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 A B S T R A C T

This paper investigates the role of beliefs and stigma in shaping students’ use of professional mental health 
services at a large private university in Mexico, where supply-side barriers are minimal and services are readily 
accessible. In a survey experiment with 680 students, we find that nearly 50% of students in distress do 
not receive professional mental health support despite a high level of awareness and perceived effectiveness, 
constituting a substantial treatment gap. We document stigmatized beliefs and misconceptions correlated with 
the treatment gap. As three-quarters of students incorrectly believe that those in distress perform worse 
academically and that the majority of students going to therapy are in severe distress, we implement an 
information intervention to correct these beliefs. We find that it increases students’ sharing of on-campus 
mental health resources with peers and encourages them to recommend these resources when advising a friend 
in distress. Interestingly, we find that it lowers respondents’ willingness to pay for private therapy at the end 
of the intervention. Yet, this effect does not translate into a long-run reduction in self-reported therapy use 6 
months after the experiment, with prior therapy users showing increased off-campus take-up.
1. Introduction

Student mental health and wellbeing are issues of growing concern, 
with suicide being the 3rd leading cause of death among 15–29 years-
old’s and rates of depression and anxiety continuously rising (WHO, 
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2021). At the same time, among over 100,000 adults surveyed across 30 
countries in the World Mental Health Surveys, more than 80% of those 
struggling with depression, anxiety, or substance use disorders report 
not receiving any professional support, contributing to the ‘‘treatment 
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gap’’ (Patel et al., 2018). That is despite widely recognized treatments 
to reduce depression and anxiety such as cognitive behavioral therapy 
(CBT) (Cuijpers et al., 2013, 2016). This treatment gap exceeds 90% in 
most developing countries, with a staggering 95% of people in distress 
lacking professional help in countries like Mexico (Wang et al., 2007). 
Importantly, such a wide gap is present even in settings where treat-
ments are available (mitigating supply-side constraints). In those cases, 
the low take-up of such interventions is attributed to cognitive and 
behavioral biases, as well as low perceived effectiveness or need (Ridley 
et al., 2020; Patel et al., 2018; Andrade et al., 2014; Thapar et al., 
2022).

Mental distress has serious consequences for educational attainment 
and long-term economic outcomes (Ridley et al., 2020). Depression 
and anxiety — the two most prevalent mood disorders1 — can disrupt 
students’ educational trajectories and constrain future employment and 
socio-economic mobility (Cornaglia et al., 2015; Fletcher, 2008). Facing 
the pressure to perform academically while becoming independent 
adults, college students stand to benefit substantially from getting 
timely professional support, which may help prevent mild symptoms 
from escalating into severe depression or anxiety during college. Yet 
even where university counseling is readily available, most distressed 
students do not seek professional help (Acampora et al., 2023).2 This 
pattern raises the possibility that demand-side factors — especially 
beliefs and attitudes toward therapy — contribute to the remaining 
treatment gap.

We conducted a survey experiment with a representative sample of 
680 students from a large private university in Mexico. We document 
the size of the treatment gap, examine students’ beliefs about mental 
health and therapy use, and correct potential misconceptions through 
an information intervention. Six months after the initial survey, we 
invited the participants to complete a short follow-up survey. The 
survey targets questions on self-reported use and recommendations 
of therapy to peers separately for on- and off-campus, along with 
their willingness to share personal mental health concerns with peers, 
enabling us to compare the short-run treatment effects immediately 
after the intervention with the long-run 6-month effects on self-reported 
behaviors. To our knowledge, this is the first study in a developing 
country to leverage a broadly representative university-level sample 
of the student population to document the prevalence of psychological 
distress, examine the factors influencing support-seeking behavior, and 
assess the role of inaccurate beliefs in contributing to the treatment 
gap.3 Our study is set in a private university with free on-campus coun-
seling to students. Because supply constraints in accessing counseling 
are minimal for students, the observed ‘‘treatment gap’’ is likely related 
to demand-side frictions, such as stigma or incorrect beliefs. At other 
universities, especially public institutions, free psychological counsel-
ing is often scarce and the students might face financial constraints and 

1 In this paper, we focus specifically on depression and anxiety, for which 
CBT and other talk therapy treatments have been demonstrated to be effective 
and often are provided by the university. We will not address more severe 
mental illnesses, such as schizophrenia or bipolar disorder, which typically 
necessitate psychiatric interventions combined with medications.

2 Studies of non-representative or not college-specific student samples limit 
the analysis of the demand factors without data on the supply. Acampora et al. 
(2023) conducted the only comparable study focusing on a single institution 
measuring demand for university-specific and outside mental health services, 
which was conducted in a large university in the Netherlands.

3 Most existing studies on university students’ mental health and treatment 
use come from developed countries. For instance, an empirical study in the 
Netherlands examines an intervention targeting student mental health and 
therapy use (Acampora et al., 2023), while survey-based studies have doc-
umented related measures in Norway (Sæther et al., 2021) and among college 
students in the World Mental Health Surveys across 21 countries (Auerbach 
et al., 2016). A systematic review by Mortier et al. (2018) provides further 
references to studies using college-student data.
2 
similar demand-side hurdles in addition to a tighter supply. Hence our 
estimate of a roughly 50% gap could be viewed as a lower bound for 
the broader Mexican university student population. These conditions 
make our setting suitable for testing whether an intervention to correct 
student beliefs related to seeking mental health support is effective in 
reducing barriers to care.

We find that there is a significant mental health treatment gap 
among university students in our study, despite the availability of free 
on-campus counseling services. In our sample, nearly 1 in 4 students 
exhibit moderate to severe symptoms of depression or anxiety. Nearly 
half of them do not receive professional mental health support: we 
estimate a treatment gap of nearly 50% of students in distress not 
having used any professional mental health support services in the last 
12 months. Notably, this gap is present even though over 90% of stu-
dents in distress agree that therapy can improve their mental wellbeing 
substantially, and 80% of them believe the university provides a good 
support system for mental or emotional health. The treatment gap is 
significantly larger among male students, as well as among those who 
are not open to sharing their mental health struggles with classmates. 
This suggests that discomfort with vulnerability or concerns about so-
cial judgment may be contributing factors. Interestingly, while financial 
stress is highly positively correlated with mental distress, there is no 
significant association between financial stress and treatment gap.4

Further analysis indicates that this gap is associated with stig-
matized beliefs and prevalent negative stereotypes related to mental 
distress and help-seeking. We identify a particularly pervasive mis-
conception as 3 out of 4 respondents believe that students in mental 
distress academically perform worse or much worse compared to stu-
dents not in distress — despite no observed correlation between GPA 
and mental distress score across students in our sample. This highlights 
a prevalent stereotype of associating mental health struggles with low 
academic achievement, which may discourage students from sharing 
their mental health struggles or revealing going to therapy, as these 
could be construed as signals of lower performance. Among students 
in distress who do not seek help, 81% guess a negative correlation 
in an incentivized question, relative to 74% among the rest of the 
students. Many students underestimate how many of their peers seek 
professional mental health help and are open to discussing mental 
health struggles while overestimating the prevalence of self-stigma, 
resulting in a more pessimistic view of public perceptions of stigma 
and their peers’ attitudes toward mental distress.5 Our results broadly 
echo the findings from recent online and field experimental studies that 
identify misconceptions around willingness to discuss mental health 
issues and the prevalence of mental-health-related beliefs among others 
as potential evidence of stigma (Roth et al., 2024a; Ridley, 2025; Jain 
and Khandelwal, 2024; Acampora et al., 2023). 

Having documented that the treatment gap is correlated with inac-
curate beliefs and perceived stigma, we design an information inter-
vention to correct misperceptions about mental health in three ways: 
(1) conveying that psychotherapy has long-term (4–5 years) benefits 
in reducing instances of depression, (2) normalizing therapy by noting 
that most students at their university who seek it do not have severe 
symptoms, reinforcing that therapy is not just for those in crisis, and 
(3) countering the misconception about the link between distress and 

4 Surprisingly, we even observe that students with a stressful financial 
situation are marginally more likely to seek help when in distress, in particular 
by being much more likely to seek professional help on campus compared to 
students not reporting struggling with finances, although these differences are 
not statistically significant.

5 Public/social stigma refers to societal disapproval of individuals perceived 
as deviating from norms. Self-stigma, in contrast, occurs when individuals 
internalize these negative societal views, leading to feelings of shame or 
diminished self-worth. Experiencing mental distress can be associated with 
both forms of stigma.



A. Batmanov et al. Journal of Development Economics 180 (2026) 103646 
academic performance by informing students that GPA and mental dis-
tress are uncorrelated.6 While 97% of subjects had a correct prior on the 
long-term effectiveness of psychotherapy (prior 1), we find that nearly 
half held incorrect priors about the proportion of students in therapy 
with mild or no symptoms (prior 2), and 75% incorrectly believed 
there was a negative correlation between GPA and mental distress 
(prior 3). To evaluate the impact of this intervention, we randomly 
assigned participants to either a Treatment group (T), which received 
the bundled information intervention, or a Control group (C), in which 
the participants answered questions about general campus services to 
ensure comparable survey engagement and completion duration.

The information intervention yields three main insights. First, par-
ticipants in the treatment group were more likely to engage in sharing 
the link to the campus psychological counseling services, with a click-
through rate nearly twice that of the control group, suggesting broader 
and more sustained dissemination of on-campus counseling informa-
tion. When asked to provide incentivized hypothetical advice to a friend 
in distress, treated participants were 3.6 percentage points more likely 
to mention on-campus counseling services, which corresponds to a 
large relative effect size of 70% of the control mean. Lastly, counter 
to our expectations, participants in the treatment group reported a 
lower willingness to pay for a one-month online therapy subscription. 
However, this lower willingness to pay did not translate into reduced 
therapy take-up in the long run. If anything, treated participants were 
slightly more likely to seek therapy off campus and no more likely to 
do so on campus, relative to control participants. We also document no-
table heterogeneity in the long-run effects. Those who reported having 
used therapy at baseline were more likely to both use and recommend 
off-campus therapy, while those who had not used therapy showed 
a weaker, opposite pattern, with slightly lower therapy take-up and 
a greater tendency to recommend on-campus rather than off-campus 
services.

Finally, we find that treated participants, particularly those with 
lower academic performance, became less willing to discuss their own 
mental health issues. We attribute it to the fact that our third infor-
mation component might have drawn attention to the existence of the 
misperception that psychological distress and academic performance 
are negatively linked across students, as we stated that it is a common 
misperception. Thus, the intervention may have inadvertently signaled 
that peers continue to hold stigmatized views, increasing the perceived 
social cost of disclosure for some students. This explanation is consis-
tent with elevating the salience of how student peers perceive others 
with mental distress symptoms, and consequently driving students who 
were seeking health off campus — as we see a suggestive increase in the 
take-up of off-campus therapy in the long-run follow-up. This result also 
points to a methodological insight for belief-correction interventions 
that target misperceptions related to social norms: while correcting 
these misperceptions, the interventions might want to refrain from 
emphasizing the fact that these incorrect beliefs exist or are prevalent.

Our findings suggest that fact-based first-order belief corrections, 
such as those related to participants’ knowledge about therapy ef-
fectiveness or therapy-goers, are more effective at spurring low-cost, 
low-stakes behaviors than high-cost personal actions. Providing fac-
tual information significantly improved behaviors like sharing mental 
health information or recommending services to others, the actions en-
tailing minimal financial or social risk. However, similar interventions 
had weaker effects on more costly behaviors such as openly disclosing 

6 The survey design randomized participants into three groups: Information 
+ Reflection (T1), Information Only (T2), and Control (C). Both T1 and T2 
received the same set of three infographic messages: (1), (2), (3). T1 addition-
ally included a brief reflection prompt and a vignette depicting a peer seeking 
therapy, intended to evoke empathy and reduce stigma. Given that our sample 
of 680 valid responses is underpowered to detect differences between T1 and 
T2, we pool them and refer to both as the Treatment group throughout the 
main paper.
3 
one’s own mental health issues or initiating therapy, where entrenched 
barriers remain (Smith, 2025). Likewise, in a refugee setting, reducing 
stigma concerns increased peer-to-peer communication about mental 
health, yet did not translate into greater therapy uptake (Smith, 2025). 
Across students in a Dutch university, a fact-correction intervention 
similarly does not deliver an increase in therapy use, while suggesting 
an increase in the demand for information and willingness to pay for 
a coaching service among a subset of respondents (Acampora et al., 
2023). In a lab setting, factual first-order belief correction on therapy 
effectiveness did deliver a higher WTP for private therapy within the 
experimental setting, yet we do not observe actual therapy take-up in 
that study in the long run (Roth et al., 2024b).

A small set of field studies shows that larger, more persistent be-
havior changes come from correcting what people think others believe 
(second-order beliefs). In Indian slums, telling residents that most 
neighbors were willing to discuss money and mental-health issues 
raised sign-ups for neighborhood savings circles and listening-volunteer 
programs by 15–20 percentage points (pp) and increased their contri-
butions to the groups by 29% (Jain and Khandelwal, 2024). Likewise, 
in Saudi Arabia, informing men that peers privately favored women’s 
work made husbands 11 p.p. more likely to help wives job-hunt and 
increased wives’ applications or employment by 4–5 p.p. after one 
year (Bursztyn et al., 2020). Yet, even successfully correcting mis-
perceptions around social norms might not translate into longer-run 
behavioral changes: In a field intervention in schools in Rio de Janeiro, 
a classroom discussion halved the misperception with students over-
estimating others’ support for aggressive ‘‘macho’’ norms (‘‘toxic mas-
culinity’’) immediately after the intervention and in a follow-up, but 
did not have a significant effect on self-reported incidents of violence 
or expressing vulnerable emotions (Matavelli, 2025). Hence, designing 
mental-health interventions that embed both elements (credible facts 
and clear signals of peer acceptance and support) may facilitate shifting 
away more stigmatized beliefs into sustained, high-stakes help-seeking 
and personal disclosure. And overall, updating behaviors may involve 
longer-term interventions and/or follow-up reinforcements to sustain 
behavioral changes in the long run as has been observed with longer 
field interventions (Dhar et al., 2022). 

Our paper contributes to the literature on mental health economics, 
behavioral frictions in help-seeking behavior, and the role of informa-
tion interventions in addressing misperceptions and treatment gaps, 
particularly in developing countries. We provide new evidence on 
demand-side constraints in a setting where professional mental health 
services are available on campus, allowing us to isolate attitudinal and 
informational barriers from structural supply-side constraints. While 
previous work has examined the role of affordability and availabil-
ity (Patel et al., 2017; Barker et al., 2022; Haushofer et al., 2021; 
Bhat et al., 2022), we contribute by documenting how belief distor-
tions and stigma inhibit take-up despite widespread recognition of 
therapy’s benefits. This extends the literature on behavioral constraints 
affecting mental health decisions (Schilbach et al., 2016; Shreekumar 
and Vautrey, 2023) and connects to broader discussions on the impli-
cation of mental health and wellbeing economic decision-making in 
developing countries (Schilbach et al., 2016; Rao et al., 2021). 

Second, we contribute to the literature on mental health stigma 
and misconceptions by documenting belief distortions among students 
regarding therapy use and academic performance. We find that stu-
dents systematically overestimate the negative relationship between 
mental distress and GPA — a belief that may contribute to stigma and 
discourage help-seeking behavior, complementing an earlier result on 
productivity and mental distress in a stylized online setting (Ridley, 
2025) with a relevant productivity measure in an academic setting. We 
further complement existing online experiments with US adults (Roth 
et al., 2024a,b) with a more real-life setting and an interpersonally con-
nected student sample from a single university in a developing country, 
with additional insights capturing behaviors around promoting help-
seeking among students via link sharing and giving advice to a friend. 
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Extending on the several field experiments related to mental health, 
stigma and treatment take-up in Jordan, India and Nepal (Jain and 
Khandelwal, 2024; Lacey et al., 2024; Smith, 2025), we leverage the 
setting where supply is reasonably available to zoom in on demand-side 
factors and beliefs. While prior work has explored information provi-
sion as a tool for reducing stigma and increasing take-up (Osman et al., 
2022; Acampora et al., 2023; Jain and Khandelwal, 2024), our study 
provides suggestive evidence that correcting misperceptions around 
facts related to therapy effectiveness and use may successfully increase 
overall information sharing and recommendations to peers, but without 
substantial increase in personal therapy seeking and disclosing one’s 
own problems.

Third, our study connects to a broader literature showing that tar-
geting second-order misperceptions related to social norms can propel 
costlier behaviors across diverse settings. In a field experiment with 
married men in Saudi Arabia, Bursztyn et al. (2020) document that 
Saudi men severely underestimated other men’s approval of female 
employment; correcting this gap raised husbands’ job-search assistance 
and translated into measurable gains in wives’ formal employment one 
year later. In a field intervention in schools in Rio de Janeiro, Matavelli 
(2025) shows that many students greatly overstate classmates’ support 
for aggressive ‘‘macho’’ norms and a single classroom discussion halved 
the misperception, all be it with limited effects on self-reported inci-
dents of violence and expressing vulnerable emotions. By documenting 
a similar hierarchy in mental-health help-seeking, we observe low-
cost behaviors respond to first-order facts more, whereas high-cost 
actions may require shifts in perceived social norms. By implementing 
a facts-based correction in a university setting, we provide the first 
evidence from a developing-country campus on the potential of factual 
misperceptions for moving peer-support behavior, with some, even if 
limited, effects on personal help-seeking.

The rest of the paper proceeds as follows. Section 2 describes the 
background and setting, Section 3 introduces our conceptual frame-
work and theory of change, Section 4 provides the details on the 
implementation of the survey and the experimental variations, Sec-
tion 5 documents the prevalence of mental distress, professional help 
utilization, and identifies the treatment gap and misconceptions re-
lated to mental health and treatment seeking, Section 6 discusses the 
treatment effects of our information intervention, and finally, Section 7 
concludes with a discussion.

2. Background

2.1. Mental health in Mexico: Context and setting

Mental health is an issue of rising importance and concern, with 
around 280 million people around the world diagnosed with some 
form of depression (World Health Organization, 2021), accounting for 
about 5% of all adults suffering from this disorder. Based on several 
recent surveys (Healthy Minds Survey, 2022), university students are 
experiencing even higher rates of depression and anxiety, drawing 
further attention to this population in research and supporting an 
unmet need for support (Abrams, 2022). In Mexico specifically, mental 
health issues have gained increasing attention as a recent report by 
the OECD (OECD Report, 2022) places Mexico among the top-3 OECD 
countries with the highest prevalence of depression post-pandemic, 
indicating a concerning rise in the prevalence of mental health con-
ditions in recent years (See Figure B1). While there are no systematic 
representative surveys of college students, one of the largest student 
surveys on mental health and wellbeing by coverage in the US identifies 
44% and 37% of students struggling with depression and anxiety, 
respectively (Eisenberg et al., 2022). Furthermore, while over 80% of 
students report needing help, only 37% receive counseling, indicating 
a large potential treatment gap (Eisenberg et al., 2022).

In Mexico, data on mental health and wellbeing among young 
people and students in particular is limited. A mental health survey 
4 
conducted in 2005 of a large representative sample of adolescents (over 
3,000 children, aged 12–17 years old) living in Mexico City reveals the 
prevalence of any anxiety disorder in the past 12 months at almost 
30% and any mood disorder (including depression) at 7.2% (Benjet 
et al., 2009). Nationwide, there is only one nationally and regionally 
representative source of mental health indicators to the best of our 
knowledge, the Mexican Health and Nutrition Survey (ENSANUT).7 
Based on the ENSANUT survey results in 2023, about 12% of the 
country’s population and 10% of those aged 17–28 scored above the 
half-score cutoff of 10, consistent with experiencing such symptoms 
most or almost all of the days (Figure B2) (Bose et al., 2024).8

As university enrollments rise, growing attention is drawn to mental 
health issues among students, a demographic going through critical 
life transitions and often being in a vulnerable emotional state. In 
particular, there has been a growing concern over suicides in major 
schools, including important ones in Mexico (Salud Mental, 2022; 
Velazquez Hernandez, 2017). As the number of university enrollments 
in Mexico surged by almost 50% from 2008 to 2022, reaching over 
4 million students (Ministry of Education, 2023), an expanded demo-
graphic may be at risk, confounded by low availability of mental health 
services that are both affordable and effective. The mental health crisis 
is then further exacerbated by existing stigma and prejudice against 
recognizing mental distress and seeking treatment (Lagunes-Cordoba 
et al., 2021; Mascayano et al., 2016; Brewer et al., 2023).

For this project, we partnered with a large private university in 
Mexico with approximately 20,000 students.9 Compared to most public 
universities in Mexico, this institution has substantially more resources 
and infrastructure to support student well-being, including widely ac-
cessible on-campus mental health services. This setting allows us to 
isolate the demand-side determinants of therapy use in a context where 
supply-side barriers are minimal. Notably, 85% of respondents agree 
that there is a good support system on campus for students who need 
professional help for their mental or emotional health, suggesting that 
concerns about service quality are unlikely to be a primary driver 
of underutilization. As a result, estimates of the treatment gap and 
associated belief distortions in this environment likely represent a 
conservative lower bound relative to those at public institutions, where 
students often face greater financial constraints, limited access to care, 
and higher levels of stigma.

2.2. Sample description and treatment gap evidence

We begin by describing the key demographic and academic char-
acteristics of our student sample, summarized in Table  1. The sample 
consists of 680 students enrolled at one private university in Mexico.10 
The average respondent is 20 years old, and the gender distribution is 

7 We thank Antonia Vazquez for a reference to this dataset.
8 The survey includes a depression screening questionnaire CES-D-7 (Center 

for Epidemiological Studies Depression Scale), consisting of seven questions 
evaluating if participants had experienced symptoms of depression in the 
week before the survey, such as ‘‘During last week, did you feel sad/de-
pressed?’’ (Bose et al., 2024). While these measures are not the same as the 
standardized instruments more commonly used in Economics studies, such 
as the PHQ-8 and GAD-7 (Kroenke et al., 2001), this survey provides an 
alternative continuous score measure of depressive symptoms, providing the 
closest comparison to the prevalence of psychological distress in Mexico. While 
ENSANUT is representative at the national and regional levels (regions are de-
fined as a partition of the set of Mexican Federal States), it is not representative 
for population subgroups, particularly our population of interest: university 
students, but it is the closest estimate in the absence of other student-specific 
surveys and highlights our project contribution.

9 In 2021, the university enrolled over 16% of all university students 
in the state where it is located, a figure consistent with prior years 
(INEGIStatistics2000–2023).
10 Detailed sample recruitment procedures are described in Section 4.

https://www.inegi.org.mx/app/tabulados/interactivos/?pxq=ac13059d-e874-4962-93bb-74f2c58a3cb9
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Table 1
Student characteristics (N=680).
 Panel A:   
 Mean SD  
 Female (%) 51 50  
 Age (Years) 20.2 1.9  
 Heterosexual (%) 74.9 43.4  
 Pursuing Bachelor’s (%) 91.2 28.4  
 Full scholarship (%) 7.9 27.1  
 Partial scholarship (%) 69.1 46.2  
 Both parents w/ college degree (%) 71.3 45.3  
 Panel B:   
 Fields of study Sample University 
 STEM (%) 46 42  
 Business (%) 18 25  
 Medicine & Health (%) 20 10  
 Law, Econ, Government (%) 11 8  
 Creative Studies (%) 3 8  
 Architecture & Environment (%) 2 7  
Notes: The table on the left reports sample means and standard deviations of student 
participants’ characteristics. The table on the right presents the distribution of the 
survey sample and the university population across fields of study.

approximately balanced, with 51% of participants being female. Nearly 
all respondents are undergraduate students, and 69% report receiving 
some form of scholarship support. The sample also reflects a relatively 
advantaged socioeconomic background: over 70% of participants report 
that both parents hold at least a Bachelor’s degree. Roughly 75% of the 
sample are heterosexual.

The sample is broadly representative of the university’s overall 
student population in terms of academic fields of study. For exam-
ple, STEM majors make up 46% of our sample compared to 42% in 
the broader university population. Other fields, such as business and 
creative studies, are somewhat underrepresented, while medicine and 
health fields are overrepresented.

We next assess the prevalence of mental health challenges in our 
student sample using eight diagnostic questions from shortened ver-
sions of two validated screening tools: the Patient Health Questionnaire 
(PHQ-4) and the Generalized Anxiety Disorder scale (GAD-4). The PHQ 
captures symptoms of major depressive disorder, while the GAD captures 
symptoms of generalized anxiety disorder ; both sets of questions ask 
students how frequently they experienced specific symptoms during the 
past two weeks (Kroenke et al., 2001; Spitzer et al., 2006). Each item 
is rated on a 0–3 scale and combined into a composite distress index 
ranging from 0 to 24. We classify students with a score of 12 or above 
as being in moderate to severe distress.11 These measures are widely 
used in mental health screening and have been increasingly applied in 
economics research to study, for example, psychological distress among 
graduate students in the U.S. and to analyze the relationship between 
poverty and depression in low-income settings (Bolotnyy et al., 2022; 
Ridley et al., 2020).

For our sample of 680 students, Fig.  1 depicts the distribution 
of mental distress index values with higher values indicating poorer 
mental health. The mean distress index is around 8.4 out of 24 possible 
points, which is slightly above the median value of 8. In our sample, 
155 students are at or above the 12 point cutoff for distress, constituting 
22.8% of all students with a 95% confidence interval of [19.6%, 26%].12 

11 The PHQ items ask how often in the past two weeks students have been 
bothered by: (1) little interest or pleasure in doing things, (2) feeling down, 
depressed, or hopeless, (3) feeling tired or having little energy, and (4) feeling 
bad about themselves or feeling like a failure. The GAD items ask about: (1) 
worrying too much about different things, (2) becoming easily annoyed or 
irritable, (3) being so restless that it is hard to sit still, and (4) feeling nervous, 
anxious, or on edge.
12 Using a more lenient cutoff of 10 points yields a hefty 34.4% of students 
in distress, with a 95% confidence interval [30.8%, 38%].
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Table 2
Professional mental health help use by mental distress.
 Used Prof. Help No Prof. Help Total  
 In Distress 80 75 155 (23%)  
 Not in Distress 190 335 525 (77%)  
 Total 270 (40%) 410 (60%) 680 (100%) 
Notes: This table shows the cross-tabulation of students who have used professional 
mental health in the last 12 months and those who are in mental distress. We consider 
a student to be in distress if their mental health distress score is above or equal to 12.

This shows that the prevalence of poor mental health in our sam-
ple of Mexican university students is substantial. To compare, during 
2013–2016, 8.1% of American adults aged 20 and over experienced 
depression in a given two-week period, according to the Centers for 
Disease Control and Prevention (CDC) (Brody et al., 2018). In a large 
meta-analysis involving 44,503 participants aged 18 or older from 100 
eligible studies, the prevalence of major depression was 10% (Negeri 
et al., 2021).

Several individual covariates exhibit notable differences between 
students in distress and those not in distress, as shown in Table B1. 
Students in distress are significantly less likely to identify as heterosex-
ual (64.5% vs. 77.9%, 𝑝 < 0.001) and are more likely to be in their 
third year of studies or above (63.9% vs. 50.5%, 𝑝 = 0.003). They also 
report higher financial stress (70.3% vs. 51.4%, 𝑝 < 0.001), suggesting 
that economic concerns may contribute to mental health disparities. 
Additionally, students in distress are slightly older on average (20.4 vs. 
20.1 years, 𝑝 = 0.042), and the fraction of students identifying as female 
is higher among those in distress (56.8% vs. 49.3%, 𝑝 = 0.104). Other 
factors, such as GPA, scholarship status, and parental education, do not 
show statistically significant differences between the two groups.

The global treatment gap for mental health is significant, with over 
80% of people with common mental health disorders — rising to more 
than 90% in poorer countries — not receiving treatment despite the 
availability of cost-effective solutions (Chisholm et al., 2016). Given a 
steady supply of counseling services in the university environment we 
are studying, it is not obvious ex-ante what the size of the treatment 
gap would be. The availability of and knowledge about services could, 
in principle, close the gap, but factors such as a lack of mental health 
literacy, stigma, and shame could, on the other hand, reduce demand.

We asked students in our survey about their use of professional 
mental health help in the last 12 months and, by splitting their re-
sponses based on whether they are in distress or not, categorized them 
in Table  2 into one of the four groups.13 Out of 680 respondents, 
270 report using professional help either on-campus or off-campus, 
meaning 2 out of 5 students in our sample receive some form of support 
from a mental health professional. Notably, when focusing only on 
those in distress, we observe that 80 out of 155 students (52%) with 
moderate or severe symptoms of depression or anxiety have received 
professional treatment in the last year.14 Therefore, the estimate of 
the treatment gap in our sample of university students in Mexico is 
48%. This indicates that roughly half of students experiencing mental 
or emotional challenges are not receiving the psychological help they 
could benefit from, even though 80% of these students agree there is 
a good support system on campus for students who need professional 
help for their mental or emotional health.15

Still, students’ largely positive views about therapy and its effec-
tiveness do not imply an absence of stigma related to mental distress. 

13 Specifically, we asked students whom they had turned to for help with 
mental health challenges in the past 12 months and recorded the share who 
selected either the ‘mental health professionals at my university ’ option, the 
‘mental health professionals outside of my university ’ option, or both.
14 When splitting the components of distress, we find that around 47% 
of those exhibiting symptoms of depression and 47% of those exhibiting 
symptoms of anxiety have received professional help.
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Fig. 1. Mental Distress Index Distribution.
Notes: This figure shows the distribution of the mental distress index across students in our sample. Blue bars represent observations for students with a mental 
distress score below the cutoff of 12 points, while purple bars denote observations for students with mental distress scores above the cutoff.
As we show in subsequent sections, some students still report feeling 
disappointed in themselves when in distress and have concerns about 
being judged by others, including professors, parents, or peers. These 
perceptions may inhibit open conversations and delay help-seeking, 
even in a context where structural barriers to care are minimal.

While we defer a more detailed discussion of stigma in our con-
text to a later section, here we consider whether our estimate of the 
treatment gap may be overstated because of the presence of potential 
stigma. For instance, if being in distress is stigmatized and people in 
distress use therapy, then sharing that one goes to therapy may signal 
their distress and thus be subject to stigma. If stigma about therapy-
seeking is strong, perhaps some students do not truthfully report going 
to therapy, even though they do in reality. Although we cannot rule it 
out, we attempt to bound the extent of any potential under-reporting 
using additional questions. Based on field focus-group discussions and 
several survey questions, the vast majority of students appear to hold 
favorable attitudes toward therapy and anticipate high levels of support 
from peers and family (see more on this in Section 5.1). Thus, we 
believe that under-reporting is likely modest in our context. When we 
only look at students who are open to sharing their mental health 
challenges with others (𝑁 = 250), we still estimate a 35% treatment 
gap. We believe this still represents a substantial share of students 
relative to the 48% treatment gap for the entire sample, which we view 
as a potential lower bound.

3. Conceptual framework

In this section, we first use a simple dynamic model to clarify the 
trade-offs an individual faces when deciding whether to seek ther-
apy. The framework builds on the foundational health-capital model 
of Grossman (1972), which treats health as a durable capital stock 
that individuals invest in over time to improve their overall utility. 

15 One could argue that a person in distress might not realize this, so even if 
they are aware that the campus provides support, they might not seek it. In our 
sample, 94% of those in distress report experiencing mental health challenges 
in the last 12 months (e.g., frequent stress, feeling anxious or down), which 
indicates a high level of awareness of their own mental distress.
6 
While Grossman’s original model focused on physical health and time 
allocation, we adapt the structure to a mental-health setting in which 
therapy plays the role of investment. We then illustrate the theory 
of change underlying our intervention design by mapping different 
types of information treatments to specific components of the utility 
representation.16

Our formulation captures two key features of mental-health care: 
first, that therapy can improve both internal wellbeing and the quality 
of a person’s social relationships; and second, that such improvements 
are uncertain and come at a cost—not only financial, but also social 
and psychological (stigma).

3.1. Treatment-seeking decisions

Consider an agent who seeks to maximize the present value of 
her lifetime well-being. Her utility depends on three components: a 
mental-health stock 𝐻(𝑡), a social-capital stock 𝑆(𝑡), and consumption 
of a general good 𝑍(𝑡). These stocks summarize her psychological 
functioning and the strength of her social ties, respectively. Time is 
continuous and future utility is discounted at rate 𝜌 > 0.

At each instant 𝑡, the agent decides whether to attend a therapy 
session, denoted by the control variable 𝐷(𝑡) ∈ {0, 1}. Therapy is the 
only available action that can replenish either form of well-being. In the 
absence of intervention, both 𝐻(𝑡) and 𝑆(𝑡) depreciate over time. When 
the agent chooses to go to therapy, she receives a discrete improvement 
to both stocks with probability 𝜋1 ∈ (0, 1); with probability 1 − 𝜋1, 
the session has no effect. This probability captures the likelihood that 
therapy produces a meaningful improvement in well-being, conditional 
on attending.

The agent’s objective is to choose a path of therapy decisions over 
the time horizon [0, 𝑇 ] to maximize lifetime utility:

max
𝐷(⋅) ∫

𝑇

0

[

𝑢𝐻 (𝐻(𝑡)) + 𝑢𝑆 (𝑆(𝑡)) +𝑍(𝑡) −𝐷(𝑡)(𝑆𝑠 + 𝑆𝑝)
]

𝑒−𝜌𝑡 𝑑𝑡.

16 For instance, some parts of an intervention are intended to shift beliefs 
about the stigma costs associated with therapy, while others may affect the 
perceived benefits of mental or social well-being. By clarifying how these 
elements enter the agent’s decision problem, the framework helps interpret 
how various treatments may influence both therapy-seeking behavior and the 
willingness to disclose or discuss personal issues.
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Flow utility at time 𝑡 reflects the direct value of mental and social 
well-being, current consumption, and potential psychological costs as-
sociated with seeking therapy. Specifically, attending therapy reduces 
flow utility through two stigma channels: a self-stigma cost 𝑆𝑠 > 0, 
reflecting internal feelings of shame or weakness, and a perceived 
stigma cost 𝑆𝑝 > 0, capturing discomfort associated with how others 
might judge her decision to seek help. Therapy also carries a monetary 
cost 𝑝𝑇 ,17 and consumption is constrained by a constant income flow 
𝑌 , so 𝑍(𝑡) = 𝑌 −𝐷(𝑡)𝑝𝑇 .

Both stocks evolve according to capital-accumulation equations. 
Without therapy, mental health and social capital depreciate expo-
nentially at constant rates 𝛿𝐻  and 𝛿𝑆 , respectively. When therapy is 
attended and effective, the agent receives fixed gains 𝐺𝐻 > 0 and 
𝐺𝑆 > 0 to each stock. These gains and decay rates together determine 
the overall trajectory of well-being over time. More detailed discussion 
of the framework and the full solution of the model can be found in 
Appendix C.

This set-up generates a simple behavioral rule: the agent goes to 
therapy at time 𝑡 if and only if the expected benefit outweighs the total 
cost. Formally, the agent chooses to go to therapy when

𝜋1(𝐵𝐻 + 𝐵𝑆 ) ≥ 𝑝𝑇 + 𝑆𝑠 + 𝑆𝑝

where 𝐵𝐻  and 𝐵𝑆 represent the present-value marginal benefits from 
an incremental improvement in mental health and social capital, re-
spectively. These benefits reflect how much the agent values improve-
ments in well-being—both immediately and in the future—and depend 
on the current state of each stock, the utility functions 𝑢𝐻  and 𝑢𝑆 , and 
the magnitude of the therapy-induced gains.

This decision rule captures the central trade-off: therapy is under-
taken when the discounted utility gain from a possible improvement 
in well-being exceeds the full contemporaneous cost. The left-hand 
side is shaped by how effective therapy is likely to be and how much 
the agent stands to gain if it succeeds. The right-hand side aggregates 
all costs: the monetary cost, the internal discomfort of seeking help, 
and the fear of being judged. In this way, the model helps explain 
which behavioral margins interventions may act upon. Information 
treatments that increase the perceived benefit of therapy, reduce self- or 
perceived stigma, or alter expectations about effectiveness will all shift 
the balance of this inequality and affect both therapy-seeking behavior 
and the likelihood of sharing personal issues with others.
Recommending Therapy to a Peer. The framework can be extended 
to represent an agent’s decision to recommend therapy to a peer. Rather 
than making a choice that affects her own well-being, the agent now 
considers a prosocial action shaped by other-regarding preferences: she 
derives utility from her peer’s potential improvement (Buchmann et al., 
2024). We assume that the agent evaluates the peer’s expected net 
benefit from therapy in the same way as in the individual-level decision 
rule, and internalizes it with weight 𝛼 ∈ (0, 1), which captures the 
strength of her other-regarding concern.

Let 𝑈𝑗 = 𝜋1(𝐵𝐻 +𝐵𝑆 ) − 𝑝𝑇 −𝑆𝑠 −𝑆𝑝 denote the peer’s instantaneous 
net utility from attending therapy. At the same time, recommending 
therapy may impose a psychological cost 𝐶𝑟 > 0 on the agent, reflecting 
anticipated discomfort, reputational concerns, or fear of being intru-
sive. Thus, the agent chooses to recommend therapy at time 𝑡 if and 
only if 

𝛼 𝑈𝑗 ≥ 𝐶𝑟

 This decision rule mirrors the individual’s own therapy-use condition 
but operates on a distinct other-regarding margin. Interventions that 
reduce the social cost of recommending therapy or that shift beliefs 
about its value for others can increase peer-to-peer engagement with 
mental health care.

17 In our setting, we can also think of this price as incorporating the 
opportunity cost of going to therapy, including the monetary cost, the search 
costs to find the therapy provider, and the time cost of actually going. Hence, 
this price is lower but not zero even if it is the on-campus free therapy.
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3.2. Theory of change

Our intervention seeks to recalibrate potential misperceptions that 
students may hold about therapy and psychological distress — misper-
ceptions that shape key components of their decisions to seek help or to 
recommend therapy to peers. It targets informational and psychological 
frictions that may contribute to underutilization of mental health ser-
vices. By shifting beliefs about the effectiveness and appropriateness of 
therapy, as well as perceptions of how psychological distress relates to 
relevant academic outcomes, the intervention aims to influence both 
the perceived benefits and costs of seeking care. These changes, in 
turn, may contribute to reducing the treatment gap observed in this 
population (see Table  3). 

The intervention operates through three complementary channels 
that correspond to three informational components embedded in the 
treatment:

1. Therapy Effectiveness (I1). Students might underestimate the 
probability that therapy will lead to meaningful improvement. 
This underestimation depresses the expected benefits of seeking 
care and discourages investment in mental health. By present-
ing clear evidence of long-term improvements in depression 
following therapy, the first intervention component aims to 
raise students’ perceived likelihood of improvement (𝜋1). In our 
framework, this shifts the expected benefit term 𝜋1(𝐵𝐻 + 𝐵𝑆 )
upward, increasing the likelihood that the perceived benefit 
outweighs the cost of attending therapy.

2. Therapy Users (I2). Students often believe that therapy is only 
appropriate for individuals with severe mental health condi-
tions. This perception can deter those experiencing mild or 
moderate distress from seeking care, as they may internalize 
feelings of inadequacy or anticipate negative social judgment. 
By emphasizing that the majority of students receiving ther-
apy report only mild symptoms, this intervention component 
reframes therapy as a resource suitable for a broader population. 
As a result, it is expected to reduce both self-stigma (𝑆𝑠) and 
perceived stigma (𝑆𝑝), while also lowering the psychological cost 
of recommending therapy to others (𝐶𝑟). 

3. Distress and Academics (I3). Students frequently believe that 
psychological distress leads to academic underperformance. This 
belief may reinforce stigma by making mental health struggles 
appear socially or academically discrediting. The third compo-
nent addresses this misconception by presenting data showing no 
meaningful relationship between distress and GPA in the student 
population. This information is intended to normalize distress 
and reduce perceived judgment associated with seeking help, 
thereby lowering perceived stigma (𝑆𝑝).

Together, these intervention components are designed to operate on 
both sides of the decision inequality: increasing the expected benefits of 
therapy through belief updating about effectiveness, and decreasing the 
psychological and social costs of seeking care by reducing stigma. The 
same logic applies to peer recommendation behavior, where agents in-
ternalize others’ expected utility from therapy. By shifting both beliefs 
about the value of therapy and the perceived cost of encouraging others 
to seek help, the intervention can increase treatment uptake and foster 
greater peer-to-peer engagement with mental health resources.

We expect our intervention to influence a set of outcomes that 
capture key margins of mental health care decisions, both inward-
facing (related to one’s own help-seeking behavior) and outward-facing
(related to supporting or encouraging others). On the inward side, out-
comes such as willingness to pay for therapy, self-reported therapy use, 
and willingness to discuss one’s own mental health reflect how students’ 
beliefs about therapy’s benefits and costs evolve. As our framework pre-
dicts, these outcomes should respond positively to increased perceived 
likelihood of improvement (↑ 𝜋 ) and reductions in self- and perceived 
1
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Table 3
Predicted effects by intervention component.
 Intervention component Own mental health Peer-directed behaviors  
 I1. Therapy Effectiveness Increases perceived likelihood 

that therapy leads to doing 
better (↑ 𝜋1), raising expected 
benefit from seeking care

Raises perceived benefit of therapy 
for peers (↑ 𝜋1), increasing resource 
recommendations

 

 I2. Therapy Users Reduces internalized and 
perceived stigma associated 
with help-seeking (↓ 𝑆𝑠 , ↓ 𝑆𝑝)

Lowers discomfort in endorsing 
therapy for others (↓ 𝐶𝑟); reinforces 
norms around mental health 
support

 

 I3. Distress and Grades Normalizes distress and 
weakens link between symptoms 
and academic failure (↓ 𝑆𝑝)

Reduces stigma attached to visible 
symptoms, potentially increasing 
openness to endorse therapy

 

Table 4
Outcome mapping by type and mechanism.
 Outcome Type Targeted mechanism  
 Willingness to Pay Inward Incentivized measure of private valuation of therapy. 

Responds to updated beliefs about benefit likelihood and 
reduced self-stigma; friend WTP also reflects 
other-regarding concern (↑ 𝜋1 , ↓ 𝑆𝑠)

 

 Therapy Use Inward Realized uptake of therapy as a function of increased 
perceived benefit and reduced stigma-related costs 
(↑ 𝜋1 , ↓ 𝑆𝑠 , ↓ 𝑆𝑝)

 

 Ranking Task Inward Measures implicit bias toward individuals experiencing 
distress. Reflects normalization of distress and reduced 
perceived academic or social consequences (↓ 𝑆𝑝)

 

 Willingness to Discuss 
Own Mental Health

Inward Captures increased comfort with self-disclosure; reflects 
internalized norm shifts and reduced shame or fear of 
judgment (↓ 𝑆𝑠 , ↓ 𝑆𝑝)

 

 Resource Link Sharing Outward Reveals willingness to forward mental health resources; 
responds to reduced social hesitation and increased 
perceived value of therapy for peers (↓ 𝐶𝑟 , ↑ 𝛼𝑈𝑗 )

 

 Peer Recommendation Outward Captures willingness to support peers struggling with 
mental health. Reflects reduced stigma around 
recommending therapy, stronger concern for peer welfare, 
and updated beliefs about therapy’s effectiveness 
(↓ 𝑆𝑝 , ↑ 𝛼𝑈𝑗 , ↑ 𝜋1 , ↓ 𝐶𝑟)

 

 Therapy Donation Outward Captures altruistic valuation of therapy and willingness to 
subsidize access for others; reflects belief in effectiveness 
and concern for peer welfare (↑ 𝛼𝑈𝑗 , ↑ 𝜋1)

 

stigma (↓ 𝑆𝑠, ↓ 𝑆𝑝). The ranking task complements these measures by 
capturing more implicit beliefs, specifically the extent to which distress 
is socially penalized, and provides an indirect proxy for shifts in stigma 
and normalization (↓ 𝑆𝑝).

Outward-facing outcomes reflect how students engage with peers 
around mental health. Recommending therapy and sharing resource 
links signal a willingness to support others’ care-seeking, shaped by 
both concern for peer welfare (↑ 𝛼𝑈𝑗) and reduced reputational or 
interpersonal costs (↓ 𝐶𝑟). The donation measure captures both belief 
in therapy’s value and altruistic preferences toward expanding access, 
while also indirectly validating updated beliefs about effectiveness (↑
𝜋1). These outcomes, taken together, allow us to trace the mechanisms 
through which belief calibration and stigma reduction translate into 
concrete behavioral changes across multiple domains of mental health 
care (see Table  4).

4. Experimental design

In this section, we describe the survey experiment, the data collec-
tion process, and the follow-up study. We then describe our treatment-
randomization procedure and present evidence of successful random-
ization by showing that pre-determined covariates are balanced across 
experimental groups. Finally, we define our pre-registered main and 
8 
secondary outcomes before outlining the empirical strategies used for 
testing our various hypotheses.18

4.1. Intervention & design

The survey and intervention were implemented over a short 9-day 
time window from November 16 to November 24, 2024, during the 
second half of the academic semester and prior to the exam period. 
We advertised the survey widely by re-sharing among specific major 
program coordinators and professors via e-mail, student organizations 
and student groups via WhatsApp and Facebook, and campus-location-
targeted advertisements on Instagram. Our survey was advertised as 
a ‘‘Student Experience Survey’’ with a mix of guaranteed and raffle-
based survey payouts, incentivizing completion while reducing the 
potential selection into the survey among students based on their prior 
beliefs and preferences about wellbeing and mental health (Healthy 
Minds Survey, 2022; Acampora et al., 2023).

Participants were incentivized through a combination of guaranteed 
payments, random lottery draws, and performance-based bonuses for 

18 See Appendix E for the baseline pre-analysis plan (PAP). The baseline in-
tervention was pre-registered in the AEA RCT Registry under RCTIDAEARCTR-
0014804. We also added a pre-registration for the follow-up study.

https://www.socialscienceregistry.org/trials/14804
https://www.socialscienceregistry.org/trials/14804
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incentivized questions.19 As a result of a wide recruitment campaign, 
we had over 1,000 people start the survey in just over a week’s time, 
resulting in 680 complete responses that pass validation and attention 
checks. The median survey completion time was 21 min. The com-
bination of recruitment channels, incentives and relatively low time 
cost for completing the survey allow us to get a representative sample 
of the student population during the academic semester, providing an 
informative snapshot of student mental health, beliefs, and treatment 
use. 

In our survey, we leverage a reproducible unique respondent iden-
tifier to maintain privacy while enabling payment processing of partic-
ipant performance-specific amounts and linking to the follow-up data 
(similar to Acampora et al. (2023)). At the beginning of the survey, 
participants create a Unique ID while verifying their university affilia-
tion through institutional e-mail address in a separate form accessed 
by participants after completing the survey. This form is not linked 
to their survey responses in any way.20 The ID section is followed by 
screening questions about mental health and demographics. We then 
gather data on therapy use, barriers and students’ beliefs about therapy 
effectiveness and prevalence, before assessing stigma-related questions 
and awareness about on-campus services. After collecting baseline data, 
we randomly split survey respondents into three experimental groups: 
two treatment groups and one control group. At this stage we elicit all 
students’ prior beliefs about the misperceptions we aim to correct in 
order to establish their existence. Following the priors elicitation, we 
show the information treatments (placebo questions) to the treatment 
(control) groups, and we elicit treated students’ posterior beliefs to 
assess the extent to which the interventions managed to correct such 
misperceptions. 

Afterwards, we collect information related to our outcomes of in-
terest. We include a behavioral measure of sharing mental health- and 
therapy-related information. We do this by observing the number of 
clicks on a link for sharing information of on-campus services. This 
measure allows us to get at revealed preferences — as opposed to stated 
intentions — given that sharing information entails actual costs, such 
as having to think whom to share the information with or the risk 
of being perceived as intrusive. In addition to this, we implement an 
incentive-compatible approach to elicit students’ willingness to pay for 
a one-month online therapy service and their willingness to donate part 
of their survey earnings to help cover the cost of a therapy session for 
a student from their university who reports that financial constraints 
prevent them from seeking therapy. To conclude the survey we ask 
respondents to provide thoughtful advice for a hypothetical friend who 
approaches them for emotional support (see Appendix Figure B30 for 
detailed survey flow). 

To gauge the effectiveness of addressing attitudinal barriers to men-
tal health care, we implemented a light-touch information intervention 
composed of three complementary components delivered together as a 
single treatment. These components were designed to target common 
belief-based obstacles to help-seeking: (Fact 1) perceived effectiveness 
of therapy, (Fact 2) the misconception that therapy is only appropriate 
for students in severe distress, and (Fact 3) the stereotype that higher 
mental distress is strongly linked to lower academic performance. The 

19 We offered a guaranteed payment of $200 MXN ($10 USD) to each of 
the first 100 respondents to incentivize early completion, and also offered a 
larger-prized raffle for which we randomly drew twenty respondents among 
the 680 valid-response participants, each of whom won a $2,000 MXN ($100 
USD) gift card, and we give $50 MXN for correctly answering one randomly 
selected bonus question out of eight.
20 The Unique ID combined the elements of each respondent mother’s name, 
respondent’s birth day, last name initials and last two phone number digits. 
This unique ID was then used to also link the baseline survey experiment 
responses to the follow-up data where we also asked the participants to re-
create this unique ID. This resulted in a high match rate, with only 2 out of 
350 responses not being matched to the baseline.
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selection of these facts was informed by prior literature on psycholog-
ical barriers to care (Andrade et al., 2014; Ridley et al., 2020) and 
early-stage fieldwork revealing the persistence of such misperceptions 
among students. Presenting these messages jointly allowed us to ad-
dress multiple co-occurring misconceptions in a way that reflects the 
complexity of real-world mental health stigma and decision-making, 
though it also means we are not able to experimentally disentangle the 
separate effects of each component.21

We purposefully target first-order facts (therapy’s long-run efficacy, 
the mild-symptom profile of most users, and the null GPA–distress 
correlation) rather than second-order beliefs. Fact-based corrections 
have been the more reliable lever for increasing help-seeking in prior 
mental-health studies (Roth et al., 2024b; Acampora et al., 2023), while 
second-order corrections have yielded mixed or even negative effects 
on WTP (Roth et al., 2024a).22

Treatment groups
In our between-subjects design, we randomly assign the 680 stu-

dents to one of three conditions:

• Treatment 1 (T1): Information + Reflection (𝑛 = 227) Students 
in this group were shown three different sets of information in the 
form of infographics. The first infographic shows that a recent 
study found that offering psychotherapy leads to an 11% drop 
in mild depression and an 8% drop in moderate depression four 
to five years later. The second infographic showed information 
disclosing that ‘‘Among [University] students who are receiving 
professional mental help, 2 out of 3 have only mild or no symp-
toms of depression and anxiety’’. The third and last infographic 
showed that ‘‘Among 53 [University] students, 3 out of 4 respon-
dents believe that a student with mental health issues performs
worse or much worse academically than a student without mental 
health issues. But our survey data show no relationship between 
students’ GPA and mental distress’’.
In addition to the infographics, students in this group were 
prompted with the following message: ‘‘Many university students 
sometimes struggle with feelings of being overwhelmed, anxious, or 
depressed. Based on your experience, what are some effective ways 
students can manage these types of mental health challenges? Please 
explain your thoughts.’’ Furthermore, we showed students in this 
group one of two vignettes23 with an image of a fictitious student 
from their university and describing a hypothetical situation in 
which this student seeks help from a therapist after suffering a 
panic attack.

• Treatment 2 (T2): Information Only (𝑛 = 221) Students in 
this group were shown the same infographics as the ones shown 
to students in the Information + Reflection treatment with the 
difference that no reflection activities or vignette components 
were part of the treatment for this group.

• Control (C): (𝑛 = 232) Students in the control condition were not 
shown the infographics nor any of the vignettes. They answered 
additional questions about various university services to keep the 
overall survey time closer to that in the treatment groups.

21 After measuring prior and posterior beliefs, we find out our information 
treatments reduce the share of people with incorrect beliefs by 38 and 37 
percentage points for facts 2 and 3 respectively. Misperceptions about Fact 1 
were tiny, with just 3.1% of respondents having the incorrect prior belief, thus 
leaving little room for meaningful updating. We thus expect the updating of 
Facts 2 and 3 to be the main drivers of our results.
22 A notable exception is Jain and Khandelwal (2024) which is specifically 
correcting a second-order belief, we will discuss how our findings relate to this 
study in the results section and discussion.
23 The only differences across vignettes are the sex of the student appearing 
in the images and the name of the student. We did this to rule out treatment 
effects being driven by the sex of the student in the hypothetical situation.



A. Batmanov et al. Journal of Development Economics 180 (2026) 103646 
Fig. 2. Timeline of Activities.
Notes: In October 2023, we conducted a pilot survey with 53 student participants. We obtained IRB approval from a private Mexican university on October 2024 
with approval number P000882. Note the link-sharing outcome is measured continuously through the whole period from the baseline to the follow-up survey.
The baseline survey allowed us to measure the behavioral inform-
ation-sharing outcome and to implement the lab-in-the-field approach 
to measuring willingness-to-pay for mental health services. To comple-
ment these results and disentangle the personal-versus-social stigma, as 
well as distinguish on- versus off-campus treatment seeking, we fielded 
a follow-up e-mail survey inviting the 680 students in our sample to 
participate. The follow-up survey allows us to (i) test whether the 
large short-run effects on information-sharing translate into sustained 
on-campus services recommendations, (ii) examine the existence of a 
substitution effect in which students express more interest in on-campus 
therapy over the private online resource, and (iii) probe the internal-
versus-external stigma channel through questions about willingness to 
talk about own mental health issues and therapy usage.

The follow-up survey was intentionally concise with nine ‘‘yes/no’’ 
questions, delivered via e-mail by different members of our project 
team and field assistants. In an attempt to collect a large amount 
of responses in a narrow time window, we incentivized responses 
with a raffle of 40 gift cards (valued roughly at $50 USD each). The 
questions focused on capturing self-reported respondent behavior over 
the past 6 months since the baseline survey (use of professional mental-
health services on- vs. off-campus, recommendations of those same 
services to peers, and whether respondents had discussed their own 
distress or other students’ therapy use with other University students). 
We obtained responses from 355 students, out of which 320 unique 
respondents provided a valid unique ID, institutional e-mail and are 
still attending classes at the university in 2025.24 We were thus able to 
contact 47% of our baseline sample for the follow-up survey in just 15 
days time.

Fig.  2 depicts the main stages of our intervention. We collect 
baseline information in November 2024, and the follow-up information 
six months later from April 20, 2025 to May 5, 2025. We obtained 
IRB (808688) approval in September 2023, prior to our pilot study, 
additionally on October 2024 we obtained IRB (P000882) approval 
from a Mexican private university. Importantly, information for our 
link-sharing outcome is gathered throughout the whole six months 
between baseline and follow-up surveys as access to the link is not 
constrained to accessing it during the time survey responses were being 
collected.

Randomization
The intervention was implemented using Qualtrics’ built-in ran-

domizer tool. After completing baseline module — including consent 

24 We restrict our sample to people still attending classes at the university 
since in our follow-up we ask about behaviors related to on-campus services. 
This results in losing 17 responses from people who are no longer taking classes 
at University in 2025.
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to participate, mental health screening, demographics, therapy use 
and beliefs, on-campus service use and availability, and priors — 
participants were randomly assigned at the individual level to one 
of three groups: Treatment 1 (Information + Reflection), Treatment 
2 (Information Only), or Control. The randomizer was configured to 
distribute respondents uniformly across treatment groups. In the T1 
group, respondents were further randomized to view one of two pos-
sible vignettes describing a hypothetical scenario of a female/male 
student experiencing mental distress and seeking counseling. Table  5 
presents evidence that treatment and control groups were not statisti-
cally different on pre-determined covariates.25 The only exception is the 
share of female respondents in the treated groups is statistically larger 
than in the control group by 7.5 percentage points (𝑝-value< 0.1), one 
out of 11 covariates, which suggests this difference should not be of 
concern regarding bias in our estimates. 

We also test and show that the covariate balance holds among the 
subjects who responded to the 6-month follow-up survey in Appendix 
Table B5. Furthermore, there is no differential attrition by treatment 
status: there is a 50.43% attrition rate among control and 50.45% 
attrition rate among treated subjects.

4.2. Data

4.2.1. Outcome variables
In this section, we outline the set of pre-registered primary and sec-

ondary outcomes that our information intervention intends to shift.26

1. On-Campus Counseling Link Sharing. At the end of the survey, 
students were given an opportunity to share a link to on-campus 
counseling services with their peers. We tracked both the total 
number of human clicks and the number of unique users who 
clicked the link across three experimental conditions. In addi-
tion, we observe the share of clicks directly from within the 
survey platform (Qualtrics, presumably clicked by respondents 
themselves), as well as those clicked via re-shares such as e-mails 
or SMS. We are not able to distinguish between few respondents 
sharing in bulk vis-à-vis many respondents sharing with few 
other people.

2. Peer Advice. Participants were asked to imagine a scenario 
where a friend approaches them for emotional support due to 
personal struggles. They were then prompted to provide open-
ended advice, which was evaluated by the length of the advice 

25 See Appendix Table B6 for a balance table comparing all three 
experimental groups.
26 More details about the exact processing of responses to each question can 
be found in Appendix A.
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Table 5
Covariate balance.
 Variable (1) (2) (1)–(2)
 Control Treated Pairwise t-test
 N Mean/(SD) N Mean/(SD) N Mean difference 
 Age 232 20.159 448 20.145 680 0.014  
 (1.848) (2.031)  
 Female 232 0.461 448 0.536 680 -0.075*  
 (0.500) (0.499)  
 Financially Stressed 232 0.530 448 0.571 680 -0.041  
 (0.500) (0.495)  
 Has Scholarship 232 0.651 448 0.712 680 -0.061  
 (0.478) (0.453)  
 Receives a full scholarship 232 0.082 448 0.078 680 0.004  
 (0.275) (0.269)  
 Moved Residence 232 0.591 448 0.621 680 -0.030  
 (0.493) (0.486)  
 GPA 232 90.897 448 91.007 680 -0.110  
 (4.659) (4.727)  
 MH Score 232 8.569 448 8.237 680 0.332  
 (5.132) (5.054)  
 Used Therapy L12 Months 232 0.431 448 0.379 680 0.052  
 (0.496) (0.486)  
 Open to Share MH Challenges 232 0.392 448 0.355 680 0.037  
 (0.489) (0.479)  
 Self-stigmatize 232 0.323 448 0.286 680 0.038  
 (0.469) (0.452)  
Notes: We pool T1 and T2 into a ‘‘Treated’’ group. This table shows balance on covariates across treatment groups. For each covariate we 
show each experimental group’s sample mean and standard deviation, as well as the difference in means across both groups. Age measures 
the respondent’s age in years, female is an indicator equal to one if the respondent is female-born, financially stressed is an indicator equal 
to one if the respondent described her financial situation as ‘‘Always’’, ‘‘Often’’ or ‘‘Sometimes’’ stressful and equal to 0 if she reported it as 
‘‘Rarely’’ or ‘‘Never’’ stressful, Has scholarship is an indicator equal to one if the respondent has at least some amount of scholarship, receives 
a full scholarship is an indicator equal to one if the respondent’s scholarship covers 100% of tuition, moved residence is an indicator equal to 
one if the respondent moved her residence city to pursue her current studies, GPA measures the respondent’s current overall GPA on a scale 
from 0–100, MH score measures the student’s mental health score as described in Section 2, used therapy in L12 months is an indicator equal 
to one if the respondent states having used therapy in the last 12 months, open to share MH challenges is an indicator equal to one if the 
respondent states she would be willing to share about her own personal MH challenges with others and self-stigmatize is an indicator equal 
to one if the respondent states she would be disappointed in herself if she suffered from mental distress. Standard errors for the difference in 
means test are heteroskedasticity robust. Significance levels: * 𝑝 < 0.1, ** 𝑝 < 0.05 and *** 𝑝 < 0.01.
given (in words) and by whether respondents mention words 
such as ‘therapy’, ‘support you’, ‘empathy’, among others, in 
their response.

3. Willingness to Pay for Therapy. As a proxy for participants’ 
demand for therapy, we use incentive-compatible BDM-style 
willingness to pay (WTP) measures (Becker et al., 1964). Specif-
ically, we measured the maximum amount participants were 
willing to pay for a one-month therapy subscription from Bet-
terHelp, both for themselves and for a friend (two separate 
incentivized questions). We normalize WTP responses by the 
monthly price of BetterHelp, dividing the value reported by the 
respondents by the equivalent price of around 6,500 Mexican 
pesos.27

4. Donation. Participants were asked about the share of their earn-
ings from participating in the study they were willing to donate 
to help fund a therapy session for a financially constrained 
student at their university.28 Participants were notified that any 
donation they pledged would be automatically deducted from 
their payment and allocated toward this funded therapy session.

5. Ranking questions. We asked participants to rank individuals 
in terms of how comfortable they would be working with them 
on a joint course project. We describe six hypothetical students 
with different traits, all of which might make it undesirable to 
work with a particular student. Specifically, we assess whether 
respondents deem it more undesirable to work with a low GPA 

27 In Section 6.2, we show that the treatment effect estimates are robust to 
not normalizing and/or winsorizing the WTP measure.
28 Students were informed that their donations would be directed toward 
covering the cost of 1 therapy session for a fellow university student who 
reported that financial constraints prevent them from seeking therapy.
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student relative to with a student who talks about mental health 
issues or shows signs of having them.

6. Therapy Use (long term). In the follow-up survey, we asked 
students whether they had used professional therapy or psycho-
logical counseling in the past six months. We ask one question 
for on-campus services and another one for off-campus services.

7. Recommendations (long term). In the follow-up survey, we 
asked students whether they recommended professional therapy 
services to their peers. Again, we ask for both on- and off-campus 
services explicitly.

8. Willingness to share/discuss issues/therapy use (long term). 
We also ask students whether they have talked about their men-
tal health problems with other University students, and whether 
they have talked about their or their University peers’ experience 
with on-campus therapy or psychological counseling.

4.2.2. Mental health care measures and elicited beliefs
1. Mental distress. We compute a mental distress index using the 
PHQ-4 and GAD-4 screening questionnaires for depression and 
anxiety, respectively (Kroenke et al., 2001; Spitzer et al., 2006). 
Each question has four possible responses with values ranging 
from 0–3; we compute the index by summing over values across 
questions. Larger values imply worse mental distress and the 
index’s support is [0, 24]. As is common practice in the health 
sector (Kroenke et al., 2009), we classify students as being in 
distress if their mental distress index is greater than or equal to 
the index support’s midpoint of 12.

2. Mental health care use & perceived therapy use. We ask 
students whether they have/have not used professional mental 
health help in the last 12 months. Additionally, we asked them 
to guess out of every 100 University students, how many of them 
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did they think have used professional mental health help in the 
last 12 months.

3. Perceived therapy effectiveness. We tell students that a review 
of 22 studies examining the effectiveness of psychotherapy for 
treating depression was conducted. We then ask them how many 
studies do they think show that therapy is an effective treatment 
for depression out of the 22 analyzed. Additionally, we ask 
them two Likert-style questions to measure the extent to which 
they believe therapy can improve their own (people’s) mental 
wellbeing.

4. Self-stigma. To measure self-stigma we ask students how much 
do they agree or disagree with the statement ‘‘I would feel 
disappointed in myself if I had a mental health issue (e.g., anx-
iety or depression)’’. We also ask students to guess how many 
survey participants of the study out of every 100 responded to 
the aforementioned question with ‘‘Strongly Agree’’, ‘‘Agree’’, or 
‘‘Somewhat Agree’’.

4.3. Study protocols

The project received ethics approval from the University of Califor-
nia San Diego on September 1, 2023 and from Tec de Monterrey on 
October 22, 2024. We pre-registered our baseline analysis in the AEA 
RCT Registry under RCTIDAEARCTR-0014804. The pre-analysis plan 
(PAP) is publicly available on the OpenScienceFramework website. We 
additionally included a pre-analysis plan for our follow-up survey.

Deviations from PAP: We specified we would run regressions of 
outcome variables on treatment binary variables, ‘‘controlling for key 
demographic and socio-economic covariates that may be unbalanced at 
baseline [...]’’. We deviate from this in two ways: (i) our main results 
do not include covariates, and (ii) in the robustness checks we select 
covariates based on a post double-selection LASSO algorithm (Belloni 
et al., 2013), which reduces researcher degrees of freedom.

Hypothesized effects and mechanisms: For our baseline analysis 
we pre-registered six hypotheses. In four of them we hypothesize 
positive treatment effects on link-sharing, WTP and donations. In the 
remaining two we hypothesize about heterogeneous effects by (a) 
size of misperception about therapy effectiveness, and (b) degree of 
mental health stigma. For our follow-up analysis we pre-registered that 
treated students would be more likely than control students to use and 
recommend professional mental health services. Furthermore, we hy-
pothesized that if we observed positive effects on recommendations but 
not on own-usage, it would be suggestive of the information promoting 
peer interactions about mental health topics rather than individual 
demand for therapy. We also hypothesize that if we observe stronger 
effects for on-campus counseling use or recommendations, compared 
to off-campus counseling, it would be evidence of a substitution effect 
from off-campus options towards on-campus services. Lastly, we expect 
heterogeneous effects by GPA, mental distress and stigma.

4.4. Empirical specification

Below we discuss our empirical specification separately for resource-
sharing outcomes and all other outcomes.

Information sharing

We consider two groups: a treatment group (T) with 𝑛𝑇  individuals 
and a control group (C) with 𝑛𝐶 individuals. Let 𝑘𝑇  and 𝑘𝐶 be the total 
observed clicks from the treatment and control groups, respectively. 
We wish to test whether the underlying click rates in the two groups 
differ. Since each participant in our study could generate an unbounded 
number of link clicks, we modeled the click counts using a Poisson 
process. Denote by 𝜆𝑇  the (unknown) rate of clicks per person in the 
treatment group and by 𝜆𝐶 the (unknown) rate in the control group. 
The null hypothesis asserts that both groups share the same click rate, 
12 
i.e. 𝐻0 ∶ 𝜆𝑇 = 𝜆𝐶 , whereas the alternative is 𝐻1 ∶ 𝜆𝑇 ≠ 𝜆𝐶 . In practice, 
this is often expressed as testing whether the rate ratio 𝜆𝑇 ∕𝜆𝐶 equals 
1.29

Given that our click counts are relatively small, in addition to 
running a test relying on large-sample approximations (Wald test, in 
our case), we also employed an exact test for two-sample Poisson 
comparisons (in the spirit of Fisher’s exact 𝑝-value test on binomial 
data). Under 𝐻0, the total number of clicks 𝑘𝑇 + 𝑘𝐶 is fixed, and the 
conditional distribution of 𝑘𝑇  (the count in the treatment group) is 
binomial with parameter

𝑝 =
𝑛𝑇

𝑛𝑇 + 𝑛𝐶
.

Thus, the test assesses whether the observed 𝑘𝑇  is unreasonably large or 
small relative to this binomial distribution, thereby providing an exact 
𝑝-value for the hypothesis 𝐻0 ∶ 𝜆𝑇 = 𝜆𝐶 .30

In addition to the joint treatment (T1&T2) vs. control comparison, 
we separately tested other pairwise differences (e.g., T1 vs. control, T2 
vs. control, and T1 vs. T2). For each comparison, the method returns 
(i) a rate ratio, 𝜆̂𝑇 ∕𝜆̂𝐶 , estimated by the ratio of observed click rates, 
(ii) an exact two-sided 𝑝-value, and (iii) an indicator of whether we 
reject 𝐻0 at 5% level. Unlike approximate Poisson methods, the exact 
approach remains valid even when 𝑘𝑇  and 𝑘𝐶 are small. However, it 
does not provide a confidence interval for the rate ratio in the current 
implementation; we therefore focus on 𝑝-values and the estimated ratio 
to interpret group differences in click rates.

Main regression specification

To estimate treatment effects on our primary outcomes, we use a 
regression specification which allows us to evaluate the effectiveness of 
our interventions. Our specification examines the pooled effect of any 
intervention (T1 or T2) compared to the control group. Our estimating 
equation is:

𝑌𝑖 = 𝛼 + 𝛽𝙸𝚗𝚏𝚘𝚃𝚛𝚎𝚊𝚝𝚖𝚎𝚗𝚝𝑖 + 𝜀𝑖,

In this specification, 𝑌𝑖 represents the outcome of interest for in-
dividual 𝑖, such as advice-related measures, willingness to pay for 
therapy, or self-reported stigma. The variable 𝐼𝑛𝑓𝑜𝑇 𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑖 is an 
indicator equal to 1 if individual 𝑖 received any of the treatment condi-
tions (T1 or T2), and 0 otherwise. Finally, 𝜀𝑖 represents the error term. 
The coefficient 𝛽 captures the average treatment effect of the pooled 
intervention on the specified outcome.31 Since we are underpowered 
to detect effect sizes of the magnitudes we observe for most outcomes 
(see Subsection B.4), we only present estimates separately by T1 and 
T2 for link sharing and peer advice in Subsection B.5.

5. Student beliefs & misconceptions

Having established the presence of a mental health treatment gap 
in our sample of students in Mexico, this section explores factors 
that may contribute to underutilization of professional support. We 
begin by presenting descriptive evidence on students’ beliefs about 

29 One could in principle model this environment as a comparison of two 
binomial random variables, where each observation can either result in success 
or failure. Thus, a binomial framework assumes a fixed upper limit on the 
number of ‘‘successes’’ each participant can contribute (e.g., at most 1 click 
per person). In our study, however, each participant could potentially produce 
multiple clicks, so there is no obvious upper bound. We, therefore, model 
such unbounded count data using Poisson distribution, with each group’s 
total number of events (clicks) assumed to be Poisson(𝜆𝑇 𝑛𝑇 ) or Poisson(𝜆𝐶 𝑛𝐶 ), 
respectively.
30 We carried out the exact Poisson test using statsmodels in Python with 
the method=‘‘exact-cond’’ option.
31 We show the main results including a specification including LASSO-
selected controls in Subsection B.7.

https://www.socialscienceregistry.org/trials/14804
https://osf.io/6ng8x/
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Fig. 3.  Prior Beliefs about Therapy and Mental Health.
Notes: This figure shows the share of students (𝑁 = 680) who answered each of our three prior belief questions correctly or incorrectly.
the effectiveness of therapy and its prevalence among peers. We then 
examine observable characteristics correlated with the treatment gap 
and highlight several miscalibrated beliefs that may underlie students’ 
decisions not to seek help. Finally, we present suggestive evidence of 
stigma surrounding mental distress, including students’ reluctance to 
disclose or discuss their mental health with others. 

5.1. Beliefs about therapy effectiveness & peer use

Previous research attributes the mental health treatment gap pri-
marily to attitudinal barriers, such as low perceived need, skepti-
cism about treatment effectiveness (Andrade et al., 2014), and stigma 
(Schnyder et al., 2017), despite rigorous and consistent evidence
demonstrating the effectiveness of interventions (Cuijpers et al., 2013) 
— including in low-resource settings (Patel et al., 2017; Barker et al., 
2022; Lacey et al., 2024) and specifically among college students (Cui-
jpers et al., 2016). We therefore begin by examining students’ beliefs 
about the effectiveness of mental health treatments to assess whether 
low perceived effectiveness might contribute to the treatment gap.

Surprisingly, we find overwhelming evidence that perceived effec-
tiveness is high: over 90% of students agree that therapy can improve 
both their own and others’ mental well-being. Additionally, social 
support for seeking therapy appears strong, with more than 91% of 
students believing their friends would support them in doing so, and 
87% reporting the same for their parents (Appendix Table B2). These 
findings point to generally positive attitudes toward mental health 
treatment — both personally and socially — which is particularly 
noteworthy in a developing-country context, where stigma and more 
conservative views around therapy are typically more prevalent (Bhat 
et al., 2022; Jain and Khandelwal, 2024). This pattern may reflect 
the relatively privileged context of our field site and student sample. 
Nonetheless, it highlights the importance of identifying additional con-
tributors to the treatment gap in settings where access and perceived 
effectiveness are already relatively favorable. 

Additional incentivized questions further support the conclusion 
that students generally hold optimistic views about the effectiveness of 
therapy. When asked how many out of 22 high-quality clinical studies 
(as in Roth et al. (2024b)) showed that therapy is effective for treating 
depression, students provided a mean estimate of 17 studies. While 
this falls short of the correct answer (all 22 studies demonstrated ef-
fectiveness), the response indicates substantial confidence in therapy’s 
impact. Moreover, 97% of students correctly answered the incentivized 
question (prior belief #1) about whether therapy would continue to 
reduce symptoms of depression four to five years after treatment (left 
panel of Fig.  3). One of the three informational components in our 
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intervention conveyed precisely this fact, suggesting that most students 
were already aware of therapy’s long-term effectiveness. Together, 
these results imply that limited perceived effectiveness is unlikely to 
be a major contributor to the treatment gap in our context.

In our sample, 39.7% of students report having received profes-
sional mental health support in the past 12 months, and two-thirds 
have done so at some point in their lives. About 20% received care 
through on-campus services, 26% off-campus, and some used both. 
Additionally, 87% of students report having a friend who has received 
professional mental health support, highlighting the potential for peer-
based information transmission (See Table B2 for full-sample means 
and Table  6 for means split by the respondent’s level of distress). Yet, 
students’ beliefs about therapy use among their peers further reveal 
important gaps. As shown in Fig.  4, most students underestimate how 
common therapy use is, with an average guess of 34.5%. This mis-
perception is driven largely by students who have not sought therapy 
themselves — their average guess is 31.3%, while those with prior 
therapy experience estimate 39.3%, nearly matching the true rate. 
These results suggest that non-users in particular hold miscalibrated 
beliefs about prevailing norms, which may in turn reinforce hesitation 
to seek help.

The observation that many students who have not sought ther-
apy themselves tend to underestimate how common its use is among 
their peers may be linked to another widespread misconception: that 
professional mental health support is primarily for individuals with 
severe symptoms. In a separate incentivized belief elicitation question, 
we asked whether most students receiving therapy have mild or no 
symptoms of depression or anxiety, or instead have moderate or severe 
symptoms (prior belief #2). While the correct answer is the former, only 
55% of students answered this question correctly (central panel of Fig. 
3). Among treated students who were shown this fact during the inter-
vention, the share holding the incorrect belief dropped to just 3.8% in 
the posterior elicitation (Fig.  5), indicating substantial belief updating. 
This misconception may discourage help-seeking among students who 
feel their struggles are not ‘‘serious enough’’ to warrant therapy.

While beliefs about the effectiveness and prevalence of therapy 
shape students’ perceptions, they do not fully account for the treatment 
gap. Notably, perceived effectiveness of therapy does not differ signifi-
cantly between students in distress and those not in distress, suggesting 
that skepticism about therapy’s efficacy is unlikely to be a primary 
driver of the treatment gap (Table  6). At the same time, while students 
in distress are more likely to have sought professional help in the last 
12 months (15 p.p. more likely) compared to their non-distressed peers, 
there are also more students in distress who report they would unlikely 
seek help when struggling with mental health (13 p.p. more) than 



A. Batmanov et al. Journal of Development Economics 180 (2026) 103646 
Fig. 4. Student Guesses of the Prevalence of Professional Help-Seeking.
Notes: This figure shows the distribution of guesses of the percentage of students who seek professional help among University students. In Panel (a) we show 
all respondents while on Panel (b) we split the sample by an indicator of whether the respondent got professional help in the last 12 months (self-reported). See 
the CDF’s of guesses by prior therapy use in Appendix Figure B7.
Table 6
Perceived effectiveness & help-seeking by distress.
 (1) (2) (2)–(1)  
 Not in Distress Distress Pairwise t-test 
 Mean Mean Mean  
 (SD) (SD) difference  
 A. Perceived Effectiveness & Support  
  
 Perceived Effectiveness of Therapy:  
  
 Guess # studies ↓ depression (correct 22) 17.02 17.33 0.31  
 (4.39) (4.32)  
 Agree: Therapy can improve my own well-being 0.90 0.94 0.04  
 (0.31) (0.25)  
 Agree: Therapy can improve people’s own well-being 0.92 0.94 0.02  
 (0.27) (0.25)  
 Perceived Support for Therapy:  
  
 Agree: Friends would support me going to therapy 0.91 0.92 0.00  
 (0.28) (0.28)  
 Agree: Parents would support me going to therapy 0.88 0.83 –0.05*  
 (0.32) (0.37)  
 B. Use of Professional Mental Health Help  
  
 Sought professional mental health help in the last 12 months 0.36 0.52 0.15***  
 (0.48) (0.50)  
 → professional MH help on campus 0.19 0.26 0.07*  
 (0.39) (0.44)  
 → professional MH help off campus 0.23 0.37 0.15***  
 (0.42) (0.49)  
 Have ever received professional MH help 0.63 0.77 0.14***  
 (0.48) (0.42)  
 Unlikely to seek help when struggling with mental health issues 0.15 0.28 0.13***  
 (0.36) (0.45)  
 Have a friend who received professional MH help 0.88 0.87 −0.01  
 (0.33) (0.34)  
 Have a friend who would benefit from therapy 0.88 0.95 0.07**  
 (0.33) (0.22)  
 Sample size 525 155 680  
Notes: This table shows the difference in means across students who are/are not in distress for questions related to perceived effectiveness 
and support, as well as the use of professional mental health. Difference = Distress - No distress. Sample size (680). ***, **, * indicate 1, 5, 
10% significance. This table shows means for questions on perceived effectiveness, support and therapy use. For items under the Perceived 
Effectiveness of Therapy and Perceived Support for Therapy panels we ask How much do you agree or disagree with the following statements? (1)
Going to therapy can improve my own mental health (2) In general, going to therapy can improve people’s mental wellbeing (4) My friends would show 
support if I told them I am going to therapy (5) My parents would show support if I told them I am going to therapy ; we code as ‘‘agree’’ responses 
which state Somewhat Agree, Agree or Strongly Agree. For items under the Professional Help Received panel we ask the following Yes/No 
questions: (i) Have you ever received professional mental help? (ii) Do you have a friend who is currently receiving or has previously received 
professional mental health?, and (iii) Do you have a friend or someone you know closely who you think would benefit from therapy? Finally, 
we ask If you experienced mental health challenges in the last 12 months, [...], to who did you turn for help? Select ALL that apply for items under 
the (Last 12 Months) panel.
14 
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Fig. 5. Belief Updating in the Information Intervention.
Notes: This figure shows the share of students in the treatment group (𝑁 = 448) holding incorrect beliefs before (Prior) and after (Posterior) the information 
intervention across the three facts targeted in our treatment. For Fact 1 (long-term therapy benefits), 3.1% of students initially held an incorrect belief, compared 
to 1.8% after the intervention. For Fact 2 (most therapy users have mild or no symptoms), the incorrect belief rate fell from 42.2% to 3.8%. For Fact 3 (no 
GPA-distress correlation), it dropped from 86.6% to 49.3%.
among those currently not in distress, indicating that barriers beyond 
perceived effectiveness may contribute to avoid seeking help, such as 
stigma or other beliefs or misperceptions.

Examining predictors of help-seeking among those in distress, we 
find that students who are less open to discussing mental health issues 
with classmates exhibit a 23 percentage point higher treatment gap, 
suggesting that stigma or discomfort with vulnerability may serve as 
important barriers to care.32 When asked whom they turned to for help 
with mental health challenges in the past 12 months, more than 40% 
of students reported relying on informal support from friends or family 
members (Figure B6). While these networks may offer more immediate 
emotional support, they are frequently not a sufficient substitute for 
professional care to address the root causes of students’ mental distress. 
These patterns point to the role of stigma, social norms, and concerns 
about how one is perceived by others as meaningful frictions in the 
decision to seek mental health support, which is the topic we explore 
next. 

5.2. Mental health misconceptions & stigma

Stereotypes and misconceptions about mental health often shape 
beliefs about productivity and performance, which in turn influence 
individuals’ willingness to disclose their mental health status. Further-
more, as seeking therapy may be perceived as a signal of poor mental 
well-being, some might feel discouraged from talking about their men-
tal health struggles and accessing professional help. Prior research 
by Ridley (2022) found that people strongly believe workers experi-
encing mental distress perform worse on a communication-related task 
in an online experimental setting, yet his results demonstrate no actual 
difference in performance. Our exploratory field visits revealed similar 
patterns in personal anecdotes and focus group interviews, constituting 
a prevalent stereotype that we document below for our student sample.

We identify a particularly pervasive misconception related to mental 
distress and academic performance: 75% of respondents believe that 
students experiencing mental health issues perform worse or much 
worse academically than those without such issues, despite our data 
showing no relationship between mental distress and GPA (prior belief 
#3). As shown in the right panel of Fig.  3, only 14% of students 
correctly report that there is no relationship, while 11% believe the 

32 Male students also show a significantly larger treatment gap than female 
students (12 percentage points).
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relationship is actually positive. To address this misconception, we in-
cluded a third informational component in our intervention, presenting 
students with data collected during a pilot study which demonstrates 
no correlation between GPA and psychological distress among their 
peers. As Fig.  5 illustrates, this led to a 37 percentage point reduction 
in the share of students holding the incorrect belief.33 This component 
is designed to recalibrate a stereotype particularly salient in university 
settings, one that may discourage students from disclosing their strug-
gles or seeking professional help.  When we plot students’ cumulative 
GPA against their mental distress index using the full sample (𝑁 =
680), no meaningful relationship emerges between the two variables, 
as shown in Fig.  6. Although this pattern contradicts prevailing stu-
dent beliefs, the scatter plot in the right panel reveals virtually no 
correlation (𝜌 = −0.05).34 The systematic tendency by a student’s peers 
to overestimate the negative association between mental distress and 
academic performance may reinforce stigma and deter some students 
from seeking help. Notably, the treatment gap is substantially larger 
among students who believe in a negative relationship (51%) compared 
to those who correctly perceive no relationship (33%),35 suggesting that 
correcting this misconception could play a role in narrowing the gap in 
mental health service utilization (see Fig.  7). 

Building on this pattern of misperceptions, we also find that stu-
dents tend to hold overly pessimistic beliefs about how others perceive 
and respond to mental health struggles. Specifically, many overestimate 
how common self-stigmatizing beliefs are among their peers and un-
derestimate their peers’ willingness to share mental health challenges. 
In our sample, 30% of respondents agree that they would feel disap-
pointed in themselves if they had a mental health issue such as anxiety 
or depression — a belief we classify as self-stigmatizing. When asked 
to estimate how many of their peers feel the same way, those who 
hold this belief guess an average of 62% — more than double the 
actual share. Even those who do not personally endorse this belief 
still overestimate its prevalence, with an average guess of 45%. The 

33 Following the information intervention, nearly 50% of treated respondents 
continued to believe in a negative relationship between GPA and mental 
health, despite being shown data to the contrary.
34 Using data from Healthy Minds Survey (2022) we find a −0.107 correla-
tion coefficient between distress and GPA for a sample of students aged 17–28 
in institutions in the United States. This provides some external validity to the 
finding in our sample, although the data from the comparison sample comes 
from a developed rather than developing country.
35 The magnitude of the difference is substantial but not statistically 
significant (𝑝 = 0.13).
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Fig. 6. Correlation between Mental Distress and GPA.
Notes: Panel (a) shows that most students (75%) guess that the relationship between GPA and mental distress across students is negative. We elicit their beliefs 
in an incentivized question, clarifying that the correct answer will be calculated across the participants based on their GPA and answers to the MH questionnaire. 
Panel (b) shows that there is no significant relationship between mental distress and GPA, with the correlation coefficient of 𝜌 = −0.05. We also test this relationship 
using a binary distress measure (in distress if score above 12), and equivalently find no significant relationship.
Fig. 7. Perceptions: Self-Stigma and Openness to Share.
Notes: This figure shows, in Panel (a), the distribution of guesses of the percentage of students who would be disappointed in themselves if they had a mental 
health issue, and in Panel (b), the distribution of guesses of the percentage of students who would be open to share their mental health challenges with classmates 
who are not necessarily their friends. We show the distributions by respondents who do/do not self stigmatize, and by respondents who would/would not be 
open to share.
17 percentage point difference between these two groups is large and 
statistically significant (𝑝 < 0.001).  Similarly, while 37% of respondents 
say they would be willing to share mental health challenges with class-
mates who are not necessarily their friends, they estimate about 30% 
of their peers would do the same; those unwilling to share themselves 
estimate an even lower peer willingness of 20%. Both perceived rates 
are significantly below the true value, and the 10 percentage point 
gap between the two groups is also statistically significant (𝑝 < 0.001; 
See Table B4 for the statistical strength of each relationship). Taken 
together, these results reflect a broader pattern of projection: students 
tend to assume that others share their own beliefs and behaviors. 
This tendency is evident not only in openness estimates but also in 
beliefs about self-stigma, where perceived prevalence tracks closely 
with one’s own endorsement of the belief. While projection may serve 
as a familiar cognitive shortcut, it becomes particularly problematic 
when pessimistic views are projected onto others, reinforcing distorted 
perceptions of social norms around mental health. More broadly, these 
misperceptions align with recent findings from field experiments that 
document widespread underestimation of peers’ openness and overesti-
mation of stigma-related beliefs (Roth et al., 2024a; Ridley, 2022; Jain 
and Khandelwal, 2024; Acampora et al., 2023). 
16 
Stigma categorization

Stigma toward mental health is multifaceted. In our setting, direct 
stigma toward the use of therapy appears relatively low: most students 
rate therapy as highly effective, believe others benefit from it, and 
anticipate strong support from both friends and family. They also 
hold relatively accurate beliefs about how common therapy use is 
among peers, and qualitative responses suggest openness to discussing 
therapy as a tool for increasing awareness and take-up. Still, seeking 
therapy may carry an indirect social cost if it is viewed as a signal 
of psychological distress, which could lead some students to under-
report therapy use. This nuance is important: our results suggest that 
even when students understand the value and effectiveness of therapy, 
stigma related to being in distress can persist. Such under-reporting 
may add noise to our survey measures and suppress our ability to detect 
treatment effects, implying that our estimates may be conservative. 
Evidence from our data is consistent with this interpretation: students 
in psychological distress who are less open to discussing mental health 
issues with classmates exhibit a 23 percentage-point higher treatment 
gap, underscoring the role of stigma and discomfort with disclosure as 
barriers to care. 
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Table 7
Types of mental health stigma.
 Beliefs held by me Beliefs held by others  
 (first-order beliefs) (relate to second-order beliefs)  
 Self-stigma Perceived stigma  
 About myself I believe I am weak when I am in 

distress
I believe others think I am weak 
when I am in distress

 

 Personal stigma Perceived public stigma  
 About others I believe others are weak when 

they are in distress
I believe others think people are 
weak when they are in distress

 

To better understand these dynamics, we classify mental health 
stigma using a 2-by-2 framework based on the target of the belief 
(self vs. others) and the perceived holder of that belief (oneself vs. 
others). As summarized in Table  7, self-stigma refers to internalized neg-
ative attitudes about one’s own distress. In our study, this is captured 
through agreement with the belief that one would feel disappointed in 
themselves if they had a mental health issue. Perceived stigma reflects 
expectations about how others would respond to one’s distress, proxied 
in our data by respondents’ stated willingness to share mental health 
challenges with classmates who are not necessarily close friends.

On the external dimension, personal stigma captures negative beliefs 
held about others who experience mental health challenges. We proxy 
this through ranking-based questions in which participants evaluate 
hypothetical classmates with traits such as low GPA, visible distress, 
or openness about mental health issues. Perceived public stigma refers 
to beliefs about the broader social climate — for example, what class-
mates, professors, or parents are thought to believe about students 
with mental health struggles. We capture this using participants’ incen-
tivized guesses about the share of peers who would feel disappointed in 
themselves if they had a mental health issue. Distinguishing these types 
of stigma is critical for identifying the precise barriers to help-seeking: 
students may view therapy as socially accepted, yet still hesitate to seek 
help if they internalize distress as a sign of personal failure or anticipate 
judgment from others — a dynamic also observed in recent research, 
where shifting beliefs about distress, rather than about treatment, 
played a key role in increasing help-seeking (Lacey et al., 2024).

To facilitate quantitative analysis of how stigma relates to mental 
health outcomes, we construct a composite stigma index that aggre-
gates several dimensions of stigmatizing beliefs. While stigma is in-
herently multidimensional — shaped by individual attitudes, perceived 
social norms, and structural expectations — our goal is to summarize 
this variation using a reduced-form measure. Drawing on the typology 
in Table  7, we include three core components: (i) perceived public 
stigma, measured through incentivized guesses about how many peers 
would internalize distress as personal failure; (ii) personal stigma, 
captured by rankings of hypothetical peers showing signs of distress 
or openness about mental health; and (iii) perceived prevalence of 
self-stigma, reflected in beliefs about how many peers would feel 
disappointed in themselves if they experienced mental health problems. 
These beliefs not only reflect individual views but may also reinforce 
perceived norms and influence help-seeking behavior. We apply Prin-
cipal Component Analysis (PCA) to these inputs and focus on the first 
principal component (PCA1), which accounts for the largest share of 
variation across stigma-related responses.

As shown in Fig.  8, stigma-related beliefs are more prevalent among 
students who report being in psychological distress. These students 
are more likely to personally endorse self-stigmatizing views, and they 
also perceive such beliefs to be widespread among their peers. The 
composite index captures this clustering of internalized and projected 
stigma, providing a concise summary measure that we use in subse-
quent heterogeneity analyses.36 While this correlation does not by itself 

36 For details on the construction and interpretation of the stigma indices, 
see Appendix Table B21, which shows the correlation of PCA1 and PCA2 with 
the underlying components.
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establish directionality — whether stigma contributes to distress, or 
distress shapes one’s perception of stigma — it highlights the potential 
role of belief-based barriers in sustaining the treatment gap. By captur-
ing variation across both individual attitudes and perceived norms, the 
stigma index serves as a useful empirical tool for identifying students 
who may be more resistant to help-seeking interventions. 

6. Intervention treatment effects

In this section, we present our main results. We first describe 
results on information-sharing and peer advice, then shift attention to 
results on WTP and long-run therapy use, and finish with suggestive 
evidence on the mechanisms that explain our results and types of 
mental-health-related stigma revealed by our intervention.

6.1. Information-sharing & peer advice

Information-sharing: We find that our intervention leads to the 
treated students being more likely to share information about on-
campus counseling services with their peers (pre-registered). In the 
short run, as we asked the students to share the link to on-campus 
therapy information with peers, we observed that the link shared with 
the treated students was clicked 136 times, compared to only 35 clicks 
observed for the link shared with the control students. These figures 
imply click-through rates of total clicks per respondent who saw the 
link at the end of the survey of about 30% and 15%, respectively, given 
448 total treated respondents and 232 control respondents (Table  8). 
We use the Poisson test to compare the click-through rates by treat-
ment status by calculating the click-rate ratio 𝜆𝑇 /𝜆𝐶 and comparing 
it to 1 (𝐻0 implying no difference between the click rates). For total 
clicks observed one week after the initial survey, we get a ratio of 2 
(0.304∕0.151 = 2.01) with the treatment click rate being double that of 
the control group, which allows us to reject the null hypothesis that 
there is no difference in link sharing rates between the treatment and 
the control groups at the 0.1% level.37

We then provide three additional metrics to compare link-sharing 
between groups, which we collected at the treatment group level with 
the link-sharing platform, including unique link clicks, clicks from 
outside the Qualtrics survey platform, and additional updated numbers 
of long-run clicks over the 6 months after the intervention (Panel B of 
Table  8). First, we look at unique clicks based on unique IP addresses 
to alleviate the potential concern that observed clicks might stem from 
only a few individuals who might have clicked the link multiple times, 
rather than their peers who received link re-shares. Comparing unique 
clicks by the treatment group, we find a similar click-through rate ratio 
of about 2 (sharing frequency per respondent in the treatment group 

37 See Appendix Table B7 for further details on our application of the Poisson 
test to this setting. There, we also present results by treatment arms, separating 
the effects for T1 vs. T2. Clicks by T1 students were lower than those observed 
for T2 students. Even when there is no significant difference in completion 
times between both treatment groups, students in T1 spent on average five 
more minutes completing the survey. We conjecture this extra time made T1 
students less likely to engage in information sharing at the end of the survey.



A. Batmanov et al. Journal of Development Economics 180 (2026) 103646 
Fig. 8. Stigma Measures By Distress.
Notes: This figure shows (i) the average of the stigma index (measured in standard deviations), (ii) the share of students who have self-stigma (percent share on 
the axis), and (iii) the average guess of students from University who would be disappointed if themselves if they had a mental issue (percent share on the axis). 
We show averages and shares by an indicator of whether the student is in distress or not according to the mental distress index.
Table 8
Professional support link sharing and statistical test summary.
 Treatment (T) Control (C) Poisson test  
 Clicks Rate (𝜆𝑇 ) Clicks Rate (𝜆𝐶 ) (approximate; exact test) 
 A. Link Engagement  
 Total Clicks (Dec 2024) 136 0.304 35 0.151 *** (𝑝 < 0.001; 𝑝 < 0.001) 
 Total Participants 448 232  
 B. Additional Metrics  
 Unique Clicks 94 0.210 24 0.103 *** (𝑝 < 0.001; 𝑝 = 0.001) 
 Non-participant Share 82% 0.249 60% 0.091 *** (𝑝 < 0.001; 𝑝 < 0.001) 
 Total Clicks (May 2025) 179 0.400 58 0.250 *** (𝑝 < 0.001; 𝑝 = 0.002) 
Notes: Total Clicks refers to the total number of link engagements recorded within 8 days of the intervention. Unique Clicks counts distinct 
individuals who clicked the link at least once. LR Total Clicks refers to link clicks recorded approximately six months after the intervention.
Non-participant Share indicates the percentage of Total Clicks originating from outside the Qualtrics platform. 𝜆𝑇  and 𝜆𝐶 denote the click-through 
rates, calculated as the number of clicks divided by the number of subjects in the Treatment group (𝑁 = 448) and Control group (𝑁 = 232), 
respectively. The Poisson Test column reports p-values from two-sided Poisson tests comparing the click-through rate ratio 𝜆𝑇 ∕𝜆𝐶 to 1 (𝐻0: 
T/C ratio = 1, or no difference between T and C). The first value in parentheses corresponds to the approximate test, and the second one 
corresponds to the exact test.
is roughly double that of the control group, 0.210∕0.103), statistically 
different from the ratio being 1 (𝑝 < 0.001).

Next, we compare the shares of clicks generated outside the survey 
as a proxy for clicks by non-study participants via re-shares (as opposed 
to survey participants clicking on the link themselves). As we observe 
the source of the link-click (clicks from within Qualtrics vs. clicks 
outside Qualtrics), we find that links from the treated groups receive 
more clicks from outside the survey platform (82%) compared to the 
ones from the control group (60%), which suggests that treated students 
are sharing information with more presumably non-study students.

Finally, tracing clicks over the long run between our baseline survey 
experiment and our 6-month follow-up survey, we find that information 
sharing continued beyond the immediate survey completion as the 
long-run total clicks went up to 179 and control clicks to 58 (from 
136 and 35 one week after the survey, respectively) by the 6-month 
follow-up. While the click-through rates are starting to converge with 
the rate ratio decreasing from 2 to 1.6, we still rule out the equality 
of the click-through rates between the treatment and control groups at 
the 0.1% significance level. 

Peer Advice: In Table  9, we show that in the short run, treated 
students are 3.8 percentage points more likely to mention on-campus 
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services in their (hypothetical) advice to a friend in distress (𝑝 = 0.06), 
constituting over a 50% increase over the control mean. At the same 
time, we find no effect on the probability of mentioning professional 
help more generally (any form of help). Interestingly, over 35.8% of 
the control students mention some form of professional help in their 
hypothetical advice.38 Next, we compare this short-run result from the 
advice prompt to self-reported recommendations of suggesting therapy 
on- or off-campus to friends, which we collected in our follow-up 
survey. First, in columns (3)–(4) of Table  9, we replicate the estimates 
of the short-run effects on the sample of students matched from the 
follow-up round to the baseline participants and find that they do 
not differ substantially between the full (𝑁 = 680) and the follow-up 
samples (𝑁 = 320).

38 In Table B10 we analyze different components of the advice. Namely, we 
analyze the frequency of mentioning empathetic and directive — proposing 
course of action, different from therapy — advice. In Table B11 we also 
show that the reduction in mentions of empathetic advice is compensated by 
increasing the probability of recommending on-campus therapy.
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Table 9
Effects on advice prompt at baseline & recommending therapy in 6 months.
 SR: Advice prompt (All) Advice prompt (in Followup) LR: Suggested therapy
 (1) (2) (3) (4) (5) (6)
 On-Campus Help Any Prof Help On-Campus Help Any Prof Help ON campus OFF campus
 Treated 0.038* 0.013 0.039 −0.002 −0.019 −0.007  
 (0.020) (0.039) (0.028) (0.057) (0.058) (0.059)  
 Control Mean 0.052 0.358 0.046 0.376 0.422 0.505  
 Control SD 0.22 0.48 0.21 0.49 0.50 0.50  
 Observations 680 680 320 320 320 320  
Notes: This table presents the effects of the information intervention on (i) mentions of professional help in a hypothetical advice prompt at baseline (columns 1–2), (ii) mentions 
in the advice prompt among the subsample tracked in the follow-up (columns 3–4), and (iii) self-reported recommendations to seek therapy on- or off-campus (columns 5–6). 
‘‘On-Campus Help’’ refers to a specific mention of university counseling services, while ‘‘Any Prof Help’’ includes both on-campus and off-campus options. All outcomes are binary 
indicators. The treatment coefficient in column (1) represents a 3.8 percentage point increase in the likelihood of suggesting on-campus therapy relative to the control mean (5.2%), 
significant at the 10% level. Observations in columns 3–6 are limited to students who were matched to the follow-up survey. Robust standard errors in parentheses. *** 𝑝 < 0.01, 
** 𝑝 < 0.05, * 𝑝 < 0.1. SR = short-run; LR = long-run.
Fig. 9. LR Therapy Recommendations to Peers.
Notes: Coefficient plots show estimated treatment effects on binary outcomes measuring whether participants recommended on-campus (blue) or off-campus 
(yellow) therapy to peers in the past 6 months, conditional on prior therapy use. Estimates are from linear probability models with treatment indicators interacted 
with dummies for whether the participant reported any professional help use in the 12 months before baseline. The left group (‘‘Treated # No Prof Help’’) includes 
treated students with no prior therapy use, while the right group includes those who did (‘‘Treated # Used Prof Help’’). Bars represent 90% confidence intervals. 
The outcome was measured in the follow-up survey. Heteroskedasticity-robust standard errors used.
 
 

 
 

 
 
 
 
 
 

 
 

 
 

While the advice prompt format does not allow us to differentiate
whether participants imply off-campus therapy specifically, we can
disentangle these effects in our follow-up survey where we ask stu-
dents whether they recommended on-campus and off-campus therapy
services to their peers, capturing a self-reported behavioral outcome.
Notably, it is different from a single-instance hypothetical advice pro-
vided in the initial survey and captures participant interactions with
peers over time. On average, we do not find an effect, with coefficient
estimates both for on- and off-campus recommendations close to zero
and insignificant (columns (5)–(6) in Table  9). Yet, this null result
masks key differential treatment effects by participants’ prior use of
therapy, as treated respondents who had used therapy in the 12 months
prior to the initial survey are 16.8 p.p. more likely to recommend off-
campus therapy (𝑝 = 0.05), while those who had not are 11.5 p.p. more
likely to recommend on-campus therapy (𝑝 = 0.11) (See Fig.  9, point
estimates in Table B9).

We conjecture these effect are likely driven by the participants de-
faulting to recommending just one type of therapy, rather than both (as
seen by the coefficients for on vs off-campus being exactly opposite for
each subgroup), and for those who had not used professional help prior
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to the initial survey, the default recommendation option is on-campus 
therapy, which they learn more about as a result of the intervention.

Overall, we observe how peer interactions about sharing informa-
tion and suggestions about therapy to other students are positively 
affected by our intervention in the short and long-run, with long-
run effects shaped by participants’ prior experience with therapy in a 
stronger way, suggesting that heterogeneity by prior experiences and 
beliefs might play an important role in engaging in promoting mental 
health services among peers (consistent with our evidence of prior 
beliefs being correlated with perceptions of public beliefs and behaviors 
discussed in Section 5.2). This result resonates with heterogeneity 
between prior therapy users and non-users in a field experiment with 
refugees where the treatment effects of information sharing vary by 
prior therapy use (Smith, 2025).

Wider information sharing and mixed effects on recommendations 
by type are most likely attributed to updating students belief that 
therapy is not only for students with severe symptoms, making it 
more widely applicable for more peers in the eyes of the treated stu-
dents. In addition, sharing information as a part of a widely publicized 
online study could also provide sufficient ‘‘social cover’’ to alleviate 
reputational concerns about promoting therapy.
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Fig. 10. Effects on Short-Run Willingness to Pay for Private Therapy and on Donations.
Panel (a) shows point estimates and 90% confidence intervals of the treatment effects on short-run outcomes: willingness to pay (WTP) for private therapy for 
oneself, for a friend, and the share of survey endowment that they would donate to subsidize a financially constrained peer’s therapy session. WTP outcomes 
are winsorized at the 1st and 99th percentiles. Results are robust to analyzing outcomes without winsorizing or using raw (level) values. We observe negative 
treatment effects on WTP for both self (−3.6 p.p., 𝑝 = 0.07) and friend (−3.3 p.p., 𝑝 = 0.11), and a small, statistically insignificant reduction in donation share (−1.4
p.p., 𝑝 = 0.45). Panel (b) presents long-run treatment effects on binary indicators of self-reported therapy use (on-campus, off-campus, or any) in the follow-up 
survey. While the intervention may have prompted substitution toward on-campus services, we find no significant increase in on-campus use and a non-significant 
6.1 p.p. increase in off-campus therapy use (𝑝 = 0.26), providing no support for the substitution mechanism. All estimates use heteroskedasticity-robust standard 
errors. Sample size: 680 (short run); 320 (long run).
6.2. Willingness to pay for therapy & therapy use

While peer interactions around therapy and counseling are up over-
all, we find a surprising result of a lower willingness to pay for therapy 
in the short run.39

Respondents from the treatment group show a lower WTP for ther-
apy for both themselves and their friends by 3.6 p.p. (𝑝 = 0.07) and 
3.3 p.p. (𝑝 = 0.11), respectively (See Fig.  10(a) and Table B8 for point 
estimates, see Figure B15 for robustness of the result to outliers in the 
WTP measure). For donations, we find a small and insignificant effect 
with the treated students willing to donate 1.4 p.p. less than control 
students (𝑝 = 0.45).

One potential explanation for these puzzling negative treatment 
effects is that treated students may substitute away from private ther-
apy to free on-campus services, as observed by a higher frequency of 
recommending them to a friend in distress in the advice prompt. Re-
minding students that therapy is effective and there are free on-campus 
resources as a part of the intervention might reduce their incentive to 
spend money on outside options, and thus, their willingness to pay. 
If this is the case, we should observe that the treated respondents 
use on-campus therapy more than off-campus options in our long-run 
follow-up.40

To test whether students substitute towards free on-campus therapy 
services, we compare the long-run treatment effects in students’ self-
reported use of on-campus vs. off-campus therapy from our follow-up 

39 In our pre-analysis plan, we hypothesized that information treatments 
would (i) increase students’ demand for mental health support, measured by 
their WTP for therapy, (ii) increase perceived demand for therapy by others, 
measured by WTP for therapy for a friend and the share of their survey 
earnings they would be willing to donate to subsidize a therapy session for 
a fellow student.
40 For our follow-up survey, we pre-registered this as a hypothesis and 
incorporated questions to specifically test it by comparing on- vs. off-campus 
therapy use.
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survey. First, to support the comparability of the results on our follow-
up sample, we show that the negative effects on WTP are comparable 
in the follow-up survey subsample: −3.6 p.p. (𝑝 = 0.07) for own WTP 
on the full sample of initial participants vs. −4.5 p.p. (𝑝 = 0.14) in 
the follow-up sample (See columns 3–4 in Table B8). Then, in Fig. 
10(b), we provide evidence against the substitution effect explanation 
as we find that, if anything, treated students are 6.1 p.p. more likely 
(𝑝 = 0.26) to report using mental health services off-campus with a 
negligible insignificant effect on on-campus therapy use.

In order to better understand where the negative treatment effects 
are coming from, we run quantile regressions on the 25th, 50th, 75th 
and 99th percentiles. Our results show negative effects on WTP for 
therapy for oneself for the three lower quartiles (significant for Q1 and 
Q3 with reductions of 7–6 p.p., respectively) and positive but insignif-
icant at the top quartile. Similar results hold for WTP for therapy for a 
friend (See Figure B13). This suggests that negative effects are driven 
by ‘‘low demanders’’ who might be unlikely to seek therapy because 
their personal WTP is lower than the market price and potentially 
lower even than the opportunity costs associated with using free on-
campus therapy.  Below, we discuss several alternative interpretations 
of this result. While we are unable to test these explanations causally, 
we provide some exploratory analyses, pointing to several interesting 
directions for future studies.

First, it could be the case that we managed to reduce perceived 
stigma with our intervention (by showing that there is no correlation 
between GPA and mental distress scores, and a broader range of 
students seek therapy), yet WTP is lower because the perceived costs 
of being in distress are now lower. This interpretation is in line with 
a previous online experiment measuring the WTP for private therapy 
and also finding a negative treatment effect from a de-stigmatizing 
intervention about public perceptions (Roth et al., 2024a). Roth et al. 
(2024a) propose an explanation for reduced demand for psychotherapy 
after lowering perceived stigma as individuals increase optimism about 
their social interactions, even when in distress, hence reducing the 
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perceived need for therapy. In our setting, however, the lower WTP 
is not followed by a reduction in the reported use of therapy in the 
6-month follow-up (Fig.  10(b)), which is consistent with the quantile 
regression results pointing to ‘‘low demanders’’ who would not take 
up treatment in equilibrium driving the negative average treatment 
effect. This suggests that a perceived lower need for therapy is not 
likely to be the explanation in our lower-stigma setting. If anything, this 
highlights an avenue for further research to investigate reduced WTP 
for mental health support after information treatments and compare the 
experimental BDM-style WTP elicitation with observed or self-reported 
treatment take-up measures in the mental health context.

The puzzling results might raise questions about the validity of the 
BDM-style WTP questions in our study and their interpretability as truly 
indicating a lower demand for the service. We use a widely accepted 
experimental measure which has also been applied in other online 
experiments related to WTP for mental health services (Acampora 
et al., 2023; Roth et al., 2024a,b), so if implemented correctly, it 
should capture some meaningful variation. First, we implement it in a 
manner closely following the previous online experiments mentioned 
above, and we implement attention checks, excluding students with 
low attention to the survey from our study (See Section 4.1 for further 
details on the implemented attention checks). Second, we verify that 
the students in the treatment and control groups have no significant 
differences in the median completion time of the WTP questions.41 We 
also document that WTP for therapy in the BDM-style question is higher 
for those actually using therapy, consistent with what we would expect 
based on revealed preferences (Figure B14). 

Second, stigma might not have been reduced sufficiently to shift 
their own treatment-seeking behaviors, and we may have inadvertently 
reinforced some stereotypes related to commonly held misconceptions 
while trying to refute them. An insufficient reduction in stigma would 
explain why students are initially more in favor of on-campus services 
and share advice and information about them with friends in response 
to the information intervention. Yet, they resort to (if anything) using 
more off-campus services when it actually comes to seeking help them-
selves in the long run. Importantly, we also acknowledge that in aiming 
to reduce the incorrect beliefs, we highlight to students that the GPA-
mental distress correlation is a common misconception, which, even 
if not true in data, still highlights a commonly held belief affecting 
their real-life interactions with peers and others. This might explain 
the students’ higher interest in on-campus services in the short run 
(at the end of the initial survey experiment) and lower WTP for a 
private external service in the experimental context, yet not translate 
into differential therapy take-up in their real-life social circles, where 
misconceptions persist.

Third, it could also be the case that by showing students that 2 out 
of 3 students who are receiving professional mental help have mild or 
no symptoms of depression and anxiety, in addition to showing them 
that GPA and mental health scores do not correlate, students might 
have reduced their valuation of therapy. They might have thought of 
therapy as a higher-value good for more severe cases requiring more 
trained professional providers, which should, thus, be priced higher, 
but updating their beliefs on who goes to therapy normalizes therapy 
in a way that they perceive it should not be as expensive.

Overall, we do not find one compelling explanation for the lower 
WTP without a negative effect on self-reported long-run therapy take-
up in our study, but instead observe the potentially differential impact 
on either side of the underlying WTP distribution – ‘‘low demanders’’ 
experiencing a negative effect on WTP, but not affecting the equilib-
rium therapy take-up. Thus, comparing the average treatment effect 

41 We conduct a nonparametric equality-of-medians test for the time spent 
completing the WTP questions between the treatment and control students 
(using medians in STATA) and find a continuity-corrected Chi-squared 𝑝-
value of 0.374 and 0.936 for WTP for oneself and for a friend, respectively, 
indicating no statistical differences in median completion time.
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captured by a single WTP measure to observed or self-reported therapy 
take-up across the WTP distribution warrants further research beyond 
our study. In this study, we show that the peer interactions are, thereby, 
easier to shift with a light-touch information intervention, encouraging 
students to share information about therapy services and giving advice 
to use it to friends, while students’ own treatment-seeking is harder to 
shift, even when services are free and easily accessible. 

6.3. Low therapy demanders & evidence of stigma

In this section, we explore the relevance of some of our puzzling re-
sults for different student populations and how the heterogeneity affects 
the interpretation and the policy takeaways from our intervention.

Low therapy demanders
As we showed in Section 5, prior therapy use by students highly 

correlates with beliefs around mental health, and here we use prior 
use as a proxy for a student’s revealed-preference valuation of therapy 
(higher if used previously vs. lower if not). In Fig.  11(a), we show 
suggestive evidence that negative treatment effects on WTP are driven 
by students with low valuation of this good (those who did not use 
therapy at baseline). In the short run, students who report no prior 
use of therapy decrease their WTP for therapy for themselves by 5.8 
p.p. (𝑝 = 0.15) while for students with prior therapy use, the effects 
are closer to zero (estimate of −2 p.p., 𝑝 = 0.68). In the long run, we 
similarly see that students with low valuation of therapy are less likely 
to use therapy while the effect for those who used therapy before is 
strong and significant for off-campus therapy and weaker positive but 
insignificant for on-campus therapy (Fig.  11(b)).42

This suggests that our intervention worked as expected mostly 
among students who had prior exposure to professional mental health 
support at baseline, while the more puzzling unexpected results are 
driven by those with a lower baseline mental health treatment seeking. 
In our conceptual framework, this implies that the mechanisms we dis-
cuss in the theory of change might operate differently based on people’s 
underlying beliefs, warranting further research into targeted correcting 
of misperceptions and stereotypes in different forms at different groups 
of interest.

Under the conceptual framework introduced in Table  7, we explore 
whether our intervention’s effect was twofold. On the one hand, our 
intervention might have reduced personal stigma by showing there is 
no correlation between students’ mental health and their GPA. On the 
other hand, however, we might have increased perceived stigma43 by 
telling students that 3 in every 4 survey respondents think a student 
with mental health issues performs worse than a student without 
mental health issues.44

In Fig.  12, we show further suggestive evidence on the negative 
treatment effects coming from low demanders: we show that long-run 
on-campus therapy use is slightly lower among treated students than 
control students with low WTP and slightly higher for treated students 
than control students with high WTP, which results in an average zero-
effect due to differences at either end of the distribution canceling 
out. Regarding off-campus services, we see no differences at the lower 
end of the distribution, but observe that among students with a higher 
baseline WTP, the self-reported use among treated students is higher 
than among comparable controls.

42 Note that this is also consistent with the results on therapy recommenda-
tions by type in Fig.  9.
43 Both perceived stigma about how the participant him- or herself will be 
viewed as well as more generally perceived public stigma of how students view 
other students.
44 In another setting, for example, Arias et al. (2022) show that when voters 
have strong priors about politicians being malfeasant, providing them with 
information about malfeasance can actually increase malfeasant politicians’ 
vote share as prior beliefs are further away from the truth.
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Fig. 11. Effects on Long-Run Using Therapy by Prior Use.
Notes: Coefficient plots show estimated coefficients with 90% confidence intervals from models interacting treatment status with prior therapy use (measured 
as self-reported use of professional mental health services in the 12 months before baseline). Panel (a) shows treatment effects on short-run willingness to pay 
(WTP) for private online therapy, for oneself and for a friend. WTP is measured as a percentage of the known subscription price and winsorized at the 1st and 
99th percentiles. Panel (b) presents long-run treatment effects on binary indicators for self-reported use of on-campus and off-campus therapy. This panel reports 
effects separately for students who had previously used therapy and those who had not. Heteroskedasticity-robust standard errors used throughout. SR = short 
run; LR = long run.
Fig. 12. Self-reported Therapy Usage by WTP.
Notes: This figure shows local polynomial estimates of long-run self-reported therapy usage (on- and off-campus) as a function of willingness to pay (WTP) for 
therapy for oneself, separately by treatment group; shows further suggestive evidence on the negative treatment effects coming from low demanders. Panel (a): we 
observe that long-run on-campus therapy use is slightly lower among treated students than control students with low WTP and slightly higher for treated students 
than control students with high WTP. These opposing effects cancel out on average, resulting in a net zero-effect. Panel (b) shows that regarding off-campus 
services, there are no differences at the lower end of the WTP distribution, but among students with a higher baseline WTP, self-reported use is higher in the 
treatment group than among comparable controls. Shaded areas represent 90% confidence intervals. SR = short run; LR = long run.
Finally, we note a methodological reflection on the relationship 
between WTP to measure potential demand for therapy and actual take-
up of therapy by the participants. While eliciting willingness-to-pay 
(WTP) for therapy provides a useful incentive-compatible measure of 
potential demand, which can be implemented with corresponding study 
payouts and is widely used (Acampora et al., 2023; Lacey et al., 2024; 
Roth et al., 2024a,b), it may not perfectly predict actual therapy uptake 
as we observe in this study. We show that a negative treatment effect 
on the WTP reflects a shift among low-demanders, which might not 
be using therapy with or without the intervention, yet contribute to a 
negative average effect. Few experiments to date have managed to track 
and identify sizeable effects on actual therapy take-up following belief 
corrections. Thus, interpreting WTP gains (declines) requires caution: 
they may indicate latent interest (disinterest) among a particular sub-
group within the WTP distribution, but future research should examine 
22 
whether such interest translates into concrete help-seeking behavior, 
potentially by incorporating longer follow-ups or linking participants 
to services and monitoring enrollment.

Revealing one’s own mental health state & potential stigma
Our final set of results relates to personal and perceived stigma 

(recall Table  7): how each respondent views other students in distress 
and how the respondent might expect other students would view him 
or her if in distress. On personal stigma, we measured a ranking 
preference for working with students with different characteristics on 
a class project, allowing us to compare how respondents would rank a 
student with low grades vs. a student who shows symptoms of mental 
distress or a student who talks about mental health (these results are 
reported in columns (1)-(2) in Table  10). While we are underpowered 
(Subsection B.4) to detect a significant effect in the ranking questions, 
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Table 10
Effects on personal & public stigma-related outcomes.
 SR: Prefer over Low-GPA Student LR: Discuss MH/Therapy
 (1) (2) (3) (4) (5)
 Distress Sympt MH Talk Own MH Issues Therapy Any MH
 Treated 0.043 0.026 −0.079 −0.068 −0.087* 
 (0.036) (0.029) (0.052) (0.056) (0.049)  
 Control Mean 0.703 0.845 0.761 0.376 0.807  
 Control SD 0.46 0.36 0.43 0.49 0.40  
 Observations 680 680 320 320 320  
Notes: This table presents coefficient estimates examining short-run and long-run effects of the intervention on stigma-related outcomes. Columns 
(1)–(2) report short-run outcomes from the baseline survey experiment. Column (1) captures willingness to work with a peer exhibiting visible 
distress symptoms, relative to a peer with a low GPA. Column (2) measures self-reported comfort with talking about mental health more generally, 
relative to a peer with a low GPA. Columns (3)–(5) report long-run effects from the follow-up survey. These include whether participants report 
having discussed their own mental health struggles (column 3), therapy (column 4), or either topic (column 5) in the followup survey. We find 
that treated students became 7.9 percentage points less likely (𝑝 = 0.13) to report talking about their own mental health and 6.8 percentage 
points less likely (𝑝 = 0.22) to discuss therapy—corresponding to 10% and 18% of the control means, respectively. These patterns are potentially 
consistent with an increase in perceived public stigma. SR = short run; LR = long run. *** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1.
we see that the treated respondents are slightly more likely to rank a 
student with symptoms of mental distress above the one with a low 
GPA, which is in line with the information intervention (𝐼3) informing 
subjects that distress and grades are uncorrelated. The effects are small 
overall (relative to the control mean), but are in the direction that we 
would have expected, which may signal slightly lower personal stigma 
(a participant’s negative views of another student in distress).

Next, we turn to a measure of perceived stigma related to personal 
disclosure of own mental health problems, measured in the follow-
up survey with self-reported questions on discussions of own mental 
health struggles when interacting with peers. As we showed previously, 
about 1 in 3 students in our sample at baseline report they would 
be disappointed in themselves if they had mental health issues (‘self-
stigma’) while they feel general support for going to therapy (Table 
6). In our follow-up survey, to further explore another aspect of peer 
interactions around therapy, we asked the subjects whether in addition 
to giving recommendations to friends, they themselves had shared their 
mental health struggles with others at the university. While ex-ante we 
expected students to be more willing to engage in mental-health related 
discussions (similarly to sharing links and giving recommendations), 
in Table  10, we find that treated students became 7.9 p.p. (𝑝 = 0.13)
less willing to talk about their own mental-health struggles (10% of the 
control mean) and 6.8 p.p. (𝑝 = 0.22) less willing to discuss their or 
their peers’ experience with therapy use (18% of the control mean) — 
which may be related to perceived stigma.

While we cannot precisely pinpoint the mechanism driving this 
result, we conjecture that our intervention might have reinforced per-
ceived stigma (what students believe others think about them when 
in distress) as the infographic explicitly mentioned the existence of the 
misconception about the negative correlation between distress and GPA 
across students prior to correcting it. This may have reinforced the 
misperception before ever correcting it, which is especially relevant 
to observing behaviors outside the survey experiment as respondents 
make decisions about sharing their struggles with others in an environ-
ment where others’ beliefs were not updated (the vast majority of their 
peers are not survey participants) and are probably more aligned with 
the misperception we tried to correct rather than the truth.

In a setting in which students probably have a close-enough proxy 
of their friends’ academic performance, the magnitude of the reinforce-
ment should be given a larger weight by students with low academic 
performance rather than by those with high academic performance.45 

45 If students have low academic performance and their friends are aware of 
that, disclosing that they have mental health issues could potentially worsen 
their friends’ perception of them. If students have high academic performance 
and their friends are aware of that, then disclosing mental health issues 
could potentially worsen their friends’ perception of them, but given that the 
reference point is higher, the effect’s magnitude is relatively smaller.
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If lower-GPA students infer that many peers still hold the stereotype, 
the perceived social cost of admitting distress may rise. We present 
evidence consistent with this explanation in Fig.  13. Treated students 
with below median GPA are 14.9 percentage points (𝑝 = 0.03) less likely 
to discuss their own mental health issues, whereas those with above 
median GPA are not more nor less likely to discuss their own mental 
health issues, relative to those in control (−0.2 p.p. estimate; 𝑝 = 0.98). 
Regarding the discussion of their or their peers’ experience with on-
campus therapy, students with below median GPA are 9.2 percentage 
points (𝑝 = 0.25) less likely to discuss it, while students with above 
median GPA are 4.9 percentage points (𝑝 = 0.54) less likely to discuss 
it.46

This highlights the importance of how we convey information in 
settings where generalized perceptions and truthful facts differ sub-
stantially, and potentially heterogeneously by underlying population 
characteristics. When addressing issues in which agent’s decisions de-
pend on other people’s beliefs, it may not be sufficient to update the 
agent’s own belief about objective facts, but also what the respondent 
anticipates others would think or do in response to his or her actions 
and choices (second-order beliefs). When designing a belief correction 
intervention for to correct interpersonal misconceptions, one might tell 
the participants that a misconception exists and/or how prevalent it is 
to make the corrective intervention more appealing and memorable, 
yet, this may reinforce the incorrect beliefs and shape how participants 
anticipate to be treated by others outside of the experiment.

Our heterogeneity exploration suggests that students may interpret 
the same belief-correcting facts through different lenses based on prior 
experience and beliefs. Those who had already experienced therapy 
at baseline integrate the new information in line with the proposed 
theory of change, while ‘‘low-demand’’ students update in ways that 
further lower their stated valuation of paid services and constrain 
personal disclosure. Our findings echo recent work showing that belief-
correction campaigns can have unintended effects when they prime 
interpersonal second-order beliefs about how others may view them 
in light of the presented information (Bursztyn and Yang, 2022). In 
other words, correcting a stereotype may have the effect opposite to 
the intended de-stigmatization if the message first reminds recipients 
that the stereotype exists and/or is widely held. Future interventions 
on stigma-sensitive topics should therefore test how the framing of 
belief correction affects the effectiveness of updating with or without 
highlighting the prevalence of the misconception itself.

Taken together, our evidence reinforces a pattern that emerges 
across recent work. Fact–based, first–order belief corrections, such as 
updating beliefs about therapy effectiveness or typical therapy-goer 

46 Other pre-registered heterogeneity can be found in Appendix Subsection 
B.9.
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Fig. 13. TE Heterogeneity on Discussing MH Issues by GPA.
Notes: This figure presents treatment effect heterogeneity on long-run mental health (MH) communication outcomes, by baseline academic performance. Estimates 
show coefficients with 90% confidence intervals from interacting treatment status with a binary indicator for below-median GPA. Outcomes include willingness 
to talk about one’s own mental-health struggles (blue) and willingness to discuss one’s own or peers’ experience with therapy use (purple). Treated students with 
below-median GPA are 14.9 percentage points less willing to talk about their own mental-health struggles (𝑝 = 0.03), while the effect for higher-GPA students 
is negligible (−0.2 p.p.; 𝑝 = 0.98). For therapy-related discussions, lower-GPA students are 9.2 p.p. less willing to engage (𝑝 = 0.25), compared to a smaller and 
non-significant 4.9 p.p. decrease among higher-GPA students (𝑝 = 0.54).
profiles, successfully shift low-cost behaviors (e.g., sharing resource 
links or recommending services), yet leave higher-stakes actions such 
as self-disclosure or starting therapy unchanged overall, with stronger 
effects for subpopulation that were less stigmatized and/or were al-
ready using therapy at baseline (Smith, 2025; Acampora et al., 2023; 
Roth et al., 2024b). In other settings, large and more durable changes 
arise when interventions target second-order misperceptions: in Indian 
slums, updating respondent beliefs about much higher neighbors’ open-
ness to discussing financial and mental-health stress than the majority 
believed increased sign-ups and contributions for savings and listening 
groups (Jain and Khandelwal, 2024), while in Saudi Arabia, correcting 
men’s beliefs about peer support for women’s work boosted spousal 
job search and raised wives’ labor-market activity by 4–5 p.p. after 
one year (Bursztyn et al., 2020). These patterns suggest that mental-
health programs may need to combine credible facts and visible signals 
of peer acceptance, along with incorporate follow-up reinforcement 
or sustained engagement (Dhar et al., 2022), to move higher-cost, 
potentially more stigmatized behaviors that are harder to change with 
information alone, such as therapy take-up by those who have not used 
or considered therapy and personal disclosure of emotional distress.

7. Discussion

Our findings highlight the importance of misperceptions and stigma 
as contributors to the mental health treatment gap among students, par-
ticularly in settings where financial and structural barriers are minimal, 
such as when therapy is free and generally viewed as effective. While 
previous research has highlighted attitudinal barriers such as low per-
ceived need or skepticism about treatment among adults, we show that 
students’ misconceptions about who seeks therapy and how distress 
relates to academic performance may also contribute to underutiliza-
tion of support services. The belief that therapy is only for those in 
severe crisis, and the perception that psychological distress is strongly 
associated with poor academic outcomes, may discourage students from 
24 
engaging with available support. By correcting these misperceptions, 
our light-touch intervention increases students’ willingness to share 
campus mental health resources and offer more proactive support to 
peers. While it lowers individual willingness to pay for private therapy 
in the short run (immediately after the intervention), we observe no 
long-term reduction in therapy use six months later. In fact, among 
students who were already engaged in therapy at baseline, we find 
stronger positive effects on both off-campus therapy use and therapy 
recommendations.

These findings have important implications for mental health policy 
in university settings and beyond, particularly in developing countries 
where mental health stigma remains high. Our results suggest that 
addressing psychological frictions through belief correction can be a 
cost-effective way to improve engagement with available resources, 
especially by encouraging students to support their peers in seeking 
help. However, presenting students with the existing misconceptions, 
even while correcting them, could have lasting effects, as we find 
that personal disclosure of mental health problems is lower among 
treated subjects six months after the intervention. This highlights a 
dimension of belief correction that is often overlooked in informa-
tion interventions: while the facts could reduce stigma and increase 
awareness, presenting information about the existence and prevalence 
of misconceptions may shift behaviors and beliefs in unintended ways.

More broadly, our results contribute to the literature on behavioral 
barriers to human capital investment and treatment-seeking in health-
related settings. They align with recent work on how cognitive frictions 
influence decisions in education, labor, and health domains (Schilbach 
et al., 2016; Rao et al., 2021), as well as with research on the potential 
and limitations of correcting misperceptions to reduce stigma and 
shift behavioral outcomes (Bursztyn and Yang, 2022). Future research 
could explore whether similar interventions are effective in increasing 
treatment take-up in contexts where financial and logistical barriers 
are more salient than in our setting, and whether belief correction 
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can lead to longer-term changes in mental health norms and behav-
iors. As universities and policymakers expand mental health services, 
understanding the mechanisms that drive help-seeking decisions will 
be essential for designing interventions that meaningfully reduce the 
treatment gap.

Our mixed evidence, which shows strong gains in peer sharing 
but limited effects on therapy take-up and self-disclosure, suggests 
that correcting factual beliefs through information interventions may 
be necessary but insufficient for shifting more effortful or stigma-
sensitive behaviors. This pattern is consistent with prior experimental 
research documenting modest effects of first-order belief corrections on 
mental health treatment-seeking (Acampora et al., 2023; Smith, 2025; 
Roth et al., 2024b). These muted effects could potentially be amplified 
by targeting and updating second-order beliefs, particularly in cases 
where individuals underestimate the true norms in their communities. 
This approach has shown promise in other field settings (Jain and 
Khandelwal, 2024; Bursztyn et al., 2020). For example, when slum 
residents in India learned that a strong majority of their neighbors 
were actually open to discussing financial and mental health concerns, 
they became substantially more likely to sign up for neighborhood 
savings circles and volunteer listening programs, and also contributed 
more to support these initiatives (Jain and Khandelwal, 2024). In Saudi 
Arabia, men were more likely to register their wives on a job platform, 
and the women were subsequently more likely to seek employment 
opportunities, following updated beliefs about prevailing social norms 
regarding women working (Bursztyn et al., 2020). Exploring such 
misperceptions in the context of mental health may offer a promising 
direction for future research. This is especially relevant given that men-
tal health treatments like cognitive behavioral therapy (CBT) often aim 
to shift personal narratives and beliefs about oneself and others—the 
‘‘cognitive’’ component of CBT—highlighting the potential of correcting 
interpersonal misperceptions as a mechanism for behavior change in 
this domain.
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