
Acampora, Michelle; Capozza, Francesco; Moghani, Vahid

Working Paper

Mental Health Literacy, Beliefs and Demand for Mental
Health Support among University Students

Tinbergen Institute Discussion Paper, No. TI 2022-079/I

Provided in Cooperation with:
Tinbergen Institute, Amsterdam and Rotterdam

Suggested Citation: Acampora, Michelle; Capozza, Francesco; Moghani, Vahid (2022) : Mental Health
Literacy, Beliefs and Demand for Mental Health Support among University Students, Tinbergen
Institute Discussion Paper, No. TI 2022-079/I, Tinbergen Institute, Amsterdam and Rotterdam

This Version is available at:
https://hdl.handle.net/10419/273792

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dürfen die Dokumente nicht für öffentliche oder kommerzielle
Zwecke vervielfältigen, öffentlich ausstellen, öffentlich zugänglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfügung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewährten Nutzungsrechte.

Terms of use:

Documents in EconStor may be saved and copied for your personal
and scholarly purposes.

You are not to copy documents for public or commercial purposes, to
exhibit the documents publicly, to make them publicly available on the
internet, or to distribute or otherwise use the documents in public.

If the documents have been made available under an Open Content
Licence (especially Creative Commons Licences), you may exercise
further usage rights as specified in the indicated licence.

https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://hdl.handle.net/10419/273792
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/


 

 

TI 2022-079/I 

Tinbergen Institute Discussion Paper  

 

 

 

Mental Health Literacy, Beliefs and 

Demand for Mental Health Support 

among University Students 

 

 

 
Michelle Acampora1  

Francesco Capozza2 

Vahid Moghani2 
 

 

 

 

 

 

 
1 University of Zurich 
2 Erasmus University of Rotterdam 



 

 

 

 

 

 

Tinbergen Institute is the graduate school and research institute in economics of 
Erasmus University Rotterdam, the University of Amsterdam and Vrije Universiteit 

Amsterdam. 
 
Contact: discussionpapers@tinbergen.nl  

 
More TI discussion papers can be downloaded at https://www.tinbergen.nl  

 
Tinbergen Institute has two locations: 
 

Tinbergen Institute Amsterdam 
Gustav Mahlerplein 117 

1082 MS Amsterdam 
The Netherlands 
Tel.: +31(0)20 598 4580 

 
Tinbergen Institute Rotterdam 

Burg. Oudlaan 50 
3062 PA Rotterdam 

The Netherlands 
Tel.: +31(0)10 408 8900 
 

mailto:discussionpapers@tinbergen.nl
https://www.tinbergen.nl/


Mental Health Literacy, Beliefs and Demand for

Mental Health Support among University Students*

Michelle Acampora† Francesco Capozza‡ Vahid Moghani§

October 20, 2022

Abstract

This paper assesses the impact of a mental health literacy intervention on the demand for mental health support among

university students. We run a field experiment with 2,978 university students from one of the largest Dutch universities.

The literacy intervention provides information on the benefits of care-seeking and its potential returns in terms of academic

performance. The intervention increases the willingness-to-pay for a mental health app among male respondents. Moreover,

the information increases (decreases) the demand for information about coaching (psychological) services. We document

that this substitution is concentrated among students with low to moderate anxiety/depressive symptoms, while the

students with severe symptoms increase their demand for coaching without reducing their demand for psychological

services. An increased perceived effectiveness of low-intensity therapy is likely to be the mechanisms. In a follow-up

survey three weeks later, we find that the treated female respondents have improved their mental health. Finally, a model

of mental health investment decisions in the presence of (self-)image concerns rationalizes the results.
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1 Introduction

According to the OECD, one in every two people in the world will be affected by mental or

neurological disorders at some point in their lives (OECD 2018). Three quarters of mental

health disorders emerge by the age of 24, but most cases go undetected and untreated (Kessler

et al., 2005). University students have shown a vulnerability for mental health disorders, with

survey evidence suggesting a prevalence of depression and anxiety higher than in the general

population. The Covid-19 pandemic has exacerbated these issues (Adams-Prassl et al., 2021;

Giuntella et al., 2021), increasing the urgency of the problem.

Mental health is a global public good (Patel, 2018) and there are large costs associated

with poor mental health, both at individual and societal level. OECD estimates suggest

that poor mental health can lead to a welfare loss of up to 4% of global GDP (OECD, 2020).

Anxiety and depression account for 8% of years lived with disability (Vos et al., 2012). In the

educational context, mental health issues hinder human capital accumulation (Currie, 2009;

Currie and Stabile, 2006; Eisenberg et al., 2009; Heckman et al., 2006; Krishnan and Krutikova,

2013). By leading to biased beliefs about one’s ability, mental health issues can also lead to

the misallocation of talents (de Quidt and Haushofer, 2016). Later in life, mental health issues

are associated with large earning penalties in the labor market (Biasi et al., 2021), a higher

likelihood of unemployment, and penalties on the marriage market (Bos and Hertzberg,

2021).

Despite the extensive consequences of poor mental health, there is a large gap in demand

for mental health support among university students: the majority of students in need is not

seeking professional mental health support (Eisenberg et al., 2007; Hill et al., 2020; Sæther

et al., 2021; Watkins et al., 2012)1. The gap persists despite efforts from universities to increase

the supply both of psychological counseling and low-intensity psychological interventions2,

1We use the clinically validated brief screening tool PHQ-4 to assess the mental health of respondents in our
study. Scores equal or higher than 6 correspond to moderate to severe depression and anxiety. In our sample,
28.8% of the respondents show symptoms of poor mental health. Only 36% of them are receiving support either
from health professionals or by relying on apps.

2With the expression “high/intensity” psychological interventions, we refer to services and treatment options
provided by trained medical professionals, while “low-intensity” interventions include both self-help tools and
services targeting mental health, but not provided by mental health professionals.
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such as coaching and mental health apps3. There is growing evidence that low-intensity

interventions, such as well-being apps, are effective in improving mental health (Shreekumar

and Vautrey, 2021) and can make users open to switching to services provided by mental

health professionals (Clay, 2021).

In this paper, we study the demand for mental health support among university students

and its determinants. We ran an online experiment with a broadly representative sample

of 2,978 students recruited from a large Dutch university between October and November

20214, and we measured the effects of a mental health literacy intervention. The intervention

consisted of an information treatment based on results from two peer-reviewed articles

(Eisenberg et al., 2009; Patel, 2018), which conveys two main messages. First, it introduces the

staging approach, which highlights that mental health is not a binary status (ill or healthy),

but a spectrum. Second, it aims to increase the perceived benefits of improved mental health.

The information points out that investing in better mental health, through small steps such

as self-care and monitoring, can be beneficial along the entire spectrum and that improved

mental health can benefit academic performance.

We randomized half of the respondents to receive the mental health literacy intervention,

while the other half did not receive any information. We designed the intervention with a

two-fold goal. The first was to have an intervention which would resemble mental health

initiatives that students could be exposed to outside of the experimental setting, such as

in social media campaigns, workshops, university campaigns, or mental health awareness

weeks. This feature of the treatment allows us to study how students change their demand

for mental health support in a setting which is fairly realistic for them. The second goal was

to target the general student population regardless of their mental health status. This goal

was pursued by highlighting the potential benefits of investing in better mental health along

the entire spectrum, so that the information treatment could promote help-seeking among

all students. The choice to focus on mental health literacy in the information treatment is

3The market of mental health apps has been growing steadily. There are at least 10,000 apps available
(Economist, 2021). In parallel, there has been a sharp increase in the number of universities that provide mental
health apps to their students (see UCLA Grand Depression Challenge as an example), as well as firms, such as
Nike or McKinsey, providing them to their employees.

4Dutch authorities reported a worrisome increase in mental health problems among university students in
the Netherlands during the pandemic, which made the understanding of the demand for mental health support
in this context even more timely.
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also consistent with a recent literature suggesting mental health literacy interventions as

a tool to increase mental health care demand (Ridley et al., 2020). We relied on two main

outcomes to capture demand for mental health support: the first is an incentivized measure

of willingness to pay (WTP) for a one-month subscription to a mental health app targeting

depression, anxiety, and stress.5 The second outcome captured demand for information, by

asking students to rank three options: (i) whether they would prefer to receive no information

or information about one of two services offered on campus, namely, (ii) psychological

counseling and (iii) coaching.

We document four sets of results. First, on average, the mental health literacy intervention

has a null effect on the willingness to pay for the app subscription. WTP is measured on

an interval between 0e and 10e. The average WTP in the control group is 3.79e. The

treatment estimate suggests an increase by 5.1% of a standard deviation in WTP but is not

statistically significant at conventional levels. Ex-post power calculations rule out an average

treatment effect of sizeable economic significance on WTP.6 Instead, respondents exposed to

the information treatment are more likely to demand information about the coaching service –

a significant increase by 8.5% of a standard deviation – and less likely to demand information

about the psychological counseling service – a significant decrease by 4.4% of a standard

deviation.

Distinguishing between psychological counseling and coaching allows us to shed light

on the sorting of students into high- versus low-intensity services. This is a crucial aspect of

demand for mental health support both because different levels of symptoms severity call

for different psychological services and because there are constraints to the supply of high-

intensity services such as counseling. In addition, it’s important to understand if promoting

low-intensity psychological intervention may lead to a substitution away from high-intensity

services, with adverse effects for individuals with severe issues. In our setting, students with

mental health scores consistent with moderate depression and anxiety substitute information

5The app is Sanvello, which allows you to track your moods, meditate, and also practice cognitive behavioral
therapy (CBT) by using psychologist-designed tools to help manage stress, anxiety, and depression. There is
evidence from clinical trials of its effectiveness in reducing symptoms in a population with a positive screening
for psychological distress (Moberg et al., 2019; Ventura and Chung, 2019).

6We can rule out an effect larger than 7% of a standard deviation, which is substantially lower than/about
half of the average magnitude of treatment estimates in information provision experiment (Haaland et al.
(2021)).
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about psychological counseling with information about coaching. Instead, for students at

the two ends of the spectrum – with scores rated as "no signs of depression" or "severe" –,

the evidence suggests that the increase in demand about coaching does not arise from a

substitution effect, but corresponds to an increase in overall demand for information.

Second, in line with the psychological literature that documents heterogeneity in mental

health risk and help-seeking behavior by gender, we find substantial heterogeneity in the

effects of our intervention on demand for mental health support. The self-identified gender of

respondents is a central dimension of heterogeneity. Male respondents in the treatment group

increase their willingness to pay for the app by 14.6% of a standard deviation (significant at

the 5% level). Higher level of stigma (both social and self-) and lower level of care-seeking

behavior among male respondents in the control group compared to female respondents can

help understand/explain why male students respond to the treatment by increasing their

WTP for a private and completely anonymous option for mental health support. On the

other hand, the substitution in demand for information is driven by female respondents, who

display a higher average demand for information in the control group.

Third, we shed light on the potential mechanisms behind the observed effects. The

intervention increases the perceived effectiveness of mental health apps. The effect is driven

by male respondents, which is suggestive of beliefs about the app effectiveness being the

main driver behind the observed increase in WTP. We also find suggestive evidence that

the intervention increases self-stigma and perceived social stigma attached to high-intensity

psychological services. By stressing the value of investing in better mental health and

highlighting the benefits of small steps, which may be conducive to the use of low-intensity

interventions, the information treatment could have the adverse effect of increasing stigma

associated to professional mental health support by increasing its salience.

Finally, we assess the persistence of the effect of the intervention by running a follow-

up survey three weeks later. We validate the use of our measure of information demand

for mental health support options as a proxy for actual demand for mental health support.

We find that acquiring information about the coaching services (psychologist services) has

a strong and positive correlation with self-reported care-seeking behavior from a coach

(psychologist). We also find that, on average, PHQ-4 scores of female respondents who were
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exposed to the information treatment are lower than in the control group, consistent with an

improved mental health status a few weeks after the mental health intervention.

We rationalize our experimental results using a theoretical framework. Focusing on the

role played by students’ beliefs, we model how perceived benefits of mental health care and

self-image concerns affect investments in mental health in a multi-period model. The model

draws insights from the literature studying self- and social image concerns, both theoretically

(Bénabou and Tirole, 2011; Grossman, 2015) and empirically (Bursztyn et al., 2017, 2020).

The model takes stigma towards poor mental health as given and endogenizes the signal

that care-seeking behavior sends about one’s mental health and eventually stigma and self-

image concerns against care-seeking. To the best of our knowledge, the model is the first

formalizing care-seeking behavior in the context of mental health with multiple care options.

Our results show that: i) if the perceived benefits of any type of mental health support options

increase, then more people seek care; ii) if the perceived benefits of low-intensity relative

to high-intensity options increase, then more individuals seek support from low-intensity

options, at the expense of high-intensity ones, and the stigma towards the latter increases.

By shedding light on how beliefs towards low-intensity therapies and self-stigma shape the

demand for mental health support, our results also speak to a small but growing literature

that studies how stigma and anticipated discrimination in the context of mental health illness

affects people’s economic decisions (Eisenberg et al., 2009; Ridley, 2021).

Our results have important implications for the literature studying the causes and the

economic consequences of poor mental health (Ridley et al., 2020) and the strand of this

literature focusing on the evaluation of mental-health service provision interventions. In

the context of Ghana, Barker et al. (2021) show that Cognitive Behavioral Therapy (CBT)

improves people’s mental and physical health, cognitive and socioemotional skills, and

downstream economic outcomes two to three months after delivery. Baranov et al. (2020)

show persistent effects on mental health over time among depressed mothers in Bangladesh.

On the other hand, in rural Kenya, Haushofer et al. (2021) find the effects of an unconditional

cash transfer on both economic outcomes and psychological well-being to be considerably

larger than the effects of a five-week psychotherapy program. Romero et al. (2021) shows

that cash transfers have a consistently positive impact on people’s well-being in developing
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countries. In the context of the US, Shreekumar and Vautrey (2021) shows that four weeks

of self-therapy with a popular meditation app increases users’ mental health and improves

their economic behavior. We contribute to this stream of literature by focusing on demand for

treatment options. The understanding of the drivers of demand is essential for any policy

aimed at rolling out or scaling-up a mental-health service provision program that people

would have to voluntarily take up. Stigma, low mental health literacy, scheduling concerns,

lack of knowledge about the care options, and negative attitudes towards mental health

services and professionals are among the most commonly cited barriers to care-seeking, while

previous positive experiences with health services and higher mental health literacy facilitate

help-seeking behavior7. The interventions targeting barriers to care-seeking mostly revolves

around reducing stigma and discrimination8. However, those interventions mostly rely on

small samples and focus on stigma measures as the main outcome, without studying the

effects on care-seeking behavior. To the best of our knowledge, this paper is the first one to

experimentally assess how a mental health literacy intervention affects the demand for mental

health support relying on incentivized behavioral measures. We focus on the population of

university students in a developed-country context. Further work is needed to validate our

results in other contexts and understanding the drivers of demand for mental health services

for other populations.

By focusing on the population of university students, our paper also speaks to the stream

of literature studying the determinants of students’ mental health and exploring the role

played of factors such as peers, teachers and social media (Braghieri et al., 2021; Bütikofer

et al., 2021; Kiessling and Norris, 2022). These concerns have also recently gained attention

in the context of graduate students in Economics (Bolotnyy et al., 2021), Political Science

(Almasri et al., 2021), and medical schools (Anderson et al., 2021). We contribute to this

stream of literature by designing a novel mental health literacy intervention and studying its

effects on the beliefs and care-seeking behavior of a large population of university students.

Finally, our study speaks to two strands of the literature in health economics. First, the

experimental literature studying the effects of information provision interventions on health

7See for example Golberstein et al. (2008), Andrade et al. (2014), Clement et al. (2015), Haugen et al. (2017),
Aguirre Velasco et al. (2020).

8See Thornicroft et al. (2016) for an overview of such interventions
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behaviors (Haaland et al. (2021) for a comprehensive overview of the state of the art of

information provision experiments, including in the domain of health economics). Alsan and

Eichmayer (2021) study persuasion regarding the medical benefits of influenza vaccination

with a particular focus on racial identity. Barari et al. (2020) study public health messaging

and social distancing in the context of the coronavirus pandemic. Second, the literature

studying information acquisition (see Capozza et al. (2021) for a methodological review of

studies on information acquisition in applied settings). In health economics, most of these

studies focused on the decision to get tested for fatal diseases (Ganguly and Tasoff, 2016; Oster

et al., 2013; Thornton, 2008). The closest paper to ours is Khan et al. (2021), which studies

information demand for coronavirus prevention methods. We contribute to these two strands

by providing causal evidence of the effects of a light-touch mental health literacy information

treatment on students’ beliefs, information acquisition about mental health support services,

and incentivized measures of care-seeking.

Our paper proceeds as follows: In Section 2, we describe the data and the experimental

design. In Section 3, we present the results of the intervention and the follow up. In Section

4, we present a theoretical framework to rationalize the results of the intervention. Finally,

Section 5 concludes.

2 Sample and Experimental Design

2.1 Sample

We conducted a field experiment with a sample of university students from one of the largest

Dutch universities. Table B1 in Appendix B shows that the sample is broadly representative

of the student population at the university level.

We ran the main study in the last week of October 2021, from October 26th to October

28th . We leveraged a collaboration with the Education & Student Affairs Office, which has

shared the survey link with over 30,000 university students via e-mail (see Lergetporer et al.

(2018) for a similar approach).

Using the same recruitment procedure, we have conducted a follow up study roughly
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three weeks after the first study. The follow-up data collection started on November 17th

2021 and it lasted for approximately one week9.

The choice to focus on University students is worth noting for three significant reasons.

First, in the Netherlands out-of-pocket payments for mental health care increase once individ-

uals are above 18 years old (Lopes et al., 2022). This transition from child and adolescence to

adult mental health care creates a gap in demand for mental health support (Eisenberg et al.,

2007; Hendrickx et al., 2020). We focus on this gap by studying individuals slightly older

than 18 years. Second, the years spent at university represent a decisive phase for the process

of human capital accumulation, and the literature suggests that poor mental health status

undermines this process (Eisenberg et al., 2009). Third, university students are one of the

groups that shows the highest prevalence of mental health problems (Eisenberg et al., 2009).

2.2 Experimental Design

Part 1: Recruitment and Demographic Characteristics We invited the participants to join

the study via an invitation email.10 The message in the email asked for their participation

in a survey about habits and wellbeing topics. In the framing of the invitation email (Ap-

pendix J) we emphasized the monetary incentives for the participation, the anonymity of the

responses, and we provided information about the content of the survey without deceiving

the participants. We shared the survey link with roughly 30,000 students from all the schools

of Erasmus University Rotterdam.

Once the participants joined the survey, we asked them to create a unique anonymous

ID code that allowed us to match participants with their follow-up responses and ensured

complete anonymity of the responses. Crucially, the process of generating a unique ID code

also served as an attention check, since it required participants to read carefully and follow

all the instructions. Finally, we collected self-reported information from the participants on:

age, gender, school, level of education, whether they were Dutch (if so, whether they had an

immigration background; if not, which geographical region they came from), their GPA, their

9In the period between the main study and the follow-up, the Dutch government imposed some restrictions
on social life and outdoor activities. However, given that these restrictions affect everybody in our sample, the
restrictions do not have consequences for the internal validity of our study.

10(White, 2018) show that the identity of the investigator does not affect the participation of the respondents.
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parents’ education, their perceived level of financial stress, and their self-reported mental

health status.

Part 2: Randomization We randomized the participants in one of two experimental condi-

tions. Half of the participants were randomly assigned to receive an information treatment

aimed at increasing mental health literacy. The mental health literacy intervention stated the

following:

Mental wellbeing is not binary but is a spectrum. Therefore, the staging approach is a new way

to think about someone’s mental wellbeing.

This approach implies that taking care of mental health is a continuous process with positive

outcomes: regardless of how someone feels right now, taking care of their mental health could

always lead to higher wellbeing and fulfillment. The staging approach suggests some simple

steps towards higher wellness, such as promoting self-care and increasing monitoring.

These general tips apply to anyone, including university students. For example, research

evidence suggests that university students who were investing in their mental health were also

showing a better academic performance.

The information treatment presented the reader with a combination of insights from

peer-reviewed publications from the psychological literature (Eisenberg et al., 2009; Patel,

2018). The remaining half of the participants was allocated to the Control group and does not

receive any information 11

The information treatment aims to convey two main insights, which are expected to

increase the perceived benefits of mental health interventions, as people show to lack the

understanding about mental health conditions and their risk factors, symptoms, and potential

treatment options (Jorm, 2000). The first part suggests that mental health should not be

understood as a binary state (healthy vs ill), but rather as a spectrum, and relatedly, that

low-intensity interventions can be beneficial along the whole spectrum. The second part

relates more specifically to the educational context and suggests that there can be returns in

terms of academic performance to investments in mental health.

11The control group in this experiment is a passive control group.
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Part 3: Demand for Mental Health Support App After the exposure to the treatment, we

elicited the participants’ “willingness-to-pay” (WTP) for a self-care mental health online

app. The app provides health and mood tracking, tools to familiarize with the practice of

mindfulness meditation, as well as exercises based on Cognitive Behavioral Therapy, and

it has been shown effective in reducing symptoms of depression and anxiety in clinical

trials. 12 To have an incentive-compatible WTP elicitation, we used the Becker-DeGroot-

Marschak (BDM) mechanism (following Cullen and Perez-Truglia (2018b)). In the BDM,

the respondent’s bid was compared to a price that was determined by a random number

generator. If the respondent’s bid was lower than the price, the respondent got a dollar

amount equal to the price. If the bid was higher than the price, the subject received the access

to a one-month subscription for the mental health app and no dollar amount. The rules of this

mechanism make it a dominant strategy for respondents to bid exactly their true valuation

for the app. 13

One important detail of the BDM mechanism is that all subjects must provide a bid for

the item at hand, but this bid is not always “executed.” We tell subjects that bids from “a

few participants” will be chosen at random to be executed (Cullen and Perez-Truglia, 2018a).

Subjects find out if their bids are selected only at the end of the experiment. 14

Part 4: Demand for Information about Support Services We elicited the participants’

demand for information about the mental health support services offered at the university

(psychological counseling and coaching). Following the approach discussed in Capozza et al.

(2021), we ask the respondents to rank the options provided to receive (or not) information. We

asked the participants to rank the alternatives from the most preferred to the least preferred

one.15 After ranking the options, the participants received the link to reach the website page

about the highest ranked information. The options provided were: psychological service

provided by the university, the coaching service provided by the university, and the option to

12provides the research evidence on the efficacy of the app. Prior to their bid, we also provide the description
of the app to the participants.

13We follow the same incentive scheme as Allcott et al. (2020).
14Burchardi et al. (2021) show that respondents’ optimal bidding and understanding of the mechanism is not

affected by the type of elicitation techniques used.
15We follow a procedure similar to the one used in Fuster et al. (2021).
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not acquire any information. Crucially, all the services were provided by the university to

avoid that the preference for a service provided outside the university over one provided

at the university is explained by social image concerns, and by the desire to avoid social

comparisons at university. The default option was receiving no information, so that the

decision to acquire information required participants to actively change the ranking. At the

same time, the ranking decision allowed us to study whether the information treatment affects

the relative demand of information about the university psychologist (more specialized on

mental health but more ego-threatening) and about the coaching service (less specialized, but

less ego-threatening).

Part 5: Post Treatment Questions We elicited the participants’ risk and time preferences

using the questions from Falk et al. (2018), as stress seems to influence them (Haushofer and

Fehr, 2014). We also asked whether the participants were already receiving support and from

which source. Moreover, we asked a battery of post-treatment questions, which are shown to

the participants in a random order:

• We elicited the participants’ beliefs about the importance of good mental health for

educational and labour market outcomes, as these beliefs capture the perceived benefits

of good mental health.

• We elicited the participants’ beliefs on the effectiveness of the mental health app.

• We used questions from validated scales from psychology to measure the self and social

stigma of seeking mental health support.

Part 6: Mental Health Status We assessed the participants’ mental health status by using

the diagnostic tool PHQ-4. PHQ-4 is a reliable and brief screening tool for depression and

anxiety (Kroenke et al., 2009; Shreekumar and Vautrey, 2021). We used this tool at the end of

the experiment to minimize any priming effect at earlier stages of the experiment.

Experimenter Demand Effect and Follow-Up Survey Although the experimenter demand

effect is usually moderate (de Quidt et al., 2018), we took several measures to minimize it.
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First of all, our first outcome variable, WTP for the mental health app, was an incentivized

behavioral measure that should reduce the concerns for the experimenter demand effect.

Moreover, we preserved the anonymity of the participants during the experiment, which

should also minimize the experimenter demand effect. Furthermore, we recontacedt the

participants to the experiment a few weeks later and we matched them to their previous

answers by means of their unique ID code and their demographic variables. In this follow

up, we assessed whether participants had sought help in the two weeks before the follow

up and whether they were planning to seek help in the two weeks after the follow up, to

understand if the mental health literacy information treatment affected help-seeking behavior

in the weeks following the experiment. Finally, we re-assessed the participants’ mental health

status with the PHQ-4 questionnaire.

3 Analysis

In the main survey, we recorded the responses of 3,864 participants. Of these, 572 decided

to leave the survey in the first page where they were asked to generate a unique ID code

and validate it. 3,292 respondents reached the randomization phase, and 2,978 respondents

completed the main survey. For the main analysis, we focus on the 2,978 respondents who

completed the survey in its entirety. The analysis that follows was pre-registered before

running the experiment on the AEA RCT Registry. 16

3.1 Balancing Tests and Attrition

We test whether the participants in the Control and Treatment group are balanced across

several observable characteristics. We run two-sided t-tests to assess whether this is the

case. Table 1 shows that, overall, the randomization has successfully worked. We observe

small imbalances along three dimensions: age, being of Dutch nationality, and gender. The

participants in the Treatment group are slightly older than the participants in the Control

group. Moreover, there are fewer Dutch students and more female students in the Treatment

16The pre-registration of this trial can be found under the number 0008406.
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group than in the Control group. The result from the F-test does not reject the null hypothesis

of the two treatment groups being different across all characteristics at standard significance

levels.17

We also assess whether randomization has worked on the full sample. We include all

the 3,292 respondents who have reached the randomization phase, and we repeat the same

procedure as 1. Table C1 in Appendix C shows that the differences in age, nationality, and

gender existed at the time of initial randomization and is not a result of differential attrition.

Therefore, we conclude that there is no differential attrition among the respondents.

Finally, we check whether the participants in the Treatment group are more or less likely

to finish the survey compared to the participants in the Control group. Table C2 in Appendix

C shows that this is not the case.

Table 1: Randomization check

Variables Control Treatment p-value
Age 21.49 21.72 0.08∗

Dutch 0.62 0.59 0.05∗

Female 0.61 0.65 0.03∗∗

Bachelor 0.59 0.58 0.60
Low GPA 0.49 0.49 0.82
Financial Stress 0.20 0.22 0.13
Father’s Education 0.37 0.37 0.86
Mother’s Education 0.32 0.33 0.56
Low Mental Health 0.14 0.12 0.21
PHQ4 4.29 4.33 0.72
Support

Psychologist 0.126 0.142 0.18
Coaching 0.026 0.035 0.15
App 0.10 0.12 0.09∗

Peers 0.17 0.17 0.91
Family 0.70 0.72 0.16

Observations 1495 1483

Note: The table shows the demographic characteristics for our sample broken down into Treatment and Control group.
t-tests were used to assess whether demographic variables followed the same distribution between Treatment and
Control. The third column reports p-values. Age is a continuous variable of the age of the participant. Dutch gets value
1 if the participant has Dutch nationality. Female gets value 1 if the participant reports to identify with female gender.
Bachelor is a dummy that gets value 1 if the participant is a bachelor student. Low GPA gets value 1 if the participant
reports to have a GPA lower than 7.5. Financial Stress gets value 1 if the participants reports that the current financial
situation is "Very Bad" or "Bad". Father’s Education and Mother’s Education get value 1 if the participant’s father and
mother, respectively, have an education level below the bachelor. Low Mental Health gets value 1 if the self-reported
mental health of the participant is "Very Bad" or "Bad". PHQ4 is a continuous variable for a diagnostic measure of the
participant’s mental health. This variable is measured after the allocation of the respondents to the Treatment, that is
not affecting PHQ4 score. We have also reported the differences of the mental health status across 4 different intervals
of PHQ4 score: 0 - 3 (no symptoms); 4 - 6 (mild symptoms); 7 - 9 (moderate symptoms); 10 - 12 (severe symptoms).
Support is a dummy variable that gets value 1 if the respondent is receiving from one of the following support sources:
Psychologist, Coaching, App, Peers and Family. Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.

17F-statistics = 1.378, p-value = 0.19.
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3.2 Main Results

Descriptives On a scale ranging from 0e to 10e, the participants in the Control group

are willing to pay, on average, 3.79e for the mental health app. 43.3% of respondents in

the Control group are interested in receiving information about the psychological support

available at the University; 18 25.4% is would prefer to receive information about the coaching

service available at the university, and the remaining 31% is not interested in receiving

any information about the two listed options to get mental health support at the university.

Finally, in the Control group, 12.6% of the respondents are already receiving support from

a psychologist, 10% are using a mental wellbeing app, and roughly 3% are getting support

from a coach.

The psychologicy literature has identified several barriers and facilitators to help-seeking

among young people. Efficacy beliefs contribute to increase help-seeking intentions, while

stigma represents a main barrier to help-seeking. In line with these findings, we find that the

beliefs about the effectiveness of the mental health apps strongly predicts the participants’ care

seeking behaviour. Figure A.18 shows that the students who believe in the high effectiveness

of the mental health apps are willing to pay more for them. Figure A.19 documents that the

students who believe that better mental health is not beneficial for academic performance

tend to reject receiving any information about support services. Figure A.18 shows that the

students who believe in a high effectiveness of mental health apps are willing to pay more for

them. We also focus on expected returns from investing in mental health. Moreover, Figure

A.20 shows that high self-stigma (social stigma) about mental health correlates negatively

(positively) with the demand for information about psychological support. On the contrary,

Figure A.21 documents the opposite pattern. The students who display higher social stigma,

but lower self-stigma, are more interested in coaching services.

We also document that Dutch students in the Control group are significantly less willing

to pay for the mental health app. They are less likely to demand information about the

university’s psychologists service, but more likely to demand information about the coaching

service, as documented in Figure A.26 and Figure A.27. On the other hand, female participants

18This is measured as the share of respondents in the control group who ranked receiving information about
the psychological service as their preferred option.
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and participants who display a lower mental health score are willing to pay more for the

mental health app (see Figure A.24). Both students who display lower mental health scores

and female students are also more willing to acquire information (Figure A.25). More

specifically, lower mental health students are more likely to demand information about

psychological services, as shown in Figure A.26.

Finally, Figure 1 shows the distribution of the PHQ4 score of the respondents. 28.8% of

the respondents report a value of the PHQ4 higher or equal to 6 19, which we label as "low

mental health status".

Figure 1: Distribution of PHQ4 score

Figure A.30 presents the correlation between the control variables and the reported PHQ4

score of the respondents. Financial stress, being Dutch, being older, and reporting a higher

GPA negatively correlate with the students’ mental health status. Most notably, gender

appears to be the most relevant, with female students displaying a PHQ4 score which is 28%

higher than the score for the male respondents. We thus find evidence of a gender gap for

mental health, which is consistent with findings from the literature (Adams-Prassl et al., 2021;

Golin, 2021).

Figure 2 displays the fraction of the respondents who are seeking professional care by

their level of mental health. Among the respondents with low mental health status, we find

19The psychological literature identifies 6 as the threshold value for moderate psychological distress, with
values 9-12 corresponding to severe psychological distress
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evidence for a gap in demand for support, which is in line with the literature. Only 36%

of them are seeking support (25.5% of them are receiving professional support, and 16.3%

of them are using a mental health app). Notably, female respondents report to use more

professional support than male respondents (t = −6.1304, p-value < 0.001), as well as to use

more mental health apps (t = −4.1499, p-value < 0.001).

Figure 2: Care Seeking by PHQ4 score

Empirical Specification We assess whether the mental health literacy intervention changes

respondents’ demand for mental health support. For that purpose, we estimate the following

regression specification with an OLS model:

yi = α + βti + ΓTXi + ϵi (1)

where yi is either the willingness to pay (WTP) for the app, or a binary indicator taking

value one if the respondent demands information about the psychological service/information

about coaching service/no information; ti is an indicator for whether the respondent i is

in the treatment group; Xi is a vector of control variables including: Age, Dutch, Female,

Bachelor, GPA, Financial Stress, Father’s Education, Mother’s Education, PHQ4; and ϵi is an
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individual-specific error term.

Main Effect Table 2 presents results of the mental health literacy intervention on the

demand for mental health support among participants. Column 1 suggests that, on average,

the mental health literacy intervention had a negligible effect on willingness-to-pay for the

mental health app. WTP increases by 5.1% SD, but the effect is not significant (p-value = 0.33)
20. Although not significant, the intervention reduced the probability that the students chose

"No information" as their preferred option by 3% SD. We also document a substitution effect

of the literacy intervention, that led respondents to reduce their likelihood of demanding

information about the psychologist service. This corresponded to an increase in the demand of

information for the coaching service, suggesting that the intervention induced a substitution

in demand for information from high intensity psychological services toward low intensity

psychological services. The likelihood of demanding information about psychologist service

decreased by 4.4% SD, while demand for information about the coaching service increased

by 8.5% SD.

Result 1. On average, the mental health literacy intervention did not significantly increase the

students’ WTP for the mental health app. Moreover, the intervention reduced the students’ demand

for information about the psychologist service, but it increased the demand for information about the

coaching service correspondingly.

3.3 Heterogeneity Analysis

To study the heterogeneity of our baseline results, we estimate Causal Random Forests models

(CRF; Wager and Athey (2018)). This non-parametric method allows to relax the assumptions

on the unobserved errors, and exploit accurately the heterogeneity in our sample.21 We follow

Wager and Athey (2019) to estimate Conditional Average Treatment Effect (CATE) for each of

the observations in our sample, given their characteristics. We use the control variables used

in Equation 1 to estimate the CATE’s. We look at the distribution of CATE’s separately by the

20An ex-post power calculation shows that the minimum detectable effect in our sample is 7.1% SD.
21Appendix F describes in detail the CRF method and how we have implemented it in our analysis.
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Table 2: Main Results: Demand for Mental Health Support

Dependent variable:
WTP No Information University Psychol-

ogist
Coaching Service

(1) (2) (3) (4)

Treatment 0.082 −0.003 −0.033∗ 0.036∗∗

(0.085) (0.017) (0.018) (0.016)

Observations 2,978 2,978 2,978 2,978
Controls YES YES YES YES
Control group mean 3.789 0.310 0.434 0.254
Adjusted R2 0.043 0.042 0.058 0.020

Note: All specifications are OLS models. Column (1) looks at the willingness to pay for one month of access
to the app. Column (2)-(4) look at dummies of putting psychological services, coaching services, and no
information as the preferred option respectively. Robust standard errors are reported in parentheses.Control
variables include: Age, Dutch, Female, Bachelor, GPA, Financial Stress, Father’s Education, Mother’s
Education, PHQ4. Age is a continuous variable of the age of the participant. Dutch is a dummy taking
value 1 if the participant has Dutch nationality. Female gets value 1 if the participant reports to identify
with female gender. GPA is a categorical variable that spans from "Below 5.5", "5.5-6.5", "6.5-7.5", "7.5-8.5"
and "Above 8.5". Financial Stress is self-reported categorical variable for the current financial situation
from: "Very Bad", "Bad", "Fair", "Good", "Very Good". Father’s Education and Mother’s Education level is a
categorical variable for the participant’s father and mother education level. PHQ4 is a continuous variable
for a diagnostic measure of the participant’s mental health. Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05;
∗p < 0.1.

dimensions of interests to shed light on heterogeneity of the effects22.

3.3.1 Heterogeneity by baseline Mental Health (PHQ4)

One of the findings of Result 1 shows that the mental health literacy intervention causes

an increase in the demand for information about the coaching services and a reduction in

the demand for information about psychological services among university students. Thus,

22One can look at the following equation to estimate the heterogeneity:

yi = α + β1ti + β2xi + β3ti × xi + ΓTXi + ϵi

where where yi is either the willingness to pay (WTP) for the app, or an indicator showing if the respondent
demands information about psychological service/information about coaching service/no information; ti is
an indicator for whether the respondent i is in the mental health literacy treatment; xi is a specific dummy for
the dimension of heterogeneity that we consider; Xi is a vector of control variables as in the main specification
Equation 1 minus the heterogeneity dimension under scrutiny; and ϵi is an individual specific error term. The
results of such an approach are given in Appendix E. Using the Generalized Random Forest method provides us
with more flexibility in model specifications in showing non-linearity. However, the results shown in Appendix
E are similar to the findings in this section.
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we explore whether the mental health literacy intervention is actually causing an "adverse"

substitution effect in the demand for information among the respondents. For example, it

could be that the respondents with a lower mental health status, who are more in need of

higher-intensity interventions like psychological services, are actually more prone to acquire

information about coaching services.

Following Wager and Athey (2019), we estimate CATE’s for the effect of the mental

health literacy intervention on the main outcomes. Figure 3 shows the distribution of these

Conditional Average Treatment Effects by the baseline mental health level (PHQ4). Figure 3a

shows that the respondents with better mental health status are those who show a higher

ATE for the mental health app. Moreover, Figure 3b shows that the respondents with worse

mental health status are less likely to choose not to receive any information about care options.

Furthermore, Figure 3c displays that the respondents with low mental health status are

more likely to acquire information about psychological services compared to those showing

moderate mental health disorders. Finally, Figure 3d suggests that there is limited/no

heterogeneity, by baseline mental health level, in the treatment effect on information seeking

for coaching services.

We can conclude that the respondents with better mental health status are more likely

to select themselves into low-intensity interventions such as mental health app or coaching

services as the result of the literacy intervention. This is appropriate given their mental health

status, especially given that there is no change in the information acquisition behaviour on

other dimensions (Figure 3b and Figure 3b).

On the other hand, the individuals with poorer mental health status are more likely

to demand for information. We observe that these individuals demand more information

for coaching services, while there is no evidence that this increase comes at the expense of

reduced demand for psychological services. Finally, the respondents with moderate mental

health disorders seem to be substituting the access to information about high-intensity care

services with information about low-intensity care services. The net wellbeing effect of this

substitution is not clear. Commenting on the consequences of such substitution is out of

the scope of the paper, however, this finding suggests that literacy interventions promoting

low-intensity care have spillovers on demand for high-intensity care.
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(a) Willingness-to-Pay (b) No Information

(c) Information on Psychology Services (d) Information on Coaching Services

*Note: We follow Wager and Athey (2019) to estimate conditional average treatment effects (CATE’s) for each of observations in our sample.

In the random forest methods, we include Age, Dutch, Female, Bachelor, GPA, Financial Stress, Father’s Education, Mother’s Education,

and PHQ4 as the covariates. Each figure shows the distribution of CATE’s by the mental health level (PHQ4 score). The solid line shows the

mean of CATE’s for each level of PHQ4. In (a), we have the willingness-to-pay for one month of access to Sanvello as the outcome. In (b),

the outcome is if the individuals put no-information as their preferred option for information acquisition. In (c), the outcome is if the

individuals put information on psychological services as their preferred option for information acquisition. In (d), the outcome is if the

individuals put information on coaching services as their preferred option for information acquisition.

Figure 3: Heterogeneity of the Effects by Baseline Mental Health (PHQ4)
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3.3.2 Heterogeneity by Gender

The gender differences in mental health risks, specifically anxiety and depression, are among

the most robustly documented phenomena in the literature, with females being more at

risk than males (e.g., see McLean et al. (2011); Parker and Brotchie (2010); Piccinelli and

Wilkinson (2000); Riecher-Rössler (2017); Salk et al. (2017); Van de Velde et al. (2010)). These

gender disparities in depression, for example, are pronounced to an extent that Hyde and

Mezulis (2020) suggests that single-gender research designs should be questioned. The

gender differences in mental health are also present in the domain of care-seeking behavior.

Lopes et al. (2022) report that females decrease their demand for mental health care when

monetary costs of care increase. Additionally, there is evidence that different genders benefit

differently from psychiatric interventions (Bhalotra et al., 2022).

In-line with the existing evidence, we document a strong heterogeneous treatment effect

by gender. More specifically, the male respondents increase their willingness-to-pay for

the mental health app after being exposed to the intervention, while we do not find any

effect for the female respondants (see Figure 4a). A reason behind this effect can be that the

female respondents in the control group has a higher WTP compared to the male participants.

However, this is unlikely to be driven by a "ceiling-effect", because the female participants

show a e 4 average WTP which is far from the maximum possible bid (e 10). A likely

explanation for this gender difference is that the female participants have higher effectiveness

beliefs in the baseline. The intervention only changes the effectiveness beliefs for male

respondents (Table G1a and Table G1b) Moreover, the male participants report higher self-

stigma and social-stigma related to mental health care seeking behavior. This result might

imply that the male respondents perceive an anonymous mental health app as a softer and

less stigmatized support tool, which increases their average WTP.

We also split the sample by gender and we run the specification as in Equation 1. In Table

E2a, Column 1 shows that the male respondents were driving a significant increase in the WTP

for the mental health app by 14.6% SD. In Table E2b, we find that the female respondents are

entirely driving the adverse effect in the demand for information about mental health support

services. Column 3 and Column 4 in In Table E2b shows that female respondents reduce
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(a) Willingness-to-Pay (b) No Information

(c) Information on Psychology Services (d) Information on Coaching Services

*Note: We follow Wager and Athey (2019) to estimate conditional average treatment effects (CATE’s) for each of observations in our

sample. In the random forest methods, we include Age, Dutch, Female, Bachelor, GPA, Financial Stress, Father’s Education, Mother’s

Education, and PHQ4 as the covariates. Each figure shows the distribution of CATE’s for Males and Females separately. In (a), we have the

willingness-to-pay for one month of access to Sanvello as the outcome. In (b), the outcome is if the individuals put no-information as their

preferred option for information acquisition. In (c), the outcome is if the individuals put information on psychological services as their

preferred option for information acquisition. In (d), the outcome is if the individuals put information on coaching services as their preferred

option for information acquisition.

Figure 4: Heterogeneity of the Effects by Gender
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the information demand for psychologist services and increase the information demand for

coaching services.

The CRF confirms that there is a strong heterogeneity in the treatment effects by gender.

In Figure 4, sub-figures 4a, 4b, 4c and 4d show a pattern of results that is analogous to what

we find in Table E2. On the one hand, male respondents show a larger Average Treatment

Effect (ATE) of the mental health intervention on the WTP for the mental health app. On the

other hand, female respondents have lower ATE of the mental health intervention on the

demand for information about psychological services and a higher ATE on the demand for

information about coaching services, in line with the substitution effect in care seeking.

Result 2. The mental health literacy intervention leads to highly heterogeneous by baseline mental

health (PHQ4) and gender. The respondents with moderate mental health disorders are substituting

the demand for psychologist service with the demand for coaching service, while the respondents with

both high and low mental health status increase their demand for low-intensity care without reducing

their demand for high-intensity care. Male respondents react to the treatment by increasing their WTP

for the mental health app. Whereas, the treatment causes the female respondents to demand more

information for the coaching service and to reduce the demand for psychologist services.

3.4 Mechanisms

Empirical Specification We use the following specification to explore which mechanisms

play a role in shaping the respondents’ reaction to the mental health literacy intervention:

mi = α + βti + ΓTXi + ϵi

where mi is a Z-scored value obtained from the answers to the underlying mechanism

questions.23

23These questions capture beliefs about the academic and labor market returns of good mental health, beliefs
about the effectiveness of the mental health apps, self-stigma and social stigma about mental health care seeking.
We have used questions with Likert-scale answers. To construct the Z-scores, we de-mean each answer by the
mean answer of respondents in the Control group, and then divide the resulting difference by the standard
deviation in the Control group.
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Understanding the Mechanisms Table 3 sheds light on which mechanisms are driving the

observed treatment effects. The coefficient in Column 3 shows that the mental health literacy

intervention increases the perceived effectiveness of the mental health app. Table G1a from

Appendix G shows that most of the effect is driven by the male respondents.24 This result is

coherent with the Result 2, which documents an increase in the WTP for mental health apps

among the male respondents.

Table 3 Column 5, and Table G2 Column (2) show some evidence of an increase in stigma

following the treatment. The effect could be explained by an increase in the salience of mental

health problems, which are mentioned in the mental health literacy intervention (Bordalo

et al., 2016, 2010). The increased perceived benefits of low intensity mental health treatments

may result in a stronger association of high intensity treatment with severe mental health

problems, which may increase the perception of stigma associated with such treatments. So,

care-seeking through the psychologist service could be a signal of worse mental health in a

setting where other effective and cheap options are available for mild problems. We discuss

the latter mechanism in Section 4. However, when we adjust the p-values for the Self-Stigma

and Social Stigma indexes using the "false discovery rate" procedure (Benjamini, 2010), the

mental health literacy does not increase Social and Self Stigma at conventional significance

levels.

Result 3. The mental health literacy intervention increases the perceived effectiveness of the mental

health app. The effect is mostly driven by the male respondents.

Self-Stigma and Social Stigma We investigate what are the factors that influence the stigma

that is attached to mental health care seeking. To this purpose, we have created an index of

both Self-Stigma and Social Stigma separately.25 The creation of indexes helps to address the

concerns of Multiple Hypothesis Testing.

Figure A.31 shows that Female respondents in the Control group tend to report less

self-stigma concerning mental health care seeking behavior, and a similar pattern applies for

24Table G1b reports the mechanisms’ analysis for the female students. The treatment does not have a
significant impact on these factors.

25The Self-Stigma questions measure the attitudes towards mental illness and towards care-seeking.
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Table 3: Mechanisms

Dependent variable:
Academic
returns

Labor returns App effective-
ness

Self-
Stigma

Social
Stigma

(1) (2) (3) (4) (5)

Treatment −0.003 0.003 0.103∗∗∗ 0.038 0.058∗∗

(0.006) (0.035) (0.036) (0.026) (0.028)

Observations 2,978 2,978 2,978 2,978 2,978
Z-score YES YES YES YES YES
Controls YES YES YES YES YES
Control group mean 0 0 0 0 0
Adjusted R2 0.039 0.048 0.016 0.063 0.087
Adjusted p-value NO NO NO 0.32 0.13

Note: All specifications are OLS models. Robust standard errors are reported in parentheses. We z-score all
the mechanism questions. For each question, we subtract the mean of the control group and divide by
the standard deviation of the control group. We adjust the p-value of Self Stigma and Social Stigma with
"false discovery rate" procedure. Control variables are: Age, Dutch, Female, GPA, Financial Stress, Father’s
Education, Mother’s Education, PHQ4. Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.

younger students. On the other hand, respondents with a higher GPA and Dutch students in

the Control group report higher perceived stigma attached to mental health seeking behavior.

Figure A.32 depicts a similar picture for Social Stigma. Female respondents report to be less

scared to tell their parents about mental health issues and they are less scared of potential

discrimination at the university because of their mental health. The opposite pattern emerges

for students with high GPA and for Dutch students.

Overall, the strong and positive correlations between Self-stigma and Social stigma and

being Dutch can be interpreted as suggestive evidence of the reasons why Dutch students

display a lower willingness to pay for the mental health app and why they are less interested

in receiving free information about mental health support options available at the university.

3.5 Follow-Up

We study the persistence of the effects of the treatment on respondents’ self-reported care

seeking behavior, beliefs and mental health status. We have recontacted 1121 respondents,

which accounts for 37.6% of the total sample.26 Table H1 in Appendix H shows that the

26Students with a GPA above 6.5 were more likely to join the follow-up than those with a lower GPA.
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treatment is not leading to differential attrition of the participants into the follow up. Table

H2 in Appendix H shows that the sample of the first experiment does not differ from the

sample in the follow-up survey.

Figure 5 plots how the mental health of the participants of the main study and follow up

evolves over time. The figure shows the respondents from both Treatment and Control group

are improving their mental health. However, the average mental health improvement in the

Treatment group is larger than the average improvement in the Control group.

Figure 5: Differences in PHQ4 by Treatment

Table H3 shows that the treatment is significantly increasing the share of students mental

health with an improved mental health. The mental health literacy intervention is also

leading more respondents to plan to seek care, although these estimates are not significant

at the conventional level. Table H4b documents that these effects are driven by female

respondents. We we find that the treatment significantly improves the mental health of the

female respondents by 0.22 SD. The asymmetric effect of the mental health intervention on

the female respondents compared to the male respondents is in line with the results in the

literature on the effect of mental health care on students’ mental health (Bhalotra et al., 2022).
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The persistent effects of the mental health literacy intervention on the female respon-

dents’ mental health could potentially be driven by female respondents willing to provide

a desirable answer. If this was the case, we would find that the treatment improves female

respondents’ mental health status even more in the first study. To test this conjecture, we

regress the respondents’ mental health status from the first study on a treatment dummy, a

gender dummy, an interaction term between the two dummies, and all the remaining control

variables. We find that the interaction term is not statistically different from zero (β = 0.11

and p − value = 0.58), which suggests that it is unlikely that the differences by gender in the

PHQ4 score are due to experimenter demand effect.

We validate the use of information demand of mental health care services as a proxy

for demand for mental health support. 28 Table H5 in Appendix H shows that demand

for information predicts well the respondents’ self-reported behavior both in two weeks

before the follow-up and two weeks after the follow up. Furthermore, we regress whether

the participants have been receiving or are planning to receive support (via psychologist,

coaching or apps) on the WTP and the demographic controls. We find that WTP is a strong

predictor of the respondents’ demand for mental health support.

Result 4. On average, the mental health literacy intervention does not significantly affect the students’

intention to seek care (although the estimates are positive). Moreover, the intervention increases the

share of students who report better mental health. This effect is mostly driven by female students.

Finally, the demand for information strongly predicts respondents’ self-reported care seeking behavior.

3.6 Robustness Checks

Awareness Falk et al. (2021) model the role of limited self-knowledge and how it introduces

biases in the survey responses. To account for this concern, we define our respondents as

27These effects are striking because the Dutch government announced on November 12th that further
measures were going to limit people’s freedom to counteract COVID-19 diffusion. These results show that the
treatment was somehow making the female respondents more resilient to negative events.

28We also validate whether the respondents in the Control group think that mental health apps are less
stigmatized compared to psychological services (one-sided t-test with p-value < 0.01). The respondents in the
Control group who use coaching services report to believe that coaching service is less self-stigmatizing than
psychological services (one-sided t-test with p-value < 0.1).

27



"aware" if their self-reported mental health coincides with the level of mental health captured

by the PHQ4 scale. Otherwise, they are labelled as "unaware". 80% of our respondents

are aware of their mental health status (either high or low level). Moreover, the correlation

between the self-reported mental health level and the PHQ4 score is 67%, which means that

the two measures are highly correlated.

We estimate an OLS model similar to the Equation 1 with the inclusion of an indicator

which gets the value 1 if the respondents are aware. Table I1 in Appendix I presents the

results of this model. The estimates are unchanged compared to the main results from Table

2, which means that the awareness is not playing a substantial role in shaping respondents’

behavior.

Demand for Information - Logit Models We assess to what extent how our results are

robust to the estimation method. We model the respondents’ demand for information by

using a random utility model and we estimate it with a Logit model. Table I2 in Appendix I

confirms that the mental health intervention causes a shift in the demand for information

from the psychological service to the coaching service.

Fast and Slow Respondents One concern of conducting online survey experiments is that

the respondents might not spend enough time or too much time to complete the survey. To

account for this concern, we drop the respondents who lie in the 1st and 99th percentile of the

completion time for the survey. Then, we re-estimate the OLS model from Equation 1 with

the restricted sample.

Table I4 in Appendix I shows the set of estimates virtually unchanged compared to those

in Table 2. Therefore, we conclude that our estimates are robust to the potential inattentive

respondents.

Effects on the "Readers" One concern of providing a literacy intervention is that the respon-

dents might not actually pay attention to the content of the literacy intervention. We assess

whether our results are actually driven by "fast reader" respondents. To test this, we actually

focus on the respondents from the follow-up who were assigned to the Control group and
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those in the Treatment group who are in the 10th percentile for the time spent reading the

literacy intervention.

In Appendix I, Table I5 I6 confirm that the substitution effect in demand for information,

as well as any improvement in mental health captured in the follow-up are driven by the

respondents who actually took enough time to read the literacy intervention.

Experimenter Demand Effect A further concern for our study is that the experimenter

demand effect is driving our results. Although de Quidt et al. (2019) shows that experimenter

demand effect is usually moderate in the experiment, we provide some arguments to claim

why we think it is very unlikely that it might be driving our results.

To make experimenter demand effect the main driver of our results, we would need that

at least one of the following conditions is satisfied: (i) the respondents know that they are

part of an RCT, (ii) the respondents want to help us and (iii) the respondents know which

answers would be helpful.

In our context, the participants do not know that there is another experimental group that

might or might not receive information. This implies that the first point might not be a serious

concern. Moreover, we do not see a particular reason why the respondents might want to

help. If anything, they have incentives to provide their WTP for the mental health app and to

acquire information they are interested in. Furthermore, even if they wanted to help us in our

research, they would not know which answer would be helpful for us (if any). In addition,

our treatment does not make any specific mention of apps or psychologist/coaching services.

Therefore, the Result 1 we find it is highly unlikely to be driven by experimenter demand

effect. Finally, we have made extra effort to ensure anonymity of the respondents of the

experiment to minimize experimenter demand effect.

4 Model

In this section, we develop that explains the findings of the experiment. The model builds on

the factors that influence care-seeking behavior of individuals including costs, benefits, and

self- and social-image concerns.
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4.1 Primitives of the Model

The model builds on the primitives of Bénabou and Tirole (2011) and Grossman (2015).

Individual A lives for four periods: t = 0, 1, 2, 3. In period 0, the Nature draws both the

individual’s initial mental health, m ∈ [0, 1] and also the individual’s type s ∈ {low, high}.

The continuous mental health level m captures the continues nature of mental health as

discussed in Patel (2018). The type refers to the individuals’ characteristics. By introducing

the individuals’ type alongside with their mental health level, we can formalize the concepts

of stigma. Self stigma towards mental-health and health seeking behavior are rooted in

negative misperceptions (Link, 1987; Link and Phelan, 2001). These misperceptions are

formed in childhood by lay theories that link mental-illness with negative characteristics.

The misperceptions and lay theories can be considered to be equivalent to social stigma29.

Corrigan et al. (2006) argue that self-stigma can be defined as the agreement between one’s

beliefs and these lay theories. The social stigma is the agreement of the society around

the individual with these lay theories and misperceptions. By introducing the type of the

individual s, we later allow for a (perceived) correlation between mental health levels of the

individual and their characteristics which creates stigma towards mental health problems

and possibly care-seeking.

Individual A can decide if and how to invest into her mental-health given her mental

health level m, in period t = 1, and pay the costs. In period t = 2, an observer, O, observes

A’s investment decision. Individual A, gains utility from the beliefs of the observer on her

type. Everything equal, she prefers that O believes that she is high type. The observer beliefs

on the individual being the high type is the source of stigma. One can think of the observer

being a self-observer which does not recall her type but observes her investment decision.

The observer can also be viewed as a social observer who only observes the mental health

investment decisions and does not know the mental health level, m, of the individual.

In period 3, individual A might receive an output with 1 unit of utility or nothing. This

output can represent both higher wellbeing or better labor market/educational outcome of

29It is noteworthy that in the context of mental health, the misperceptions are mainly rooted in the historical
negative view against mental health problems. However, it can also be the case that the misperceptions contain
a kernel of truth as Bordalo et al. (2016) discuss.
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the individual in the medium and long-term. The probability of receiving the unit utility

depends positively on individual A’s initial mental health endowment and the mental health

investment decision.

Period 0 The nature draws the mental health level of the individual A. The initial mental

health m ∈ [0, 1] with continuous and strictly positive probability distribution function f (m)

(on [0, 1]), with mean µm. The nature also draws the type of the individual s ∈ {low, high}.

We assume that s is an abstract concept which has no real influence on the final outcome (no

kernel of truth). However, individuals prefer to be associated with the high type. We assume

that there is a positive association between m and s. This association represents the negative

misperceptions and lay theories against lower mental health levels.

Period 1 Observing her mental health level, individual A decides the type of investment

(care-seeking) in her mental health i ∈ {0, 1, 2}30. The three types of care can represent (1) no

care-seeking (i = 0), (2) low-intensity interventions to improve coping strategies, awareness,

monitoring and and self-care, and etc. (i = 1), (3) and more progressive/professional

treatments (i = 2). The cost of care is c(i):

c(i) =


0 i = 0

c1 i = 1

c2 i = 2

with c2 > c1 > 0. The high-intensity intervention is more costly than the low-intensity

intervention. The cost can be thought of as the monetary costs as well as emotional opening-

up cost, foregone time, or (fixed) social image costs.

Depending on the investment decision, the probability of receiving the unit utility in

30For simplicity, we assume the individual has full knowledge on her mental health level as well as the
investment returns at the time of the investment decision.
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period 3 can increase by b(m, i), where:

b(m, i)


0 i = 0

b1(m) i = 1

b2(m) i = 2

with b1(m) and b2(m) being continuous, differentiable, and decreasing functions (b′i(m) <

0, i ∈ {1, 2}). The latter assumption intuitively means that the lower mental health of the

individual, the more effective the interventions are. We also assume investment type 2 is

more effective for poorer mental health (see Patel (2018)); b2(0) > b1(0) and b′2(m)− b′1(m) <

0. This means that the more mentally unhealthy individuals are, the more effective the

professional treatment (i = 2) becomes. We assume b1(1) = b2(1) = 0, meaning that the

mentally healthy individual would not benefit from any of the investment options. A sketch

of the benefits can be seen in Figure 6.

Figure 6: Sketch of Functional Form of the Benefits of Investments

Period 2 There is an observer in period 2: O. Individual A, receives utility from the beliefs

that this observer forms about A being high type (s = high). O assigns a probability p̂O(m)

for each individual with mental health level m to be the high type. The higher mental health

status, the higher probability assigned to the individual being the high type (p̂′O(m) > 0)

is. We also assume p̂O(m) is convex (p̂′′O(m) ≥ 0). This assumption intuitively means that

the beliefs of the observer are more sensitive to reduction in mental health status when

individuals are healthy compared to when individuals are unhealthy.
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Following Bénabou and Tirole (2011), the observer does not observe any of the type

or mental health level of individual A. The only information available to the observer is

the investment decision i. Therefore, P(i) ≡
∫ 1

0 p̂O(m) f (m|i)d(m), where P(i) gives the

probability of A being the high type and f (m|i) the pdf of the mental health level to be m

given the investment decision i. Individual A receives λOP(i) in terms of utility. λO can be

thought of as how much the individual cares about her image to the observer. The observer

can be thought of as a self-observer who is not able to recall the type and mental health of

herself, or can be thought of as a social observer who forms beliefs on the type of individual

A, given the investment (care-seeking) decisions. The probability is the association between

the care-seeking and the individual being the high type. This roots into the associations

between mental health level and being the high type.

Period 3 A receives a unit of utility with probability u(m) + b(m, i). b(m, i) can be thought

of as the utility in period 3 of investment/care-seeking decision i in period 1 for an individual

with initial mental health level m.

Figure 7: Timing of the Model

Assumptions Here we assume that individuals are uniformly distributed on the unit

interval of mental health status, f (m) = 131.

4.2 Solution

For any individual with initial mental health level m, the expected utility (under Von

Neumann--Morgenstern utility function) at the time of investment decision is:
31The results hold under milder (sufficient) conditions, namely, if the distribution of initial mental health

satisfies the following:

∀m∗ ∈ [0, 1] : (1 − F (m∗))E (m|m ≤ m∗) + F (m∗)E (m|m ≥ m∗) ≥ m∗
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E (U(i, m)) = u(m) + b(m, i) + λOP(i)− c(i)

so for any m:

E (U(i, m)) =


u(m) + λOP(0) i = 0

u(m) + b1(m) + λOP(1)− c1 i = 1

u(m) + b2(m) + λOP(2)− c2 i = 2

so, the solution to this problem can be identified by i∗(m). In other words, knowing the

investment decisions for all the initial mental health levels characterizes the equilibrium.

Pooling Equilibria

The pooling equilibria occurs when the individual always decides to seek a certain type

of investment independent of the initial mental health endowment; i∗(m) = i∗. So, for all

initial mental health level, the investment decision is similar. For each pooling equilibrium,

it is required that the expected utility of the investment decision is higher than the other

investment options. The only possible pooling equilibrium is the pooling equilibrium where

nobody seeks care:

bi(m) ≤ ci ∀m ∈ [0, 1] , i ∈ {1, 2}

In a context with low benefits of seeking care (especially for those in worse mental health

conditions m = 0) and high costs of seeking care, nobody is going to seek care32. Here

we assume that the investment decisions are uninformative about the type of individuals

(because everybody has the same strategy independent of her type). In other words, the

individuals would not benefit in terms of observer beliefs, if they change their investment

decisions. So, we assume the off-equilibrium belief of the observer is similar to the equilibrium

belief; f (m|i) = f (m).

With uninformative investment decisions, there is no pooling (or separating) equilibrium

that everybody invests/seeks care. The reason is that, for the healthy individuals, it is

32This condition is sufficient for having a pooling equilibrium where nobody seeks care under reasonable
assumption of no (off-equilibrium) association of care-seeking and having better than the average mental health
status.
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always strictly beneficial to not invest given no benefit of investment, and nonzero costs33

(b1(1) = b2(1) = 0, c2 > c1 > 0).

Separating Equilibria

It is straightforward to show, given P(i), if there is a mental health level that prefers the

lower-intensity intervention over the higher-intensity intervention, then for all the mental

health levels above that, the lower-intensity intervention is preferred. The opposite holds

for the high-intensity intervention. If there is a mental health level that higher-intensity

intervention is preferred to a lower-intensity intervention, for all the mental health levels

below, the high-intensity investment is preferred.

Given these patterns, one can show that in all the separating equilibria, there are some

individuals who do not seek care. This is due to the fact that for m = 1, the benefits of

seeking care is zero while the costs are nonzero34. Consequently, we consider two partially

separating equilibria where the healthier individuals do not seek care, i = 0, and unhealthier

individuals only seek one type of care i = 1 or i = 2. We assume that off-equilibrium beliefs

about the other type of investment is similar to the beliefs about the care that is being used

in the population; so P(1) = P(2). So, in case of a partially separating equilibrium, there

exists a threshold m∗ that individuals with m < m∗, they all seek the same type of care, and

the ones above do not seek care (there is no mixed equilibrium). Note that for this partially

equilibrium to hold, we also need that:

b1 (0)− c1 > b2 (0)− c2 i f i = 1

b1 (m∗)− c1 < b2 (m∗)− c2 i f i = 2

In this equilibrium characterized by m∗, investment (i ∈ {1, 2}) in mental health signals

that m < m∗:

P(i) =
1

m∗

∫ m∗

0
p̂O(m)dm = µs(m < m∗)

33The pooling equilibria that everybody invests i = 1, 2 is only possible under the unrealistic off-equilibrium
beliefs that not care-seeking is a signal for worse mental health levels.

34Given the patterns explained, it is safe to assume that not care-seeking cannot be associated with worse
mental health levels.
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and in case of no investment:

P(0) =
1

1 − m∗

∫ 1

m∗
p̂O(m)dm = µs(m > m∗)

Note that P(0) > P(i). Given that the individual with initial mental health level m∗ is

indifferent between seeking and not seeking care:

bi (m∗)− ci

λO
= P(0)− P(i) = µs(m > m∗)− µs(m < m∗) (2)

So, the net benefit of investment at the threshold (bi (m∗)− ci) relative to the image importance

(λO) is equal to the image costs of the investment. One can show:

∂m∗
∂λO

< 0
∂m∗
∂ci

< 0
∂m∗

∂bi(m)
≥ 0 ∀m ∈ [0, 1]

The results indicate that if the importance of image increases or the (monetary or social-

image) costs of care-seeking increases, a smaller fraction of individuals (m∗) seek mental-

health care. In presence of image concerns, the care-seeking behavior is always suboptimal in

the sense that some individuals who would benefit from care seeking (bi(m) > ci) do not seek

care because of the image concerns. Another observation is that if the benefits of care-seeking

increases more people seek mental-health care.

Now, we consider fully separating equilibrium. In this equilibrium, there are two thresh-

olds m∗
1 and m∗

2 such that if m ∈ [0, m∗
1) then i∗(m) = 2, if m ∈ (m∗

1 , m∗
2) then i∗(m) = 1 and

if m ∈ (m∗
2 , 1] then i∗(m) = 0 (See Figure 8). In other words, the individuals with the lowest

mental health endowment seek the highest threshold intervention (i = 2), the individuals

with middle mental health levels seek low-intensity investments (i = 1) and individuals who

are relatively healthy do not seek any care (i = 0).

In this situation, the individuals with mental health level m∗
1 and m∗

2 are indifferent:

(b2 (m∗
1)− b1 (m∗

1))− (c2 − c1)

λO
= µs(m∗

1 < m < m∗
2)− µs(m < m∗

1)
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and
b1 (m∗

2)− c1

λO
= P(0)− P(1) = µs(m > m∗

2)− µs(m∗
1 < m < m∗

2)

one can show:

∂m∗
2

∂λO
≤ 0, ∂m∗

1
∂λO

≤ 0

∂m∗
1

∂c1
≥ 0, ∂m∗

2
∂c1

≤ 0, ∂m∗
1

∂c2
≤ 0, ∂m∗

2
∂c2

≤ 0

∂m∗
1

∂b1(m)
≤ 0, ∂m∗

2
∂b1(m)

≥ 0, ∂m∗
1

∂b2(m)
≥ 0, ∂m∗

1
∂b2(m)

≥ 0 ∀m ∈ [0, 1]

Figure 8: Investment Decisions in Fully Separating Equilibrium

Model Predictions In a completely separating equilibrium:

1 If the perceived benefits of any types of care-seeking increases, more individuals (m∗
2) seek care.

The results are in line with the findings in the experiment. We find that for the male students,

the information has increased the perceived benefits of the app and also these students are willing

to pay more for the app (Table G1 and Table E1).

2 If the perceived benefits of low-intensity therapies relative to the high-intensity therapies increase,

the number of individuals using low-intensity therapies, (m∗
2 − m∗

1), increases. This is partly

due to the substitution of the high-intensity care with low-intensity care, and partly because of

new individuals seeking care.

In the experiment, we find that as a consequence of the information, the students demand more
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information on coaching services in the university, and less information on the psychology

services. This finding, in Table 2, is in line with the model predictions. As the model suggests,

this finding can be explained by the increased perceived benefits of the low-intensity services.

3 If the perceived benefits of low-intensity therapies relative to the high-intensity therapies in-

crease, less individuals use high-intensity therapies, and this leads to higher stigma against

high-intensity therapies. This is because using high-intensity therapies when low-intensity

therapies are cheap and effective is a signal of low mental health status which require progressive

treatments.

Looking at Table G2 and Table G3, we find suggestive evidence of increased stigma towards

higher-intensity services in the experiment. However, this finding does not survive Bonferroni

correction, and we lack statistical power to have a concluding image here.

4 If the benefits of low-intensity therapies relative to the high-intensity therapies increases, the

effect on stigma against low-intensity therapies is ambiguous. This is because some individuals

with low health who would have sought high-intensity care now seek low-intensity care, and

some mentally healthy individuals who wouldn’t have sought care now use low-intensity care.

5 Conclusions

We provide evidence of the effect of a mental health literacy intervention on the demand

for mental health support among university students. Drawing on a representative sample

of the students from a top Dutch university, we document substantial heterogeneity in the

demand for mental health support. Male respondents are respond positively to the treatment

by increasing their WTP for a monthly subscription to a mental health app. The most likely

mechanism behind the effect is an increased perception of efficacy of low-intensity interven-

tions, like online apps. We also show evidence that interest in high-intensity interventions

(e.g., seeing a psychologist) can be replaced by interest in low-intensity interventions (e.g.,

relying on mental health apps and coaching). This result is entirely driven by female respon-

dents. Additionally, the self- and perceived social stigma against high-intensity interventions

might increase. In a three weeks later follow up, we document that the female respondents
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who were treated report a better mental health compared to the ones in the Control group.

Overall, our results suggest that increasing the perceived benefits and efficacy of mental

health support services can be a key driver towards increasing take-up rates. Mental health

care providers should also account for the heterogeneous effects of mental health literacy

and prevention campaigns, since different sub-groups may be more susceptible to reacting

to the information provided. Further evidence is needed to understand how different types

of information can affect different sub-groups of the population and interact with their

prior beliefs. Finally, information encouraging self-care and lower-intensity interventions

may induce a shift in demand away from other services which are perceived as substitutes.

Similarly, if the reception of mental health literacy information is associated with more

stronger perceptions of self- and social stigma, recipients may shift away from traditional

sources of help (e.g. psychotherapy) and towards options around which there is less stigma

(e.g. self-help tools or coaching services).

39



References

Adams-Prassl, A., T. Boneva, G. Marta, and C. Rauh (2021). The impact of the coronavirus

lockdown on mental health: Evidence from the us. Economic Policy.

Aguirre Velasco, A., I. S. S. Cruz, J. Billings, M. Jimenez, and S. Rowe (2020, June). What are

the barriers, facilitators and interventions targeting help-seeking behaviours for common

mental health problems in adolescents? A systematic review. BMC psychiatry 20(1), 293.

Allcott, H., L. Braghieri, S. Eichmeyer, and M. Gentzkow (2020). The welfare effects of social

media. American Economic Review 110(3), 629–676.

Almasri, N., B. Read, and C. Vandeweerdt (2021). Mental health and the phd: Insights and

implications for political science. PS: Political Science & Politics, 1–7.

Alsan, M. and S. Eichmayer (2021). Persuasion in medicine: Messaging to increase vaccine

demand. Technical report.

Anderson, D. M., R. Diris, R. Montizaan, and D. I. Rees (2021, December). The effects of

becoming a physician on prescription drug use and mental health treatment. Working

Paper 29536, National Bureau of Economic Research.

Andrade, L. H., J. Alonso, Z. Mneimneh, J. E. Wells, A. Al-Hamzawi, G. Borges, E. Bromet,

R. Bruffaerts, G. d. Girolamo, R. d. Graaf, S. Florescu, O. Gureje, H. R. Hinkov, C. Hu,

Y. Huang, I. Hwang, R. Jin, E. G. Karam, V. Kovess-Masfety, D. Levinson, H. Matschinger,

S. O’Neill, J. Posada-Villa, R. Sagar, N. A. Sampson, C. Sasu, D. J. Stein, T. Takeshima,

M. C. Viana, M. Xavier, and R. C. Kessler (2014, April). Barriers to mental health treatment:

results from the WHO World Mental Health surveys. Psychological Medicine 44(6), 1303–1317.

Publisher: Cambridge University Press.

Baranov, V., S. Bhalotra, P. Biroli, and J. Maselko (2020, March). Maternal depression, women’s

empowerment, and parental investment: Evidence from a randomized controlled trial.

American Economic Review 110(3), 824–59.

40



Barari, S., S. Caria, A. Davola, P. Falco, T. Fetzer, S. Fiorin, L. Hensel, A. Ivchenko, J. Jachi-

mowicz, G. King, et al. (2020). Evaluating covid-19 public health messaging in italy:

Self-reported compliance and growing mental health concerns. medRxiv.

Barker, N., G. Bryan, D. Karlan, A. Ofori-Atta, and U. Christopher (2021). Mental health

therapy as a core strategy for increasing human capital: Evidence from ghana. Technical

report.

Bénabou, R. and J. Tirole (2011). Identity, morals, and taboos: Beliefs as assets. Quarterly

Journal of Economics 126(2), 805–855.

Benjamini, Y. (2010). Discovering the false discovery rate. J. R. Statist. Soc. B 72, 405–416.

Bhalotra, S., M. Daysal, M. Trandafir, and N. Vestegard Lydiksen (2022). Antidepressant use

and academic achievement: Evidence from danish administrative data. Working Paper.

Biasi, B., M. S. Dahl, and P. Moser (2021, July). Career effects of mental health. Working Paper

29031, National Bureau of Economic Research.

Bolotnyy, V., M. Basilico, and P. Barreira (2021). Graduate Student Mental Health: Lessons

from American Economics Departments. Journal of Economic Literature.

Bordalo, P., K. Coffman, N. Gennaioli, and A. Shleifer (2016). Stereotypes. Quarterly Journal

Economics 131(4), 1753–1794.

Bordalo, P., N. Gennaioli, and A. Shleifer (2010). Salience theory of choice under risk. Technical

report, National Bureau of Economic Research.

Bos, M. and A. Hertzberg (2021). Are we overdiagnosing mental illnesses? evidence from

randomly assigned doctors. Technical report.

Braghieri, L., R. Levy, and A. Makarin (2021). Social media and mental health. Technical

report.

Burchardi, K., J. de Quidt, S. Gulesci, B. Lerva, and S. Tripodi (2021). Testing willingness

to pay elicitation mechanisms in the field: Evidence from uganda. Journal of Development

Economics.

41



Bursztyn, L., T. Fujiwara, and A. Pallais (2017). ’acting wife:’ marriage market incentives and

labor market investments. American Economic Review 107(11), 3288–3319.

Bursztyn, L., A. L. González, and D. Yanagizawa-Drott (2020, October). Misperceived

Social Norms: Women Working Outside the Home in Saudi Arabia. American Economic

Review 110(10), 2997–3029.

Bütikofer, A., R. Ginja, F. Landaud, and K. V. Løken (2021). School selectivity, peers, and

mental health. Technical report.

Capozza, F., I. Haaland, C. Roth, and J. Wohlfart (2021). Studying information acquisition in

the field: A practical guide and review. Technical report.

Chernozhukov, V., M. Demirer, E. Duflo, and I. Fernández-Val (2018, June). Generic machine

learning inference on heterogeneous treatment effects in randomized experiments, with an

application to immunization in india. Working Paper 24678, National Bureau of Economic

Research.

Clay, R. A. (2021). Mental health apps are gaining traction. self-help apps are leading more

people to therapy rather than replacing it. Trends Report APA 52.

Clement, S., O. Schauman, T. Graham, F. Maggioni, S. Evans-Lacko, N. Bezborodovs, C. Mor-

gan, N. Rüsch, J. S. L. Brown, and G. Thornicroft (2015, January). What is the impact of

mental health-related stigma on help-seeking? A systematic review of quantitative and

qualitative studies. Psychological Medicine 45(1), 11–27. Publisher: Cambridge University

Press.

Corrigan, P. W., A. C. Watson, and L. Barr (2006, October). The Self–Stigma of Mental Illness:

Implications for Self–Esteem and Self–Efficacy. Journal of Social and Clinical Psychology 25(8),

875–884. Publisher: Guilford Publications Inc.

Cullen, Z. and R. Perez-Truglia (2018a). How much does your boss make? the effects of salary

comparisons. Technical report, National Bureau of Economic Research.

42



Cullen, Z. B. and R. Perez-Truglia (2018b, October). The Salary Taboo: Privacy Norms and the

Diffusion of Information. Technical Report w25145, National Bureau of Economic Research.

Currie, J. (2009, March). Healthy, wealthy, and wise: Socioeconomic status, poor health in

childhood, and human capital development. Journal of Economic Literature 47(1), 87–122.

Currie, J. and M. Stabile (2006). Child mental health and human capital accumulation: The

case of adhd. Journal of Health Economics 25(6), 1094–1118.

de Quidt, J. and J. Haushofer (2016). Depression for Economists. NBER Working Paper 22973.

de Quidt, J., J. Haushofer, and C. Roth (2018). Measuring and bounding experimenter demand.

American Economic Review 108(11), 3266–3302.

de Quidt, J., L. Vesterlund, and A. J. Wilson (2019). Experimenter demand effects. In Handbook

of Research Methods and Applications in Experimental Economics. Edward Elgar Publishing.

Eisenberg, D., M. F. Downs, E. Golberstein, and K. Zivin (2009). Stigma and Help Seeking for

Mental Health Among College Students. Medical Care Research and Review 66(5), 522–541.

Eisenberg, D., E. Golberstein, and S. E. Gollust (2007). Help-seeking and access to mental

health care in a university student population. Medical Care 45(7), 594–601.

Eisenberg, D., E. Golberstein, and J. B. Hunt (2009). Mental Health and Academic Success in

College. The B.E. Journal of Economic Analysis & Policy 9(1).

Falk, A., A. Becker, T. Dohmen, B. Enke, D. Huffman, and U. Sunde (2018). Global evidence

on economic preferences. The Quarterly Journal of Economics 133(4), 1645–1692.

Falk, A., T. Neuber, and P. Strack (2021). Limited self-knowledge and survey response

behavior. Technical report.

Fuster, A., W. M. Perez-Truglia, Ricardo, and B. Zafar (2021). Expectations with endogenous

information acquisition: An experimental investigation. Review of Economics and Statistics.

Ganguly, A. and J. Tasoff (2016). Fantasy and dread: the demand for information and the

consumption utility of the future. Management Science 63(12), 4037–4060.

43



Giuntella, O., K. Hyde, S. Saccardo, and S. Sadoff (2021). Lifestyle and mental health disrup-

tions during covid-19. Proceedings of the National Academy of Sciences 118(9).

Golberstein, E., D. Eisenberg, and S. E. Gollust (2008, April). Perceived Stigma and Mental

Health Care Seeking. Psychiatric Services 59(4), 392–399. Publisher: American Psychiatric

Publishing.

Golin, M. (2021). The effect of broadband internet on the gender gap in mental health:

Evidence from germany. Technical report.

Grossman, Z. (2015, September). Self-signaling and social-signaling in giving. Journal of

Economic Behavior & Organization 117, 26–39.

Haaland, I., C. Roth, and J. Wohlfart (2021). Designing information provision experiments.

Journal of Economic Literature.

Haugen, P. T., A. M. McCrillis, G. E. Smid, and M. J. Nijdam (2017, November). Mental health

stigma and barriers to mental health care for first responders: A systematic review and

meta-analysis. Journal of Psychiatric Research 94, 218–229.

Haushofer, J. and E. Fehr (2014). On the psychology of poverty. Science 344.

Haushofer, J., R. Mudida, and J. Shapiro (2021). The comparative impact of cash transfers and

a psychotherapy program on psychological and economic well-being. Technical report.

Heckman, J. J., J. Stixrud, and S. Urzua (2006). The effects of cognitive and noncognitive

abilities on labor market outcomes and social behavior. Journal of Labor Economics 24(3), 411

– 482.

Hendrickx, G., V. De Roeck, A. Maras, G. Dieleman, S. Gerritsen, D. Purper-Ouakil, F. Russet,

R. Schepker, G. Signorini, S. P. Singh, C. Street, H. Tuomainen, and S. Tremmery (2020,

August). Challenges during the transition from child and adolescent mental health services

to adult mental health services. BJPsych bulletin 44(4), 163–168.

Hill, M., N. Farrelly, C. Clarke, and M. Cannon (2020). Student mental health and well-being:

Overview and future directions. Irish Journal of Psychological Medicine, 1–8.

44



Hyde, J. S. and A. H. Mezulis (2020, February). Gender Differences in Depression: Biological,

Affective, Cognitive, and Sociocultural Factors. Harvard Review of Psychiatry 28(1), 4–13.

Jorm, A. F. (2000). Mental health literacy: Public knowledge and beliefs about mental

disorders. British Journal of Psychiatry 177(5), 396–401.

Kessler, R. C., P. Berglund, O. Demler, R. Jin, K. R. Merikangas, and E. E. Walters (2005).

Lifetime prevalence and age-of-onset distributions of dsm-iv disorders in the national

comorbidity survey replication. Archives of general psychiatry 62(6), 593–602.

Khan, A., S. Nasim, M. Shaukat, and A. Stegmann (2021). Building trust in the state with

information: Evidence from urban punjab. Journal of Public Economics.

Kiessling, L. and J. Norris (2022). The long-run effects of peers on mental health. Economic

Journal (forthcoming).

Krishnan, P. and S. Krutikova (2013). Non-cognitive skill formation in poor neighbourhoods

of urban india. Labour Economics 24, 68–85.

Kroenke, K., R. L. Spitzer, J. B. Williams, and B. Löwe (2009). An ultra-brief screening scale

for anxiety and depression: the PHQ–4. Psychosomatics 50(6), 613–621. Publisher: Elsevier.

Lergetporer, P., K. Werner, and L. Woessmann (2018). Does ignorance of economic returns

and costs explain the educational aspiration gap? evidence from representative survey

experiments.

Link, B. G. (1987). Understanding labeling effects in the area of mental disorders: An

assessment of the effects of expectations of rejection. American sociological review, 96–112.

Publisher: JSTOR.

Link, B. G. and J. C. Phelan (2001). Conceptualizing stigma. Annual review of Sociology 27(1),

363–385. Publisher: Annual Reviews 4139 El Camino Way, PO Box 10139, Palo Alto, CA

94303-0139, USA.

45



Lopes, F., C. Riumallo Herl, J. Mackenbach, and T. Van Ourti (2022, March). Patient cost-

sharing, mental health care and inequalities: A population-based natural experiment at the

transition to adulthood. Social Science and Medicine 296.

McLean, C. P., A. Asnaani, B. T. Litz, and S. G. Hofmann (2011, August). Gender differences in

anxiety disorders: Prevalence, course of illness, comorbidity and burden of illness. Journal

of Psychiatric Research 45(8), 1027–1035.

Moberg, C., A. Niles, and D. Beermann (2019, Jun). Guided self-help works: Randomized

waitlist controlled trial of pacifica, a mobile app integrating cognitive behavioral therapy

and mindfulness for stress, anxiety, and depression. Journal Med Internet Res 21(6), e12556.

Oster, E., I. Shoulson, and E. Dorsey (2013). Optimal expectations and limited medical testing:

evidence from huntington disease. American Economic Review 103(2), 804–30.

Parker, G. and H. Brotchie (2010, October). Gender differences in depression. In-

ternational Review of Psychiatry 22(5), 429–436. Publisher: Taylor & Francis _eprint:

https://doi.org/10.3109/09540261.2010.492391.

Patel, V. e. a. (2018). The Lancet Commission on global mental health and sustainable

development. The Lancet 392(10157), 1553–1598.

Piccinelli, M. and G. Wilkinson (2000, December). Gender differences in depression: Critical

review. The British Journal of Psychiatry 177(6), 486–492. Publisher: Cambridge University

Press.

Ridley, M. (2021). Mental illness discrimination. Technical report.

Ridley, M., G. Rao, F. Schilbach, and V. Patel (2020). Poverty, depression, and anxiety: Causal

evidence and mechanisms. Science 370(6522), eaay0214.

Riecher-Rössler, A. (2017, January). Sex and gender differences in mental disorders. The

Lancet Psychiatry 4(1), 8–9. Publisher: Elsevier.

Romero, J., K. Esopo, J. McGuire, and J. Haushofer (2021). The effect of economic transfers on

psychological well-being and mental health. Technical report.

46



Salk, R. H., J. S. Hyde, and L. Y. Abramson (2017). Gender differences in depression in

representative national samples: Meta-analyses of diagnoses and symptoms. Psychological

bulletin 143(8), 783. Publisher: American Psychological Association.

Shreekumar, A. and P. L. Vautrey (2021). Managing emotions: The effects of online mindful-

ness meditation on mental health and economic behavior. Technical report.

Sæther, M. H., B. Sivertsen, and O. Bjerkeset (2021). Mental distress, help seeking, and use

of health services among university students. the shot-study 2018, norway. Frontiers in

Psychiatry 12, 1700.

Thornicroft, G., N. Mehta, S. Clement, S. Evans-Lacko, M. Doherty, D. Rose, M. Koschorke,

R. Shidhaye, C. O’Reilly, and C. Henderson (2016, March). Evidence for effective interven-

tions to reduce mental-health-related stigma and discrimination. The Lancet 387(10023),

1123–1132.

Thornton, R. L. (2008). The demand for, and impact of, learning hiv status. American Economic

Review 98(5), 1829–1863.

Tibshirani, J., S. Athey, and S. Wager (2021). grf: Generalized random forests [computer

software manual]. Technical report.

Van de Velde, S., P. Bracke, and K. Levecque (2010, July). Gender differences in depression

in 23 European countries. Cross-national variation in the gender gap in depression. Social

Science & Medicine 71(2), 305–313.

Ventura, J. and J. Chung (2019). The lighten your life program: An educational support group

intervention that used a mobile app for managing depressive symptoms and chronic pain.

Journal of Psychosocial Nursing and Mental Health Services 57(7), 39–47.

Vos, T., A. D. Flaxman, M. Naghavi, R. Lozano, C. Michaud, M. Ezzati, K. Shibuya, J. A.

Salomon, S. Abdalla, V. Aboyans, J. Abraham, I. Ackerman, R. Aggarwal, S. Y. Ahn, M. K.

Ali, M. Alvarado, H. R. Anderson, L. M. Anderson, K. G. Andrews, C. Atkinson, and Z. A.

. . . Memish (2012). Years lived with disability (ylds) for 1160 sequelae of 289 diseases

47



and injuries 1990-2010: a systematic analysis for the global burden of disease study 2010.

Lancet 380.

Wager, S. and S. Athey (2018). Estimation and inference of heterogeneous treatment effects

using random forests. Journal of the American Statistical Association 113(523), 1228–1242.

Publisher: Taylor & Francis.

Wager, S. and S. Athey (2019). Estimating treatment effects with causal forests: An application.

Observational Studies.

Watkins, D. C., J. B. Hunt, and D. Eisenberg (2012). Increased demand for mental health ser-

vices on college campuses: Perspectives from administrators. Qualitative Social Work 11(3),

319–337.

White, A., S. A. L. C. K. D. H. C. (2018). Investigator characteristics and respondent behavior

in online surveys. Journal of Experimental Political Science 5, 56–67.

48



For online publication only:

Mental Health Literacy, Beliefs and Demand for Mental
Health Support Among University Students

Michelle Acampora, Francesco Capozza, and Vahid Moghani

A Figures

Figure A.1: Demand for Mental Health Support - WTP

1



Figure A.2: WTP distribution
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Figure A.7: Beliefs about the effectiveness of the mental health app

Figure A.8: Beliefs about the labor market returns of mental health
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Figure A.10: Feeling inadequate Figure A.11: Self-Confidence

Figure A.12: Feeling worse Figure A.13: Feeling less

Figure A.14: Self-Stigma components

Figure A.9: Beliefs about the academic returns of mental health
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Figure A.15: Perceived discrimination Figure A.16: Worried about Family

Figure A.17: Social Stigma components

Figure A.18: Drivers of the WTP for mental health app
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Figure A.19: No Information Figure A.20: University Psychologist

Figure A.21: Coaching Service Figure A.22: Any Information

Figure A.23: Drivers of the demand for Information

Figure A.24: Correlations between WTP for mental health app and control variables
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Figure A.25: No Information Figure A.26: University Psychologist

Figure A.27: Coaching Service Figure A.28: Any Information

Figure A.29: Correlations between Demand for information and control variables

Figure A.30: Correlations between PHQ4 and control variables
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Figure A.31: Correlations between Self-Stigma index and control variables

Figure A.32: Correlations between Social stigma and control variables
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B Representativeness of the sample

Table B1: Representativeness of the sample

Variables Population Sample

Dutch 0.75 0.61

Female 0.53 0.64

Bachelor 0.63 0.59

Faculty

Economics and Business 0.212 0.183

Health Policy 0.041 0.050

History and Communication 0.063 0.079

Law 0.163 0.076

Philosophy 0.026 0.010

Psychology 0.142 0.21

Liberal Arts 0.018 0.034

Medical School 0.113 0.117

Business School 0.221 0.24

Observations 34122 2978

Note: The table shows the demographic characteristics for our sample compared to the university population. Dutch

gets value 1 if the participant has Dutch nationality. Female gets value 1 if the participant reports to identify with

female gender. Bachelor is a dummy that gets value 1 if the participant is a bachelor student. Faculty is broken down

into the 9 faculties that constitute the university.
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C Randomization Check and Differential Attrition

Table C1: Randomization check - Full sample

Variables Control Treatment p-value

Age 21.46 21.67 0.1

Dutch 0.63 0.60 0.08∗

Female 0.62 0.66 0.02∗∗

Bachelor 0.59 0.59 0.70

Low GPA 0.50 0.50 0.89

Financial Stress 0.20 0.22 0.08

Father’s Education 0.37 0.37 0.89

Mother’s Education 0.32 0.33 0.55

Mental Health 0.14 0.12 0.30

PHQ4 4.29 4.33 0.72

Observations 1495 1483

Note: The table shows the demographic characteristics for our sample broken down into Treatment and Control group.

t-tests were used to assess whether demographic variables followed the same distribution between Treatment and

Control. The third column reports p-values. Age is a continuous variable of the age of the participant. Dutch gets value

1 if the participant has Dutch nationality. Female gets value 1 if the participant reports to identify with female gender.

Bachelor is a dummy that gets value 1 if the participant is a bachelor student. Low GPA gets value 1 if the participant

reports to have a GPA lower than 7.5. Financial Stress gets value 1 if the participants reports that the current financial

situation is "Very Bad" or "Bad". Father’s Education and Mother’s Education get value 1 if the participant’s father and

mother, respectively, do not have a bachelor degree. Low Mental Health gets value 1 if the self-reported mental health

of the participant is "Very Bad" or "Bad". PHQ4 is a continuous variable for a diagnostic measure of the participant’s

mental health. This is measured after the treatment, which is not affecting it. Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05;
∗p < 0.1.
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Table C2: Differential Attrition

Dependent variable:

Finished Finished

(1) (2)

Treatment −0.0072 −0.0099

(0.010) (0.010))

Observations 3,292 3,292

Controls NO YES

Adjusted R2 −0.0001 −0.0001

Note: The specification is an OLS model. Robust standard errors are

reported in parentheses. Outcome variable is Finished, which gets value

1 if the participant has been allocated to the Treatment or Control group

and has completed the survey. Control variables are: Age, Dutch, Female,

GPA, Financial Stress, Father’s Education, Mother’s Education, Self-

reported Mental health. We include the Self-reported Mental Health

variable instead of the PHQ4, because most of the respondents who

have dropped out did not reach the PHQ4 questions. Significance code:
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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D Main results without controls

Table D1: Main Results without Controls

Dependent variable:

WTP No Information University

Psychologist

Coaching

Service

Any Informa-

tion

(1) (2) (3) (4) (5)

Treatment 0.121 −0.014 −0.023 0.037∗∗ 0.016

(0.086) (0.017) (0.018) (0.016) (0.018)

Observations 2,978 2,978 2,978 2,978 2,978

Control group mean 3.789 0.31 0.434 0.254 0.574

Controls NO NO NO NO NO

Adjusted R2 0.0003 −0.0001 0.0002 0.001 −0.0001

Note: All specifications are OLS models. Robust standard errors are reported in parentheses. Significance

code: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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E Heterogeneous Treatment Effects

Table E1: Heterogeneous Treatment Effects - Gender

Dependent variable:

WTP No Informa-

tion

University

Psychologist

Coaching

Service

Any Informa-

tion

(1) (2) (3) (4) (5)

Treatment 0.344∗∗ 0.010 −0.020 0.010 −0.008

(0.139) (0.027) (0.029) (0.027) (0.029)

Female 0.738∗∗∗ −0.074∗∗∗ 0.063∗∗ 0.011 0.081∗∗∗

(0.124) (0.024) (0.026) (0.024) (0.026)

Treatment x Female −0.429∗∗ −0.023 −0.021 0.043 0.019

(0.175) (0.034) (0.037) (0.034) (0.037)

Observations 2,941 2,941 2,941 2,941 2,941

Controls YES YES YES YES YES

Control group mean 3.789 0.310 0.434 0.254 0.574

Adjusted R2 0.046 0.044 0.057 0.018 0.031

Note: All specifications are OLS models. Robust standard errors are reported in parentheses. We restrict

the analysis for the heterogeneous treatment effects for the participants who identify themselves as Male

or Female. Control variables are: Age, Dutch, Female, GPA, Financial Stress, Father’s Education, Mother’s

Education, PHQ4. Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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Table E2: Heterogeneous Treatment Effects - Gender

(a) Male

Dependent variable:
WTP No Informa-

tion
University
Psychologist

Coaching
Service

Any Informa-
tion

(1) (2) (3) (4) (5)

Treatment 0.335∗∗ 0.012 −0.023 0.011 −0.009
(0.143) (0.029) (0.029) (0.027) (0.030)

Observations 1,107 1,107 1,107 1,107 1,107
Controls YES YES YES YES YES
Control group mean 3.789 0.310 0.434 0.254 0.574
Adjusted R2 0.036 0.037 0.031 −0.002 0.039

Note: All specifications are OLS models. Robust standard errors are reported in parentheses. We restrict
the analysis for the heterogeneous treatment effects for the participants who identify themselves as
Male.Control variables are: Age, Dutch, Female, GPA, Financial Stress, Father’s Education, Mother’s
Education, PHQ4. Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.

(b) Female

Dependent variable:
WTP No Informa-

tion
University
Psychologist

Coaching
Service

Any Informa-
tion

(1) (2) (3) (4) (5)

Treatment −0.093 −0.015 −0.042∗ 0.057∗∗∗ 0.012
(0.106) (0.020) (0.023) (0.021) (0.023)

Observations 1,834 1,834 1,834 1,834 1,834
Controls YES YES YES YES YES
Control group mean 3.789 0.310 0.434 0.254 0.574
Adjusted R2 0.024 0.024 0.059 0.039 0.010

Note: All specifications are OLS models. Robust standard errors are reported in parentheses. We restrict
the analysis for the heterogeneous treatment effects for the participants who identify themselves as Female.
Control variables are: Age, Dutch, Female, GPA, Financial Stress, Father’s Education, Mother’s Education,
PHQ4. Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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F Causal Forest

Causal Forest - Methods We complement the Heterogeneity analysis from the Section 3

with non-parametric Causal Random Forests (CRF; Wager and Athey (2018)). There are

several advantages of using CRF to complement our parametric analysis. First, CRF allows us

to relax functional form assumptions on the structure of the unobserved errors. Secondly, the

CRF algorithm allows us to exploit and accurately reflect the heterogeneity in our available

sample. Finally, the CRF method allows us to achieve all the desirable statistical properties

of regression-based methods – such as asymptotic consistency – without committing to a

parametric specification.

The CRF is based on the same set of causal relationships described in Section 3.

We estimate a partial average treatment effect of the mental health literacy intervention

on the demand for mental health support, with the following estimator:

τ̂ = E[Y(1)− Y(0)]

We estimate τ̂ using the grf package in R, following Tibshirani et al. (2021).

Following Wager and Athey (2019), we train two separate causal random forests for

improved precision. First, we train a pilot random forest on all the covariates in Xi. Then,

we train a second forest on only those covariates that saw a number of splits in the first step

higher than the mean. This enables the forest to make more splits on the most important

features in low-signal situations.

Causal Forest - Results To evaluate the impact of the mental health literacy intervention,

we estimate the conditional average treatment effect for the training data using out-of-bag

prediction (CATE, corresponding to the τ̂ in Equation F). Table F1 Column 1 shows the values

of the Conditional Average Treatment Effect for the different outcome variables we consider

in the study. The estimated CATE are very close to the average treatment effect we have

obtained with the OLS model in 1 and summarized in Table 2. Therefore, we conclude that

our estimates are robust to the heterogeneity in the sample.
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Table F1: CATE for the main outcome variables

Variables ATE CI 95% Differences in ATE CI 95% Differences

in ATE

WTP 0.077 ± 0.166 0.194 ± 0.331

NoInfo −0.008 ± 0.032 0.027 ± 0.065

Psychologist −0.034 ± 0.035 −0.117 ± 0.069

Coaching Service 0.041 ± 0.032 0.006 ± 0.063

AnyInfo 0.011 ± 0.035 0.072 ± 0.07

Note: The table shows in Column 2 ATE for the main outcome variables estimated following the procedure from Wager

and Athey (2018). Column 3 shows the CI 95% of the ATE. Column 4 shows the differences in ATE between regions of

high ATE and low ATE. Column 5 shows the CI 95% of the differences in ATE.

Figure F.1 shows the distribution of the conditional average treatment effects on the

main outcome variables. The distributions of the CATE indicates the presence of substantial

heterogeneity in the sample, as most of the distributions follow a distribution that resembles

a normal distribution. It is worth noting that the CATE distribution for the variable Strong

Information shows a bi-modal shape. The reason behind the bi-modality is that mostly

bachelor students have a strong preference to acquire information about the support services

(positive CATE) compared to the master students (negative CATE).

Causal Forest - Robustness Checks Following Wager and Athey (2018) and Wager and

Athey (2019), one heuristic for testing for heterogeneity in CRFs consists in grouping obser-

vations in two groups. The groups are formed according to whether the out-of-bag CATE

estimates for the observations are above or below the median CATE estimate. Once these two

groups are formed, the test for heterogeneity involves estimating average treatment effects in

these two subgroups, separately, using a doubly robust approach. Table F1 Column 3 and

Column 4 show that the 95% confidence interval for difference in the CATE between the high-

and low-CATE does not include 0 for the variables "Information Psychologist" and "Strong

Information", which suggest high heterogeneity in the CATE. The test is inconclusive for the

variables "WTP", "No Information" and "Info Coaching".

Another test for heterogeneity is the best-linear-predictor (BLP) method (Chernozhukov

et al., 2018). As a rule of thumb, a coefficient for the differential forest prediction different

from 0 suggests that the forest has captured heterogeneity in the underlying signal (Wager
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and Athey, 2019). We find evidence for significant heterogeneity in case of the variables

"No Information" (p-value = 0.05), "Information Coaching" (p-value = 0.05) and "Strong

Information" (p-value < 0.01).

Both the difference between high and low CATE, and the differential forest prediction

suggest that any treatment heterogeneity that may be present appears to be relatively strong

for all the variables of interest but "WTP".

Figure F.1: Estimated CATE for WTP
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Figure F.2: Estimated CATE for Information Demand
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G Mechanisms

Table G1: Mechanisms by Gender

(a) Mechanisms - Male

Dependent variable:
Academic
returns

Labor returns App effective-
ness

Self-
Stigma

Social
Stigma

(1) (2) (3) (4) (5)

Treatment 0.008 0.040 0.198∗∗∗ 0.037 0.077
(0.010) (0.060) (0.062) (0.044) (0.047)

Observations 1,107 1,106 1,107 1,107 1,107
Z-score YES YES YES YES YES
Controls YES YES YES YES YES
Control group mean 0 0 0 0 0
Adjusted R2 0.015 0.023 0.007 0.031 0.062
Adjusted p-value NO NO NO 0.82 0.34

Note: All specifications are OLS models. Robust standard errors are reported in parentheses. We z-score all
the mechanism questions. For each question, we subtract the mean of the control group and divide by
the standard deviation of the control group. We focus on Male participants. We adjust the p-value of Self
Stigma and Social Stigma with "false discovery rate" procedure. Control variables are: Age, Dutch, Female,
GPA, Financial Stress, Father’s Education, Mother’s Education, PHQ4. Significance code: ∗∗∗p < 0.01;
∗∗p < 0.05; ∗p < 0.1.

(b) Mechanisms - Female

Dependent variable:
Academic
returns

Labor returns App effective-
ness

Self-
Stigma

Social
Stigma

(1) (2) (3) (4) (5)

Treatment −0.010 −0.024 0.055 0.043 0.043
(0.007) (0.044) (0.045) (0.033) (0.035)

Observations 1,834 1,834 1,834 1,834 1,834
Z-score YES YES YES YES YES
Controls YES YES YES YES YES
Control group mean 0 0 0 0 0
Adjusted R2 0.028 0.067 0.008 0.031 0.096
Adjusted p-value NO NO NO 0.67 0.44

Note: All specifications are OLS models. Robust standard errors are reported in parentheses. We z-score all
the mechanism questions. For each question, we subtract the mean of the control group and divide by the
standard deviation of the control group. We focus on Female respondents. We adjust the p-value of Self
Stigma and Social Stigma with "false discovery rate" procedure. Control variables are: Age, Dutch, Female,
GPA, Financial Stress, Father’s Education, Mother’s Education, PHQ4. Significance code: ∗∗∗p < 0.01;
∗∗p < 0.05; ∗p < 0.1.
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Table G2: Components of Self Stigma

Dependent variable:

Self-Stigma

Index

Feeling inade-

quate

Self-Confidence Feeling worse Feeling less

(1) (2) (3) (4) (5)

Treatment 0.154 0.071∗ 0.053 0.028 0.003

(0.105) (0.037) (0.037) (0.036) (0.036)

Observations 2,978 2,978 2,978 2,978 2,978

Z-score YES YES YES YES YES

Controls YES YES YES YES YES

Control group mean 0 0 0 0 0

Adjusted R2 0.063 0.059 0.028 0.017 0.041

Note: All specifications are OLS models. Robust standard errors are reported in parentheses. We z-score all

the mechanism questions. For each question, we subtract the mean of the control group and divide by the

standard deviation of the control group. Control variables are: Age, Dutch, Female, GPA, Financial Stress,

Father’s Education, Mother’s Education, PHQ4. Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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Table G3: Components of Social Stigma

Dependent variable:

Social Stigma In-

dex

Perceived dis-

crimination

University

Telling Family

Psychologist

(1) (2) (3)

Treatment 0.117∗∗ 0.049 0.067∗

(0.057) (0.037) (0.036)

Observations 2,978 2,978 2,978

Z-score YES YES YES

Controls YES YES YES

Control group mean 0 0 0

Adjusted R2 0.087 0.060 0.070

Note: All specifications are OLS models. Robust standard errors are reported in parenthe-

ses. We z-score all the mechanism questions. For each question, we subtract the mean

of the control group and divide by the standard deviation of the control group. Control

variables are: Age, Dutch, Female, GPA, Financial Stress, Father’s Education, Mother’s

Education, PHQ4. Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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H Persistence

Table H1: Differential Attrition - Follow up

Dependent variable:

Follow-up

Treatment -0.014

(0.017)

Observations 2,976

Controls YES

Adjusted R2 0.009

Note: The specification is an OLS model. Robust standard errors are re-

ported in parentheses. Outcome variable is Follow-up, which gets value

1 if the participant has joined the Follow-up survey. Control variables are:

Age, Dutch, Female, GPA, Financial Stress, Father’s Education, Mother’s

Education, PHQ4. Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.

Table H2: Attrition check

Variables Total Sample Follow-up sample p-value
Age 21.62 21.56 0.64
Dutch 0.59 0.64 0.001∗∗∗

Female 0.61 0.64 0.13
Bachelor 0.59 0.58 0.39
Low GPA 0.50 0.49 0.55
Financial Stress 0.21 0.20 0.52
Father’s Education 0.37 0.37 0.76
Mother’s Education 0.33 0.33 0.98
Low Mental Health 0.13 0.13 0.86
PHQ4 4.31 4.30 0.88
Observations 2978 1121

Note: The table shows the demographic characteristics for our sample broken down into Total sample and Follow-up
sample. t-tests were used to assess whether demographic variables followed the same distribution between Total
sample and Follow-up sample. The third column reports p-values. Age is a continuous variable of the age of the
participant. Dutch gets value 1 if the participant has Dutch nationality. Female gets value 1 if the participant reports to
identify with female gender. Bachelor is a dummy that gets value 1 if the participant is a bachelor student. Low GPA
gets value 1 if the participant reports to have a GPA lower than 7.5. Financial Stress gets value 1 if the participants
reports that the current financial situation is "Very Bad" or "Bad". Father’s Education and Mother’s Education get
value 1 if the participant’s father and mother, respectively, have an education level below the bachelor. Low Mental
Health gets value 1 if the self-reported mental health of the participant is "Very Bad" or "Bad". PHQ4 is a continuous
variable for a diagnostic measure of the participant’s mental health. This variable is measured after the allocation of
the respondents to the Treatment, that is not affecting PHQ4 score. Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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Table H3: Care Seeking and Mental Health - Follow up

Dependent variable:

Did seek care Plan seek care Improved PHQ4

(1) (2) (3)

Treatment 0.003 0.022 0.047∗

(0.019) (0.020) (0.028)

Observations 1,121 1,121 1,121

Controls YES YES YES

Control group means 0.132 0.151 0.416

Adjusted R2 0.132 0.171 0.115

Note: The specification is an OLS model. Robust standard errors are reported in paren-

theses. Outcome variable are: Did seek care, which gets value 1 if the participant was

seeking care; Plan seek care, which gets value 1 if the participant is planning to seek care;

Improved MH gets value 1 if the respondent reports a lower PHQ4 score in the follow-up

than in the first wave. Control variables are: Age, Dutch, Female, GPA, Financial Stress,

Father’s Education, Mother’s Education, PHQ4 from the main study. Significance code:
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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Table H4: Care Seeking and Mental Health by Gender - Follow up

(a) Care Seeking and Mental Health Male - Follow up

Dependent variable:
Did seek care Plan seek care Improved MH

(1) (2) (3)

Treatment −0.033 −0.006 −0.056
(0.021) (0.025) (0.047)

Observations 399 399 399
Controls YES YES YES
Control group means 0.132 0.151 0.411
Adjusted R2 0.072 0.104 0.121

Note: The specification is an OLS model. Robust standard errors are reported in parenthe-
ses. We restrict the analysis to the male respondents. Outcome variable are: Did seek care,
which gets value 1 if the participant was seeking care; Plan seek care, which gets value 1
if the participant is planning to seek care; Improved MH gets value 1 if the respondent
reports a lower PHQ4 score in the follow-up than in the first wave. Control variables
are: Age, Dutch, Female, GPA, Financial Stress, Father’s Education, Mother’s Education,
PHQ4 from the main study. Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.

(b) Care Seeking and Mental Health Female - Follow up

Dependent variable:
Did seek care Plan seek care Improved MH

(1) (2) (3)

Treatment 0.033 0.039 0.111∗∗∗

(0.028) (0.029) (0.036)

Observations 710 710 710
Controls YES YES YES
Control group means 0.132 0.151 0.425
Adjusted R2 0.127 0.166 0.123

Note: The specification is an OLS model. Robust standard errors are reported in parenthe-
ses. We restrict the analysis to the female respondents. Outcome variable are: Did seek
care, which gets value 1 if the participant was seeking care; Plan seek care, which gets
value 1 if the participant is planning to seek care; Improved MH gets value 1 if the respon-
dent reports a lower PHQ4 score in the follow-up than in the first wave. Control variables
are: Age, Dutch, Female, GPA, Financial Stress, Father’s Education, Mother’s Education,
PHQ4 from the main study. Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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Table H5: Correlation between information demand for mental health care and self-reported
behavior

Dependent variable:
Psychologist
past 2 weeks

Coaching past 2
weeks

Psychologist
next 2 weeks

Coaching next 2
weeks

(1) (2) (3) (4)

Info Psychologist 0.024 0.065∗∗∗

(0.018) (0.020)

Info Coach 0.030∗∗∗ 0.030∗∗

(0.011) (0.012)

Observations 1,121 1,121 1,121 1,121
Controls YES YES YES YES
Adjusted R2 0.119 0.033 0.149 0.027

Note: The specification is an OLS model. Robust standard errors are reported in parentheses. We
correlate participants’ self-reported behavior to seek care in the weeks before the follow-up with
their demand for information about mental health support. We repeat the procedure with the self-
reported behavior to seek care in the weeks after the follow-up. Control variables are: Age, Dutch,
Female, GPA, Financial Stress, Father’s Education, Mother’s Education, PHQ4 from the follow up.
Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.

Table H6: Correlate between Self-reported care seeking behavior and WTP for the app

Dependent variable:
Support

WTP 0.012∗∗

(0.005)

Observations 1,121
Controls YES
Adjusted R2 0.188

Note: The specification is an OLS model. We correlate the respon-
dent WTP for the app with their self-reported past care behavior
or their intention to seek support in the weeks after the follow-
up. Support gets value 1 if the respondent reports to either have
sought care via psychologist/coach/apps or to plan to seek care in
the weeks after the follow-up. Control variables are: Age, Dutch,
Female, GPA, Financial Stress, Father’s Education, Mother’s Edu-
cation, PHQ4 from the follow up. Significance code: ∗∗∗p < 0.01;
∗∗p < 0.05; ∗p < 0.1.
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I Robustness Checks

Table I1: Robustness Checks - Awareness

Dependent variable:

WTP No Information University

Psychologist

Coaching

Service

Any Informa-

tion

(1) (2) (3) (4) (5)

Treatment 0.083 −0.002 −0.034∗ 0.036∗∗ 0.003

(0.085) (0.017) (0.018) (0.016) (0.018)

Observations 2,978 2,978 2,978 2,978 2,978

Controls YES YES YES YES YES

Control group mean 3.789 0.310 0.434 0.254 0.574

Adjusted R2 0.043 0.042 0.058 0.020 0.030

Note: All specifications are OLS models. Robust standard errors are reported in parentheses. We control

for "Awareness" of the respondents about their mental health. "Awareness" gets value 1 if the participant’s

variables "Depression" and "Self-Depression" have the same value.Control variables are: Age, Dutch,

Female, GPA, Financial Stress, Father’s Education, Mother’s Education, PHQ4. Significance code: ∗∗∗p <

0.01; ∗∗p < 0.05; ∗p < 0.1.
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Table I2: Logit Estimates for Demand for Information

Dependent variable:

No Information University

Psychologist

Coaching

Service

Any Informa-

tion

(1) (2) (3) (4)

Treatment −0.016 −0.147∗ 0.191∗∗ 0.014

(0.082) (0.077) (0.084) (0.076)

Observations 2,978 2,978 2,978 2,978

Controls YES YES YES YES

Log Likelihood −1,748.095 −1,926.414 −1,698.776 −1,963.781

Akaike Inf. Crit. 3,554.190 3,910.829 3,455.552 3,985.563

Note: All specifications are Logit models. Robust standard errors to heteroskedasticity are reported in

parentheses.Control variables are: Age, Dutch, Female, GPA, Financial Stress, Father’s Education, Mother’s

Education, PHQ4. Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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Table I3: Logit Estimates for Demand for Information - Odds Ratio

Dependent variable:

No Information University

Psychologist

Coaching

Service

Any Informa-

tion

(1) (2) (3) (4)

Treatment 0.984 0.863∗ 1.209∗∗ 1.014

(0.082) (0.066) (0.101) (0.077)

Observations 2,978 2,978 2,978 2,978

Controls YES YES YES YES

Log Likelihood −1,748.095 −1,926.414 −1,698.776 −1,963.781

Akaike Inf. Crit. 3,554.190 3,910.829 3,455.552 3,985.563

Note: All specifications are Logit models. Robust standard errors to heteroskedasticity are reported in

parentheses.Control variables are: Age, Dutch, Female, GPA, Financial Stress, Father’s Education, Mother’s

Education, PHQ4. Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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Table I4: Dropping 1st and 99th percentile

Dependent variable:

WTP No Information University

Psychologist

Coaching

Service

Any Informa-

tion

(1) (2) (3) (4) (5)

Treatment 0.089 −0.002 −0.036∗∗ 0.038∗∗ 0.004

(0.086) (0.017) (0.018) (0.016) (0.018)

Observations 2,917 2,917 2,917 2,917 2,917

Controls YES YES YES YES YES

Control group mean 3.789 0.310 0.434 0.254 0.574

Adjusted R2 0.044 0.045 0.061 0.021 0.032

Note: All specifications are OLS models. Robust standard errors are reported in parentheses. We drop

the respondents who are at 1st and at the 99th percentile of completion time.Control variables are: Age,

Dutch, Female, GPA, Financial Stress, Father’s Education, Mother’s Education, PHQ4. Significance code:
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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Table I5: Main Effect among "Readers"

Dependent variable:

WTP No Information University

Psychologist

Coaching

Service

(1) (2) (3) (4)

Treatment 0.104 −0.012 −0.031∗ 0.043∗∗

(0.087) (0.017) (0.018) (0.017)

Observations 2,836 2,836 2,836 2,836

Controls YES YES YES YES

YES

Control group mean 3.789 0.310 0.434 0.254

0.574

Adjusted R2 0.045 0.043 0.061 0.021

Note: All specifications are OLS models. Robust standard errors are reported in parentheses. We focus on

the respondents from the Control group and the respondents from the Treatment group from at least the

10th percentile of the distribution of the time spent on the mental health literacy intervention page.Control

variables are: Age, Dutch, Female, GPA, Financial Stress, Father’s Education, Mother’s Education, PHQ4.

Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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Table I6: Mental Health Follow up among "Readers"

Dependent variable:

Improved MH Improved MH (Male) Improved MH (Fe-

male)

(1) (2) (3)

Treatment 0.052∗ −0.050 0.115∗∗∗

(0.029) (0.048) (0.036)

Observations 1,087 385 690

Controls YES YES YES

Control group means 0.416 0.411 0.425

Adjusted R2 0.120 0.121 0.130

Note: The specification is an OLS model. Robust standard errors are reported in parenthe-

ses. We focus on the respondents from the Control group and the respondents from the

Treatment group from at least the 10th percentile of the distribution of the time spent on

the mental health literacy intervention page. Outcome variable are: Did seek care, which

gets value 1 if the participant was seeking care; Plan seek care, which gets value 1 if the

participant is planning to seek care; Improved MH gets value 1 if the respondent reports

a lower PHQ4 score in the follow-up than in the first wave. Control variables are: Age,

Dutch, Female, GPA, Financial Stress, Father’s Education, Mother’s Education, PHQ4

from the main study. Significance code: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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J Invitation E-mail

The message in the e-mail was written both in English and Dutch, and the English version is

reported below:

Hi,

I am Vahid, part of a research team working on habits and wellbeing topics. Our team

invites you to join a survey on this topic that will take less than 10 minutes. There are

multiple prizes distributed among those who finish the survey. You can win 100 Euros

for participation in the survey (paid in Bol.com or Amazon.nl vouchers by your choice).

You can also receive additional rewards depending on your answers in parts of the

survey. I want you to know that the survey is completely anonymous!

Click Here to Start the Survey

Thanks a lot for your time and your collaboration!

Warm regards,

Vahid Moghani
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K Time spent on reading the literacy intervention

This graph shows the amount of time that the respondents from the Treatment Group have

spent on reading the information of the mental health literacy intervention. The dotted blue

line represents the average time spent on the page, which is roughly 25 seconds.
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L Instructions
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M Instructions Follow Up
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