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A B S T R A C T

Background: Anxiety and depression are major public health concerns. Digital mental health interventions 
(DMHIs) are effective at reducing anxiety and depression, especially when they leverage human support. 
However, DMHIs that rely on human supporters tend to be less scalable. “Crowdsourced peer support,” in which 
a “crowd” of many peers provides users support via structured and focused interactions, may enable DMHIs to 
provide some of human support's unique benefits at scale.
Objective: To conduct a pilot trial of two versions of a digital mental health intervention for anxiety and 
depression: one with crowdsourced peer support and one without.
Methods: We conducted a two-armed pilot randomized controlled trial examining two versions of the novel 
“Overcoming Thoughts” platform: crowdsourced (intervention) vs. non-crowdsourced (control). The crowd
sourced version allowed participants to view and interact with other users' content. We randomly assigned 107 
participants to use the crowdsourced (n = 56) or non-crowdsourced (n = 51) platform for 8 weeks. Participants 
completed assessments at baseline, 4 weeks, 8 weeks, and 16 weeks. At each time point, these assessments 
included measures of anxiety and depression, including the Depression, Anxiety, and Stress Scale (DASS, primary 
outcome), the Patient Health Questionnaire (PHQ-9, secondary outcome), and the Generalized Anxiety Disorder 
Questionnaire (GAD-7, secondary outcome). We also collected usage information, including the number of ex
ercises started, and safety data.
Results: Using mixed models controlling for demographic factors, we compared the conditions' effectiveness in 
reducing depression and anxiety over time. Although we found significant drops over time in the DASS at both 
Week 8 and Week 16 (ps < 0.01), we did not find significant treatment x time interactions (Week 8, p = 0.35; 
Week 16, p = 0.68). The PHQ-9 and GAD-7 showed similar results. The median number of times participants 
used the platform was 3 (mean = 6.99, SD = 9.78). Greater platform use was not associated with a different 
change in DASS total score, PHQ-9 score, or GAD-7 score over eight weeks (ps > 0.10).
Conclusions: Neither version of the “Overcoming Thoughts” platform (crowdsourced or non-crowdsourced) 
reduced anxiety or depression significantly more than the other. Future work should investigate how digital 
platforms can better leverage crowdsourced support, and if crowdsourced support may be especially useful in 
certain kinds of systems, populations, or target areas. Optimizing intervention engagement and obtaining the 
large sample sizes needed for appropriate statistical power will be key challenges for similar studies.
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1. Introduction

Anxiety and depression are common mental health problems glob
ally, but there are not enough providers to meet the demand for high- 
quality care (Mongelli et al., 2020). Care-seeking has increased and 
evolved in recent years, with many people seeking guidance from 
technologies such as online screening tools (Jacobson et al., 2022; 
Johnson et al., 2022; Kaveladze et al., 2021; Murphy et al., 2018). 
Digital mental health interventions (DMHIs) are technology-based in
terventions used to prevent, assess, treat, and recover from mental 
health challenges, as well as to promote mental wellbeing. Although 
various terms exist, such as internet interventions and computerized 
therapies (see Smoktunowicz et al., 2020), we opt for “DMHI” to 
emphasize that the primary intervention is provided by the technology 
itself (with potential supplemental support coming from human 
involvement).

DMHIs have demonstrated an ability to disseminate effective 
evidence-based support for anxiety and depression in a variety of set
tings and contexts (Andersson et al., 2019; Karyotaki et al., 2021; Kim 
et al., 2023; Ramos et al., 2024). Successful implementation of DMHIs 
has occurred in several countries, such as Australia, Sweden, and Canada 
(Titov et al., 2019), as indicated by the DMHIs' integration into care 
settings, government support, and evidence of clinical value (i.e., Titov 
et al., 2020). However, such implementations have still reached only a 
small percentage of individuals who experience clinical levels of anxiety 
or depression, and they often rely on trained professionals to support 
care. Even successfully deployed DMHIs face numerous challenges sus
taining and engaging users (Baumel et al., 2019; Park et al., 2022). Ul
timately, to have the equitable global impact we seek, we need to 
continue to innovate on DMHIs, including identifying modes of inter
action that can widely and cheaply scale. These DMHIs should meet 
people where they are, meaning they appeal to users with diverse 
backgrounds and preferences and are accessible in places people go to 
seek mental health support, not just traditional clinical pathways.

As mental health support-seeking evolves and expands, DMHIs can 
make the greatest impact by integrating into settings where people are 
likely to find them. Online mental health screening websites are one 
place to reach people who are seeking immediate support and motivated 
to take action. These spaces are frequently used as a first step toward 
improving mental health (Murphy et al., 2018); in 2022, over 6.3 
million people worldwide completed a mental health screen on the 
website Mental Health America (Mental Health America, 2022). Rather 
than relying on typical DMHI dissemination strategies, such as stand
alone mobile apps that can be downloaded in a smartphone app store, 
integrating brief DMHIs into popular online spaces for help-seeking 
might better achieve the ideal of meeting people where they are.

1.1. Crowdsourced peer support in DMHIs

Making DMHIs more effective and engaging in real-world settings is 
a key goal for the field. One approach is to integrate human supporters 
(e.g., therapists, coaches, trained peer supporters, or untrained fellow 
users). Most research suggests that human support is useful for boosting 
engagement and impact (Werntz et al., 2023). However, human sup
porters are resource-intensive, which can decrease DMHIs' scalability. 
Additional work is needed to clarify which kinds of human support offer 
the most efficient combinations of effectiveness, appeal, and potential 
for scale (Schueller et al., 2017).

Human support in DMHIs is commonly provided by paid therapists 
or coaches with varying levels of expertise (e.g., professional education 
and credentialing, specific certifications like “mental health coach,” and 
platform-specific training). Another form of support, however, is peer 
support, provided by people who share one's lived experience (i.e., 
peers). In some implementations, “peers” are trained and paid. For 
example, in one app, paid military veteran peer supporters helped app 
users (fellow veterans) via unstructured supportive check-ins (Nelson 

et al., 2014). Another DMHI used paid peers to help users navigate a 
recovery app and apply concepts to their lives (Gulliver et al., 2019). In 
other cases, peers are untrained fellow users (Fortuna et al., 2020), as in 
one app that leverages a pool of unpaid volunteer peers, who play an 
emotional supporter role in anonymous one-on-one chats with users 
(Baumel, 2015).

One form of online peer support with a particularly high potential for 
scale is crowdsourced peer support, in which members of a “crowd” (i.e., 
a large group of peers) provide support through structured and focused 
interactions. In crowdsourced peer support, one receives support from 
one or multiple crowd members. In some implementations, one instance 
of support provision can also reach many people, as in a system where 
exemplary support interactions are highlighted for future users. Thus, 
the dynamics of crowdsourced peer support are arguably more similar to 
those of anonymous online support discussion forums than traditional 
face-to-face therapy. DMHIs leveraging crowdsourced support have 
shown efficacy in multiple studies (Morris et al., 2015, 2018; Smith 
et al., 2021). Crowdsourced peer support is also a central component of 
platforms with large real-world user bases, such as Koko, Reddit, and 
TalkLife (De Choudhury and De, 2014; Morris, 2015; Sharma et al., 
2020).

1.2. Current study

Integrating crowdsourced support into accessible online DMHIs 
might help to make them more engaging and effective. We conducted a 
pilot randomized controlled trial (RCT) examining the effects of 
crowdsourced support integrated into DMHIs. As a pilot (rather than 
confirmatory) trial, the study's primary aims were logistical: to identify 
problems and opportunities with the study design for subsequent large- 
scale, fully powered trials, and to identify opportunities to improve the 
intervention platform and crowdsourced feature (Conn et al., 2010). We 
predicted that the crowdsourced DMHI would be more effective at 
reducing depression and anxiety than an identical DMHI without 
crowdsourced support. We also explored how participants interacted 
with the platform over the eight-week study period.

2. Material and methods

2.1. Overview

In this pilot study, we compared the effectiveness of two versions of a 
platform built to reduce symptoms of depression and anxiety, with 
crowdsourced as the treatment condition and non-crowdsourced as the 
control condition. Participants experiencing clinically significant levels 
of depression and anxiety symptoms were recruited and randomly 
assigned (1:1) to a condition. Participants were instructed to use the 
platform for eight weeks. We collected outcome data at baseline, four, 
eight, and 16 weeks. The study was reviewed and approved by the 
Institutional Review Board at the University of California, Irvine, and 
was pre-registered as a clinical trial at clinicaltrials.gov (NCT: 
04226742). The study was conducted remotely, and the chief investi
gator was in Irvine, California.

2.2. Intervention

This study used the “Overcoming Thoughts” platform, a novel plat
form for treating depression and anxiety symptoms. “Overcoming 
Thoughts” was based on principles of cognitive-behavioral therapy and 
heavily influenced by the unified protocol (Farchione et al., 2012). The 
platform focused on two specific techniques from cognitive-behavioral 
therapy – cognitive restructuring and behavioral experimentation. 
Both techniques were intended to teach users skills for coping with 
negative thoughts. These techniques were implemented in the platform 
as follows: On opening the platform, users were directed to input a 
thought they were struggling with. The platform then offered users a 
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choice between the two approaches to addressing that thought. The first 
was “Explore thoughts to feel better,” which guided them through an 
activity based on cognitive restructuring. The activity used eight 
prompts guiding the user to identify unhelpful thoughts and core beliefs 
and replace them with more adaptive ones. Alternatively, users could 
select “Take steps to feel better,” an option based on behavioral exper
imentation concepts. This option guided users through eight prompts 
focusing on identifying specific actions they could take to feel better and 
overcome obstacles to positive action. After users worked through all 
eight prompts in either activity, they were presented with a summary 
page showing all prompts and their responses. This platform was 
modeled after other cognitive-behavioral therapy-based DMHIs in that it 
included multiple components of CBT in a single intervention platform. 
Participants were encouraged to use the platform as frequently as they 
found valuable, with a recommendation of three times per week for the 
eight-week study period.

Our study focused on isolating the impact of crowdsourcing, thus our 
design compared two versions of the “Overcoming Thoughts” platform. 
The only feature that distinguished the two versions of the platform was 
crowdsourced support. The “crowdsourced” version of the platform was 

exactly as described above, except it also showed responses to the 
prompts generated by other platform users. The crowdsourced responses 
were displayed under the heading, “What others are saying.” Users could 
look through a list of these responses and interact with a response by 
selecting “I relate,” choosing to work through that response instead of 
their own, or reporting the response as inappropriate (Fig. 1).

2.3. Measures

Participants completed a brief screening form to determine eligibility 
(described below) and more detailed assessments at baseline, midpoint 
(week 4), end of treatment (week 8), and follow-up (week 16). The 
baseline, week 4, week 8, and week 16 assessments were identical and 
included the Depression, Anxiety, and Stress Scale (DASS), Patient 
Health Questionnaire - 9 (PHQ-9), Generalized Anxiety Disorder Ques
tionnaire - 7 (GAD-7), as well as other measures, described on the 
clinicaltrials.gov page (NCT04226742). Here, we report only on changes 
in symptoms of depression and anxiety, with the DASS total score as our 
primary outcome and the PHQ-9 and GAD-7 as secondary outcome 
measures. We describe these measures below.

Fig. 1. Home screen of the Overcoming Thoughts platform “crowdsourced version.”
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2.3.1. Depression Anxiety and Stress Scale (DASS)
The DASS is a 42-item self-report instrument that measures three 

negative emotional constructs: depression, anxiety, and stress 
(Lovibond, 1998; Lovibond and Lovibond, 1995). Individuals use a 4- 
point Likert Scale to indicate the severity or frequency with which 
they experienced each item. The DASS yields three subscale scores. 
Scores range between 0 and 126 for the entire scale and 0–42 for each 
subscale. Higher scores on each of the constructs indicate a higher 
presence of depression, anxiety, or stress in participants' lives. The 
depression scale assesses dysphoria, hopelessness, devaluation of life, 
self-deprecation, lack of interest, and anhedonia. The anxiety scale 
measures autonomic arousal, skeletal muscle effects, situational anxiety, 
and anxious affect. The stress scale evaluates levels of chronic non- 
specific arousal. It gauges difficulty relaxing, nervous arousal, and 
being easily agitated, irritable, over-reactive, and impatient. The DASS 
has shown high internal consistency and concurrent validity in clinical 
trials and effectively distinguishes between features of depression, 
physical arousal, and psychological tension (Antony et al., 1998; Brown 
et al., 1997).

2.3.2. Patient Health Questionnaire - 9 (PHQ-9)
The PHQ-9 is a 9-item self-report instrument used to evaluate 

depressive symptoms (Kroenke et al., 2001). Respondents to the PHQ-9 
questionnaire answer 9 questions indicating how often they have 
experienced depressive symptoms in the past 2 weeks and 1 question 
indicating how often any of the depressive symptoms impacted their 
ability to function in the last 2 weeks. Scores range from 0 to 27, higher 
scores on this instrument indicate a higher frequency of, or impairment 
from, depressive symptoms. The PHQ-9 has shown high validity and 
reliability in identifying symptoms of depression (Gilbody et al., 2007; 
Kroenke et al., 2001).

2.3.3. Generalized Anxiety Disorder - 7 (GAD-7)
The GAD-7 is a 7-item self-report instrument used to assess the 

severity of generalized anxiety disorder (Spitzer et al., 2006). The GAD-7 
questionnaire includes 7 questions indicating how often one experi
enced anxiety symptoms in the past two weeks. Response options are 
“not at all,” “several days,” “more than half the days” and “nearly every 
day.” Scores range from 0 to 21, with higher scores indicating more 
severe anxiety symptoms. The GAD-7 has shown validity in primary care 
patients and the general population (Löwe et al., 2008; Mossman et al., 
2017).

2.3.4. Demographics and mental health history
Participants completed a brief demographics and mental health 

history form, including age, gender, race, and ethnicity, as well as 
modules from the Structured Clinical Interview for DSM-5 (SCID-5; 
Shankman et al., 2018) asking if they had ever received diagnoses of 
bipolar, dissociative, substance use, or psychotic disorders.

2.3.5. Platform usage
We collected data on participants' usage of the “Overcoming 

Thoughts” platform during the eight-week study period. Usage data 
includes the number of “thoughts” each participant started and the 
number of questions answered for each thought. A “thought” on the 
platform refers to a user responding to the initial prompt on the home 
screen and selecting either “explore thoughts to feel better” or “take 
steps to feel better.” "Question responses" refers to how many answers 
users generated for the subsequent prompts that “work through” the 
initial thoughts (between zero and eight). We determined platform 
usage using log data resulting from user behavior while logged into the 
platform. The platform also collected usage behavior for users who were 
not logged into the platform. To mitigate the possibility that some users 
might use the platform while not logged in, we matched participants' 
identities across sessions using their device IP addresses. However, we 
could not detect participants' usage if they were not logged in and 

accessed the platform on a device with a different IP address. As such, 
our usage metrics might underestimate some participants' usage.

2.3.6. Safety
We tracked participant safety during the trial in two ways. First, we 

tracked self-reported suicidality, risk assessments conducted, and the 
determinations from the risk assessments. Self-reported suicidality was 
identified by evaluating any participant who reported a PHQ-9 item 9 >
0 at any of the assessment time points, expressed suicidality to a member 
of our study team, or entered content into the platform expressing sui
cidality. Second, we calculated the percentage of participants in each 
condition who experienced clinically meaningful worsening using the 
meaningful change criteria proposed by Jacobson and Truax (1991); i.e. 
1.96 times the standard error of the change score.

2.4. Eligibility criteria

Participants were eligible to participate in the study if they met the 
following criteria: (1) displayed significant mood and anxiety symptoms 
as defined by PHQ-9 or GAD-7 scores of at least 10, (2) were able to 
speak and read English as the intervention platform and all assessments 
were administered in English, (3) were at least 18 years of age at 
baseline, and (4) were currently residing in the United States. Eligibility 
criteria for PHQ-9 and GAD-7 were based on scores corresponding to 
moderate levels of depression or anxiety respectively (Kroenke et al., 
2001; Spitzer et al., 2006), and therefore commonly used in clinical 
practice to identify individuals for whom treatment is warranted.

Participants were ineligible if they had severe suicidality, as indi
cated by ideation, plan, and intent. Current suicidality was assessed 
through both the PHQ-9 item 9 and a suicide severity assessment based 
on the Columbia-Suicide Severity Rating Scale (Chung et al., 2023; 
Posner et al., 2011). All participants who scored the PHQ-9 item 9 >
0 were contacted for a subsequent risk assessment.

2.5. Recruitment

Participants were recruited from Mental Health America's Screening- 
to-Supports platform (S2S), an online screening platform that conducts 
approximately 3000 screens per day. Individuals who screened positive 
for depression (PHQ-9) or anxiety (GAD-7) on the screening platform 
received online study advertisements to test an online platform for 
depression and anxiety. Clicking these advertisements led to a REDCap 
form with screening questions, including demographics, contact infor
mation, age, diagnostic status, and English proficiency. Individuals 
deemed eligible for the study received a consent form, a baseline 
outcome questionnaire, and a link to schedule a telephone diagnostic 
assessment involving SCID-5 modules and a brief onboarding 
orientation.

Individuals were determined to have entered the study if they 
completed the baseline questionnaire, diagnostic assessment, and 
onboarding session. Participants were randomly assigned to a condition 
at consent using a predetermined randomization scheme (1:1); because 
study enrollment was based on completing the baseline and the 
onboarding session, this led to slightly unequal assignment to condi
tions, with 56 participants in the crowdsourced group and 51 partici
pants in the non-crowdsourced group. All interactions between 
participants and the research team were fully blinded with regard to 
experimental conditions.

2.6. Analysis plan

We ran linear mixed models examining the change over time in the 
DASS, PHQ-9, and GAD-7, controlling for age, sex, race, and ethnicity, 
with a participant identifier as a random intercept (Preacher et al., 
2006). We analyzed all 107 participants according to intent-to-treat 
principles. We did not impute missing outcome data because linear 
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mixed models' estimates for longitudinal clinical trial data are not 
improved by data imputation (Chakraborty and Gu, 2009). However, if 
<25 % of the items in the scale were missing, we imputed missing data 
within scales using the mean of the non-missing items for that partici
pant for that scale (this occurred four times, combined across the DASS, 
PHQ-9, and GAD-7 and all time points).

We aimed to have 50 participants complete most study time points in 
each condition, allowing the main analysis to detect differences across 
conditions in change over time of Cohen's d ≥ 0.50 with 80 % power. 
While we expected to observe a smaller effect size than d = 0.50, this 
was a pilot study intended to determine feasibility and preliminary 
effectiveness, rather than a confirmatory effectiveness trial. To obtain 
Cohen's d from a binary predictor's regression coefficient (or the inter
action coefficient between two binary predictors) we divided the coef
ficient by its standard deviation at baseline (Feingold, 2009). We used 
the p < 0.05 criterion for statistical significance. We also assessed clin
ically meaningful improvement during the study, defined as a statisti
cally significant improvement; i.e. 1.96 times the standard error of the 
change score (Jacobson and Truax, 1991).

2.7. Openness

To analyze and visualize data, we used R version 4.3.1 (R Core Team, 
2015), the lme4 v1.1-35.1 package (Bates et al., 2015), and the tidyverse 
package v2.0.0 (Wickham and RStudio, 2021). We prospectively pre- 
registered the study (clinicaltrials.gov: NCT04226742). The study data 
and analysis code are available at https://osf.io/5bq2r/ (Kaveladze, 
2024).

3. Results

We enrolled 107 participants from February to November 2021. 
Baseline values of all variables did not significantly differ by condition 
(Table 1, ps > 0.10), indicating acceptable randomization. The propor
tion of participants who dropped out of the study at any time point also 
did not differ across conditions (ps > 0.62), as shown in the CONSORT 
diagram in Fig. 2.

3.1. Change in depression and anxiety across conditions

On average, adjusting for covariates and experimental condition 
assignment, DASS total scores decreased between baseline and each 
time point; ps < 0.01. Contrary to our hypotheses, participants assigned 
to the crowdsourced (intervention) condition did not report significantly 
greater decreases in DASS total scores between baseline and any follow- 
up than those assigned to the non-crowdsourced (control) condition. 
Fig. 3 visualizes differences across conditions and Table 2 shows the 
model output. Similarly, participants assigned to the crowdsourced 
condition did not report significantly greater decreases in GAD-7 scores 
between baseline and four-week (b = 0.61; d = 0.11; 95 % CI, − 1.64, 
2.85; p = 0.60), eight-week (b = − 0.61; d = − 0.11; 95 % CI, − 2.95, 1.73; 
p = 0.61), or 16-week follow-ups (b = 0.32; d = 0.06; 95 % CI, − 2.03, 
2.67; p = 0.79) than those assigned to the non-crowdsourced condition. 
Finally, those assigned to the crowdsourced condition did not report 
significantly greater decreases in PHQ-9 scores between baseline and 
four-week (b = 1.16; d = 0.19; 95 % CI, − 1.06, 3.38; p = 0.31), eight- 
week (b = − 0.26; d = − 0.04; 95 % CI, − 2.57, 2.05; p = 0.83), or 16- 
week follow-ups (b = 0.24; d = 0.04; 95 % CI, − 2.09, 2.57; p = 0.84) 
than those assigned to the non-crowdsourced condition.

Most participants experienced a clinically meaningful improvement 
in DASS total score, including 64.6 % at week 4, 72.6 % at week 8, and 
70.0 % at week 16. Similarly, 53.7 % experienced a clinically mean
ingful improvement in their GAD-7 score at week 4, 56.2 % did at week 
8, and 59.7 % did at week 16. 72.8 % experienced a clinically mean
ingful improvement in their PHQ-9 score at week 4, 68.5 % did at week 
8, and 71.8 % did at week 16. None of these improvement rates differed 
significantly by intervention condition (ps > 0.20).

3.2. Platform usage

Fig. 4 shows the total number of thoughts entered into the tool per 
participant. Participants completed all eight questions for 74 % of the 
thoughts they entered and zero out of eight questions for 15 % of the 
thoughts. Cumulatively, participants chose the “take steps to feel better” 
path for 43 % of their thoughts, and the “explore thoughts to feel better” 
path for 57 % (excluding the 94 initial thoughts for which participants 
did not answer any questions as we cannot know which condition they 
chose). Among those who completed all eight questions, the median 
duration spent working with each thought was 6 min. Within the 56-day 
intervention period, participants used the tool a median of 2 days (mean 
= 4.79, SD = 5.96). The mean number of days between users' first 
interaction with the tool and their last was 28.00 (SD = 21.35). Par
ticipants who entered more thoughts into the platform did not experi
ence greater or weaker reductions in DASS total score, PHQ-9 score, or 
GAD-7 score over eight weeks (ps > 0.10). Finally, the number of 
thoughts entered into the tool did not differ across conditions (p = 0.51).

3.3. Safety

During the trial, 123 instances of suicidality were reported on the 
PHQ-9 item 9. Of these instances, 102 were determined to be at low risk 
of suicidality based on their PHQ-9 item 9 score being no higher than 1 
at each previous measurement point, as well as the suicidality risk 
evaluation we conducted during the screening process. We followed up 
with the remaining 21 participants to complete a suicide risk assessment 

Table 1 
Baseline characteristics among participants meeting criteria for inclusion in 
analyses.

Characteristic 
Mean (SD); n (%)

Non-crowdsourced, n 
= 51

Crowdsourced, n =
56

p- 
Value

Age 34.59 (13.36) 33.30 (11.43) 0.77
Sex 0.77

Female 32 (63 %) 32 (57 %)
Male 18 (35 %) 23 (41 %)
Non-binary/other 1 (2.0 %) 1 (1.8 %)

Race 0.40
White 31 (61 %) 37 (66 %)
Black or African 
American

4 (7.8 %) 7 (13 %)

More than one race 6 (12 %) 5 (8.9 %)
Asian 4 (7.8 %) 6 (11 %)
Unknown/not 
reported

5 (9.8 %) 1 (1.8 %)

American Indian/ 
Alaska Native

1 (2.0 %) 0 (0 %)

Ethnicity 0.12
Hispanic or Latino 13 (25 %) 8 (14 %)
NOT Hispanic or 
Latino

37 (73 %) 48 (86 %)

Unknown/not 
reported

1 (2.0 %) 0 (0 %)

Diagnosis (SCID-5) 5 (9.8 %) 4 (7.1 %) 0.73
Mental Health Literacy 

Score
133.39 (12.70) 133.19 (11.54) 0.95

DASS Depression 
Subscale

24.35 (11.35) 24.50 (10.15) 0.96

DASS Anxiety Subscale 16.36 (9.68) 16.93 (9.82) 0.69
DASS Total Scale 63.24 (24.26) 65.68 (23.78) 0.66
GAD-7 12.47 (5.18) 13.58 (4.84) 0.31
PHQ-9 16.47 (5.49) 16.37 (5.36) 0.94

Means were compared using Wilcoxon rank sum tests, and frequencies were 
compared using Fisher's exact tests. Scores on the Mental Health Literacy Scale 
range from 35 to 160 (O'Connor and Casey, 2015).
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as indicated by our protocol; this included completing the Columbia 
Suicide Severity Rating Scale as described in Section 2.2. In all of these 
instances, participants were found not to be at imminent risk for suicide 
and no additional intervention was required. In one instance, a partic
ipant e-mailed the study team to report suicidal ideation, but without 
intent or plan, and the participant was determined to be at low risk. No 
other adverse events were reported.

During the eight-week trial period, we monitored individuals for 
clinically meaningful worsening and compared rates between the con
ditions at weeks 4 and 8. For the DASS total score, 19.5 % had a clini
cally meaningful worsening at week 4 and 13.7 % did at week 8. For the 
GAD-7, 14.6 % had a clinically meaningful worsening at week 4 and 
23.3 % did at week 8. For the PHQ-9, 11.0 % had a clinically meaningful 
worsening at week 4 and 7.0 % did at week 8. None of these rates of 
worsening differed significantly by intervention condition (ps > 0.20).

4. Discussion

Advancing innovative models of human support could enhance 
future DMHIs. We conducted a two-armed pilot randomized controlled 
trial of crowdsourced peer support integrated into a novel, highly 
accessible DMH platform. Our goals were to identify problems and op
portunities with the study design for future fully powered trials and to 
explore ways to improve the intervention platform and crowdsourced 
support feature. We also collected data on target outcomes and piloted 
an analytic strategy that would apply to a fully-powered trial. Although 
participants' self-reported anxiety and depression decreased on average, 
the crowdsourced version of the platform was not significantly more 
effective than the non-crowdsourced version, against our prediction. 
Because this was a pilot study with a small sample, these analyses lacked 

statistical power to detect small or moderately large differences across 
conditions. Power was further reduced by poor engagement with the 
intervention platform; the number of times participants interacted with 
the tools ranged widely, but was lower than intended on average.

Low engagement is the norm among DMHIs (Baumel et al., 2019), 
and “Overcoming Thoughts” was no exception. Most study participants 
used the platform much less often than instructed during the eight-week 
study period, suggesting that few people struggling with anxiety or 
depression are motivated to interact with DMHIs like “Overcoming 
Thoughts” consistently. This is an important problem for future effec
tiveness trials of DMHIs to consider; participants who do not use the 
interventions to which they are assigned are not useful for comparisons 
across conditions. Trials should have clear prior estimates of in
terventions' intended “dose” (i.e., how much time and attention one pays 
to an intervention) and ensure that their interventions are engaging 
enough for most participants to receive that dose.

One reason for this low repeated usage could be that “Overcoming 
Thoughts” was not sufficiently designed for repeat engagement. Indeed, 
in qualitative work stemming from this trial, several participants re
ported frustration with the platform's repetitiveness and simplicity 
(Shkel et al., 2023). Engagement-focused design elements, such as push 
notifications and a compelling onboarding experience, might increase 
platform use (Boucher and Raiker, 2024). Another possible reason for 
the low engagement is that participants were inadequately incentivized. 
Participants were paid to complete study measurements, but not to 
interact with the tool. Additional monetary and alternative incentives (i. 
e., encouraging messages) may have boosted engagement and impact 
(Griffith Fillipo et al., 2022). On the other hand, too much outside- 
intervention incentive may reduce findings' generalizability to real- 
world settings. A final reason for the low engagement might be that 

Fig. 2. CONSORT diagram.
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the tool required too much effort (i.e., responding to several written 
prompts with little feedback). In previous work, asking participants to 
provide written responses within a DMHI led many to drop out (Dobias 
et al., 2022). Yet, in this study, once participants began to work with a 
thought, they responded to all eight prompts 74 % of the time, which 
might suggest that they did not find the writing prompts to be overly 
burdensome.

A different way to interpret the low platform usage rate in our study, 
rather than the intervention lacking appeal, is that many participants 
were satisfied with, and sufficiently benefitted from, just one or a few 
sessions. Several participants reported using the platform less as their 
symptoms alleviated and as they became more familiar with the ques
tions and could complete the exercises in their heads, as is discussed in 
more detail in Shkel et al. (2023). Maybe simple online DMHIs like 
“Overcoming Thoughts” should be primarily viewed as single-session 
interventions, rather than multi-session journeys (Bunge et al., 2016; 
Lokman et al., 2017; Schleider et al., 2020). If so, maximizing engage
ment and effectiveness within a single session may be a more productive 
design goal than increasing the number of sessions participants 
complete.

Despite the low rates of return use, many participants interacted with 
the platform deeply. Interviews with a subset of study participants 
revealed that they perceived substantial benefits of the intervention, like 
increasing their coping skills, prompting self-reflection, and slowing 
down their thinking to break thoughts down (these data are presented in 
Shkel et al., 2023). The primary outcomes we used may not capture 
some of the benefits that can come from brief DMHIs like “Overcoming 
Thoughts.” More work might consider the kinds of change that people 

who experience anxiety and depression are most interested in when 
using DMHIs, aiming to tailor DMHIs to users' valued outcomes and 
goals (Chevance et al., 2020; Cuijpers, 2019).

4.1. Strengths and limitations

The study had several strengths, including a randomized controlled 
trial design with full blinding. The sample was more demographically 
diverse, in terms of age, gender, race, and baseline mental health status, 
than most participant samples in studies of DMHIs (Gunawardena et al., 
2024), and participants' average mental health literacy was typical of 
community samples (O'Connor and Casey, 2015). Also, the study 
dropout rate was typical of clinical trials of DMHIs; we observed 33 % 
dropout over 16 weeks, while average dropout rates are 25 % for guided 
DMHIs and 29 % for unguided (Karyotaki et al., 2021). Another strength 
was that the sample was recruited from an online mental health 
screening platform; this improves generalizability to settings where in
terventions like “Overcoming Thoughts” might be implemented for 
broad reach.

One limitation of this work was the lack of a passive control group. A 
passive control would have allowed us to compare each condition to no 
treatment, separately from other potential influences like regression to 
the mean. Participants in both conditions showed statistically significant 
decreases in symptoms of depression and anxiety at all follow-up time 
points, compared to baseline. Yet, this does not necessarily mean the 
intervention was successful, as similar decreases in depressive symptoms 
are typical of control condition participants in trials of DMHIs (Tong 
et al., 2023). However, there were advantages to using an active 

Fig. 3. Change in depression, anxiety, and stress (DASS total score) across conditions, shown with marginal effects and boxplots of actual sample data. 
The left panel shows estimates from the linear mixed model, adjusting for age, sex, race, ethnicity, and diagnostic status; the error bars show the estimates' 95 % 
confidence interval. The right panel illustrates the observed data; the boxes' midpoints show the sample medians and their upper and lower bounds show the 25th and 
75th percentiles. Baseline n = 107, week 4 n = 83, week 8 n = 75, week 16 n = 72.
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comparison condition (the non-crowdsourced version of the platform). 
For one, it allowed us to isolate the effect of crowdsourcing, our inter
vention element of interest. An active comparison condition also 
enabled us to treat a DMHI with potential for real-world implementation 
as a starting point for future improvement (Goldberg et al., 2023).

Another limitation was that, as a pilot, the study was not sufficiently 
powered to detect the effect sizes we might realistically expect. How
ever, even if our application of crowdsourced peer support was perfect 
and engagement was ideal, our sample size (n = 107) would still likely 
be too small to detect the effect of the crowdsourced intervention 
component, if one exists. The differences in user experience between 
conditions were slight (especially relative to studies comparing DMHIs 
to passive controls) and were made even smaller by participants' low 
frequency of interacting with the intervention. For context, trials of 
digital single-session interventions often aim to identify effects of d <
0.20 (Schleider et al., 2022), and trials examining a specific intervention 
component of such an intervention would require smaller effect sizes 
than that. As a result, our study design needs substantial changes to be 
feasible, such as facilitating the participant enrollment and data 
collection process to enroll more participants without a large team of 
research staff.

A final limitation was that we conducted our assessments separately 
from the intervention platform. Had we built assessments into the 
platform, we might have learned more about its in-the-moment impacts. 
Our intervention usage data also had limitations; for example, although 
we instructed users to log in to their accounts when using the platform, 
they did not always do so. We partly addressed this issue by matching 
users' login information to their devices' IP Addresses, but this likely 
missed times when users accessed the platform from other devices.

4.2. Future directions

Few participants in our study used “Overcoming Thoughts” as we 
intended it to be used. Future trials need to be more thoughtful about 
optimizing user engagement. To make DMHIs that are flexible to 
different users' preferences, we need to understand the ways and ca
dences in which people want to interact with these tools. For example, 
some users might have preferred a more social experience than the 
crowdsourcing feature in “Overcoming Thoughts” provided. In contrast, 
others may have felt that the crowdsourcing feature was already too 
socially interactive for such a personal task. Our qualitative analysis of 
study participant interviews revealed that users of the non- 
crowdsourced platform were more likely to comment on the useful
ness of the summary feature, which provided an overview of their en
tries into the platform, than users of the crowdsourced platform (Shkel 
et al., 2023). This suggests that crowdsourcing features might draw users 
away from other aspects of the platform. Adding more features and tools 
to a DMHI may not always be beneficial, and designers should consider 
tradeoffs between increased content and a tool's functionality and ap
peal. People might differ in these preferences based on demographic 
factors, diagnostic criteria, or personal interests.

Our platform used a relatively minimalistic application of crowd
sourcing: showing responses from previous users and allowing one to 
build on those responses, add an “I relate” to that thought's count, or 
report the thought as inappropriate. We may have been able to better 
integrate crowdsourcing into this platform. For one, we could have 
designed the platform to increase interaction between participants (e.g., 
allowing users to comment on others' contributions). We also could have 
included more social cues in the system (e.g., displaying users' names 
and profile pictures). Future implementations of crowdsourcing in 
DMHIs should pay more attention to how design choices might help 
provide users with a sense of community and validation. These inter
personal elements might make DMHIs more impactful and encourage 
more frequent use (Kwok et al., 2024).

Integrating crowdsourced peer support into DMHIs is an opportunity 
with case-specific advantages and risks. Future work should explore the 

Table 2 
Mixed-effects model predicting DASS total score.

DASS total score

Predictors Estimates CI p d

(Intercept) 107.32 60.93–153.71 <0.001
Treatment [crowdsourced] 2.57 − 7.57–12.70 0.617 0.10
Time [Week 4] − 10.07 − 16.84 to 

− 3.30
0.004 − 0.39

Time [Week 8] − 13.53 − 20.50 to 
− 6.57

<0.001 − 0.53

Time [Week 16] − 21.91 − 28.88 to 
− 14.94

<0.001 − 0.85

Age − 0.23 − 0.62–0.17 0.261
Sex [Male] 0.80 − 8.83–10.43 0.869 0.03
Sex [non-binary/other] − 12.65 − 45.83–20.53 0.450 − 0.49
Race [Asian] − 22.91 − 69.65–23.84 0.333 − 0.89
Race [Black or African 

American]
− 40.84 − 87.44–5.76 0.085 − 1.59

Race [more than one race] − 38.81 − 85.66–8.03 0.103 − 1.51
Race [unknown/not 

reported]
− 41.39 − 91.80–9.03 0.106 − 1.61

Race [White] − 39.97 − 85.24–5.30 0.083 − 1.55
Ethnicity [NOT Hispanic or 

Latino]
− 0.39 − 13.20–12.41 0.951 − 0.02

Ethnicity [unknown/not 
reported]

− 14.05 − 66.88–38.79 0.599 − 0.55

Diagnostic Status 23.65 5.81–41.49 0.010 0.92
Treatment [crowdsourced] 
× time [Week 4]

− 0.91 − 10.10–8.28 0.846 − 0.03

Treatment [crowdsourced] 
× time [Week 8]

− 4.60 − 14.17–4.97 0.345 − 0.18

Treatment [crowdsourced] 
× time [Week 16]

2.01 − 7.70–11.72 0.684 0.08

Random effects

σ2 232.17
τ00 study_id 428.20
ICC 0.65
N study_id 107
Observations 334
Marginal R2/Conditional R2 0.186/0.714

A linear mixed model testing how change in the DASS total score over 16 weeks 
differed across conditions. The dependent variable, DASS total score, is scored 
from 0 to 120. There are two experimental conditions and four time points 
(baseline, 4-week follow-up, 8-week follow-up, and 16-week follow-up). Race 
estimates are relative to the American Indian/Alaska Native group.

Fig. 4. Number of thoughts entered per participant during the study. 
The histogram shows the number of thoughts each user entered into the plat
form during the 8-week intervention period. Participants entered a median of 3 
thoughts and the mean was 6.99 (SD = 9.78).
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costs and benefits of different forms of crowdsourced support within 
DMHIs. While our implementation of crowdsourced support did not 
demonstrate utility, other forms of crowdsourced support warrant 
further study. It is also important to examine how crowdsourced support 
may be inferior to other kinds of peer support. Like other forms of 
support provided online via anonymous peers, crowdsourced support's 
quality (both informational and empathic) is unpredictable, it might feel 
less personal, and it often relies on many motivated individuals' 
participation (Zhu and Stephens, 2019).

In addition to improving human support, it is important to explore 
other innovative intervention strategies that might increase the reach of 
accessible public mental health tools like “Overcoming Thoughts.” Since 
developing the tool for this study, Mental Health America has continued 
to iterate on “Overcoming Thoughts.” Recently, they integrated a large 
language model (LLM) into the “Overcoming Thoughts” platform to 
facilitate cognitive restructuring. The LLM-supported version showed 
encouraging results regarding user satisfaction and success in cognitive 
restructuring (Sharma et al., 2024).

As noted above, full-power trials aiming to identify the effects of 
particular intervention elements, as ours did, require massive sample 
sizes. Because popular online spaces like Mental Health America reach 
so many people (between 2021 and 2022, “Overcoming Thoughts” was 
accessed via Mental Health America over 100,000 times), they would be 
invaluable settings for testing future DMHIs. Researchers interested in 
conducting full-powered trials with study designs like ours should 
consider collaborating with such popular settings. In addition, “Over
coming Thoughts” might offer a useful example for other studies aiming 
to isolate particular components of brief targeted interventions.

4.3. Conclusion

Accessible digital mental health tools delivered in popular online 
help-seeking spaces can offer users an important first step to improve
ment. This pilot test aimed to provide insights into how future full- 
powered trials examining the effects of crowdsourced support (and 
other intervention components) in DMHIs can be conducted. Our hy
pothesis, that a crowdsourced peer support feature in a DMHI would 
cause greater reductions in self-reported depression and anxiety symp
toms, was not supported, although this comparison was substantially 
underpowered. The number of times that participants interacted with 
the tool was low on average, suggesting that its design needs to be made 
more engaging. Alternatively, it may make more sense as a single- 
session intervention than as a tool for repeated use. Full-powered tri
als using similar designs to ours should pay particular attention to 
optimizing engagement with interventions and the feasibility of attain
ing sufficient sample size for appropriate statistical power.
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Glossary

Engagement: Interacting with core components of an intervention
Intervention: a program provided to someone to bring about a desired effect
Digital mental health intervention: an intervention delivered through a digital medium, such 

as a smartphone or computer, that is intended to improve a mental health outcome in 
the user

Crowdsourced peer support: a form of human support in which members of a “crowd” (i.e., a 
large group of people who share a user's lived experience) provide support through 
structured and focused interactions.
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