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Abstract

Objective: Smartphones are being used with increasing frequency to deliver behavioral interventions for depression

via apps. However, barriers specific to using an app for depression are poorly defined. The purpose of the current study

is to identify barriers to the use of a mobile app to deliver treatment for depression. Secondarily, design implications will be

provided based upon identified barriers.

Method: A card sorting task that ranked and grouped barriers to the use of apps for depression was completed. Participants

first completed a card sorting task identifying barriers to face-to-face treatment, as a primer to identification of treatment

barriers. The sample consisted of those above (n¼ 9) and below (n¼ 11) the threshold for a referral to psychotherapy, to

capture anticipated barriers for likely end users. Cluster analyses were conducted to analyze the card sorting data. Multiple

analyses were conducted to identify: 1) the most important barriers, and 2) how consistently barriers were ranked as

important.

Result: The card sorting task identified a number of primary barriers to the use of apps for depression treatment, including

concerns over intervention efficacy, app functioning, privacy, cost, and lack of guidance and tailored feedback. The top face-

to-face treatment barrier was cost, overlapping with mobile barriers.

Conclusion: This study identified perceived barriers to the use of mobile treatment apps. Identification of barriers implicates

design recommendations for apps for depression.
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Introduction

Depressive disorders are the leading cause of disability
worldwide.1 While efficacious treatments for depression
exist,2 multiple barriers interfere with the initiation and
maintenance of face-to-face (i.e. traditionally delivered)
treatments.3 Therefore, to address this mental health
epidemic, significant changes must be made in the strat-
egy with which interventions are delivered. To extend
care capacity, technologies are being integrated into
multiple health care systems as a mechanism for
delivering behavioral health interventions.4�6 The use
of web-based delivery platforms has demonstrated effi-
cacy across a broad range of mental health outcomes,7,8

however, barriers to this delivery method, such as
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needing to be in front of a computer, impact uptake
and usage.9 Consequently, a small, but growing body of
research is examining the efficacy of smartphone apps
to deliver behavioral interventions,10�14 as they offer
the potential to provide a nearly continuous connection
between a care system and patients.

As smartphones grow in popularity, their ability
to serve as a delivery mechanism for behavioral
health interventions with the potential to reach
increasingly broad communities increases. Indeed,
a growing number of people are becoming smart-
phone-dependent.15,16 Smartphone-dependency is
defined as owning a smartphone, not having broad-
band internet access at home, and having limited abil-
ities to access the internet outside of a smartphone.15

Through their instantiation in smartphones, apps are
ideally suited to be accessed by users in real-time and in
real-world conditions,17 likely overcoming many previ-
ously identified barriers to interventions delivered via
face-to-face and computers.3,9 However, multiple
issues exist. First, while there are some initial, promising
mental health app outcomes,10�14 the efficacy of such
apps remains primarily unknown.18 Second, while
apps may address many barriers to more traditional
delivery mechanisms, they likely have unique barriers
of their own. While barrier identification is secondary
to the primary issue of efficacy, the quick turnover of
technology and the ubiquity of mental health apps make
this an issue worth exploring concurrent with ongoing
efficacy trials.18�20 Indeed, identifying these barriers is
critical to the success of future iterations of apps in
delivering care to those with depression, particularly
for those likely to face substantial known barriers to
accessing traditionally delivered care.

Identifying barriers will allow us to make changes in
the design of mental health treatment apps. For exam-
ple, if concerns regarding efficacy of an app in address-
ing psychological symptoms is a barrier, design could
shift to include providing specific psychoeducation at
download, related to currently established and/or the-
oretical efficacy. However, without identification of
such barriers, app designers must primarily rely on
intuition.21 This promotes a risk that design choices
will create a mismatch with the needs or perceptions
of the user for this delivery mechanism. Identification
of barriers may therefore improve the information
available for those who design and develop apps.

The means to identify barriers to the use of apps for
depression may include a number of strategies, ranging
from self-report questionnaires to moderated focus
groups. However, a methodology that has been com-
monly used to inform multiple design processes and
decisions is a card sorting task.22 Card sorting tasks
are designed as a means to categorize and organize
variables and ideas.23 Card sorting therefore enables

the identification of potential end users’ perception of
barriers to the use and uptake of apps for depression.
To our knowledge, card sorting tasks have not been
used previously as a means to identify barriers to use
of mental health apps.

The purpose of the current study is to identify user
perceived barriers to the initiation and maintenance of
apps for depression. The aims of completing the card
sorting tasks therefore are to: 1) identify perceived bar-
riers to depression interventions delivered via apps
and 2) identify overlap in primary barriers for interven-
tion delivery via apps with traditional delivery methods
(i.e. face-to-face) barriers. Implications for design
changes and improvements that better align with the
identified needs of the users will also be noted.

Method

Procedure

Recruitment of participants occurred from July to
August 2015 from online postings in Chicago and
nearby areas, resulting in the participation of 20
adults. Current recommendations for a card sorting
task sample size is 15,23 making the sample of 20 suffi-
cient for the present study. Inclusion criteria were:
being at least 18 years of age, the ability to attend an
in-lab session, and ability to speak and read in English.
Equal numbers of participants currently above and
below the criteria for a referral for psychotherapy
were recruited.24 This sampling ensured that perceived
barriers were being measured with likely end users, ran-
ging from those with no or mild depressive symptoms
to those with moderate or severe depressive symp-
toms.25 Participants who completed the card sorting
task, as well as an in-lab usability testing session were
compensated $20 in petty cash for their time and par-
ticipation. In compliance with the University’s
Institutional Review Board (IRB), participants com-
pleted an online screening consent prior to the collec-
tion of any data and were consented in-person for the
card sorting and usability testing session.

Card Sorting. To identify barriers to use and engagement
with apps that are specific to users with depression, two
separate card sorting tasks using open sort methods
were employed. Open card sorting refers to providing
participants topics and asking them to sort them into
groups that make sense to them, as opposed to a closed
card sorting in which the topics would be organized
into predefined groups.22 The first card sort was related
to barriers to face-to-face delivery of interventions for
depression, and the second was related to barriers to
app delivery of interventions for depression. This order
was chosen, as a concern was that if participants were
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asked to consider barriers to an app, they might not be
familiar with the concept of an intervention app. If so,
participants might identify barriers solely related to
phone functionality (e.g. battery) or commonly used
apps (e.g. Facebook). However, people are generally
able to identify barriers to face-to-face interventions,
and having participants first consider these barriers
promotes consideration of intervention barriers.
Barriers listed for both tasks were informed by findings
from the literature and polls from content experts at the
Center for Behavioral Intervention Technologies
(CBITs).3,26 Barriers included issues related to typical
depression intervention (e.g. concerns about stigma),
technology-mediated delivery of care (e.g. data priv-
acy), and app-specific (e.g. data plan) issues.

Prior to each card sorting task, participants were
read the following prompt:

I’m providing you with a stack of cards that have rea-

sons that people might not want to or be able to (card

sort 1: attend face-to-face therapy/card sort 2: use

a mobile app for treatment) when feeling down.

I would like you to go through the cards and choose

the ones you think are barriers to (card sort 1: attend-

ing face-to-face therapy/card sort 2: using a mobile app

for treatment). Once you choose them, please decide

which ones are the biggest barriers. As you can see,

the table is labeled to help you put ideas down from

biggest barriers to smallest. You might notice that some

overlap into groups in your mind; feel free to put them

into groups. If there are cards you think do not apply,

feel free to put them over here to be discarded. If there

are cards with reasons missing, we can add more (indi-

cate blank cards and marker). Please feel free to think

aloud as you go through the cards.

The card sorting tasks were timed and audio recorded,
and photographs of the completed tasks were taken to
ensure the moderator recorded the groupings correctly.
Participants were provided time to supply a rationale
for their choices following the tasks. This qualitative
data was intended to enrich the findings and aid in
the interpretation of groupings. The stacks of cards
were shuffled between participants to remove any pos-
sible bias from rankings of other participants.

Measures

Study data were collected and managed using Research
Electronic Data Capture (REDCap) electronic data
capture tools hosted at Northwestern University.27

REDCap is a secure, web-based application designed
to support data capture for research studies, providing
1) an intuitive interface for validated data entry;
2) audit trails for tracking data manipulation and

export procedures; 3) automated export procedures
for seamless data downloads to common statistical
packages; and 4) procedures for importing data from
external sources.

At screening, participants were asked to provide
demographic information (i.e. gender, race/ethnicity,
age, education and employment status). Further,
they completed the Patient Health Questionnaire-9
(PHQ-9), a 9-item self-report instrument measuring
depressive symptomology with scores ranging from
0�27.25 Participants below the criteria for a referral to
psychotherapy were defined as having a PHQ-9 score as
below 10 (i.e. with no to mild depressive symptoms),
whereas those meeting criteria for a referral to psycho-
therapy were defined as having a score of 10 or greater
(i.e. with moderate to severe depressive symptoms).
This criterion reflects the MacArthur recommendations
for referrals to psychotherapy at the cutoff for mild
depressive symptoms.24

Data analysis

The card sorting task was analyzed via quantitative
data; each card was assigned a number and then the
mean rank for each card was determined for each par-
ticipant. Consistent with past card sorting method-
ology, cluster analyses, a commonly used statistical
method for grouping complex data, were conducted
to analyze the card sorting data.28,29 For both the
face-to-face and the app barrier cards, a hierarchical
cluster analysis was conducted to determine the
number of clusters appearing in the data set. This
number was used to then conduct K-means cluster ana-
lysis to determine membership of cards within the dif-
ferent clusters. These analyses were conducted for the
ranked means of the cards for both groups, as well
as for the ranked means with the standard deviations
for both card sets. Two analyses were conducted to:
1) identify the most important barriers (ranked means
only to provide an indication of the average ranking of
barriers); and 2) how consistently barriers were ranked
as important (ranked means and standard deviations to
provide an indication in the variance of ranked
barriers).

Result

Participants

Table 1 displays the sample characteristics for the card
sorting tasks. While equal numbers of participants
above and below the threshold for a referral for therapy
were anticipated, one extra person below the threshold
was enrolled. Thus, nine participants were above the
threshold for a referral (PHQ-9� 10) and 11 were
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below the threshold for a referral (PHQ-9< 10). The
sample was comprised primarily of females (75%) and
non-Hispanic Caucasians (65%), with a mean age of
37.2 (Standard Deviation¼ 12.2). Those meeting cri-
teria for a referral to psychotherapy had significantly
higher depressive symptom severity (14.4 versus 3.8,
p< .001) and a significantly higher prevalence of past
depressive episode(s) (77.8% versus 18.2%, p¼ .008).

Face-to-face delivery barriers

Hierarchical cluster analysis indicated four clusters for
the face-to-face barrier task. Table 2 displays the four
groups, as determined via K-means cluster analyses.
The groups are listed in order of strength of the barrier,
with Group 1 being the greatest barriers and Group 4
being the smallest barriers. Variance represents the
clusters created by mean ranks only and Consistency
represents the clusters created by including both the
mean ranks and standard deviations. Differences
between the rows therefore indicate variance in how
highly a certain barrier was ranked. Cost was identified
as the single most important barrier to face-to-face
treatment. Cost was consistently followed by lack of
insurance coverage and motivation, stigma, concerns
about effectiveness and being seen while emotional,
time for session travel and attendance, and talking

with someone unknown about private topics. Barriers
identified as being smaller or not as cumbersome
(e.g. childcare, distance, etc. in Groups 3 and 4) were
identified less consistently, as evidenced by discrepan-
cies between the Variance and Consistency analyses.
While all of the barriers included are consistent with
past descriptions of barriers to face-to-face treatment
for adults with depression,3 the importance of some
barriers appears to have decreased in the current evalu-
ation (i.e. those included in Groups 3 and 4).

App delivery barriers

Hierarchical cluster analysis indicated four clusters
for the mobile barrier task. Table 3 displays the four
groups, as determined via K-means cluster analyses.
Similar to Table 2, the groups are listed by strength
of the barriers, with Group 1 being the greatest barriers
and Group 4 being the smallest barriers. Concerns
about effectiveness, data access and privacy, cost of
data package, bugs in the system, availability of Wifi,
and misfit of features to needs were consistently rated
as the top barriers to mobile treatments. Greater dis-
crepancies occurred in the next highest groupings of
barriers, however, concerns over not receiving enough
feedback and lack of guidance were the next greatest
barriers, on average.

Discussion

The present study identified user perceived barriers
to face-to-face and app-based delivery of depression
interventions via two card sorting tasks. Cost was
consistently rated as the top barrier to face-to-face
delivery, and top app barriers included concerns over
intervention efficacy, app functioning, privacy, cost,
and lack of guidance and tailored feedback. The
common top barrier between the two delivery methods
was cost, suggesting that this is a cumbersome barrier
for users with depression, regardless of delivery
mechanism.

Cost was identified as a top barrier for both delivery
mechanisms, but it is unclear if the same meaning was
associated with both mechanisms. Cost of therapy
(i.e. cost of service) has previously been detailed as a
primary barrier to initiation and maintenance of face-
to-face delivered treatment.3 Ancillary costs, such as
paying for transportation and childcare have also
been noted.3 Qualitative feedback indicated that par-
ticipants generally interpreted ‘cost’ as meaning the
cost of service for face-to-face therapy. In apps, cost
of apps (i.e. cost of service) has previously been sug-
gested as an inhibiting factor in adaptation of mobile
technologies in community health settings and across
general health app consumers.30,31 Cost of apps

Table 1. Card sorting sample characteristics.

PHQ-9< 10

(n¼ 11)

PHQ-9� 10

(n¼ 9)

Total

(n¼ 20)

Female, n(%) 7 (63.6) 8 (88.9) 15 (75)

Age, M(SD) 34.5 (10.3) 40.6 (14.0) 37.2 (12.2)

Race/Ethnicity

African American,

n(%)

4 (36.4) 1 (16.7) 5 (25)

Asian, n(%) 2 (18.1) 0 (0) 2 (10)

Hispanic Caucasian,

n(%)

1 (9.1) 0 (0) 1 (5)

Non-Hispanic

Caucasian, n(%)

5 (45.5) 8 (88.9) 13 (65)

PHQ-9, M(SD) 3.8 (3.2) 14.4 (5.8) 8.6 (7.0)

History of Depression,

n(%)

2 (18.2) 7 (77.8) 9 (45)

History of Anxiety, n(%) 2 (18.2) 5 (55.6) 7 (35)

Note. M¼mean, SD¼ standard deviation, PHQ-9¼ Patient Health

Questionnaire-9.
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has also been cited as a top user criticism in app
user reviews.32 However, participants identified the
cost of data package (i.e. ancillary costs) as a primary
barrier. This suggests that ancillary costs, which are
possibly hidden or unclear to a user, are of greater con-
cern than the cost of service. This shift in concern over
cost is a difference between face-to-face and app deliv-
ery of interventions for depression. As apps are being
designed and disseminated with an aim to overcome

barriers to traditional intervention delivery mech-
anisms, overlaps in barriers with face-to-face interven-
tions are particularly problematic. Cost appears to be a
consistent concern across delivery mechanisms, how-
ever the focus appears to shift towards ancillary costs
as opposed to service costs.

After cost, barriers to apps are related to user uncer-
tainties around use of them as a delivery mechanism,
such as data access and privacy, app functioning,

Table 2. Face-to-face delivery barriers.

Group Variance Consistency

1 Cost Cost

2 Lack of insurance coverage Lack of insurance coverage

Stigma Stigma

Lack of motivation Lack of motivation

Concerns about effectiveness Concerns about effectiveness

Time for session travel Time for session travel

Time for session attendance Time for session attendance

Talking about private topics with someone not known Talking about private topics with someone not known

Being seen while emotional Being seen while emotional

3 Discomfort talking about personal issues Transportation

Concerns about what friends, family will think Childcare

Misfit of therapy to needs

Availability of care

Not wanting insurance documentation (i.e. somehow

having a ‘paper trail’ indicating one participated

in therapy)

4 Distance Distance

Want to solve problems on own Want to solve problems on own

Time for between session activities Time for between session activities

Privacy Privacy

Fatigue Fatigue

Transportation Misfit of therapy to needs Discomfort talking about personal issues

Availability of care

Not wanting insurance documentation

Note. Wording in table is identical to the wording the participants viewed on the cards. Groups are listed in order of greatest (1) to smallest (4) barriers.

Variance represents clusters formed using mean ranks only (to indicate overall importance); Consistency represents clusters formed using mean ranks and

standard deviations (to indicate consistency of importance).
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guidance and efficacy. These findings are not surprising,
given previous reports indicating that information
about app privacy and theoretical efficacy are fre-
quently not communicated to users. Indeed, the major-
ity of privacy policies for currently available apps are
missing, not focused on the app itself, or require col-
lege-level literacy for comprehension.33 Additionally, a
majority of health apps have been found to pose a
threat to the security and privacy of user data.34,35

While current users of health apps generally report
trust in their accuracy,31 efficacy related to cultural
and symptom-specific factors have also been cited as
potential barriers or concerns about smartphone inter-
vention uptake.36�38 Further, app functionality issues,
such as errors and app crashes, have previously been
identified as primary criticisms from general app
users.32,39 The barriers identified through card sorting
are consistent with previously raised issues and con-
cerns from app users.

Among other barriers identified for apps, concerns
emerged regarding a potential lack of guidance and
feedback. This issue may overlap with a less primary
barrier identified via the card sorting task: lack of
human interaction. Integration of human support in
health interventions delivered via technology has been
recommended, and included in apps and other technol-
ogies, for the purposes of improving adherence, com-
munication with care teams, and improving quality of
tool use.40�42 However, the majority of currently avail-
able apps for depression do not include connection to
human support, nor provide personalized guidance or
feedback.43 These findings highlight implications for
design changes and improvements that better align
with the needs and concerns of users.

Implications for design

The barriers identified in the present study relate to
typical depression intervention (e.g. concerns about
stigma), technology-mediated delivery of care (e.g.
data privacy), and app-specific (e.g. data plan) issues.
Despite the breadth of issues identified, the implications
of these findings may be targeted specifically to the use
of mobile apps as a delivery mechanism. Table 4 details
implications for design based upon identified barriers to
use and uptake of apps for depression. Implications
and their rationale are detailed below.

Cost: With cost identified as a primary barrier in
both face-to-face and app delivery, the design and mar-
keting of apps for depression would likely benefit from
transparency of possible costs, and an emphasis on
avoiding hidden costs. While there is sometimes a
cost associated with purchase of an app, participants
indicated through qualitative feedback that their con-
cern over cost is specific to the cost accrued through an

Table 3. App delivery barriers.

Group Variance Consistency

1 Concerns about

effectiveness

Concerns about

effectiveness

Unsure who has access to

data

Unsure who has access to

data

Cost of data package Cost of data package

Bugs in the system Bugs in the system

Wifi access Wifi access

Misfit of features to

needs

Misfit of features to

needs

2 Not enough feedback Battery life

Concerns over lack of

guidance

Concerns over under-

standing content

Time for interaction

Notification burden

No one caring about how

I am doing

3 Lack of human interaction Lack of human interaction

Privacy Privacy

Lack of motivation Lack of motivation

Forgetting to use Forgetting to use

No scheduled

time for use

No scheduled time

for use

Concerns over under-

standing content

Concerns over lack of

guidance

No one caring about how I

am doing

Not enough feedback

4 Want to solve problems

on own

Want to solve problems

on own

Stigma Stigma

Battery life

Time for interaction

Notification burden

Note. Wording in table is identical to the wording the participants viewed

on the cards. Groups are listed in order of greatest (1) to smallest (4)

barriers. Variance represents clusters formed using mean ranks only (to

indicate overall importance); Consistency represents clusters formed using

mean ranks and standard deviations (to indicate consistency of

importance).
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app’s use of their data packages. This concern leads to
two recommendations. First, users should be provided
a choice of whether an app will utilize wireless data, or
only use data when connected to a Wifi source.
Second, users should be provided clear information at
download on whether an app requires an internet or
data connection, and how much and frequency. The
majority of apps designed for the most prevalent
health conditions do not require an internet or data
connection for use following download;44 users may
therefore be making assumptions about the cost of
apps due to data usage beliefs that are incorrect.
Further research is needed to expand cost-effective
means for use of apps to deliver depression interven-
tions and how to transparently detail all costs and data
requirements of these apps to users.

Privacy and security: Strategies and recommenda-
tions have previously been proposed to combat the crit-
ical issues of privacy and data safety in app design,
including: data encryption, user access controls, privacy
notices and creating privacy profiles.34,45�48 However,
to address user concerns in design through impacting
user knowledge and awareness of data security and
privacy, a clear and concise privacy statement at
launch is recommended. Further, it is recommended
that if the app accesses data from features on the
phone or other apps, that this be stated explicitly.
Users are more likely to view an app’s access of private
information as appropriate and acceptable if it fits their
expectations of the app’s function (i.e. a mapping app

accessing current location via the GPS feature on the
phone).49 Therefore, at initial launch, apps delivering
depression interventions should initiate a pop-up
request for access to any possible features or data col-
lected from the phone. Links to additional information
should be provided to clearly and concisely detail: 1)
why this access is needed, 2) if and how the app func-
tionality will be impacted if this access is not allowed,
and 3) the storage and confidentiality of retrieved data
from these features. These permissions should also be
editable over time, in case selected access permissions
are inconsistent with later user interactions and needs
of the app. Future research is required to understand
the impact of these design recommendations on
improving user comprehension and sense of control
over app privacy and security.

Efficacy and functionality: Users expressed concern
over an app’s abilities to meet the treatment needs of
depression, and to function with limited error (i.e.
crashing, bugs in the system). To meet the concern
over efficacy for a user’s symptoms, video testimonials,
featuring demographically representative people, are
recommended for apps delivering interventions for
depression. Information delivered via internet browsers
has been found to be believed as specifically targeting a
user and to be rated more favorably with the inclusion
of video testimonials. This belief is strengthened, even
when compared to similar testimonials presented via
text or picture.50 Further, video testimonials with
demographically representative people have been

Table 4. Implications for the design of future apps for depression based on user perceived barriers.

Barrier Cards Design recommendation

Cost Cost of data package 1. Provide choice of using cellular data package versus Wifi to

utilize app features that require an internet connection

2. Explicitly note amount and frequency of data requirements

Privacy and security Unsure who has access to data,

Privacy

1. Launch clear and concise privacy statement

2. Initiate pop-up request for access to any possible features or

data collected from the phone

Efficacy and functionality Concerns about effectiveness,

Misfit of features to needs,

Bugs in the system, Wifi access

1. Provide video testimonials featuring demographically-

representative people

2. Conduct usability testing and quality assurance evaluations

prior to deployment

3. Require easily located help button (FAQ and live support

connection)

Feedback, guidance,

human support

Not enough feedback, Concerns

over lack of guidance, Lack of

human interaction

1. Provide coach support via phone, text, or messaging

2. Use of algorithms based on context sensing or user behaviors

on app

Note. FAQ¼ Frequently Asked Questions.
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noted as user requirements for other types of health
apps.51,52 User satisfaction with video testimonials
may be evaluated before deployment via usability test-
ing. Further, usability testing and quality assurance
evaluations should be employed before releasing apps
for depression, in an effort to identify and remove the
likelihood of app crashes and bugs.39,53 In addition, an
easily located help option should be made available on
apps delivering depression interventions, so users have
the ability to troubleshoot, should app functioning
become problematic. The help button should link
with frequently asked questions (FAQs), as well as an
option to connect with live support. Future evaluations
of video testimonials and troubleshooting efforts are
necessary to identify how concerns over efficacy and
functionality are impacted by these changes.

Feedback, guidance, and human interaction: Given
benefits identified in web-based delivery platforms, pro-
viding concurrent human support, such as coaching via
phone, text, or messaging, has emerged as a possible
solution to concerns over lack of feedback, guidance,
and human interaction in apps delivering depression
interventions.7,42 Coaching has been identified as a
means to enhance supportive accountability, a con-
struct that is intended to increase adherence, which
may impact outcomes in use.54 Indeed, coached inter-
ventions have demonstrated significantly better adher-
ence than non-coached interventions for depression.55

Rather than provide therapeutic interventions, coaches
are intended to increase engagement and motivation
with a technology-delivered intervention by reinforcing
successful use.56,57 Aiding users in full and confident
engagement with an app may address the issue of
lack of guidance. A future design option may
include algorithms that initiate feedback based on spe-
cific user behaviors or detected user contexts.58,59

However, more research is needed to understand the
best means to implement interventions related to pas-
sive behavior detection in those with depression. An
increase in the use of human support via coaching
will need to be evaluated for its impact on user percep-
tions of feedback, guidance and human interaction
while using apps for the delivery of depression
interventions.

Limitations

Limitations and caveats should be considered in the
interpretation of these findings. First, while the
sample size was sufficient for a card sorting task,23

the sample was comprised of urban and primarily
younger, non-Hispanic Caucasian users. This is despite
efforts to recruit a diverse, urban sample. It is unclear
how well these findings extend to users in differing geo-
graphical locations and demographic groups. Future

research might consider implementing purposive
sampling methods to insure more diverse samples and
may consider exploring barriers based upon other
demographic features, such as age (i.e. younger users
might face different barriers than older users).
However, the process of identifying barriers with par-
ticipants in an in-person setting was established as feas-
ible. Second, the sample was a mixed group of those
with no depressive symptoms to those with severe
depression, with the majority in the mild symptom
range. It is unclear if similar groupings of barriers
would be identified with a more severely depressed
sample, or those with comorbid psychiatric or health
conditions. Despite concerns of generalizability to more
severe samples, this sample represents the diversity of
symptoms experienced across the typically relapsing
and remitting course of depression.60�62 Third, it is pos-
sible that the participants inferred different meanings
for the barriers listed on the cards. For example, the
cards ‘Unsure who has access to data’ and ‘Privacy’
were typically ranked differently despite having similar
meanings. While qualitative feedback was utilized to
better understand rankings and groupings of the
cards, future research utilizing card sorting to identify
barriers would benefit from uniform definitions for
each card. Additionally, as many barriers overlapped
with typical concerns relating to technology broadly as
a delivery mechanism, future research might explore
barriers targeted specifically to apps. Indeed, the pre-
sent study included barriers associated with depression
treatment (e.g. stigma) and issues associated with broad
use of technology as a delivery mechanism.63

Conclusion

To the best of our knowledge, this is the first identifi-
cation of user-perceived barriers to apps via a card
sorting task. Smartphones stand as a promising deliv-
ery mechanism for overcoming barriers to traditional
delivery of depression interventions. However, while
there is some promising initial evidence for the efficacy
of apps as a behavioral intervention delivery mechan-
ism,10�14 a larger evidence base is required. In terms of
barriers to uptake and use, cost remains a consistent
barrier across face-to-face and app delivery of interven-
tions. Other barriers to the use of apps for the
delivery of depression interventions relate to uncertain-
ties around apps as a technology mediated delivery
mechanism. Implications for design to address these
barriers include: limiting wireless data usage; clearly
stating possible costs and privacy/access options at
download, including demographically-representative
video testimonials; conducting usability testing and
quality assurance evaluations; and including human
support. Future research should evaluate the impact

8 Digital Health 0(0)



of changes in design and marketing of mental
health apps on perceptions of barriers for users with
depression.

Contributorship: CSS researched the literature and conceived the

study. CSS and EGL executed the research sessions. CSS wrote the

first draft of the manuscript and EM, EGL, MJK, and DCM con-

tributed to later drafts. All authors reviewed and edited the manu-

script and approved the final version of the manuscript.

Declaration of Conflicting Interests: The author(s) declared no

potential conflicts of interest with respect to the research, authorship,

and/or publication of this article.

Ethical approval: This research was approved by Northwestern

University’s Institutional Review Board (IRB STU00099556).

Funding: The author(s) disclosed receipt of the following financial

support for the research, authorship, and/or publication of this arti-

cle: This work was supported by the National Institute of Mental

Health (F31 MH106321). This project was also supported by NIH/

NCRR Colorado CTSI Grant Number UL1 RR025780. Its contents

are the authors sole responsibility and do not necessarily represent

official NIH views.

Peer review: This manuscript was reviewed by Anne Moen,

University of Oslo and Vivek Furtado, University of Warwick.

Guarantor: CSS

References

1. Ferrari AJ, Charlson FJ, Norman RE, et al. Burden of

depressive disorders by country, sex, age, and year:
Findings from the global burden of disease study 2010.
PLoS medicine 2013; 10: e1001547.

2. Cuijpers P, van Straten A, Andersson G, et al.
Psychotherapy for depression in adults: A meta-analysis

of comparative outcome studies. Journal of Consulting
and Clinical Psychology 2008; 76: 909�922.

3. Mohr DC, Hart SL, Howard I, et al. Barriers to
psychotherapy among depressed and nondepressed pri-

mary care patients. Annals of Behavioral Medicine 2006;
32: 254�258.

4. Christensen H and Hickie IB. E-mental health: A new era

in delivery of mental health services. Medical Journal of
Australia 2010; 192: S2.

5. Darkins A, Ryan P, Kobb R, et al. Care coordination/
home telehealth: The systematic implementation of

health informatics, home telehealth, and disease manage-
ment to support the care of veteran patients with chronic

conditions. Telemedicine and e-Health 2008; 14:
1118�1126.

6. National Institute for Clinical Excellence. Depression:

Management of Depression in Primary and Secondary
Care. London, England: National Institute for Clinical

Excellence, 2004.
7. Mohr DC, Burns MN, Schueller SM, et al. Behavioral

intervention technologies: Evidence review and recommen-
dations for future research in mental health. General hos-

pital psychiatry 2013; 35: 332�338.
8. Andrews G, Cuijpers P, Craske MG, et al. Computer ther-

apy for the anxiety and depressive disorders is effective,
acceptable and practical health care: A meta-analysis. PloS

one 2010; 5: e13196.

9. Renton T, TangH, Ennis N, et al. Web-based intervention

programs for depression: A scoping review and evalu-

ation. Journal of Medical Internet Research 2014; 16: e209.
10. Payne HE, Lister C, West JH, et al. Behavioral function-

ality of mobile apps in health interventions: a systematic

review of the literature. JMIR mHealth and uHealth 2015;

3: e20.
11. Mohr DC, Tomasino KN, Lattie EG, et al. IntelliCare:

An Eclectic, Skills-Based App Suite for the Treatment

of Depression and Anxiety. J Med Internet Res 2017;

19: e10.
12. Proudfoot J, Clarke J, Birch MR, et al. Impact of a

mobile phone and web program on symptom and func-

tional outcomes for people with mild-to-moderate

depression, anxiety and stress: A randomised controlled

trial. BMC Psychiatry 2013; 13: 312.
13. Roepke AM, Jaffee SR, Riffle OM, et al. Randomized

controlled trial of SuperBetter, a smartphone-based/

internet-based self-help tool to reduce depressive symp-

toms. Games Health J 2015; 4: 235�246.
14. Owen JE, Jaworski BK, Kuhn E, et al. mHealth in

the Wild: Using novel data to examine the reach, use,

and impact of PTSD Coach. JMIR Mental Health

2015; 2: e7.

15. Smith A. U.S. smartphone use in 2015. Pew Research

Center, 2015.
16. Pew Research Center. Mobile technology fact sheet. Fact

Sheets. Pew Research Center: Internet, Science & Tech,

2014.
17. Proudfoot J. The future is in our hands: The role of

mobile phones in the prevention and management of

mental disorders. Australian and New Zealand Journal

of Psychiatry 2013; 47: 111�113.
18. Donker T, Petrie K, Proudfoot J, et al. Smartphones for

smarter delivery of mental health programs: A systematic

review. Journal of medical Internet research 2013; 15:

e247.

19. Krebs P and Duncan DT. Health app use among US

mobile phone owners: a national survey. JMIR

mHealth and uHealth 2015; 3.
20. Torous J, Friedman R and Keshavan M. Smartphone

ownership and interest in mobile applications to monitor

symptoms of mental health conditions. JMIR mHealth

and uHealth 2014; 2: e2.
21. Riley WT, Rivera DE, Atienza AA, et al. Health behav-

ior models in the age of mobile interventions: Are our

theories up to the task? Translational behavioral medicine

2011; 1: 53�71.
22. Wood JR and Wood LE. Card sorting: Current practices

and beyond. Journal of Usability Studies 2008; 4: 1�6.
23. Nielsen J. Card sorting: How many users to test.

Evidence-based user experience research, training, and con-

sulting 2004.

24. The MacArthur Foundation Initiative on Depression and

Primary Care. The MacArthur Initiative on depression and

primary care at Dartmouth and Duke: Depression manage-

ment toolkit. Hanover, NH: Dartmouth, 2004.
25. Kroenke K and Spitzer RL. The PHQ-9: A new depres-

sion diagnostic and severity measure. Psychiatric Annals

2002; 32: 1�7.

Stiles-Shields et al. 9



26. Mohr DC, Ho J, Duffecy J, et al. Perceived barriers

to psychological treatments and their relationship to

depression. Journal of clinical psychology 2010; 66:

394�409.
27. Harris PA, Taylor R, Thielke R, et al. Research elec-

tronic data capture (REDCap): A metadata-driven meth-

odology and workflow process for providing

translational research informatics support. Journal of

Biomedical Informatics 2009; 42: 377�381.
28. Anderberg MR. Cluster analysis for applications.

New York: Academic Press, 1973, p.xiii.
29. Usability.gov. Card sorting. How To & Tools.

Washington, DC: US Department of Health and

Human Services, 2017, https://www.usability.gov/how-

to-and-tools/methods/card-sorting.html.
30. Glick G, Druss B, Pina J, et al. Use of mobile technology

in a community mental health setting. J Telemed

Telecare. 2015: 1357633X15613236.
31. Krebs P and Duncan DT. Health app use among US

mobile phone owners: A national survey. JMIR

mHealth and uHealth 2015; 3: e401.
32. Fu B, Lin J, Li L, et al. Why people hate your app:

Making sense of user feedback in a mobile app store.

19th Annual Conference Meeting of the International

Conference on Knowledge Discovery and Data Mining.

ACM, 2013: 1276�1284.
33. Sunyaev A, Dehling T, Taylor PL, et al. Availability and

quality of mobile health app privacy policies. Journal of

the American Medical Informatics Association 2015; 22:

e28�33.
34. Dehling T, Gao F, Schneider S, et al. Exploring the far

side of mobile health: Information security and privacy of

mobile health apps on iOS and Android. JMIR mHealth

and uHealth 2015; 3: e8.
35. He D, Naveed M, Gunter CA et al. Security concerns in

Android mHealth apps. AMIA Annual Symposium

Proceedings 2014: 645�654.
36. James DC and Harville C. Barriers and motivators to

participating in mHealth research among African

American men. American Journal of Men’s Health 2015.
37. Genz A, Kirk G, Piggott D, et al. Uptake and acceptabil-

ity of information and communication technology in a

community-based cohort of people who inject drugs:

Implications for mobile health interventions. JMIR

mHealth and uHealth 2015; 3: e70.

38. Derbyshire E and Dancey D. Smartphone medical appli-

cations for women’s health: What is the evidence-base

and feedback? International Journal of Telemedicine and

Applications 2013. doi: 10.1155/2013/782074.
39. Khalid H, Shihab E, Nagappan M, et al. What do mobile

app users complain about? A study on free iOS apps.

IEEE Software 2014; 32: 70�77.
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