participant,
male]

Furthermore, the personalization and self-monitoring aspects
of the app seemed to have the desired effect:

[The self-monitoring component] made me realise
about all the happy small moments that | was having
so | notice that | was happier | guess and that my
anxieties weren't as big of a deal. [Participant,
female]

Experts agreed on the advantage of providing mood-based
feedback but also rai sed the possibility of incorporating explicit
feedback to let participants know once they had completed a
module;

| wouldn't recommend it for clients who need that
feedback immediately—and | find that those with
depressive symptoms do often need that to keep up
their motivation. [Clinician, female]

Theme 6: Therapeutic Alliance

However, some users believed the app provided support to an
extent but lacked human contact:

The app tried to emulate a friend, but it could never
actually be that friend. [Participant, femal€]

Others felt that the app was an extra resource that they had
access to whenever they needed it:

I cannot check in with my therapist every day, but |
could with the app. [Participant, femal€]

When | felt down, | remembered to use the activities
presented in the app to help with the situation.
[Participant, female]
Most expertsraised concernsthat because of thelack of support
offered by a one-on-one therapist, participants could not check
their understanding of difficult concepts or pointswith someone
and that this would impact their engagement:

| was concerned that there wasn't a section in which
a participant could connect with a clinician if they
wanted to either solve a problem that emerged from
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using the app or to check under standing of particular
concepts. [Clinician, mal€e]

Discussion

Overview

Although eHealth interventions offer a promising way to deliver
psychological treatment content, dropout rates for this form of
treatment administration may be higher than those for
face-to-face therapy [19]. One potential contributing factor for
thisdropout isdifficulty in the use of the app, particularly when
the app is designed to be used in a self-guided fashion. In this
study, we conducted a usability analysis of an eHealth
intervention (BlueWatch) created using persuasive design
principles to enhance user experience. Perceived usability data
were obtained from end users, clinicians, and mental health
researchers to evaluate potential differencesin preferencesand
perceptions of the app.

Principal Findings

There was broad agreement across the 3 groups (end users,
health care professionals, and researchers) that the BlueWatch
app had an appealing visual layout and organization of content,
was engaging for users, and offered evidence-based content that
ensured a range of techniques to cater to end users who may
prefer different approachesfor the treatment of their depressive
symptoms. The expert groups (researchers and mental health
professionals) particularly liked the wide range of psychol ogical
intervention strategies available in the app, feeling that this
would allow individuals with different treatment preferences
to each find something that might work for them. This eclectic
approach is broadly in keeping with recent depression apps,
such as MyCompass, that have shown benefit in offering asuite
of intervention strategies [38].

A key priority in BlueWatch’'s design was to leverage
self-monitoring of mood as a way to teach participants about
their symptoms and to retain engagement in the app. Qualitative
feedback from end users suggested that this feature had the
desired effect. Participants reported that the mood monitoring
surveys and associated graphical feedback were a reason to
return to the app and that it increased self-awareness of how
their mood fluctuated over time and in relation to use of the
intervention content. These findings are consistent with prior
research in which use of these app-based interventions promoted
increased self-awareness[39,40] and that provision of feedback
had positive effects on treatment outcomes[41,42]. Participants
also liked that they could adjust the timing and frequency of
these mood assessments and felt that the personalized feedback
helped to remind them when to use the intervention content.

Given the self-guided nature of BlueWeatch, it was not surprising
that all groups made mention of the lack of therapist contact.
Expert groupsraised concern that lack of guidance meant it was
unclear whether participants were using the content
appropriately. Interviews with the user group did not indicate
this to be a problem as they reported that the content was
straightforward, they understood how to apply the techniques
offered, and found the activities easy to digest. Nevertheless, 1
participant from the user group stated that he would like
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therapist contact in addition to the app because he saw this
contact as an opportunity to discuss actual events in his life
rather than relying on exemplars from the app to guide him
through daily life circumstances. Contact with the therapist
would also enable immediate feedback as he discussed any
problems he wished to resolve. To overcome this limitation in
BlueWatch's current capabilities, this participant suggested a
more interactive element to the journaling task, such that the
app might provide feedback on any journal entries to bolster a
feeling of connectednessthat they might receivein face-to-face

therapy.
Limitations

Several characteristics of the present sample may haveimpacted
the results. Participants from the end-user group were invited
to participate in the usability interviews if they were aged 18
to 25 years (a peak period for depression), met the diagnostic
criteriafor depression, and following completion of 12 weeks
of use of BlueWatch. Researchersand clinicianswere older and
likely to have used the app for lesstime than the end-user group.
Such differences may account for discrepanciesin ratings and
impressions of the app between the end-user and other 2 groups.
Furthermore, participants from the end-user group wererecruited
after completing a 12-week intervention phase. It is possible
that these individuals were more motivated and had a more
positive experience of the app than those who dropped out of
the study.

This study limited its evaluation to perceived usability, and
hence, the obtained results are reliant on participants recognizing
and conveying any issues they may have in completing
app-related tasks. Although this is a common approach to
usability testing [29] and the present semistructured interviews
sought to evaluate key dimensions of usability, aternative
approaches such aslab-based experimental studies[23,24] may
offer further insights into whether participants use the app as
intended. Asaconsequence, it remains possiblethat BlueWatch
was positively rated by end users and yet was not used
appropriately. Further evaluation across different methods of
usability testing is warranted, and may consider including
individuals with no prior exposure to the app as well as
individuals who have used the app for some time.

Implications

Incorporation of researcher and clinician perspectives
demonstrated potential contrast in app experiences relative to
end users. The greater perceived ease of use among end users
may be due to greater comfort and familiarity with apps in
general among younger adults. In the case of researchers, this
discrepancy reinforces the need for end-user usability testing
to ensurethat the proposed features of one'sapp havethedesired
effect. In so far as clinicians and researchers are a mechanism
for ensuring uptake of apps, the findings of this study suggest
that their recommendations might benefit from exposure to
end-user feedback as well as their own perceptions of the app.

Conclusions

Usability data from this study broadly supported the use of
BlueWatch for treating depression, with particularly positive
feedback received from the end-user group. Although
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personalization of content through self-pacing, self-monitoring ongoing trial of the efficacy of BlueWatch. Results of this
of symptoms, and feedback functions may not substitute for all  evaluation will further illuminate user engagement and usage
the benefits of in-person therapist contact, these persuasive patterns for those in the intervention group and whether usage
design features of BlueWatch appear to enhance engagement  rates are associated with symptom reduction postintervention.
with the app’sintervention content. Thisstudy is part of alarger,
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Abstract

Background: To predict and prevent mental health crises, we must devel op new approaches that can provide a dramatic advance
in the effectiveness, timeliness, and scalability of our interventions. However, current methods of predicting mental health crises
(eg, clinical monitoring, screening) usualy fail on most, if not al, of these criteria. Luckily for us, 77% of Americans carry with
them an unprecedented opportunity to detect risk states and provide precise life-saving interventions. Smartphones present an
opportunity to empower individuals to leverage the data they generate through their normal phone use to predict and prevent
mental health crises.

Objective: To facilitate the collection of high-quality, passive mobile sensing data, we built the Effortless Assessment of Risk
States (EARS) tool to enable the generation of predictive machine learning algorithms to solve previously intractable problems
and identify risk states before they become crises.

Methods: The EARS tool captures multiple indices of a person’s social and affective behavior via their naturalistic use of a
smartphone. Although other mobile data collection tools exist, the EARS tool places a unique emphasis on capturing the content
as well as the form of social communication on the phone. Signals collected include facial expressions, acoustic vocal quality,
natural language use, physical activity, music choice, and geographical location. Criticaly, the EARS tool collects these data
passively, with almost no burden on the user. We programmed the EARS tool in Javafor the Android mobile platform. In building
the EARS tool, we concentrated on two main considerations: (1) privacy and encryption and (2) phone use impact.

Results: Inapilot study (N=24), participants tolerated the EARS tool well, reporting minimal burden. None of the participants
who completed the study reported needing to use the provided battery packs. Current testing on arange of phones indicated that
thetool consumed approximately 15% of the battery over a 16-hour period. Installation of the EARS tool caused minimal change
in the user interface and user experience. Once installation is completed, the only difference the user notices is the custom
keyboard.

Conclusions: The EARStool offersan innovative approach to passive mobile sensing by emphasizing the centrality of aperson’s
social life to their well-being. We built the EARS tool to power cutting-edge research, with the ultimate goal of leveraging
individual big datato empower people and enhance mental health.

(JMIR Ment Health 2018;5(3):€10334) doi:10.2196/10334

KEYWORDS

passive mobile sensing; personal sensing; mobile sensing; mental health; risk assessment; crisis prevention; individual big data;
telemedicine; mobile apps; cell phone; depression
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Motivation

If health professional s cannot predict and prevent mental health
crises, thefield facesacrisisof itsown. Although we have many
evidence-based treatments, greater population-wide access to
thesetreatments hasthusfar failed to yield significant reductions
in the burden of mental health disorders [1-3]. This failure
manifests, for example, in the meteoric rise of major depression
in the World Health Organization's rankings of conditions
responsible for lost years of healthy life [4] and in the recent
increasein suicide ratesin some 50 World Health Organization
member states, including an increase of 28% inthe United States
from 2000 to 2015 [5,6]. To predict and prevent mental health
crises, we must develop new approaches that can provide a
dramatic advancein the effectiveness, timeliness, and scal ability
of our interventions.

Intervening at critical momentsin aperson’slife—that is, during
mental health crises, including times of risk for suicide,
self-harm, psychotic breakdown, substance use relapse, and
interpersonal loss—could dramatically enhancethe effectiveness
of mental health intervention. Even with the most extreme
mental health crises, such as acute suicide risk, wefind that the
most effective interventions provide barriers to harmful
behaviors at the critical moment of action. Take, for example,
blister packaging on medications commonly used in suicide
attempts. By placing a time-consuming, distracting barrier at
just the right moment between a person and a suicide attempt,
public health policy makers saved lives[7]. If we can improve
the timeliness of our interventions, then even low-intensity
interventions can have amajor impact on improving health and
saving lives [8]. Just-in-time adaptive interventions, delivered
via mobile health apps and tailored to a person’s environment
and internal state, headline a host of exciting developmentsin
low-intensity, high-impact interventions [9].

Beforewe can take full advantage of these approaches, however,
we face a critical chalenge: prediction. It is one thing to
recognize the tremendous power of precise timing for
interventions, and it is quite another to possess the ahility to
identify the right time. Furthermore, as we face the challenge
of predicting mental health crises, we must commit ourselves
to meeting the highest standards of reliability, feasibility,
scalability, and affordability. Given the large proportion of
individual s experiencing mental health criseswho do not receive
treatment [10], prediction methods must reach those who are
not in traditional mental health care. Current methods of
predicting mental health crises (eg, clinica monitoring,
screening) usually fail on most, if not al, of these criteria.

Luckily for us, 77% of Americans carry with them an
unprecedented opportunity to detect risk states and provide
precise life-saving interventions [11]. Smartphones enable the
kind of access and insight into an individual’s behavior and
mood that clinicians dream of. Packed with sensorsand integral
to many people's lives, smartphones present an opportunity to
empower individuals (and their clinicians, if individuals so
choose) to leverage the data they generate every day through
their normal phone use to predict and prevent mental health
crises. Thisapproach to data collection is called passive mobile

http://mental .jmir.org/2018/3/€10334/
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sensing. Collecting high-quality, passive mobile sensing data
will enable the generation of predictive machine learning
algorithmsto solve previously intractable problems and identify
risk states before they become crises. To facilitate thisgoal, our
team built the Effortless Assessment of Risk States (EARS)
tool.

Justification

We designed the EARS tool to capture multiple indices of
behavior through an individual’s normal phone use. We selected
these indices based on findings that demonstrate their links to
mental health states such as depression and suicidality. These
indicesinclude physical activity, geolocation, sleep, phone use
duration, music choice, facial expressions, acoustic vocal
quality, and natural language use.

Physical activity, geolocation, sleep, phone use duration, and
music choice data convey information about how individuals
interact with their environments. Physical activity has a rich
history of positive outcomes for mental health, including a
finding from the Netherlands Mental Health Survey and
Incidence Study (N=7076) that showed a strong correlation
between more exercise during leisure time and both a lower
incidence of mood and anxiety disorders and a faster recovery
when those disorders do strike [12]. Geolocation overlaps with
physical activity in part, but it can al so provide important insight
into the quality of a person's daily movement and the
environments in which they are spending their time. Saeb and
colleagues demonstrated the power of 3 discrete movement
quality variables derived from smartphone global positioning
system (GPS) datato predict depressive symptom severity [13].
Meanwhile, environmental factors indexed by GPS data, such
as living in a city and being exposed to green areas, have
consequencesfor social stress processing and long-term mental
health outcomes[14,15]. Sleep provides another powerful signal
to help us predict depression and suicidality. One of the most
common prodromal features of depression, sleep disturbance
(including delayed sleep onset, difficulty staying asleep, and
early morning wakening), also relates significantly to suicidality
[16,17]. While evidence suggests that phone use duration may
affect depression and suicidality via sleep disturbance [18], we
believe that phone use duration also deserves study in its own
right. For example, Thomée and colleagues found that high
phone use predicted higher depressive symptoms, but not sleep
disturbance, in women 1 year later [19]. Finally, music choice
may provide affective insight, as recent findings suggest that
listeners choose music to satisfy emotional needs, especially
during periods of negative mood [20].

In contrast with the variables described above, EARS collects
other signals that directly reflect both the form and content of
an individual’s interpersonal engagement. Facial expressions
can convey useful information about an individual’s mood states,
an especialy core feature of clinical depression. For example,
Girard and colleagues found that participants with elevated
depressive symptoms expressed fewer smilesand moresignifiers
of disgust [21]. Capturing theseindicators of mood in aperson’s
facial expressions has become much more efficient and
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affordable in recent years with the advent of automated facial
analysis[22].

While perhaps less intuitive than facial expression indicators,
several aspectsof acoustic vocal quality provide robust measures
of depression and suicidality. These aspectsinclude speech rate,
vocal prosody, vowel space, and other machine learning-derived
features [23-26]. Whereas acoustic voice quality ignores the
semanti c content of communication, natural language processing
focusesonit. In addition to strong depression signalsin written
language in laboratory settings [27], accumulating evidence
suggests that social media natural language content, especially
expressions of anger and sadness, may identify suicidal
individuals [28,29].

Lind et a

We are not the first research team to recognize the potential of
passive mobile sensing to capture these behavioral indices.
Numerous passive mobile sensing tool s capture one or more of
the variables described above. Table 1 [30-36] compares the 8
most feature-rich tools (Multimedia Appendix 1 compares the
12 most feature-rich tools [30-40]; for a broader survey of
available tools, see the Wikipedia page “Mabile phone based
sensing software” [41]).

Passive mobile sensing apps focus on sensor data (eg, GPS,
accelerometer) and phone call and text messaging (short
message service [SMS]) occurrence (eg, when calls and SMS
happen, but not their contents). The EARS tool improves on
these apps by adding several indices specifically relevant to
interpersonal communication.

Table 1. A comparison of the most feature-rich, research-grade, passive mobile sensing apps®.

Feature EARS? AWARE EmotionSense PurpleRobot Beiwe Funf  papar-cnsS  Studentlife
[30] [31] [32] (33 [34 |35 [36]

Geolocation O O O O O O O O

Accelerometer O O O O O 0 O O

Bluetooth colocation O nd O n O 0 0

Ambient light d

Ambient noise O O O O

Charging time

Screen-on time O O O O

App use O O od od 0 O O

Screen touch events O

SMS® frequency O g g g | | g

SMS transcripts O O

Call frequency O ad ad O O ad

Browser history

In-call acoustic voice sample O

All typed text O d

Facia expressions O

Music choice O

Barometer a

Wearables O O

Video diary 0

Audiodi aryf g

Ecological momentary assessment' O ad ad O a ad

Count 16 11 10 9 9 9 8

3EARS, AWARE, EmotionSense, Purple Robot, Beiwe, Funf, and RADAR-CNS are open source.
PEARS: Effortless Assessment of Risk States.
°RADAR-CNS: Remote Assessment of Disease and Relapse — Central Nervous System.
dAva\ilability of the feature islimited to Android versions Kit-Kat 4.4 and below.

€SMS: short message service.

"Featureis not passive (ie, requires active engagement from the user).

http://mental .jmir.org/2018/3/€10334/

JMIR Ment Health 2018 | vol. 5 | iss. 3 [e10334 | p.25
(page number not for citation purposes)


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

JMIR MENTAL HEALTH

What the Effortless Assessment of Risk
States Tool Does

The EARS tool captures multiple indices of a person’s socia
and affective behavior viatheir naturalistic use of asmartphone.
As noted above, these indices include facial expressions,
acoustic vocal quality, natural language use, physical activity,
music choice, phone use duration, sleep, and geographical
location. Critically, the EARStool collectsthese data passively,
with almost no burden on the user. For example, the EARS tool
collects al language typed into the phone. These various data
channels are encrypted and uploaded to a secure cloud server,
then downloaded and decrypted in our laboratory. Preliminary
analyses of these data are underway in our laboratory. Future
iterations of the EARStool will incorporate additional variables
and automated analysis on the mobile device itself, which will
facilitate both privacy and speed.

The first version of the EARS tool included four key features.
A custom keyboard logged every nth word typed into the phone
across all apps (n to be determined by the research team). A
patch into the Google Fit application programming interface
(Google Inc, Mountain View, CA, USA) collected physical
activity data, including walking, running, biking, and car travel.
A daily video diary used a persistent notification to prompt
users to open the EARS app and record a 2-minute video of
themselves talking about their day. While the video diary
required active engagement of the user (similar to ecological
momentary assessment), it provided acritical bridgein the early
EARS tool while our team worked to develop passive means
to capture facial expression and acoustic voice data. Each of
the above data types (text entry, physical activity, and video
diary) were tagged with the final data type of the first EARS
tool: geolocation information. Since the Google Fit upload and
video diary each occurred only once per day, the keyboard
logger provided the richest source of geolocation data. Every
timeauser entered text into their phone, that text entry triggered
ageotag. This approach to gathering geolocation data enabled
usto avoid the battery drain of constant GPS data collection.

We piloted the first version of the EARS tool in the Effortless
Assessment of Stressful Experiences (EASE) study (approved
by the University of Oregon Institutional Review Board;
protocol number 07212016.019). The EASE study employed
an academic stress paradigm to test whether the EARS tool
generates data that index stress. Werecruited 24 undergraduate
students over fall and winter terms of 2016 and 2017 via the
Psychology and Linguistics Human Subjects Pool. We acquired
informed consent (including descriptions of our double
encryption and data storage procedure), then twice collected
weeklong sets of passive mobile sensing data. We conducted
the baseline assessment 3 to 7 weeks before the students’ first
final examination (avoiding weeks when they had a midterm
or other major project due) and the foll ow-up assessment during
theweek prior to the students' last final examination. Self-report
guestionnaires of perceived stress and mental health symptoms
were administered on thelast day of each assessment and asked
about symptoms over the past week. Participants tolerated the
EARS tool well, reporting minimal burden. One individual
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declined participating in the study dueto privacy concerns, and
1 individual declined due to dissatisfaction with the EARS
keyboard. One participant dropped out dueto privacy concerns,
and 1 participant dropped out without explanation. None of the
participants who completed the study reported needing to use
the provided battery packs.

The current version of the EARS tool includesthe four features
of theoriginal, plus several enhancements (see Figure 1 [42-51]).
Thefirst major enhancement isthe addition of a“ selfie scraper,”
which is a pipeline that gathers all photos captured by the
device's camera and encrypts and uploads them to our
laboratory. During the decryption process, facial recognition
software scans the photos and retains only selfies of the
participant, discarding al photos that do not include the user’s
face or that include other faces. Thisfeature enablesusto collect
facial expression data passively, bringing usastep closer to full
passivity. Second, the current version takes another step closer
to full passivity with the addition of passive voice collection.
The EARS tool records through the device's microphone (but
not the earpiece) during phone calls, encrypts these recordings,
then uploads them for acoustic voice quality analysis. Thethird
important upgrade of the current version is the constant
collection of inertial measurement unit data. These data power
fine-grained analysis of physical activity and sleep, over and
above what we can glean from Google Fit data. Fourth, paired
with the inertial measurement unit data, the ability to sample
ambient light viathe phone’s sensorsfurther enhancesthe EARS
tool’s measurement of sleep. Thefifth new feature monitorsthe
notification center to capture what music the phone user listens
to across various music apps. Sixth, we have added the
automatic collection of 4 indices of phone use: SM S frequency,
call frequency, screen-on time, and app use time.

The current version of the tool also facilitates integration with
wearabletechnology and adds customi zation for research teams.
Tofacilitate integration of wearable technology, the EARS tool
includes amechanism to collect raw datafrom wearable devices
(eg, wrist wearables that measure actigraphy and heart rate).
This improves efficiency of data collection and reduces the
burden on the participant because it cuts out the step of signing
into each participant’sindividua wearable account to download
these data. Capturing raw wearable data may also yield
physiological variables that are otherwise obscured by the
preprocessing that occurs in standard wearable application
programming interfaces. One such variable isrespiratory sinus
arrhythmia, a measure of parasympathetic nervous system
activity that is associated with emotional and mental health
states [52].

We hopeto sharethe EARStool with other research teams, and
we recognize that different research questions will call for
different passive mobile sensing variables. As such, we are
making the EARS tool as modular as possible, so that teams
seeking to test hypotheses related to, say, natural language use
and selfies do not also have to collect geolocation and app use
data. By using Android's flavors functionality, teams can
compile a version of EARS that includes the code only for
variables of interest, which helpsto optimize thetool for battery
drain and prevent unnecessary collection of confidential data.
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Figure 1. The Effortless Assessment of Risk States (EARS) tool collects multiple indices of behavior and mood.

AN

0

—.

o

@
A person’s smartphone use over time generates what we call
“individual big data” Individua big data comprise
time-intensive, detail-rich data streams that capture the trends
andidiosyncrasiesof aperson’sexistence. Withthe EARStool,
we seek to harnessthese individual big datato power innovation
and insight. Our research team aimsto detect risk states within
participants by determining a person’s behavioral set point and

analyzing their deviations around that set point. We see this
goal as one of many possible applications of the EARS tool.

Effortless Assessment of Risk States Tool
Engineering

We programmed the EARS tool in Javafor the Android mobile
platform (Google Inc). In building the EARS tool, we
concentrated on two main considerations: (1) privacy and
encryption, and (2) phone use impact. The EARS tool collects
amassive amount of personal data, so ensuring that these data
remain secure and cannot be used to identify users is of
paramount concern. To achieve this, we have implemented a
process to deidentify and encrypt the data.

To deidentify the data, the EARS tool uses the Android secure
device identification (SSAID) to store and identify the data.
The SSAID is accessible only when an Android user gives
specific permission and is linked only to the hardware device,
not a user or account name. We collect the SSAID and
participant name at installation and store the SSAID key on
non—cloud-based secure university servers. As aresult, in the
event of a breach of Amazon Web Services (AWS,
Amazon.com, Inc, Seattle, WA, USA), there is no easy way for
someone outside of our team to link the data with the name of
the user who generated it. Obvioudly, this basic first step does
not protect the actual content of the data. Therefore, we employ
state-of-the-art encryption at multiple pointsin the pipeline.

After the sensors generate the data, the data are immediately
encrypted by the EARStool using 128-bit Advanced Encryption
Standard (AES) encryption, a government standard endorsed
by the US National Institute of Standards and Technology. On
encryption, the unencrypted dataareimmediately deleted. When
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transmitting the data to AWS, the EARS tool uses a secure
socket layer connection to the server, meaning that all datain
transit are encrypted a second time using the industry standard
for encrypting data travelling between networks. After
transmission to the cloud, the EARS tool then deletes the
encrypted data from the phone’s memory. On upload to AWS,
the data are then also protected by Amazon's server side
encryption, which uses 256-bit AES encryption.

By encrypting the user datatwice, once on the phone using our
own encryption, and a second time on the AWS servers using
Amazon’s, we can ensure that the data cannot be accessed at
any time by anyone outside our team. This means that even
Amazon does not have access to the unencrypted data, either
by rogue employees or by government demands. We aimed to
improve acceptability of the EARStool for usersby taking these
steps to protect users' data and allay privacy concerns.

Wetook another important step toward maximizing acceptability
of the EARS tool by prioritizing phone use impact. The EARS
tool runsin the background at all times. To minimize theimpact
on the user's day-to-day experience, we have endeavored to
make the EARS tool as lightweight as possible. First, the tool
consumes around 30 MB of RAM. Most Android phones have
between 2 and 4 GB of RAM, meaning the tool uses between
1% and 2% of memory. Second, the use of phone sensors can
have alarge impact on the battery life of a phone, asthey draw
relatively large amounts of power. To combat this, we have
moved most cloud uploads to late at night when the phone is
usually plugged in, and only when the device is connected to a
Wi-Fi network. We also limit GPS readings to once every 5
minutes and, if possible, obtain location datafrom known Wi-Fi
points, rather than connecting to a satellite. Current testing on
a range of phones indicated that the tool consumes
approximately 15% of the battery over a16-hour period. Third,
installation of the EARStool causes minimal changein the user
interface or user experience. Onceinstallation iscompleted, the
only difference the user will notice is the custom keyboard.
With the exception of the optional video diary feature,
everything else is collected in the background with no user
interaction.
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The EARS tool is hosted on GitHub (GitHub, Inc, San
Francisco, CA, USA) on the University of Oregon, Center for
Digital Mental Health’s page (GitHub username: CADMH). It
is licensed under the Apache 2.0 open source license, a
permissive free software license that enables the free use,
distribution, and modification of the EARS tool [53].

Considerations

We must temper our enthusiasm for the exciting possibilities
associated with these new types of data with careful
consideration of several challenges. First, EARS is currently
implemented only on the Android platform. While Android
boasts 2 billion users worldwide, some 700 million people use
an iPhone [54]. In the interest of eliminating as many sample
selection confounding variables as possible, we have begun
adapting the EARS tool for the iOS operating system. Given
that most app devel opers begin on one platform, then port their
product over to the other, EARS for iOS should match the
functionality of EARS for Android; however, variation in
software and sensors will likely result in some differences
between the versions. The 4.6 billion people on this planet who
do not use an Android or iOS smartphone present a much more
stubborn challenge. That most of these people live in low- or
middle-income countries or in countries outside of Europe and
North America gives us pause, as we consider the historical
affluent- and white-centric approach of clinical psychology.
The steady increase in smartphone adoption around the world
will probably reduce theimpact of thislimitation, but weremain
mindful that the EARS tool carries built-in socioeconomic and
cultural limitations alongside its passive mobile sensing features.

Those passive mobile sensing features generate significant
ethical concernsaswell, principal among which are recruitment
and enrollment methods and protecting participants data. These
concerns loom large in mobile health because they reflect the
most prominent way in which for-profit app developers exploit
smartphone users: app developers bury unsavory content in
terms-of-service agreements they know users are unlikely to
read, often leveraging these to sell users data. Some users are
aware of these practicesand may greet research using the EARS
tool with skepticism. However, in our pilot study, only 2 of 28
screened participants declined further participation or dropped
out due to privacy concerns. Nevertheless, this issue warrants
attention aswe scale up our studies and incorporate more diverse
populations. The critical task, we believe, isto carefully assess
who is empowered by the data and to clearly convey our
priorities and precautions to the user. We value the
empowerment of the user (eg, to take better control of their
mental health) over the empowerment of a commercial or
government entity (eg, acquiring user data without any benefit
to the user). We oppose practices that empower others at the
expense of the user and uphold respect for the user’s autonomy
by insisting on an opt-in model for al applications of the EARS
tool. This means that we regject any protocol that employs
autoenrollment in its recruitment approach, such as embedding
EARS features into an update of an existing app or requiring
members of a specific health plan to participate. To date, we
have acquired informed consent in person. As we scale our
studies up and out, however, we will need to acquire informed
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consent remotely. To that end, we are developing a feature in
the EARS tool to administer and confirm a participant’s
informed consent.

Once a participant has opted in, our duty to protect their
confidentiality and anonymity grows exponentially. The EARS
tool encrypts all data locally on the phone as soon as the user
generates them. Those encrypted data arrive in our laboratory
viaAWS, aUS Health Insurance Portability and Accountability
Act-compliant commercial cloud service that provides
state-of-the-art security in transit. On completion of or
withdrawal from a study, a participant’s uninstallation of the
EARS tool automatically deletes all encrypted EARS data till
residing on the phone. As a critical next step to ensure data
privacy as we expand this line of research, we aim to conduct
processing and analysis locally, on the participant’s phone, as
soon as possible. In our current protocol, during a study, a
participant’s encrypted data exist in 3 locations: the phone, the
AWS cloud, and our laboratory’s secure server. These 3 storage
locationsincrease therisk to the participant. As phones become
more powerful and our research generates optimized data
analysis algorithms, we aim to limit participants exposure to
risk of privacy breach by executing our protocols within the
phones themselves. We will take the first step in that direction
soon—recent advances in facial recognition and automatic
expression analysis software should enable usto locate the selfie
scraper entirely on the phone so that only deidentified output
will travel viathe cloud to our laboratory [55].

Future Directions

We have described in detail the data collection capabilities of
the EARS tool. EARS data, however, are only as useful as the
research questions they aim to answer. The next steps for our
team include (1) testing the EARS tool with a large,
representative sample to establish normsfor each behavior, and
(2) deploying the EARS tool in the next wave of an ongoing
longitudinal study of adolescent girls. We are especially eager
to collaborate with adolescent participants because they are
digital natives, and we believe their data may be especialy
revealing. We aim to use the data from these 2 studies to
determine which passive mobile sensing variables best predict
mental health outcomes. As we discover the predictive power
of each variable and the variables' relationshipswith each other,
we will optimize the data pipeline on the backend of the EARS
tool to provide meaningful, manageable output for research
teams.

Our team built this tool with the goal of predicting and
preventing mental health crises such as suicide, but we believe
that the EARS tool could serve many uses. The EARStool could
provide rich, observational data in efficacy and effectiveness
studies in clinical psychology. It could also index general
wellness via fine-grained data on activity, sleep, and mood for
public health researchers. Furthermore, if we find that EARS
data do predict changes in behavior and mood, medical
researchers and health psychologists could use the EARS tool
to derive mental and physical health insights. A future version
of the EARS tool could provide clinical assessment and
actionablefeedback for users, including reportsthat auser could
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be encouraged to share with their primary care provider. We
imagine exciting applications for social and personality
psychologiststo test self-report and laboratory findings against
unobtrusive, ecologically valid behavioral data. Devel opmental
psychologists, especialy those who study adolescence, may
also find that the EARStool provides particularly rich insights,
given adolescents’ extensive use of mobile computing and their
status as digital natives. These applications of the EARS tool
depend on rigorous signal processing, exploratory analysis,
hypothesistesting, and machine |earning methods. The potential
is huge, and the work calls for the creative contributions of
researchers from myriad areas of study.
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Abstract

Background: Accurate measurement of treatment-related change is akey part of psychotherapy research and the investigation
of treatment efficacy. For this reason, the ability to measure change with accurate and valid methodsis critical for psychotherapy.

Objective: The aims of this study wereto (1) explore the underlying characteristics of depressive symptom change, measured
with the nine-item Patient Health Questionnaire (PHQ-9), following psychotherapy, and (2) compare the suitability of different
ways to measure and interpret symptom change. A treatment sample of Web-based psychotherapy participants (n=1098) and a
waitlist sample (n=96) were used to (1) explore the statistical characteristics of depressive symptom change, and (2) compare the
suitability of two common types of change functions: linear and proportional change.

Methods: These objectives were explored using hypotheses that tested (1) the relationship between baseline symptoms and the
rate of change, (2) the shape of symptom score distribution following treatment, and (3) measurement error associated with linear
and proportional measurement models.

Results: Findingsdemonstrated that (1) individual swith severe depressive baseline symptoms had greater reductionsin symptom
scores than individuals with mild baseline symptoms (11.4 vs 3.7); however, as a percentage measurement, change remained
similar across individuals with mild, moderate, or severe baseline symptoms (50%-55%); (2) positive skewness was observed in
PHQ-9 scoredistributionsfollowing treatment; and (3) model sthat measured symptom change as aproportional function resulted
in greater model fit and reduced measurement error (<30%).

Conclusions: This study suggests that symptom scales, sharing an implicit feature of score bounding, are associated with a
proportional function of change. Selecting statisticsthat overlook this proportional change (eg, Cohen d) is problematic and leads
to (1) artificialy increased estimates of change with higher baseline symptoms, (2) increased measurement error, and (3) confounded
estimates of treatment efficacy and clinical change. Implications, limitations, and idiosyncrasies from these results are discussed.

(JMIR Ment Health 2018;5(3):€10200) doi:10.2196/10200
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Introduction

Accurate measurement of treatment-related changeisakey part
of psychotherapy research [1-3] and the investigation of
treatment efficacy [4-6]. For example, measurable change in
symptoms of anxiety and depression isoften used asthe primary
means to research and test the safety of emerging treatments
[7]. Reporting symptom change in anxiety and depression has
been shown to describe the clinical trajectory of participantsin
treatment [8], illustrate the cost-effectiveness of treatment [9],
and compare treatments [10]. For this reason, the ability to
measure change with accurate and valid methodsis critical for
psychotherapy [6,11].

Several statistical and clinical methods are employed to increase
the validity and accuracy of change measurement in
psychotherapy. The most common methodology in
psychotherapy research is the combined use of standardized
scales, such as standardized symptom scales of anxiety [12] or
depression [1,13], and the use of statistical analyses, such as
Cohen d effect sizes, that measure and interpret the rate of
change in treatment [4-6]. Many types of standardized scales
are available for measuring and interpreting changein treatment
(eg, clinical interviews, measurement of behavior or quality of
life[14]), and that change can be statistically estimated through
various statistical methods [15]. However, from the wide range
of possible methods for measuring treatment outcomes [16],
the use of standardized scales, primarily symptom scales, in
combination with effect sizes, primarily Cohen d, are the most
influential. For example, symptom scales and effect sizes are
used to eval uate treatment-related change and treatment efficacy
within psychotherapy trials [17-19], epidemiological studies
[20,21], meta-analytic studies of various treatments [22], and
are even mandated within clinical guidelines for reporting in
clinical trials, such as Consolidated Standards of Reporting
Trials(CONSORT) [19], Transparent Reporting of Evaluations
with Nonrandomized Designs (TREND) [23], Strengthening
the Reporting of Observational studies in Epidemiology
(STROBE) [24], and others[11].

Notwithstanding the common use of both symptom scales and
effect sizes for measuring psychotherapeutic-related change,
little research is currently available to verify or refute the use
of different statistical methods for measuring and interpreting
symptom change [25,26]. For example, the use of effect sizes,
such as Cohen d, isbased on statistical assumptionsthat change
is linear. In technical terms, by employing effect sizes,
researchers assume that the symptom change that follows
treatment is average, constant, and representative of the average
change experienced by any participating individual [18,27]. Put
another way, if an average individual with moderate depressive
symptoms prior to treatment, such as a score between 10 and
15 on the nine-item Patient Health Questionnaire (PHQ-9),
would improve by 5 points on a symptom scale, an individual
with severe baseline symptoms (eg, PHQ-9 score of 20-27)
would be expected to demonstrate the same rate of improvement
(eg, 5 points). Similarly, under the linear assumption, a group
of participants with different baseline symptoms (eg, mild,
moderate, or severe baseline symptoms) undertaking the same
therapy would be expected to have similar effect sizes between

http://mental .jmir.org/2018/3/€10200/

Karinet d

groups (eg, 1.0). However, in contrast to the common use of
statistics that assume change is linear, there are two lines of
research to suggest that real-world symptom change may occur
as a proportional function from baseline. First, psychological
treatment studies often describe an increased rate of clinical
change within samples of increased baseline symptom severity
[20,28]. Second, common symptom scales, such as the PHQ-9
[29], the Generalized Anxiety Disorder seven-item scale
(GAD-7) [30], and prominent others (eg, Kessler Psychological
Distressscale) [31], often demonstrate an implicit design feature
of score bounding at minimal symptoms. This bounding within
symptom scales should theoretically imply that, under effective
treatment, all individuals would reduce their symptoms down
to the same endpoint of minimal levels [1,9] and that the rate
of change would systematically depend on an individual’s
symptoms at baseline [32,33].

From a statistical point of view, identifying the characteristics
of symptom change, and employing asuitable statistical analysis
that captures the underlying function of change, can
fundamentally impact both the measurement and interpretation
of clinical outcomes [15,34,35]. For example, under
circumstances in which change is proportiona in nature, the
selection of a proportional statistical analysis can greatly
increase the accuracy and validity of estimating longitudinal
clinical change[34,35]; the detection of moderators of symptom
change [36]; the classification of subgroups, such as remitters
or nonresponders [37]; as well as the ability to research other
objectives[38]. For thisreason, the function of symptom change
must be researched and more clearly understood. Such research
could verify, refute, and draw out the implication for using
well-established statistical methods (eg, effect sizes, linear
statistics) and emerging alternatives (eg, percentage
improvement, generalized linear statistics) for measuring and
interpreting change in treatment. In addition, researching the
function and characteristics of symptom change hasthe potential
toinform researchers and the broader community about the type
of changeindividuals in treatment are likely to experience.

This Study

This study aims to (1) explore the fundamental statistical
characteristics of treatment-related depressive symptom change
and (2) compare the implications from measuring and
interpreting clinical change through effect sizes, such as Cohen
d, against emerging alternatives, such as percentage
improvement (proportional, generalized longitudina linear
statistics) [25,26].

This study employed a large sample of individuals (N=1098)
who underwent Web-based psychotherapy (Internet-delivered
cognitive behavioral therapy [ICBT]) [39] for symptoms of
depression (PHQ-9[29]). Although Web-based psychotherapy
represents a distinct type of psychotherapy, the use of
Web-based treatments, which standardizes treatment materials
and participant engagement through automati zation, can be seen
as an opportunity for researching symptom change with high
internal validity and minimum methodological interference.

The statistical characteristics of symptom change were explored
with three steps. Initially, the relationship between baseline
symptoms and the rate of change was explored. In line with
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previous clinical studies that suggest that more severely
symptomatic participants demonstrate increased effect sizes
[20,32], it was hypothesized that individuals with increased
symptoms at baseline would also demonstrate increased rates
of symptom change (hypothesis 1). Second, the shape of
symptom score distribution before and following treatment were
explored. In line with the suggestion that symptoms scores are
bounded at minimal symptoms [29,30], the distributions of
pretreatment and posttreatment depression symptom level swere
hypothesized to show evidence of positive skewnessand kurtosis
at both pretreatment and posttreatment (hypothesis 2). Third,
the measurement error associated with linear and proportional
measurement models was compared. In line with the
characterization of symptom change as proportional, it was
hypothesized that those statistical methods that measure
symptom change as a proportional function would be associated
with reduced measurement error and indicate greater statistical
fit to real symptom datain treatment (hypothesis 3). Finally, an
additional effort wastaken to explore the patterns of depressive
symptom change within a control group (n=96). This addition
was designed to explore the pattern of symptom change that is
not specific to treatment.

Methods

The Sample

This study combined clinical data from three published
randomized controlled trials, al of which evaluated ICBT for
symptoms of depression and anxiety [39,40]. Theseinterventions
were almost identical in structure and therapeutic content. All

Table 1. Sample demographics (N=1194).
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trials were delivered using the same evidence-based online
treatment approach [7] and were conducted within the same
research clinic, the eCentreClinic [41]. A precautionary test,
aiming to compare the symptom reduction rates between the
individual trials, demonstrated similarities across all three
interventions. Specifically, a generalized estimated equation
(GEE) model [35], testing the longitudinal symptom change of
each trial, resulted in dlight differences in the estimates of
symptom change acrosstrials (PHQ-9 range 5.23-6.29 points);
differenceswere not statistically significant (group x time: Wald

X22,2368:5'01 P:08)

Together, these trials represent a large random intake of
self-selecting adultsinto treatment over aperiod of 2 yearswith
atotal of 1262 adult participants, of whom 1098 (87.01%) were
successfully assessed at both pretreatment and posttreatment
time points. Additional information about recruitment,
advertising, treatment materials, and additional treatment
procedures can be found within additional eCentreClinic
publications[7,41].

To beincluded in these trials, participants were selected on the
basisof (1) demonstrating at least mild symptoms of depression
or anxiety (a minimum score =5 on either the PHQ-9 or the
GAD-7), (2) older than 18 years and younger than 65 years, (3)
being an Australian resident, and (4) having Internet accessfor
the period of the trial. In addition, applicants who reported a
scoreof 3 (considered severe) on item 9 of the PHQ-9 measuring
suicidal risk, were referred to another service.

Additional demographic and symptom characteristicsare shown
in Table 1 for both the treatment and waitlist control conditions.

Demographics

Collated treatment sample (n=1098) Control sample (n=96)

Gender (male), n (%)
Age (years), mean (SD)
Using medication during the course, n (%)
Married, n (%)
Employed, n (%)
Education, n (%)
High school
Vocationa education
Degree
PHQ-9% mean (SD)
Before treatment
following treatment)
GAD-7°, mean (SD)
Before treatment

Following treatment

330 (30.1) 51 (53.1)
52.8 (14.2) 56.3 (13.0)
351 (31.9) 51 (53.1)
713 (64.9) 45 (46.9)
636 (57.9) 49 (51.0)
176 (16.0) 39 (40.6)
307 (27.9) 24.(25.0)
615 (56.0) 37(385)
11.73 (4.83) 10.95 (4.73)
5.60 (4.58) 11.00 (5.04)
10.91 (4.53) 9.5 (4.53)
5.47 (4.35) 8.83 (4.67)

3PHQ-9: nine-item Patient Health Questionnaire..
BGAD-7: seven-item Generalized Anxiety Disorder scale.
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Symptom Measure

The PHQ-9 was employed as the primary outcome variable,
measuring the presence and severity of depressive symptoms
[29]. The PHQ-9 is widely used in clinica trias [7,16],
comprising nineitems, with high internal consistency and high
sensitivity to the presence and change of clinical depression
diagnoses [29]. Scores on the PHQ-9 correspond to the
cumulative experience of common depressive symptoms over
the preceding 2-week period. Cumulative scores range from O
to 27 and scores are clinically interpreted as falling within five
categories: (1) no depression symptoms (total score: 0-4), (2)
mild depression symptoms (total score: 5-9), (3) moderate
depression symptoms (total score: 10-14), (4) moderately severe
depression symptoms (total score: 15-19), and (5) very severe
depression symptoms (total scores. 20-27). Symptom scores
were modified with a small constant added (0.001) to ensure
that plausible values of zero symptoms at posttreatment were
represented in the model when statistically modeling
proportional functions, such as logarithmic link functions.

Analytical Plan

The function of symptom change was explored with three
separate steps, corresponding to the three hypotheses.

The first hypothesis that individuals with increased symptoms
at baseline would also demonstrate increased rates of symptom
change was tested by examining the relationship between
baseline symptoms and the rate of symptom change. Symptom
change was examined within the five subgroups of individuals
of different baseline PHQ-9 score bands (eg, minimal to no
symptoms to very severe depression symptoms). Within each
subgroup, the rate of change was approximated with GEE
models, multilevel models[34], and raw means. These methods
represent common longitudinal statistical methods in clinical
trials [42]. The estimation of change through all three GEE,
mixed models, and raw scores was designed to clarify that the
underlying function of symptom change could be identified
when using various statistical models.

Under alinear pattern of symptom change, participants of any
baseline symptoms would be expected to show a similar rate
of improvement overall. That is, an average symptom change
score that would be observed across individuas, irrespective
of the severity of their symptoms at baseline [18]. In contrast,
under a proportional pattern of symptom change, participants
presenting with increased baseline symptom severity would
likely show larger symptom change compared to those
individuals with mild or moderate baseline symptoms [15].

To test the second hypothesis that distributions of pretreatment
and posttreatment depression symptom levels would show
evidence of positive skewness and kurtosis, the distributions of
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depression symptoms scores a both pretreatment and
posttreatment were evaluated for evidence of skewness. In this
step, if the dataset would present with statistically normal
distribution of symptom scoresat both time points, the symptom
change over time would be considered as linear. In contrast, if
symptoms changed as a proportional function from baseline,
positive skewness should be observed, particularly at
posttreatment, where individuals from various baseline
symptoms would shift and concentrate around the symptom
score band of minimal symptoms. Graphical and numerical
explorations of pre-post score distributions were included.

To test the third hypothesis that statistical methods measuring
symptom change as a proportional function would be associated
with reduced measurement error and indicate greater statistical
fit to real symptom datain treatment, the rel ative measurement
accuracy of models that represent either linear or proportional
symptom change were compared. Specifically, this step
compared model fit statistics and the remaining unexplained
(residual) variance associated with each function of change.
Both mixed models and GEE models were run initialy as
models that assume change was linear, represented through
models that specified a normal scale of the dependent variable
and an identify link function. Following this, aternative
statistical models were compared, which specified a gamma
scale and alog link function; representing model sthat assumed
change was proportional. Generally, the gamma scale is
considered a suitable method for data showing signs of skewness
and multiplicative change function [15]; however, the selection
of thegamma scale does ot imply that alternative multiplicative
statistical methods (eg, negative binomial scale, Poisson scale,
or zero inflated models) would be less effective.

Formulas emphasizing the difference in statistical notation
between the multiplicative model (Equations 1.1-1.2) and the
linear model (Equations 1.3-1.5) are presented in Figure 1. With
moreformal statistical notation, the multiplicative effect within
thelog link model is created when the intercept, 3y, or baseline
symptoms, is multiplied by the treatment effect, 3, the estimate
of exponential change following treatment (Equations 1.6-1.8
in Figure 1).

Thesuitability of either model type was eval uated through model
fit statistics, generated using SAS 9.4 software. Specifically,
the quasilikelihood under the independence model criterion
(QIC) statistic [43] for GEE models, and Akaike information
criterion (AIC) and Bayesian information criterion (BIC) for
mixed effects models[44], compared between linear (additive)
and generaized linear (proportional) models. Within al AIC,
BIC, and QIC model fit estimates, relatively lower scoresimply
overall reduced variance, and overall increase measurement
accuracy.
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Figurel. Equations1.1-1.8.
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Multiplicative model  (1.1) Yzj ~ Gamma (u U,a)
(1.2) log (,ug) = B0 + ,B,j- ey
Linear additive model  (1.3) Ylj =po+ ﬁg + €
(1.4) g~N(@O.1
(1.5) i=1,..,1098; j=01
t;= {0 (time = pre-treatment); 1 (time = posttreatment)
Ppis the random intercept at pre-treatment;
and ff;is the treatment effect of change over time
Linear additive model ~ (1.6)  fipgsetine = €°°
(L.7)  Bpostrearment = eP0 x gPtl
(1.8)  fpostreatment = Apasetine * €F%!

In addition to model fit statistics, the measurement error
associated with the assumption that symptom change was either
afixed average score, or a percentage improvement score, was
compared. In this step, measurement error was created for each
participant by comparing the predicted posttreatment score
under each change assumption (eg, PHQ-9 change of 5 points
or 50% from baseline) against a known participant outcome
score at posttreatment. The difference between the expected
symptom outcome and actual treatment outcome effectively
represents measurement error under the two change assumptions,
akin to residual scores and measurement error variance. The
pattern of residual s created under either assumption of symptom
change was explored in two ways. Firgt, the total quantity of
error variance under each function was compared. Second,
measurement residuals were graphically explored under each
function of symptom change by comparing the increase or
decrease of residuals for individuals with different baseline
symptom score.

Results

In the first step (operationalizing the first hypothesis that
individuals with increased symptoms at baseline would also
demonstrate increased rates of symptom change), the
relationship between baseline symptom severity and the quantity
of symptom change was explored graphically. Figure 2,
illustrating PHQ-9 change as a linear function, and Figure 3,
illustrating PHQ-9 change as a proportional change from
baseline, both demonstrate the symptom change on the y-axis
within each of the PHQ-9 baseline symptom bands (x-axis). In
addition, the symptom change observed within the waitlist
conditionisincluded asadotted trend ling, illustrating the trend

http://mental .jmir.org/2018/3/€10200/

of nonspecific change in symptoms within each bands of
symptom severity at baseline.

Figure 2 illustrates an increased rate of symptom change that
was associated closely with increased baseline symptoms. In
Figure 2, individuals with severe baseline symptoms were
observed to reduce by as much as threefold compared to
individuals with mild baseline symptoms (11.4 vs 3.7,
respectively). In addition, participants with severe symptoms
in the control group demonstrated a sizable reduction in
symptoms even when treatment was not applied. This
nonspecific symptom-related change was pronounced to the
extent that individuals with severe baseline symptoms in the
control group demonstrated higher symptom reduction than
individuals with moderate symptoms in treatment (7 points vs
6 points, respectively). That is, asalinear effect, the nonspecific
symptom change within the control condition was larger than
the treatment-related symptom change of individuals with
moderate symptoms.

Figure 3 illustrates the proportional percentage change of
symptomswithin each of themild, moderate, moderately severe,
and severe subgroups. The figure illustrates that as a
proportional change, an average treatment-related change of
50% to 55% was observed across all subgroups of individuals
who started with at least mild symptoms at baseline. Of note,
the rate of proportional improvement in treatment (50%-55%)
was greater than the nonspecific change experienced by
individuals with severe baseline symptoms in the waitlist
conditions (35%). That is, the measurement of change as a
percentage change resulted in a clearer differentiation of
treatment-specific and nonspecific change.
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Figure 2. Measurement of mean treatment-related PHQ-9 symptom change per initial pretreatment symptom severity band; whiskers represent 95%
Cl s. Symptom change observed under control conditions indicated by a solid trend line.
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Figure 3. Measurement of mean treatment-related PHQ-9 symptom change as a proportional pattern of remission (52%); per initial pretreatment
symptom severity; whiskers represent 95% Cls. Symptom change observed under control conditions indicated by a solid trend line.
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Table 2 includes the numerical descriptions of change for both
the treatment and control conditions. Table 2 also includes effect
sizesthat were cal culated within the treatment group asawhole
and the effect size demonstrated by individuals in the mild,
moderate, moderately severe, and severe bands of baseline
symptoms. Individualswith mild depressive symptoms showed
smaller effects (1.59) compared to individual s with more severe
symptoms (3.9).

In a second step, the second hypothesis that distributions of
pretreatment and posttreatment depression symptom levels
would show evidence of positive skewness and kurtosis was
operationalized with an exploration of the distribution of
pretreatment and posttreatment symptom scores. Figure 4
illustrates the distribution of PHQ-9 symptom scores, both
before and following treatment. These histograms illustrate a
dlight positive skewness of scores at pretreatment, with fewer
individuals presenting within the severely symptomatic band
as compared to the mild and moderate bands. In contrast, at
posttreatment, increasing positive skewnesswas observed, where
most individuals who reduced their symptoms became
concentrated within the mild to minimal symptom ranges. The
numerical estimates of the skewness are collated in Table 3.

Taken together, both numerically and graphically, the
distributions of symptom scores demonstrated significant
positive skewness that increased at posttreatment.

Karinet d

In a third step, the third hypothesis that statistical methods
measuring symptom change as a proportional function would
be associated with reduced measurement error and indicate
greater statistical fit to real symptom data in treatment was
operationalized, seeking to explore the model fit of the linear
and the multiplicative statistical models of symptom change.
Table 4 collates the goodness-of-fit statistics from models that
specified either a proportional or linear function of change.

In Table 4, models that specified a proportional function of
symptom change demonstrated a several-fold improvement in
the model fit statistics within both the GEE and mixed models,
including reduced QIC statistics, reduced AIC, and reduced
BIC estimates. Table 4 also collated the measurement error
associated with the prediction that change occurred as a linear
change of six points, or as a percentage improvement (52%
reduction from baseline). A notable reduction in the total
estimate of PHQ-9 error variance was evident when a
proportional function of change was assumed (0°=16.716 vs
0%=24.122). This result demonstrated that by characterizing
change as a proportional function, the measurement error and
remaining unknown individual variation reduced by more than
30%.

Table 2. Ratesof change of nine-item Patient Health Questionnaire (PHQ-9) scores associated with linear and proportional change functions; estimates

per initial baseline symptom subgroups.

PHQ-9 and change functions Initial symptom severity Total
Minimal (n=72) Mild (n=345) Moderate Moderately severe Severe (n=56)  Overall sample
(n=381) (n=244) (treatment) scores
Observed PHQ-9, mean (SD)
Pretreatment 2.83(1.25) 7.32(1.33) 12.07 (1.40)  16.67 (1.41) 20.86 (0.84) 11.41 (4.79)
Posttreatment 2.22 (2.61) 3.71(3.3) 5.81(3.92) 8.07 (5.41) 9.45 (4.99) 5.59 (4.57)
GEE?(95% CI)°
Additive change estimate 0.61 (-0.30to 3.66 (3.30to 6.22(5.82t0 8.66(7.98t09.34) 11.43(10.14t0 6.00(5.71t0
1.18) 4.02) 6.62) 12.73) 6.28)
Percent proportional change 21% (-1t039) 50% (45t054)  52% (4810 52% (48 to 56) 55% (48t0 61) 52 (50 to 54)
estimate 55)
Effect size, Cohen d (95% Cl) 0.32(0.01to 159 (1.43t0 234(219t0 254(2.33t02.74) 3.90(345t0 127 (1.21to
0.63) 1.74) 2.49) 4.36) 1.34)
Control group
Change® (95% Cl)b —2(-27t0-1.24) -0.1(-0.76t0 0.29(-0.68t0 0.48(-1.01to 7.37 (5.14t0 0.68 (-0.37to
0.53) 1.28) 1.15) 9.51) 0.16)
Percent proportional change 61 (-78to—44) -4(-12to5) 1(-6t09) 0(-10to 10) 34 (8to 60) 0% (—1to 1)

estimate, GEE (95% CI)°

8GEE: generalized estimated equation.
PConfidence intervals based on modeled marginal means.
Control group change is nonspecific effect.
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Figure 4. Dispersion of symptom scores (nine-item Patient Health Questionnaire, PHQ-9) at pretreatment (in light bars) and posttreatment scores (in
dark bars). The dotted trend lines are indicative of the shape of each distribution.
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Table 3. Symptom score distributions statistics

Sample and time point Skewness (SE) Baseline symptoms, mean (SD) Effect size, Cohen d (95% Cl)
Treatment sample (n=1098) 1.27 (1.21t0 1.34)
Pretreatment 0.271 (0.071)2 11.73 (4.83)
Posttreatment 1.359 (0.076)? 5.60 (4.58)
Control sample depression (n=96) —0.04 (-0.24t0 0.16)
Pretreatment 0.178 (0.109) 10.91 (4.53)
Posttreatment 0.228 (0.109) 11.00 (5.04)

gtatistical significance beyond .05 alpha on a Shapiro-Wilk test for distribution normality; significance is indicative that normal distribution is not
supported within the observed sample.

Table4. Model fit statistics and dispersion of model residuals for the treatment sample (n=1098). Model fit criterion was derived from SAS software,

version 9.3.
Method of change specified QIC?P (GEE® model) AICH? (Mixed) BIC®P (Mixed) Total variance (PHQ-9 ¢?)
Linear (normal scale) 52457.6 14059.8 14071.3 16.716
Proportional (gamma scale) 2020.5 4041.8 4053.3 24.122

3QIC: quasilikelihood under the independence model criterion.

PConfidence intervals based on the multi plicative longitudinal GEE model specified in the analytical plan.
CGEE: generdized estimated equation.

dAIC: Akaike information criterion.

®BIC: Bayesian information criterion.
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Figure5. PHQ-9 estimation error (residual) following fixed (linear) and relative (proportional) change assumption.
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The measurement error associated with either assumption that
change was linear (6 points) or proportional (52%) were
graphically explored. Figure 5 illustrates the residual error
(y-axis) acrossindividuals who started treatment with different
baseline symptoms (x-axis). Inthefigure, individualswith mild
and severe baseline symptoms can be observed to substantially
underestimate or overestimate the rate of symptom change when
linear change (6 points) was predicted. In contrast, when change
was predicted to be proportional (52%), baseline symptoms no
longer associated with the rate measurement error. Further,
under the proportional assumption, the predicted symptom
outcome could be accurately predicted within a single point
across individuals with different baselines (marked with dots
horizontal lines). In contrast, under the linear assumption, the
prediction of symptom outcome become systematically
erroneous with baseline severity (a range of up to 16 points
between mild and severe).

Discussion

This study aimed to investigate the statistical characteristic of
symptom change in treatment and compare different ways to
measure and interpret symptom change. Using a Web-based
psychotherapy sample (n=1098), as well as a waitlist control
condition (n=96), the statistical characterization of depressive
symptom change (PHQ-9) was explored in three steps,
corresponding to three proposed hypotheses.
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Testing of the first hypothesis demonstrated support for the
characterization of symptom change as a proportional function
through a clear association between symptom severity at
baseline and the rate of change. In contrast, as a proportional
estimate of change, individuals in treatment demonstrated a
consistent rate of proportional symptom change within all
subgroups with mild, moderate, moderately severe, and severe
baseline symptom (50%-55%). Critically, the dependency
between symptom change and baseline symptom severity was
also observed in the waitlist condition, with mild and severe
participants changing proportionally in their symptoms even
when treatment was not applied. Testing of the second and third
hypotheses also illustrated support for the characterization of
symptom change as proportional function, with symptom score
distributions presenting with positive skewness, particularly
following treatment (H2). Similarly, increased modd fit, and
reduced measurement error was observed when the treatment
sample was stti stically model ed with an underlying proportional
function of change (H3).

Theanayseswithin this study are novel in that they characterize
the function of depressive symptom change and compare
different statistical methods for measuring and interpreting
symptom change within treatment as well as nontreatment
conditions. The findings suggest that common psychotherapy
symptom scales (eg, PHQ-9) areimpacted by afeature of natural
bounding at minimal symptoms, which isthe suspected cul prit
for the resulting (1) nonnormal distributions at posttreatment,
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(2) the dependency between baseline symptoms and rate of
change, and (3) the improved model fit for techniques that
assume longitudinal change is proportional to baseline.

Thesefindingsraisetwo potentially critical implicationsfor the
ability to measure and interpret psychotherapy change in
combination with symptom scales. First, the inappropriate use
of linear statistics, such as Cohen d, when changeis proportional
would lead to artificially higher estimates of clinical efficacy,
both in treatment and in control conditions. For example, inthis
study, individual swith severe baseline symptoms demonstrated
effect sizes that increased by nearly threefold (3.9) when
compared to individuals with mild symptoms (1.6), even when
the same treatment was applied. This is problematic because
linear estimates of change such as Cohen d are strongly
associated with baseline severity and not with quality or the
effectiveness of treatment. This finding is broadly consistent
with the data within previous psychotherapy studies showing
increased effect sizeswith samples of increased symptoms, even
when similar treatments are applied [20,29,32].

Second, these findings support awell-established statistical idea
posing that the selection of astatistical analysis must match the
characteristics of the dataset in order to arrive at valid and
accurate statistical measurement, interpretation, and conclusions
[4,45]. In this context of depressive symptom scales, the use of
proportional statistical analyses resulted in (1) improved
statistical modeling of treatment effects, (2) animproved ability
to determine what a treatment effect is (50%-55%) and what a
nontreatment effect is (35%), as well as for (3) establishing a
clinical effect that is robust across individuals with various
baseline symptoms (50%-55%). The measurement and
interpretation of change as proportional improvement from
baseline can also be concretely and easily interpreted as an
estimate of change (eg, percentage improvement). Further, in
the context of treatment, percentage improvement and
percentage change estimates seem to reflect the ideal of
treatment (reducing symptoms to minimal) [1,9]. For these
reasons, measuring and interpreting change as afundamentally
proportional function can hold critical implications for clinical
research that is reliant on accurate and interpretable
measurement. For example, researchers seeking to identify
clinica moderators, compare between treatments, estimate
cost-effectiveness, or classify individual effectsarelikely to be
positively impacted with a suitable choice of analytics that
capture the underlying statistical function of change [36,37].

Although the measurement and interpretation of symptom
change as a proportional change show promise to increase the
accuracy and interpretability of clinica change, several
statistical and clinical limitations should be considered about
the results of this study. Primarily, the results of this study
should be considered as (1) preliminary, (2) specific to a
symptom scale of depressive symptoms (PHQ-9), and (3)
specific to one kind of treatment model (the Macquarie
University online model). Specifically, albeit the strengths of
this study as an exploration of change within a large and
standardized sample, it is unclear to what extent the 50% to
55% symptom change is specific to this treatment model and
to the PHQ-9 scale.
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To address these limitations, statistical replication is needed
across different symptom scales and treatment models.
Specifically, the characterization of symptom change must be
observed within other psychotherapy treatment models before
more generalizable comments can be made about symptom
change and measurement. Future similar studies seeking to
characterize and compare symptom change and measurement
models could determine to what extent the proportional change
pattern generalizes asameasurement principle, across different
treatment models and across different symptom scales. In
addition, future studies seeking to research this pattern of change
could also attempt to compile ameta-analytical characterization
of proportional and linear change across different scales and
treatment models.

Further, it is important to consider that measurement and
interpretation of symptom change as a proportional function is
at odds with the widely accepted use of linear statistics in
psychotherapy. From one point of view, linear statistics, such
as Cohen d, are successful as an established measurement
standard that can be used to compare change estimates between
trialsand across clinical instruments[2]. Thisuse of effect sizes
has resulted in both enormous amounts of aggregated evidence
about the effects of psychotherapy [22] and, for this reason, it
is understandable clinical researchers would continue to use
this standard for measuring and interpreting symptom change.
However, should symptom change occur as a proportional
function, the measurement and interpretation of treatment-related
change would substantially improve by matching appropriate
statistical analysis to the characteristics of the function of
symptom change[15,45,46]. A possible solution to thisdilemma
would beto report both the effect size and percentage estimates
of change side by side. In this way, the change that occursin
treatment can be more accurately reported, evaluated, and
compared between trials.

Finally, this study does not weigh whether the change rate of
50% to 55% could be evaluated as the same treatment-related
effect acrossindividual swith severe or mild baseline symptoms.
For example, asymptom reduction demonstrated by individuals
with severe baseline symptoms could be interpreted as a more
substantive clinical effect than an equivalent symptom reduction
achieved with individuals with mild or moderate symptoms
[47]. To address these limitations, additional research into the
experience of individual sin treatment could determine whether
individuals with different baseline symptoms consider the
proportional remission pattern an equally satisfactory treatment
outcome. For example, Zimmerman and colleagues[48] consider
the measurement of patient functionality, positive mental health,
and optimism alongside the reduction in depressive symptoms.
These additional measures could verify and elaborate on the
experience of individuals in treatment and nontreatment
conditions, within various symptom bands, shedding morelight
on the universality or segmentation of the 50% to 55%
improvement effect.

In summary, this study aimed to explore the underlying pattern
of symptom change and compare different methods for
measuring and interpreting depressive symptom change that
follows treatment (Web-based psychotherapy). This study has
combined evidence of increased rate of change with increased
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baseline symptoms (hypothesis 1), score distributions that
become increasingly skewed following treatment (hypothesis
2), and increased measurement accuracy achieved by statistical
methods that assume change is proportional (hypothesis 3) to
suggest that the fundamental function of symptom change is
proportional. The promise of matching these characteristics of
proportional symptom change to a suitable statistical analysis
is important for all (1) statistical modeling and the prediction

Karinet d

of treatment effects, (2) an improved ability to differentiate
treatment and nonspecific symptom change, as well as for (3)
determining an estimate of treatment-related change that will
not sway with increased baseline symptoms. Replication of
these preliminary findings are essential within additional
depressive symptom scales, other types of psychological
conditions, and across different treatment modalities.
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Abstract

Background: Recent years have seen an increase in the use of internet-based cognitive behavioral therapy in the area of mental
health. Although lower effectiveness and higher dropout rates of unguided than those of guided internet-based cognitive behavioral
therapy remain critical issues, not incurring ongoing human clinical resources makes it highly advantageous.

Objective: Current research in psychotherapy, which acknowledges the importance of therapeutic aliance, aims to evaluate
the feasibility and acceptability, in terms of mental health, of an application that is embodied with a conversational agent. This
application was enabled for use as an internet-based cognitive behavioral therapy preventative mental health measure.

Methods: Analysis of the data from the 191 participants of the experimental group with amean age of 38.07 (SD 10.75) years
and the 263 participants of the control group with a mean age of 38.05 (SD 13.45) years using a 2-way factorial analysis of
variance (group x time) was performed.

Results: There was a significant main effect (P=.02) and interaction for time on the variable of positive mental health (P=.02),
and for the treatment group, a significant simple main effect was also found (P=.002). In addition, there was a significant main
effect (P=.02) and interaction for time on the variabl e of negative mental health (P=.005), and for the treatment group, asignificant
simple main effect was also found (P=.001).

Conclusions: This research can be seen to represent a certain level of evidence for the mental health application developed
herein, indicating empirically that internet-based cognitive behavioral therapy with the embodied conversational agent can be
used in mental health care. Inthepilot trial, given theissuesrelated to feasibility and acceptability, it isnecessary to pursue higher
quality evidence while continuing to further improve the application, based on the findings of the current research.

(JMIR Ment Health 2018;5(3):€10454) doi:10.2196/10454
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embodied conversational agent; cognitive behavioral therapy; psychological distress, mental well - being; artificia intelligence
technology
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Introduction

Current State of Mental Health Care Utilizing
Information and Communication Technologies, and
its Significance

Inthecurrent era, the use of biological, psychol ogical, and social
models [1] to understand and support mental health issues is
common, and of these, cognitive behavioral therapy (CBT) is
one of the magor means of providing psychological
understanding and support. Owing to its confirmed efficacy
across a range of mental headth care-related fields, from
changing daily habits to specidist interventions for mental
illness, CBT has become a psychological approach used
worldwide and has been delivered in various forms to date,
including face-to-face, group therapy, and books (refer to
Westbrook, Kennerley, and Kirk [2]). Meanwhile, there has
long been a problem with patients not visiting aclinician or not
discussing their concerns, even when there is a mental health
issue, and research into the service gap, that is, the difference
between the need for and uptake of mental health services, has
been ongoing [3]. Underlying thisisthe dual problem of support
providers and practitioners being unable to reach those in need
of services, aswell asthat of service usersbeing unableto access
services. The former involves issues of privacy and cost
concerning service provision, while the latter deals with the
stigma surrounding psychiatry and mental illness, as well as
preferences regarding methods of accessing support.

In recent years, internet-based CBT (ICBT) and computerized
CBT haveincreasingly been used as ameansto fill the service
gap and resolve various problems related to mental health, such
as bipolar disorder [4,5], anxiety disorder [6], depression [7],
treatment adherence [8], and common mental health problems
[9]. According to reviews published by Andersson [10,11],
therapist-guided ICBT is standard, and whileits efficacy in the
three characteristic areas of depression, anxiety, and physical
symptoms has been shown to be amost equivalent to that of
face-to-face CBT, the issues of lower efficacy and higher
dropout rates of unguided ICBT than those of guided ICBT
have been raised. In 2016, in a systematic review of
depression-related self-help smartphone apps by Huguet et al
[12], it became apparent that there are no suitable,
evidenced-based CBT and behavioral activation (BA) apps, that
is, no unguided ICBT apps are available, despite the large
societal demand for and number of apps available.

Potential of Mental Health Care With an Embodied
Conver sational Agent

However, given that service provision cost was one of thefactors
motivating the original use of ICBT, unguided ICBT is avery
attractive option because ongoing human clinical resources are
unnecessary. When considered in terms of underlying clinical
issues, the therapeutic alliance issue could conceivably underlie
the problem of ICBT’slow efficacy and high dropout rate. The
therapeutic alliance has been considered an integral element in
not just face-to-face CBT, but in all forms of psychotherapy, in
terms of itsrole asacommon factor in the efficacy of treatment
[13]. The therapeutic alliance, as formed in unguided ICBT, is
noted to be lacking in terms of elements of “devel opment” and
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“maintenance” [14]. As such, artificial intelligence (Al)
technology, especially embodied conversational agent (ECA),
is conceivable as an effective means of using technology to
overcome the paucity of therapeutic aliance-developing
elements in unguided ICBT. In fact, its efficacy in reducing
symptoms of depression has been reported by Fitzpatrick et al
[15] in their research, utilizing a completely automated
text-based response agent based on CBT principles. By offering
pseudo-dialog experiences of freestyle dialog with the agent,
thetherapist-role agent in particular allowsfor the devel opment
of the therapeutic alliance even in unguided ICBT, and thus
could contribute to increased efficacy and reduced dropout rates.

ECAsare electronic agents that have some type of embodiment
and communicate messages to users[16]. ECAs are associated
with the popular term “chatbot.” Usage of agent-based
technology for mental health care is ill in its infancy.
According to ascoping review for ECA applicationsin clinical
psychology, more than half of their studies were focused on
autism-related trestments and most applicationswere still under
development and pilot phases [17]. Furthermore, there were
other applications related to detecting and preventing suicidal
behavior [18], changing of stigmatizing attitudes [19], and
mental health interview [20]. Moreover, for psychological
interventions, certain famous mental health chatbots existed
such as “Woebot” [21] and “Tess’ [22]. Historically, virtual
affective agents were utilized in serious games for health care
[23]. However, most of these are limited to narrow contexts and
do not enable complex natural-language interactions[23]. Thus,
currently, there is insufficient information regarding the
combined use of an ECA that is capable of text-based
interactions with traditional ICBT and its efficacy.

Against this background, the current research involved an
evaluation of thefeasibility and acceptability, in terms of mental
health, of an app with an ECA that is capable of text-based
freestyle dialog enabled for use in ICBT preventative mental
health. In doing so, the investigation was conducted using a
nonrandomized comparison study, in light of research reporting
the general ineffectiveness and high dropout rate of unguided
ICBT [10,11], as well asthe current general lack of awareness
regarding agent usein ICBT. While nonrandomized prospective
studies (NPSs), such as a nonrandomized comparison study,
areinferior to randomized comparison studiesin termsof quality
of evidence, they offer benefits such as significant low risk of
discontinuation [24] and also allow the most economic use of
resources. Moreover, in accordance with the aims of
preventative mental health measures, positive and negative
mental health effectsindiceswere used as general mental health
indicators.

Methods

Unguided I nternet-Based Cognitive Behavioral
Therapy Method

We use the “SABORI” as an ICBT application, which is a
self-care application devel oped by the Laboratory of third author
(The University of Tokyo), based on CBT and BA principles,
for the purpose of preventing mental health issues. It is a
Web-based unguided ICBT application available for use on a
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smartphone, tablet, or computer browsers for company
employees, university students, and housewives. SABORI users
engagein self-monitoring by answering questions about changes
in their daily mood and physica condition, subsequently
receiving feedback and behavioral suggestionsrelevant to their
responses. All user interactions in answering questions were
only for the user to choose options; text-based interaction was
not available. Improving one’'s own mental health state thus
becomesintentional, through the promotion of self-monitoring
and behavioral activation [25]. In this work, we improved and
upgraded the interactive contents on the SABORI application
to achieve better adherence. The two major reasons are as
follows. First, the structure of SABORI was suited to adding a
conversation-style dialog capability, because of the format of
a user answering questions of the agent in the application.
Second, since results from the preliminary study without a
control group suggested improvement in mood dueto behavioral
activation for the depression group from one month of use[25],
it was considered that addition of a freestyle dialog capability
would be unlikely to adversely affect users. In this study, we
upgraded SABORI by adding an agent-based freestyle dialog
capability to the behavior suggestion section of SABORI and
investigated its psychological effects. Multimedia Appendices
1 and 2 show screenshots of examples of freestyledialog during
monitoring and behavioral suggestions.

Development of the Conver sation-Style Dialog
Capability on the I nternet-Based Cognitive Behavioral
Therapy Application

First, the authors sought and gained ethics approval from our
University Ethics Review Committee for the entire research
plan, including this study. The mgjority of the development and
implementation was conducted by two university lecturers
specializingin clinical psychology, oneinformation engineering
specialist, and two specialistsfrom adial og system devel opment
company. The dialog system used in this research is an Al
technology system, which includes multi-agent system as an
Al engine, constructed from numerous agents with individual
dictionaries or rules defined for each domain. The basic structure
of conversation is that first the agent asks the user a behavior
suggestion-related question and then responds to the user’'s
input, and following this sequence, it transitions naturally to
SABORI's existing behavior suggestion (Multimedia
Appendices 1 and 2). The ontology for the system to classify
user input and the creation of the behavior-related questions
were constructed from September to December 2016. Basic
knowledge for conversation was also collected from internet
(eg, Wikipedia).

Human-in-the-L oop I mprovement of the Freestyle
Dialog Feature

In March 2017, a preliminary study was conducted to test and
improve the freestyle dialog capability. The freestyle dialog
capability was revised to form natural conversation patterns by
having 10 clinical psychology students use it for one-month,
allowing it to learn vocabulary and phrases not initially predicted
and by altering the system's behavior suggestion method. In
addition, during this period, 1162 cases of user input were
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gathered, and the system’s response success rate was 66.52%
at this stage. Moreover, the response success rate was
determined as the total number of input cases excluding those
that it was unable to respond to.

Furthermore, in the preliminary study, when the behaviora
suggestion was provided using the user’s unadulterated input,
the uniqueness of the pattern was conspicuous to continuing
users, and while the system was aware of this, from the user’s
perspective, it appeared that no change had occurred, thus
creating the impression in many users that the system was
unaware. Therefore, in consideration of the differences between
the system’s awareness rates and the user’s perceived system
awareness rates, official names were used where possible, and
responses were changed to emphasize awareness of natural
conversation.

Procedure and Participants

In June 2017, the services of an internet research company were
engaged, for the recruitment of predicted ICBT application
users, while being mindful to find almost equal numbers of
company employees, university students, and housewives. The
selection processisoutlined in Figure 1.

A total of 10,963 individuals were sent recruitment notices
explaining, “SABORI is a self-monitoring service based on
CBT, whichisrecognized for its high efficacy in mental health
care” along with materials outlining the application and were
asked to choose between “1 would like to use it” and “| would
not like to use it” Of these, 2668 individuals remained after
removing the 8295 individuals who did not wish to use the
application. Following this, explanatory sessions were offered
over two days to explain the rules of use during the current
month-long research study, namely the condition of using the
application more than once every two days, totaling over 15
days of use. After removing 2109 individuals who were unable
to participate, the remaining 559 individuals formed the
experimental sample for the current research. After the
one-month usage period, of the 427 responses from the poststudy
guestionnaire, it was revealed that 191 participants in the
experimental group complied with the rule stipulating more
than 15 days of use (46 male office workers, 34 female office
workers, 13 male university students, 13 female university
students, and 85 housewives, mean age 38.04 [SD 10.75] years).
A total of 236 individuals used the application for less than 15
days. In addition, the 2109 individuals who were unable to
participate in the one-month usage period were designated as
the control group, and responses were closed when amost
equivalent numbers of poststudy questionnaire responses were
received, forming a control group of 263 individuals (51 male
office workers, 53 female office workers, 26 male university
students, 40 female university students, and 93 housewives;
mean age 38.05 [SD 13.45] years). Moreover, members of the
treatment group were paid the equivalent of US $4 worth of
pointsfrom theinternet research company for their participation.
As a result, in response to the 6067 cases of user input
accumulated during the study, the system’s response success
rate significantly improved to 92.93%.
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Figure 1. Flow chart of participant selection.
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M easures

The following measures were used to determine the mental
health of the participants. Furthermore, atotal of 48 scaleitems
unrelated to the aims of the study, including items not mentioned
here, were removed.

World Health Organization-Five Well-Being | ndex
(WHO-5-J)

For this study, we utilized the Japanese version of the World
Health Organization-Five Well-Being Index (WHO-5-J), which
was developed by the World Health Organization; released by
Psychiatric Research Unit, Psychiatric Center North Zealand
[26]; and trandlated by Awataet al [27]. Accordingto WHO-5's
systematic reviews, it can be used as an outcome measure that
balanced the wanted and unwanted effects of treatments;
moreover, theindex has been successfully applied acrossawide
range of study fields[28]. It isaone-factor scale which measures
positive mental health, which isrelated to physical aspects that
uses a 5-item, 6-point Likert scale. The reliability and validity
of the Japanese version was confirmed by Awata et a [27]. It
was employed as an evaluative index that utilized total scores,
referring to participants mental health over the past two weeks.

Kessler 10 (K10), Japanese Version

To measure the negative mental health, Kessler et a [29] created
a one-factor scale related to physical aspects that used ratings

http://mental .jmir.org/2018/3/€10454/

of 10 items on a 5-point Likert scae. K10 has often been
employed as an appropriate scale for measuring psychological
distress in the Japanese population [30,31]. The reliability and
validity of the Japanese version was confirmed by Furukawa et
al [32]. It was employed as an effect index that utilized total
scores of the past two weeks.

Behavioral Activation for Depression Scale (BADS),
Japanese Version

A scale developed by Kanter et a [33] was used, which
measured  four factors:  “Activation” (BADS-AC),
“Avoidance/Rumination” (BADS-AR), “Work/School
Impairment” (BADS-WS), and “ Social Impairment” (BADS-SI)
for over 25 items that were rated on a 7-point Likert scale. The
scaleisdesigned to evaluate functional impairment, avoidance,
and activation in behavioral activation. BADS had a high
validity in both anondepressed sample[33] and in samplesthat
had elevated depressive symptoms[34]. The Japaneseversion’s
reliability and validity was confirmed by Takagaki et a [35].
This version was employed as an effect index of activation
(BADS-AC) for over 7 items, as well as avoidance/rumination
(BADS-AR) over 8 items, for which total scores were utilized
for each subscale that referred to the past two weeks. To support
behavioral activation based on daily mood and physical
condition, we improved the SABORI application and
hypothesized that conversation-style free dialog promoted
behavioral activation and reduced avoidance.
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Results

Effect Index Descriptive Statistics

Table 1 details descriptive statistics for both groups’ pre- and
posttreatment scores.

Results of a Two-Factor Analysis of Variance (Group
x Time)

A two-factor mixed model analysis of variance (ANOVA) was
conducted to investigate differencesfor each effect index, group
(treatment and control), and time (pre- and posttreatment)
according to each scale (Table 2 and Figures 2-5). Moreover,
error bars indicate a 95% confidence interval for the mean.

The two-way ANOVA (group and time independent variables)
results indicated that SABORI had an effect on two variables:
positive and negative mental health. The WHO-5 results
indicated a significant main effect and interaction for time,

Suganumacet al

F145=5.79, P=.02; F,45,=5.47, P=.02, respectively. After
investigating the simple main effect of time for each level of
the groups, a significant ssmple main effect was found for the
treatment group, F; 45,=9.71, P=.002). On the K10, there was
asignificant main and interaction effects for time, Fy 45,=5.43,
P=.02, F;4,=8.11, P=.005, respectively. Again, after
investigating the simple main effect of time for each level of
the groups, a significant ssmple main effect was found for the
treatment group, F; 45,=11.57, P=.001. Importantly, the two-way
ANOVA (independent variables: group x time) found a
significant trend for behavioral activation, suggesting the
potential for a certain degree of effectiveness. The BADS-AC
results indicated that there was a significant main effect for
time, Fy45,=2.75, P=.098. Investigation of the simple main
effect of timefor group each level indicated asignificant smple
main effect trend in the treatment group, F; 45,=3.53, P=.06.
Neither a significant main nor interaction effects were found
on the BADS-AR.

Table 1. Mean (SD) and Cronbach apha of outcome measures. BADS-AC: Behavioral Activation for Depression Scale—Activation. BADS-AR:
Behavioral Activation for Depression Scale—Avoidance/Rumination. K10: Kessler 10. WHO-5-J. WHO-Five Well-Being Index.

Measures Control Intervention
Mean (SD) Cronbach alpha Mean (SD) Cronbach alpha

WHO-5-J

Pretest 15.64 (5.53) 91 15.03 (5.26) .92

Posttest 15.65 (5.35) 91 16.12 (4.71) .89
K10

Pretest 23.76 (9.97) 95 23.58 (9.56) 94

Posttest 23.97 (9.89) .95 21.56 (8.26) .93
BADS-AC

Pretest 15.67 (8.27) .89 16.09 (8.36) 88

Posttest 15.84 (8.66) 84 17.19 (7.90) 84
BADS-AR

Pretest 17.71 (8.75) 91 18.51 (8.79) .89

Posttest 18.35(9.36) .88 17.84 (8.03) .82

Table 2. Effect of interaction between time and group on outcome variables. BADS-AC: Behavioral Activation for Depression Scale—Activation.
BADS-AR: Behavioral Activation for Depression Scale—Avoidance/Rumination. K10: Kessler 10. WHO-5-J: WHO-Five Well-Being Index.

Measure Main effect Interaction effect Simple main effect (partia nz)
Time Group Time x group Control Intervention
WHO-5-J 5.79 0.02 5.47 0.00 9.71(.02)
K10 543 2.52 811 0.16 11.57 (.03)
BADS-AC 275 1.45 1.66 0.12 3.53(.01)
BADS-AR 0.00 0.40 2.39 135 1.08

AWHO-5-J WHO-Five Well-Being I ndex.
PK 10: Kessler 10.
°BADS-AC: Behaviora Activation for Depression Scale—Activation.

9BADS-AR: Behavioral Activation for Depression Scale—Avoidance/Rumination.
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Figure 2. Change in the World Health Organization-Five Well-Being Index.
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Figure 4. Changeinthe Behavioral Activation for Depression Scale—Activation.
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Figure5. Changeinthe Behavioral Activation for Depression Scale—Avoidance/Rumination.
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Discussion

Positive and Negative Effectson Mental Health

Accordingly, this can be seen as evidence suggesting the
preliminary efficacy of the agent-based conversation-style
mental health self-care application, SABORI, across a wide
range of areas, dueto the indicated effects on both positive and
negative mental health. Furthermore, research into the
preliminary efficacy of the version of SABORI without the
conversation-style dialog feature [25] found that it improved
negative mental health for depression only, whereas the current
research indicated that the new version of SABORI application
with an ECA is effective beyond just depression, acting across
a wide range of areas, including preventive mental health
measures. The addition of the agent-based dialog feature
potentially affected the strengthening of the therapeutic alliance
between the system and the user. But there is aneed for further
detailed research into the factors underlying the effect, as well
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as the component factors of the therapeutic alliance when
utilizing agent. Agent, especially the ECA, isatechnology that
has the potential to vastly change traditiona mental health
support measures, through its use as an aternative to
face-to-face interviews. The study’s results are of major
significance to future devel opment because they suggest it may
be possible to add an ECA to unguided ICBT, which was
traditionally criticized on grounds of low effectiveness and a
paucity of evidence. Nevertheless, in light of the till inadequate
efficacy level, we must continue to seek ways to increase
efficacy by linking to educational psychology content and
delivering optimal individualization of the dial og-based behavior
suggestion feature, along with further improvement of
knowledge-base of ECA with the data collected in this study.
Furthermore, the ECA in the SABORI focused on texts and
pictures, which can also have audio and visual features. For
example, connecting SABORI with a smart speaker could
improve usability and enhance outcomes.
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Efficacy Regarding Behavioral Activation, Avoidance,
and Rumination

One possible reason for the weakness of the behavioral
activation effect was the one-month usage time frame of the
current research. Although the new version of SABORI offers
behavioral suggestions through the dialog feature based on
current circumstances, these function as acatalyst at most, and
the intent is that, with continued usage, the user will become
able to undertake behaviora activation. However, it is
conceivable that the one-month time frame is too short for
voluntary behaviora activation to occur, so the effect never
extends further than carrying out the behavioral suggestions.
Future research will need to investigate how behaviora
activation changes over a longer period of time, based on
monthly use.

In addition, no effect wasfound for behaviora activation related
factors of avoidance and rumination. There are two possible
reasons for this. First, similar to behavioral activation, the
one-month time frame may have been too short to dicit a
behavioral change, revealing the necessity for a further
longer-term study. Second, it is conceivable that the use of
healthy participants may have contributed to this outcome. Since
the newly developed SABORI is intended for use as a mental
health preventative measure, it has no particular audience
limitations. Therefore, it is possible that any effect could not
be adequately measured in a healthy cohort, given that
behavioral activation treatment is primarily intended as a
treatment for depression, and the BADS used in the current
research as an effect index also contains many itemsrelating to
depression. Consequently, it is hoped that the efficacy of the
ICBT application with an ECA will be even more
comprehensively examined by conducting research utilizing
effect indices that are more suitable in terms of mental health
preventative measures intended for a healthy cohort.

Limitations

This study was a pilot trial for assessing feasibility and
acceptability, and the results suggested that this version of
SABORI is promising for preventive mental health; however,

Acknowledgments

Suganumacet al

there are certain limitations. Firgt, it isimpossible to conclude
that the ECA enhances therapeutic aliance; thus, further
research isrequired to evaluate the therapeutic alliance between
usersand agentsinthe SABORI. The second limitationisrelated
to the research design. This study does not show the exact
influence on the result related to SABORI’s efficacy. We
compared only the control group and the experimental group
inwhich userswereinstructed to usethe SABORI. Becausethe
SABORI consisted of ICBT and ECA, only the experimental
group was required to clarify the ECA’s efficacy. Furthermore,
because the current study involved only a nonrandomized
comparison, it is undeniably inferior in terms of the evidence
quality compared to evidence from randomized comparison
research. Consequently, using the results of this study, it was
necessary to pursue a higher level of evidence by conducting a
randomized comparison study and adding different participant
groups. Third, the study did not deal with aclinical population;
therefore, it isimpossible to conclude that the SABORI isuseful
for such populations. Thus, further research focused on aclinical

population is necessary.
Conclusions

The current research provides evidence regarding feasibility
and acceptability in mental health care delivered by the
SABORI, a sdf-care application utilizing Al technology,
especially agent technology. To date, unguided ICBT hasfailed
to garner attention, being considered ineffective with high
dropout rates [10,11]. However, current research has revealed
that it ispossibleto use ECA to compensate for clinical failures
of ICBT such as the impoverished therapeutic aliance. If the
technological development of conversational agent continues
to progress, it could be possible to form atherapeutic alliance
with agent to rival that found in face-to-face therapy. The
utilization of agent technology is anticipated to vastly change
the traditional, mainstream delivery of mental health services
and could be an innovation that holds the secret to filling the
service gap [3]. Moreover, it is expected to contribute greatly
to clinical practice and be increasingly utilized in the area of
mental health care.
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Abstract

Background: Research in psychology has shown that the way a person walks reflects that person’s current mood (or emotional
state). Recent studies have used mobile phones to detect emotional states from movement data.

Objective: The objective of our study was to investigate the use of movement sensor data from a smart watch to infer an
individual’'s emotional state. We present our findings of a user study with 50 participants.

Methods: The experimental design is a mixed-design study: within-subjects (emotions: happy, sad, and neutral) and
between-subjects (stimulustype: audiovisual “movieclips’ and audio “music clips’). Each participant experienced both emotions
in asingle stimulus type. All participants walked 250 m while wearing a smart watch on one wrist and a heart rate monitor strap
on the chest. They also had to answer a short questionnaire (20 items; Positive Affect and Negative Affect Schedule, PANAS)
before and after experiencing each emotion. The data obtained from the heart rate monitor served as supplementary information
to our data. We performed time series analysis on data from the smart watch and at test on questionnaire items to measure the
change in emotional state. Heart rate data was analyzed using one-way analysis of variance. We extracted features from the time
series using diding windows and used featuresto train and validate classifiers that determined an individual’s emotion.

Results: Overall, 50 young adults participated in our study; of them, 49 were included for the affective PANAS questionnaire
and 44 for the feature extraction and building of personal models. Participants reported feeling less negative affect after watching
sad videos or after listening to sad music, P<.006. For the task of emotion recognition using classifiers, our results showed that
personal model s outperformed personal baselines and achieved median accuracies higher than 78% for all conditions of the design
study for binary classification of happiness versus sadness.

Conclusions:  Our findings show that we are able to detect changes in the emotional state as well as in behavioral responses
with data obtained from the smartwatch. Together with high accuracies achieved acrossall usersfor classification of happy versus
sad emotional states, thisisfurther evidence for the hypothesis that movement sensor data can be used for emotion recognition.

(JMIR Ment Health 2018;5(3):€10153) doi:10.2196/10153
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emotion recognition; accelerometer; supervised learning; psychology
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Introduction

Our emotional state is often expressed in a variety of means,
such asface, voice, body posture, and walking gait [1,2]. Many
studies are conducted in strict laboratory settings, which may
impede the overall ecological validity of the findings. Having
a strong ecological validity is important because emotional
expression or display in any modality is not entirely dependent
on conscious action or function. Instead, emotional expressions
are essentially a response to a particular affective stimulus or
experience, and this response might be reduced in alaboratory
asaresult of social desirability.

Speech, video, and physiological data have been analyzed to
determine the emotional state of a person [3,4], but these
analyses usualy rely on recordings obtained in laboratory
environments with limited ecological validity. To formulate
theoretical models of emotions and affective health that take
into account the richness of everyday life, we need to measure
affective states unobtrusively. Mobile phones include sensors,
such as accelerometers, that have the potential to be sensitive
to changes in people’s affective states and thus could provide
rich and accessibleinformation in this respect; for example, we
know that the way we walk reflects whether we feel happy or
sad [2]. This paper analyzes movement sensor data recorded
viaasmart watch in relation to changes in emotions.

Prior work on emotion detection from mobile phone data
includes analysis of typing behavior on a mobile phone [5,6]
and mobile phone usage [7,8]. The EmotionSense system
performed emotion detection directly on mobile phones via
analysis of speech with additional sensors collecting information
about the user and the environment [9]. However, there are
someindicationsthat movement sensor data collected by mobile
phones could be a viable solution for inferring emotion, as
opposed to inferring movement or physical activities. Cui et al
attempted to record participants movementswith mobile phones

http://mental .jmir.org/2018/3/€10153/
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strapped to their ankles and wrists, thus impairing ecological
validity [10]. Happiness and anger were elicited with video
stimuli, and emotional state classifiers were trained with
accelerometer data[10]. Zhang et al also focused on happiness
and anger, but they recorded movement datawith smart bracel ets
[11]. Accuraciesin detecting these emotions ranged from 60%
t091.3% across al subjectsusing 10-fold cross-validation [11].

These cases have motivated further research on tracking and
analysis of sensor datafrom mobile phones and wearableswith
the goal of monitoring and intervening for patients suffering
from mental illnesses or substance abuse [12,13]. Further
validation is needed for the hypothesis that movement sensor
data can be used to recognize emotional states. Movement data
areof particular interest because accel erometers and gyroscopes
are standard sensors in mobile phones, wearables, and fitness
trackers. Movement data collection is unobtrusive, and it
requires no user input [14], which gives us reliable datain the
real world without the possibility of having social desirability
responses.

Toward the end, we make the following contributions. First,
we conducted a mixed-design study, as seen in Figure 1, with
50 participants to test two types of stimuli, audiovisual and
audio, for eliciting emotional responses from participants.
Participants wore a smart watch on the wrist and a heart rate
strap on the chest. The heart rate strap was included to
supplement data collected from Positive Affect and Negative
Affect Schedule (PANAS) scores[15]. After or while watching
emotional stimuli, participants walked, and the process was
repeated threetimes, for each of the following emotions: happy,
neutral, and sad. We extracted features from sensor data and
built classifiers (personal models) that recognized the emotional
state of the user. Our results show that personal models
outperformed persona baselinesand achieved median accuracies
higher than 78% for all conditions of the design study for binary
classification of happiness versus sadness. This paper is an
extended version of preliminary findings published [16].
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Figure 1. Mixed-design study with three conditions. The three conditions were used to determine the stimulus that would better induce the target
emotional states on participants. PANAS: Positive Affect and Negative Affect Schedule.
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Methods

Participants

In total, 50 young adults participated in this study (43 females;
mean age 23.18 [SD 4.87] years). All participantswererecruited
in a university campus (North-West UK) via announcements
on notice boards and by word of mouth. Each participant was
given £7 for participation. None of the participants reported any
vision or hearing difficulties and could walk unassisted.

Ethics Approval

We abtained ethical approval from Sunway University Ethics
Board (SUREC 2016/05) and had it validated by Lancaster
University to conduct both validation and the actual main study
experiment.

Materials

The study included the following two types of stimuli: a)
audiovisua and b) audio.

Audiovisual

Audiovisual clipswere selected from commercial movieswith
the potential of being perceived as having emotional meaning
(ie, sadness and happiness) and able to elicit emotional
responses. Commercial movies were selected from Gross and
Levenson [17], Bartollini [18], Schaefer et al [19], and from 5
young adults (4 females; mean age 21.50 years). Another 5
participants (3 females; mean age 22.80 [SD 1.30] years) were
asked to identify each of these clips in terms of the emotion

Table 1. Movies used to induce happy and sad emotions.

Quiroz et d

they felt while watching, and the intensity of the emotion they
felt using a 0-to-10 Likert scale (O: hardly; 10: very much
likely). They were also asked if they had watched that movie
before. On average, only one participant had seen that movie
before. Participants reported that they felt the emotion intended
for al clips (100% accuracy) and the intensity experienced
ranged between 5.0 to 6.5 for happy and sad clips, respectively.
Table 1 includes the movie clips used in our study.

Audio

For audio stimuli, pieces of classical music known to dlicit
happy, sad, and emotionally neutral states were chosen [20].
Table 2 includes selected clips.

Procedure

All participants were presented with happy, sad, and neutral
stimuli. A third of the participants (n=18) were presented with
audiovisual stimuli (ie, videos), whereas the other participants
(n=32) were presented with audio stimuli (ie, classical music).
Half the participants (n=16), who were assigned to audio stimuli,
listened to them prior to walking, whereas the other half (n=16)
listened to stimuli while they were walking. Eighteen
participants (n=18) who were assighed to watch emotional
videos watched them prior to walking. Assignment to each
condition was random. To counter possible order effects, half
the participants were presented with sad stimuli first, whereas
the other half were presented with happy stimuli first. Each
participant was tested individually, and the task took
approximately 20 minutes to complete. All data was collected
between 17:00 and 19:00 h to account for peak foot traffic.

Emotion and movie

Scene

Happy
10 Things | Hate About You (1999)

When Harry Met Sally (1989)
There's Something about Mary (1998)
Monty Python (1975)
Modern Times (1936)
Love Actually (2003)
W\alI-E (2008)
Benny & Joon (1993)
Sad
Interstellar (2014)
Click (2006)

Hachi (2009)

Shawshank Redemption (1994)
Saving Private Ryan (1998)
Marley & Me (2008)

The Champ (1979)

My Girl (1991)

Patrick serenades Katarinain stadium
Discussion of orgasmsin cafe

Mary hair gel scene

Black Knight fights King Arthur
Factory worker in assembly line
Arrival halls scenein Heathrow airport
EVA kisses Wall-E

Sam roll dancein diner

Cooper watches video messages sent by his children

Michael rewinds his past to recall not saying goodbye to his father

Hachiko waits at the train station

Death of Brooks

Mother isinformed of the deaths of al of Private Ryan's brothers
Marley is euthanized in the veterinarian clinic

Boy cries at father’'s death

Thomas's funeral
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Table 2. Musical pieces used to induce happy and sad emotions and neutral ones.

Emotion and piece Composer
Happy
Carmen: “Chanson du Toreador” Bizet
“Allegro”—A Little Night Music Mozart
“Rondo Allegro”—A Little Night Music Mozart
“Blue Danube” Strauss
“Radetzky March” Strauss
Sad
Adagio in Sol Minor Albinoni
“Kol Nidrei” Bruch
“Solveig's song”—Peer Gynt Grieg
Concierto de Aranjuez Rodrigo
Suite for violin & orchestra in A minor Sinding
Neutral
“L’ oiseau prophete” Schumann
“Au Clair delune’ Beethoven
“Clair delune” Debussy
Symphony no. 2 in C minor Mahler
La Traviata Verdi
Pictures at an Exhibition Mussorgsky
“Water Music Suite: 5. Passepied” Handel
“Violin Romance no. 2 in F mgjor” Beethoven
“Water Music”—minuet Handel
The Planets —*Venus’ Holst

The three conditions of the mixed-design study are presented
in Figure 1 and are asfollows: Condition 1—watching the movie
clip prior to walking; Condition 2—Iistening to the music prior
to walking; and Condition 3—listening to the music while
walking.

Each participant was first greeted by the experimenter at one
end of the corridor and was hel ped to put on variousitems. First,
the participant had the heart rate sensor (Polar H7) strapped
snugly around the chest. The corresponding watch (Polar M400)
was strapped onto the experimenter’s wrist. The watch was set
to the “other indoor” sport profile. Second, the participant
strapped a smart watch (Samsung Gear 2) on the left wrist.
Participants wore sensors for the entire duration of the
experiment. The smart watch included atriaxial accel erometer
and atriaxial gyroscope. The sampling rate of the smart watch
is advertised as 25 Hz, but our results show that the actual
sampling rate on average was 23.8 Hz. For the smart watch, we
developed a Tizen app that recorded accelerometer and
gyroscope sensor data.

Participants rated their current mood state using PANAS [21]
on a 7-inch tablet. PANAS contains 10 adjectives for positive
(eg, joy) and 10 adjectives for negative feelings (eg, anxiety).
Scores can range from 10 to 50 with higher scores representing

http://mental .jmir.org/2018/3/€10153/

higher levels of affect. The heart rate sensor was used in the
study to supplement data collected from PANAS scores [15].

For Conditions 1 and 2, in which the stimulus presentation
occurred before walking, participantsworeapair of headphones
to listen or watch the assigned stimuli (eg, sad music or happy
movie) while at the start of a walking route. At the end of the
stimulus, the participant walked to the end of the route and back
to the starting point. Participants were reminded not to make
any stops in between. The route was represented by a 250 m
S-shaped corridor located on the ground floor of a university
building. The experimenter discreetly followed the participant
at a 125 m distance to observe the behavior and to ensure that
heart rate monitoring was captured by the watch. Upon return,
participants rated their mood using the same PANAS scales.
Because of theinitial mood induction, we always had a neutral
condition between happy and sad conditions to allow return to
the baseline calm state. For all participants, the neutral stimulus
was classical music for the audio type or amoviewith classical
music playing in the background and depicting an everyday
scene. The same procedure above, rating their initial mood using
PANAS, watching or listening to a stimulus, walking along the
corridor and back, and rating their mood, was applied to the
neutral and second emotion.
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In Condition 3, which included listening while walking, the
procedure was similar as above, except that the participant was
listening to the assigned music while walking, and participants
reported PANAS scores after walking.

Feature Extraction

During the experiment, the experimenter recorded thetime each
participant started and stopped walking. These timeswere used
to identify sensor data that corresponded to the actual walking
time. We discarded sensor data when participants were briefed
and when participants watched or listened to the stimulus prior
to walking.

Thewalking timeswere |abel ed according to the corresponding
emotional stimulus presented before walking; for example, if
the participant viewed amovie clip known to induce happiness,
all of the features extracted from the subsequent walking data
werelabeled ashappy. These labelswere used to train classifiers
for the recognition of happiness versus sadness. We present
classifier results for the two-class problem of detecting happy
versus sad emotions and for the three-class problem of detecting
happy versus sad versus neutral emotions.

We first filtered raw accelerometer data with a mean filter
(window=3). Features were extracted from dliding windows
with asize of one second (24 samples) with 50% overlap. Our
feature extraction approach is similar to that used for activity
recognition from mobile phone accelerometer data[22,23], that
is, each window is treated as an independent sample (feature
vector). We address neighborhood bias when building models
from accelerometer sliding windows in the results section [24].

For each window of the triaxial accelerometer and triaxial
gyroscope data, we extracted 17 features [23]: (1) mean, (2)
SD, (3) maximum, (4) minimum, (5) energy, (6) kurtosis, (7)
skewness, (8) root mean square, (9) root sum square, (10) sum,
(11) sum of absolute values, (12) mean of absolute values, (13)
range, (14) median, (15) upper quartile, (16) lower quartile, and
(17) median absolute deviation. These 17 featureswere extracted
from each of the 3 axes of the accelerometer data and each of
the 3 axes of the gyroscope data, resulting in 102 features. We
also calculated the angle between the signa mean (within a
window) and the x-axis, y-axis, and z-axis (3 features); SD of
signal magnitude (one feature); and the heart rate (one feature)
for atotal of 107 features for the feature vector of a window.
Unless stated otherwise, we used all 107 features for
classification. However, we do explore classification
performance based on features corresponding to certain sensors:
accelerometer, gyroscope, and heart rate; accelerometer and
heart rate; and accel erometer.

We divided data by condition and built personal models with
features extracted from each window [25]. In personal models,
training and testing data come from a single user. In our case,
we built 44 personal models (data from 6 participants were
discarded because of missing data and other recording errors)
with each model evaluated using dtratified 10-fold
cross-validation that was repeated 10 times. For each participant,
we obtained amean of 403.29 (55.62) samples|abeled as happy,
403.67 (51.46) samples labeled as sad, and 402.93 (50.24)
samples labeled as neutral. Of the 44 personal models built, 16
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were from Condition 1 (watch movie and then walk), 14 were
from Condition 2 (listen to music and then walk), and 14 were
from Condition 3 (listen to music and then walk).

We compared random forest models, with 100 estimators and
logistic regression, with L2 regularization and a baseline
classifier that picked the majority class as the prediction. The
python scikit-learn library was used for training and testing
these classifiers. Because the number of samples labeled as
happy versus sad for each participant was approximately the
same, the baseline classifier predicted each window as happy
versus sad with about a 50% probability (ie, al samplesfor user
i were classified as happy, resulting in about 50% accuracy).
For binary classification of happy versus sad, we use the
accuracy, the F1 score, and the area under the receiver operating
characteristic curve (ROC AUC) to assess classification
performance. For multiclass classification of happy versus sad
versus neutral, we use the accuracy and the F1 score.

Results

Ecological Validity Checks

When asked about their experience in using a smart gadget,
most participants were familiar and comfortable with the smart
watch but not with the Polar heart rate monitor. They did not
notice anything unusual about the study that might have
influenced their walking gait and behavioral response.

Behavioral Responseto Stimuli (Positive Affect and
Negative Affect Schedule Outcomes)

We analyzed PANAS responses for all conditions on the happy
versus sad stimuli. One participant’s data was excluded for
being incomplete, thusleaving 49 for analyses (15 for Condition
1, 18 for Condition 2, and 16 for Condition 3). Wefirst reviewed
normality and found that data was normally distributed for
Conditions 1 and 2 but not for Condition 3 (visual histograms
were skewed and Shapiro-Wilk P<.01). See Multimedia
Appendix 1 for PANAS scores for each emotion.

Condition 1: Watch Movie and Then Walk

Participants reported a reduced negative affect after watching
a sad movie clip (mean 14.94 [SD 6.79]) compared with that
before watching it (mean 19.00 [SD 7.20], t;=3.16, P=.006).
There was no significant difference for the positive affect for
the sad movie (t;5=.08, P=.94) and for both affects with respect

to the other two emotions (happiness and neutral), all P values
were >.10.

Condition 2: Listen to Music and Then Walk

For sad music, participants reported an increased positive effect
after thewalk (mean 24.00 [SD 5.33]) compared with that before
watchingit (mean 20.31[SD 5.79], t;5=2.96, P=.01) and reduced
negative affect after (mean 11.69 [SD 3.34]) compared with
that before watching (mean 13.63, [SD 5.12], t;5=2.78, P=.014).
Participants reported reduced positive affect after listening to
happy music (mean 26.38 [SD 6.96]) compared with that before
watching it (mean 29.56 [SD 5.17], t,5=2.62, P=.02), but no
significant difference for negative affect (t;5=1.60, P=.13). There
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was no significant difference for neutral music for both affects,
both P values were >.76.

Condition 3: Listen to Music While Walking

Participants reported an increased negative affect while walking
and listening to happy music (mean 13.31[SD 4.88]) compared
with neutral (mean 15.00 [SD 5.44]) music (Z=2.64, P=.08).
No other significant differences were observed, al P values
were>.13.

Heart Rate

We planned to verify dataobtained from PANAS and determine
whether our participants experienced accel erated or decelerated
heart rate as a result of emotional stimuli [15]. From the 50
participants, we had some dataloss dueto technical faults (n=9;
3 from Condition 1, 3 from Condition 2, and 3 from Condition
3), leaving us with data obtained from 41 participants. Wefirst
reviewed descriptive statistics and found that datawas normally

Table 3. Mean heart rate and SD in brackets for all 3 emotions.

Quiroz et d

distributed. A one-way between-subjects analysis of variance
was conducted to compare the effect of emotion (happy, sad,
and neutral) on participants' heart rates. We did not find any
significant effect of emotion on their heart rate for the 3
conditions (F; 1,,=0.13, P=.88; see Table 3 for means and SD).

Emation Recognition

Happy Versus Sad

Figure 2 illustrates 3 boxplot sets, one for each condition,
showing distribution of accuracies for the personal model of
each participant. For al 3 conditions, personal baselines have
accuracies in the range 50%-54%. For all conditions, both
random forest model and logistic regression outperformed the
baseline with accuracies in the range 62%-99%. Condition 1
(movie) and Condition 3 (music while walking) resulted in the
highest classification accuracies with median accuracies over
82%.

Emotions Mean (SD)
Happy 104.43 (14.55)
Sad 91.68 (16.31)
Neutral 105.77 (14.50)

Figure 2. Boxplot of classification accuracies for participants divided by conditions. Algorithms tested were baseline (pick majority), random forests,
and logistic regression. Outliers are indicated by +. The highest classification accuracies were achieved with Condition 1 (movie) and Condition 3
(music while walking). For all conditions, the models achieved accuracies greater than 78% for over half the users. RF: random forest.
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Table 4. Average user lift and average personal model accuracy per condition.

Features and model AUC?(SD) Flscore(SD)  Accuracy (SD) User lift P vaue

Accelerometer, gyroscope, heart rate

Condition 1. Watch movie, then walk

Baseline 0500 (0.000)  0.348(0.017)  0.513 (0.015)
Logistic regression 0.876(0.085)  0.817(0.089) 0.818(0.089)  0.305 <.001
Random forest 0.923(0.059) 0.854(0.073) 0.854(0.073) 0.342 <.001

Condition 2: Listen to music, then walk

Baseline 0500 (0.000)  0.342(0.007)  0.508 (0.006)
Logistic regression 0.812(0.08))  0.748(0.071)  0.748(0.071)  0.240 <.001
Random forest 0.887 (0.046)  0.806(0.047)  0.806(0.047)  0.298 <.001

Condition 3: Listen to music while walking

Baseline 0500 (0.000)  0.356 (0.031)  0.520 (0.027)
Logistic regression 0.900(0.096)  0.849(0.107)  0.849(0.107)  0.329 <.001
Random forest 0.948(0.057)  0.890(0.081) 0.891(0.080) 0.371 <.001

Accelerometer, heart rate

Condition 1: Watch movie, then walk

Baseline 0500 (0.000)  0.348(0.017)  0.513 (0.015)
Logistic regression 0809 (0.105)  0.752(0.099)  0.753(0.099)  0.240 <.001
Random forest 0.891(0.08))  0.821(0.090) 0.822(0.089)  0.309 <.001

Condition 2: Listen to music, then walk

Baseline 0500 (0.000)  0.342(0.007)  0.508 (0.006)
Logistic regression 0.729(0.070)  0.674(0.055)  0.675(0.055)  0.167 <.001
Random forest 0.847 (0.046)  0.768(0.045)  0.769(0.045)  0.261 <.001

Condition 3: Listen to music while walking

Baseline 0.500 (0.000)  0.356 (0.031)  0.520 (0.027)

Logistic regression 0.876 (0.095) 0.821(0.106)  0.821(0.106)  0.301 <.001

Random forest 0.933(0.067) 0.871(0.088) 0.871(0.088)  0.351 <.001
Accelerometer

Condition 1. Watch movie, then walk

Baseline 0500 (0.000)  0.348(0.017)  0.513 (0.015)
Logistic regression 0.786(0.097)  0.726(0.089)  0.727(0.089)  0.215 <001
Random forest 0.847 (0.076)  0.773(0.077)  0.774(0.077)  0.261 <.001

Condition 2: Listen to music, then walk

Baseline 0.500 (0.000)  0.342(0.007)  0.508 (0.006)
Logistic regression 0.708(0.056)  0.657(0.047)  0.658(0.047)  0.150 <001
Random forest 0.783(0.051) 0.712(0.042) 0713(0.042) 0.205 <.001

Condition 3: Listen to music while walking

Baseline 0500 (0.000)  0.356 (0.031)  0.520 (0.027)
Logistic regression 0.848(0.086)  0.789(0.096)  0.790(0.095)  0.269 <.001
Random forest 0.899 (0.066)  0.825(0.080)  0.825(0.079)  0.305 <.001

3AUC: area under the curve.
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We used the user lift framework to quantify whether a personal
model was better than a personal baseline for each user [26].
We calculated the user lift as the difference in the accuracy of
the personal classifier and the persona baseline (classifier
accuracy—personal  baseline accuracy). We used the
nonparametric permutation test to determine whether user lifts
had a mean greater than 0 (see Table 4). Figure 3 shows the
calculated user lift for each participant using random forest
model and logistic regression. We included this figure because
average user lift can obscure the presence of negative user lift
for some participants. Using features extracted from the
accelerometer, gyroscope, and heart rate data resulted in the
highest accuracies. Using only featuresfrom accelerometer data
resulted in lower accuracies. Overall for the personal models,
the average user lift was greater than O for all conditions,
indicating that the trained personal models outperformed the
baseline.

Happy Versus Neutral Versus Sad

Figure 4 showsthedistribution of accuracies of personal models
for the threeclass classification task of predicting
happy-neutral-sad emotional states. We used all features
(acceleration, angular vel ocity, and heart rate) for classification.
Although personal models on average outperformed the baseline,
accuracies are lower than those achieved when predicting only

Quiroz et d

happy versus sad. Because the number of samplesfor each class
is approximately the same, the baseline predicting the majority
class is able to classify correctly only about a third of testing
samples. See Table 5 for user lift results. Personal models
outperformed personal baselines, but overall accuracy was|lower
than binary classification of happy versus sad.

Emotion Cross-Validation

We conducted an experiment to assess the effect of
neighborhood bias in evaluation of our models using random
cross-validation. In this experiment, we conducted 10-fold
cross-validation for each personal model, but the testing fold
that was held out during each iteration held out a contiguous
happy data block or a contiguous sad data block. The goal was
to determine with higher confidence whether classifiers were
learning patterns associated with emotions, as opposed to just
learning to distinguish between different walking periods. In
addition, this type of validation takes into consideration
neighborhood bias, which can lead to overly optimistic
performance estimates [24]. Results (see Figure 5 and Table 6)
show that accuracies across all conditions dropped compared
with accuracies when using random cross-validation. Personal
models outperformed personal baselines but overall accuracy
was poor.

Figure 3. Theuser lift for personal models per condition. The random forest user lift is calculated as (random forest accuracy — baseline accuracy) and
the logistic regression user lift is calculated as (logit accuracy — baseline accuracy). The personal models achieve higher accuracies than the personal

baseline models.
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Figure 4. Classification accuracies for participants divided by conditions for the recognition of happiness, sadness, and neutral emotiona states. The
lower accuracies when recognizing the neutral emotional state indicates that the neutral walking data does have more similarities to the happy and sad
walking data, which may indicate the need for additional features. RF: random forest.
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Table 5. Average user lift and average personal model accuracy per condition for the three-class classification task of predicting happy-neutral-sad.

Model F1 score (SD) Accuracy (SD) User lift P value
Condition 1: Watch movie, then walk
Basdline 0.175 (0.010) 0.343 (0.011)
Logistic regression 0.632 (0.103) 0.635 (0.103) 0.292 <.001
Random forest 0.722 (0.090) 0.723 (0.090) 0.380 <.001

Condition 2: Listen to music, then walk

Baseline 0.173 (0.004) 0.340 (0.004)
Logistic regression 0.591 (0.062) 0.594 (0.061) 0.254 <.001
Random forest 0.684 (0.048) 0.685 (0.047) 0.345 <.001

Condition 3: Listen to music whilewalking

Baseline 0.180 (0.014) 0.348 (0.015)

Logistic regression 0.709 (0.113) 0.711 (0.113) 0.363 <.001

Random forest 0.781 (0.087) 0.782 (0.087) 0.434 <.001
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Figure5. Boxplot of classification accuracies for participants divided by conditions. The results are for 10-fold cross-validation, with each fold in the
training data consisting of contiguous windows from both happy and walking data, and the held-out test fold consisting of contiguous windows from
either the happy or the sad walking data. RF: random forest.
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Table 6. Average user lift and average personal model accuracy per condition.

Model F1 score (SD) Accuracy (SD) User Lift P value
Condition 1: Watch movie, then walk
Basdline 0.031 (0.121) 0.031 (0.121)
Logistic regression 0.787 (0.104) 0.682 (0.139) 0.650 <.001
Random forests 0.763 (0.112) 0.651 (0.146) 0.620 <.001

Condition 2: Listen to music, then walk

Baseline 0.000 (0.000) 0.000 (0.000)
Logistic regression 0.705 (0.099) 0.575 (0.115) 0.575 <.001
Random forests 0.678 (0.105) 0.543 (0.118) 0.543 <.001

Condition 3: Listen to music whilewalking

Baseline 0.036 (0.129) 0.036 (0.129)

Logistic regression 0.812 (0.140) 0.723 (0.179) 0.688 <.001

Random forests 0.815 (0.148) 0.731(0.185) 0.695 <.001
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Table 7. Accuracy scores for leave-one-user-out cross-validation.

Quiroz et d

Model AUC?(SD) F1 score (SD) Accuracy
Condition 1: Watch movie, then walk
Basdline 0.500 (0.000) 0.342 (0.021) 0.508 (0.018)
Logistic regression 0.539 (0.137) 0.461 (0.112) 0.515 (0.090)
Condition 2: Listen to music, then walk
Baseline 0.500 (0.000) 0.332 (0.011) 0.499 (0.010)
Logistic regression 0.539 (0.084) 0.467 (0.061) 0.519 (0.059)
Condition 3: Listen to music while walking
Basdline 0.500 (0.000) 0.323 (0.034) 0.490 (0.032)
Logistic regression 0.510 (0.173) 0.476 (0.092) 0.505 (0.082)

3AUC: area under the curve.

However, the performance of models remains higher than
personal baselines with the exception of a few users. Only a
quarter of baseline models under Condition 1 and Condition 3
achieved accuracies ranging from 0 to 0.5; the rest have
accuracies of 0. This is expected because a baseline model
predicted on the majority class will achieve an accuracy of 0
when tested on a contiguous block of the opposite class.

We conclude that for at least half the participants in Condition
1 (movie) and Condition 3 (music while walking), models are
likely learning patterns associated with sad and happy emotions.
In addition, high accuraciesindicate that model performanceis
not aresult of neighborhood bias [24].

Generalizing AcrossUsers

We conducted leave-one-user-out cross-validation to assess
how well amodel trained on data from certain users would be
ableto generalize to a user for whom no data are available. We
compared both the logistic regression and random forest model.
However, random forest models performed similarly or worse
than logistic regression; therefore, we only discussed results of
the best performing logistic regression compared against the
baseline (see Table 7). Logistic regression performed poorly
across al conditions, showing that using data from different
users to do emotion recognition on a different user is not
possible with current features and logistic regression. Low
accuracies across all conditions show that the behavior from
user to user varies considerably, even when performing asimilar
action. Owing to the small number of usersper condition (<18),
data may not be enough to make accurate predictions for users
not included in thetraining set [24]. However, it also highlights
alimitation in our modeling approach, in that different features
or more advanced model s may be necessary to generalize across
users. Ideally, deployment of an app should include an initial
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datacollection and calibration phase, which can be used to build
ahigh accuracy personal model for each user.

Modé Interpretability

We address model interpretability, that is, how models are able
to differentiate between emotions, by examining information
gain of features. Random forest models can be interpreted by
examining feature importances, and logistic regression can be
interpreted by the sign and value of the coefficients. Random
forest models outperformed logistic regression in our results;
therefore, welimit our analysisto featureimportances of random
forest models.

Because we are building personal models, features that might
be important for one user may be less important for another
user. To show this, we plotted the distribution of feature
importance values for each feature across al users using
boxplots, as seen in Figure 6. Boxplots are sorted by median
and we included only the top 30 features for visibility with the
trend of the remaining features being about the same. To obtain
featureimportancesfor each user, we computed the mean feature
importance for each featurein cross-validation foldsand divided
each feature by the maximum feature importance value. Thus,
avalue of 1.0 indicates that a feature was the most important
among al the features.

A compact boxplot indicates that the feature has similar
importance across all users. On the other hand, a boxplot with
alarge spread indicates that the feature is important for some
users but lessimportant for other users. For all conditions, heart
rate was the most important feature. In fact, for Condition 1
(movie), heart rate was the most important feature for at least
half of users (median=1.0). The rest of the features have
distributions with smoothly decreasing medians but with heart
rate being the only feature with a clear difference from other
features.
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Figure 6. Distribution of feature importances per feature for all personal models. Acc: accelerometer; Gyro: gyroscope.
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Behavioral Responseto Stimuli

Participants reported feeling less negative affect after watching
sad videos or after listening to sad music. This is contrary to
the other condition (listening to music while walking) in which
participants reported feeling more negative during happy stimuli
compared with the neutral ones. Our findings suggest that the
walking activity after experiencing a stimulus is useful to
alleviate negative mood, similar to that reported [27,28], but
not while experiencing stimuli. One reason for this is that
participants were focused on the song, and possibly, the change
between music types creates resentment or unhappiness. Some
studies suggest that people may prefer sad music [29,30], which
may influence participants response toward stimuli. However,
a subset of 10 participants reported liking the sad stimulus the
least compared with happy and neutral stimuli, suggesting that
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RenderX

personal preference self-report further adds credenceto PANAS
results that walking is useful in alleviating negative mood.

From heart rate data, our participants did not experience any
significant difference in heart rate between emotions. One
possible explanation isthat walking itself isavigorous activity
compared with standing till; thus, the brief exposure to
emotional stimulus may not have been captured holistically.
The other possible explanation is that both emotions were
equally successful in evoking their emotional states; therefore,
there was a nonsignificant difference between them.
Nonetheless, datafrom PANAS suggest that it islikely thelatter
because parti cipants reported experiencing adifference between
positive and negative states.

Classifiersfor Emation Recognition
High accuracies achieved across all users for classification of
happy versus sad emotional states provide further evidence for

JMIR Ment Health 2018 | vol. 5 | iss. 3 |€10153 | p.69
(page number not for citation purposes)


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

JMIR MENTAL HEALTH

the hypothesis that movement sensor data can be used for
emotion recognition. To build personal models, we used
statistical featuresthat are computationally cheap, which would
make it feasible to deploy a smart watch or amobile phone app
that can track emotions from movement sensor data without
taxing the smart watch or mobile phone processor.

Using only accelerometer datafor emotion recognition resulted
in mean AUC values of at least 71% for all conditions. The
combination of accel erometer datafeatures and heart increased
the overall performance of modelsto amean AUC of 73%. The
use of accelerometer, heart rate, and gyroscope features
increased the mean AUC to 81%. This provides a strong
motivation to use gyroscope and heart rate datain applications
attempting to infer emotiona states from movement data,
especialy given that application programming interfaces of
mobile phones and smart watches make it easy to retrieve
gyroscope and heart rate. In addition, the high importance of
the heart rate feature in random forest models ought to
encourage devel opersto use heart rate data from a smart watch
for emotion recognition.

When comparing the classification results using features
extracted from all sensor data on classification of happy versus
sad emotions, we achieved high-fidelity emotion recognition
models with an accuracy of >80% for 62.5% (55/88) of the
personal models, average-fidelity models with an accuracy
between 70% and 80% for 27.3% (24/88) of the personal
models, and low-fidelity models with an accuracy of <70% for
10.2% (9/88) of the persona models. These results are
encouraging. However, they also indicate that further work is
needed to achieve consistent results across different users and
accuracies closer to 100%. For example, this could be achieved
by extracting additional features, using a more complex
classifier, or by collecting more data for training and testing
personal models. Lastly, our results on emotion cross-validation
highlight that personal models for about half the participants
are learning features that capture emotions.

Limitations

Previous studies have utilized a contrast experimental paradigm
to manipulate the following participants moods:. positive versus
negative mood [2]; negative or neutral [31]; positive, negative,
and neutral [32,33] using music or avatars. Past research findings
indicate that negative moods tend to reduce mood recovery and
a dower response for accurately identifying other emotional
expressions [20,31]. Although these user studies did not apply
to emotion recognition from sensor data obtained from a smart
watch, we did not address issues, such as reduced mood
recovery, for participants who were shown the sad stimulus
first; however, we did perform counterbalancing for our stimuli
on our participants.

Theintegrity of sensor datais a concern. For Conditions 1 and
2, participants were primed with audio and audiovisual stimuli
for afew minutes, but beyond PANAS scores, we do not have
other meansto indicate that the stimulus had the intended effect.
Furthermore, the effect of the stimulus on participants is
guestionable given that participants were not emotionally
invested in movie and music clips that were shown. Personal
models do distinguish at high accuracies between features
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extracted from happy, sad, and neutral emations, but we do not
know for certain that happy data is truly associated with a
“happy” emotiona state in users. In general, given that the
mixed-design study consisted of 3 conditions, 50 participants
isasmall sample size.

From a modeling and data analysis point of view, the amount
of data collected was small. Hence, this limits the training and
validation of classifiers. Although persona modelsyielded high
accuracies for many users, for other users, the results were
dightly better than random guessing. Finaly, we did not
consider more flexible modeling approaches, such as using a
time-aware model or using a neural network trained on raw
sensor data, instead of extracting featuresfrom diding windows.

The personal models we built are naive, in that each window is
an independent sample. Therefore, a model could potentially
predict happy-sad-happy for 3 consecutive one-second windows,
which is unrealistic as a user is not likely to go from happy to
sad and back to happy in amatter of 3 seconds. Thislimitation
of our modeling approach will be addressed in future work.

Comparison With Prior Work

Our work is closest to the work reported previously [10,11]. In
[10], the details of the design study are omitted, including the
choice of videos and procedures. A limitation in a previous
study [10] is that data was collected from two mobile phones,
one strapped to the wrist and one strapped to the ankle of
participants. In a previous study [11], 123 participants were
recruited (twice the size of our sample), and smart bracelets
were used for data collection with participants wearing a smart
bracelet on the wrist and another smart bracelet on the ankle
(with the latter violating ecological validity). We achieved
accuracies comparable to those reported in another study [11],
using only data from one smart watch on participants wrists
and without relying on data from other body locations. Our
work also differsin that we focus on happy and sad emotional
states, whereas in a study [11], researchers focused on happy
and angry emotiona states. In contrast to prior work, we
performed more rigorous testing by including emotion
crossvalidation and by extracting features from an
accelerometer, a gyroscope, and heart rate sensors.

In contrast to emotion prediction based on typing behavior [5,6],
mobile phone usage [7,8], and mobile phone speech recordings
[9], we focused on movement data and heart rate data. The
EmotionSense system does use accel erometer datato determine
whether auser is moving but not for emotion recognition [9].

Conclusions and Future Work

Our findings suggest that emotional expression is transparent
even in automatic functions such as walking gait. This finding
isinteresting in that healthy young adultstypically do not report
large differences in their emotional state, unlike some clinical
groups [34]. These findings aso validate our methodol ogical
approach with respect to priming the emotional state and the
subsequent modeling using machine-learning algorithms.

Many studies have focused on face and voice modalities, but
recent studies have shown that we tend to adopt different body
postures and gaits as areflection of our emotions and that these
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postures and gaits are just as easily recognized by others,
indicating that walking gait isaform of social signal. However,
the emotional behavioral response is only evident after
experiencing the stimulus on its own or while experiencing both
together (eg, listening to music while walking). Nonetheless,
our findings provide further knowledge in the field of social
communication, particularly in specific clinical conditions. The
unobtrusive wearable is agood complement for collecting data
and for providing biofeedback and interventions for emotional
regulation. Recent studies have started analyzing the possibility
of using wearables to provide more readily available treatment
for patients and provide feedback to clinicians to cater to their
needs [34-36]. Benefits of using these wearables, particularly
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in identifying emotional states, are useful for diagnosis or
monitoring specific clinical conditions, such as social anxiety
and borderline personality disorder. Although most research is
focused on getting patients to self-rate their moods, having
actigraph data and walking patterns will complement the
information necessary for clinicians. Other than for a clinical
population, thistype of information isalso useful for vulnerable
populations (eg, older adults) experiencing some emotional
distress and social isolation [37]. Future studies should look
into the duration of having on such wearables (over 24-hour
cycles) and duration in experiencing stimuli (acute or chronic
experiences).
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Abstract

Background: Despite the increasing amount of research on Web-based mental health interventions with proven efficacy, high
attrition rates decrease their effectiveness. Continued process eval uations should be performed to maximize thetarget population’s
engagement. Google Analytics has been used to evaluate various health-related Web-based programs and may also be useful for
Web-based mental health programs.

Objective: The objective of our study was to evaluate WalkAlong.ca, a youth-oriented mental health web-portal, using Google
Analyticsto inform theimprovement strategy for the platform and to demonstrate the use of Google Analyticsasatool for process
evaluation of Web-based mental health interventions.

Methods: Google Analytics was used to monitor user activity during WalkAlong's first year of operation (Nov 13, 2013-Nov
13, 2014). Selected Google Analytic variables were overall website engagement including pages visited per session, utilization
rate of specific features, and user access mode and |ocation.

Results. Theresultsincluded datafrom 3076 users viewing 29,299 pages. Users spent less average time on Mindsteps (O minute
35 seconds) and self-exercises (1 minute 08 seconds), which are important self-help tools, compared with that on the Screener
tool (3 minutes 4 seconds). Of al visitors, 82.3% (4378/5318) were desktop users, followed by 12.7 % (677/5318) mobile phone
and 5.0% (263/5318) tablet users. Both direct traffic (access via URL) and referrals by email had more than 7 pages viewed per
session and longer than average time of 6 minutes per session. The majority of users (67%) accessed the platform from Canada.

Conclusions: Engagement and feature utilization rates are higher among people who receive personal invitations to visit the
site. Low utilization rates with specific features offer a starting place for further exploration of usersin order to identify the root
cause. The data provided by Google Analytics, although informative, can be supplemented by other evaluation methods (ie,
gualitative methods) in order to better determine the modifications required to improve user engagement. Google Analytics can
play avital role in highlighting the preferences of those using Web-based mental health tools.

(JMIR Ment Health 2018;5(3):€50) doi:10.2196/mental .8594
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Introduction

Astechnol ogies such asinternet, mobile phones, and computers
have become ubiquitous, Web-based interventions have become
one of the major treatment and preventative tools for mental
disorders. More than 100 randomized controlled trials have
been published to demonstrate the efficacy of internet
interventions for psychiatric disorders [1]. These tools have
been shown to be effective for a range of menta illnesses
including panic disorder, depression, posttraumatic stress
disorder (PTSD), perceived stress in schizophrenia, stress,
insomnia, and eating disorders[2]. The potential of Web-based
mental health interventions to effectively and efficiently treat
and prevent mental illnesses has attracted many health care
providers and researchers to explore using them as one of the
major components of the mental health care system.

Despite their promising benefits, online mental health
interventions face problemsin engagement [3-5]. In relation to
taking a drug, Web-based interventions are more vulnerable to
disengagement as they lack close supervision, are easy to
discontinue, and have no immediate health benefits[5]. Dropout
rates for Web-based interventions are up to 50% in guided
interventions and up to 74% in unguided interventions [6,7].
With such high dropout rates, these interventions may provide
only limited outcomes regardless of their proven efficacy [8,9].

Engagement is especially challenging in the context of mental
health. Dropout from traditional treatment among those with
mental illnessis already a cause for concern [10]. The chronic
nature of mental illness requires frequent assessments in
conjunction with long-term management that is tailored to
individuals needs [11]. In addition, disorder-specific features
such as symptom severity, emotional distress, and medication
side effects have been shown to predict adherence [12,13]. In
atechnological context, being engaged can be described as“a
category of user experience characterized by attributes of
challenge, positive affect, endurability, aesthetic and sensory
appeal, attention, feedback, variety or novelty, interactivity, and
perceived user control” [14]. In other words, scientists and
developers have the responsibility of ensuring not only the
efficacy of their intervention but also user engagement.
Strategies to increase user engagement may include continual
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platform improvement and improving outreach or marketing
strategies.

A key step to improve engagement is identifying ways to
improve intervention uptake in real-world settings through
process evaluation [5]. A process evaluation is a type of
assessment that determines whether program activities have
been implemented as intended [15]. The goal is to inform
strategies toward achieving optima engagement and
effectiveness of an intervention [16-18]. By understanding how
users engage with the intervention, such as the specific pages
visited or how long they used the website, process evaluation
can inform the adaptation of the intervention in order to
maximize user exposureto thetoolsand the knowledge available
in Web-based interventions [18]. Ideally, this would involve a
mixed-methods approach where both quantitative and qualitative
indicators can collectively measure user perceptions or behavior
[17]. However, this is not aways possible for asynchronous,
open-access, Web-based interventions and with limited
resources.

In this context, one tool that can be used is Google Analytics,
which is an open tool that provides free quantitative data on
website usage that can be leveraged for continual website
improvements (Figure 1). Although this tool is designed to
provide insights from a marketing perspective, numerous
variables about the webpage traffic are collected that can inform
the process evaluation of Web-based interventions. Indeed,
Google Analytics has already been used in health research as
part of process evaluation [19-21]. For example, this tool has
been used to assess the usage of awebsite about sexual health
[19], aninternet-delivered genetics education resource devel oped
for nurses [21], and a Web-based tool to encourage the proper
use of antibiotics[16], aswell aswebsitesrel ated to osteoporosis
and fractures [22], smoking cessation [23], and knowledge
trandation [24]. These studies have presented variousindicators
available from Google Analytics to show overal user
engagement with their platforms. However, to our knowledge,
the use of Google Analytics has not yet been demonstrated for
Web-based mental health platforms that provide direct support
for youth with mental health challenges. Since Web-based
mental health platforms may face challenges with adherence,
Google Analytics could be used to better understand user
behavior as part of process evaluation and to come up with
strategies that would improve adherence.

Figure 1. Google Analytics can be used as atool for process evaluation by receiving information on user traffic and subsequently informing website
improvement. This process can also continue as a cycle for continual improvement of the website.
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Figure 2. WalkAlong home page.
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Thegoal of thisstudy wasto evaluate WalkAlong, a\Web-based
mental health platform, using Google Analytics. This platform
isayouth-oriented mental health Web-portal designed to provide
young peoplewith tools and resources required to managetheir
own mental health (Figure 2; Multimedia Appendix 1). The
Web-portal focuses on supporting mood and anxiety disorders
and hasreceived funding under Bell Canada’'sLet’s Talk mental
health initiative. The portal isfreely accessibleto all userswith
an internet connection and contains information, links to
resources, and self-help tools including a description and link
to MoodGYM, a Web-based resource for depression and
anxiety. Self-help toolsavailabledirectly on the platforminclude
the“Mind Steps” page, which consists of regularly posted short
tips for helping users get through the day, and “ The Self-Help
Exercises’ section, displaying a menu with the individual
self-help exercise pages. Assessment screeners for depression
and anxiety (Patient Health Questionnaire-9 and Generalized
Anxiety Disorder 7-item scale) are also available. Users may
also create a password-protected, secure account that grants
them access to additional resources including the PTSD
CheckList—Civilian Version, community resources, and a
Life-Chart tracking tool that tracks mood and behaviors.

Our objective was to use Google Anaytics as a tool for
conducting a process evaluation of the WalkAlong platform.
As part of the process evaluation, the following evaluation
guestions using Google Analyticswere asked: (1) How engaged
(ie, time spent on the website) are users with the WalkAlong
platform? (2) How can the WalkAlong platform be improved
to better engage the users? (3) How can the marketing strategy

http://mental.jmir.org/2018/3/e50/

LifeChart

Track your mood, sleep, exercise, and other
measures. Compare with scores on your
mental health assessments over time.

Sign up to use LifeChart.

be shaped to engage and reach out to more users? Another
objective of thisproject isto extend the work to amental health
platform from other health interventions and inform website
design and marketing strategies to effectively impact user
behavior [19,21].

Methods

Google Analytics

Google Analytics was used to access user data over the first
year of WalkAlong (Nov 13, 2013-Nov 13, 2014). Focusing on
thefirst year of operation was considered the most appropriate
approach in order to capture asnapshot of web traffic following
the initial launch. The Google Analytics data do not contain
any personally identifiableinformation and are presented in the
form of aggregate data, making it an accessible tool used in
research settings without ethical concerns [20,21].

The research team installed Google Analytics by adding a
tracking tag for WalkAlong [20]. These tracking tags are
snippets of JavaScript code, acomputer programming language
used to build websites. This code allows collection of various
forms of datarelated to user behavior as soon as the user visits
the website. The data can emanate from various avenues such
asthe URL of the page the user is viewing, the language or the
name of the browser, and the device used to accessthe site. The
code also collectsinformation on the nature of the visit such as
the contents viewed, length of the session, and channels used
to access the platform (eg, Google, direct URL search, social
media, and email link). Such information is summarized in a
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real-time, interactive dashboard format, which can be accessed
by logging in.
Overall Engagement

Several indicators from Google Analytics that would allow
inference of a level of engagement were calculated. Such
indicators include the number of returning users (n), bounce
rate (%), number of pagesaccessed per session (n), mean session
duration (minutes, seconds), and goal conversion rate (%).

The number of returning users refers to the number of sessions
visited through the same client id. A high number of returning
users has been used as an indicator for a strong level of
engagement with the platform [21,25].

The bounce rate is the percentage of only a single page visit
during a session. A high bounce rate could indicate minimal
exposure to the intervention due to minimal interaction, but it
could aso indicate users exiting as they have found what they
were looking for right away. However, generally, alow bounce
rate can be considered indicative of ahigh overall engagement,
especialy for amulticomponent platform like WalkAlong [19].
For instance, there are not much available resources that would
provide mental health support in the home page of the platform
alone as it simply offers an overview. Users will often need to
interact with various tools and webpages in order to obtain the
necessary information.

The number of pages per session refers to the number of
webpages within the platform that the user viewed in asingle
session, and the mean session duration (minutes, seconds) refers
to the mean duration of time the users spent on the platform.
There are limitations to ascertai ning engagement through these
indicators since they allow for multiple interpretations: a high
number of pages per session could result from an increased
engagement, but it could aso result from a superficia
exploration of severa pages; similarly, along session duration
can result from increased engagement, but it could also result
from auser keeping the webpage open while engaging in other
irrelevant activities. Nevertheless, despite these caveats, traffic
information provides an approximation of the level of exposure
the users had with the platform [25].

The goal conversion rate measures the proportion of sessions
that achieved a goal out of the total sessions. The goa was
predefined as creating an account but can be defined as any
activity the web developer or owner chooses (eg, buying a
product). As discussed above, users who create an account are
ableto access more resources than those who do not (anonymous
users). Thus, creating an account was assumed to indicate a
stronger level of engagement. Overall, a high number of
returning users, low bounce rate, high number of pages viewed
per session, high mean session duration, and high goal
conversion rates collectively trandate to an estimate of astrong
level of engagement [20,25].

Platform I mprovement

Several indicators from Google Analytics that can inform the
improvement of the platform were also selected. Indicators of
user behavior such as page views, mean duration of visit, and
bounce rate when accessing self-help tool s (eg, Mindsteps page,

http://mental.jmir.org/2018/3/e50/
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Self-Help Exercises page, and Screener) were analyzed. In
addition, the most visited pages were observed in terms of their
overall entrance rate, exit rate, and bounce rate to understand
which tools or pages were most used or viewed. The entrance
rate represents a proportion of sessions starting from a given
page, while the exit rate represents a proportion of sessions
ending from a given page. The information regarding the
entrance rate may provide an understanding about which
webpageis serving asthefirst impression for the users, and the
exit rate may indicate the point when users felt disengaged or,
on the contrary, had adequate information needed for the session.

Google Analyticsal so provided data on the type of devicesused
for access. Such information can alow us to consider whether
developing a mobile app for WalkAlong would be helpful or
not. The three main devices of interest to the current
investigation were desktops, tablets, and mobile phones (counted
here as mobile devices).

Marketing Strategy

Google Analytics was aso used to inform our marketing
strategy, with the goal of reaching as many users as possible.
At the outset, the research team had reached out to different
youth and university organizations, especialy around
Vancouver. Twitter and a Facebook accounts were also created
to spread awareness about the platform. To improve the
marketing strategy, the channels used to access the platform
were observed. The channels are direct link (ie, typing the web
URL directly into a browser); organic search (ie, entry through
a search engine); and referrals via another website, via social
media, and via email. Understanding which channels are
underutilized and which channdl results in the highest level of
engagement can help improve the marketing strategy. L ocations
of users from different countries around the world were also
observed.

Results

Overall Engagement

The first year of operation for the WalkAlong platform saw a
total of 3076 users, amounting to 5318 sessions and 29,299 page
views (Figure 3). On average, users visited 5.51 pages per
session with an average session duration of 5 minutes 6 seconds.
The average bounce rate was 42.9% where users only viewed
asingle page; 31.7% (976/3076) users created an account (goal
completion).

Intermsof the frequency of visits, 80% (4259/5318) of sessions
came from usersvisiting lessthan ninetimes, indicating alevel
of disengagement after a certain number of visits (Table 1).

The number of sessions during the study period decreased with
increasing number of visits. However, therewasasdlight increase
at the upper end of sessions from high-frequency visits: 5.8%
(311/5318) accounted for 26-50 visits and 4.7% (250/5318)
accounted for 51-100 visits over the time period. The humber
of sessions also decreased with longer session durations (Table
2). Theseresultsindicate that the majority of sessionsor 65.4%
(3477/531) resulted in disengagement within the first minute.
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Figure 3. WalkAlong overview presented in Google Analytics.
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Table 1. Proportion of total sessions and number of visits.

Visits Sessions (N=5318), n (%)
1 3066 (57.65)
2 550 (10.3)

3 241 (4.5)

4 139 (2.6)

5 100 (1.9)

6 67 (1.3)

7 50 (0.9)

8 46 (0.9)
9-14 180 (3.4)
15-25 205 (3.9)
26-50 311 (5.8)
51-100 250 (4.7)
101-200 112 (2.1)
201+ 1(0.0)

Table 2. Duration of session.

Session duration (in minutes) Sessions (N=5318), n (%)

<1 3477 (65.4%)
13 527 (9.9%)
3-10 581 (10.9%)
>10 733 (13.8%)
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Platform I mprovement

Visits to the Mindsteps tool comprised 11.9% (3493/29,299)
of total page views, with mean duration spent of 35 seconds.
Visits to the Self-Help Exercises page comprised 6.13%
(1797/29,299), with mean duration spent of 1 minute 8 seconds.
Visits to the Screener comprised only 3.36% (983/29,299) of
thetotal page views, but the mean duration spent on the Screener
was 3 minutes 4 seconds. Table 3 presents the entrance and exit
rates for the most viewed pages, which included the Self-Help
Exercises, Mindsteps, and the Screener. The WalkAlong home
page, which acts as the landing page, accounted for 65.6%
(3487/5308) of all entries.

A list of devices used by WalkAlong's users to access the site
ispresented in Table 4, indicating that the platform was accessed
mostly viadesktops (4378/5318, 82.3%). Furthermore, sessions
compl eted via desktops had alower bounce rate (39.6%), higher
pages per session (6.17), and a higher conversion rate (22.7%)
than those completed via other devices.

Table 3. Entrance and exit rates for the most viewed pages.

Song et a

Marketing Strategy

Direct traffic accounted for the highest proportion (2420/5318,
45.5%) of al vidits to the site (Table 5). The combination of
high bounce rate (50.4%) and low conversion rate (11.3%)
among organi ¢ searches suggests that these particular usersdid
not engage much with the site content. Visits via referrals or
social mediasiteshad relatively lesstraffic at 16.0% (849/5318)
and 13.5% (717/5318), respectively, and both had more than
45% bounce rates. Although emails accounted for promoting
only 1.4% of all sessions, they had a low bounce rate of 17%
and along average session duration of 5 minutes 6 secondswith
a conversion rate of 25%, collectively indicating a relatively
strong engagement.

Approximately two-thirds or 67.6% (2079/3076) of the users
belonged to Canada. Users from Canada also had a relatively
low bounce rate (34.35%), high number of pages viewed per
session (6.57 pages per session), and long session duration
(6:10). However, the users accessed the platform from around
the world (Figure 4).

Page Entrances n (%)? Exits (%)b Bounce rate (%)
Home page 3487 (65.6) 29.2 37.6
Depression in Canada 115(2.2) 734 86.1
Self-Help Exercises 70 (1.3) 14 47.9
Mindsteps 62 (1.2) 54 24.2
Screener 55 (1.0) 320 50.9

#The numbers do not add up to 100% because only several of the most viewed pages are included in the table.
bThe exit rate is calcul ated by the number of exits/number of times that page was viewed. Thus, the added percentages are higher than 100% where

each row has different number of exits and the number of pages viewed.

Table 4. Devices used to access WalkAlong.

Device Sessions (N=5318), n (%) Bounce rate (%) Pages per session, n Mean session duration ~ Conversion rate (%)
Desktop 4378 (82.32) 39.6 6.17 5min43s 227

Mobile phone 677 (12.7) 61.6 215 1min53s 7.2

Tablet 263 (5.0) 48.7 3.08 3minl5s 11.8

Table 5. Proportion of total sessions for each type of channel.

Channels Sessions (N=5318), n (%) Bounce rate (%) Pages per session, n Mean session duration ~ Conversion rate (%)
Direct Traffic 2,420 (45.51) 36.6 74 6min38s 244
Organic Search 1,256 (23.62) 50.4 35 3min42s 113
Referrals 849 (16.0) 46.9 35 3min46s 22.6
Social Media 717 (13.5) 4838 46 3min4s 18.0
Email 76 (1) 171 105 7min39s 25.0
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Figure 4. Map overlay about locations of users from Google Analytics.

1 I 2079

Discussion

Overall Engagement

The first year of operation for the WalkAlong platform saw a
total of 3076 users, amounting to 5318 sessions of 5 minutes 6
seconds on average, 29,299 page views, and 31.7% god
completion rate. However, the high proportion of sessions
comprising first visits and short session durations suggest a
degree of disengagement for the users (Tables 1 and 2).
Although the reason for the disengagement isunclear, asit could
also be due to acquiring information that is needed early on,
thisfinding does not contradict the pre-existing concerns about
lack of engagement evidenced by Web-based mental health
interventions [3-5]. These results call for further efforts to
continuously improve the platform to be more engaging.

Platform I mprovement

The platform can a so be improved based on user behavior. For
instance, there could be further efforts to improve engagement
with tools such as the “Mindsteps’ and “ Self-Help Exercises”
The mean duration of 35 seconds spent on Mindsteps or 1
minute 8 seconds spent on Self-Help Exercises may be deemed
too short considering that they are important components of
WalkAlong intended to improve mental health outcomes. The
relatively short time spent on “Mindsteps’ and “Self-Help
Exercises’ needs to be addressed using better engagement
strategies such as improved web design or involving youth to
be part of the design process [26]. The WalkAlong home page
had the highest entrance rate, indicating that users started their
session from this page. Thislanding information reinforcesthe
role of home page serving as the first impression, and
determining the subsequent user behavior [27].

In terms of the devices used to access the WalkAlong platform,
the site was viewed mostly via desktops. However, asthe usage
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of mobile phones is ubiquitous among youth, future
improvements in WalkAlong may benefit from making the
platform more accessible and engaging for mobile phone users
[28,29]. A next step could involve developing a native mobile
phone app version of the WalkAlong website. This could allow
usersto accessthe platform wherever they are without the need
of adesktop.

Marketing Strategy

Thedataindicate that someform of personal referralsindicated
by either email or prior knowledge of the URL (direct traffic)
results in arelatively stronger engagement (ie, longer average
duration, more pages viewed per session, etc) than less personal
channels such as referrals through social media or organic
searches. In other words, direct referrals such as word-of-mouth
strategies among peers could help increase the number of
engaged users[30]. Thismay also include engaging with health
care professionals so they can share the platform’s URL with
their clients.

When observing the location of the users, 67% (2079/3076)
users belonged to Canada. This finding aigns with the limited
marketing strategy used in Vancouver. WalkAlong can be used
by all English-speaking countries, but it can also be used as a
template for other platform developments internationally. The
WalkAlong team could consider spreading awareness beyond
Canada to ensure that such a resource is available to as much
youth population as possible.

Using Google Analyticsasa Tool for Process
Evaluation

Although Google Analytics has provided promising dataon the
usage patterns of the WalkAlong platform, the tool should be
used with careful consideration. For example, comparing the
results across variousinterventionsis currently difficult asthey
serve different purposes with different standardsin the number
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of users, sessions, and page views[19,25]. For instance, Crutzen
et al’ swebsite about sexual health showed 850,895 visitorswith
5 minutes 6 seconds of average visiting time from March 2009
to December 2010 [19]. It can be assumed that this is a much
higher number of visitorswith similar duration of visiting time.
However, with different periods of time being evaluated for a
website serving different purposes, it isdifficult to establish the
standardsfor success. Instead, the overall engagement numbers,
in particular, may be used to observe trends in usage across
different time periodswhere continual evaluation of the platform
is encouraged.

Google Analytics also conforms to a marketing perspective of
Web-based behavior rather than to a full evaluation of user
behavior [20]. Thus, some variables and information available
may not reflect scientific inquiry. This is further complicated
by thefact that Google Analytics provides aggregate datawhere
testing of statistical significance for rigorous research purposes
can be difficult. Furthermore, the validity of various indicators
in measuring user engagement is yet to be established. The
number of users may be inaccurate as a new client id is given
every time the user deletes the browser cookies, switches
devices, or usesadifferent browser. Thismay result in the same
user being counted as anew user [20]. In addition, long session
durations may not, in fact, indicate that users are engaging with
the content or a high bounce rate may not indicate that users
exit the page due to disinterest quickly, as they could have just
quickly found the relevant information they needed. A more
detailed analysis of longitudinal user data or a mixed-method
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assessment to supplement Google Analytics will be important
for amore comprehensive process evaluation [ 31]. For instance,
as this study looks only at the first year of operation of
WalkAlong, a future study could examine subsequent years
comparing internet traffic following changes to the platform,
some of which are based on the recommendations mentioned
in this paper. Overall, Google Analytics, in combination with
other evaluation methods (eg, focus groups, surveys, etc), will
provide more accurate interpretations when conducting process
evaluation.

Conclusion

Google Anaytics was helpful in informing the process
evaluation of an open-access Web-based mental health platform.
The process evaluation provided information about marketing
strategies as well as the aspects of the platform that required
improvement. Ideas for future improvements may include
marketing the WalkAlong platform outside Canadato get more
users from other countries and making the platform more
accessible and engaging for mobile users. The rich aggregate
data, when combined with other evaluation methods, may
provide more accurate interpretations to reinforce or challenge
theseideas. Therefore, future studies should focus on devel oping
amixed methodol ogy that includes Google Analyticsto conduct
process evaluation of open-access Web-based mental health
platforms. With high-quality process evaluation, Web-based
mental health interventions may be not only effective but also

engaging.
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Abstract

Background: It has become possible to use data from a patient’s mobile phone as an adjunct or aternative to the traditional
self-report and interview methods of symptom assessment in psychiatry. Mobile data—based assessment is possible because of
the large amounts of diverse information available from a modern mobile phone, including geol ocation, screen activity, physical
motion, and communication activity. Thisdatamay offer much morefine-grained insight into mental state than traditional methods,
and so we are motivated to pursue research in this direction. However, passive data retrieval could be an unwelcome invasion of
privacy, and some may not consent to such observation. It is therefore important to measure patients’ willingness to consent to
such observation if this approach is to be considered for general use.

Objective: Theaim of this study was to measure the ownership rates of mobile phones within the patient population, measure
the patient population’s willingness to have their mobile phone used as an experimental assessment tool for their mental health
disorder, and, finally, to determine how likely patients would be to provide consent for each individual source of mobile
phone—collectible data across the variety of potential data sources.

Methods: New patientsreferred to atertiary care mood and anxiety disorder clinic from August 2016 to October 2017 completed
a survey designed to measure their mobile phone ownership, use, and willingness to install a mental health monitoring app and
provide relevant data through the app.

Results: Of the 82 respondents, 70 (85%) reported owning an internet-connected maobile phone. When asked about installing
a hypothetical mobile phone app to assess their mental health disorder, 41% (33/80) responded with complete willingness to
install with another 43% (34/80) indicating potential willingness to install such an app. Willingness to give permissions for
specific types of datavaried by data source, with respondents|east willing to consent to audio recording and analysis (19% [15/80]
willing respondents, 31% [25/80] potentially willing) and most willing to consent to observation of the mobile phone screen
being on or off (46% [36/79] willing respondents and 23% [18/79] potentially willing).

Conclusions: The patients surveyed had a high incidence of ownership of internet-connected mobile phones, which suggests
some plausibility for the general approach of mental health state inference through mobile phone data. Patientswere also relatively
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willing to consent to data collection from sources that were less personal but expressed less willingness for the most personal

communication and location data.

(JMIR Ment Health 2018;5(3):€56) doi:10.2196/mental .9539

KEYWORDS

passive sensing; mobile phone sensing; psychiatric assessment; mood and anxiety disorders; digital privacy; mobile apps; mobile

phone; consent

Introduction

The assessment of mood and anxiety disorders is most
commonly performed through clinician interview of the patient
or patient self-report. These assessments question patients about
their feelings and actions in situations throughout their daily
life, asking patients to report the intensity and severity of their
symptoms. A review by Meyer et a [1] found that although
psychological and medical tests/assessments are valid overall,
they have varying degrees of validity, from very low to very
high, due to variations in assessment style and responses.
Patients may be unwilling or unable to answer accurately due
toinaccuracy of recollection[2], psychopathology and/or biases
[3,4], ambiguity in the questions, or lack of comfort with their
clinician, among other factors. Furthermore, the rating scales
employed as part of these assessments are typically not
objective—for example, asking the patient to rate their feelings
of fear or anxiety, for which no objective measures exist.

An adternative to assessing mental disorders based on
descriptions of feelingswould be an assessment in which patient
behaviors are observed and qualified asindicating increased or
decreased severity of the symptoms of the patient’'s mental
disorder. Researchers have begun taking steps toward
behavior-based assessments of mental disorders by employing
mobile phones as sensing platforms to directly measure or
otherwise infer behaviors. Maobile phones are an excellent tool
for this purpose, since most owners carry them throughout their
day [5] and a combination of sensor data and software
techniques can be used to infer high-level behavior and
contextual awareness[5-9]. Perhaps most importantly, amobile
phone offers the potential to collect objective data from the
patient in contrast to the subjective information provided in
interviews or self-reports. The data can be considered objective
because there is no human interpretation or mediation of
information that comes from sensors that directly measure
physical properties. This objectivity of the measurement gives
rise to the potential for objective assessment of mental health
based on those data [10].

Prior research with this style of passively-sensed, mobile
phone-based assessment has shown the ability to measure
patients mental health states relating to disorders such as
depression [11] and bipolar disorder [12,13]. Abdullah et al
[12] used mobile phone datato assess the social rhythm metric,
amarker of stability for individuals with bipolar disorder. They
passively recorded geolocation, ambient light levels,
communication activity, and ambient audio to infer the metric.
Faurhollt-Jepsen et al [11] reported that they could classify the
affective state of patients with bipolar disorder by analyzing
features of the patients’ voices as recorded by the mobile phone
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app developed. Ben-Zeev et a [13] demonstrated that changes
in depression severity were associated with changesin physical
activity, speech duration, and sleep duration, all of which were
measured passively through a mobile phone app. Place et a
[15] generated behavioral indicators from mobile
phone—collected datathat were predictive of clinically assessed
symptoms of depression and posttraumatic stress disorder [15].

While these techniques show promise as novel, objective
assessment tools, they rely upon the collection and processing
of large amounts of private data from a patient’s mobile phone.
Thispresents several challengeswhen requesting patient consent
to provide this data. Records of a patient’s whereabouts and
communications could result in health care providers being
subpoenaed for these records by law enforcement agencies. As
a result, patients may not be willing to consent to wholesale
collection of these datafor fear of potential legal ramifications.
Patients may also feel uneasy knowing that their health care
providers have the ability to scrutinize their actions and
communications on avery fine-grained level. Thisis aspecific
concern for patients with anxiety disorder. In particular, for
those with social anxiety disorder, where a source of anxiety is
the fear of judgment from others [16], personal data collected
from a mobile phone could potentially form the basis of that
judgment. Furthermore, a patient may also fear the possibility
that their data could accidentally become public and reveal
confidential thoughts, feelings, and behaviors or that perhaps
there could belega implicationsif the government wereto have
access to the data[17].

For the researchers and practitioners interested in designing,
experimenting with, and deploying these kinds of mobile
phone—based assessment tools, it will be important to have a
sense of the patient population’s willingness to consent to the
necessary data collection. A number of studies have surveyed
the general consumer population to determine the adoption of
Internet of Things [18-20] and wearable technologies [21,22]
for health care purposes, and all clearly identified privacy
concerns surrounding the data collected by these technologies.
However, it isimportant to know specifically which sources of
data available for collection on mobile phones are of most
concern and therefore least likely to achieve consent. This
question was also raised by Torouset al [23], who, in their study
of patient interest in using mobile apps to monitor their mental
health conditions, state that they did not address specifically to
which sources of information patientswould bewilling to grant
access. Thisinformation would alow researchersand devel opers
to build systemsthat do not rely on unlikely-to-consent sources
of dataor to do extrawork to find ways to address the concerns
of patients on particular sources of data collection. It also gives
insight into potential barriers that clinicians and researchers
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would need to address in order to deploy such systemsin a
health care setting.

The objectives of this research were as follows: first, since
mobile phone—based assessment requires that patients own a
mobile phone and use it regularly, it is necessary to measure
the ownership rates of mobile phones within the patient
population. We also seek to gauge the patient population’s
willingness to enroll in research studies in which their mobile
phone would be used as an experimental assessment tool for
their mental health disorder. Finally, and most importantly, we
seek to determine how likely patients would be to provide
consent for each individual source of mobile phone—collectible
data across the wide variety of potential data sources.

Methods

Participants and Procedure

Participants included 82 individuals referred to the START
(Stress, Trauma, Anxiety, Rehabilitation, Treatment) Clinic for
Mood and Anxiety Disorders, atertiary care mood and anxiety
disorder clinic for the management of their symptoms, located
in the city of Toronto, Ontario, Canada. Mae and female
genderswere equally represented with 46% (38/82) males, 46%
(38/82) females, and 7% (6/82) individualswho did not respond
to aquestion on gender. The average age of the participantswas
41 (SD 14.0) years old. All new intakes and existing patients
(ie, any patients in the waiting room) from August 2016 to
October 2017 were recruited for the survey while waiting for
their appointment with a clinician. Patients were asked to
complete a pen-and-paper questionnaire designed to achieve
the goals stated above. The questionnaire underwent ethics
review by Optimum Clinical Research (protocol number
WS2382578), and al respondents provided informed consent
before compl eting the questionnaire.

Materials

The questionnaire designed for this study consisted of 13
self-report questions. The introduction to the questionnaire
provides context to the questions which follow by presenting
the concept of mobile phone apps as a potential supplement or
replacement to questionnaire-based methods of mental health
assessment. It is explained that the collection and analysis of
datafrom patients’ mobile phones may assist their cliniciansin
providing better care yet may also impact their privacy. The
guestions, therefore, are to survey people’s willingness to
provide sources of information to clinicians and researchersin
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ascenario where ahypothetical mobile phone app wereinstalled
onto their personal maobile phone.

The questions are listed in Textbox 1. Questions 1 through 3
assess general mobile phone use, ownership information, and
willingnessto install an app that might hel p with mental health.
Questions 4 through 12 ask respondentsif they would bewilling
to share a specific source of data available on their mobile
phone. The final question asks which specific brand of phone
the respondent uses. For the 2 most potentially rich sources of
information, SMS (short message service, or text) messages
and raw ambient audio recordings made using the device's
microphone, multiple questions are posed in which the amount
of information and granularity of the data collection are varied.
For example, question 5 asks if respondents would allow
collection of SMS metadata (which doesn’t contain the content
of the message but surrounding information such as who the
message was sent to/from and when message occurred), while
guestion 6 asks respondents if they would allow analysis into
the contents of their messages for the purposes of extracting
potentially clinically relevant words.

Questions 10 through 12 are audio-related. Question 10,
concerning the least detailed of the 3 audio data sources, asks
respondentsif they would share audio metadata, while question
11 concerns willingness to have speech recognition (word
detection) performed upon their audio. Question 12 assesses
willingness on the most detailed personal data: the unrestrained
analysis of ambient audio.

Analysis

Responses to questions 1 through 12 were coded as ordinal
variableswith 2 (yes and no responses) or 3 levels (yes, maybe,
and no responses). When respondents chose to use the other
categories of response and provided free-form text, these
responseswereinterpreted aseither ayes, maybe, or no response
and coded accordingly. Responsesto question 13 (on the phone
brand type) were coded as a categorical variable. To test for
correlation between responses to questions and respondent age,
the Spearman rank correlation coefficient (Spearman p) was
computed along with P values to test against the aternative
hypothesis that the correlation was nonzero (using the exact
permutation test). To test for associations between responses
to questions and respondent gender, responses were
cross-tabulated by gender and a chi-squaretest for independence
was performed (2-tailed). All statistics and tests were computed
using MATLAB software version 2014b (MathWorks).
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Textbox 1. Survey questions.

1. Do you own a mobile phone and use it daily?

(a) Yes, (b) Yes, but not daily, (c) No

2. Do you connect to the internet on your mobile phone, either using a mobile data plan or Wi-Fi?

(@) Yes, (b) No

3. Would you be willing to install and use a mobile phone app to help your doctor better diagnose mental health problems and/or provide treatment?
(a) Yes, (b) Maybe, but | would need to know more information first, (c) No, (d) Other—specify

4. Would you be willing to have the app collect and share your location? This would use your mobile phone’s Global Positioning System and would
pinpoint your location on a map from time to time throughout the day.

(a) Yes (b) Maybe, but | would need to know more information first (c) No (d) Other—specify

5. Would you be willing to have the app record the number of contacts you call or send SMS (text messages) to and the dates and times when you
phone or text them? The identities of your contacts would not be shared.

(a) Yes, (b) Maybe, but | would need to know more information first, (c) No, (d) Other—specify

6. Would you be willing to have the app read the contents of your text messages to look for keywords related to mental health? (For example, looking
for the use of words like “tired,” “depressed,” or “happy.”) The whole text messages would not be shared, only detected keywords.

(a) Yes, (b) Maybe, but | would need to know more information first, (c) No, (d) Other—specify

7. Would you be willing to have the app record every time you create a calendar entry in your calendar app? The specifics of the calendar entry or
event would not be shared, only the date and time that you create or modify it.

(a) Yes, (b) Maybe, but | would need to know more information first, (c) No, (d) Other—specify

8. Would you be willing to have the app record every time you turn your phone's screen on or off (using the power or lock button)?

(a) Yes, (b) Maybe, but | would need to know more information first, (c) No, (d) Other—specify

9. Would you be willing to have the app use its sensors to try and detect if and when you are walking, running, in acar, or standing still?
(a) Yes, (b) Maybe, but | would need to know more information first, (c) No, (d) Other—specify

10. Would you be willing to have the app occasionally turn on and use the phone's microphone to record the sounds of your surroundings? This audio
would be used by the app to try and classify your surrounding as loud, quiet, or busy, but it would not attempt to recognize any words that you or
people around you speak nor would it be listened to by humans. It would not record your phone calls, only ambient audio from time to time when you
are not making a phone call.

(a) Yes, (b) Maybe, but | would need to know more information first, (c) No, (d) Other—specify

11. Consider the same scenario as question 10, but in this case the app will also detect and recognize specific words being spoken aloud by you or
anyone else present in the recording. The app would attempt to recognize specific keywords like “tired,” “depressed,” or “happy.” This speech
recognition would be done in software by the app, and the audio will never be listened to by humans.

(a) Yes, (b) Maybe, but | would need to know more information first, (c) No, (d) Other—specify

12. Consider the same scenario as question 11, but in this case the app is a so able to perform any software-based processing to the recorded audio in
order detect things that may be relevant to your mental health. This processing (in whatever form) would be done in software by the app, and the audio
recordings will never be listened to by humans, nor will humans ever read atranscript of the recordings.

(a) Yes, (b) Maybe, but | would need to know more information first, (c) No, (d) Other—specify
13. What type of phone do you use daily? If you use multiple phones (work and personal), please select whichever correspondsto your personal phone.

(a) iPhone, (b) Android, (c) Blackberry, (d) Windows Mobile phone, (€) Other—specify

phone app to help their doctor better diagnose mental health
problems and/or provide treatment, 41% of respondents (33/80)
indicated that they would be willing to install and use such an
app, with another 43% of respondents (34/80) indicating that
they may be willing to use such an app, provided they were
given more information about how the app functioned. Only

Results

Of the 82 respondents, 73 (89%) reporting owning a mobile
phone and using it daily (question 1). Rates of internet usage
are also high, with 85% (70/82) of respondents reporting that
they connect to the internet using their mobile phone (question o -
2). Al respondents reported owning either iPhone, Android, 16% respondents (13/80) indicated absolute unwillingness to
Blackberry, or Windows Mobile mobile phones; AppleiPhones  USe Such an app. Table 1 presents how responses to these
constituted 45% (35/78) of all mobile phones, Android devices  Auestions (questions 1, 2, 3, and 13) correlate with respondent
constituted 57% (37/78), Blackberry constituted 6% (5/78), and @3¢ and how the responses are associated with respondent
Windows Mobile the remaining 1% (1/78) (question 13). 9ender.

Regarding question 3, willingness to install and use a mobile
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Survey questions 4 through 12 asked respondentsif they would
be willing to grant the hypothetical mental health monitoring
app permission to collect a variety of data sources from their
mobile phone. The responses corresponding to each permission
(data source) are presented in Table 2. Figure 1 provides a
graphical representation of this data, along with respondent

Di Matteo et a

willingnessto install the app. It isworth noting that nearly none
of the survey questionswere strongly correlated with respondent
age or associated with respondent gender. There is a weak
positive correlation, however, between willingness to consent
to audio recording and respondent age.

Table 1. Correlation with respondent age and association with respondent gender for mobile phone statistics and general willingnessto install amental

health monitoring app.

Question topic Correlation with respondent age  Association with respondent gender
p P value X%, P value
Mobile phone ownership (Q1) 0.08 .50 281 24
I nternet-connected mobile phone usage (Q2) -0.09 46 158 21
Mobile phone types owned (Q13) -0.10 43 1.52 .68
Respondent willingness to install amental health monitoring app (Q3) 0.10 A4 1.86 .39
Table 2. Survey respondent willingness to grant permission by category.
Permission Willing to grant permission, n (%) Correlation with respondent age  Association with respondent gender
Yes Maybe  No p P value X%, P value
GPS? [ocation (Q4) 28(35) 26(33) 26(33) -0.07 .60 0.18 01
SMS” metadata (Q5) 24(30) 22(28) 34(43) 0.13 31 1.00 .61
SMSS contents (Q6) 16(20) 21(27) 42(53) 0.02 13 6.30 04
Calendar (Q7) 26(33) 26(33) 27(34) -0.03 .83 4.73 .09
Screen on/off (Q8) 36(46) 18(23) 25(32) 0.00 97 0.48 .79
Motion sensors (Q9) 33(42) 20(26) 25(32) -0.04 .76 118 .55
Audio metadata (Q10) 16(20) 18(23) 46 (58) 0.25 04 458 .10
Audio keywords (Q11) 14(18) 20(25) 46 (58) 0.29 02 2.25 33
Audio unrestrained (Q12) 15(19) 25(31) 40 (50) 0.32 .01 467 .10

3GPS: Global Positioning System.
bsMs: short message service.

Figure 1. Respondent willingnessto install app and grant permissions. GPS: Global Positioning System; SMS: short message service.
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Discussion

Principal Findings

M obile phone ownership ratesin the patient population surveyed
in this study are high, with 89% of respondents reporting that
they own a mobile phone and use it daily and 85% of patients
connect to the internet with it. These results indicate that, in
general, lack of mobile phone ownership itself will not present
a barrier to the use of mental health monitoring apps in the
future. Thisisfurther evidenced by American [24] and Canadian
[25] mobile phone ownership statistics.

The vast majority of respondents reported owning either an
iPhone (45%) or an Android device (47%). This corroborates
surveys conducted by Gartner in 2018 [26] which indicate that
Android and iOS, collectively, comprise 99.8% of the mobile
phone operating systems. As each platform can require
significant effort to support, this is relatively good news that
suggeststhat devel opment solely oniOS and Android platforms
is sufficient to support the vast majority of patients.

We observe that overall respondents’ reception toward the
notion of installing amental health monitoring app is generally
positive, with 84% answering either yes or maybe when asked
if they would install and use such an app on their mobile phone.
This finding shows that there is a general positive interest in
using mobile phone apps to aid in mental health assessment.
Considering that the questionnaire expresses that such an app
is believed to help both clinicians and patients but makes no
claims about proven effectiveness nor does it quantify said
effectivenessin any way, it is plausible that if such apps areto
be developed and proved to be effective that rates of adoption
may be higher than reported in this study once patients are
presented with these findings.

Respondent willingness to provide access to particular sources
of datavariesfrom aminimum of 43% answering yesor maybe
in the case of audio metadata or keyword extractions (questions
10 and 11) to a maximum of 68% answering yes or maybe in
the case of screen state (question 8). We feel that these results
are encouraging considering the survey does not alay any
potential fearsthat may be held by the respondents with regard
to data security or data access. In a production-ready app, data
security islikely to be aconsiderable point of focus, with efforts
to encrypt data in transit and at rest. Furthermore, it may be
possible to develop automated software algorithms to process
much of theraw dataand report higher level statistics of interest
to clinicians[27,28], addressing patient fears that others would
be scrutinizing them personally by, for example, reading their
text messages or listening to their audio recordings. As our
survey did not address any of these points, it may be possible
that responses would be more positive given these guarantees.

It is worth noting that data sources that are low resolution in
terms of providing personal or private information, such as
screen state (Q8) and motion sensor data (Q9), are the most
likely to be granted. Contrast thiswith sources of datathat offer
much more insight into a person’s private life, such as the
contents of SMS messages (Q6) and unrestrained audio
recording and analysis (Q12), which are among the least likely
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to be granted (only 20% and 19% yes responses, respectively).
This could be interpreted as evidence toward the hypothesis
that fear of scrutiny is responsible for unwillingnessto provide
access to data. If that hypothesis was supported, then this
suggests that any automated analysis of data that removes
humans from direct observation of the source data may be a
method to improve patient willingness to provide data access.
Further research isrequired to explore this hypothesis, however.

Comparison With Other Studies

The rates of mobile phone ownership and use measured in this
work is roughly in line with previous research in other areas.
The results reported in this study are most similar to those
measured in the United States, with a high 70% [29] to 80%
range [30]. The predominance of Android and iOS devices
within the population under study is also in line with current
market statistics [26]. The mobile phone ownership and use
measured in this study was somewhat lower than the 96% rate
measured by Zhang et a [31] in a Chinese population.

While existing work demonstrates that mobile phone and/or
wearable-based health assessment tools are being adopted
despite concernsaround privacy [21,22], the authors are unaware
of any studiesthat have attempted to determine precisely which
sources of data cause most concern. In the broader field of
mobile phone apps in general (ie, without a focus on mental
health care apps), Felt et al [32] found that SM S messageswere
the data source that was most cause for concern, more so than
Global Positioning System (GPS) location. While they did not
consider audio recordings, the identification of SM'S messages
being moreinvasive of privacy than GPSlocationisinlinewith
our results. A similarly broad study into mobile phone user
perceptions of privacy and security found that older users
exhibited more privacy and security concerns [33]. Thisisin
contrast with the population studied in this work, as we have
measured a positive relationship between age and willingness
to consent to audio recordings (ie, older people are morewilling
to consent to audio collection).

Limitations

Onelimitation of the study isthe small, concentrated population
of respondents. All respondents presumably live within the
Toronto area, and it isnot clear how theseresults may generalize
to the greater Canadian population or beyond. Another limitation
of the study isthe survey design. It is clear that respondents, in
general, require more information to provide a sense of their
willingnessto provide accessto data, asthe proportion of maybe
responses averaged across questions 4 through 12 was nearly
one-third of respondents (28%). As mentioned earlier, 2 key
pieces of information that would help respondents make more
informed decisions are the effectiveness of the app in helping
to monitor or manage their mental healthif the dataare provided
and the risks involved and the steps being taken to protect the
patient’s privacy. Conveying both of these pieces of information
to prospective app users will be a challenge for health care
providers willing to employ mobile mental health apps.

Another fundamental limitation of this study is one inherent to
surveys in general: it is not clear that survey respondents who
expressed interest in the hypothetical app and willingness to
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consent to collection of their datathrough theapp would actually  Conclusion
consent in areal-life scenario involving real mental health apps.
We surmise this would depend upon how effective the apps
were shown to be and what patient perception of theriskswould way, it is helpful for researchers to understand how patients
be. may respond to requests for access to their persona data
Finally, it would be interesting for future work to determineif ~ General interest in such an app is moderate, with 41% of
there were any measurable differences between how patients ~ respondentsindicating they would install amonitoring app and
with different disorders might consent to access to their data.  43% of respondents indicating they may install such an app.
One interesting hypothesis to test would be whether patients  Willingness to provide data collection across different sources
with social anxiety disorder, who fear evaluation and scrutiny, — rangesfrom 18% to 46%, with moreintrusive or private sources
would be less likely to provide data access, possibly duetothe  of data being more likely to be withheld. Finally, we support

fear of observation or judgment from others characteristic of ~ previous findings [24,25] that show mobile phone technology
the disorder [34]. adoption alone will not pose a significant problem to fielding

mental health apps, as 85% of respondents reported using an
internet-connected mobile phone daily.

Given the potential for mobile technology to help patients
monitor their mental health symptomsin apassive and pervasive
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Abstract

Background: Emotions affect our mental health: they influence our perception, alter our physical strength, and interfere with
our reason. Emotions modulate our face, voice, and movements. When emotions are expressed through the voice or face, they
are difficult to measure because cameras and microphones are not often used in real lifein the same laboratory conditions where
emotion detection algorithms perform well. With theincreasing use of smartphones, the fact that wetouch our phones, on average,
thousands of times a day, and that emotions modulate our movements, we have an opportunity to explore emotional patternsin
passive expressive touches and detect emotions, enabling us to empower smartphone apps with emotional intelligence.

Objective: Inthisstudy, we asked 2 questions. (1) Asemotions modul ate our finger movements, will humans be ableto recognize
emotions by only looking at passive expressive touches? (2) Can we teach machines how to accurately recognize emotions from
passive expressive touches?

Methods: We were interested in 8 emotions: anger, awe, desire, fear, hate, grief, laughter, love (and no emotion). We conducted
2 experiments with 2 groups of participants: good imagers and emotionally aware participantsformed group A, with the remainder
forming group B. In thefirst experiment, we video recorded, for afew seconds, the expressive touches of group A, and we asked
group B to guess the emotion of every expressive touch. In the second experiment, we trained group A to express every emotion
on a force-sensitive smartphone. We then collected hundreds of thousands of their touches, and applied feature selection and
machine learning techniques to detect emotions from the coordinates of participant’ finger touches, amount of force, and skin
area, al asfunctions of time.

Results: Werecruited 117 volunteers: 15 were good imagers and emotionally aware (group A); the other 102 participants formed
group B. In the first experiment, group B was able to successfully recognize all emotions (and no emotion) with a high 83.8%
(769/918) accuracy: 49.0% (50/102) of them were 100% (450/450) correct and 25.5% (26/102) were 77.8% (182/234) correct.
In the second experiment, we achieved a high 91.11% (2110/2316) classification accuracy in detecting all emotions (and no
emotion) from 9 spatiotemporal features of group A touches.

Conclusions; Emotions modulate our touches on force-sensitive screens, and humans have a natural ability to recognize other
people's emotions by watching prerecorded videos of their expressive touches. Machines can learn the same emotion recognition
ability and do better than humans if they are allowed to continue learning on new data. It is possible to enable force-sensitive
screens to recognize users’ emotions and share this emotional insight with users, increasing users emotional awareness and
allowing researchers to design better technologies for well-being.

(JMIR Ment Health 2018;5(3):€10104) doi:10.2196/10104
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Introduction

Background

Emotions are distinct natural entities that involve the mind and
the body. They modulate our physiology by increasing or
decreasing variables such as heart rate, respiration, and body
temperature, and our psychology by altering perception, beliefs,
and virtual images [1,2]. Emotions seek expression, and they
use one or many mator outputs (sequentially or simultaneously)
to fulfill their need to be expressed: face, voice, arms, and legs
are used in a combination of one or many outputs to express
emotions depending on the context, the physical condition of
the body, the available means of communication, and the choice
of the expresser [1].

Touch is a profound form of communicating emations, and
many researchers have studied its use in and impact on health
and well-being [1,3-9]. A few minutes of daily touches not only
enhance growth and weight gain in children, but also lead to
emotional, physical, and cognitiveimprovementsin adults[6,7].
Touch releases hormones and neuropeptides, and stimulates our
bodies to react in very specific ways: the levels of blood
pressure, heart rate, and cortisol change, and the hippocampus
areaof thebrainisactivated for memory [3]. Humanscan easily
communicate and sense emotions conveyed through touch [8,9];
babies respond well to touch [4] and loving touches are critical
to the health of premature infants[5].

We use touch to communicate with many devicesin our daily
lives. Asmachineinterfaces are engaging users more frequently
and tend to mimic human-human interactionsto facilitate natural
communications, it is becoming key to develop new agorithms
for the new interactive and sensitive touch screens to capture
and recognize users emotions and increase the level of
emotional intelligence of both users and their devices.

Emotional intelligence, or our ability to recognize and regulate
our own emotions and those of others, iskey to communicating
well. Recognizing emotions when they are expressed and
regulating them in ourselves and others helps us achieve
effective communications and maintain good mental health
[10-12].

Emotional artificial intelligence, or a maching's ability to
express emotions and recognize and regulate users’ emotions,
has also become a key capability of an intelligent machine
enabling effective interactions with its users [13]. Various
methods are being used and technologies are being built to
detect users emotionsasthey interact passively or actively with
machines. The most commonly used techniques for emotion
recognition are one or a combination of many of the following
approaches: text, facial expressions, voice tones, biosensorsand
body movements, and gestures.

Many technologies have implemented facial coding and voice
analysistheoriesto recognize emotions, but none have explored
the touch theory [1]. Software technologies analyze the face,

http://mental .jmir.org/2018/3/€10104/

tone of voice, and textua natural languageto recognize emotions
[14]. 1t is difficult to fulfill the requirements of these
technologies and measure emotions accurately in real-life
situations. It is essential to find and add other more accessible
way's to measure emotions: that is, mobile phone use and touch
screen behavior.

Emotion recognition techniques using text process words and
sentencesin aparticular language. The most common techniques
process natural language and extract emotions and sentiments
from writings and conversations found in books, blogs, chat
rooms, and social media platforms [15]. One of the biggest
challenges of thismethod isto recognize emotionsin the context
of thetext. An emotion can be expressed without using theword
that denotes it or any of its synonyms. New words and
expressions can be created, or words from other languages or
sarcasm can be used to express emotions, which makes the task
of recognizing emotions very difficult [16].

Usually, facial emotion recognition techniques segment images
of the face into specific regions and analyze their movement.
Regions of interest include cheek, chin, wrinkles, eyes,
eyebrows, and mouth [17]. Different classification techniques
are then applied to recognize emotions [18]. New studies have
claimed that faces alone do not universally communicate
emotions, and that conceptual knowledge supported by language
is necessary to distinguish and recognize emotions [19,20]. In
addition, astatic image does not convey theinformation related
to the dynamic form of the expression to accurately recognize
emotions.

Speech emotion recognition techniques analyze the tone of
voice and other speech features to detect emotions and their
dimensions. Various methods and interfaces have been designed
to extract various features from speech signals, and they are
usually adapted to a particular language. The tone of speech
varies with different cultures. A person from a certain ares,
talking in a normal tone, might sound angry to someone from
another culture due to differences in normal speed and volume
between the two cultures. Someone talking in a low and slow
tone might appear as sad for some and polite for others.
Additionally, speaking in real-life conditionsis corrupted with
various noises. This makes it hard for a machine to isolate a
particular voice and recognize emotions [21].

Emotion recognition using biosensors monitorsthe physiological
variables of the autonomic nervous system (ANS) that are
affected by emotions. Biosensors can beinvasive or noninvasive
and collect variables in the ANS including heart rate, skin
conductance, heart rhythm, blood volume, and temperature to
recognize emotions through changes in their patterns. Spatial
and tempora analysis of the brain’'s activity are two other
techniques that are used to recognize emotion [22]. Functional
magnetic resonance imaging focusses on identifying the regions
of the brain involved in expressing emotions, and
electroencephal ography monitors the electrical activity of the
brain to recognize emotions. Different clustering and eval uating
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techniques are then used on these physiological changes to
detect emotions. But consistent and universal patterns in the
ANS in relation to emotions have not been found, and many
technical challenges are still to be solved [12,23,24)].

Body movements and finger gestures are other ways of
expressing emotions. Features such asamplitude, speed, fluidity,
shape of movements, and motion direction are being extracted
from expressive children and adults, and various methods and
techniques have been applied to recognize emotions [25-27].
A body action and posture coding system has been devel oped
recently to enhance the understanding of the role of body
movements in expressing emotions [28]. But emotion
recognition based on body movements and gesturesis the | east
popular way of evaluating emotions. Tracking body movements
and gestures in 3 dimensions is difficult and requires many
sensors, which is one of the major drawbacks of this method.

Multimodal approaches have also been used to recognize
emotions. By analyzing two or many measures from the face,
voice, text, or ANS, these approaches provide better accuracy
than do individual modalities but are complex and not easy to
replicate or scale [29-31].

In the last few years, researchers have started to explore
correlations between emotions, features from smartphones, and
gestures [28,32]. Analyzing data from a smartphone's
accelerometer predicted the emotional dimension of arousal
with an accuracy of 75% [33]. Anayzing the length, time,
velocity, and pressure of finger strokes on a smartphone
predicted the emotional dimension of valence with 84.9%
accuracy [34]. Anayzing features extracted from textual
contents and user typing predicted anger, disgust, happiness,
sadness, neutrality, surprise, and fear with 72% accuracy [35].

The worldwide number of maobile phone users is expected to
passthe 5 billion mark by 2019 [36]. M ost of the mobile market
growth can be attributed to the increasing popularity of
smartphones. Userstouch their smartphones thousands of times
a day [37]: they play games, purchase products, and interact
with other usersin chat roomsand social mediaplatforms. Users
spend 54 minutes to 3.8 hours per day on their smartphone.
Among 16- to 24-year-olds, 94% possess a smartphone and
spend up to 4 hours per day on it. They open an app every 15
minutes because they feel the urge to do so: it is difficult for
most of them to reduce the time spent on asmartphone or control
the frequency of its use [38]. Addictive behaviors are dictated
by uncontrolled emotions, where reasoning and logical thinking
isnot applied [2,39]. The World Health Organization classifies
addictive behaviors for technology as a mental health problem
[40].

It is thus essential to develop technologies for emotional
awareness and help users establish a healthy communication
between reason and emotionsto lower addictive behaviors and
suffering, improve decision making, and increase well-being
[41].

Objective
This study explored the power of touch and its potential to

convey distinct emotions when it is used as a means to
communicate with apps and distant users via force-sensitive
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smartphones. Our ultimate goal isto increase users' emotional
awareness by powering smartphone apps with touchscreen
emotional intelligence. We hope to open new opportunities for
designers to create new interactive emotional experiences,
provide emational inputs for developers to enrich their apps,
and offer insight for researchersto better understand emotions
in the context of human-computer interactions.

We conducted 2 experiments in this study to recognize anger,
awe, desire, fear, hate, grief, laughter, love, and no emotion.
Experiment 1 examined whether humans are able to recognize
the emotions by looking at passive expressive touches.
Experiment 2 collected features of expressive touches of
emotionally aware participants with good imagery ability and
used machine learning techniques to predict emotions.

Methods

Emotions

Emotions are complex entitiesthat often cannot be defined with
just one single word. Naming an emotion is labelling the
qualities of its psychophysiological manifestation, and these
qualities are not precisely known. Naming by language the
experience of anger is not a guarantee of the existence of a
simple and clear psychophysiologica pattern. Anger is not a
simple entity, and complex and mixed patterns may have simple
names. Sometimes the naming is, to a degree, confused and
confusing. Some emotions remain nameless.

In this study, we wereinterested in what we define as biol ogical
emotions or nonverbal emotions for which language is not
required when they are communicated. We listed 8 emotions
(and no emotion) that we considered to be biological, and we
hypothesized that they are easily recognizable by a perceiver if
expressed authentically: anger, awe, desire, fear, grief, hate,
laughter, and love, as well as no emotion. The main word we
coined for each emotion is approximate and not unique.
Translating our words to other languages and explaining them
to our participantsrequired that we define every individual word
by describing how people react and what they say and do when
they are under the influence of that emotion. Table 1 describes
our 8 biological emotions.

In addition to these descriptions, we added a set of images and
videos showing peopl€e's faces, speech, and body movements
for every emation. We collected this multimedia content from
the internet. We were inspired by the International Affective
Picture System [42] and the affective videos of the Laboratoire
d'Informatique en Image et Systemes d’information Annotated
Creative Commons Emotional Database[43], and standardized
in terms of its audio and visua characteristics (brightness,
loudness, distance, color, and size).

Participant Recruitment

We recruited and screened volunteers and smartphone users
before assigning them into 2 groups to participate in 2
experiments. We contacted alocal volunteer center and posted
advertisements on websites asking people above 16 years old
who were interested in emotions and technology to participate
in our study for free.
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Table 1. Labels, descriptions, and synonyms of the 8 biological emotions (and no emotion).
Label Description Synonyms
Anger When you are angry, you boil, react, object, yell, or swear. You say words or expressions like “fuck,” “shit,” Frustration
“no,” “stop,” or other synonyms silently in your head or loudly in your own language, usually your native lan- Rage
guage. Fury
Awe When you are in awe, you freeze or slow in contemplation. You disconnect from distractions and get absorbed Interest
by the object of your awe. You are speechless and cannot link what you discover with what you aready know. Discovery
Contemplation
Desire When you desire, you want, crave, need, and starve for. You say words or interjections like “yummy,” “come,” Need
“tasty,” “want you,” or other synonymssilently in your head or loudly in your own language, usually your native Lust
language. Want
Fear When you fear, you withdraw, hide, freeze, or tremble. You remain silent or say words or expressions like “no” Scare
or other synonyms silently in your head or loudly in your own language, usually your native language. Panic
Terror
Grief When you arein grief, you are very sad, and feel helpless and weak. You suffer and feel pain. You cry, moan, Agony
and whimper. Mourning
Sadness
Hate When you hate, you destroy, crush, and break. You say words or expressions like “perish” or “di€” in your head Detestation
or loudly in your own language, usually your native language. Loathing
Vengefulness
Laughter When you laugh, your breath and voice are chopped and your eyes twinkle and tear. You repeat “Haha’ or Chuckle
other sounds while you move in the same rate as you laugh and emit sounds. Giggle
Excitement
Love When you love, you care, protect, comfort, and maintain the state of the loved object. You smile, remain silent, Affection
or say words or expressionslike “dear,” “cute,” or “sweet” in your head or loudly in your own language, usually Delight
your native language. Joy
No emotion  When you are not under the influence of an emotion, you reason with ease. Counting from 1 to 10 while seeing Reasoning
or visualizing the numbersin your head is an example of avery simple and unemotiona state. Thinking

«  Counting

Grouping Procedure

We invited all volunteers to complete 2 tests: the Levels of
Emotional Awareness Scale (LEAS) to assess their emotional
awareness [44]; and the Questionnaire Upon Mental Imagery
(QMI) to assess their imagery ability [45,46]. For the purpose
of our study, and the requirement to express pure and authentic
emotions in both experiments, we needed all participants in
group A to be not only emotionally aware, but also able to
physiologically react to imaginary emotional situations. Only
20 participants among the 117 volunteers accepted to take the
tests and apply to be part of group A.

The LEASisan open-ended test in which we assessed the ability
of volunteers to use emotion words in various situations to
describe their feelings and the feelings of others [44]. A total
of 20 volunteers answered 20 questions describing 20
emotionally evocative situations, and we hand-scored their
responses. The scoring was as follow: 0 was given to
nonemational responses or when a response described thought
instead of feeling; 1 was given when participants described
physical awareness (eg, “I feel tired”); 2 was given when a
response describ