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Objective: Mental illness is a leading cause of disease burden; however, many barriers prevent people
from seeking mental health services. Technological innovations may improve our ability to reach
underserved populations by overcoming many existing barriers. We evaluated a brief, automated risk
assessment and intervention platform designed to increase the use of crisis resources provided to those
online and in crisis. Method: Participants, users of the digital mental health app Koko, were randomly
assigned to treatment or control conditions upon accessing the app and were included in the study after
their posts were identified by machine learning classifiers as signaling a current mental health crisis.
Participants in the treatment condition received a brief Barrier Reduction Intervention (BRI) designed to
increase the use of crisis service referrals provided on the app. Participants were followed up several
hours later to assess the use of crisis services. Results: Only about one quarter of participants in a crisis
(21.8%) reported being “very likely” to use clinical referrals provided to them, with the most commonly
endorsed barriers being they “just want to chat” or their “thoughts are too intense.” Among participants
providing follow-up data (41.3%), receipt of the BRI was associated with a 23% increase in the use of
crisis services. Conclusion: These findings suggest that a brief, automated BRI can be efficacious on
digital platforms, even among individuals experiencing acute psychological distress. The potential to
increase help seeking and service utilization with such procedures holds promise for those in need of
psychiatric services. Trial Registration: clinicaltrials.gov identifier: NCT03633825.

What is the public health significance of this article?

This study provides evidence that a brief, automated barrier reduction procedure increased the rate
of service utilization among individuals in acute distress on digital platforms. These findings suggest
that automated procedures may have the potential to increase help-seeking behavior among those in
need of mental health services on a large scale.
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Mental illness is highly prevalent and a leading cause of disease
burden (Kessler et al., 2007) accounting for nearly 25% of all years
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lost to disability (Whiteford et al., 2013). Unfortunately, only
about one third (35.4%) of those with a mental disorder seek help
during the year their disorder begins (Wang et al., 2007). People
who report experiencing suicidal thoughts and behaviors (STBs)
initiate contact with providers and use services at comparably low
rates. Cross-national estimates indicated that approximately only
40% of people experiencing STBs in the past year received treat-
ment for their mental health in the year prior (Bruffaerts et al.,
2011).

Across many different types of mental health problems, per-
ceived barriers prevent people from seeking and/or using mental
health services. These barriers can be either attitudinal/evaluative
in nature (e.g., stigma, low perceived efficacy of treatments)
and/or structural (e.g., lack of financial means, transportation is-
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sues, availability of care; Gulliver, Griffiths, & Christensen, 2010).
For instance, among people who perceive a need for care but did
not seek help, nearly 75% report that they wanted to handle their
mental health issues on their own (Mojtabai et al., 2011). Some
barriers appear to be unique to or particularly salient among people
reporting STBs, such as the purposeful refusal or avoidance of help
(known as “help-negation;” e.g., Clark & Fawcett, 1992; Deane,
Wilson, & Ciarrochi, 2001; Rudd, Joiner, & Rajab, 1995). Studies
also suggest that fear of hospitalization is a relatively prevalent
(40%) barrier reported by callers to crisis lines experiencing sui-
cidal thoughts (Gould, Munfakh, Kleinman, & Lake, 2012).

Technological innovations on digital platforms, including web-
based services (e.g., Google, Facebook) and digital mental health
apps, represent an important opportunity to improve our ability to
reach underserved populations by overcoming many of these ex-
isting barriers (Kazdin & Blase, 2011). Such innovations afford
greater access to resources (e.g., psychoeducation), assessment,
and feedback (to both client and service provider), and time-
sensitive risk identification, triage, and resource allocation (e.g., in
crises involving STBs and/or other concerns). Unfortunately, few
studies have experimentally tested the clinical efficacy of services
deployed on digital platforms (e.g., <%1 of digital mental health
apps; Donker et al., 2013). Moreover, whereas web services of
many kinds (e.g., Facebook, Amazon’s Alexa) have taken steps to
identify high-risk users and refer them to crisis resources, little
empirical work has investigated whether people who receive crisis
referrals on digital platforms actually use them. Thus, despite the
fact that innovations on digital platforms may address structural
barriers to help seeking (e.g., geography), their ability to address
attitudinal barriers (e.g., low perceived need for help) remains
largely untested.

The purpose of this study was to develop and evaluate a brief,
automated risk assessment and intervention platform designed to
increase the use of crisis resources among individuals routed to a
digital mental health app who were identified as likely experienc-
ing a mental health crisis. Drawing on user feedback and research
identifying common barriers to seeking help for mental health-
related issues (e.g., Gulliver et al., 2010; Hom, Stanley, & Joiner,
2015; Mojtabai et al., 2011) and ways to overcome them via brief
interventions (Nock & Kazdin, 2005), we developed and evaluated
a brief psychoeducation intervention designed to reduce perceived
barriers to using crisis resources (e.g., fear of police intervention/
hospitalization) by clearing up misconceptions on which these
barriers may be based. The primary aim was to evaluate whether
this intervention increased the rate of using crisis resources. It was
hypothesized that individuals assigned to the intervention condi-
tion would report using resources at higher rates than individuals
in the control condition.

Method

Sample and Recruitment

Participants were recruited from 39,450 Koko (http://itskoko
.com) users who signed up for the service between August 10,
2017 and September 20, 2017. Koko (née Panoply) provides safety
services for large online social networks. Among its offerings is an
online peer-to-peer crowdsourcing platform that teaches users cog-
nitive reappraisal strategies that they then use to help other users

manage negative emotions. The Koko network is strictly peer-to-
peer, with no clinician or counselor oversight. Interactions be-
tween users are supervised by a combination of machine learning
algorithms and on-demand human moderators. Koko uses a text-
based user interface and is available on messaging services (e.g.,
Facebook Messenger, Kik), as well as desktop and mobile brows-
ers. Because Koko is anonymous, no personally identifiable infor-
mation is required or recorded. As such, no age, gender, location,
or other sociodemographic information were collected. In a sepa-
rate survey of Koko users from 2017 (N = 496), 65.0% of users
were female and the majority were young adults (M = 18.24,
SD = 5.80; Morris, 2018). Before using the Koko app, users
accepted a terms and conditions agreement, which grants the
collection of user content (e.g., “posts”) and sharing of this content
with third parties for research purposes. As part of its ongoing
quality improvement efforts, Koko randomly assigns users to
different versions of the app and examines differences in user
engagement with the app, as was done in the current study.

Procedure

Randomization. Users (N = 39,450) were randomly assigned
to either the treatment (n = 19,612) or control (n = 19,838)
condition as soon as they accessed the platform (the CONSORT
flow diagram; Figure 1). Randomization was conducted on a
remote server at the moment each user account was created.
Specifically, MongoDB was used to generate a random string of
numbers and letters for each user, creating an anonymous ID.
These ID values were summed and then passed to a modulo-2
operation, generating a remainder of zero (control condition) or
one (treatment condition). Users were randomized upon accessing
the platform, as opposed to later on when identified as being in
crisis, because we used the platform’s extant randomization tool,
which has a primary purpose of AB-testing user-experience fea-
tures (e.g., the platform’s color palette) initiated at the user’s point
of entry onto the platform, not subsequent to classification. No AB
tests or any other manipulations were conducted on the platform
during the present study period.

Assessment and identification of those in crisis. Once on
Koko, users can compose short descriptions (i.e., posts) of stressful
situations and share them with the network. Among 39,450 Koko
users, 74.3% (n = 29,304) made a post on the network (i.e.,
viewable by other users). Koko uses a hybrid human-machine
computation system that evaluates the semantic content of posts in
real time. As soon as a post is created on Koko, it is evaluated by
a suite of machine learning classifiers, consisting of recurrent
neural networks with word embeddings (Kshirsagar, Morris, &
Bowman, 2017). In addition to other codes, each post is assigned
a binary classification of “crisis” or “not crisis.” The crisis clas-
sification is defined as possibly at risk of serious, imminent phys-
ical harm, either through self-inflicted actions or through abuse
from a third party. Each post classified as crisis has a confidence
threshold from zero to one. If the confidence is above .95, the
system rules automatically. Otherwise, the user’s post is indepen-
dently reviewed by three moderators all of whom have been
trained to identify potentially at-risk individuals. On average, the
classifiers return results within 44 ms, while the moderators return
judgments within 2 min (M = 77.4 s). The classifiers demonstrated
excellent performance (area under the curve = .93, sensitivity =
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[ Enrollment ]

Randomized and assessed for
eligibility (N=39,450)

——— | ® Did not post on network (n=10,146)

Excluded (n=37,870)

® Post not classified as crisis (n=27,724)

)

Allocation ]

] A4

Allocated and received intervention (n=775)

Allocated and received control (n=805)

v [ Follow-Up ] v
Did not respond to follow-up assessment Did not respond to follow-up assessment
(n=450) (n=478)

v [ Analysis ] y

Analysed (n=325)

Analysed (n=327)

Figure 1. CONSORT flow diagram. See the online article for the color version of this figure.

.64, specificity = .98, positive predictive value = .90, negative
predictive value = .93, accuracy = .93; see Table 1 in the online
supplemental materials for classifier confusion matrix) for identi-
fying posts containing language representing a possible crisis as
described above. Classifier performance metrics were derived
from a large ground-truth sample consisting of >10,000 posts and
coding labels. Ground-truth labels were established by consensus
between human coders who were extensively trained and regularly
audited for coding accuracy. Of the 29,304 users in this sample
who made a post, 5.4% (n = 1,580) made a post that was classified
as representing a crisis.

Users classified as being in crisis were immediately messaged
by the Koko system and given a series of assessments. Users were
first asked to identify what particular issue was troubling them
most (e.g., “suicidal ideation,” “self-injury,” “eating disorder”).
They also were given an opportunity to say they had been mis-
classified and weren’t actually experiencing a crisis. Only users
who reported serious concerns (e.g., “suicide,” “self-injury””) were
given additional questions concerning suicidal ideation, past his-
tory of suicide attempts, and any current plans to attempt suicide.
Questions were adapted from protocols used by the National
Suicide Prevention Lifeline (Joiner et al., 2007). Users were as-
signed a “high-risk”™ status if they presented any past history of an
attempt, current plan, or significant ideation. As soon as a user met
the threshold for high risk the assessment stopped and crisis
resources were presented immediately. All assessments were made

LIRS

within the Koko messenger platform, using a text- and button-
based user interface (Figure 2). Koko uses simple language and
emojis that are common to many messenger-based bots and appli-
cations. It also makes occasional use of a first-person persona
(“KokoBot”) to help users navigate the platform.

Among those classified as being in crisis, 65.5% (n = 1,036)
acknowledged being in crisis, among whom the most commonly
reported concerns were suicidal ideation (52.6%) and self-injury
(21.1%), followed by eating disorders (7.4%), physical abuse
(1.6%), unspecified abuse (1.1%), emotional abuse (0.5%), and
otherwise unspecified (15.7%). Among the 34.5% of participants
not acknowledging being in crisis, 51.6% (n = 281) reported being
misclassified and not in crisis (“false crisis”), and 48.4% (n = 264)
described posting about someone other than themselves (“someone
else’s crisis”). We decided a priori to include in the study and
analyses all participants identified by the classifier as possibly
being in crisis, including participants reporting they were misclas-
sified, for two reasons: (a) the accuracy of self-reported crisis
status may be biased by some of the very same barriers the
intervention was intended to reduce (e.g., fear of police, preference
for self- vs. professional management), and (b) based on our
classifier’s false discovery rate, we expected about 9.5% of par-
ticipants to be falsely classified; however, it was impossible to
know for sure which participants were falsely classified given the
previously mentioned potential for biased reporting. Thus, includ-
ing all participants identified by the classifier in the study and
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wl ATRT =& 2:57 PM 3@ )

e KokoBot >

‘0 Thanks for sharing that...

I'm concerned about you
though. It sounds like you're
feeling pretty down or you're in
a tough situation, is that right?

OK, what are you struggling
with?

@

Suicidal thoughts Self harm

Abuse Eating disorder

Something else...

Figure 2. A screenshot of the Koko interface. A bot (KokoBot) helps
users compose posts and responses and connects users to other members of
the network. Users can respond to questions by typing in the text field or
by selecting one of the buttons. Only one option can be selected for any
particular question. See the online article for the color version of this
figure.

analyses was the only way to ensure that all participants meeting
study inclusion criteria (i.e., likely experiencing a crisis) were, in
fact, included. Additionally, among participants providing
follow-up data, a substantial portion reporting false crisis or some-
one else’s crisis at baseline indicated they used crisis services at
follow up (40.7% and 47.8%, respectively), and a chi-square test
indicated that the type of crisis category was not associated with
different rates of crisis resource service use (x*(5) = 2.71, p =
.74). This suggests some reports of false crisis and someone else’s
crisis may have been inaccurate. Therefore, the 1,580 participants
classified as being in crisis represent the sample that was the focus
of our randomized controlled trial (RCT). They all received the

same intervention regardless of crisis type because these crises
often co-occur (e.g., physical abuse and emotional abuse) and
because the intervention was designed to send people to crisis
services regardless of the specific nature of the crisis.

Experimental conditions. All participants classified as being
in crisis are automatically shown a list of crisis resources (e.g., the
National Suicide Prevention Lifeline). This list varies depending
on a user’s country of origin and the type of issue reported (e.g.,
the National Eating Disorders Association is provided for United
States-based individuals who struggle with eating disorders). After
seeing the crisis service referrals, the participant experience differs
for those in the control versus treatment conditions. Participants
randomly assigned to the control condition continue using the
Koko platform as usual. Participants randomly assigned to the
treatment condition, by contrast, receive additional intervention.
They are first asked if they would use the resources presented on
screen (i.e., “Be honest, how likely are you to try the resources I
just shared?”). Individuals who answered “very likely” continued
using the Koko service as usual. Individuals who answered “not
likely . . . 7 were presented with an interactive Barrier Reduction
Intervention (BRI).

The BRI was designed to overcome common concerns and
misconceptions (i.e., barriers) related to using crisis services,
thereby increasing utilization of these services. It works by first
asking the user about what potential barriers may keep them from
using the crisis service referrals, and then, based on the user’s
response, by providing information intended to help the user
overcome the potential barrier(s) they selected. In order to create
a list of potential barriers for the BRI, we asked thousands of Koko
users to tell us why they had avoided the crisis service referrals
that were presented to them on Koko. A random set of 245
responses were analyzed and coded by trained raters to identify
common reasons. Among the most common barriers reported was
related to users believing they weren’t actually in danger and could
handle the situation themselves (13.11%). This reason for avoiding
crisis referrals was not easily addressed by the BRI, because the
BRI targeted barriers that are based on misconceptions (e.g., fear
of police intervention) capable of being clarified with factual
information in 2-3 sentences. It was impossible to know for certain
whether participants were mistaken in their belief about not being
in danger. Therefore, we did not want to suggest that participants
were mistaken in this belief lest they perceive the intervention as
irrelevant and/or invalidating, likely decreasing help-seeking be-
havior. The decision to not target this barrier was made a priori.
However, the tendency to minimize symptom severity and the
preference for self-management are common barriers among indi-
viduals at elevated risk for suicide and, therefore, better identifying
and intervening upon them will be the subject of future explora-
tion. Five other common barriers were presented to users in the
form of an in-app menu that was ordered by most to least common
(Figure 3). By exploring the menu of barriers, users could read
brief messages designed to dispel common misconceptions or
concerns related to each barrier. For example, a common concern
among Koko users was that calls to lifelines invariably result in
visits by the police or other emergency services. Users who feared
this possibility could tap on the associated button and learn that
active rescues such as these are extremely rare and occur in less
than one percent of all cases. Whenever possible, we used lan-
guage throughout the intervention to help validate the experiences



y.

American Psychological Association or one of its allied publishers.
personal use of the individual user and is not to be disseminated broadl

yrighted by the

This document is cop
This article is intended solely for the

374

So be honest, how likely are
you to try the resource | just
shared?

Not likely...

JAROSZEWSKI, MORRIS, AND NOCK

OK, thanks for telling me this.
We asked some other Koko
users about using crisis lines
and some concerns came up.
We made a little FAQ for this...

Pick one that speaks to you

- | just want to chat

R

- | just want to chat

- | can't use my phone

- | don't want the police called
- I'm afraid, it's intense

- | don't trust professionals

% OK, thanks for telling me this.
We asked some other Koko
users about using crisis lines
and some concerns came up.
We made a little FAQ for this...

Pick one that speaks to you

- | just want to chat

- | can't use my phone

- | don't want the police called
- I'm afraid, it's intense

- | don't trust professionals

| just want to chat

No police

No professionals

- | can't use my phone

- | don't want the police called -
- I'm afraid, it's intense @ This makes sense. When

- | don't trust professionals

| just want to chat

you're in a really tough
situation, just chatting with
someone can really help.

Fortunately, crisis counsellors
are trained to listen and chat. If
No phone you just want to chat, a crisis
line may be the best place to
go.
It's too intense
They are volunteers, so you
might end up chatting with
someone your age, someone
just like you.

Exit

Figure 3. Screenshots of the barrier reduction intervention on Koko. Users were presented a list of common
concerns that they could explore by tapping one of the buttons. See the online article for the color version of this

figure.

of the users (see Figures 2 and 3). We referenced other Koko users
who may have felt similarly and acknowledged that each concern
had merit and could not be rejected outright. We did some pilot
testing of the barriers used in the BRI; however, no data were
systematically collected or analyzed during the pilot testing period.
Therefore, we implemented this RCT as a formal test of the BRI.

Outcome assessment. Five hours after completing the screen-
ing and receiving crisis resources, users were sent a notification
request to answer some follow-up questions. Notifications could
be delivered through an in-app notification, a text message, or an
e-mail, depending on the messenger/online platform being used
and the user’s notification preferences. The median time between
being shown crisis resources and initiating the follow-up survey
was 11 hr and 12 min. The follow-up assessment included ques-
tions regarding resource utilization (“Did you try any of the
resources I sent you?”). Follow-up data were obtained for 652
(41.3%) participants. There were no significant differences be-
tween those who participated in the follow-up assessment and
those who did not on all study variables collected during baseline
assessment. However, participants who did not complete the
follow-up assessment were marginally more likely to be catego-
rized as high risk (50.6% vs. 45.8%, x*(1) = 3.51,p = .06, RR =
1.11, 95% CI [0.99, 1.26]).

Data Analytic Plan

Outcomes. We used chi-square tests to determine whether the
treatment and control groups were equivalent on baseline factors

(e.g., suicidal thoughts/behaviors). We conducted a chi-square test
to examine the hypothesis that individuals assigned to the inter-
vention condition would report using crisis resources at higher
rates than individuals in the control condition. Follow-up analyses
consisted of a chi-square test to examine whether groups differed
in terms of which crisis resource they used and a series of logistic
regressions to examine potential moderators (e.g., history of sui-
cidal thoughts/behavior, risk level) of the effect of intervention on
the rate of using crisis resources. Analysis of these preexisting,
anonymous data was approved by the Harvard University Institu-
tional Review Board.

Missing data. We used chi-square tests to determine whether
follow-up data were missing completely at random (MCAR) or
whether missingness depended on observed data collected at base-
line (i.e., risk level, crisis category, allocation). These tests were
nonsignificant, suggesting that data were MCAR and, therefore,
that effect estimates based on complete-case analysis were possi-
bly accurate and unbiased. However, the relationship between
baseline risk level and missingness at follow up was marginally
significant (p = .06). Therefore, we analyzed imputed data and
conducted complete-case analysis with covariate adjustment (cf.,
Groenwold, Donders, Roes, Harrell, & Moons, 2012) to provide
additional assurance that estimates from nonmissing data were
possibly accurate. We performed multivariate imputation by
chained equations using the “mice” package (van Buuren &
Groothuis-Oudshoorn, 2011) in R (R Core Team, 2008), generat-
ing 1,000 imputed data sets with 50 iterations. Results from
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analyses run on each dataset were pooled according to Rubin’s
(1987) rules. Both imputation results and results from complete
case analysis with covariate adjustment are presented in Table 2 in
the online supplemental materials. Results for nonimputed, com-
plete cases are reported in the present paper (n = 652); however,
we also report proportions of participants using crisis services and
related statistics (e.g., number needed to treat; NNT) based on the
full sample providing baseline data (n = 1,580; i.e., intent-to-treat
[ITT] analyses). Notably, nonimputed, imputed, and covariate
adjusted complete-case analyses produced nearly identical results.

Results

Group Equivalence at Baseline

To rule out the alternative hypothesis that any observed
between-group differences in the use of crisis services might be
due to differences in baseline factors like history of suicidal
thoughts/behaviors or level of risk, we compared participants
assigned to the treatment and control conditions on such factors.
No between-group differences were observed, suggesting that ran-
domization resulted in group equivalence at baseline (Table 1).

Barriers to Using Crisis Services

Participants randomized to the treatment condition were initially
asked how likely they were to use the crisis resources presented to
them on the Koko app. Only 21.8% of participants reported being
very likely to use such resources. These participants were routed
directly to the resources (as opposed to administering the BRI
before presenting the resources) so as to not impede their access to
them. “Very likely” participants were about 60% more likely

Table 1
Descriptive Statistics and Between-Group Comparisons

Between-group

comparison

Control Treatment B —

Variable (n=2327),% (n =325, % X af p

Suicide ideation 91 2 .63
Yes 47.4 42.7
No 7.0 5.8
Unknown 45.6 45.2

Suicide plan 1.03 2 .59
Yes 13.8 16.6
No 6.7 6.5
Unknown 79.5 76.9

Suicide attempt 2.14 2 34
Yes 26.9 22.2
No 20.5 23.0
Unknown 52.6 54.8

Crisis category 7.01 5 .53
Suicide 34.5 31.5
Self-harm 12.9 13.5
Someone else 17.3 18.1
False crisis 17.3 16.7
Eating disorder 52 5.6
Other 12.8 14.6

Risk level .10 1 74
Low risk 53.5 54.8
High risk 46.5 45.2

(RR = 1.59) to actually use crisis resources (as reported during
follow up) than “not likely” participants (69.0% vs. 43.3%,
x2(1) = 14.86, p < .001, 95% CI [1.27, 1.95]). Participant report
of likelihood of using crisis services was unrelated to the baseline
presence of suicidal thoughts/behaviors or risk level (presented in
Table 3 in the online supplemental materials).

Participants who reported being not likely to use crisis services
were presented with potential barriers to their use of such services.
Most participants (78.2%) endorsed one of the reasons queried.
The most commonly endorsed reasons/barriers were: “I just want
to chat” (53.1%), “Don’t want police called” (42.5%), “Thoughts
too intense” (30.7%), “Don’t trust professionals” (19.7%), and
“Don’t have a phone” (13.7%; see Figure 3).

Effect of the Intervention

After participants in the treatment condition were presented with
potential barriers, they received the BRI. Among participants
providing follow-up data, participants assigned to the BRI condi-
tion were 23% (RR = 1.23) more likely to later use crisis services
than participants in the control condition (48.9% vs. 39.8%,
x>(1) = 5.55,p = .02,95% CI [1.03, 1.46], NNT = 10.98). (Note:
the corresponding statistics for ITT analyses were 20.51% vs.
16.14%, RR = 1.20, p = .02,95% CI [1.04, 1.42], NNT = 22.93).
There was no between-group difference regarding which crisis
resources participants used (Table 2). There also were no moder-
ators of the observed treatment effect. More specifically, a series
of logistic regressions revealed that neither suicidal ideation (RR =
0.98, p = .95), presence of suicide plan (RR = 0.82, p = .59), past
suicide attempt (RR = 1.15, p = .57), risk level (RR = 0.99, p =
.96), nor the type of possible crisis (e.g., suicide RR = 0.95, p =
.87) moderated the effect of the intervention on the rate of using
crisis resources (presented in Table 4 in the online supplemental
materials). Exploratory analyses revealed that neither the type of
barrier explored (e.g., “just want to chat”), nor the total or unique
number of barriers explored was associated with increased prob-
ability of crisis resource use among participants receiving the BRI
(presented in Table 5 in the online supplemental materials). At
follow up, participants were asked whether the KokoBot “did a
good job helping [them],” and rated their experience as either
“good” or “bad,” with nearly 75% (n = 484) rating their experi-
ence as good. Ratings did not differ between treatment and control
participants, x*(1) = 1.69, p > .05; however, across both groups,
participants reporting actually using crisis resources were nearly
one third (RR = 1.32) more likely to rate Koko as good at helping
them than participants who reported not using resources (79.2%
vs. 70.2%, x*(1) = 6.79, p < .01, 95% CI [1.07, 1.67].

Discussion

The purpose of this study was to develop and evaluate a brief
BRI designed to increase the use of crisis resources among indi-
viduals identified as being at risk for a mental health crisis. There
were three main findings in this study. First, among participants
assigned to the BRI who provided follow-up data, only about one
quarter (21.8%) presented with crisis service referrals report being
likely to use them, and only about two thirds of that group (69.0%)
reported actually doing so. Second, participants’ most-endorsed
barriers to using crisis services included preferring to chat with
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Table 2
Descriptive Statistics and Between-Group Comparisons for
Follow-Up Assessment Data

Between-group

comparison
Control Treatment

Variable n=327),% m=2325,% x> df p

Used resources 555 1 .02
Yes 39.8 48.9
No 60.2 51.1

Which resources used 626 5 .28
Crisis text line 14.4 18.5
Suicide hotline 4.6 5.2
International 1.8 2.5
Recovery road 9 1.8
Unknown 17.4 20.3
Not available 60.9 51.7

Note. Bold type denotes p < .05.

other people on their phone/computer instead of seeking help
through the provided crisis service referrals, fearing that the police
may be called, and perceiving that their thoughts were too intense
to share with a professional at one of the crisis referrals. Third, and
perhaps most importantly, a brief BRI significantly increased
participants’ likelihood of using crisis services. Each of these
findings warrants further comment.

The low rate of help seeking observed in this study, even among
those reporting they were likely to use crisis referrals provided to
them, is consistent with data from previous studies among indi-
viduals with severe mental health issues and STBs (Bruffaerts et
al., 2011; Hom et al., 2015). Whereas digital platforms hold great
promise by overcoming structural barriers to seeking help (e.g.,
geographical), attitudinal barriers persist (e.g., preference for in-
formal help), underscoring the need to develop and evaluate inter-
ventions that target barriers to help seeking, in general, and on
digital platforms, in particular. Among participants in the treat-
ment condition providing follow-up data who reported they were
not likely to use the crisis service referrals provided to them,
53.1% reported just wanting to chat and 30.7% reported perceiving
that their thoughts were too intense. The preference for informal
help and the perception that suicidal thoughts are too intense or
dangerous to share with a service provider are consistent with
findings from studies on help negation (e.g., Wilson & Deane,
2010). Help negation is the tendency to purposefully refuse or
avoid help, and is commonly observed among individuals experi-
encing STBs. Researchers have proposed that suicidal thoughts
and concomitant affective states may themselves contribute to help
negation by exacerbating existing vulnerabilities (e.g., behavioral
avoidance, cognitive distortion, inhibited recall), leading to inef-
fective problem solving (e.g., Deane et al., 2001; Rudd et al., 1995;
Weishaar, 1996; Wilson & Deane, 2010). Therefore, people expe-
riencing suicidal thoughts may avoid speaking with a professional
because suicidal thoughts and the accompanying distress may
contribute to thinking errors that interfere with the ability to select
more effective solutions than avoidance, such as seeking profes-
sional help.

The main finding of this study demonstrates that a brief, auto-
mated barrier reduction strategy can be efficacious, even among
individuals experiencing acute psychological distress. Moreover, a

vast majority of participants (78.2%) providing follow-up data
who reported they were not likely to actually use the crisis re-
sources available on Koko did, in fact, explore at least one psy-
choeducation section, suggesting that this brief and automated
intervention was capable of engaging even a reluctant and acute
subgroup of participants. While we did hypothesize that the psy-
choeducation intervention would increase crisis resource utiliza-
tion, no variables we tested moderated this effect; however, sta-
tistical power was limited to sufficiently assess several potential
moderating variables (e.g., suicide ideation, suicide plan, and
suicide attempt) due to small and unbalanced subgroup sample
sizes.

There has been a dramatic increase in recent years of the number
of digital platforms focused on mental health; however, very few
studies investigating such platforms have used experimental de-
signs and collected follow-up data from participants (<1%;
Donker et al., 2013). This makes it difficult to judge whether
digital platforms related to mental health are actually efficacious.
Digital platforms that help those with mental health problems are
desperately needed to curb the enormous burden associated with
mental illness by providing services to those with unmet needs.
Platforms most capable of bridging this gap must be acceptable to
users, scalable (e.g., using automated procedures), and sensitive to
the concerns (i.e., barriers) of people reluctant or unwilling to seek
or utilize traditional mental health services. This study represents
an important step toward the goal of developing and evaluating a
brief, automated intervention designed to reduce barriers in order
to increase the utilization of crisis resources among individuals in
acute need.

These findings have important implications for psychological
and public health researchers as well as creators of digital apps
focused on mental health. This intervention can be implemented
and studied by psychological and public health researchers in a
range of settings (e.g., web- and mobile-based digital mental health
services/apps) and across a variety of populations with relative
ease. Digital platform designers can integrate brief, automated
psychoeducation interventions on their platforms to reduce barriers
to treatment and increase service utilization and user engagement.
While further research is needed to test and improve this interven-
tion, individual and public health may benefit from its immediate
use. Psychoeducation interventions may help people overcome
barriers to treatment, increasing service use among vulnerable
populations, such as those experiencing mental health crises. If
true, such interventions could have large downstream effects, such
as helping reduce the disease burden associated with mental health
problems as well as the burden associated with physical and
medical health issues by reducing stress on and access blocks to
health care safety nets like emergency departments.

Careful discussion must continue among researchers, institu-
tional review boards, medical ethicists, app developers, and con-
sumers of health apps about how to best conduct clinical research
on digital platforms. Important ethical questions remain unan-
swered, including to what extent users should be informed that
their experience on apps and digital platforms might be curated
and/or experimentally manipulated to test and improve health- and
other-related outcomes? How to accurately calculate and balance
the potential benefits and costs of manipulating users’ experience,
particularly in health-related apps? And should research conducted
in health-related apps involving experimental manipulation pro-
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vide a higher benefit-to-cost ratio compared with other types of
apps (e.g., financial) given the higher likelihood that users may be
part of a vulnerable population?

Limitations

Despite these positive implications, several important limita-
tions of this study deserve comment. First, the generality of the
findings may be restricted. This study was completed among
individuals identified as likely experiencing a mental health crisis
while they were using a digital app. Thus, these results may not
generalize to individuals with less acute mental health problems or
to those not technologically savvy or otherwise reluctant to use
digital platforms. Second, the classifier provides a probability
estimate of the possibility an individual is at risk of serious,
imminent harm, not an objective metric of crisis status, such as the
observation of suicidal behavior. Therefore, it is possible that some
individuals classified as being in crisis were misclassified. Despite
this, a majority of participants indicated they were currently strug-
gling with one of the common mental health issues provided prior
to the BRI, and a significant portion of participants providing
follow-up data went on to use crisis services, including participants
who initially reported they were not in crisis. However, future
studies may benefit by attempting to corroborate crisis classifica-
tion status by, for example, assessing users with expert clinicians
following automated crisis classification. The strength of this study
lies in demonstrating that individuals in possible crisis, who are
often disinclined to seek help or utilize services, are amenable to
a brief and automated intervention. That is to say, in this study we
prioritized maximizing internal validity rather than the external
validity of the intervention. Additionally, because classification of
a potential mental health crisis was based on text data from users’
posts, it is possible that users who did not post or who posted very
little text were incorrectly classified as not being in crisis. Sparsity
of information is a limitation affecting all text-based classifiers as
well as human clinical judgment alike. Future studies may benefit
by combining different types of data (e.g., passive data, user-
platform engagement data) to improve accurate classification. Ad-
ditionally, a majority of participants who completed baseline as-
sessment (58.7%) did not provide follow-up data. This dropout
rate is consistent with other similar studies conducted on digital
platforms (Eysenbach, 2005; Fleming et al., 2018); however, these
results may not generalize to all individuals experiencing a crisis
while using a digital platform. Additionally, low response rates
may represent potential bias among individuals who responded
(e.g., higher conscientiousness), leading to overestimating the ef-
fect of intervention. Results from imputed data and covariate-
adjusted complete case analysis were nearly identical to nonim-
puted data, suggesting that results from nonimputed data are
possibly accurate and unbiased; however, it is possible that unob-
served variables were associated with missingness at follow up.
Future studies should increase efforts aimed at collecting both
follow-up data from participants who do not initially respond and
additional baseline variables potentially associated with the prob-
ability of responding at follow up. Doing so might provide infor-
mation on potential biases or other factors (e.g., possible engage-
ment in self-injurious behaviors) among responders, allowing for
more accurate estimates of effects as well as potential limitations
of this intervention. Notably, there were no significant differences

between those who provided follow-up data and those who did not
on variables collected at baseline; however, participants classified
as high risk were marginally less likely to provide follow-up data
than low risk participants, suggesting that individuals with a his-
tory of severe STBs (e.g., past suicide attempt) may be less
amenable to using crisis service referrals, which is consistent with
research on help negation (Hom et al., 2015).

Several aspects of the assessment and intervention procedures
limit the conclusions that can be drawn from this study. First, at
follow up, participants reported whether they actually used crisis
resources. Although the measure of treatment utilization is consis-
tent with the methods used in other studies, it may have been
subject to various biases (e.g., social desirability). Future studies of
treatment utilization should aim to not rely solely on self-report,
but instead use objective measures whenever possible, such as
tracking technology on digital platforms (e.g., cookies). Second,
although this study examined presence of STBs as well as the type
of mental health crisis participants were experiencing, many other
factors that may influence utilization of crisis resources were not
evaluated. A broader range of participant characteristics that may
influence crisis resource use should be included in future studies,
such as sociodemographics, psychiatric symptoms, treatment his-
tory, and evaluative/attitudinal barriers to help seeking. Third, the
intervention consisted of two parts: (a) querying participants about
the likelihood they would actually use crisis resources available on
Koko, and (b) the psychoeducation component (i.e., the BRI)
consisting of sections of textual information, each addressing one
common barrier to treatment (e.g., fear of hospitalization). Impor-
tantly, only participants reporting that they were “not likely” to use
crisis resources received the psychoeducation component of the
intervention, whereas participants reporting they were “very
likely” to use crisis resources did not receive the psychoeducation
component. Because participants in the control group did not
report on their likelihood of using available crisis resources, we
cannot directly compare the portion of treatment and control
participants who were not likely to utilize resources. Thus, our
ability to evaluate the effect of the intervention among this sub-
group of participants is hindered. In addition, it is possible that
asking participants how likely they were to use crisis resources
played a causal role in whether they subsequently used crisis
resources. Importantly, we asked participants to report on their
likelihood of utilizing resources for ethical reasons. All partici-
pants in the study were identified as experiencing a mental health
crisis. Thus, if a participant in crisis is likely to use crisis resources
on their own without any intervention, it would be unethical to
impede their access to resources by first administering the inter-
vention to them. Future studies should ask all participants to report
on their likelihood of using crisis resources. This will allow for the
comparison of “not likely” resource respondents in both groups
and help isolate the effect of the psychoeducation component of
the intervention on this subgroup. Finally, exploratory analyses
revealed that neither the type of barrier explored, nor the total or
unique number of barriers explored increased the probability that
participants receiving the BRI would use crisis resources. Due to
small and unbalanced subgroup sample sizes, statistical power was
limited to sufficiently assess the causal effect of these “molecular”
parts of the intervention; however, these findings suggest the
causal effect of the intervention may be driven by either uniden-
tified variable(s) and/or the “molar” treatment package. Future
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studies would benefit from a larger sample size to overcome this
limitation.

Conclusion

The intervention developed and evaluated in this study was
delivered in a brief and automated format. This minimal design
yielded promising results. Modifications to certain aspects of this
intervention should be evaluated in future studies. For example,
the intervention could be modified with ease to control for the
effect of querying participants’ likelihood of utilizing treatment
resources, thereby isolating the effect of the psychoeducation
component of the intervention. Also, asking for more information
from participants at baseline (e.g., sociodemographics, psychiatric
symptoms, evaluative/attitudinal barriers) may provide potential
moderators and mediators to test. Moreover, future studies that
expand the psychoeducation component to include additional po-
tential barriers to utilizing mental health services (e.g., preference
for self-management, help negation) as well as barriers that are
predicted to be particularly relevant to participants based on their
sociodemographic and psychiatric variables, may elicit stronger
intervention effects and are likely to provide more information
regarding the potential dose-response relationship between treat-
ment and outcome. These proposed modifications represent only a
small range of potential ways to research barrier reduction strate-
gies on digital platforms. Future work in this space is necessary to
understand whether new or a subset of known barriers to help
seeking and/or treatment utilization emerge or prove particularly
potent on digital platforms such as web-based services and digital
mental health apps. The potential to increase help seeking and
service utilization among underserved populations with brief, au-
tomated procedures holds great promise for researchers, clinicians,
public health, and particularly for those in need of mental health
services.
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