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Abstract

High rates of depression and anxiety are prevalent among young adults globally, yet

the majority do not seek mental health care. While financial incentives may increase

treatment uptake, they risk wasting scarce resources by subsidizing care for individ-

uals with low clinical need. We conducted a randomized controlled trial in Chen-

nai, India (N=340) to test how modest financial incentives and personalized mental

health feedback affect the uptake of free therapy among college students. Despite 56%

of students screening positive for mild depression or anxiety, only 3% in the control

group scheduled (and attended) an appointment. Offering a small cash incentive (∼$6
USD) for attending a therapy session increased appointments by 9 pp (p = 0.06) and

slightly improved targeting. Providing personalized recommendations increased ap-

pointments by 10 pp (p = 0.08) among symptomatic students while reducing them

among asymptomatic students, thus improving targeting. Combining cash incentives

with personalized recommendations increased appointments by nearly 23 pp (p < 0.01)

among symptomatic individuals, without inducing take-up by asymptomatic individ-

uals. These findings suggest that low-cost financial incentives coupled with screening

information can effectively increase the use of mental health services while targeting

limited mental health care resources to those with greater need.

∗We thank the team at the Behavioral Development Lab in Chennai for excellent research assistance. We
received IRB approval from MIT, protocol #10924. This experiment was pre-registered at the AEA RCT
registry (AEARCTR-0015379) and ClinicalTrials.gov (NCT06887569).



1 Introduction

A large share of young people face mental health challenges, yet take-up of mental health

services is low in many parts of the world, especially in low-income countries (Wang et al.,

2007; Patel et al., 2010; Mojtabai et al., 2011). While supply-side constraints are well docu-

mented (Patel et al., 2016; Alonso et al., 2018), there is growing evidence that demand-side

factors also represent a significant barrier (Cronin et al., 2024; Roth et al., 2024). Interven-

tions to increase mental health literacy and reduce stigma through education have shown

limited success, particularly when it comes to behavioral change (Xu et al., 2018; Thornicroft

et al., 2016). One potential policy tool to address these barriers is to offer cash incentives

for anyone wanting to try therapy. The risk of this approach is undesirable selection: those

most in need, such as individuals suffering from depression or anxiety, may have the least

capacity to act in response to the incentives, due to symptoms of their condition. This may

be particularly problematic if individuals are also poorly-informed of their own mental health

status and the expected benefits of therapy. In this case, incentives might cause individuals

without mental health care needs to wastefully consume scarce services.

We experimentally evaluate three interventions that aim to increase take-up and improve

targeting of therapy among college students in Chennai, India. Our first intervention offers

small cash rewards to any student who wants to try therapy. Rewards may increase take-

up via standard price effects, by countering procrastination, underestimation of benefits,

or providing social cover for using a stigmatized service. The second intervention instead

uses a standard screening tool to inform students of their psychological distress levels and

provides personalized recommendations regarding therapy. The motivating idea is that some

people may not recognize the seriousness of their psychological distress, or may not realize

that therapy is indicated as a treatment for the symptoms they are experiencing. Finally,

a third treatment combines both cash rewards and screening, attempting to boost take-up

while addressing the problem of adverse selection. We examine how these interventions
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affect students’ take-up of mental health services, as well as their effectiveness in targeting

individuals most at risk.

We conduct our experiment in partnership with an all-women arts and science college in

Chennai, India. We recruit our sample (N = 340) during college hours by visiting classrooms

at times scheduled in coordination with the college administration.1 Participants complete

an online survey accessed via a link on their smartphones. The survey includes demographic

questions, self-assessed mental health perceptions, prior treatment history, and the PHQ-

ADS—a validated composite screening tool for depression and anxiety (Kroenke et al., 2019).

We document alarmingly high shares of mental distress at this college, mirroring recent

evidence from India and around the world (Kumar et al., 2012; Yadav et al., 2016; Singh

et al., 2017; Shah and Pol, 2020). Roughly half of students screen positive for at least mild

symptoms of depression or anxiety, and around a quarter for moderate or severe symptoms.2

Despite this, take-up of mental health services is very low: only 5% report currently receiving

treatment from a mental health professional, even though counseling services at the college

are available to students without charge. About 30% of students with moderate levels of

depression or anxiety—for which psychotherapy is recommended as a treatment—do not

think of themselves as having depression or anxiety.

We randomly assign students to a control condition or to one of three treatments. In the

Rewards treatment, students receive a 500 rupee (∼6 USD) cash payment upon attending

their first therapy. Students could complete this therapy session either with college counselors

or with a partner mental health center that offered more specialized services off campus. In

the Screening treatment, students receive personalized feedback on their PHQ-ADS results.

In line with existing clinical guidelines in India, students with severe or moderate distress

1We pre-registered trying to reach all of the students in the college, but noted substantial uncertainty
since we relied on the college to grant us time slots to meet students. Ultimately, we were able to reach only
about 20 percent of the classrooms in the college before the semester ended.

2Future job prospects, academic stress, social isolation, relationship difficulties, and financial hardship
are the most commonly reported sources of distress.
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also received a recommendation to seek therapy, while those with mild or no distress did not

receive a recommendation. In the Rewards & Screening treatment, students receive both

interventions. All students, including in the control condition, have access to free therapy

by qualified counselors at the college and an off-campus provider.

Our outcome measures focus on students’ take-up of mental health services. Within the

survey, we ask all students (including in the control condition) whether they would like to

book or be contacted to schedule an appointment with a therapist at either the college or

with an off-campus provider. We also acquire administrative data from the college counseling

service and the partner mental health center to assess whether students attend at least one

therapy session. As secondary outcomes, we also examine whether the interventions affect

students’ demand for related services, including a mental health app and additional support

resources.

Only 3% of students in the control group make an appointment to see a therapist. This

share is identical among symptomatic and asymptomatic students, suggesting little selection

into therapy based on need in our sample population.3 The Rewards treatment substan-

tially increases take-up of therapy. Students offered a small cash incentive are on average

9 percentage points more likely to schedule a therapy appointment (p = 0.06). Students

follow through on these appointments: they are 7 percentage points more likely to attend

at least one therapy session (p = 0.09). While point estimates suggest larger increases in

appointments for symptomatic students (11 pp) versus asymptomatic students (6 pp), this

difference is not statistically significant. Contrary to fears that financial incentives might

hurt targeting, we therefore find suggestive evidence of improved targeting.

The Screening intervention has no impact on take-up on average. However, this masks

an important and sensible heterogeneity: it slightly reduces appointments made by asymp-

3Patients with higher symptom severity benefit more from psychotherapy (Bower et al., 2013), and better
targeting is therefore valuable, particularly given the scarce supply of mental health services in India (Gururaj
et al., 2016).
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tomatic students, while substantially increasing appointments made by symptomatic stu-

dents by 10 pp (p = 0.08). Thus, personalized feedback based on a screening tool induces

take-up precisely among those with higher need.

In the combined Rewards & Screening intervention, there is a large aggregate effect on

take-up (11 pp relative to the control group p < 0.01). Take-up is also 9 percentage points

higher than in the screening intervention (p = 0.07) and similar to the rewards intervention

(p = 0.67). The heterogeneity in effects is stark. There is a small and non-significant decrease

in take-up among the asymptomatic, while take-up increases by 23 pp (p < 0.01) among

symptomatic students. Thus, combining small cash rewards with screening information

leads to a large increase in take-up, entirely driven by those in need. Treatment effects

are 25 percentage points larger among symptomatic individuals compared to asymptomatic

individuals (p < 0.01). This pattern holds not just for making appointments, but also for

following through with visiting the therapist (19 pp, p < 0.01).

Our paper speaks to a growing literature on the economics of mental health. Existing

studies have documented the significant negative impacts of mental health problems on a

range of economic outcomes, including labor market outcomes and educational attainment

(Currie and Stabile, 2006; Ridley et al., 2020; Biasi et al., 2021). Recent randomized eval-

uations have demonstrated that interventions designed to improve mental health, including

mental health therapy or counseling, can yield substantial improvements in mental health

and other outcomes (Patel et al., 2017; Baranov et al., 2020; Bhat et al., 2022). Despite these

potential benefits, take-up rates remain stubbornly low due to both supply- and demand-side

constraints. On the demand side, information frictions and stigma are significant barriers

that prevent individuals from seeking care (Cronin et al., 2024; Roth et al., 2024; Smith,

2025). Our study contributes to this literature by explicitly testing interventions designed to

alleviate both financial and informational barriers, evaluating their effectiveness in enhancing

take-up and targeting individuals most at risk.
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We also contribute to the literature on take-up and targeting of social programs, particu-

larly in developing-country contexts. Prior work highlights barriers that prevent individuals

from accessing beneficial services, such as a lack of information (Roth et al., 2024), adminis-

trative complexity (Coombs et al., 2021), and stigma associated with program participation

(Bharadwaj et al., 2017). Alatas et al. (2012) demonstrate how community screening mecha-

nisms significantly improve the targeting efficiency of social welfare programs, ensuring that

resources reach those most in need, while Naik (2025) finds that individuals with poor mental

health are more responsive both to benefits and barriers to take-up of social welfare programs

relative to those with good mental health. Our research extends these insights, demonstrat-

ing how self-screening interventions can be used to improve the allocation of individuals to

social programs. Our work also connects to a broader literature in health economics study-

ing selection into engagement with health services and health insurance (e.g., Einav and

Finkelstein, 2011; Hackmann et al., 2012).

2 Setting and Experimental Design

The experiment was designed with two broad objectives. First, we aim to measure the effect

of financial incentives on people’s pursuit of treatment from mental healthcare professionals

(psychotherapy from therapists/counselors, in particular). Second, we aim to understand the

effects of providing people with information on their current mental health status (specifi-

cally, about their current experiences of psychological distress as determined by their PHQ-

ADS score) on their pursuit of therapy. This outcome is of particular interest to understand

these effects in individuals with poorer mental health outcomes. We assess the impacts of

these interventions on different stages of treatment pursuit, from initial expression of inter-

est to varying degrees of measurable action, including (i) interactions with counselors via

WhatsApp messages, (ii) scheduling appointments, and (iii) attendance of appointments.
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2.1 Context

India is an especially relevant context for the study because of low existing take-up: India’s

National Mental Health Survey reports that five-sixths of individuals with depression do not

receive appropriate care (Gururaj et al., 2016). In addition to this, in recent surveys of Indian

college students, between 50% and 70% of students have screened positive for depression,

with similar shares for anxiety (Kumar et al., 2012; Yadav et al., 2016; Singh et al., 2017; Shah

and Pol, 2020). College can be an especially challenging time for youth in this setting, as

students transition away from tight-knit family environments towards spending considerable

time around new peer groups and face a challenging labor market.4 Most college students

in India do not work while studying,5 limiting their financial independence and making it

difficult to access therapy without parental support—support they may not receive due to

prevailing social norms around mental health. While attitudes among younger cohorts are

shifting, stigma around seeking mental health care remains widespread (Gaiha et al., 2020).

2.2 Sample recruitment

We recruited 340 undergraduate students from an all-women’s arts and science college in

Chennai. Enrollment took place at the classroom level on a rolling basis. Students received

an introduction to the study by the research team. Students who were within the eligible

age range (18 to 30) and who consented to the study completed a survey on their personal

mobile devices, including questions on demographics, self-perceived mental health, treatment

history. The survey also included the PHQ-ADS, a 16-point validated composite instrument

screening for depression and anxiety.

4Indeed, a survey of students in 19 colleges around eight countries indicates that “colleges around the
world are contending with rising rates of mental disorders, and in many cases, the demand for services on
campus far exceeds the available resources’ (Auerbach et al., 2018, p. 623).

5In our sample of college students, around 45% report having no personal disposable income at all.
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2.3 Experimental design

Figure 1 presents our simple two-by-two cross-randomization design. We use a simple two-

by-two cross-randomization design. Randomization of participants into a control group or

one of the three treatment groups is done within the survey instrument at the individual level,

stratified by participants’ PHQ-ADS scores collected in the baseline (pre-treatment) section

of the survey. All participants (a) watched a video introducing them to the mental health

services available in the college, including introductory videos of the college counselors, (b)

had access to therapy at no cost for the duration of the study via their college counselors

and additionally at SCARF, a mental health center in Chennai, (c) received links to prefilled

WhatsApp messages to each of the study affiliated counselors to request a therapy session,

(d) received links to download a mental health app and/or web articles on depression and

anxiety, if they indicated they were interested in receiving these resources.

In addition, the treatment group received the following interventions:

1. Rewards: Participants in the Rewards group receive a cash payment of Rs. 500

(∼USD 6) for attending their first therapy session with a study-affiliated counselor.

2. Screening: Participants in the Screening group received feedback on whether their

responses to the PHQ-ADS questions fit in the standard risk categories of no, mild,

moderate, or severe distress. Students whose PHQ-ADS scores indicated moderate

or severe symptoms of depression or anxiety received a recommendation to make an

appointment with a counselor based on their score.

3. Rewards and Screening: Participants in this group receive both the rewards and

screening interventions described above.

Appendix Figure 1 displays an example of the information provided to students as part

of the survey. The figure displays information about booking counseling and the messages

provided on a student’s PHQ-ADS category, which was revealed to students in the Screening
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and Rewards and Screening groups. The figure also displays the information on incentives

provided to students in the Rewards and Rewards and Screening groups.

Participants who consented to receive further communications from the research team

were sent nudge messages one day, seven days, and 21 days after survey completion thanking

them for their participation in the research and reminding them of the mental healthcare

services being offered as part of the study and how they could be accessed, as well as

reminding participants in the Incentive groups of their eligibility to receive cash rewards for

attending their first therapy session with a study affiliated counselor.

For ethical reasons, participants with PHQ-ADS scores of 30 or above—indicating severe

risk of depression and anxiety—in the non-screening treatment arms are also informed of

their scores at the end of the survey. For outcome variables measured within the survey,

these participants remain part of the group to which they were randomly assigned. One

outcome variable (completing the process to make an appointment for therapy) is measured

after the conclusion of the participant survey. For this outcome variable, we separately run

regressions both including and excluding these individuals.

Appendix Table 1 shows balance tests of baseline characteristics across treatments. Base-

line characteristics are generally similar across control arms. There is some imbalance on

personal income, which is included as one of the controls throughout the analysis.

2.4 Outcome measures

The primary outcomes of this study are the pursuit of psychotherapy and other alternative

care interventions for mental health. We measured this in a staggered manner with differen-

tial levels of interest and intent being recorded at two stages: immediately post treatment

during the survey, and a short period post survey completion.

Initiating engagement. We measure several steps towards engagement with mental
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health services:

1. Contact with counselors. Within the initial survey, students can message study-

affiliated counselors via WhatsApp, and/or request that a study-affiliated counselor

contact them to discuss mental health and therapy. For simplicity, our main analysis

uses an indicator variable for a participant initiating engagement in either of these

ways. We also report results for these two outcomes separately.

2. Making appointment. We measured whether participants actually made an appoint-

ment with a study-affiliated counselor by tracking administrative records from the

counseling offices for a period of 60 days post survey completion.

3. Interest in mental-healthcare app. We recorded participants’ choice to click a link to

learn more about accessing a mental health-related app as part of the survey.

4. Interest in information about mental health. We recorded participants’ choice to click

a link to gain more information about mental health and therapy.

Actual Take-up. Beyond recording interest, we also measure whether participants use

mental health services

1. Accessing mental-healthcare app: We recorded participants’ clicks on trackable links to

the mental-healthcare app provided in the survey.

2. Accessing mental-healthcare literature: We recorded participants’ clicks on trackable

links to mental-healthcare literature (articles on depression and anxiety) provided in

the survey, conditional upon their interest.

3. Attending therapy sessions: We measured whether participants actually attended a

scheduled appointment with a study-affiliated counselor by tracking administrative

records from the counseling offices for a period of 60 days post survey completion. We

also measured the total number of sessions attended using the same data.

9



2.5 Baseline mental health

Figure 2 shows various indicators of students’ mental health at baseline. Panel (a) displays

the distribution of PHQ-ADS scores. A little over half of students screen for depression or

anxiety (PHQ scores of at least 10); around a quarter of students screen for moderate (PHQ

scores between 20 and 29) or severe (PHQ scores of 30 or above) depression or anxiety. This

high incidence of depression and anxiety is consistent with other recent surveys of mental

health at Indian colleges (Kumar et al., 2012; Yadav et al., 2016; Singh et al., 2017; Shah

and Pol, 2020).

Panel (b) shows students’ self-assessed mental health. Around one third of students self-

assess as currently having depression; the share self-assessing as currently having anxiety is

a little lower. One-sixth of students indicate that they believe they have both conditions.

Around half of students indicate that they do not have either condition.

Panel (c) compares students’ self-assessed mental health to PHQ-ADS scores. PHQ-

ADS scores are strongly correlated with the likelihood that a student believes that she has

depression or anxiety (pairwise correlation = 0.43, p < 0.01). Nonetheless, panel (c) also

demonstrates that around 51% of students who screen for mild depression or anxiety on the

PHQ-ADS do not believe they are suffering from depression or anxiety, and around 25% of

students who screen for moderate or severe depression or anxiety do not believe they are

suffering from either condition. When interpreting this relationship, we emphasize that there

are reasons for self-assessment to differ from PHQ-ADS scores other than mis-classification:

for instance, the PHQ-ADS is itself a noisy measure of mental health. Nonetheless, panel

(c) suggests that there is some room for students’ beliefs to be affected by learning their

PHQ-ADS scores, at least in the sense that their beliefs about their well-being do not fully

predict PHQ-ADS scores.

Panel (d) presents the major stated reasons for mental distress among students screening

for depression and/or anxiety. The most common reasons for distress are future job/career
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prospects (62% of students), academic matters (49%), and feelings of isolation (38%).

Despite this high incidence, Appendix Figure 2 shows that there is very little engagement

with mental health services at baseline. Panel (a) shows that only around 10% of students

have any prior experience with counselors or psychologists, and only around 5% of students

are currently seeing a counselor or psychologist. This limited engagement does not appear to

be driven by beliefs about the inefficacy of therapy: around three-quarters of students state

that they believe therapy would be very or extremely helpful in improving their well-being or

quality of life (Panel (b)). Panel (c) shows that the most common stated reasons not to take

up therapy—among students who screen for depression or anxiety, and who do not indicate

interest in therapy—are a student’s belief that they do not need therapy, that therapy will

not help them, or that they do not know how therapy works.

3 Results

Average effects. We begin by assessing the total effects of treatment assignment. We run

OLS regressions of the form

Yi = α + βScreeni + γRewardsi + δ(Screen and rewardsi) +X ′
iλ+ ϵi, (1)

where Yi represents the outcomes for individual i described above, and Xi is a vector of

controls for consisting of fixed effects for categories of PHQ-ADS scores, family support for

seeing a therapist, self-reported current mood, mood over the last two weeks, and mood over

the last six months, self-reported current and past experiences of depression and anxiety,

and level of disposable income.

Table 1 Panel A displays regression coefficients from this specification. At baseline, the

level of engagement with mental health services is low: although almost 19% of students

initiate contact with study counselors, only about 3% schedule or attend appointments.
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For each of the four outcome variables, the estimated effect of assignment to the screening

group (β) is statistically indistinguishable from zero. Though the estimate is imprecise, we

are able to rule out large effects of screening on average: for instance, we can conclude at

the 5% level that the effect of screening on likelihood of attending an appointment was no

more than 6 p.p.

By contrast, financial incentives increase average engagement with mental health services.

The estimated effect of assignment to the Rewards group (γ) is positive in all specifications,

and significant for the first three outcomes. Rewards nearly double students’ interest in

counselor contact (0.34 vs. 0.19, col. 1), and they triple the scheduling a therapy appointment

(0.12 vs. 0.03, col. 2). Remarkably, these impacts nearly entirely translate into attendance of

therapy appointments (col. 3). The estimated effect of assignment to the combined screening

and rewards group (δ) is of similar magnitude and statistically indistinguishable from the

corresponding estimates for the rewards group.6

Heterogeneity by baseline mental health status. We now turn to heterogeneity by

participants’ baseline mental health status, as measured by their PHQ-ADS scores. Table 1

Panel B displays regression coefficients from the equation

Yi = α0 + α1Symptomatici + β0Screeni + β1Screeni × Symptomatici

+ γ0Rewardsi + γ1Rewardsi × Symptomatici

+ δ0(Screen and rewardsi) + δ1(Screen and rewardsi)× Symptomatici

+X ′
iλ+ ϵi,

(2)

where Symptomatici is an indicator variable for student i having a PHQ-ADS score of at least

6Appendix Table 2 shows the results from a corresponding regression which treatments to compare all
students who received rewards (either in the rewards group or in the rewards plus screening group) vs.
all students who did not receive rewards (either in the pure control group or in the screening group), and
likewise for all students who did vs. did not receive screening. We interpret these pooled treatment effect of
assignment to a given treatment arm as being conditional on the assignment of other treatment arms in the
experiment (Kremer 2003; Duflo et al. 2007; Muralidharan et al. 2025). The results are similar to those in
Table 1: rewards robustly increase average engagement with mental health services; screening does not tend
to affect average engagement.
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10. This specification enables us to separately estimate treatment effects for symptomatic

and asymptomatic students. For instance, we interpret β0 as the causal effect of assignment

to the Screening group on the outcome variable among students who are asymptomatic, and

β0 + β1 as the causal effect among students who are symptomatic.

At baseline, we find limited evidence of selection into treatment based on symptom sever-

ity, as indicated by the comparison of control means: students with higher PHQ-ADS scores

are more likely to engage with mental health services, as measured by each of the three

outcome variables. For instance, around 5% of students who do not screen for depression

or anxiety initiate contact with counselors; the share is around 30% among students who

screen for depression or anxiety. The degree of self-selection is much smaller for scheduling

and attending appointments: only a very small number of students either schedule or attend

appointments, even when restricting attention to symptomatic students.

While leaving average engagement with mental health services unchanged, the Screening

treatment appears to reallocate engagement between individuals, as shown in the first two

rows of Table 1 Panel B. The Screening has a small negative effect on asymptomatic students,

but a positive effect on asymptomatic students. By contrast, assignment to the Rewards

treatment increases the level of engagement with mental health services, without substan-

tially affecting the difference between students with differing levels of symptoms. Finally,

assignment to the Rewards and Screening treatment increases take-up among symptomatic

individuals without affecting take-up among asymptomatic students. The effects are large in

magnitude. For instance, assignment to the rewards and screening group increases the like-

lihood of scheduling an appointment by 23 percentage points for symptomatic students—a

substantial change relative to the control mean of 4 percentage points.

Figure 3a visualizes these effects. Navy bars display the likelihood of scheduling counseling

among asymptomatic students, separately for each of the four treatment arms. Light blue

bars display the likelihood of scheduling counseling among symptomatic students in each
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treatment arm. The panel also displays 90% confidence intervals for the light blue bars.

Assignment to rewards tends to increase engagement with mental health services among all

students; assignment to screening increases engagement with mental health services only

among symptomatic students.

Figure 3b visualizes the effects using a continuous PHQ-ADS score, rather than the dis-

crete categories in Table 1. The figure presents a binned scatterplot of the likelihood of

scheduling counseling vs. PHQ-ADS scores, separately for each of the four treatment lines.

Dots represent deciles of the data; we also present lines of best fit from the regression:

Appointment scheduledi = α0 + α1PHQ-ADSi + β0Screeni + β1Screeni × PHQ-ADSi

+ γ0Rewardsi + γ1Rewardsi × PHQ-ADSi+

+ δ0Screen and rewardsi + δ1Screen and rewardsi × PHQ-ADSi + ϵi.

(3)

In the navy blue line, representing the pure control group, very few students schedule

therapy, regardless of their PHQ-ADS score: as a result, the slope of the relationship between

the likelihood of scheduling counseling and PHQ-ADS score in the control group is very close

to zero. The Rewards treatment, presented in light blue, produces a level shift in interest

in undertaking therapy: all students are more likely to schedule counseling. By contrast,

the screening group, presented in orange, produces a pivot relative to the control group:

students at high levels of PHQ-ADS scores are more likely to schedule therapy, whereas

there is no effect (or even a marginally negative effect) for students with low PHQ-ADS

scores. The rewards plus screening line, in maroon, maintains both the pivot effect of the

screening group, and the level increase of the rewards group.

Figure 3 shows treatment effects splitting the sample into those whose self-assessed men-

tal health status matched the results of the PHQ-ADS test (Panel A) and those whose

self-assessments did not match (Panel B). We find significant positive impacts of screen-

ing on appointment scheduling among students who self-assessed as being symptomatic and
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registered symptomatic on the PHQ-ADS (p < 0.01). The results suggest that the value

of screening extends beyond correcting a basic misperception of one’s mental health sta-

tus. Instead, the benefit is likely to come from the reinforcement provided by the screening

information and the recommendation to seek therapy.

4 Discussion and Conclusion

Psychotherapy is an effective treatment for depression/anxiety (Cuijpers et al., 2013, 2023;

Barth et al., 2016; Bhat et al., 2022), but take-up remains low. For this reason, it is a policy

priority in many parts of the world to increase engagement with mental health services (Patel

and Prince, 2010). In light of the scarcity of supply of mental health services, these policies

face the challenge of increasing take-up while prioritizing need.

We studied this challenge in a sample of college students in Chennai. A small financial

incentive substantially increased engagement with mental health services, including a four-

fold increase in the likelihood of scheduling a therapy appointment. However, combining

screening information with incentives can improve the targeting of mental health resources

and generate large gains in take-up among the population with the greatest need. Moreover,

the effects are strongest within the group of symptomatic individuals who also self-assess as

having depression or anxiety. These findings raise a series of open questions. For example,

how would the results compare in other samples in developing countries? Our study pop-

ulation of college students exhibits high awareness of mental health disorders, though low

perceived usefulness of therapy.
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Figure 1: Experimental design

Full sample
(N = 340)

Control
(N = 86)

Rewards
(N = 83)

Screening
(N = 86)

Rewards + 
screening
(N = 85)

Random assignment

Counselor introduction 
videos and access to 
free counseling 
appointments.

Control conditions, 
plus 500 INR reward 
for attending first 
therapy session.

Control conditions, 
plus info. on current 
mental health status
as assessed by 
PHQ-ADS score.

Rewards plus 
screening conditions.

Notes: This figure presents the experimental design. For ethical reasons, we also provide
screening results to students who are randomized to the control or rewards groups but screen
for severe depression or anxiety (see Section 2.3).
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Figure 2: Mental health status at baseline

(a) Distribution of PHQ-ADS Scores
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(d) Sources of distress among students
screening for depression or anxiety

Future job/career prospects

Academics/exams

Feeling isolated

Family relationships

Friend relationships

Financial issues/hardships

Romantic relationships

Other
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Share of students identifying as source of distress (%)

Notes: Panel (a) presents a histogram of PHQ-ADS scores at baseline. The text indicates
the share of students screening for no depression or anxiety (PHQ-ADS score strictly of
9 or below), mild depression or anxiety (PHQ-ADS score between 10 and 19), moderate
depression or anxiety (PHQ-ADS score between 20 and 29) and severe depression or anxiety
(PHQ-ADS score of 30 or above). Panel (b) presents a bar chart of students’ self-assessment
of their current mental health. Note that bars do not add up to 100% because students
can be in multiple navy bars. Panel (c) shows a binned scatterplot of the likelihood that a
student self-assesses as experiencing depression or anxiety vs. the student’s PHQ-ADS score.
Ventiles of the data are presented as navy dots; the red line is a line of best fit (estimated
on the microdata). The bottom right of the figure displays the point estimate and standard
error on β in an OLS regression of the form

Self-assessi = α + βPHQ-ADSi + ϵi.

Panel (d) presents a bar chart of the sources of distress among students, restricting attention
to students who screen for depression or anxiety (PHQ-ADS score of at least 10). Note that
bars do not add up to 100% because students can be in multiple bars.
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Figure 3: Effects of treatment assignment on likelihood of scheduling counseling,
by baseline mental health status

(a) Effects by symptomatic status
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(b) Effects by PHQ-ADS score
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Rewards: Δint. = 3.12 (s.e. = 4.85), Δslope = 0.54 (s.e. = 0.41)
Screening: Δint. = -1.85 (s.e. = 3.68), Δslope = 0.58 (s.e. = 0.36)
Rewards + screen: Δint. = -3.20 (s.e. = 3.95), Δslope = 1.01 (s.e. = 0.41)

Notes: This figure shows the likelihood of scheduling counseling by baseline mental health
status in each treatment arm. In panel (a), navy bars show the likelihood of scheduling coun-
seling for asymptomatic individuals (PHQ-ADS ≤ 9) in each treatment arm, and light blue
bars for symptomatic individuals (PHQ-ADS ≥ 10). Black bars show 90% confidence inter-
vals relative to the control asymptomatic mean, computed using regression specification (2).
For instance, the 90% confidence interval on the “screening, symptomatic” bar corresponds
to the point estimate for α0, plus the 90% confidence interval for the value of α1 + β0 + β1.

Panel (b) presents a binned scatterplot. Each navy dot represents a decile of the control
group. The navy line is a line of best fit (estimated on the microdata). The orange, light
blue, and maroon series replicate the navy series for the rewards, screening, and rewards plus
screening groups, respectively. The text reports regressions of (3). The navy text reports
estimates of α0 (as the intercept term) and α1 (the slope term), with corresponding standard
errors. The orange text reports estimates of β0 and β1. The light blue text reports estimates
of γ0 and γ1. The maroon text reports estimates of δ0 and δ1.

22



Table 1: Effects of saturated treatment assignment on primary outcomes

Total interest
in counselor

contact
(1)

Scheduled
Appointment

(2)

Attended
Appointment

(3)

Scheduled
Follow-Up

Appointment
(4)

Panel A: Average effects
Screening 0.03 0.02 -0.01 0.00

(0.06) (0.04) (0.04) (0.02)

Rewards 0.15** 0.09* 0.07* 0.03
(0.07) (0.05) (0.04) (0.02)

Rewards & Screening 0.09 0.11*** 0.08** 0.01
(0.06) (0.04) (0.04) (0.02)

Controls X X X X

Control mean 0.19 0.03 0.03 0.01

Panel B: Heterogeneous effects
Screening 0.05 -0.03 -0.03 -0.03

(0.06) (0.03) (0.03) (0.03)
Screening x Symptomatic -0.06 0.13** 0.07 0.07*

(0.11) (0.06) (0.06) (0.04)

Rewards 0.22*** 0.06 0.06 -0.03
(0.08) (0.05) (0.05) (0.03)

Rewards x Symptomatic -0.15 0.05 0.03 0.09**
(0.13) (0.08) (0.08) (0.04)

Rewards & Screening 0.03 -0.03 -0.03 -0.03
(0.06) (0.03) (0.03) (0.03)

Rewards & Screening x Symptomatic 0.13 0.25*** 0.19*** 0.07*
(0.11) (0.08) (0.07) (0.04)

Control mean, Asymptomatic 0.05 0.03 0.03 0.03
Control mean, Symptomatic 0.30 0.04 0.04 0.00

Panel C: Hypotheses tests (p-values)
Asymptomatic:
Screening = Rewards 0.07 0.08 0.08 1.00
Screening = Rewards & Screening 0.72 . 1.00 1.00
Rewards = Rewards & Screening 0.03 0.08 0.08 1.00
Symptomatic:
Screening = Rewards 0.43 0.93 0.47 0.62
Screening = Rewards & Screening 0.09 0.13 0.08 1.00
Rewards = Rewards & Screening 0.39 0.16 0.32 0.62

Observations 340 340 340 340

* p < .10, ** p < .05, *** p < .01

Notes: This table displays estimates of equations (1) (columns (1), (3), and (5)) and (2)
(columns (2), (4), and (6)). The table also displays the baseline levels of the outcome variable
in the control group, in total (“Control Mean”), and among individuals with (“Control
Mean, Symptomatic”) and without symptoms of depression and anxiety (“Control Mean,
Asymptomatic”).
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Appendix Figure 1: Example of information provided to participants

Notes: This figure displays an example of information shown to participants as part of
the survey. The information on level of distress was shown to participants in the screening
and screening and rewards arms. The information on rewards was shown to participants in
the rewards and screening and rewards arms.
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Appendix Figure 2: Mental health treatment history and perceptions at baseline

(a) Treatment history
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(c) Reasons not to take up therapy, among individuals in control
group screening for depression or anxiety who do not contact coun-
selors

Don't need therapy

Therapy won't help me

Don't know how therapy works

Family opposes therapy

Don't know where to find therapist

Don't have time
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Tried before, didn't work

Sign of inferiority

Other
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Share of students identifying as reason uninterested in therapy,

out of total students uninterested in therapy (%)

Notes: This figure presents descriptive statistics on mental health treatment history and
perceptions at baseline. Panel (a) shows the share of participants who have seen a counselor,
a psychologist, or both a counselor and a psychologist, both in the past, and currently. Panel
(b) shows participants’ stated beliefs about the effectiveness of therapy. Panel (c) shows
participants’ stated reasons for not taking up therapy, among individuals in the control
group who screen for depression or anxiety (PHQ-ADS score ≥ 10), but who choose not to
initiate contact with counselors, either by messaging study counselors, or by requesting that
they be contacted by study counselors.

25



Appendix Figure 3: Effects of treatment assignment on likelihood of scheduling
counseling by correct or incorrect self-assessment of mental health status.
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Screening
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Notes: This figure shows the likelihood of scheduling counseling by baseline mental health
status in each treatment arm. Panel (a) shows those who correctly assess their mental health
status, and panel (b) those who incorrectly assess their mental health stauts. In panel (a),
navy bars show the likelihood of scheduling counseling for asymptomatic individuals (PHQ-
ADS≤ 9) in each treatment arm, and light blue bars for symptomatic individuals (PHQ-ADS
≥ 10). Black bars show 90% confidence intervals relative to the control asymptomatic mean,
computed using regression specification (2). For instance, the 90% confidence interval on
the “screening, symptomatic” bar corresponds to the point estimate for α0, plus the 90%
confidence interval for the value of α1 + β0 + β1.
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Appendix Table 1: Balance on Baseline Characteristics

Control
Mean
(1)

Coef. on
Screening

(2)

Coef. on
Rewards

(3)

Coef. on
Rewards &
Screening

(4)

A. Demographics
Age 19.65 -0.21* -0.01 -0.11

(0.12) (0.12) (0.12)
Has Personal Disposable Income 0.45 0.10 0.12 0.16**

(0.08) (0.08) (0.08)
Is Preparing for Competitve Exam 0.17 -0.03 0.05 0.08

(0.06) (0.06) (0.06)

B. Mental Health (Self Perception)
Good Mental Health (Current) 0.72 -0.02 -0.01 -0.02

(0.07) (0.07) (0.07)
Good Mental Health (Past 2 Weeks) 0.23 -0.01 0.08 0.06

(0.06) (0.07) (0.07)
Good Mental Health (Past 6 Months) 0.29 0.06 0.03 0.09

(0.07) (0.07) (0.07)
Curently Has Depression or Anxiety 0.48 -0.03 -0.08 -0.04
(Self Reported) (0.08) (0.08) (0.08)
Has Had Depression or Anxiety in the Past 0.65 -0.03 -0.13* -0.10
(Self Reported) (0.07) (0.08) (0.07)

C. Mental Health (Treatment)
Currently Seeing Psychiatrist or Counselor 0.03 0.02 0.01 0.01

(0.03) (0.03) (0.03)
Has Previously Seen Psychiatrist or Counselor 0.08 0.01 -0.01 0.01

(0.04) (0.04) (0.04)
Family Support for Mental Health Treatment 0.28 0.03 0.01 0.04

(0.07) (0.07) (0.07)

D. Mental Health (PHQ-ADS Scores)
PHQ-ADS Score 12.40 0.76 -0.11 0.13

(1.59) (1.47) (1.58)
Symptomatic: PHQ-ADS Score ≥ 10 0.55 0.01 0.01 0.02

(0.08) (0.08) (0.08)
Mildly Symptomatic: PHQ-ADS Score 10 – 19 0.28 0.01 0.03 0.02

(0.07) (0.07) (0.07)
Moderately Symptomatic: PHQ-ADS Score 20 – 29 0.22 -0.02 -0.03 -0.02

(0.06) (0.06) (0.06)
Severely Symptomatic: PHQ-ADS Score ≥ 30 0.05 0.02 0.00 0.02

(0.04) (0.03) (0.04)

* p < .10, ** p < .05, *** p < .01
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Notes: This table displays levels of baseline variables in different treatment arms. Each
row presents results for a baseline variable from an OLS regression of the form

Bi = α + βScreeningi + γRewardsi + δScreening and rewardsi,

where Bi is the baseline variable. Column (1) shows the point estimate for α; columns (2),
(3) and (4) show the point estimates and corresponding standard errors for β, γ, and δ,
respectively. Panel A presents results for demographic baseline variables: participants’ age;
an indicator variable for whether the participant has personal income; and an indicator vari-
able for whether the participant is preparing for a competitive exam or standardized test.
Panel B presents results for self-perceived mental health: indicator variables for rating one’s
well-being currently, over the past two weeks, or over the past six months at least four out of
five; and indicator variables for self-identifying as currently or previously having depression
or anxiety. Panel C presents results for engagement with mental health treatments: indica-
tor variables for currently or previously seeing a psychologist or counselor; and an indicator
variable for family supporting engagement with mental health treatment. Panel D presents
results for PHQ-ADS scores: a continuous variable for PHQ-ADS score; and indicator vari-
ables for the PHQ-ADS score indicating that a student is symptomatic, mildly symptomatic,
moderately symptomatic, or severely symptomatic. ∗, ∗∗, and ∗ ∗ ∗ indicate significance at
the 10%, 5%, and 1% levels, respectively.
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Appendix Table 2: Effects of pooled treatment assignment on primary outcomes

Total interest
in counselor

contact
(1)

Scheduled
Appointment

(2)

Attended
Appointment

(3)

Scheduled
Follow-Up

Appointment
(4)

Panel A: Effects of pooled rewards
Pooled Rewards 0.11** 0.09*** 0.08*** 0.02

(0.05) (0.03) (0.03) (0.02)

Controls X X X X

Control mean 0.20 0.06 0.04 0.02

Panel B: Effects of pooled screening
Pooled Screening -0.01 0.02 -0.00 -0.01

(0.05) (0.03) (0.03) (0.02)

Controls X X X X

Control mean 0.25 0.08 0.07 0.02

Observations 340 340 340 340

* p < .10, ** p < .05, *** p < .01
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Appendix Table 3: Heterogeneous effects of pooled treatment assignment by
baseline symptoms

Total interest
in counselor

contact
(1)

Scheduled
Appointment

(2)

Attended
Appointment

(3)

Scheduled
Follow-Up

Appointment
(4)

Panel A: Effects of pooled rewards
Pooled Rewards 0.10* 0.04 0.04 -0.02

(0.06) (0.03) (0.03) (0.01)
Pooled Rewards × Symptomatic 0.01 0.09 0.08 0.07*

(0.09) (0.06) (0.06) (0.03)

Controls X X X X

Control Mean, Asymptomatic 0.08 0.01 0.01 0.01
Control Mean, Symptomatic 0.29 0.09 0.06 0.02

Panel B: Effects of pooled screening
Pooled Screening -0.07 -0.06* -0.06** -0.02

(0.06) (0.03) (0.03) (0.01)
Pooled Screening × Symptomatic 0.09 0.15** 0.11* 0.02

(0.09) (0.06) (0.05) (0.03)

Controls X X X X

Control Mean, Asymptomatic 0.16 0.05 0.05 0.01
Control Mean, Symptomatic 0.33 0.10 0.09 0.03

Observations 340 340 340 340

* p < .10, ** p < .05, *** p < .01
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Appendix Table 4: Heterogeneous effects of pooled treatment assignment by
baseline degrees of distress

Total interest
in counselor

contact
(1)

Scheduled
Appointment

(2)

Attended
Appointment

(3)

Scheduled
Follow-Up

Appointment
(4)

Panel A: Effects of pooled rewards
Pooled Rewards 0.10* 0.04 0.04 -0.02

(0.06) (0.03) (0.03) (0.01)

Pooled Rewards × Mild -0.02 0.04 0.03 0.03
(0.11) (0.07) (0.07) (0.04)

Pooled Rewards × Moderate-Severe 0.04 0.14 0.13 0.11*
(0.13) (0.09) (0.08) (0.05)

Controls X X X X

Control Mean, Asymptomatic 0.08 0.01 0.01 0.01
Control Mean, Mild 0.22 0.08 0.06 0.02
Control Mean, Moderate-Severe 0.37 0.11 0.07 0.02

Panel B: Effects of pooled screening
Pooled Screening -0.06 -0.06** -0.06** -0.02

(0.06) (0.03) (0.03) (0.01)

Pooled Screening × Mild 0.16 0.09 0.10 0.04
(0.11) (0.07) (0.06) (0.03)

Pooled Screening × Moderate-Severe 0.02 0.21** 0.12 -0.01
(0.12) (0.09) (0.08) (0.05)

Controls X X X X

Control Mean, Asymptomatic 0.16 0.05 0.05 0.01
Control Mean, Mild 0.22 0.08 0.06 0.00
Control Mean, Moderate-Severe 0.47 0.12 0.12 0.07

Observations 340 340 340 340

* p < .10, ** p < .05, *** p < .01
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Appendix Table 5: Heterogeneous effects of pooled treatment assignment by
baseline income

Total interest
in counselor

contact
(1)

Scheduled
Appointment

(2)

Attended
Appointment

(3)

Scheduled
Follow-Up

Appointment
(4)

Panel A: Effects of pooled rewards
Pooled Rewards 0.18** 0.00 0.03 -0.01

(0.08) (0.05) (0.04) (0.02)
Pooled Rewards × Has Income -0.14 0.15** 0.10* 0.04

(0.10) (0.06) (0.06) (0.03)

Controls X X X X

Control Mean, No Income 0.19 0.08 0.06 0.02
Control Mean, Has Income 0.27 0.07 0.05 0.02

Panel B: Effects of pooled screening
Pooled Screening -0.03 0.01 -0.03 -0.01

(0.07) (0.05) (0.05) (0.02)
Pooled Screening × Has Income 0.03 0.02 0.04 0.00

(0.10) (0.07) (0.06) (0.03)

Controls X X X X

Control Mean, No Income 0.26 0.07 0.07 0.02
Control Mean, Has Income 0.29 0.15 0.12 0.06

Observations 340 340 340 340

* p < .10, ** p < .05, *** p < .01
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