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THE WELL-BEING EFFECTS OF DiGITAL MENTAL HEALTH CARE®

+

MANUELA ANGELUCCI RaAT1ssa FABREGAST ANTONIA VAZQUEZS

March 28, 2026

Al-powered mental health apps have attracted growing interest as a
low-cost way to expand care. Yet questions remain about their ef-
fectiveness, safety, and whether they may crowd out psychotherapy.
We evaluate one such app in a randomized controlled trial among
1,964 Mexican women with mild to severe psychological distress. Over
six months, app access improved mental health by 0.3 standard de-
viations with no evidence of harm, improved sleep quality, increased
healthful behaviors, and reduced missed work, yielding considerably
larger benefits than costs. Treated participants were also more likely
to seek traditional psychotherapy, but this increase does not explain
most of the mental health gains. App use was high in the first month
but then declined, as is common in digital interventions. Despite
this drop in use, treatment effects persisted. Participants continued
to implement practices promoted by the app, suggesting that even
short-term engagement can produce durable improvements through
sustained behavioral change.
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1 Introduction

Mental health disorders are a leading cause of disability worldwide, affecting nearly one billion
people and generating an estimated welfare burden of 5 trillion USD (Arias et al., 2022). Mental
health is both intrinsically valuable and an input into economic behavior, including labor-market
outcomes (Grossman, 1972, Lund et al., 2024). Despite this, access to evidence-based care remains
severely limited (World Health Organization, 2025): monetary and non-monetary costs constrain
demand, while shortages of trained providers and underinvestment in the public system hinder
its supply (Ridley et al., 2020).

Recent technological advances have created new ways to deliver mental health care at scale.
Artificial Intelligence (AI) enables real-time, personalized care at low cost, and the widespread use
of smartphones allows for private and on-demand delivery. This flexibility is valuable because
people often experience fluctuations in symptom severity (Mohr et al., 2014, Kazantzis et al.,
2010, Kleiman et al., 2017). Thus, app-based, Al-powered mental health care is an easily scalable,
low-cost technology that can relax supply- and demand-side constraints to care. Indeed, one in
ten people in the United States have mental health apps on their phones (Mikulic, 2025).

A central question is whether this technology is beneficial and, if so, how long its effects
last. Uncertainty about effectiveness is heightened by rapid user disengagement from digital
products, a common phenomenon often interpreted as evidence of limited effectiveness or value
(Eysenbach, 2005, Smith et al., 2025). Thus, users may not engage long enough to realize benefits.
At the same time, questions remain about safety and whether this technology crowds out existing
evidence-based care, trading off more systematic and sustained benefits for short-term symptom
alleviation (Torous et al., 2020a, Firth et al., 2022, Vaidyam et al., 2019).

To answer these questions, we conducted a large-scale experiment to estimate the mental health
and behavioral impacts of an Al-powered mental health app. We study access to Mindsurf, a
well-being app that combines an Al conversational agent trained on Cognitive Behavioral Therapy
(CBT) techniques with features such as mood tracking and guided exercises. We recruited 1,964
digitally literate, high-need, high-constraint Mexican women interested in digital mental health
support. We randomly assigned free access to the app for up to six months. We measured
outcomes using complementary data sources: surveys at 1, 2, and 6 months; high-frequency affect

data capturing weekly mood; and administrative data to study engagement. We also elicited



expert forecasts to benchmark our results against prevailing priors.

We report three main findings. First, app access improved mental health over six months by
0.29 standard deviations (SD). High-frequency affect data confirm this finding. This magnitude is
comparable to psychotherapy and pharmacotherapy, with mental health benefits of 0.20-0.60 SD
and o0.35 SD (Gartlehner et al., 2017, Singla et al., 2017, Cuijpers et al., 2023). The prevalence of
severe symptoms also decreased by up to 27%, mitigating safety concerns. Experts under-predict
these effects. Thus, the results are informative relative to prevailing priors. The intervention also
improved sleep, healthful behaviors, and daily functioning, including a o0.10 SD improvement in
an index of labor-market outcomes (absenteeism, employment, and hours worked). Back-of-the-
envelope calculations suggest that app access can generate six-fold gains relative to costs through
reduced absenteeism, and up to 400-fold gains when also accounting for forgone disability.

Second, disengagement need not imply ineffectiveness or low value, as benefits persist after
use declines. Initial take-up is high but use declines: 82% of treated participants used the app in
week one, but only 36% were active at two months and fewer than 10% at six months; total use
averaged 242 minutes over six months of access. Yet the effects are highly persistent. A second
experiment extended app access from 3 to 6 months and increased use by 39% but generated no
additional benefits, indicating that continued use is not required for effectiveness. A plausible
explanation is that people may adopt symptom-relieving skills and practices early on, reducing
the need for continued use. Consistent with this interpretation, app access increased use of
recommended practices; sleep and healthful behaviors mediated up to half of the mental health
effects; and people with larger mental health gains also had larger sleep and behavioral impacts.
Moreover, participants with the largest mental health gains did not have the highest app use,
further suggesting that impacts need not track engagement.

Third, we study how access to digital mental health support interacts with traditional care.
We model and estimate the effect of app access on psychotherapy use and find a 35% increase in
the likelihood of attending psychotherapy in the previous month. In the model, this occurs either
because the two technologies are complements in the production of mental health or because
using the app decreases the costs of psychotherapy, for example by making symptoms more
manageable. Consistent with complementarity or cost reduction, psychotherapy use increases
among participants with higher baseline distress, for whom digital care likely makes psychother-

apy more accessible or useful.



Taken together, the results show that this scalable technology can cost-effectively improve
mental health and economic outcomes, without exacerbating severe symptoms or displacing
skilled care, and that even brief use can generate sustained benefits.

This paper contributes to several strands of literature. First, we show that a low-marginal-cost,
app-based intervention can generate large and sustained improvements in mental health in a
non-clinical setting. Existing evidence on Al-based mental health products comes from small,
short-duration efficacy trials in selected samples.” By conducting a large randomized evaluation
with six-month follow-up in a policy-relevant population, we add a new technology to the set
of evidence-based scalable delivery models, such as lay-provided psychotherapy, and speak to
ongoing debates about whether meaningful mental health gains can be achieved at scale despite
severe constraints on trained providers (see, e.g., Angelucci and Bennett (2026), Angelucci et al.
(2026), Baranov et al. (2020), Bhat et al. (2022), Zadey (2023)).

Second, the paper contributes to the literature on digital technology adoption by showing
that product use is an imperfect proxy for impact. Donors, international organizations, and
policymakers often rely on engagement and retention metrics to evaluate performance of these
tools (e.g., Gupta et al., 2004, Kumar et al., 2010, WHO, 2016, UNICEF, 2021, OECD, 2021). We
show instead that effects persist even as use declines, consistent with behavioral change that does
not require continued product use. When use and impact are decoupled in this way, engagement
understates effectiveness, making downstream outcome measurement essential for evaluation.
Our study shows that collecting such outcomes via text messages could be a promising, rapid,
and low-cost approach for future evaluations. This decoupling also has implications for scale:
if gains are largely generated in the first weeks of use while monetization depends on sustained
engagement, private providers may capture only a fraction of the social value under subscription-
based pricing. In that case, market provision may fall short of the social optimum, and alternative
financing or delivery models may be needed to achieve efficient scale.

Third, the paper contributes to the broader literature on the economic consequences of mental
health by providing experimental evidence on work-related outcomes. These results are consis-
tent with frameworks in which mental health affects labor supply and productivity (Haushofer

and Fehr, 2014, Ridley et al., 2020). They also help interpret mixed evidence across contexts:

'The median sample size in a meta-analysis of these products is 148, and the median study duration is four weeks
(Li et al., 2023).



meta-analytic work finds positive average labor-market effects (Lund et al., 2024), but there is
much unexplained heterogeneity (Nieuwenhuijsen et al., 2020). For example, several experimental
studies from South Asia, with predominantly or all-female samples, report limited or null labor
market effects (Angelucci and Bennett, 2024, Baranov et al., 2020, Bhat et al., 2022); our findings
suggest that gender alone is unlikely to account for these null results.

Lastly, the paper contributes to the study of health care delivery when new care technologies
may complement or substitute pre-existing ones (Cutler and McClellan, 2001, Chandra and
Skinner, 2012). In particular, when technologies are complements in health production, or one
lowers the other’s non-monetary costs, the new technology may cause crowding in rather than
displacement. In mental health care, this logic underlies models of collaborative and stepped
care, in which low-intensity interventions facilitate initiation and escalation into specialist services
rather than replace them (Uniitzer et al., 2002, Patel et al., 2010). Consistent with this view, we
provide evidence of complementarity in our setting: app access increases psychotherapy use,

particularly among higher-distress participants.

2 Conceptual Framework

This paper studies a new mental health technology, A. This technology provides symptom relief
through practices that promote healthful behaviors and coping strategies, including better sleep
hygiene, emotional regulation, and other routines and tools to manage distress. These behavioral
changes may persist even if active use of the product later declines.

People value mental health (H) directly. Thus, A can directly increase utility. Moreover,
because mental health affects day-to-day functioning, improvements in H may also translate into
gains in labor-market outcomes. In this sense, the benefits of A may extend beyond mental health.

Technology A functions alongside existing in-person psychotherapy, T, and delivers mental
health support at lower cost than traditional care. It can also be used privately, flexibly, and
on demand; and it requires less time, planning, and coordination than a psychotherapy visit.
These features lower both monetary and non-monetary barriers to care. Thus, its introduction
may change the use of traditional psychotherapy in ways that are not obvious ex ante. On one
hand, A may substitute for T. If A improves health, some people may need less psychotherapy

than they otherwise would have. This substitution depends on whether and how effectively A



performs a therapeutic role comparable to in-person care. On the other hand, A may complement
T. By improving sleep, concentration, emotional stability, or daily functioning, it may increase the
productivity of psychotherapy. It may also lower the non-monetary costs of therapy by reducing
stigma, improving knowledge about treatment, or making help-seeking more manageable. In
that case, access to A can crowd in psychotherapy.

This framework yields four testable hypotheses that guide the analysis. First, if A is effective,
access should improve average mental health, though the magnitude of these gains may differ
across individuals. Second, some of these gains may operate through changes in healthful
behaviors and coping practices. Third, improved mental health may lead to better labor-market
outcomes. Fourth, the effect of A on psychotherapy use is theoretically ambiguous: it may be neg-
ative if digital care mainly substitutes for therapy, null if marginal users would not have sought
psychotherapy otherwise, or positive if it lowers the cost of seeking therapy or complements it.

The empirical analysis that follows tests these hypotheses.

3 Product, Experimental Design, and Data

3.1 The Mental Health App

We offered free access to a premium version of Mindsurf, a commercially available CBT-based
mental health care app. CBT improves mental health through cognitive restructuring (reframing
maladaptive thoughts) and behavioral activation (encouraging engagement in meaningful, mood-
improving activities). The app has four core features: a mood diary, an Al-powered conversational
agent, audio and guided exercises, and self-assessment tools. The Al agent is both a stand-alone
feature for unstructured conversations and a content manager that directs users to relevant tools
and exercises. The app can also connect users to external mental health resources, including
psychotherapy, although take up of that component was minimal (four users in the sample). A
free version of the app includes only the mood diary.

To promote safety, the company restricts the Al agent to mental health-related interactions,
periodically stress-tests it using risk-related prompts, has trained mental health professionals to
review a subset of de-identified conversations, and uses a separate Al-based system to detect text
suggestive of acute distress for review and follow-up when appropriate. Appendix A describes

the app, its training, and safeguards.



3.2 Experimental Design

The experiment ran from April to December 2025 (Figure 1). We recruited participants on a
rolling basis in April-May through Facebook and Instagram advertisements framed around emo-
tional well-being and designed to reach people experiencing psychological distress.” Interested
individuals completed a brief screening survey. Eligibility required being a woman aged 18-50
living in Mexico, having no graduate education and a monthly household income below the 7th
decile in national data (~1,435 USD), and scoring at least 3 on the PHQ-4 depression/anxiety
screener.? We focus on women in a middle-income country, a population that bears a large share
of the global burden of common mental disorders and experiences high rates of depression and
anxiety (WHO, 2023, GBD, 2022). The distress, income, and education criteria help us identify
a high-need, high-barrier-to-care population. Of 6,690 screened respondents, 2,923 were eligible
(44%); 2,184 completed a baseline survey two days later (75%), and 1,964 signed a participation
pledge intended to reduce long-run attrition (90%).

We randomly assigned half of the 1,964 participants to the treatment group and the other half
to the control group. Treated participants received access to the app for either three or six months
via a second randomization done at three months; because this second randomization had no
detectable effects on our outcomes of interest, we pool treatment arms in the main analysis.

Controls received access after six months. All participants received US$15 for participation.*

3.3 Data

We draw on four data sources: (i) participant surveys at baseline and 1, 2, and 6 months post-
randomization; (ii) weekly affect measures; (iii) administrative app use data; and (iv) expert

predictions collected via the Social Science Prediction Platform (DellaVigna et al., 2019).

In total, 825,727 users viewed the ads and 31,259 clicked to begin screening. Figure B.1 shows sample ads.
Facebook is widely used in Mexico, with estimates suggesting reach of approximately 89% among individuals aged
13 and above (Kemp, 2025).

3Scores of 3-5 indicate mild distress, and 6-8 or 9—12 indicate moderate or severe distress. Scores > 3 on either
subscale indicate likely anxiety or depression and suggest the need for further assessment.

4We filed a pre-analysis plan before the first round of data collection, specifying outcome families and specifica-
tions, and later amended it (before the final survey wave) to pre-register outcomes for the six-month follow-up.



3.3.1 Survey Data

At baseline, we measured mental health (PHQ-4, WHO-5, PSS-4), socioeconomic characteristics,
personality traits, healthful activities, locus of control, self-efficacy, social media use, and psy-
chotherapy use in the prior 12 months. We discuss outcome data next.

Mental health. Mental health is our primary pre-registered family. We measured depression
with the PHQ-8 (0—24), anxiety with the GAD-7 (0-21), subjective well-being with the WHO-5
(0—100; scores below 50 indicate poor well-being), and stress with the PSS-4 (0-16; higher scores
indicate greater stress). Scores > 10 on the PHQ-8 or GAD-7 indicate at least moderate symptoms
and are strongly predictive of depressive or anxiety disorders. First-line treatments are CBT-based
psychotherapy and pharmacotherapy (SSRIs), with symptom improvements often observed as
early as 2—4 weeks (Kroenke et al., 2009, Lowe et al., 2008).

Healthful behaviors. We measured three indicators of daily functioning that are likely improved
by better mental health: job absenteeism, helping others, and emotional regulation. We also
measured three wellness practices known to benefit and be shaped by mental health: exercise,
leisure outings, and self-care (Mahindru et al., 2023, Fancourt et al., 2021). Respondents reported
how many days in the prior week they missed work, helped someone with homework, raised their
voice in anger, exercised, went out for non-work/school reasons, and spent at least 10 minutes on
themselves. We combined them into an index, along with functioning and wellness sub-indices.
At 2 and 6 months, we also measured the frequency of app-recommended practices (e.g., self-
kindness, boundary setting, breathing exercises, sleep routines, journaling) and constructed a
corresponding index (higher values indicate more frequent practice).

Sleep quality. Poor sleep is both a cause and a consequence of psychological distress (Harvey,
2011, Baglioni et al., 2016). We measured sleep using the PHQ-8 sleep item, which asks whether
respondents have had trouble falling asleep, staying asleep, or sleeping too much over the past
two weeks, as well as self-reported bed and wake times (to compute sleep duration), and the
number of nighttime awakenings, and combined these into a sleep quality index, with higher
values indicating better sleep.

Social media use. Social media can be addictive and can reduce subjective well-being and mental
health (Allcott et al., 2020, 2022, Braghieri et al., 2022, Mosquera et al., 2020). In our setting, app
access could either reduce social media use (via improved well-being or time substitution) or

increase it (via greater overall phone engagement). We measured days of use in the prior week



(Facebook, X, Instagram, TikTok) and average daily time spent on social media, from which we
constructed an indicator for high use (more than two hours per day). We combined them into an
index, with higher values indicating lower social media use.

Social isolation. Social isolation is both correlated with and predictive of worse mental health
(e.g., Holt-Lunstad, 2022). Because digital care lacks in-person contact, it may increase dis-
connection (DHHS, 2023). We measured loneliness using the six-item De Jong Gierveld scale
(De Jong-Gierveld and van Tilburg, 2006), reporting emotional and social subscales and an overall
index, where higher values indicate less isolation.

Self-efficacy and locus of control. Self-efficacy and locus of control are linked to resilience and
well-being (Botha and Dahmann, 2024). We measured self-efficacy using the General Self-Efficacy
(GSE) scale and locus of control using the Internal-External Locus of Control Short Scale-4 (IE-4).
We combined them into an agency index, with higher values indicating greater perceived agency.

Cognitive tasks. We implemented two incentivized tasks measuring cognitive function and
effort. First, participants counted zeros in binary matrices under time pressure (Abeler et al.,
2011). Second, we implemented an emotional Stroop task assessing cognitive control in the
presence of emotionally salient stimuli (Williams et al., 1996). Participants identified word
color in blocks of emotional versus neutral words; longer reaction times for emotional words
are commonly interpreted as difficulty disengaging from salient content. Performance in both
conditions can capture broader aspects of cognitive function and effort. We combined the tasks
into an index, with higher values indicating better performance. Details in Appendix C.

Psychotherapy use. We measured recent psychotherapy use by asking whether respondents
attended any sessions with a psychologist, psychiatrist, or therapist in the prior 30 days.

Non-monetary costs of therapy. At 2 and 6 months, we measured first- and second-order
beliefs about mental health by collecting own perceptions about mental health and beliefs about
neighbors’ perceptions. At 6 months, we also measured other non-monetary access costs of
psychotherapy: whether the respondent knows how to find a psychologist, knows how to make
an appointment, and has contact information for a mental health professional. We created indices

of stigma and access costs, with higher values indicating less negative beliefs.



3.3.2 High-Frequency Affect Data

A distinctive feature of the study is the high-frequency mood measurement. Beginning one week
after app access, we sent weekly WhatsApp messages asking participants about their current
mood; respondents selected a happy, neutral, or sad emoji. We use these responses as a high-
frequency proxy for affect and construct a “happy affect” indicator. Appendix D describes these

data and reports strong correlations with survey-based mental health measures (Table D.1).

3.3.3 Administrative Data

We also use administrative data on app engagement, including use frequency and duration,
sessions completed, and feature-specific engagement. To protect privacy, we do not observe the

content of the interactions between the participant and the Al-agent.

3.3.4 Expert Predictions

To gauge expert priors and how our findings may change the views of the scientific commu-
nity, we elicited predictions from economists and mental health experts via the Social Science

Prediction Platform (DellaVigna et al., 2019). The survey had 126 respondents.

4 Identification and Estimation of Intent to Treat (ITT) Effects
We estimate average Intent to Treat (ITT) effects from the following equation:
Yi = a+ BT +vX; + 6Yio + pus + &, (1)

where Y; is the outcome for person 4, T; is an indicator for assignment to immediate app access,
X, is a vector of baseline covariates, Yjp is the dependent variable at baseline (when available),
ps are strata fixed effects, and ¢; is the error term. We select covariates via LASSO following
Chernozhukov et al. (2018).> The coefficient 3 identifies the ITT effect under random assignment
and SUTVA. To address multiple testing, we construct outcome-family indices standardized

relative to the control-group distribution (Anderson, 2008). We estimate effects separately at

5The full set of baseline covariates to be selected by LASSO consists of: PHQ-4, Stress, and well-being; self-
efficacy and locus of control; visiting a psychotherapist in the previous year; ‘Big 5" personality traits (extraversion,
openness, neuroticism, agreeableness, and conscientiousness); indicators for being employed, having below sample
median income and at least a high-school diploma; being single; age and number of children.

10



1, 2, and 6 months post-randomization using heteroskedasticity-robust standard errors. When

pooling survey rounds, we cluster standard errors at the individual level.

5 Sample and Descriptive Statistics

5.1 Sample

Of the 6,690 individuals who completed the first screening survey, 2,923 met the eligibility criteria,
and 1,964 completed all baseline surveys and were randomized. Table E.1 shows that sample
characteristics are similar across recruitment stages, besides differences in dimensions used for
screening. The final sample comprises adult women with at least mild psychological distress
recruited across Mexico (Figure E.1). Participants are, on average, 38 years old, have 1 child,
roughly half of them are employed, and 31% report a psychotherapy visit in the prior year.
Overall, the sample captures women experiencing distress with some familiarity with formal
mental health care.

For context, about 50% and 19.5% of Mexican adult women experienced anxiety or depression
in the previous year, with higher rates among low-income women (ENBIARE, 2021). Despite
this burden, access to treatment remains limited. Public mental health services are scarce and
concentrated in urban areas, and the supply of trained professionals is insufficient: Mexico has
one psychiatrist per 100,000 people, far below the 16 per 100,000 in the United States (Patel et al.,
2025). At the same time, internet and cellphone penetration are high, with 81% of the population
having access to both (INEGI, 2025). Thus, Mexico has a large user base of digital products,

making digital mental health care easily scalable.

5.2 Balance and Attrition

Table F.1 shows no evidence of differential attrition by treatment status for the survey data.
Survey completion was 95%, 94%, and 82% at 1, 2, and 6 months. Table F.2 shows that baseline
characteristics are balanced: we cannot reject the null that coefficients are jointly equal by arm.
The weekly affect data response rate was 78%, decreasing from 87% in week 1 to 75% in week
26. Table F.3 pools an indicator for attrition over 26 weeks and regresses it on baseline covariates
and their interaction with the treatment indicator, clustering standard errors by person. Baseline

mental health does not predict attrition, either overall or by arm. However, the covariates jointly
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predict attrition for both the treatment and control groups (p < 0.05), and unconditional attrition
is 9 percentage points higher in the treatment group. To account for differential attrition by arm

in the affect data, we estimate Lee bounds (Lee, 2009).°

6 The Effects of App Access

6.1 App Take-Up

Eighty-seven percent of the treatment group downloaded the app, and 95% of them used it during
the study period. Total use averaged 242 after 6 months of access. Figure 2 shows that 82, 56, 36,
and 10% of the treatment group used the app in weeks 1, 4, 8, and 26. The drop is more marked
for the group whose access to the full suite of app features ended at three months (afterwards,
they had access to the mood diary only). Declining use is not unique to digital delivery: in-person

psychotherapy also exhibits premature dropout, with rates as high as 50% (McGovern et al., 2024).

6.2 Effects At a Glance

Figure 3 reports ITT estimates for standardized indices by outcome family, with positive coef-
ficients denoting improvements. The mental health index (our primary outcome) increases by
about 0.30 SD at 1 and 2 months and 0.25 SD at 6 months. We also find statistically significant
improvements across other outcome families, with effect sizes typically between o.10 and 0.30
SD and some point estimates attenuating over time. Results are qualitatively unchanged when

restricting the sample to respondents who completed all three surveys (Figure G.1).

6.3 Effects on Mental Health

Effects on Depression, Anxiety, Subjective Well-Being, and Stress. Table 1 shows that app
access significantly improves psychological well-being for up to six months, with a pooled effect
of 0.29 SD on the mental health index and no evidence of effect change over time. We find
statistically significant improvements in each outcome in all follow-ups, and effects are broadly
stable over time: depression and anxiety impacts, the clinically salient index components, are
largely unchanged through month six. By contrast, impacts on well-being and stress attenuate by

month six, although this decline is statistically significant only for stress.

6Using also inverse propensity weights did not change the estimates. Thus, we do not report those estimates.
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To benchmark impacts against other evidence-based treatments for anxiety and depression,
Figure G.2 shows the standardized effect sizes. The severity of symptoms of depression declined
by 0.31 at 1 month to 0.2y SD at 6 months, of anxiety by 0.20 SD throughout the 6 months,
and of stress by 0.30 to 0.15 SD. Well-being increased by 0.32 to 0.24 SD. These magnitudes are
comparable to effects reported in the literature on digital self-help tools. Efficacy studies of Al-
based interventions report effects of 0.3 SD for well-being at one month (Li et al., 2023). However,
this evidence is based on highly selected samples (often college students), small sample sizes,
and short follow-up horizons, which limit external validity and inferences about persistence. For
instance, the studies reviewed in Li et al. (2023) have a median sample of 148, a median duration
of 1 month, and primarily recruit college students from the USA, the UK, or Japan. Therabot, a
generative Al agent, reduces depression by 1.5 points on the PHQ-9 (Heinz et al., 2024), similar
to our 1.5-1.6 point reductions for the PHQ-8.

These effect sizes are also comparable to the impacts of psychotherapy and pharmacotherapy.
Meta-analytic evidence (primarily from high-income settings) shows that CBT reduces depressive
symptoms by about 0.22 SD (Gartlehner et al., 2017), with more recent estimates ranging from o0.47
SD (after publication-bias adjustments) to 0.60 SD (in low-bias studies) (Cuijpers et al., 2023). The
magnitudes we document are thus notable, given the intervention’s light-touch, short-duration,
and non-clinical delivery. Standard in-person CBT typically lasts 1.5-5 months and is substantially
more time- and resource-intensive than app-based care. A closer comparison is with scalable
alternatives such as brief, lay-delivered, adiagnostic group therapy: Angelucci and Bennett (2026)
and Angelucci et al. (2026) report improvements in a mental health index of 0.2-0.4 SD among

adult women in Mexico and India after 5 sessions, similar to the effects we estimate here.

Distributional Impacts. A concern about using large language models (LLMs) for psychological
support is that Al-generated responses could provide inappropriate guidance or exacerbate
distress for some users. Although we do not observe the content of Al-agent interactions, we can
assess risk indirectly by comparing outcome distributions across treatment and control groups.
Figure 4 shows that app access shifts the entire distribution of our mental health outcomes in
the pooled data. App access substantially reduces clinically relevant symptoms: it lowers the
prevalence of at least moderate depression by 12 pp (50% vs. 62%) and at least moderate anxiety
by 9 pp (34.0% vs. 43.0%). We observe similar patterns for perceived stress and well-being.

Moreover, treated participants are no more likely than control participants to experience severe
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depression, severe anxiety, high stress, or very low subjective well-being. In fact, extreme distress
is more prevalent in the control group.

To measure impacts on severe depression and anxiety, we estimate ITT effects on indicators
for these outcomes. Table G.1 shows that the likelihood of having severe symptoms decreases
by 2.7 pp (p<o0.01) for depression (a 27% reduction) and by 2.3 pp (p<o0.05) for anxiety (a 14%
reduction), with effects that do not systematically vary over time. Thus, we find no evidence that

app access worsens mental health outcomes.

High-Frequency Affect Data. High-frequency outcomes mirror the survey pattern: Figure 5
shows that treatment effects on reporting a happy emoji are largest in the first two months and
then attenuate, while remaining positive and statistically significant throughout the study period.
The weekly data also indicate a rapid onset of benefits: the probability of reporting “happy” is
10 pp higher in the treatment group in week 1 and peaks around 20 pp in weeks 4-6. These
short-run gains are consistent with evidence that digital mental health interventions can generate

improvements over very short horizons (Li et al., 2023).

6.4 Effects on Other Outcomes

Improved mental health can have downstream positive impacts on several families of outcomes:
people may have more energy and productivity, take better care of themselves, and feel more in
control of their lives. At the same time, the app may influence the adoption of behaviors such as
sleep routines, exercise, social engagement, and social media use. Some of these actions have a
circular effect: for example, sleeping and exercising both contribute and respond to mental health

(Mahindru et al., 2023, Scott et al., 2021).

Effects on Healthful Behaviors. Table 2 shows improvements in all measured healthful behaviors.
The pooled index increases by 0.23 SD (p<o0.01), with impacts that decline from 0.32 SD at 1
month to 0.19 SD at 6 months. The functioning and wellness sub-indices show similar dynamics:
effects peak at 1 month (0.21 and 0.30 SD) and decline by 40-50% at two and six months (p<o.01
throughout). All components are statistically significant in pooled estimates and move in the
expected direction. For example, exercise increases by 0.23 days per week, suggesting increased

physical activity as a potential mechanism.
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We also find a 0.08 day reduction in missed work days per week (p<o0.05), a 16% decline
relative to the control mean. This estimate is consistent with evidence that psychotherapy can
reduce absenteeism among severely depressed patients (Patel et al., 2017). Such effects are
plausible, given that core symptoms captured by the GAD-7 and PHQ-8 include sleep disruption,
low energy, impaired concentration, and restlessness or uncontrollable worry, which can impair
functioning. Thus, improved functioning can translate into lower absenteeism and potentially
higher labor supply and productivity.

To further investigate labor-market outcomes, Table 3 shows estimates of impacts on working
for pay and hours worked in the previous week (not prespecified) at two and six months. Besides
its impact on absenteeism, app access also increased the probability of working by 3.1 pp in
pooled estimates (p < 0.05), from a control mean of 50%. The pooled effect on hours worked is
positive but statistically insignificant. A labor market index combining these two outcomes with
absenteeism shows pooled impacts of 0.10 SD (p < 0.01).

These effects are notable in light of a recent meta-analysis finding that psychotherapy for
common mental disorders in low- and middle-income countries (LMICs) improves a composite
labor market outcome by 0.16 SD on average (Lund et al., 2024). However, individual studies
have found mixed results, with some finding persistent mental health improvements but no labor
market impacts, particularly among female populations (Angelucci and Bennett, 2024, Baranov
et al., 2020, Bhat et al., 2022). Thus, the 0.10 SD index effect from this intervention is encouraging,

showing that this technology can translate into better labor-market outcomes for women.

Effects on Sleep. Table 4 shows sustained improvements of 0.15-0.22 SD in the sleep index. In
pooled estimates, all components are statistically significant (p<o0.05): treated participants sleep
about 10 additional minutes per night, report o.11 fewer nighttime awakenings, and o.11 fewer
sleep issues. While some effects lose statistical significance at six months, we cannot reject the
null of constant impacts over time. These findings align with evidence that sleep has a causal
effect on mental health (Scott et al., 2021), suggesting improved sleep as a plausible pathway. For
comparison, Bessone et al. (2021) explicitly target sleep and find that providing sleep aids and

encouragement to low-income adults in India increased objectively measured sleep duration by
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27 minutes per night. We find gains of 12 minutes at one month, roughly half as large.”

Effects on Social Media Use. Table 5 shows modest pooled impact on the social media index,
which increases by 0.06 SD reflecting a small reduction in use of Facebook, X, as well as a decrease
in high-frequency use of social media. Most effects fade out at six months, although we generally

cannot reject the hypothesis that the effects are identical at 1 and 6 months.

Effects on Perceived Isolation and Agency. Table 6 shows that app access provides sustained
reductions in both measures of isolation and agency, with pooled impacts of about 0.2 SD for
both indices and no clear evidence of fading out. The impacts on agency are consistent with a
well-established negative correlation between depression and anxiety and self-efficacy and control

(e.g., Derese et al., 2024, Tahmassian and Moghadam, 2011).8

Effects on Cognitive Tasks. Table 7 shows no statistically significant pooled effects in either task,
but faster reaction times in the Stroop task at 1 month. This temporary increase in reaction time

could be related to both effort and cognitive function.

6.5 Local Average Treatment Effects (LATEs)

Table G.2 provides estimates of the LATEs for all indices, using treatment assignment as an
instrument for having downloaded the app. Since approximately 87% of the treatment group

downloaded the app, the LATE and ITT estimates are of similar magnitude.

6.6 Experimenter Demand Effects

Our results are unlikely to be driven by experimenter demand effects. We provide four pieces of
evidence (Appendix H provides the details). First, effects extend to outcomes that are relatively
difficult to manipulate, including sleep duration constructed from reported bed and wake times
and performance on the emotional Stroop task. Second, following Dhar et al. (2022), we show
treatment effects are not larger among participants with greater baseline susceptibility to social

desirability bias (Table H.1). Third, app access does not affect respondents” perceived value of

7Our sleep duration measure is self-reported, constructed from reported bed and wake times. Bessone et al.
(2021) show that self-reported time in bed closely tracks actigraphy, whereas self-reported sleep duration overstates
objectively measured sleep. Any level bias is unlikely to differ systematically by arm, and treatment effects in that
study operated primarily through increased time in bed, a margin captured by our measure.

8However, the causal effect between these two sets of outcomes is likely bi-directional, with, e.g., depression being
both a cause and a consequence of low efficacy and lack of control.
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participating in the study (Table H.2). Fourth, in an additional experiment following De Quidt
et al. (2018), informing a randomized subset of respondents about the study’s main hypothesis

does not amplify treatment effects (Table H.3).

6.7 Expert Predictions

Table 1.1 shows that, while expert predictions are systematically more accurate than non-experts’,
and confident experts’ predictions are the most accurate, all forecasts understate the magnitude
of the estimated impacts. Experts (confident experts) predict mental health improvements of 0.13
(0.18) SD at 3 weeks and 0.12 (0.12) SD at 8 weeks, whereas the 1- and 2-month effects are about
0.30 SD. These underestimates occur despite generally not under-predicting app use in the first
three weeks (61% and 71% predicted vs 55% observed) and at 8 weeks (33% and 37% vs 36%).
Thus, experts likely believe the app to be less effective than observed. To conclude, our results

are likely surprising relative to priors in the research community. Details in Appendix I.

7 Cost-Effectiveness and Cost-Benefit Analyses

We provide back-of-the-envelope estimates of cost-effectiveness and cost-benefit analysis. The
marginal cost of this product is low: most expenditures for an Al-based platform are fixed (e.g.,
development and infrastructure) and can be spread across a larger user base, while variable costs
(e.g., APl usage and server capacity) are comparatively low. Mindsurf’s business model operates
largely through institutional subscriptions, with a per-user cost of roughly 1 USD per month at
scale. The marginal cost is likely lower.

To benchmark, Table L.1 shows costs per 0.1 SD improvement in mental health across selected
recently implemented scalable interventions that report their costs. Per-person costs vary from 6
to 1,189 USD, with Mindsurf having the lowest cost. This is relevant if users are charged for this
product, especially for people with liquidity constraints. The monthly cost of improving mental
health by 0.1 SD varies from 0.03 to 10 USD. The app is relatively cost-effective, at 0.37 USD. Costs
would be even lower if a government developed and deployed its own digital product (as, e.g.,
the U.S. government currently does for veterans with PTSD (Kuhn et al., 2017)).

In addition, we perform two cost-benefit analyses. First, we benchmark against labor-market

benefits using our estimated impacts on work absenteeism. The pooled estimated ITT effect is
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—0.078 missed-work episodes per week; over 26 weeks, this implies 0.078 x 26 = 2.03 fewer
missed-work days during access. Valuing time at Mexico’s minimum wage yields wage gains of
2.03 x 17.23 = 35 USD over six months. Relative to an estimated six-month program cost of 6
USD, this implies a benefit-cost ratio of 35/6 = 5.8 from absenteeism alone, before accounting for
other welfare gains or any persistence beyond the intervention period.

Second, we benchmark benefits using Disability-Adjusted Life Years (DALY) considering the
reduced prevalence of at least moderate depression. The pooled estimated ITT effect is a 12 pp
reduction over six months (from Figure 4). This implies 0.12 x 0.5 = 0.06 moderate-depression
years averted per participant offered access, a likely underestimate given that there continue to be
impacts at 6 months. Applying the Global Burden of Disease 2013 disability weight for moderate
major depressive disorder, 0.396, yields 0.06 x 0.396 = 0.0238 DALYs averted (Salomon et al.,
2015). Valuing a DALY at 100,000 USD implies benefits of 0.0238 x 100,000 = 2,376 USD per
participant over six months (Favaloro and Berger, 2021). Relative to the six-month program cost
of 6 USD, this implies a benefit-cost ratio of 2,376/6 = 396. The combined benefit-cost ratio of
absenteeism and DALY is (2,376 4 35)/6 = 402.9

8 Patterns of Product Engagement

Access to administrative data allows us to measure use without relying on self-reports and to
describe patterns in detail. We use these data to characterize specific features of engagement.
Figure 6 reports daily minutes among active users. Conditional on positive use, intensity
declines from 12-17 daily minutes in week 1 to about 7 minutes by 2 months and then remains
relatively stable through month 6. Thus, the remaining active users continue to devote non-trivial
time to the app. Composition also shifts over time. Self-assessment occurs primarily in the first 10
days, whereas Al conversations and guided exercises account for most use, though they gradually
decline over the first three months and then increase slightly in the second three months. By
contrast, mood-diary use is comparatively stable at around 1 minute per day throughout the

study period. Overall, these patterns suggest a shift away from assessment and skill acquisition.

9A public health provider is interested in the above analysis. However, a private individual may want to include
the cost of additional therapy. Psychotherapy use increases by 5.2 pp per month over six months (from Table o).
Assuming a monthly therapy cost of 100 USD, this implies an additional expected cost of 0.052 x 6 x 100 = 31.2 USD
per participant. Total cost thus increases to 6 4+ 31.2 = 37.2 USD. The DALY-based benefit-cost ratio then becomes
2,376/37.2 = 64, and the combined absenteeism-plus-DALY ratio becomes (2,376 + 35)/37.2 = 65.
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Figure 7 describes additional dimensions of use. About 56% of active days begin between
9:00 pm and 8:00 am on weekdays, 37% of sessions start between 9:00 pm and 6:00 am, and 27%
occur on weekends. Thus, a substantial share of use occurs outside of times when in-person
psychotherapy would typically be available. Panel C summarizes within-user regularity using
the circular standard deviation of session start times within a day and the coefficient of variation
(CV) of days between use. Regular use equals no variation in both cases. In contrast to traditional
psychotherapy, where appointment times are often fixed, app use is highly irregular: 58% of
users exhibit high variability in days of use (CV>1) and 84% exhibit high variability in session
start times (SD>3 hours). Thus, most app use occurs at varying times of day and on different
days of the week, consistent with flexible, opportunistic engagement rather than rigid scheduling.

This flexibility may be important, given high within-person variability in symptom severity
both within and between days (Ebner-Priemer and Trull, 2009). The app can provide immediate
support during periods of distress without waiting for a scheduled session. Consistent with this,
the psychotherapy literature notes that scheduled sessions alone may be insufficient and that
between-visit tools can be valuable (Kazantzis et al., 2010); more broadly, conventional care can

create a timing mismatch between the need for and availability of providers (Mohr et al., 2014).

9 Disengagement and Effect Persistence

Disengagement from digital tools is common in health and education interventions and is often
interpreted as evidence of limited effectiveness or value (Bhattacherjee, 2001, Eysenbach, 2005,
Lipschitz et al., 2023, Torous et al., 2020b, Smith et al., 2025). Investors, international organizations,
and donors often use engagement and retention to assess product effectiveness and value across
domains (e.g., Gupta et al., 2004, Kumar et al., 2010, WHO, 2016, UNICEF, 2021, OECD, 2021).
We argue that declining use may also reflect achieved effects: digital tools can deliver infor-
mation, skills, and behavioral strategies that users internalize, reducing the need for continued
interaction once those inputs have been absorbed. This mechanism is particularly plausible for
mental health interventions that rely on skill adoption. CBT, on which this app is based, improves
mental health by helping people recognize and modify maladaptive thoughts and behaviors that
contribute to psychological distress. As these changes are internalized, the marginal return to

continued engagement may fall. Consistent with this view, standard CBT courses typically last
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1.5 to 5 months and can generate effects that persist for at least six months (Van Dis et al., 2020).

If continued app use is necessary for sustained mental health gains, we expect minimal gains
at 2 and 6 months among people who stop using the app after initial exposure. If instead benefits
persist after use declines, mental health gains remain even among people with minimal subse-
quent use. If behavioral change is part of the mechanism, we should also observe: (i) sustained
gains in mental health, sleep, and healthful behaviors despite declining use; (ii) evidence that
sleep and healthful behaviors mediate treatment effects on mental health; and (iii) persistent

adoption of app-recommended tools, as users internalize cognitive and behavioral strategies.

9.1 Does Longer App Access Increase Mental Health Gains? Randomizing Access Duration

To test whether longer engagement causes larger mental health gains, and, more broadly, whether
continued engagement is a reliable proxy for product effectiveness and value, at 3 months we
randomly extended app access to half of the treatment group for an additional 3 months. Attrition
does not differ across arms, and baseline covariates are balanced (Tables M.1 and M.2). Table 8
shows that participants randomly assigned to 6 vs 3 months of app access used the app for an
additional 68 minutes at six months (p < 0.01) — a 39% increase which, however, did not lead to
either incremental mental health gains or changes in sleep and behavior: at three months, app
use is decoupled from impacts. This is consistent with our conjecture that continued engagement

is not necessary for sustained benefits, once users have adopted beneficial habits.

9.2 Can App-induced Skill adoption Contribute to Mental Health Gains? Indirect Evidence

Our experiments are not designed to identify whether app-induced skill adoption and behavioral
change cause improvements in mental health. Nevertheless, the persistence of mental health
gains despite declining app use suggests that continued use is not required for sustained benefits.
Below, we present additional pieces of evidence consistent with this interpretation.

First, we have already established that impacts on mental health, sleep, and healthful behaviors
are positive, statistically significant, and persist through the six-month follow-up. This pattern
rules out a simple interpretation in which disengagement leads to a concurrent fade-out of mental
health benefits; instead, impacts on key outcomes continue to be positive even when app use is

minimal, e.g., in months 5 and 6, when only 10-20% of treated participants use the app.
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Second, treated participants report greater use of CBT-consistent practices, including self-
compassion, boundary setting, breathing exercises, writing about thoughts and feelings, and
maintaining a sleep routine (Table J.1). This pattern is consistent with sustained adoption of
app-recommended strategies, which could reduce the need for continued app use.™

Third, a mediation analysis shows that improvements in sleep and healthful behaviors account
for 34-48% of the average ITT effect (Table ].2). Fourth, we estimate Conditional Average Treat-
ment Effects (CATEs) for mental health and study their correlations with app use and CATEs for
sleep and healthful behavior (Athey and Wager, 2019, Chernozhukov et al., 2025). Mental health
CATEs are positive for all treatment members despite declining use. Also, people with larger
impacts on sleep and healthful behavior also have larger mental health impacts, while people
who use the app more do not have larger mental health impacts (Table ].3). Fifth, people with the
worst baseline mental health have the largest mental health impacts from app access, especially
at 2 and 6 months, despite not having the most intensive use (Figure K.1).

Taken together, these findings are consistent with skill- or behavior-adoption mechanisms:
the app improves mental health, in part, by promoting the adoption of practices that persist
beyond initial use. This interpretation aligns with the CBT literature, which emphasizes cognitive
restructuring, behavioral activation, and skills practice as drivers of sustained symptom reduction
(Cuijpers et al., 2013, 2019, 2023, Kazantzis et al., 2018). The notion that app-induced behavioral
change yields durable mental health gains after discontinuation is also consistent with psychology
and behavioral science research: behaviors are more likely to become habitual when benefits are
immediate and salient, as early rewards strengthen learning and repetition through reinforcement
and motivation (Lattal, 2010, Woolley and Fishbach, 2017, 2018). Benefits occur rapidly in our

study. This may facilitate behavioral change without requiring continued use of the app.

10 Does Digital Therapy Crowd Out Psychotherapy?

A common concern about digital mental health tools is whether they crowd out in-person care.
However, it is theoretically unclear whether this product acts as a complement to or a substitute
for psychotherapy, and the relationship may vary across people. The ambiguity arises because

digital tools can affect both the need for professional care and the propensity to seek it.

'°Because these outcomes were not pre-specified, we exclude them from the primary behavior index.
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10.1 Conceptual Framework

To illustrate how Al-powered digital care, A, affects in-person psychotherapy, 7', consider indi-

viduals who value mental health directly and face a generalized resource constraint:
U=u(H,R), H=H(AT), R=R—qaA—qrT,

where R denotes total available resources and encompasses financial means, time, attention,
logistical capacity, and the ability to seek and sustain treatment. Digital care is less costly than
psychotherapy along both monetary and non-monetary dimensions (g4 < qr).

This setup lets us make the following two points. First, some people may optimally choose T =
0 even when psychotherapy has positive health returns, because its cost exceeds their available
resources. This can describe people with low income, high stigma, or severe distress that impairs
functioning and makes treatment difficult to initiate or sustain. Second, the introduction of A
may decrease, increase, or not change psychotherapy use. Crowding out may occur when A and
T are substitutes in health production (Har < 0).

Crowding in may occur through either of two channels. One is technological complementarity
(Har > 0), so that app use raises the marginal return to psychotherapy. The other is lower cost of
psychotherapy. Psychotherapy entails both monetary and cognitive, stigma, and logistical costs.
These non-monetary costs are likely higher when symptoms and functional impairment are more
severe (Sweetman et al., 2021, Schnyder et al., 2017). To capture that, suppose that the cost of
psychotherapy depends on mental health, so that ¢ = ¢r(H) with ¢}.(H) < 0. By improving
mental health, A may also lower the cost of T', making psychotherapy newly feasible when it was
previously out of reach. The effect of digital care on psychotherapy use is thus ex ante ambiguous.
Appendix N describes the model.

Lastly, because digital care is less costly than psychotherapy, the app may expand access to
mental health support without changing optimal psychotherapy use. This occurs when uptake
is concentrated among individuals who would otherwise have remained untreated because psy-
chotherapy was too costly, stigmatized, or difficult to access.

These channels generate distinct predictions with respect to baseline psychological distress.
Substitution predicts that psychotherapy use is more likely to decrease among participants with
mild baseline distress, who may no longer need in-person care once the app improves their

health. Complementarity predicts that the app may crowd in psychotherapy among participants
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with moderate or severe baseline distress, if app access increases the productivity of therapy.
Instead, if the app decreases therapy’s non-monetary costs, crowd-in should be strongest among
participants whose non-monetary costs decrease the most. Finally, the access-expansion channel

predicts that the app may improve mental health even when psychotherapy use does not change.

10.2 Empirical Evidence

Table 9 shows a pooled 35% increase in the likelihood of visiting a psychologist over the control
mean. The impacts of 3, 5, and 8 pp in this likelihood at 1, 2, and 6 months (p<o.1, <o0.01,
and <o0.01) denote gradual increases over time, with proportionally comparable impacts on the
number of sessions. Thus, in this case app access acted as a complement rather than a substitute
for traditional psychotherapy.”" Although the app included referral options for online therapy
(which involved out-of-pocket costs), only 4 participants contacted therapists through the app.
Next, we examine how impacts on psychotherapy use, mental health, beliefs, and other
non-monetary costs of therapy vary by baseline distress. To do that, we group individuals
into mild, moderate, and severe categories using PHQ-4 cutoffs of 3—5, 6-8, and g-12. Table
10 pools observations across all available survey waves to increase precision and reports both
subgroup-specific estimates (and tests of their equality) and the overall ITT effect, clustering
standard errors by person. The increase in psychotherapy is concentrated among people with
moderate and severe baseline distress (column 1), for whom we estimate effects of 0.07 (p<o.01)
and 0.08 (p<o.01), larger than the small and insignificant effects on people with mild distress.
App access reduces symptoms of depression and anxiety for all groups (columns 2 and 3), but
especially for people with moderate baseline distress, and the results are qualitatively unchanged
for the mental health index (column 4).*> First-order beliefs about mental illness do not change,
possibly because negative views of mental illness are uncommon in this sample (column 5).
Conversely, second-order beliefs improve (column 6), but by a small amount and not more
so among people with moderate and severe baseline distress. Thus, the higher demand for
psychotherapy is unlikely to be driven primarily by less negative views about mental illness.
Lastly, ease of access to psychotherapy increases by 0.22 SD for people with high baseline

distress, although not differently from the other groups (column 7). These results are consistent

'TRestricting the sample to non-attriters across the 3 surveys leaves the results qualitatively unchanged (Table N.1).
"*We find similar impacts on stress and wellbeing, but we focus on instruments with a clear clinical interpretation.

23



with the complementarity and cost-reduction predictions: the app likely increases the use of
psychotherapy by making symptoms of depression and anxiety more manageable for some
people. This, in turn, may both increase the marginal return to psychotherapy and lower their
non-monetary costs of psychotherapy.”> The idea that non-monetary costs act as demand-side

barriers to psychotherapy is consistent with evidence from Breza et al. (2026).

Does Psychotherapy explain the mental health impacts? Because app access increases psychotherapy
use, we assess whether psychotherapy mediates the estimated mental health effects. A mediation
analysis using psychotherapy attendance in the prior month as the mediator (Table N.2) shows
that psychotherapy accounts for at most 5% of the ITT effect at the 2-month follow-up (p<o.05),
with smaller, statistically insignificant mediation shares at 1 and 6 months. Thus, increased
psychotherapy explains only a limited portion of the overall mental health gains."4

As an additional check, we compare mental health CATEs across participants who did versus
did not attend psychotherapy in the prior month. The CATEs are approximately 0.30 SD for
both groups, with small, statistically insignificant differences of 0.002 — 0.005. This analysis is
methodologically distinct from the mediation exercise but supports the same conclusion.

Lastly, Figure N.1 re-estimates the main treatment effects for participants who did not attend
psychotherapy during the study period. This exercise conditions on a post-treatment outcome
and should be interpreted with caution. We find treatment effects of similar magnitude to those
in the full sample. This pattern further suggests that the mental health benefits of the app are not

driven primarily by increased engagement with traditional psychotherapy.

11 Potential to Scale and Concluding Thoughts

Al-enabled apps may be a valuable new mental health care tool, but their effectiveness, safety,
and value has remained unclear. In this study, access to a CBT-based app improved mental
health by 0.3 SD over six months with no evidence of an increase of severe cases; improved sleep,

healthful behaviors, daily functioning, and labor market outcomes; and increased psychotherapy

3The results are qualitatively unchanged when grouping people by their baseline mental health index tercile. For
this exercise, we preferred to group people by their baseline PHQ-4 because this is a common screening tool to identify
people with likely anxiety and depression, who, if diagnosed, are offered psychotherapy or pharmacotherapy. There
is no screening for PSS-4 and WHO-5, the other two outcomes that we use to create the baseline mental health index.

™In unreported regressions, we also rejected the hypothesis that app access affects the use of antidepressants,
anxiolytics, and mental health supplements.
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use rather than crowding it out. Gains persisted well beyond the period of highest use, indicating
that continued engagement was not necessary for sustained benefits. Given the intervention’s
low cost, the implied economic benefits are sizable. These findings suggest that digital mental
health support can be an effective complement to existing care.

The results are also encouraging through the lens of scalability, considering the five threats to
scale in List (2024). First, concerns about false positives are minimal: app access was randomized,
and effects are both consistent across related outcomes and with signs aligned with expert
predictions. Second, the study population is policy relevant, although it would be important
to replicate findings in different high-need populations.”> Third, we find no evidence of adverse
spillovers within the outcomes we observe; if anything, we document improvements in sleep,
healthful behavior, labor-market outcomes, and psychotherapy use. Conceptually, we do not
expect adverse spillovers (e.g., from equilibrium effects) at scale. Fourth, the technology exhibits
economies of scale, as marginal costs are likely to decline with broader deployment. Fifth, the
study did not take place under unusual circumstances, suggesting results are unlikely to differ
systematically over time, although replication in other contexts would be valuable. Overall, these
patterns point to strong potential for scale.

More broadly, our findings speak to the adoption and evaluation of digital technologies across
sectors beyond health. One implication is that short-lived interactions can generate persistent
behavioral change, decoupling engagement and impacts. As a result, usage metrics may system-
atically understate effectiveness and value when technologies build skills, habits, or knowledge
that persist beyond active use. This has implications for how digital tools are evaluated across a
range of domains, such as education, financial services, and agriculture, where interventions may
operate by shifting behavior rather than requiring continuous interaction.

A second implication concerns how Al technologies interact with skilled services. Despite
concerns about substitution, Al may instead complement human expertise by augmenting pro-
ductivity and changing task allocation. In such cases, digital tools can reduce frictions, expand

access, and facilitate engagement with higher-quality services rather than displace them.

'5For instance, among pregnant women, depression risk is elevated, while antidepressant use declines and
psychotherapy use increases (Boone et al., 2025). Similar considerations apply to other groups facing access or
stigma-related barriers, such as adolescents or frontline workers.
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12 Tables and Figures

Figure 1: Experimental Design and Timeline
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Notes: The figure shows a flowchart with the experimental design and timeline of the randomized controlled trial. The process began
with the recruitment of N=6,690 participants, followed by Screening Survey 1, which yielded N=2,923 eligible participants (3,767 were
screened out). After baseline data collection (N=2,184), participants completed Screening Survey 2 and randomization (N=1964) and
were randomly assigned to treatment (N=983) and control (N=981) groups. Both groups received Surveys at the 1-, 2-, and 6-month
marks. At three months, half of the people in the treatment group were randomly assigned to receive App access for an additional
three months (N=491). Participants also received weekly affect polls throughout the study. The flowchart uses rectangular boxes
connected by arrows to show the progression through each study phase, with sample sizes decreasing due to attrition at each stage.

26



Figure 2: Weekly App Engagement
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Notes: Engagement is defined as the percentage of individuals assigned to the treatment group who used the application at least once
during a given week. Individuals who never downloaded the app are coded as zero use. Vertical dashed lines indicate the timing
of the follow-up surveys conducted at 1, 2, and 6 months after enrollment. Markers display the weekly engagement rate for selected
weeks.
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Figure 3: Summary Impacts by Family Indices
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Notes: Each point reports the estimated treatment effect on a standardized outcome index, constructed following Anderson
(2008).  Higher values indicate better outcomes, and all variables are oriented so that positive effects reflect improvements
(i.e., outcomes are reverse-coded when necessary). The Mental Health Index combines the WHO-5 well-being score, PHQ-8,
GAD-7, and PSS-4 (the latter three reversed). The Healthful Behaviors Index summarizes the days in the past week during
which participants reported engaging in positive daily activities (exercising, not missing work, practicing self-care, going
out, not raising one’s voice in anger, helping someone with homework). The Sleep Index aggregates hours of sleep, number
of interruptions (reversed), and sleep difficulties (reversed). The Less Social Media Index captures platform use (Facebook,
X/ Twitter, Instagram, TikTok) and frequency of use (more than 2 hours per day, reversed). The Less Isolation Index is based
on the six-item De Jong Gierveld Loneliness Scale (reversed), combining the social and emotional subscales. The Agency Index
combines scores from the General Self-Efficacy (GSE) Scale and locus of control measures. The Cognitive tasks index combines
performance in two incentivized tasks measuring cognitive function and effort. All regressions control for randomization
strata and LASSO-selected baseline covariates.
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Figure 4: Mental health outcomes by treatment status and symptom severity
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Severe; PSS-4: 0-5 = Low, 6—10 = Moderate, 11-16 = High; WHO-5: 025 = Very Poor, 26-51 = Poor, 52—71 = Average, 72-91 = Good,
92-100 = Excellent. Results are qualitatively similar at 1, 2, and 6 months. Kolmogorov-Smirnov tests reject the hypothesis of equal
distributions by arm for all mental health outcomes when pooled, and at 1, 2, and 6 months (p<o.01).
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Figure 5: Impacts on Happy Affect from Weekly Data
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Notes: This figure displays the estimated treatment effect on the probability of having a “Happy” affect over 26 weeks.
The orange line represents the point estimate with 95% confidence intervals (shaded orange area), calculated using
a regression with baseline controls and strata fixed effects, with robust standard errors. The gray dashed lines show
Lee bounds accounting for differential attrition, with corresponding 95% confidence intervals (light gray shaded area).
Lee bounds are calculated using age and baseline psychological distress (PHQ-4) strata as tightening covariates. The
bounds indicate the range of plausible treatment effects under worst-case assumptions about selective attrition.
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Figure 6: Daily App Use by Activity Type
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Notes: The figure plots average daily minutes of app use among active users in the treatment group,
decomposed into the four core app functions: AI conversational agent, audio/guided exercises, mood
diary, and self-assessment tools. We define event duration from consecutive timestamps within sessions,
accounting for background inactivity. There are no active users on day 91. This is when the premium
subscription expires, and before it is renewed for an additional 9o days for randomly selected participants
in the treatment group.
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Figure 7: App Use Patterns by Hour and Variability
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(c) App use variability by weekday and hours

Notes: Use patterns for the treatment users who downloaded the app. Panel A shows the share of app use occurring outside regular
hours (weekends or before 8:00 and after 21:00). We calculate percentages as the proportion of users with at least one connection
outside regular hours in a given week. Panel B displays the distribution of the first connection time of the day. We calculate
percentages as (number of days with first connection at a given hour / total active days) x 100, based on n=23,016 active days. Panel
C classifies users based on usage regularity. The X axis represents the circular standard deviation (SD) of the first connection hour
(SD < 3 hours defined as regular hours). The Y axis represents the circular coefficient of variation (CV) of days between connections
(CV < 1 defined as regular days). Both measures use circular statistics to account for the periodicity of time. We compute the CV
(=SD/mean) for days of the week because weekdays are coded 1—7. Two users who connect regularly but on different day pairs (e.g.,
days 1 and 3 versus 1 and 5) can have different variances; the CV normalizes by the mean to yield a more comparable measure of
regularity across users with different use frequencies. We calculate percentages based on 884 users with three or more active days.
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Table 1: Impacts on Mental Health

Depression Anxiety Stress Well-being Mental Health
(PHQ-8) (GAD-7) (PSS-4) (WHO-5)  Index (std)

1) () 3) 4) )
(-] (-] (-] [+] [+]
Panel A. Pooled Effects
Treated -1.627*%*  -0.981*** -0.627*** 5.254*** 0.294***
(0.141) (0.131) (0.070) (0.465) (0.025)
Mean control 11.82 9.06 8.94 35.59 0.00
Observations 5272 5274 5273 5273 5274
Panel B. Effects at 1 month
Treated -1.690***  -1.006*** -0.559*** 5.504*** 0.306***
(0.214) (0.203) (0.101) (0.681) (0.038)
Mean control 12.30 9.49 9.16 33.79 0.00
Observations 1849 1850 1850 1850 1850
Panel C. Effects at 2 months
Treated -1.604***  -0.968*** -0.834*** 5.684*** 0.324***
(0.231) (0.217)  (0.116) (0.768) (0.041)
Mean control 11.91 9.11 9.00 35.14 0.00
Observations 1824 1825 1825 1824 1825
Panel D. Effects at 6 months
Treated -1.544***  -0.997*** -0.441*** 4.619*** 0.246***
(0.248) (0.232)  (0.130) (0.859) (0.044)
Mean control 11.17 8.51 8.62 38.20 0.00
Observations 1599 1599 1598 1599 1599
1 mo=2 mos (p-val) 0.72 0.93 0.08 0.90 0.79
2 mos=6 mos (p-val) 0.82 0.99 0.02 0.32 0.18
1 mo=6 mos (p-val) 0.53 0.95 0.41 0.36 0.27
1 mo=2 mos=6 mos (p-val) 0.84 0.98 0.06 0.57 0.36

Notes: Each cell reports the estimated treatment effect on the specified mental health outcome using each
scale’s raw scores. [+] indicates that higher values represent better outcomes; [-] indicates that higher values
represent worse outcomes. Regressions control for strata and lasso-selected baseline covariates. Outcomes
include the WHO-5 well-being index (0-100; <50 indicates possible depression), the PHQ-8 for depression
(0-24; > 10 indicates moderate to severe depression), the GAD-7 for anxiety (0-21; > 10 indicates moderate
to severe anxiety), and the PSS-4 for perceived stress (0-16; no formal cutoff, but scores > 8 are typically
considered high stress). The Mental Health Index is a standardized index of all outcomes following Anderson
(2008), where higher values indicate better mental health. * p < .10, ** p < .05, *** p < .01.
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Table 2: Impacts on Healthful Behaviors

Daily Functioning Wellness Practices
Missed Functioning Wellness Healthful Behaviors
Work Helped Angry Subindex (std) Exercise Go Out Self-care Subindex (std) Index (std)
1) () 3) 4 ) (6) 7) (8) )
[-] [+] [-] [+] [+] [+] [+] [+] [+]
Panel A. Pooled Effects
Treated -0.078** 0.124** -0.239***  (0.153*** 0.227*** 0.339*** (.199*** 0.197*** 0.226***
(0.031) (0.052) (0.047) (0.025) (0.047) (0.049) (0.061) (0.026) (0.026)
Mean control 0.49 2.24 2.61 0.00 1.56 1.69 3.46 0.00 0.00
Observations 5274 5274 5274 5274 5274 5274 5274 5274 5274
Panel B. Effects at 1 month
Treated -0.090* 0.175** -0.346™**  0.211*** 0.335***  0.506™** 0.269*** 0.299*** 0.321%**
(0.051) (0.081) (0.073) (0.041) (0.073)  (0.079) (0.097) (0.042) (0.042)
Mean control 0.48 2.26 2.68 0.00 1.61 1.56 3.31 0.00 0.00
Observations 1850 1850 1850 1850 1850 1850 1850 1850 1850
Panel C. Effects at 2 months
Treated -0.065 0.094 -0.181** 0.122%** 0.190**  0.211*** 0.104 0.127*** 0.169***
(0.047) (0.086) (0.079) (0.041) (0.076)  (0.081)  (0.100) (0.043) (0.043)
Mean control 0.44 2.11 2.74 0.00 1.43 1.70 3.58 0.00 0.00
Observations 1825 1825 1825 1825 1825 1825 1825 1825 1825
Panel D. Effects at 6 months
Treated -0.082  0.101 -0.182** 0.125*** 0.138 0.284*** 0.207* 0.156*** 0.185***
(0.061) (0.093) (0.083) (0.045) (0.088) (0.086) (0.107) (0.046) (0.046)
Mean control 0.54 2.38 2.38 0.00 1.66 1.82 3.49 0.00 0.00
Observations 1599 1599 1599 1599 1599 1599 1599 1599 1599
1 mo=2 mos (p-val) 0.67 0.44 0.11 0.12 0.12 0.01 0.21 0.01 0.01
2 mos=6 mos (p-val) 0.78 1.00 0.95 1.00 0.63 0.59 0.58 0.71 0.86
1 mo=6 mos (p-val) 0.95 0.45 0.13 0.13 0.06 0.06 0.60 0.03 0.02
1 mo=2 mos=6 mos (p-val)  0.93 0.67 0.21 0.20 0.12 0.02 0.47 0.01 0.01

Notes: Each cell shows the estimated treatment effect on the number of days in the previous week in which the respondent had behavior-related outcomes.
[+] indicates that higher values represent better outcomes; [-] indicates that higher values represent worse outcomes. (i) Missed Work, did not go to work
(unconditional on whether they work); (ii) Helped, helped their children or someone else with schoolwork, (iii) Angry, whether they raise their voice to
someone else in anger, (iv) Functioning Subindex (std), a standardized composite index combining Missed Worked, Helped, and Angry measures, oriented
so that higher values indicate better daily functioning. (v) Exercised, (vi) Go out, whether the respondent went out for activities unrelated to school or work;
(vii) Self Care, spent at least 10 minutes on themselves, (viii) Wellness Subindex (std), a standardized composite index combining Exercised, Go out, and Self
Care measures, oriented so that higher values indicate improved wellness. (ix) Healthful Behavior Index (std), a standardized composite index combining
all measures oriented so that higher values indicate more healthful behaviors. All standardized composite indexes are build using the inverse-covariance
weighting method following Anderson (2008). Regressions control for strata and lasso-selected baseline covariates. * p < .10, * p < .05, *** p < .01.



Table 3: Impacts on Labor Market Outcomes

Hours  Days Labor
Works Worked Absent Index (std)
1) ) 3) 4)
[+] [+] (-] [+]
Panel A. Pooled Effects (2 and 6 months)

Treated 0.031* 0795  -0.075*  0.096***
(0.014) (0.792) (0.038)  (0.031)

Mean control 0.50 30.04 0.49 0.00
Observations 3423 3420 3424 3424
Panel B. Effects at 2 months

Treated 0.022 1.695 -0.065 0.102**

(0.019) (1.050) (0.047)  (0.042)

Mean control 0.50 28.86 0.44 0.00
Observations 1824 1821 1825 1825

Panel C. Effects at 6 months
Treated 0.044** -0.053 -0.082 0.090**
0.021) (1.142) (0.061)  (0.045)

Mean control 0.50 31.40 0.54 0.00
Observations 1599 1599 1599 1599
2 mos=6 mos (p-val)  0.48 0.22 0.78 0.78

Notes: Each cell shows the estimated treatment effect on one of four labor mar-
ket outcomes. Robust standard errors, clustered by individual in the pooled
data. Regressions control for strata and lasso-selected baseline covariates. [+]
indicates that higher values represent better outcomes; [-] indicates that higher
values represent worse outcomes. Outcomes include: Works, a binary indi-
cator equal to one if the respondent is currently working; Hours worked, the
total number of hours worked in the past week; Days absent, the self-reported
number of days absent from work in the past 7 days; and the Labor Index
(std), a standardized composite index combining these three measures using the
inverse-covariance weighting method following Anderson (2008), oriented so
that higher values indicate better labor market outcomes. Panel A pools effects
measured at 2 and 6 months only. The coefficient estimate of ‘days absent” in
Panel A of this table differs from the analogous coefficient in Panel A of Table 2
because that table pools data at 1, 2, and 6 months. The results are qualitatively
unchanged. * p < .10, ** p < .05, ** p < .01.
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Table 4: Impacts on Sleep Outcomes

Hours Sleep Sleep
Slept Interruptions Issues Index (std)
1) ) 3) 4)

[+] [-] [-] [+]

Panel A. Pooled Effects
Treated 0.166***  -0.110** -0.106*** 0.189***
(0.050) (0.043) (0.013) (0.028)

Mean control 7.05 2.81 0.50 0.00
Observations 5269 5274 5274 5274
Panel B. Effects at 1 month

Treated 0.205** -0.118* -0.129***  (0.219***

(0.081)  (0.070)  (0.022)  (0.045)

Mean control 6.93 2.88 0.54 0.00
Observations 1847 1850 1850 1850

Panel C. Effects at 2 months
Treated 0.164* -0.109 -0.096*** (0.183***
(0.086) (0.069) (0.022) (0.046)

Mean control 7.08 2.82 0.50 0.00
Observations 1825 1825 1825 1825

Panel D. Effects at 6 months
Treated 0.096 -0.085 -0.092***  (0.148***
(0.090) (0.075) (0.023) (0.049)

Mean control 717 2.71 0.45 0.00
Observations 1597 1599 1599 1599
1 mo=2 mos (p-val) 0.69 0.87 0.33 0.65
2 mos=6 mos (p-val) 0.60 0.68 0.95 0.53
1 mo=6 mos (p-val) 0.35 0.75 0.34 0.25
1 mo=2 mos=6 mos (p-val) 0.62 0.96 0.51 0.57

Notes: Each cell shows the estimated treatment effect on one of four sleep-related out-
comes. Regressions control for strata and lasso-selected baseline covariates. [+] indicates
that higher values represent better outcomes; [-] indicates that higher values represent
worse outcomes. Outcomes include: Hours Slept, calculated as the self-reported differ-
ence between the time respondents went to bed and the time they woke up the previous
night; Interruptions, the number of awakenings or disruptions during that sleep period;
Sleep issues, based on the relevant item(s) from the PHQ-8 about trouble sleeping (e.g.,
“Not being able to sleep or sleeping too much”); and (iv) the Sleep Index (std), a stan-
dardized composite index combining these three measures using the inverse-covariance
weighting method following Anderson (2008), oriented so that higher values indicate
better sleep. * p < .10, ** p < .05, ** p < .01.
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Table 5: Impacts on Social Media Use

Less Social

Facebook X Instagram TikTok Use Freq. Media Index (std)
1) ) 3) 4) 5) (6)
[-] [-] [-] [-] [-] [+]
Panel A. Pooled Effects
Treated -0.105** -0.106*** -0.049 0.074 -0.028** 0.061***
(0.050) (0.031) (0.048) (0.050) (0.011) (0.020)
Mean control 5.29 0.75 2.99 2.70 0.30 0.00
Observations 5274 5274 5274 5274 5273 5274
Panel B. Effects at 1 month
Treated -0.122  -0.139*** -0.184** 0.037 -0.016 0.080***
(0.076) (0.048) (0.075) (0.076) (0.018) (0.031)
Mean control 541 0.77 2.99 2.68 0.29 0.00
Observations 1850 1850 1850 1850 1850 1850
Panel C. Effects at 2 months
Treated -0.133  -0.064 -0.044 0.008 -0.045** 0.073**
(0.082) (0.051) (0.078) (0.081) (0.019) (0.032)
Mean control 5.25 0.73 2.93 2.69 0.30 0.00
Observations 1825 1825 1825 1825 1825 1825
Panel D. Effects at 6 months
Treated -0.040 -0.116** 0.093 0.177*  -0.024 0.023
(0.091) (0.057) (0.088) (0.093) (0.020) (0.037)
Mean control 5.19 0.75 3.04 2.73 0.30 0.00
Observations 1599 1599 1599 1599 1598 1599
1 mo=2 mos (p-val) 0.95 0.24 0.14 0.89 0.28 0.80
2 mos=6 mos (p-val) 0.49 0.58 0.28 0.21 0.43 0.32
1 mo=6 mos (p-val) 0.46 0.60 0.02 0.26 0.79 0.19
1 mo=2 mos=6 mos (p-val) 0.77 0.53 0.05 0.41 0.53 0.44

Notes: Each cell shows the estimated treatment effect on social media—related outcomes. [+] indicates that higher values
represent better outcomes (less use); [-] indicates that higher values represent worse outcomes. The first four outcomes
capture the number of days in the past seven days that respondents used: (i) Facebook, (ii) X (formerly Twitter), (iii) Insta-
gram, and (iv) TikTok. The fifth outcome, Use frequency, is an indicator of social media use for two hours or more per day.
Column (6) reports Social Media Index (std), which is a standardized composite index combining these six measures using
the inverse-covariance weighting method following Anderson (2008), oriented so that higher values indicate less time
spent on social media (i.e., healthier digital habits). Regressions control for strata and lasso-selected baseline covariates.
*p <.10,** p < .05, ** p < .0L
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Table 6: Impacts on Feelings of Isolation and Personal Agency

Isolation Agency

Emotional Social Less Isolation Self-Efficacy Locus of Agency
Score Score  Index (std) (GSE) Control Index (std)

(1) () 3) 4) 5) (6)
(-] [-] [+] [+] [+] [+]
Panel A. Pooled Effects
Treated -0.165*** -0.120***  0.198*** 0.408*** 0.520***  0.185***
(0.026) (0.026) (0.029) (0.078) (0.069) (0.023)
Mean control 2.21 2.48 0.00 15.86 12.10 0.00
Observations 5274 5274 5274 5273 5272 5274
Panel B. Effects at 1 month
Treated -0.170*** -0.149***  0.226*** 0.367*** 0.407***  0.160***
(0.040) (0.042) (0.046) (0.121) (0.107) (0.037)
Mean control 2.30 2.51 0.00 15.66 12.15 0.00
Observations 1850 1850 1850 1850 1850 1850
Panel C. Effects at 2 months
Treated -0.187*** -0.098** 0.195*** 0.569*** 0.651***  (0.244***
(0.043) (0.042) (0.047) (0.130) (0.112) (0.038)
Mean control 2.23 2.48 0.00 15.81 12.02 0.00
Observations 1825 1825 1825 1824 1824 1825
Panel D. Effects at 6 months
Treated -0.125*** -0.122** 0.164*** 0.252* 0.495***  (0.146***
(0.048) (0.048) (0.050) (0.143) (0.125) (0.040)
Mean control 2.09 2.45 0.00 16.15 12.13 0.00
Observations 1599 1599 1599 1599 1598 1599
1 mo=2 mos (p-val) 0.78 0.34 0.56 0.32 0.14 0.14
2 mos=6 mos (p-val) 0.34 0.58 0.71 0.10 0.39 0.08
1 mo=6 mos (p-val) 0.44 0.70 0.38 0.54 0.64 0.78
1 mo=2 mos=6 mos (p-val) 0.64 0.60 0.67 0.22 0.25 0.24

Notes: Each cell reports the estimated treatment effect on isolation and agency outcomes. Isolation is measured using
the six-item De Jong Gierveld Loneliness Scale, which includes three items capturing emotional loneliness and three
capturing social loneliness; higher values indicate greater loneliness. We report effects separately for emotional and
social subscales, as well as a standardized index reoriented so that higher values indicate less isolation.

Agency outcomes include self-efficacy, measured using the General Self-Efficacy (GSE) scale, and locus of control; we
also report a standardized agency index. Indices are constructed following Anderson (2008). Regressions control for
strata and lasso-selected baseline covariates. * p < .10, ** p < .05, *** p < .01.
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Table 7: Impacts on Cognitive Tasks

Effort Task Emotional Stroop Task

Correct/minute Emotional Neutral Cognitive Tasks

words words Index (std)
1) ) 3) 4)
(-] [-] (-] [+]
Panel A. Pooled Effects
Treated 0.003 -8.409* -6.530 0.031
(0.061) (4.858) (4.608) (0.029)
Mean control 7.22 993.43 999.57 -0.00
Observations 5274 5274 5274 5274
Panel B. Effects at 1 month
Treated 0.022 -24.518*** -15.427* 0.092**
(0.104) (7.806) (7.967) (0.045)
Mean control 6.72 1011.62 1026.21 -0.00
Observations 1850 1850 1850 1850
Panel C. Effects at 2 months
Treated -0.011 5.973 4.676 -0.026
(0.099) (7.770) (7.274) (0.046)
Mean control 7.49 988.00 988.70 -0.00
Observations 1825 1825 1825 1825
Panel D. Effects at 6 months
Treated -0.020 -5.185 -9.421 0.026
(0.102) (9.011) (8.078) (0.052)
Mean control 7.49 978.50 981.05 -0.00
Observations 1599 1599 1599 1599
1 mo=2 mos (p-val) 0.71 0.00 0.04 0.04
2 mos=6 mos (p-val) 0.81 0.26 0.17 0.42
1 mo=6 mos (p-val) 0.66 0.10 0.51 0.27
1 mo=2 mos=6 mos (p-val) 0.88 0.01 0.16 0.14

Notes: Column (1) reports the average number of correctly solved matrices per minute in the effort task.
Column (2) presents results from the emotional block of the Emotional Stroop test. Column (3) presents
results from the neutral block, pooling the two neutral word sets (presented before and after the emotional
block) by stacking observations and including a block fixed effect. [+] indicates that higher values rep-
resent better outcomes; [-] indicates that higher values represent worse outcomes. The Stroop measures
capture reaction time in milliseconds, so positive coefficients indicate slower responses (greater emotional
interference). The pooled specification combines observations across all three follow-up waves (1, 2, and 6
months post-intervention) and includes wave fixed effects. All regressions control for lasso-selected baseline
covariates and strata fixed effects. Robust standard errors are reported in parentheses and clustered by person
for pooled effects. *p < 0.10, **p < 0.05, ***p < 0.01.
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Table 8: Effects of Randomized Extended Access to the App

Mental Health Other Indexes
Total Use Depression  Anxiety  Stress  Well-Being Mental Health  Healthful Less Social Less
(minutes) (PHQ-8) (GAD-7) (PSS-4) (WHO-5) Index Behaviors  Sleep Media Isolation Agency
@ ) 3 4 ®) (6) ) (8) ) (10) (11)
Extended 6 months 241.789*** -1.400*** -0.967*** -0.414** 3.785*** 0.231*** 0.141** 0.113* 0.066 0.122** 0.153***
(21.808) (0.307) (0.287) (0.164) (1.055) (0.055) (0.058) (0.058) (0.046) (0.062) (0.050)
No extension 173.572%** -1.692*** -1.027***  -0.470***  5.471*** 0.261*** 0.230***  0.185***  -0.022 0.206™**  0.140***
(12.577) (0.305) (0.288) (0.162) (1.081) (0.054) (0.055) (0.062) (0.044) (0.064) (0.050)
Difference (Ext. — No ext.)  68.217%%* 0.292 0.060 0.056 -1.685 -0.030 -0.090 -0.072 0.089* -0.083 0.012
(25.216) (0.359) (0.341) (0.195) (1.270) (0.066) (0.067) (0.070) (0.053) (0.077) (0.058)
Mean control 0.42 11.17 8.51 8.62 38.20 0.00 0.00 0.00 0.00 0.00 0.00
Observations 1599 1599 1599 1598 1599 1599 1599 1599 1599 1599 1599

Notes. This table reports estimates from the second randomization at the 6-month endline. The sample includes individuals assigned to treatment in the first randomiza-
tion. “Extended 6 months” indicates individuals randomized to continued access; “No extension” indicates individuals whose access ended after the initial period. The
omitted category is the control group. Column (1) reports effects on total platform usage (minutes) over the study period. Columns (2)-(6) report effects on individual
mental health measures and a summary index. Columns (7)-(11) report effects on other outcome family indexes. Regressions control for strata and lasso-selected baseline
covariates. Robust standard errors in parentheses. The difference row reports the coefficient and standard error from a linear combination test (Extended — No extension).

#rp < 0.01, **p < 0.05, *p < 0.1



Table 9: Impacts on the Demand for Psychotherapy

Visit Psychologist Num. Visits

1) ()
Panel A. Pooled Effects
Treated 0.052%**
(0.010)
Mean control 0.15
Observations 5273
Panel B. Effects at 1 month
Treated 0.032**
(0.016)
Mean control 0.15
Observations 1850
Panel C. Effects at 2 months
Treated 0.054*** 0.148***
(0.017) (0.052)
Mean control 0.16 0.38
Observations 1824 1824
Panel D. Effects at 6 months
Treated 0.076*** 0.289***
(0.018) (0.073)
Mean control 0.15 0.51
Observations 1599 1599
1 mo=2 mo (p-val) 0.36
2 mos=6 mos (p-val) 0.29 0.10
1 mo=6 mos (p-val) 0.07
1 mo=2 mos=6 mos (p-val) 0.17

Notes: The first outcome, Visit Psychologist, is an indicator variable equal to 1 if
the respondent reports at least one visit to a psychologist or psychotherapist in
the previous month. The second outcome, Number of visits, reports the uncon-
ditional number of psychotherapy visits in the previous month. Regressions
control for strata and lasso-selected baseline covariates. * p < .10, ** p < .05,
**p < .0L
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Table 10: Impacts on Therapy Use, Depression, Anxiety, Related Beliefs, and Therapy Access Costs by Baseline Distress

Visit Depression Anxiety Mental Health 1?;;?;1:1‘ ZrEie-lci)é‘;iser ACCOCSetiS
Psychologist ~ (PHQ-8) (GAD-7) Index (std) Index (std) Index (std) Index (std)
1 2) ©) (4) 6) (6) @)
[+] (-] (-] [+] [+] [+]
Panel A. Mild baseline distress (PHQ-4 = 3-5)
Treatment 0.019 -1.092***  -0.496*** 0.208*** 0.043 0.125** 0.064
(0.015) (0.198) (0.181) (0.036) (0.055) (0.054) (0.072)
Panel B. Moderate baseline distress (PHQ-4 = 6-8)
Treatment 0.065*** -2.565%**  -1.817%** 0.420*** 0.068 0.187*** 0.110
(0.018) (0.249) (0.227) (0.042) (0.063) (0.063) (0.086)
Panel C. Severe baseline distress (PHQ-4 = 9-12)
Treatment 0.084*** -1.390***  -0.642** 0.280*** -0.083 0.069 0.223**
(0.021) (0.311) (0.303) (0.055) (0.076) (0.076) (0.097)
Panel D. Overall ITT
Treatment 0.052*** -1.627%**F  -0.981*** 0.294*** 0.019 0.120*** 0.102**
(0.010) (0.141) (0.131) (0.025) (0.036) (0.036) (0.048)
Mean control 0.15 11.82 9.06 0.00 0.00 0.00 0.00
Observations 5273 5272 5274 5274 3117 3115 1599
Panel E. Tests of equality of treatment effects (p-values)
Mild = Moderate 0.051 0.000 0.000 0.000 0.762 0.455 0.679
Mild = Severe 0.011 0.419 0.680 0.273 0.183 0.545 0.188
Moderate = Severe 0.466 0.003 0.002 0.043 0.127 0.229 0.384
Observations 5273 5272 5274 5274 3117 3115 1599
Measured at 1 mo Yes Yes Yes Yes No No No
Measured at 2 mos Yes Yes Yes Yes Yes Yes No
Measured at 6 mos Yes Yes Yes Yes Yes Yes Yes

Notes: Baseline mental health distress is Mild (PHQ-4 = 3-5), Moderate (PHQ-4 = 6-8), or Severe (PHQ-4 = 9-12). Panel D reports the ITT estimate on
the full sample. Panel E reports p-values from tests of equality of subgroup-specific treatment effects. All specifications use LASSO selected control
variables and include randomization strata and baseline dependent variable when available. Standard errors are clustered by person. The 1st-order
Beliefs Index is a Likert-scale index comprising items that measure the respondent’s perceived stigma toward mental health. The 2nd-order Beliefs Index
measures the respondent’s perceptions of stigma toward mental health in their neighborhood. The Access Costs Index is a three-item index measuring;:
whether the respondent knows how to find a psychologist, how to make an appointment, and has contact information for a mental health professional.
All standardized indices have a mean of zero in the control group.*p < 0.10, **p < 0.05, ***p < 0.01.
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A The Mindsurf App

The four main app features

Figure A.1: App Interface

Ejercicios nuevos

< Asistente emocional g
v 2
< Ansiedad ®
Reconecta con tus
oo 5 Autoestima v
< Diario emocional % valores Evaluacién - 5 minutos
Evaluacién Chat » L ¢Tehas sentido muy excitado, nervioso o
Py P . tension?
¢Qué emocion sientes hoy? en tension
. PO 4 No
Disgusto 33 Terapia digital Ver més
. i > S St
= Ansiedad «@
Ira -~
Alegria L Depresion @ °
Tristeza -~
Estrés
Hola, Antonia. Me alegra que estés
.o aqui. Hoy mencionas sentir
Sorpresa [) sorpresa y entretenimiento. Es
interesante cémo las emociones . ;YS—@{T
pueden variar. ¢Te gustaria Autoestima =5
as compoartir qué ha provocado esa —
Miedo e sorpresa o qué actividades te han
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aqui para escucharte. lntehsen‘:la é
Nolo sé o9 emocional R
oo Inicio Terapia  asistente  Ejercicios Terapeutas
Continuar digita
(a) Mood diary (b) Al agent (c) Exercise menu (d) Self Assessment

Notes: This figure presents screenshots showing the app interface. Panel (a) displays the mood diary with the question
“¢How do you feel today?” and six options. Panel (b) shows the Al agent where users can engage in real-time dialogue
with the Al assistant. Here the AI agent starts a conversation saying “Hello, Antonia. I'm glad you’re here. Today you
mentioned feeling surprised and entertained. It’s interesting how emotions can vary. Would you like to share what has caused that
surprise or what activities have entertained you recently? 1'm here to listen.” Panel (c) displays the exercise menu or library
of psycho-educational modules covering key mental health areas such as anxiety, depression, stress, self-esteem, and
emotional intelligence. Panel (d) shows an example of the self-assessment tool for anxiety with a question to assess
anxiety levels (“Have you felt very excited, nervous, or tense?”

Training the AI Assistant

The AI assistant is designed to provide dialogic support for psychosocial issues and is trained
exclusively on curated mental health-related content. Training materials consist of a body of
verified academic and clinical resources, including foundational texts, intervention manuals,
diagnostic references, and structured educational materials in psychology, with a strong emphasis
on evidence-based CBT approaches and meditation techniques.

The training material covers a range of topics relevant to mental health support, including

core CBT principles and applications; rational emotive behavior therapy (REBT); diagnostic
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classifications (DSM-5, ICD-10); CBT-based assessment tools; common cognitive distortions; and
applied domains such as depression, anxiety and stress management, sleep and well-being, self-
esteem, emotional regulation, interpersonal difficulties, and habit formation. The material draws
on peer-reviewed academic and clinical sources, including foundational texts and established
treatment manuals in cognitive and behavioral therapies.

The responses draw exclusively on verified source material. Retrieved content is then used to
condition the assistant’s outputs, allowing it to provide contextually relevant guidance while
remaining within its intended mental health support scope. This design limits responses to

validated psychological content and supports consistency with established clinical knowledge.

Safety Protocols

The app has multiple protocols to ensure the safety of its users. First, the Al assistant is trained
to discuss a limited range of topics. Off-topic queries are either directly acknowledged (e.g., by
explaining that it is not able to provide the specific information) or redirected towards related
topics (e.g., when asked to provide a specific recipe, the assistant explained that it was not able to
provide any specific recipe, but briefly described principles of healthful nutrition). This limited
and specific training reduces the risk of hallucinations or off-topic conversations.

Second, the model is trained to detect both self-harm and harm to others based on conversation
content. In case of detected self-harm, the agent acknowledges the user’s distress and encourages
her to contact an emergency number, help lines, or a next-of-kin emergency contact provided
upon registration, depending on the severity of the distress.

Third, human oversight supervises the model to detect errors, flagging and reviewing alarming
content. This content is reviewed to detect false positives. In addition, samples of conversations
are inspected to detect false negatives (i.e., missed self-harmful or harmful content). Lastly, the
app developers conduct regular stress tests to evaluate how the agent responds to harmful or

unusual content. Detected errors are used to improve the accuracy of algorithmic detection.

52



B Recruitment

We recruited via social media advertisements targeted at women living in Mexico. Ads em-
phasized positive well-being and used neutral and inviting language, avoiding any implication
of treatment or potential access to the app. For example, the versions of the ad shown below
included lines such as: “Study of The University of Texas about emotional well-being — are you a
woman and do you live in Mexico?”, “Research study, University of Texas — interested in your emotional
well-being?”, “Research study, University of Texas — are you a woman living in Mexico? Are you

interested in your emotional health?”.

Figure B.1: Social Media Recruitment Advertisements

ESTUDIO DE LA UNIVERSIDAD DE TEXAS ESTUDIO DE INVESTIGACION ESTUDIO DE INVESTIGACION
sobre el bienestar emocional U PR UNIVERSIDAD DE TEXAS
JERES MUJER Y VIVES éINTERES?ﬁéC%%y\TETEIE—VESTAR ERES MUJER Y VIVES EN MEXICO?

EN MEXICO?

JTE INTERESA TU SALUD
EMOCIONAL?

(a) Version 1 (b) Version 2 (c) Version 3
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C Cognitive Tasks: Matrices and Emotional Stroop Games

Matrix Counting

To measure cognitive function, we implemented an incentivized counting task in which partic-
ipants identified the number of zeros in 5x5 matrices of zeros and ones under time constraints
(Abeler et al., 2011), as in Figure C.1. Participants had one minute to solve up to 10 matrices.
The interface showed the remaining time and provided feedback on correct answers. Each correct
answer received a ticket for a final prize draw among all participants. Our outcome is the correctly

completed matrices. Higher scores indicate greater cognitive function.
Figure C.1: Example of Effort Task (Matrix Counting Game)

12:29 Wl -

U TEXAS

Tiempo restante: 22 segundos

10000
01000

ﬂllﬂl- J
ULl

ooooao

= Enviar respuesta

Presicna Enter para enviar tu respuesta

Note: Participant’s view of the game with a countdown timer (“Time left: 22 seconds”).

Emotional Stroop Task

To assess attentional bias and cognitive control in the presence of emotionally salient stimuli, we
used the emotional Stroop task (Williams et al., 1996). In this task, participants identified the color
of emotionally charged or neutral words, presented in separate blocks. Longer reaction times to

emotional words reflect poorer cognitive control.
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Figure C.2 shows a neutral word, “Televisiéon” (television), in red text, requiring participants to
select “rojo” (red) from the color options below and an emotional word, “Depresiéon” (depression),
also requiring color identification. We adapted the task to Spanish using lexicographically similar
words, and incentivized participants to complete as many trials as possible within a fixed time
window by offering tickets for a final prize draw based on performance.

The task consisted of a neutral block, followed by an emotional block containing negative
valence words, and by a final neutral block. Our outcome measures are the total response
times in milliseconds for each block and overall. Longer times in the emotional block indicate
emotional interference or attentional bias toward negative emotional content. Overall speed

indicates reaction time, an indicator of cognitive function.

Figure C.2: Examples of Emotional Stroop Task Trials

(= N =Y

12:29 o - 12:29 -

Television Depresion

azul rojo verde negro azul rojo verde negro

(a) Neutral word (b) Emotional word

Note: Panel (a) shows a neutral word trial where participants must identify the color of the word “Televisién”
(television). Panel (b) shows an emotional word trial with “Depresién” (depression). In both cases, participants
select the font color from the four options below: azul (blue), rojo (red), verde (green), or negro (black).
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D High-Frequency Affect Data

Each week, we prompted participants to report their mood by selecting a sad, neutral, or happy
emoji. This approach draws on prior research suggesting that emoji-based self-assessments can
serve as valid proxies for affective states and correlate well with standard mental health scales
(e.g., Jaeger et al., 2019, Thompson et al., 2025).

Table D.1 shows the correlation between the variable “Happy” (mean frequency of reported
happiness) and our primary outcomes in the control group. The reasonably strong and statis-
tically significant correlations (p<o0.01) across these measures offer supportive evidence for the
validity of the emoji-based check-in as a proxy for emotional well-being. The correlation between

all outcomes becomes slightly stronger over time.

Table D.1: Correlation between Affect Mental Health Outcomes in the Control Group

1 month 2 months 6 months
Happy WHO-5 PHQ-8 GAD-7 PSS-4 Happy WHO-5 PHQ-8 GAD-7 PSS-4 Happy WHO-5 PHQ-8 GAD-7 PSS5-4
Happy 1 1 1
WHO-5 0.256 1 0.329 1 0.384 1
PHQ-8 -0.253 -0.672 1 -0.324 -0.724 1 -0.349 -0.728 1
GAD-7 -0.251 -0.579 0.718 1 -0.287 -0.598 0.738 1 -0.304 -0.594 0.753 1

PSS -0.216  -0.584 0.619 0.578 1 -0274 -0.627 0.657 0.649 1 -0324 -0.636  0.661 0.637 1

Note: The table shows correlations in the control group at 1, 2, and 6 months. These correlations are all statistically significant
at the 99% confidence level (p<0.01). The “happy” variable is the mean frequency of reported happiness in the weeks of the
corresponding survey and the previous week. That is, “happy” at one month is the average number of times that a person
reported being happy in weeks 3 and 4 (this mean can be 0, 0.5, or 1). Similarly, “happy" at 2 (6) months is the average number
of times that a person reported being happy in weeks 7 and 8 (25 and 26). We do this to harmonize event timing: the four mental
health outcomes have a two-week recall period. Thus, the PHQ-8 at one month shows people’s symptoms of depression during
weeks 3 and 4.

56



E Sample Characteristics

Figure E.1: Recruitment Map

Share of
people recruited

M 10-25%
I 5-10%
0 3-5%
C]1-3%
Ce1%

Notes: The map illustrates the Mexican states of residence of study participants. The color intensity corresponds
to the share of women recruited from each state. We obtain waw map files from OCHA (2016).
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Table E.1: Sample Characteristics at Each Recruitment Step

Pre-screen Eligible Baseline Randomized Non attritors

(3 surveys)
1) () 3) (4) 5

Age 38.71 38.02 37.98 38.02 38.00
(7.37) 7.77)  (7.78) (7.77) (7.82)

Below median income 0.35 0.45 0.45 0.45 0.42
(0.48) (0.50)  (0.50) (0.50) (0.49)

Some tertiary education 0.72 0.63 0.63 0.63 0.64
(0.45) (0.48) (0.48) (0.48) (0.48)

Depression/Anxiety (PHQ-4) 5.58 6.55 6.60 6.60 6.56
(2.95) (2.62) (2.61) (2.62) (2.60)

Extroversion (Bigb) 8.88 8.41 8.31 8.29 8.28
(2.59) (2.55) (2.53) (2.52) (2.53)

Agreeableness (Big5) 12.38 1223 12.23 12.24 12.20
(1.98) (2.01) (1.98) (1.96) (1.98)

Conscientiousness (Big5) 10.65 10.30 10.36 10.36 10.33
(2.78) (2.80)  (2.80) (2.78) (2.75)

Neuroticism (Big 5) 10.35 11.08 11.13 11.13 11.21
(2.70) (2.37)  (2.39) (2.38) (2.33)

Openness to Experience (Big5) 11.02 10.78 10.78 10.79 10.79
(2.15) 2.13) (212 (2.11) (2.14)

Works - - 0.48 0.49 0.49
(0.50) (0.50) (0.50)

Number of children - - 0.95 0.96 0.94
(0.99) (0.99) (0.99)

Single - - 0.31 0.30 0.31
(0.46) (0.46) (0.46)

Stress (PSS-4) - - 10.02 10.02 10.04
(2.47) (2.48) (2.46)

Well-being (WHO-5) - - 31.10 30.96 31.13
(16.31) (16.13) (15.95)

Self-efficacy (GSE) - - 15.41 15.41 15.43
(3.30) (3.25) (3.26)

Locus of control - - 11.85 11.78 11.72
(2.79) (2.75) (2.76)

Visited psych. - - 0.31 0.31 0.30
(0.46) (0.46) (0.46)

Observations 6,690 2,923 2,184 1,964 1,562

Note: Columns report means and standard deviations in parentheses for different recruit-
ment steps. “Pre-screen” includes all women who completed the initial survey to assess eli-
gibility; “Eligible” are those meeting study eligibility criteria; “Baseline” are eligible partici-
pants who completed the baseline survey; “Randomized” are eligible participants assigned
to treatment or control (completed 3 pre-treatment surveys); “Non-attritors” is the sample
that completed all three outcome surveys. Variables that were not collected at a given step
are indicated with ‘~’. Sample sizes for each column are shown at the bottom of the table.
For age, the number of observations in the first column is 5,879.
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F Attrition and Balance

Table E.1: Survey Completion Rates by Treatment

1month 2months 6 months All3surveys

1) () 3) 4)
Treated -0.014 -0.017 -0.002 0.003
(0.010) (0.011) (0.017) (0.018)
Mean control 0.95 0.94 0.82 0.79
Observations 1963 1963 1963 1963

Notes: Each column reports estimates from a regression of an indicator for survey
completion on the treatment indicator. Columns correspond to survey comple-
tion at 1, 2, and 6 months, and completion of all three follow-up surveys. Robust
standard errors are in parentheses. * p < .10, ** p < .05, ** p < .01.
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09

Table F.2: Balance Table Across Survey Samples

Randomized 1 month 2 months 6 months All surveys
Variable Control A Treated Control A Treated Control A Treated Control A Treated Control A Treated
1) () 3 4 ®) (6) 7) (8) ) (10)
Age 38.00 0.05 38.07 0.07 37.96 0.10 37.86 0.23 37.90 0.21
(7.78) (0.22) (7.70) (0.23) (7.72) (0.23) (7.81) (0.25) (7.77) (0.25)
Below median income 0.45 -0.00 0.44 -0.00 0.43 0.01 0.43 0.00 0.42 -0.00
(0.50) (0.02) (0.50) (0.02) (0.50) (0.02) (0.49) (0.02) (0.49) (0.02)
Works 0.48 0.01 0.48 0.01 0.48 -0.00 0.50 -0.01 0.50 -0.01
(0.50) (0.02) (0.50) (0.02) (0.50) (0.02) (0.50) (0.02) (0.50) (0.03)
Number of children 0.93 0.05 0.93 0.05 0.93 0.05 0.92 0.05 0.92 0.04
(1.01) (0.04) (1.01) (0.04) (1.01) (0.05) (1.02) (0.05) (1.03) (0.05)
Single 0.32 -0.03 0.32 -0.03 0.32 -0.03 0.33 -0.03 0.33 -0.04
0.47) (0.02) 0.47) (0.02) (0.47) (0.02) (0.47) (0.02) (0.47) (0.02)
Some tertiary education 0.63 0.01 0.63 0.02 0.64 0.01 0.63 0.01 0.63 0.02
(0.48) (0.02) (0.48) (0.02) (0.48) (0.02) (0.48) (0.02) (0.48) (0.02)
Depression/Anxiety (PHQ-4) 6.57 0.07 6.54 0.10 6.57 0.10 6.52 0.13** 6.49 0.13*
(2.61) (0.06) (2.59) (0.06) (2.59) (0.06) (2.58) (0.07) (2.57) (0.07)
Stress (PSS-4) 10.05 -0.06 10.02 0.02 10.06 -0.01 10.04 -0.00 10.02 0.04
(2.47) (0.10) (2.47) (0.11) (2.47) (0.11) (2.45) (0.11) (2.44) (0.11)
Well-being (WHO-5) 30.92 0.06 31.05 -0.17 30.80 0.03 31.24 -0.18 31.23 -0.20
(15.99) (0.67) (16.02) (0.68) (16.01) (0.68) (16.01) (0.74) (15.95) (0.74)
Self-efficacy (GSE) 15.50 -0.19 15.54 -0.25* 15.49 -0.23 15.61 -0.38** 15.63 -0.41%**
(3.25) (0.14) (3.23) (0.15) (3.24) (0.15) (3.24) (0.16) (3.23) (0.16)
Locus of control 11.79 -0.03 11.78 -0.04 11.76 -0.04 11.79 -0.11 11.80 -0.15
(2.70) (0.12) (2.70) (0.13) (2.72) (0.13) (2.72) (0.14) (2.72) (0.14)
Extroversion (Big5) 8.37 -0.15 8.37 -0.16 8.32 -0.11 8.36 -0.14 8.36 -0.16
(2.53) (0.11) (2.54) (0.11) (2.53) (0.12) (2.55) (0.12) (2.55) (0.13)
Agreeableness (Big5) 12.21 0.05 12.21 0.02 12.20 0.05 12.19 0.04 12.18 0.04
(1.96) (0.09) (1.95) (0.09) (1.96) (0.09) (1.97) (0.10) (1.97) (0.10)
Conscientiousness (Big5) 10.34 0.05 10.31 0.06 10.29 0.11 10.29 0.10 10.30 0.06
(2.80) (0.12) (2.79) (0.13) (2.82) (0.13) (2.78) (0.14) (2.78) (0.14)
Neuroticism (Big 5) 11.08 0.10 11.08 0.11 11.13 0.08 11.11 0.19* 11.12 0.18
(2.36) (0.10) (2.35) (0.10) (2.34) (0.10) (2.32) (0.11) (2.31) (0.11)
Openness to Experience (Big5) 10.83 -0.07 10.82 -0.07 10.80 -0.06 10.82 -0.06 10.82 -0.07
(2.20) (0.09) (2.20) (0.10) (2.23) (0.10) (2.27) (0.11) (2.27) (0.11)
Visited psych. 0.31 0.01 0.31 0.01 0.31 0.00 0.30 -0.00 0.30 0.00
(0.46) (0.02) (0.46) (0.02) (0.46) (0.02) (0.46) (0.02) (0.46) (0.02)
Observations 1,964 1,856 1,830 1,603 1,562
Joint F-test (p-value) 0.728 0.689 0.737 0.193 0.222

Note: The table reports baseline characteristics by treatment arm across subsamples defined by the corresponding survey completion. Odd columns report
the control group mean with standard deviations in parentheses. Even columns report the coefficient on the treatment indicator from a regression controlling
for stratification fixed effects, with robust standard errors in parentheses. The joint F-test p-value is from a regression of the treatment indicator on all balance
variables with stratification fixed effects and robust standard errors. *** p < 0.01, ** p < 0.05, * p < 0.1.



Table F.3: Predictors of Attrition in the Affect Data

1) )
Covariates Interaction
with treatment

Treatment 0.102
(0.157)
Below median income 0.048*** -0.057%*
(0.015) (0.023)
Works 0.003 0.001
(0.015) (0.023)
Number of children 0.006 0.013
(0.008) (0.013)
Single 0.001 0.011
(0.017) (0.027)
Some tertiary education -0.026* -0.029
(0.015) (0.025)
Well-being (WHO-5) -0.000 -0.001
(0.001) (0.001)
Stress (PSS-4) 0.001 -0.003
(0.004) (0.006)
Self-efficacy (GSE) -0.007** 0.013***
(0.003) (0.004)
Locus of control 0.005% -0.000
(0.003) (0.005)
Extroversion (Bigb) -0.003 -0.001
(0.003) (0.005)
Agreeableness (Big5) -0.004 0.005
(0.004) (0.006)
Conscientiousness (Big5) 0.004 -0.009*
(0.003) (0.005)
Neuroticism (Big 5) -0.004 -0.003
(0.004) (0.006)
Openness to Experience (Bigb) 0.007** -0.007
(0.004) (0.006)
Visited psych. -0.001 0.039
(0.016) (0.025)
Joint F-test, p-value 0.012 0.037
Joint F-test all, p-value 0.000

Note: Unconditional rates of attrition are 9 percentage points
higher in the treatment group (p < 0.10). The table reports OLS
estimates from the regression:

A = a+ BT +vX; +6(Ty x Xi) + ps + i

where A;; = 1 if participant ¢ did not respond in week ¢, and 0
otherwise. T; is an indicator for treatment assignment. X; are
baseline covariates. ji; are strata fixed effects. Column (1) reports
4 and Column (2) reports 8. Standard errors are clustered by
person. 50,908 observations and 1,958 clusters. *** p < 0.01, **
p < 0.05 *p<0.1.
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G Additional Impact Results

Figure G.1: Impacts on Indices for the Fixed Sample Across Survey Rounds
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Notes: We restrict the sample to participants with data at 1, 2, and 6 months, excluding those who do not respond to at
least one of the three follow-up surveys. Each point reports the estimated treatment effect on a standardized outcome index,
constructed following Anderson (2008). Higher values indicate better outcomes, and all variables are oriented so that positive
effects reflect improvements (i.e., outcomes are reverse-coded when necessary). The Mental Health Index combines the WHO-5
well-being score, PHQ-8, GAD-7, and PSS-4 (the latter three reversed). The Behavioral Index summarizes the days in the
past week during which participants reported engaging in positive daily activities (e.g., exercise, missed work, self-care,
went out, yelled to someone in anger, helped someone with homework). The Sleep Index aggregates hours of sleep, number
of interruptions (reversed), and sleep difficulties (reversed). The Less Social Media Index captures platform use (Facebook,
X/ Twitter, Instagram, TikTok) and frequent use (more than two hours per day, reversed). The Less Isolation Index is based on
the six-item De Jong Gierveld Loneliness Scale (reversed), combining the social and emotional subscales. The Agency Index
combines scores from the General Self-Efficacy (GSE) Scale and locus of control measures. The Cognitive Tasks index combines
performance in two incentivized tasks measuring cognitive function and effort. All regressions control for randomization
strata and LASSO-selected baseline covariates. Circles, triangles, and squares denote 1, 2, and 6-month estimates. Thick and
thin bars indicate 90% and 95% confidence intervals. Robust standard errors, clustered by individual in the pooled data.
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Figure G.2: Standardized Mental Health Impacts
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Notes: Each point reports the estimated treatment effect on a standardized mental health outcome. Outcomes are standardized
around the control group mean. Negative coefficients indicate improvement for depression, anxiety, and stress, as lower scores
on these scales reflect better mental health; positive coefficients indicate improvement for well-being. Depression (PHQ-8) is the
eight-item Patient Health Questionnaire. Anxiety (GAD-7) is the seven-item Generalized Anxiety Disorder scale. Stress (PSS-4)
is the four-item Perceived Stress Scale. The Well-Being (WHO-5) score is the five-item World Health Organization Well-Being
Index. Thick and thin bars indicate 9o% and 95% confidence intervals. All regressions control for randomization strata and
lasso-selected baseline covariates and adjust for robust standard errors.



Table G.1: Impacts on the Likelihood of Severe Depression and Anxiety

Severe Severe
Depression Anxiety
1) )
(-] [-]

Panel A. Pooled Effects
Treated -0.027**  -0.023**
(0.008) (0.010)

Mean control 0.10 0.16

Observations 5272 5274
Panel B. Effects at 1 month

Treated -0.032** -0.021

(0.013) (0.016)

Mean control 0.11 0.17
Observations 1849 1850

Panel C. Effects at 2 months
Treated -0.015 -0.020
(0.013) (0.016)

Mean control 0.10 0.16
Observations 1824 1825

Panel D. Effects at 6 months
Treated -0.030** -0.036**
(0.013) (0.016)

Mean control 0.09 0.14
Observations 1599 1599
1 mo=2 mos (p-val) 0.37 0.97
2 mos=6 mos (p-val) 0.41 0.58
1 mo=6 mos (p-val) 0.92 0.61
1 mo=2 mos=6 mos (p-val) 0.60 0.80

Notes: Each cell reports the estimated treatment effect on the like-
lihood of being severely depressed or anxious, where severe de-
pression is defined as PHQ-8 > 20 and severe anxiety as GAD-7
> 15. Regressions control for strata and lasso-selected baseline
covariates. Robust standard errors in parenthesis, clustered by
individual in the pooled data. * p < .10, ** p < .05, *** p < .01.



Table G.2: Local Average Treatment Effects on Index Outcomes

Mental Behavior Sleep Less Less Agency
Health Social Media Isolation
1) () 3) 4) ) (6)
[+] [+] [+] [+] [+] [+]
Panel A. Pooled Effects
Downloaded app 0.327***  0.256***  0.217*** 0.070** 0.229***  0.204***
(0.037) (0.036) (0.039) (0.029) (0.044) (0.034)
Mean control 0.00 0.00 0.00 0.00 0.00 0.00
First stage coef. .894xx* .894x** .894x** .894x** .894xx* .894x%*
First stage F 8162.6 8150.2 8164.1 8162.8 8164.1 8164.1
Observations 5274 5274 5274 5274 5274 5274
Panel B. Effects at 1 month
Downloaded app 0.351***  0.370***  0.260*** 0.099*** 0.262***  0.186***
(0.042) (0.047) (0.050) (0.035) (0.052) (0.041)
Mean control 0.00 0.00 0.00 0.00 0.00 0.00
First stage coef. .886%** .886%** .886*** .886%** .886*** .886***
First stage F 7282.1 7282.1 7282.6 7282.9 7282.6 7282.6
Observations 1850 1850 1850 1850 1850 1850
Panel C. Effects at 2 months
Downloaded app 0.356***  0.191*** 0.210*** 0.079** 0.229%**  0.268***
(0.046) (0.047) (0.051) (0.036) (0.052) (0.042)
Mean control 0.00 0.00 0.00 0.00 0.00 0.00
First stage coef. 893 893 893 .893*** 893%#* .893%#*
First stage F 7698.0 7683.1 7700.1 7707.1 7700.1 7700.1
Observations 1825 1825 1825 1825 1825 1825
Panel D. Effects at 6 months
Downloaded app 0.267***  0.204*** 0.179*** 0.027 0.194***  0.151***
(0.048) (0.051) (0.054) (0.040) (0.055) (0.044)
Mean control 0.00 0.00 0.00 0.00 0.00 0.00
First stage coef. .906%** .906%** .906%** .906%** .906*** .906***
First stage F 7782.0 7767.5 7781.4 7768.4 7781.4 7781.4
Observations 1599 1599 1599 1599 1599 1599
1 mo=2 mos (p-val) 0.75 0.00 0.49 0.67 0.39 0.05
2 mos=6 mos (p-val) 0.05 0.88 0.53 0.20 0.55 0.01
1 mo=6 mos (p-val) 0.12 0.00 0.20 0.11 0.20 0.58
1 mo=2 mos=6 mos (p-val) 0.14 0.00 0.44 0.27 0.43 0.03

Notes: Estimates of LATE on each outcome index, using random assignment as an instrument for app down-
load. [+] indicates that higher values represent better outcomes; [-] indicates that higher values represent
worse outcomes. Regressions control for strata and lasso-selected baseline covariates. Robust standard errors
in parenthesis, clustered by individual in the pooled data. * p < .10, ** p < .05, *** p < .01.



H Experimenter Demand Effects

A potential concern is that our results may be influenced by experimenter demand effects,
whereby participants adjust their survey responses based on what they believe researchers expect
or wish to observe. We assess this concern using several complementary approaches.

First, while some self-reported outcomes, such as measures of subjective well-being, could in
principle be susceptible to demand effects, other outcomes for which we find positive effects are
less easily manipulated in a consistent direction. For example, sleep duration is constructed from
reported bedtimes and wake-up times rather than direct questions, making it less transparent
how responses could be strategically altered to align with perceived researcher expectations.

Second, we exploit baseline variation in social desirability bias measured at enrollment using a
short version of the Marlowe-Crowne Social Desirability Scale (Crowne and Marlowe, 1960). We
construct an index of social desirability and classify participants as having high social desirability
if their score exceeds the sample median. Following ?, who propose using heterogeneity in
susceptibility to demand effects as a robustness check in studies with self-reported outcomes, we
estimate treatment effects separately above and below the median of this baseline distribution. If
experimenter demand were driving our results, we would expect larger treatment effects among
participants with higher baseline social desirability. Table H.1 shows no consistent differences in
treatment effects across groups. If anything, the interaction estimates suggest that participants
with higher social desirability traits tend to display somewhat smaller treatment effects, which
goes against the concern that our results are driven by over-reporting.

Third, we examine whether improvements in well-being could be driven by participants’
perceptions of feeling valued or of contributing meaningfully to the research. For instance,
treated women may have experienced increased well-being simply from participating in the study
and believing their contribution was particularly important. We test this mechanism directly by
examining self-reported perceptions of the value of one’s contribution to the research project,
measured on a 010 scale. We find no differential effect of treatment on this outcome, suggesting
that perceived recognition or validation is unlikely to account for our results (Table H.2).

Finally, we directly elicit participants” beliefs about the study’s purpose. In the final survey,
respondents were asked an open-ended question about what they believed the research aimed to

examine. While the majority believed the research study was aimed at understanding well-being,
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Table H.1: Impacts Heterogeneity by Social Desirability Traits

Mental Healthful  Sleep Less Less Agency Visit
Health  Behaviors Social Media  Isolation Psychologist
@ @) ®) ) ©) (6) @)
Panel A. Pooled
Treated 0.323***  0.252***  0.222*** 0.070*** 0.203***  0.208*** 0.052***
(0.029) (0.031) (0.033) (0.024) (0.033) (0.028) (0.012)
Treated x High SDB  -0.104* -0.094 -0.116* -0.035 -0.032 -0.080 0.001
(0.057) (0.059) (0.062) (0.043) (0.069) (0.052) (0.022)
Observations 5274 5274 5274 5274 5274 5274 5273
Panel B. Effects at 1 month
Treated 0.321***  0.363***  0.247*** 0.107*** 0.207***  0.169*** 0.018
(0.043) (0.049) (0.053) (0.037) (0.053) (0.043) (0.019)
Treated x High SDB  -0.057 -0.134 -0.100 -0.099 0.049 -0.026 0.048
(0.087) (0.096) (0.098) (0.068) (0.110) (0.083) (0.035)
Observations 1850 1850 1850 1850 1850 1850 1850
Panel C. Effects at 2 months
Treated 0.349***  0.173***  0.229*** 0.074* 0.190***  0.275*** 0.060***
(0.048) (0.051) (0.053) (0.038) (0.053) (0.045) (0.020)
Treated x High SDB  -0.123 -0.015 -0.163 -0.001 0.005 -0.109 -0.022
(0.095) (0.094) (0.106) (0.071) (0.113) (0.083) (0.037)
Observations 1825 1825 1825 1825 1825 1825 1824
Panel D. Effects at 6 months
Treated 0.265***  0.235"**  0.166"** 0.024 0.206***  0.170*** 0.082***
(0.051) (0.054) (0.059) (0.044) (0.058) (0.048) (0.022)
Treated x High SDB  -0.095 -0.178* -0.064 -0.007 -0.149 -0.093 -0.020
(0.097) (0.103) (0.106) (0.080) (0.116) (0.089) (0.040)
Observations 1599 1599 1599 1599 1599 1599 1599

Notes: This table reports treatment effects interacted with an indicator for high baseline social desirability

(above the median). Regressions include strata fixed effects and lasso-selected baseline covariates. Standard

error clustered at the participant level in Panel A. Robust standard errors in Panels B, C, and D. * p < .10, **

p <.05,**p< 0l
only 24% articulated specific hypotheses regarding treatment effects or mental health impacts. To
further bound the magnitude of experimenter demand effects, we conducted an additional exper-
iment at the end of the final survey, where a random subsample comprising 20% of respondents,
were cross-randomized by treatment status to be explicitly told the study’s main hypothesis (i.e.,
that researchers had hypothesized that the app improved well-being) prior to re-administering
selected outcome measures to the entire sample, following the spirit of De Quidt et al. (2018).
Outcomes re-elicited included psychological distress (PHQ-4), slightly reworded questions about
sleep interruptions (the number of times respondents woke up and remained awake for at least 5
minutes the previous night), and self-reported visits to a psychiatrist or psychologist in the past

4 weeks. We find little evidence that respondents adjusted their answers to align with stated

researcher expectations (Table H.3).



Table H.2: Perceived Value of Own Participation in the Project

Value of Own
Contribution
€]
Panel A. Effects at 2 months

Treated -0.026
(0.090)

Mean control 8.48

Observations 1823

Panel B. Effects at 6 months

Treated -0.027
(0.095)
Mean control 8.46
Observations 1596
Notes: This table reports

estimated  treatment effects
on respondents’ self-reported
perceptions of the value of
their  participation in the
research  project,  measured
on a 0-10 scale. Panel A presents
effects measured at the 2-month
follow-up, and Panel B presents
effects measured at the 6-month
follow-up (this information was
not collected at the 1-month
follow-up). Regressions include
strata fixed effects and a set
of lasso-selected baseline
covariates. Robust standard
errors in parentheses. * p < .10,
**p < .05, *** p < .01.

In particular, respondents randomized into the app who were informed of the hypothesis
do not report better mental health as measured by the PHQ-4; if anything, point estimates
suggest slightly worse reported mental health. For reference, our main treatment effect on the
PHQ-4 is —0.55 (p < 0.01), where higher PHQ-4 values indicate worse mental health. Similarly,
treated respondents exposed to hypothesis disclosure are not more likely to report fewer sleep
interruptions, and they are significantly more likely to report fewer visits to a psychologist or
psychiatrist relative to the control group. If anything, this would lead us to underestimate rather
than overestimate treatment effects on psychotherapy use.

To conclude, these results suggest that neither social desirability bias nor experimenter demand

effects are likely to explain our main findings.
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Table H.3: Experiment on Hypothesis Disclosure

Anx./Dep. Depression Anxiety Num. Woke Up  Num. visits

(PHQ-4) (PHQ-4) (PHQ-4) psych
1) (2) (3 4 ®)
Treated x Prompt 0.173 0.087 0.102 0.158 -0.464*
(0.341) (0.194) (0.185) (0.245) (0.251)
Prompt -0.277 -0.182 -0.121 0.167 0.332*
(0.235) (0.136) (0.130) (0.171) (0.202)
Mean control 4.71 2.51 2.19 1.92 0.65
Observations 1599 1599 1599 1585 1507

Notes: This table reports estimated effects from a hypothesis-disclosure experiment designed
to assess experimenter demand effects. A random subsample comprising 20% of respondents,
cross-randomized by treatment status, was informed of the study hypothesis at the end of the
final survey, after which selected outcome measures were re-administered. Outcomes include
psychological anxiety and depression (PHQ-4; higher values indicate worse mental health),
showing it both as a total score and by construct, re-elicited measures of sleep interruptions
(number of times respondents woke up and remained awake for at least 5 minutes the pre-
vious night), and self-reported visits to a psychiatrist or psychologist in the past four weeks.
Regressions include strata fixed effects and lasso-selected baseline covariates. Robust standard
errors. * p < .10, ** p < .05, ** p < .01.



I Expert Predictions

Table I.1: Predictions and Estimated Impacts

Non-experts Experts Confident Study
experts  impacts

Panel A. Continuous outcomes (medians)

App use (% used at least once/week in wks 1-3) 55.00 61.00 71.00 54.53
App use (% used in week 8) 30.00 33.00 37.00 36.32
ITT: Mental health index (SD), 3 weeks 0.12 0.13 0.18 0.30
ITT: Mental health index (SD), 8 weeks 0.11 0.12 0.12 0.31
ITT: Healthful habits index (SD), 3 weeks 0.10 0.12 0.13 0.33
ITT: Without at least moderate depression (pp), 3 wks 2.30 4.30 6.60 13.44
ITT: Slept >7 hours last night (pp), 3 weeks 2.40 3.20 6.90 5.60
Panel B. Correctly guessed sign of impact (%)

Psychotherapy use 24.75 40.00 40.00 0.03
Social media use 40.59 44.00 40.00 0.09
Social isolation 59.41 60.00 46.67 0.23
N (predictions) 101 25 15 -

Notes: The first three columns summarize expert predictions. For continuous outcomes, entries are medians from the survey of predictions for (i) non-experts, (ii) experts, and (iii) confident
experts. For outcomes elicited at “3 weeks,” the estimated impact reported is the study’s 1-month effect; for “8 weeks,” the estimated impact reported is the 2-month effect. The last column
reports ITT estimates from double-selection LASSO regressions, controlling for strata and baseline covariates. For Panel A, app use outcomes are the percentages of treated participants who
meet each use threshold. Depression and sleep entries are in percentage points, obtained by regressing binary indicators on treatment. Panel B reports the percentage of respondents whose
predicted direction matches the study’s estimated direction (increase for psychotherapy use; decrease for social media use and social isolation). In column 4, the psychotherapy use estimate
is the treatment coefficient on a binary indicator (proportion); the social media and social isolation estimates are in standard deviations, with higher values corresponding to less social media
use and lower social isolation.

We compare expert forecasts with the realized impacts to assess how well experts anticipate
the intervention’s effects. All forecasts understate the magnitude of the estimated impacts.
Experts (confident experts) predict increases in mental health of 0.13 (0.18) SD at 3 weeks and
0.12 (0.12) SD at 8 weeks, whereas the 1- and 2-month average effects are approximately 0.30
SD. Similarly, they predict a reduction in depression prevalence of 4.3 (6.6) pp, whereas the
estimated reduction is 13.4 pp. A similar pattern holds for healthful habits, with forecasts of a
0.12 (0.13) SD improvement at 3 weeks, compared to an estimated effect of 0.33 SD. Conversely,
expert predictions on the frequency of sleep improvements (3.2 and 6.9 pp) are closer to the
estimated changes (5.6 pp). Lastly, most people do not correctly predict the sign of observed
impacts on psychotherapy use and social media use, and only 60% (47%) of experts (confident

experts) correctly predict reductions in social isolation.
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J App Engagement and Effect Persistence

Impacts on App-recommended CBT Tool Use

Table J.1: Impacts on Using CBT Tools Recommended by App in the Previous Week

Kinder Set Breathing  Sleep Wrote about Tools

) ) . feelings
toself boundaries exercises routine and thoughts Index (std)
1) 2) 3) 4) 5) (6)
Panel A. Pooled Effects (2 and 6 months)
Treated 0.392***  (0.323*** 0.465***  0.413*** 0.567*** 0.346***
(0.073) (0.068) (0.081) (0.084) (0.064) (0.036)
Mean control 2.69 2.28 2.58 1.85 0.88 0.00
Observations 3424 3424 3424 3424 3424 3424
Panel B. Effects at 2 months
Treated 0.390*** 0.310*** 0.501***  0.423*** 0.841*** 0.424***
(0.095) (0.092) (0.109) (0.110) (0.088) (0.050)
Mean control 2.71 2.30 2.57 1.76 0.85 0.00
Observations 1825 1825 1825 1825 1825 1825
Panel C. Effects at 6 months
Treated 0.419*** 0.347*** 0.438***  (0.423*** 0.262%** 0.270***
(0.107) (0.097) (0.117) (0.124) (0.088) (0.048)
Mean control 2.67 2.25 2.59 1.96 091 0.00
Observations 1599 1599 1599 1599 1599 1599
2 mos=6 mos (p-val) 0.84 0.93 0.60 0.93 0.00 0.02

Notes: Each column reports estimates for the number of days (0-7) in the past week that the respondent used the
specified tool: being kinder to oneself, setting boundaries with others, practicing breathing exercises, following a sleep
routine, and writing about feelings and thoughts. Respondents who reported that they did not need a given tool are
coded as zero days of use. All regressions include lasso-selected covariates and strata fixed effects. Robust standard
errors in parentheses, and clustered by individual for the pooled effects. Statistical significance is denoted by *p < 0.10,
**p < 0.05,***p < 0.01.

Sleep and Behaviors Mediate Mental Health Impacts

We conduct a mediation analysis to quantify the extent to which improvements in sleep and
healthful behaviors account for the treatment effect on mental health. We construct a standard-
ized mediator index that combines relevant sleep and behavioral outcomes, following Anderson
(2008), and estimate the average Natural Indirect Effect (NIE), the Natural Direct Effect (NDE),

and the share NIE/ITT, where NIE + NDE = ITT. Identification relies on standard assump-
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tions of cross-world independence and common support (Imai et al., 2010a,b).1® Improvements
in sleep and healthful behaviors account for 48%, 34%, and 43% of the average ITT effect at one,

two, and six months.

Table J.2: Mediation of Treatment Effects on Mental Health by Sleep and Healthful Behaviors

Natural Indirect Natural Direct Total Effect Proportion

Effect Effect (TE) Mediated Observations
(NIE) (NDE) (NIE+NDE) (NIE/TE)

1 month 0.148™ 0.164™ 0.312™ 0.475™ 1850
(0.021) (0.034) (0.038) (0.067) ’

2 months 0.107™ 0.2117 0.318™ 0.338™ 1835
(0.023) (0.036) (0.041) (0.064) ’

6 months 0.103™ 0.139™ 0.242™" 0.425™ 1599
(0.025) (0.038) (0.043) (0.094) ’

Notes: This table reports estimates from a mediation analysis with a binary treatment. The outcome is a
standardized mental health index measured at 1, 2, and 6 months. The mediator is a standardized composite
index constructed in a single step following Anderson (2008), aggregating all individual sleep and healthful
behavior variables directly. All models condition on baseline covariates and strata as specified in the main
specifications. Both the outcome and mediator equations are estimated using linear regression. The outcome
equation includes a treatment-mediator interaction. The proportion mediated is defined as NIE/TE, where
TE = NIE + NDE. Identification relies on cross-world independence (sequential ignorability) and common
support assumptions conditional on covariates. Robust standard errors in parentheses.

"p < 0.10, "p < 0.05, "p < 0.01

Correlations between Mental Health Impacts and Sleep and Healthful Behavior Impacts

We estimate Conditional Average Treatment Effects (CATEs) for mental health and study how
they correlate with app use, sleep, and healthful behavior CATEs (Athey and Wager, 2019,
Chernozhukov et al.,, 2025). The estimates are stable when using different baseline covariates
and number of folds in the cross-fitting algorithm. Mental health CATEs range from o to 0.5 SD,
behavioral CATEs from o to 0.5 SD, and sleep CATEs from —0.05 to 0.4 SD. That mental health
effects remain predominantly positive even among non-active users is consistent with eventual
decoupling between use and benefits. Table ]J.3 shows that app use in the first month positively
correlates with mental health impacts, but this relationship is clinically insignificant: people who

used the app for 151 minutes in the first month (the 75% percentile of use) have a mental health

©The Natural Indirect Effect (NIE) captures the portion of the treatment effect on mental health that operates
through improvements in sleep and healthful behaviors, while the Natural Direct Effect (NDE) captures the remaining
effect operating through other channels. By construction, NIE 4+ NDE = ITT, and the ratio NI E/ITT measures the
share of the total effect explained by the mediators, under the identifying assumptions of the mediation framework.
We condition on baseline mental health, personality traits, geographic location, age, education, household income,
marital and employment status, parity, and absenteeism to support the cross-world independence assumption.
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CATE only o.01 SD bigger than people who used the app only for 20 minutes (the 25% percentile
of use). Conversely, people with bigger sleep and behavioral CATEs also have bigger mental
health impacts at 1, 2, and 6 months. For example, people with a 0.10 SD bigger sleep CATE also

have a 0.03 SD bigger mental health CATE at one month.

Table J.3: Linear Projections of Mental Health CATEs on App Use and Behavioral /Sleep CATEs

Mental Health Index CATESs

1 month 2 months 6 months
1) 2) 3) 4) ®) (6)
Minutes (100s, month 1) 0.009* 0.005 0.013 0.014 0.020** 0.008
(0.004) (0.003) (0.009) (0.010) (0.011) (0.007)
Minutes (100s, month 2) -0.011 -0.014 -0.006  0.001
(0.013) (0.013) (0.015) (0.010)
Minutes (100s, months 3-6) -0.054* -0.011
(0.030) (0.015)
Behavioral Index CATE 0.274*** -0.041 0.663***
(0.025) (0.055) (0.037)
Sleep Index CATE 0.339*** 0.120*** 0.695***
(0.020) (0.045) (0.030)
Observations 922 922 907 907 801 801

Notes. Each column reports a linear projection of estimated Conditional Average Treatment Effects
(CATEs) for the mental health index at the indicated horizon, where CATEs are estimated at the
individual level (IATEs) using causal forests. Odd columns regress mental health CATEs on weekly
app-use minutes only. Even columns add the corresponding CATEs for the behavioral and sleep indices.
Minutes are averaged per week within each period and rescaled to units of 100 minutes. The sample is
restricted to treated individuals. Robust standard errors in parentheses.

"p < 0.10, "p < 0.05, p < 0.01

K App Use and Mental Health Impacts

A priori, it is unclear how baseline psychological distress correlates with impacts. This is because
it is difficult to predict both who will use the app the most and who will experience the largest
mental health impacts conditional on use. For example, people with the most severe baseline
mental needs mechanically have the biggest scope for benefiting from the app. However, they
likely also face the highest behavioral barriers to use. At the causal level, the features of users
who benefit the most from a mental health care app are not well-established.

We estimate the relationship between baseline mental health and both mental health CATEs
and app use non-parametrically. Panels a-c of Figure K.1 show that people with the highest

baseline distress have the largest mental health impacts from app access, especially at 2 and 6
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months. A meta-analysis finds similar effects of in-person care (Bower et al., 2013). Panel d shows
that app use varies non-monotonically from 100 to 230 total minutes with respect to baseline
mental health: use is lowest for people in the top quartile of the mental health index, who have
the least need for mental health care, followed by people in the lowest quartile, who have the
most need for mental health care, and highest for two middle quartiles. However, the between-
quartile differences are not very large. These findings are loosely consistent with evidence that
worse mental health generally increases perceived need but can impede follow-through unless
engagement is facilitated (Westra et al., 2009).

Overall, these patterns suggest that the app is effective at engaging users with the highest
needs, who also experience the largest mental health improvements. These findings also reiterate
our conclusion that there is no strong dose-response relationship between product use and mental

health impacts: the people with the largest impacts are not the most active users.

74



Figure K.1: Mental Health CATEs and App Use by Baseline Mental Health

Mental Health CATE at month 1
i

25 2 15 -1 -5 0 5 1 15
Baseline mental health index

(a) Mental Health CATE at 1 Month

Mental Health CATE at month 6
N

25 2 1.5 -1 -5 0 5 1 15
Baseline mental health index

(c) Mental Health CATE at 6 Months

2

25

Mental Health CATE at month 2

App use (minutes, months 1-6)

200
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-25 -2 -1.5 -1 -5 0 5 1 1.5 2 25

Baseline mental health index

(b) Mental Health CATE at 2 Months

25 2 1.5 -1 -5 0 5 1 15 2 25
Baseline mental health index

(d) App Use (Total Minutes at 6 Months)

Notes: Subfigures a, b, and ¢ show the non-parametric relationship between Mental Health CATEs estimated
at 1, 2, and 6 months and baseline mental health (an index of PHQ-4, WHO-5, and PSS-4) in the treatment
group using kernel-weighted local regression of degree o and an Epanechnikov kernel. Subfigure d shows the
non-parametric relationship between app use (total minutes over 6 months) and baseline mental health (an index
of PHQ-4, WHO-5, and PSS-4) in the treatment group using kernel-weighted local regression of degree o, and
an Epanechnikov kernel. The vertical dashed red lines mark the inter-quartile range of this index. Higher Index

values mean better baseline mental health.
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L Cost-Effectiveness

Table L.1: Cost per SD at a Fixed Horizon and Cost per SD-month in Low- and Middle-Income
Countries (LMICs)

m @ 6 @ 6 (6) @)

Study / arm Cost  t*  Effect $/SD AUC $/ Source

(USD) (mo.) (SD) (mo.) 0.1SD-mo.
Al-powered Digital Apps in LMICs
Digital App, Mindsurf (Mexico) 6 6 024 26 0-6 0.37 This paper
Psychotherapy / psychosocial support in LMICs
HAP (India) 66 12 023 285 0-12 1.67 Patel et al. (2017)
HAP (India) 66 60 023 287 0-60 0.44 Bhat et al. (2022)

Thinking Healthy Program (Pakistan) 10 84 0.18 56  (0-84 0.03 Baranov et al. (2020)
Thinking Healthy Program (Pakistan) 8.88 0.13 68 0-6 0.81 Sikander et al. (2019)
Thinking Healthy Program (Pakistan) 6.56 3 0.30 22 0-3 1.46 Sikander et al. (2019)
PM+ psychotherapy, Kenya 1189 12 -0.01 — 012 — Haushofer et al. (2020)
Group IPT (Kenya) 36 3 0.74 49 0-3 3.24 Meffert et al. (2021)

Pharmacotherapy in LMICs
Pharmacotherapy + livelihoods (India) 232 26 024 967 0-26 4.19 Angelucci and Bennett (2024)
Pharmacotherapy only (India) 221 26 0.04 5525 0-26 10.13 Angelucci and Bennett (2024)

Notes. Column 1: cost of the intervention per treated participant in USD as reported in the study. Column 2: t* is time of endline measurement. Column 3: “Effect (SD) at t*” is the
standardized impact on a mental health-related outcome (typically depression) at ¢t*. For studies reporting treatment effects in SD units, we use the reported SD effect at the relevant
follow-up time point. For studies reporting effects in outcome units, we standardize by the baseline pooled SD of the outcome (or the paper’s stated standardization, when provided).
We code improvements as positive (reductions in symptom severity); when a paper reports the outcome so that higher values are worse, we flip the sign accordingly. Column 4: “$/SD
at t*” is Cost / Effect at t* when Effect > 0; otherwise it is not reported (—). Column 5: AUC window is the months for which we compute Area Under the Curve (AUC). Column

6: “$/0.1 SD-mo.” is the cost to improve mental health by 0.1 SD per month. It is computed as C'ost/ ({UT | A dt) over an AUC window [0,7°] in months. When multiple effect

)

estimates are available, we approximate fOT | A¢| dt using trapezoids between measurement points and set Ay = 0 (no pre-baseline effect). Unless otherwise stated, SD effects are
taken as reported in the cited paper. Bhat et al. (2022) Figure A.7 reports cumulative depression-months averted for HAP over five years (PHQ-9> 10) of 9 months. We convert depression
months to SD months using Bhat et al.’s long-run mapping between SD changes in PHQ-9 and changes in depression prevalence. AUC integrates over 0, 3, 12, and 60 months. For
Baranov et al. (2020), we use the treatment effects on the “depression severity” index at 6 months, 1 year, and 7 years reported in Table H. 26. AUC integrates over 0, 6, 12, and 84
months. For Angelucci and Bennett (2024) we AUC uses the paper’s own PHQ-9 xmonths construction: “during” (8 months) plus “after” (18 months) contributions. AUC integrates
over 0, 8, and 26 months.

For each study, we report two quantities. First, “cost per SD at a fixed horizon” equals the
intervention cost per participant divided by the standardized treatment effect on a depression-
related outcome at a specified follow-up horizon, t*. Second, “cost per SD-month” adjusts for
duration by dividing cost by the area under the treatment-effect curve, measured in SD-months.
We approximate this area using the reported treatment effects at available follow-up points and
linear interpolation between them. This second measure is useful because interventions may
differ not only in the size of their effects at a point in time, but also in how long those effects
persist. Both measures should be interpreted with caution, since the underlying studies differ in
price year, whether costs are incremental or total, and whether they include supervision, training,

or overhead.
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M Impacts from Extending App Access

Table M.1: Survey Completion Rates for App Extension Treatment

6 months All 3 surveys

(1) (2)
App Extension 0.016 0.020
(0.025) (0.026)
Mean control 0.81 0.79
Observations 982 982

Notes: The table reports estimates from regressions
of survey completion indicators on the app extension
treatment assignment, restricting the sample to indi-
viduals assigned to the App extension randomization.
Columns correspond to completion at 6 months and
completion of all three follow-up surveys. Robust stan-
dard errors in parenthesis. * p < .10, * p < .05, ***
p < .01
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Table M.2: Balance Table for Extension Experiment

Randomized Sample

Completed 6 mo. survey

Variable Control A Treated Control A Treated
1 2) 3 “4)
Age 37.96 0.18 38.04 0.04
(7.66) (0.31) (7.90) (0.35)
Below median income 0.43 0.02 041 0.03
(0.50) (0.03) (0.49) (0.04)
Works 0.48 0.01 0.48 0.02
(0.50) (0.03) (0.50) (0.04)
Number of children 1.03 -0.10 0.99 -0.06
(0.99) (0.06) (0.96) (0.07)
Single 0.28 0.02 0.29 0.00
(0.45) (0.03) (0.46) (0.03)
Some tertiary education 0.64 -0.01 0.64 -0.00
(0.48) (0.03) (0.48) (0.03)
Depression/Anxiety (PHQ-4) 6.57 0.15* 6.59 0.10
(2.62) (0.09) (2.62) (0.10)
Stress (PSS-4) 10.10 -0.16 10.16 -0.16
(2.56) (0.15) (2.52) (0.16)
Well-being (WHO-5) 30.58 0.64 30.70 0.73
(16.06) (0.97) (15.89) (1.06)
Self-efficacy (GSE) 15.31 -0.08 15.28 -0.17
(3.19) (0.20) (3.15) (0.23)
Locus of control 11.77 -0.07 11.74 -0.19
(2.75) (0.18) (2.79) (0.20)
Extroversion (Big5) 8.28 -0.13 8.24 -0.04
(2.57) (0.16) (2.61) (0.18)
Agreeableness (Bigb) 12.22 0.10 12.22 0.05
(1.89) (0.13) (1.91) (0.14)
Conscientiousness (Big5) 10.40 -0.00 10.33 0.18
(2.70) (0.17) (2.71) (0.19)
Neuroticism (Big 5) 11.29 -0.21 11.41 -0.23
(2.37) (0.14) (2.27) (0.15)
Openness to Experience (Bigb) 10.73 0.03 10.74 0.03
(2.07) (0.13) (2.04) (0.14)
Visited psych. 0.32 -0.01 0.31 -0.01
(0.47) (0.03) (0.46) (0.03)
Observations 983 801
Joint F-test (p-value) 0.519 0.691

Note: The table reports baseline characteristics by extension assignment for the treated
sample. “Full Sample” includes all individuals randomized in the second random-
ization. “Endline (6 months)” restricts to those who completed the 6-month endline
survey. Odd columns report the control group mean with standard deviations in
parentheses. Even columns report the coefficient on the extension indicator from a
regression with stratification fixed effects, and robust standard errors are reported in
parentheses. The joint F-test p-value is from a regression of the extension indicator on

all balance variables with stratification fixed effects and robust standard errors.

p < 0.01, " p < 0.05 *p <0.1.

78

kokk



N Psychotherapy Use

Digital Care and Psychotherapy: A Simple Model

This appendix presents a simple model of digital care and in-person psychotherapy to clarify why
access to digital care may leave psychotherapy unchanged, crowd it out, or crowd it in. People
choose Al-powered digital care, A > 0, and in-person psychotherapy, 7' > 0. Utility depends
on mental health and residual resources, U = u(H,R), where uy > 0, ug > 0, ugg < 0, and
urr < 0. Mental health is produced according to H = H(A/T), with H4 > 0 and Hy > 0.
Residual resources satisfy R = R — g4A — qrT, where R denotes total available resources and
qa,qr > 0 are the generalized unit costs of digital care and psychotherapy. We assume that digital
care has lower monetary and non-monetary costs than psychotherapy, i.e., g4 < qr.

Total resources, R, encompass income, financial means, time, attention, privacy, logistical
capacity, and the ability to seek and sustain treatment. As a result, a person may have low
effective resources not only because she is poor, but also because stigma, distress, or impaired
functioning make treatment harder to initiate or sustain. Substituting the resource constraint into

the utility, the individual solves

H(AT),R—qaA — qrT).
ﬂaﬁ(o“( (AT),R—qaA—qrT)

Interior and corner solutions. If the optimum is interior, so that A > 0 and 7" > 0, the first-order
conditions are

ugHy = urqa, ugHr = uRqr.

At a point with 7' = 0, psychotherapy is not used if uy Hr(A4,0) < urqr. Psychotherapy may
therefore not be chosen even if it has positive health returns, because its cost is too high relative to
available resources. Similarly, at a point with A = 0, digital care is not used if uy H4(0,T) < urqa.
The individual chooses neither input if ug H4(0,0) < ugga and uy Hr(0,0) < uggr.

Because g4 < qr, it is possible that digital care is used while psychotherapy is not. A sufficient
local condition is that ug H4(0,0) > ugga while ug Hr(A,0) < uggr for the relevant level of A. In

this case, digital care expands access to health care without inducing psychotherapy use.
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Counterfactual analysis: introducing technology A. Before digital care is available, the individual
chooses psychotherapy only:
max w(H(OT),R—qrT).

If the optimum is interior, it satisfies uy Hr(0,17) = ugqr; if instead uy Hr(0,0) < urgr, then the

individual remains at the corner 7" = 0. After digital care is introduced, the problem becomes

H(AT), R— qaA — qrT).
ﬂagou( (AT),R—qa qrT)

The introduction of A expands the set of feasible ways to improve mental health. Because ¢4 < qr,
some people may adopt digital care even if psychotherapy remains out of reach. Others may
adjust psychotherapy use upward or downward depending on whether digital care acts mainly
as a substitute, as a complement, or as a way to lower the effective cost of therapy by improving

mental health.

Counterfactual analysis: no impact on T. A first possibility is that psychotherapy does not change
in equilibrium. This occurs when uptake of digital care is concentrated among individuals who
would otherwise have remained untreated. Formally, a person may satisfy uy H7(0,0) < uggr
before the app is available, so that psychotherapy is not used, and also satisfy uy H4(0,0) > urga
after the app is introduced, so that digital care is adopted. In this case, T2ftr = Tbefore — ( while

A?fter > 0: psychotherapy use is unchanged, yet access to mental health support expands.

Counterfactual analysis: crowding out of T. A second possibility is crowd-out. Digital care may
crowd psychotherapy out if the two inputs are substitutes in mental health production, that is,
if Hyr < 0. In this case, app use lowers the marginal health return to psychotherapy. For an
interior choice of therapy, the relevant first-order condition is ugy Hr = urgr. A rise in A then
lowers the left-hand side through Hry; if the left-hand side is decreasing in T, restoring equality
requires a lower value of T'. Thus, substitution creates a force toward lower psychotherapy use at
the intensive margin. The same logic applies at the extensive margin: a person at 7' = 0 enters
therapy only if uyHr(A0) > urqr, and if Har < 0, higher app use makes this inequality less
likely to hold. A second crowd-out force may arise even when H,7 = 0. If the app improves
mental health directly, then the marginal utility of further health gains, u, may fall, reducing the

marginal value of psychotherapy and thereby lowering therapy use.
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Counterfactual analysis: crowding in of T. A third possibility is crowd-in through technological
complementarity or cost reduction. Consider technological complementarity first. If Har > 0,
app use increases the marginal health return to psychotherapy.'” For an interior choice of therapy,
the relevant first-order condition is uy Hr = ugrgr. A rise in A then increases the left-hand side
through Hrp. If the left-hand side is decreasing in 7', restoring equality requires a higher level of
psychotherapy. Thus, technological complementarity tends to raise 7" at the intensive margin.

The same logic applies at the extensive margin. A person at 7' = 0 enters therapy when
ugHr(A0) > urqr. If Har > 0, then higher app use raises Hr(A,0), making this inequality
more likely to hold. Thus, complementarity can crowd psychotherapy in both by increasing
therapy use among existing users and by inducing entry into therapy among non-users.

Next, crowd-in can occur through cost reduction. If worse mental health raises the effective
cost of psychotherapy, then app use may crowd therapy in by improving mental health and
thereby lowering those costs. A simple reduced-form way to represent this is to let the unit cost
of psychotherapy depend on mental health, so that g = ¢r(H) with ¢/-.(H) < 0. The problem
then becomes

H(AT),R— quA — H(AT))T).
max u(H(AT),R—qaA —qr(H(AT))T)

For an interior choice of psychotherapy, the first-order condition is
ugHr = up [qT(H) + q%(H)HTT] .

If app use improves mental health, then it lowers g (H ). This reduces the effective marginal cost
of psychotherapy and tends to raise the optimal level of therapy. Intuitively, participants in better
mental health may find it easier to schedule sessions, travel to them, concentrate during them,
tolerate the emotional demands of treatment, and sustain attendance over time.

At the extensive margin, a person who initially chose 7' = 0 may switch into therapy after app
access if

ugHr(A0) > urgr(H(A0)).

An improvement in mental health lowers ¢r(H (A,0)), making this inequality more likely to hold.
Thus, app-induced cost reduction can crowd psychotherapy in at both the intensive and extensive

margins.

7This argument isolates the role of technological complementarity, H 47 > 0. Because app use may also improve
mental health directly, it may reduce the marginal utility of further health gains, uf, partially offsetting the comple-
mentarity effect. Thus, Hr > 0 creates a force toward crowd-in, but does not mechanically imply a larger equilibrium
value of T in every case.
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Additional Empirical Results for Psychotherapy Use

Table N.1: Impacts on the Demand for Psychotherapy (Fixed Sample)

Visit Psychologist Num. Visits

1) )
Panel A. Effects at 1 month
Treated 0.032*
(0.017)
Mean control 0.15
Observations 1558
Panel B. Effects at 2 months
Treated 0.059*** 0.149***
(0.018) (0.055)
Mean control 0.15 0.36
Observations 1558 1558
Panel C. Effects at 6 month
Treated 0.080*** 0.306***
(0.018) (0.073)
Mean control 0.14 0.49
Observations 1558 1558
1 mo=2 mo (p-val) 0.28
2 mos=6 mos (p-val) 0.44 0.09
1 mo=6 mos (p-val) 0.08
1 mo=2 mos=6 mos (p-val) 0.18

Notes: We restrict the sample to participants for whom we have data at one,
two, and six months, excluding participants who do not respond to at least
one of the three follow-up surveys. The first outcome, Any Visit Psychologist, is
an indicator variable equal to 1 if the respondent reports at least one visit to a
psychologist or psychotherapist in the previous month. The second outcome,
Number of Visits, reports the unconditional psychotherapy visits in the previ-
ous month. Regressions control for strata, baseline dependent variable when
available, and lasso-selected baseline covariates. Robust standard errors. *
p < .10, ** p < .05, *** p < .01.
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Table N.2: Mediation of Treatment Effects on Mental Health by Psychotherapy Use

Natural Indirect Natural Direct Total Effect Proportion

Effect Effect (TE) Mediated Observations
(NIE) (NDE) (NIE+NDE) (NIE/TE)

1 month 0.005 0.306"" 0.311"" 0.017 1.850
(0.004) (0.037) (0.038) (0.012) ’

2 months 0.016" 0.301" 0.318™ 0.052™ 1804
(0.007) (0.041) (0.041) (0.022) ’

6 months 0.008 0.234™ 0.242™ 0.033 1599
(0.007) (0.043) (0.043) (0.029) ’

Notes: This table reports estimates from a causal mediation analysis with a binary treatment. The outcome
is a standardized mental health index measured at 1, 2, and 6 months. The mediator is a binary indicator
for whether the respondent attended at least one psychotherapy session in the previous month. All models
condition on baseline covariates and strata as specified in the main specifications. The outcome equation is
estimated using linear regression. The mediator equation is estimated using a linear probability model to ensure
comparability with the main specifications; results are robust to using a probit mediator model. The outcome
equation includes a treatment-mediator interaction. The proportion mediated is defined as NIE/TE, where
TE = NIE + NDE. Identification relies on cross-world independence (sequential ignorability) and common
support assumptions conditional on covariates. Robust standard errors in parentheses.

“p < 0.10, "p < 0.05, "p < 0.01



Figure N.1: Treatment Effects for Individuals Who Did Not Attend Psychotherapy
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Notes: This figure reports the differences in mental health outcomes between treatment and control groups, restricting the sample
to respondents who did not attend psychotherapy during the study period. Thick and thin bars indicate 9g0% and 95% confidence
intervals. Because psychotherapy attendance is a post-treatment outcome, this analysis conditions on an endogenous variable and
should not be interpreted causally. Standard errors clustered by individual.
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Table O.1: Deviations from the Pre-Analysis Plan

Pre-Specified Approach

Deviation

Rationale & Exhibits

If baseline imbalances, present weighted estimates; oth-

erwise use all available observations.

For weekly affect outcomes, the paper reports Lee

bounds due to differential weekly-response attrition.

We applied IPW and the results were largely unchanged.
Thus, we provide Lee bounds in the paper because they

are more conservative. See figure 5 and table F.3.

Not pre-specified.

We created a “Labor Market Index" at 2 and 6 months
using absenteeism, an employment indicator, and hours

worked.

This follow from finding that app access reduced ab-
senteeism (pre-specified), which led us to explore addi-
tional labor-market outcomes. Results are reported in

Table 3.

Measure “missed work” conditional on employment (“if

employed”).

“Missed work” is measured unconditionally (asked of

all respondents).

We cannot condition on employment because the like-
lihood of being employed is affected by treatment. Re-

sults are reported in table 2.

Not pre-specified.

At 2 and 6 months, we measured self-reported use of

behavioral tools taught by the app.

This supports the conjecture that app use leads to sus-
tained mental health benefits by teaching tools consis-

tent with CBT. Results are reported in table J.1.

Not pre-specified.

We perform mediation analyses to estimate which share
of the mental health ITT effects are mediated by (i)
healthful behavior and sleep, and (ii) psychotherapy.

This helps assess how app use leads to sustained mental
health impacts. Results are reported in tables J.2 and

N.2.

Use a IV-LATE specification in which we instrument the
indicator “used the app in the relevant time period for
at least 20 minutes per week” with the indicator for ran-

dom assignment to the treatment group.

Use a IV-LATE specification in which we instrument the
indicator “having downloaded the app in the relevant
time period” with the indicator for random assignment

to the treatment group.

The exclusion restriction in the pre-specified specifica-
tion is unlikely to hold, given that there appear to be
positive treatment effects on mental health even for low-
engagement users. We report the revised IV-LATE esti-

mates in table G.2.

Note: The table lists and explains all deviations from our analysis plan. The analysis plan and its addendum are available through

entry AEACTR-0015877 in the AEA RCT Registry.



Figure O.1: App Use in Minutes per Week
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Notes: The figure shows the average minutes per week of app use. Vertical dashed lines indicate weeks 4, 8, and 26 since enrollment.
Markers represent weekly values, and labels are displayed for weeks 1, 2, 4, 8, 12, and 26.

Figure O.2: Proportion of People Using the App at least 20 Minutes per Week
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Notes: The figure shows the weekly share of users with at least 20 minutes of app use. Percentages are calculated as the proportion
of enrolled users with total weekly app use of at least 20 minutes. Vertical dashed lines indicate weeks 4, 8, and 26 since enrollment.
Markers represent weekly values, and labels are displayed for weeks 1, 2, 4, 8, 12, and 26.
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Table O.2: Treatment Effects on Index Outcomes by Baseline Psychotherapy Use

Mental Healthful  Sleep Less Less Agency Visit
Health  Behaviors Social Media Isolation Psychologist
(1) (2) ©) 4) ©) (6) )
Panel A. Pooled
Treated 0.286™**  0.214***  0.181*** 0.022 0.210***  0.199*** 0.057***
(0.030) (0.034) (0.033) (0.033) (0.034) (0.028) (0.009)
Treated x Visited psych.  -0.009 0.099* 0.029 0.118* -0.036 -0.050 -0.016
(0.054) (0.060) (0.061) (0.062) (0.065) (0.050) (0.027)
Observations 5274 5274 5274 5274 5274 5274 5273
Panel B. At 1 month
Treated 0.313***  0.315***  0.206*** 0.055 0.261***  0.191*** 0.047***
(0.045) (0.053) (0.053) (0.052) (0.054) (0.044) (0.014)
Treated x Visited psych.  -0.045 0.057 0.041 0.088 -0.112 -0.096 -0.049
(0.083) (0.097) (0.098) (0.096) (0.104) (0.079) (0.043)
Observations 1850 1850 1850 1850 1850 1850 1850
Panel C. At 2 months
Treated 0.304***  0.144***  0.182*** 0.047 0.183***  0.237*** 0.057***
(0.050) (0.055) (0.056) (0.054) (0.056) (0.046) (0.015)
Treated x Visited psych.  0.023 0.141 0.001 0.124 0.038 0.020 -0.011
(0.088) (0.097) (0.099) (0.098) (0.103) (0.080) (0.044)
Observations 1825 1825 1825 1825 1825 1825 1824
Panel D. At 6 months
Treated 0.233***  0.171**  0.132** -0.048 0.176***  0.168*** 0.071***
(0.051) (0.061) (0.057) (0.058) (0.058) (0.048) (0.018)
Treated x Visited psych.  0.017 0.103 0.053 0.214** -0.040 -0.084 0.018
(0.096) (0.102) (0.109) (0.106) (0.114) (0.087) (0.047)
Observations 1599 1599 1599 1599 1599 1599 1599

Notes: Each panel reports impact heterogeneity for seven index outcomes (columns): Mental Health, Healthful
Behaviors, Sleep, Less Social Media, Less Isolation, Agency, and for Visit Psychologist last month. Rows report
the main effect of treatment (Treated) and the interaction between treatment and a dummy variable indicating
whether they had therapy in 2024 at baseline. All models include strata, lasso-selected baseline covariates, and the
heterogeneity variable. Standard errors clustered at the respondent level are in parentheses for the pooled analysis,
and robust standard errors for Panels B, C, and D. *p < 0.10, **p < 0.05, ***p < 0.01.



Table O.3: Treatment Effects on Index Outcomes by Baseline Mental Health

Mental Healthful  Sleep Less Less Agency Visit
Health  Behaviors Social Media Isolation Psychologist
@) 2 (©) 4) ©) (6) @)
Panel A. Pooled
Treated 0.288***  0.244***  0.189"** 0.059** 0.198***  0.183*** 0.052%**
(0.025) (0.028) (0.028) (0.028) (0.029) (0.023) (0.010)
Treated x Mental Health Index (Baseline)  -0.070***  -0.054* -0.013 0.082*** -0.033 -0.023 -0.022**
(0.027) (0.028) (0.028) (0.028) (0.030) (0.025) (0.010)
Observations 5274 5274 5274 5274 5274 5274 5273
Panel B. At 1 month
Treated 0.305***  0.331***  0.219"** 0.082* 0.226***  0.161*** 0.032**
(0.038) (0.045) (0.044) (0.044) (0.046) (0.037) (0.016)
Treated x Mental Health Index (Baseline)  -0.023 -0.043 -0.029 0.033 0.019 0.028 -0.019
(0.040) (0.046) (0.045) (0.045) (0.047) (0.038) (0.016)
Observations 1850 1850 1850 1850 1850 1850 1850
Panel C. At 2 months
Treated 0.312***  0.187***  0.183*** 0.086* 0.194***  0.243*** 0.054***
(0.041) (0.045) (0.046) (0.045) (0.047) (0.038) (0.017)
Treated x Mental Health Index (Baseline)  -0.074* -0.026 0.040 0.099** -0.052 -0.024 -0.028*
(0.044) (0.045) (0.045) (0.047) (0.049) (0.040) (0.016)
Observations 1825 1825 1825 1825 1825 1825 1824
Panel D. At 6 months
Treated 0.239***  0.202***  0.149*** 0.016 0.164***  0.143*** 0.076***
(0.043) (0.049) (0.049) (0.049) (0.050) (0.040) (0.018)
Treated x Mental Health Index (Baseline)  -0.112**  -0.085* -0.052 0.103** -0.057 -0.062 -0.014
(0.047) (0.051) (0.051) (0.050) (0.049) (0.042) (0.018)
Observations 1599 1599 1599 1599 1599 1599 1599

Notes: Each panel reports double-ML estimates for seven index outcomes (columns): Mental Health, Healthful Behaviors, Sleep,
Less Social Media, Less Isolation, Agency, and for Visit Psychologist last month. Rows report the main effect of treatment (Treated)
and the interaction between treatment and a dummy variable indicating the mental health index at baseline. All models include
strata, lasso-selected baseline covariates, and the heterogeneity variable. Standard errors clustered at the respondent level are in
parentheses for the pooled analysis, and robust standard errors for Panels B, C, and D. *p < 0.10, **p < 0.05, ***p < 0.01.
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