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Abstract

We revisit two clinical trials that randomized depressed adults in India (n=775) to a brief course

of psychotherapy or a control condition. Four to five years later, the treatment group was 11

percentage points less likely to be depressed than the control group. The more effective intervention

averted 9 months of depression on average over five years and cost only $66 per recipient. Therapy

had broader impacts beyond mental health, contributing to a more robust self-image in three ways.

First, it reduced participants’ likelihood of seeing themselves as a failure. Second, it reduced over-

optimistic belief updating in response to feedback about performance on a novel work task, leading

to reduced overconfidence. Third, it increased self-assessed levels of patience and altruism. We

find no significant effects on employment or consumption, possibly because of other constraints on

employment in the largely female study sample.
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1 Introduction

Psychotherapy aims to treat psychological disorders by changing dysfunctional beliefs, thoughts,
and behaviors. It is effective in treating common mental health conditions such as depression—the
world’s leading cause of disability—and anxiety (WHO, 2017; Barth et al., 2016; Cuijpers et al., 2016).
Psychotherapy is widely used in high-income countries: nearly 10 percent of US adults received some
form of therapy from a mental-health professional in 2019 (Terlizzi and Zablotsky, 2020). Simplified
forms of psychotherapy have been developed to fill the enormous treatment gaps for mental illness in
low-income countries (Patel et al., 2009, 2018). Administered by trained non-specialists at low cost,
these therapies have been shown to cause sizable short-run improvements in mental health across a
variety of low-income settings (Singla et al., 2017).

We study the long-run effects of psychotherapy on mental health, behavioral, and economic out-
comes in a low-income setting. To do this, we revisited participants from two psychotherapy RCTs
in India, four to five years after the original trials were conducted. The first trial recruited depressed
individuals from the general population, while the second focused on perinatally depressed women.

We fill three gaps in the literature. First, we show that the effects of psychotherapy on depression
persist beyond the three to twelve months typically documented in the literature (Figure 1). In
particular, we believe our general population trial is the first long-run study of its kind.1 Second,
depression has long been linked to distorted self-directed beliefs, that psychotherapy seeks to correct
(Beck, 1967; Beck et al., 1979; de Quidt and Haushofer, 2016). We study how psychotherapy changes
these beliefs, and the processes by which they are formed, contributing to a “behavioral science” view
of its effects (Blattman, Jamison and Sheridan, 2017; Heller et al., 2017; Barker et al., 2022). Third,
we provide evidence of therapy’s long-run effects on economic outcomes.

In the original trials (described in Section 2), participants who had screened positive for depression
were randomized into receiving a brief course of psychotherapy, or to a control condition. Therapy was
delivered by non-specialist counselors and cost under $75 per recipient. The interventions primarily
employed “behavioral activation,” teaching patients the relationship between their activities and mood,
and seeking to increase mood-improving activities. We successfully located and interviewed 76 percent
of participants—589 out of 775—from the two trials.2 In addition, to quantify the extent to which our
findings might shift existing scientific understanding, we asked 234 experts on economics and mental
health to forecast the main findings of the larger of the two trials via the Social Science Prediction
Platform (DellaVigna, Pope and Vivalt, 2019). Section 3 describes our empirical framework, pre-
analysis plan, and expert survey.

Section 4 analyzes the long-term effects of psychotherapy on mental health. On average across the
two trials, the brief courses of psychotherapy led to sustained reductions in depression. We measured

1 In low- and middle-income country settings we know of three long-run studies, all of which focus on special popula-
tions. Baranov et al. (2020) and Maselko et al. (2020) study the effects of psychotherapy on perinatal depression seven
and three years after treatment, respectively, in programs very closely related to our second trial. Blattman et al. (2022)
study ten-year impacts on a sample of “criminally-involved young men.” Perhaps surprisingly, there are also few long-run
studies of therapy in high-income countries (Steinert et al., 2014). Many of those that exist have small samples, combine
therapy with pharmacological treatment, or test against alternative forms of treatment rather than a control condition.

2Attrition and baseline characteristics are balanced across treatment and control groups for both trials, and our
follow-up samples are very similar on observables to the original trial samples.
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symptoms of depression using the PHQ-9 questionnaire, a standard and locally-validated screening tool
also used in the original trials. Pooling the two trials, the treatment group had 0.15 standard deviation
(SD) lower PHQ-9 scores compared to the control group (p=0.08). Using standard diagnostic cutoffs
in PHQ-9 scores, we find 11 and 8 percentage points lower incidence of mild and moderate depression
in the treatment group, respectively (p<0.01 and p=0.03). Decomposing the PHQ-9 improvements,
we see significantly lower frequency of specific symptoms such as feeling bad about oneself and having
a poor appetite. Participants’ mood also improved, by 0.17 SD (p=0.04).

The long-run improvement in mental health is entirely driven by one of the two interventions: the
Healthy Activity Program (HAP), which delivered 6 to 8 sessions of therapy to adults with moderately-
severe depression (N=495, Patel et al., 2017). The HAP intervention reduced depression symptoms
five years later by 0.23 SD (p=0.02) and incidence of mild and moderate depression by 13 percentage
points each (p<0.01). This effect equals the 91st percentile of the expert predictions, implying that
the vast majority (including mental-health professionals) underestimated the long-run mental health
impacts, despite being informed about the short-run effects. HAP was highly cost effective. Back-
of-the-envelope calculations suggest treated participants experienced 9 fewer months of depression
(defined as PHQ-9≥10), and gained the equivalent of 0.32 Quality-Adjusted Life Years (QALYs) over
the five years since enrollment. Even if we assumed all benefits vanish at that point, the implied cost
is a mere $7 per month of depression averted or $206 per QALY.3

In contrast, the Thinking Healthy Program Peer-Delivered (THPP) intervention—delivered to preg-
nant women with moderate levels of depression (i.e., less severe depression than the HAP sample)—had
no detectable long-run effect on depression (N=280). This finding is consistent with small short-run
effects reported in Fuhr et al. (2019) after our data collection began. This may be because the con-
trol group in the THPP trial shows high rates of spontaneous recovery, leaving little room for further
reductions in depression. Perinatal depression may be more likely than other kinds of depression to
exhibit remission due to its clearly circumscribed environmental trigger (pregnancy and childbirth).4

Maselko et al. (2020), evaluating an extended version of THPP, find very similar patterns of remission
in the control group, along with non-significant long-run impacts. Baranov et al. (2020) find much
lower rates of remission, and larger treatment effects (note that they evaluate THP, a more intensive
form of the program delivered by community health workers).

An important contributor to treatment gaps may be that potential beneficiaries do not expect
treatment to be effective. Section 5 investigates whether experience of therapy changes these beliefs.
We elicited participants’ incentivized quantitative beliefs about their program’s treatment effects, and
find that treated participants had significantly more positive beliefs about efficacy. This suggests
that increasing potential beneficiaries’ exposure to therapy might boost demand from the low levels
documented in the literature (Cronin, Forsstrom and Papageorge, 2020; Ridley et al., 2020; Sapiens
Lab, 2021). However, we find similar effects on perceived efficacy in both trials, despite differences in

3India does not have an official threshold for an intervention to be considered cost effective (Prinja, Sundararaman
and Muraleedharan, 2020). A common threshold (based on WHO-CHOICE guidance) is 1–3 times GDP per capita per
QALY, against which HAP compares very favorably (India’s GDP per capita was $1,438 when HAP was launched in
2013).

4Fuhr et al. (2019) suggest that the high control-group remission rate may be due to lower baseline depression severity
in the trial, although we find similar results if we apply the HAP screening criterion to the THPP sample.
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realized efficacy. This could be because it is hard for patients to distinguish treatment effects from
spontaneous remission.

Next we turn to therapy’s effects on beliefs and preferences. Depression has long been linked to
pessimistic beliefs about oneself and how one compares to others (Beck, 1967; de Quidt and Haushofer,
2016). We designed our study to investigate how therapy causally changes these beliefs and the way
in which they are formed (Section 6). Such beliefs are important for economic decisions (Russo and
Schoemaker, 1992; Malmendier and Tate, 2005; Bénabou and Tirole, 2016), and over- and under-
confidence are widespread (Moore and Healy, 2008). Self-confidence may directly affect psychological
well-being (Köszegi, 2006), motivation (Bénabou and Tirole, 2002), and task performance (Schward-
mann and Van der Weele, 2019). An influential experimental literature studies how people “manage”
their self-confidence, trading off the benefits of higher self-confidence against the cost of inaccurate
beliefs. A common finding is asymmetrically optimistic belief updating, whereby “good” news receives
more weight than “bad” news.5

The expected effect of therapy on self-confidence is ambiguous. On the one hand, therapy seeks
to make patients see themselves in a more realistic light as having both strengths and weaknesses
(Beck et al., 1979; Beck, 2020). If therapy causes patients to have a more robust self-image, treated
participants might have a reduced psychological need for overconfidence in a specific domain (Blanton
et al., 2001; Sherman and Cohen, 2006; Kolubinski et al., 2018), leading to more accurate beliefs and
reduced overconfidence. On the other hand, an influential literature on “depressive realism” has posited
that depression is associated with more realistic, less overconfident beliefs (Alloy and Abramson, 1979;
Alloy and Ahrens, 1987) (although the evidence is mixed (Moore and Fresco, 2012; Korn et al., 2013;
Dev et al., 2022)). In this view, psychotherapy might increase overconfidence.

We measure self-confidence using a lab-experimental paradigm developed by Mobius et al. (2021).
Participants complete a paid work task that mimics realistic jobs that might be available to them.
Then, we elicit their incentivized beliefs about an ego-relevant parameter: their performance relative
to others (specifically, their probability of ranking in the top half of a group of 10). We then give
them a sequence of noisy signals about their relative standing and re-elicit their beliefs each time. This
design allows us to measure the level of overconfidence, and compare belief-updating behavior against
a rational (Bayesian) benchmark.

The median expert predicted that control-group participants, who have high rates of depression,
would update their beliefs equally to positive and negative feedback—consistent with the idea of
depressive realism, and that therapy would shift people toward asymmetrically optimistic updating.
In contrast, we find substantial over-confidence and strongly optimistic belief updating in the control
group. In response to a positive signal, participants update by around 73 percent of the Bayesian
benchmark, but essentially ignore negative signals altogether. The treatment group start off equally
overconfident to the control group, but update their beliefs significantly less optimistically in response
to feedback, leading to significantly lower overconfidence by the end of the experiment.6 The point

5See, e.g., Eil and Rao (2011); Zimmermann (2020); Mobius et al. (2021); Coutts (2019); Buser, Gerhards and Van
Der Weele (2018); Ertac (2011). Not all studies find optimistic asymmetry, see Benjamin (2019).

6This could be interpreted as an increase in “rationality” as a Bayesian should respond equally to positive and negative
signals, but is also in some sense further from the Bayesian benchmark, since the treatment group becomes even more

3



estimates are strikingly similar across the two trials, despite only one trial showing reductions in
depression. That suggests therapy itself, rather than therapy-induced changes in depression, as the
underlying cause.

Consistent with an interpretation whereby therapy contributes to a more robust self-image, our
analysis of preference outcomes in Section 7 finds significant improvements in self-assessed patience
(0.24 SD, p<0.01) and altruism (0.19 SD, p<0.05), but not incentivized “revealed-preference” measures
of these attributes. We also measure risk tolerance, where neither type of measure is affected by
treatment. This might reflect that patience and altruism are considered normatively “good” traits,
while risk tolerance is more ambiguous. Further supporting the view that treatment strengthened
patients’ self-image, we find that therapy durably reduced highly negative beliefs about oneself: treated
participants were substantially less likely to report feeling like a failure or feeling bad about themselves
or about letting others down.

Finally, Section 8 reports long-run impacts on economic outcomes. We find no significant effects
on self-reported consumption, intensive or extensive margin labor supply, or earnings, nor on revealed-
preference measures of people’s willingness to work or on their productivity in a bracelet-making
task. For labor-market outcomes such as employment, reservation wages and real-stakes willingness to
accept a job offer, these null effects are reasonably precise. For example, we can rule out increases in
employment of 5 percentage points compared to a control-group mean of 25 percent. The absence of
long-run impacts on labor-market outcomes and consumption may be explained by the fact that the
sample is predominantly female, and women face numerous barriers to working outside the household
in this context (Fletcher, Pande and Moore, 2019).7

We contribute to several literatures. First, we expand the fledgling literature on the long-run
impacts of psychotherapy on depression. Numerous studies have demonstrated the short-run efficacy
of inexpensive psychological interventions in improving mental health in the developing world (Singla
et al., 2017), but long-run studies are rare and focus on special sub-populations (as discussed in footnote
1). Our HAP sample is particularly unique. The HAP trial delivered substantial, cost-effective, long-
run effects of therapy on depression, exceeding the quantitative predictions of experts who had been
presented with the short-run effects. This suggests that the findings of Baranov et al. (2020) generalize
beyond their specific context and population of pregnant women and extend to a simpler form of
therapy delivered by counselors outside of the overburdened public health system.

Second, we take a step towards providing a behavioral science view of psychotherapy, building
on work by Blattman, Jamison and Sheridan (2017), Heller et al. (2017), and Barker et al. (2022).8

Our key contribution relative to these papers is the use of lab-experimental methods to study effects

conservative in their response to positive signals.
7Note that for this reason we pre-specified economic outcomes among the secondary outcomes for our study. In other

exploratory analyses we find significant improvements in self-reported sleep quality and duration, but no impacts on
measures of female empowerment, experienced intimate partner violence, loneliness, or locus of control.

8Blattman, Jamison and Sheridan (2017) show that cognitive-behavioral therapy (CBT) targeted at increasing self-
control and reducing impulsive behavior successfully increases patience and reduces violent behavior. Heller et al. (2017)
show that an intervention with many elements of CBT reduces crime and dropout among disadvantaged youth in Chicago,
partly by causing recipients to act less on automatic thoughts. Barker et al. (2022) find CBT had broad beneficial effects
on a sample of the rural poor in Ghana, irrespective of mental health at baseline.
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of psychotherapy on beliefs, a central aspect of depression and therapy.9 Our findings are broadly
consistent with the theory of cognitive-behavioral therapy (CBT), a standard approach for treating
depression, of which behavioral activation is a key element. CBT for depression aims to reduce extreme
low self-worth, while teaching people to realistically see themselves as having both strengths and
weaknesses, avoiding over-generalizations and “all or nothing” thinking (Beck et al., 1979; Beck, 2020).
Our finding that patients appear to have a reduced need for overly optimistic belief updating after
therapy, and that they have higher self-perceptions of their own patience and altruism, supports this
view. Our results are contrary to the theory of depressive realism in beliefs, for which we find little
support.

Third, we contribute to the literature on the causal effects of therapy on economic outcomes more
broadly (Ridley et al., 2020). Lund et al. (2022) conduct a meta-analysis of the (mostly short-run)
effects of mental health interventions, targeting a broad range of disorders, on economic outcomes
such as self-reported days missed at work. They find modest average effects on index measures of
labor market and other economic gains, but, similar to our findings, smaller effects when restricting to
psychosocial interventions alone (which include therapy). Our findings are consistent with a view that
improving mental health is not enough to generate sustained economic gains in this population. It is
possible that therapy would generate greater economic benefits as part of a multi-faceted intervention.10

Finally, we provide novel evidence on perceptions of the efficacy of psychotherapy. When asked
about reasons for not seeking mental healthcare, respondents in ten countries commonly cited lack
of confidence in treatment (Sapiens Lab, 2021). Indeed, our HAP control-group participants under-
estimate treatment efficacy, pointing to possible demand-side barriers to the adoption of effective
treatments. Experiencing therapy durably increased participants’ beliefs about its efficacy, indicating
that demand might increase as the population comes to have more exposure to therapy.

2 Background and Study Design

2.1 Study background

Depression, one of the most common mental disorders, has a life-time prevalence of about 20
percent (Kessler and Wang, 2009). Estimates for India show that about 3.3 percent of the population
suffers from depression at a given point in time (Sagar et al., 2020). More recent evidence suggests
stark increases in mental disorders since the onset of the Covid-19 pandemic in India and globally
(Verma and Mishra, 2020; Santomauro et al., 2021). While depression affects all segments of society,
it is particularly pronounced among the poor in any given setting (Ridley et al., 2020). Depression is
also about 70% more prevalent among women than men (Albert, 2015).

9We are not aware of prior studies of the causal effect of therapy on belief-updating behavior, certainly in the long run.
Bottemanne et al. (2022) and Kube et al. (2019) study ketamine treatment, or information and attention manipulations.

10Bossuroy et al. (2022) show that adding psychosocial support—life-skills training and community sensitization around
aspirations and social norms—to a multi-faceted intervention including cash transfers, coaching and entrepreneurship
training further improves economic and psychological outcomes among extremely poor households in Niger. Haushofer,
Mudida and Shapiro (2021) find no effects on either mental health or economic well-being of a therapy intervention one
year after treatment. However, that study did not establish short-term effects on mental health.
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Despite the high prevalence of depression and the effectiveness of therapy shown in numerous trials
(e.g., Cuijpers et al., 2010, 2015), professional treatment for common mental disorders in the form
of medication or psychotherapy is not available in many parts of the world. A key reason for such
treatment gaps is the low supply of trained psychiatrists. In India it is estimated that 85% of depressed
individuals do not receive treatment (Gautham et al., 2020). A promising solution is the development
of inexpensive treatments to be delivered by non-specialist counselors (Patel et al., 2009, 2011). Such
interventions have been found to be effective in a range of low-resource settings worldwide (Singla
et al., 2017), including India (Patel et al., 2010).

2.2 Description of trials

Located in Goa, a state on the west coast of India, the non-profit research organization Sangath
seeks to make effective mental-health services more widely accessible by developing and testing non-
specialist mental healthcare interventions.11 We follow up on two RCTs of psychotherapy for depression
implemented by Sangath in partnership with academic researchers between 2013 and 2016.

Healthy Activity Programme (HAP). The first trial was designed to estimate the effects of
the “Healthy Activity Program” (HAP) psychotherapy intervention on depression 3 and 12 months
post enrollment (Patel et al., 2017; Weobong et al., 2017). The sample of 495 participants aged 18 to
65 was recruited between October 2013 and July 2015 at ten primary health centers (PHCs) in Goa.
Potential participants were screened for depression using the Patient Health Questionnaire (PHQ-9),
a nine-item depression screening tool (see Section 4.1 for more details on PHQ-9).

Adults visiting the health centers who screened positive for at least moderately-severe depression—
as measured by a PHQ-9 score of at least 15—were offered participation in the trial. About 2 percent of
those screened were found to be eligible for the trial.12 These participants were generally not seeking
treatment for depression and were instead visiting the PHC for other medical conditions. About
two-thirds of those eligible agreed to participate and were randomized into one of two conditions:

• Control group: EUC. The control group received “enhanced usual care” (EUC), which entailed
informing both the participant and the physician at the PHC of the positive depression screening
result. The physician was also provided with adapted treatment guidelines for depression from
the WHO’s Mental Health Gap Action Programme (WHO, 2010). Given the scarcity of trained
psychiatrists and the workload of physicians in the PHCs, this condition in practice entailed little
active treatment of depression.

• Treatment group: EUC+HAP. The treatment group received EUC plus HAP, a psychological
treatment based on behavioral activation. The HAP intervention consisted of 6 to 8 weekly
sessions of 30 to 40 minutes each, delivered individually at participants’ homes or at the local
PHC. Counselors were members of the local community, recruited through newspaper advertise-
ments and word of mouth, screened through an interview procedure, and trained by Sangath.
The central aspect of the treatment was to encourage participants to schedule and engage in

11Sangath was co-founded by coauthor Vikram Patel.
128 percent of those screened had at least moderate depression (a PHQ-9 score of at least 10).
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pleasurable activities of their choice. Depression often involves leads to withdrawal from such
activities, which is thought to feed back into low mood. Behavioral activation is theorized to
operate by breaking these negative cycles of inactivity and depression. Counselors also educated
participants about mental health, taught strategies to avoid rumination, and encouraged them
to take steps to solve the problems they faced in their lives. In case of specific needs, counselors
also taught strategies to improve interpersonal communication skills, improve sleep and train
relaxation.

About 70 percent of HAP participants completed the full course of therapy by attending all the
assigned sessions. Intent-to-treat analyses revealed that the HAP intervention increased remission from
depression (having a PHQ-9 score below 10) by 25 percentage points after 3 months (Patel et al., 2017)
and by 16 percentage points after 12 months (Weobong et al., 2017). These findings were published
before data collection for our follow up began.

Thinking Healthy Programme Peer-Delivered (THPP). The second RCT was designed to
measure the impacts of the Thinking Healthy Program Peer-delivered (THPP) on depression among
pregnant women (Fuhr et al., 2019). THPP is a simplified version of a psychological intervention
(THP) for treating perinatal depression that has been found to be effective in similar settings and is
recommended by the WHO (Rahman et al., 2008, 2013; WHO, 2015; Baranov et al., 2020). While the
original THP trials employed a full-fledged cognitive behavioral therapy (CBT) intervention, THPP
was a simpler intervention focused on behavioral activation, as in the HAP trial described above.
THPP was designed to be delivered by peer counselors, instead of community health workers as in
previous trials.

The trial recruited 280 women with perinatal depression between October 2014 and June 2016.
Study participants were recruited from two antenatal clinics and two primary health centers in the
north district of Goa. Adult women were eligible if they were in their second or third trimester of
pregnancy and screened for depression based on a PHQ-9 score of at least 10. Five percent of pregnant
women exceeded this screening threshold and were thus eligible to participate in the study. Given
the lower screening threshold compared to the HAP trial (10 vs. 15), THPP participants exhibited on
average lower depression severity than HAP participants.

• Control Group: EUC. The control group again received enhanced usual care (EUC). This included
standard care from the gynaecologist as well as information to both patients and gynaecologists
that the participant had screened positive for depression. Gynaecologists were also provided with
adapted treatment guidelines for perinatal depression (WHO, 2010).

• Treatment Group: EUC+THPP. The treatment group received EUC plus THPP. The counselors
were middle-aged women with children, who had shown an interest in supporting other women
in the community, selected for their good communication skills. The intervention entailed 6 to
14 individual sessions over 7 to 12 months for about 30 to 45 minutes each. The sessions were
divided into four phases, beginning in the second or third trimester of pregnancy and ending

7



six months after childbirth. As with the HAP intervention, the THPP intervention focused on
behavioral activation.

72% of THPP participants completed the course of therapy. Fuhr et al. (2019) report that the
intervention led to moderate improvement in mental health six months after childbirth. Remission
from depression—defined in Fuhr et al. (2019) as a PHQ-9 score below 5—was increased significantly
by 11 percentage points 6 months after childbirth, although average PHQ-9 scores were not significantly
different between treatment and control groups. These results were not yet unblinded when we began
our data collection.

Training of counselors and cost of treatment. In both trials, counselors received classroom-
based training that focused on intervention content and relationship-building skills, followed by an
internship involving additional training and group supervision (Singla et al., 2014; Sikander et al.,
2015). Given their brief nature and mode of delivery, the interventions were inexpensive, with an
estimated costs (relative to EUC) of $66 per person for HAP (Patel et al., 2016) and $72 for THPP
(Fuhr et al., 2019).

2.3 Recruitment, balance, and incentives

This paper reports data based on follow-up visits conducted on average 5 years after enrollment in
the HAP trial and 4 years after enrollment in the THPP trial. Figures A.1 and A.2 report CONSORT
diagrams for the two trials. Since the trials had not been designed for long-run follow-ups, this entailed
significant difficulty in locating study participants. We attempted to contact all participants through
multiple phone calls or home visits using contact information from the original trials. We asked all
original study participants whom we were able to locate whether they were interested in completing a
follow-up study. All interested participants were offered the choice of completing the follow-up study
activities at a local study office or in their homes (or nearby location, such as a local temple). Activities
took place over two sessions, approximately one week apart (see Appendix B for details).

Data collection started in December 2018 and ended in March 2020 due to Covid-19 restrictions in
India. Until then, we were able to follow up with 589 out of 773 participants (76.2%) across the two
trials (Table 1). This follow-up rate is somewhat higher than in Baranov et al. (2020), which might
be due the fact that their follow-up study in Pakistan was about seven years after the treatment was
delivered. Participation in the control group were slightly higher (78%) compared to the treatment
group, though this difference is not statistically significant. Table A.1 shows that follow-up rates were
higher for the HAP trial (79%) than for the THPP trial (69%).

Table 1 shows demographics and baseline mental health across treatment and control groups for
the pooled study sample. The vast majority of study participants were female (88 percent) and
married (81 percent), with an average of just over six years of education. About a third of the sample
was employed at enrollment. Both at baseline and in our follow-up sample, we find no statistically
significant differences across treatment and control groups in their baseline characteristics. An F-test
for balance in baseline characteristics cannot be rejected either at enrollment (p=0.91) or in the follow-
up sample (p=0.73). This implies that the initial randomization was successful and that attrition from
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baseline to our follow-up was not differential across groups.
Appendix Table A.1 shows the same analysis separately by trial. As expected given the differ-

ent screening criteria, PHQ-9 scores at the time of enrollment are higher in the HAP sample (17.8)
than in the THPP trial (12.8). For each trial, we again find no evidence of imbalances in baseline
characteristics—including baseline PHQ-9 scores—either at baseline or at follow-up. It is also striking
that average characteristics are very similar between our follow-up samples and the full sample, sug-
gesting minimal selective attrition on observable characteristics and giving greater confidence that our
findings generalize to the eligible population.

Our data collection involved a number of experimental tasks to measure beliefs about treatment
effects, belief-updating behavior, economic preferences, and labor supply. Apart from a few hypothet-
ical measures, these tasks were financially incentivized: within each task, one choice was randomly
selected for payment and the rewards incorporated into the participant’s earnings for that session.13

3 Empirical Framework

3.1 Description of empirical framework

Most of our empirical analyses estimate treatment effects on outcomes measured at the participant
level using variants of a standard regression framework:

yi = βTi + g(Xi) + εi, (1)

where yi is the relevant outcome for participant i. Ti is an indicator variable capturing the treatment
that participant i was assigned to, and g(Xi) is a function of a vector of control variables selected by a
double machine learning (DML) procedure from Chernozhukov et al. (2018).14. β is the key coefficient
of interest, capturing the impact of each treatment on the outcome of interest. For all outcomes, we
show results for pooling the two trials (our main specification) as well as results for each of the two
trials separately.

Following our pre-registration, we report both estimates without controls (when pooling both trials
we include a trial dummy) and using DML. We include as potential controls all baseline variables that
were collected, a subset of which are shown in Table 1 (categorical variables converted to dummies),
plus surveyor fixed effects. In the pooled specification, for baseline variables that were only measured
in one trial, we impute the mean value of this variable for participants for whom it is missing, and
additionally include a trial fixed effect. Both specifications give very similar point estimates and
precision, consistent with the absence of any meaningful imbalances as demonstrated in Section 2.3.
Treatment was individually randomized so we report robust standard errors, except for our belief-
updating analysis (which uses several observations participant) where we cluster at the individual

13Earnings were rounded up to a minimum of Rs. 400, and participants also received reimbursement of their trans-
portation costs, plus a final bonus of Rs. 200, 2 packets of oil, or an umbrella, for those that completed the whole
study.

14We use algorithm DML1. We use the Random Forest algorithm to predict outcome and treatment based on controls
with a 2-folds sample splitting procedure with 100 splits and 1000 trees.
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level.
When reporting results for categories of outcomes for which we have multiple measures (e.g., the

preference outcomes in Table 5), we also report treatment effects on an index across the measures,
following the inverse covariance weighted approach to index construction recommended by Anderson
(2008). If a participant is missing one or more index components, we adjust the weights proportionally
on the non-missing components, so that the sum of weights is the same for all participants. After
constructing the index measure, we normalize it to mean zero, standard deviation one, in the control
group of the particular regression of interest.

3.2 Pre-analysis plan and multiple hypothesis testing

Our empirical analysis closely follows our pre-analysis plan.15 We deviate from this plan in three
ways. First, we specified that we would stratify the sample-splitting procedure in the DML estimation
by trial. This turned out to be impractical to implement. Since our estimation uses many sample
splits, we believe this is very unlikely to make a material difference. Second, we pre-specified that
our primary measure of overconfidence would be initial overconfidence before the belief-updating task;
later we realized that overconfidence after the task (i.e., after receiving structured feedback) is at least
as interesting, so we report both effects and adjust for multiple comparisons. Third, the elicitation of
beliefs about treatment effects was designed later, and does not appear in the pre-analysis plan.16

We pre-specified five families of primary outcomes (depression measured by PHQ-9, overconfidence,
belief updating, hiring scheme decisions, and preferences). We adjust for multiple comparisons within
each family when relevant, and report false discovery rate (FDR) q-values in the regression tables.17

We pre-specified economic outcomes (employment, consumption) as secondary (along with female em-
powerment, intimate partner violence, and sleep), since our participants mostly have limited economic
opportunities. We do not correct secondary outcomes for multiple-hypotheses testing and their analysis
should be interpreted as exploratory.

3.3 Expert predictions

To quantify how our results compare with current scientific understanding, we conducted surveys
of experts in economics and mental health to elicit their forecasts about the treatment effects of psy-
chotherapy on the main outcomes we study (DellaVigna, Pope and Vivalt, 2019). The survey was
posted on the Social Science Prediction Platform, which maintains a mailing list of experts (primarily
faculty and graduate students in economics and behavioral science). In addition, we solicited partici-
pation via emails to experts in psychology and psychiatry. Altogether, 234 experts made forecasts, of

15We posted the pre-analysis plan to the AEA trial registry shortly after the start of our data collection activities:
https://doi.org/10.1257/rct.3823-1.0.

16There are two other minor points of note. First, we specified that our primary analysis would follow an intent-to-
treat approach, but that we would report instrumental variables estimates if the “first stage” was sufficiently strong.
Our estimates are statistically significant but the F-statistic is below conventional thresholds, so we do not report IV
estimates. Second, we pre-specified that we would drop binary outcomes if there was significant bunching (90% or more
with the same outcome). This applies to one of our outcomes, which sought to measure default effects.

17While results regarding multiple families of outcomes (e.g., overconfidence and belief updating) are presented in the
same table for ease of exposition, FDR corrections are done within family as described here.
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which 145 were economists and 41 were experts in mental health (usually psychiatry or psychology).
Others were in fields such as public policy, biostatistics, and political science.

For simplicity and to reduce the burden on forecasters, we elicited predictions only for the HAP
trial. We chose HAP since this was the larger of our two trials and had a significant short-term impact
on depression, making forecasts of long-run effects more meaningful. Forecasters were informed about
the design of the study, the baseline levels of depression, and impacts on PHQ-9 scores three and
twelve months after enrollment. They were then asked to predict the effects found during our five-year
follow-up on (i) PHQ-9 scores, (ii) initial overconfidence and asymmetry in belief-updating, (iii) indices
of time, risk and social preferences, and (iv) consumption and employment. The expert predictions
are shown in Figure 8 and in Appendix Table A.16, and discussed when presenting results.

4 Impacts on Depression

4.1 Treatment effects on depression

Our main measure of depression is the participant’s score on the Patient Health Questionnaire-9
(PHQ-9), a screening tool which asks patients about the frequency of experiencing nine symptoms of
depression over the past two weeks (Kroenke, Spitzer and Williams, 2002). This measure is widely used
in clinical research, validated in India, and designed to be administered by lay people (Patel et al., 2008;
Manea, Gilbody and McMillan, 2012; Indu et al., 2018). It has also been shown to adequately capture
improvements in depression due to clinical interventions, thus mitigating concerns about experimenter
demand effects (Löwe et al., 2006; McMillan, Gilbody and Richards, 2010; Beard et al., 2016). We use
average PHQ-9 scores as a measure of severity of depression and standard thresholds of PHQ-9 scores
below 10 and 5 to categorize moderate and mild depression, respectively, following earlier phases of
the two trials (Patel et al., 2017; Weobong et al., 2017; Fuhr et al., 2019).18

Pooling the two trials, we find evidence of long-run reductions in depression in the treatment group
(Table 2, Column 2). Specifically, the treatment reduced participants’ average PHQ-9 score by 0.85
points on a base of just below 8 (p=0.08), a 0.15 SD improvement. Treatment increases remission from
depression by 11 and 8 percentage points for the mild and moderate depression screening thresholds,
respectively (p<0.01 and p=0.03). Considering each sub-component of the PHQ-9 index, treatment
significantly reduces the frequency with which participants report feeling bad about themselves—like
a failure, letting down themselves or their families—and of experiencing poor appetite or overeating
(Appendix Table A.2, point estimates also suggest reductions in feeling down or hopeless, having poor
sleep, and feeling tired and low energy). Consistent with the effects on depression, we find a 0.39 point
(or 0.17 SD) increase in a mood score—average self-reported happiness over three days—across the
two trials (p=0.04).

The treatment effect on depression is entirely driven by the HAP intervention (Table 2, Column 4).
HAP reduced PHQ-9 scores five years later by 1.37 points, a 0.23 SD reduction (p=0.02), and increased
remission from both mild and moderate depression by 13 percentage points (p<0.01). These treatment

18We report estimates both without controls and from the DML specification. Since both specifications give very
similar conclusions, we report the slightly more conservative DML estimates in the text.
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effects seem to be concentrated among participants who—five years after enrollment—would have had
mild or moderate depression in the absence of treatment: Figure 2 Panel A shows a clear difference
in the distributions of HAP treatment and control groups for endline PHQ-9 scores of 12 and below,
while the two distributions are nearly indistinguishable for higher PHQ-9 scores. In contrast, we find
no significant effect of the THPP treatment on depression (Table 2, Column 6), and the distributions
of PHQ-9 scores appear identical across the THPP treatment and control groups (Figure 2 Panel B).19

We also find no systematic evidence of heterogeneous treatment effects by baseline characteristics.20

Figure 3 shows the full trajectory of moderate depression (PHQ-9 ≥ 10) over the course of the
studies, including the previous waves of these trials. Appendix Figure A.4 shows trajectories for
mean PHQ-9, and mild depression, respectively. As documented in previous work (Patel et al., 2017;
Weobong et al., 2017), HAP reduced depression three months and one year after the intervention. Re-
markably, the treatment effects one year after the treatment (17 percentage point prevalence reduction)
were largely maintained in our follow-up study another four years later. The relatively small effects
of THPP that we report are consistent with the short-run effects reported after our data collection
began: Fuhr et al. (2019) find a marginally significant reduction of 1.5 PHQ-9 points three months
after the intervention, but the treatment effect is less pronounced and no longer statistically significant
six months after the intervention.

Although we find no evidence of selective attrition, one might still be concerned that attrition could
influence the results. Appendix Table A.3 reports the “no control” estimates from Table 2, along with
Lee (2009) bounds and 95% confidence intervals on the bounds (we use Tauchmann (2014)’s leebounds
Stata package. For HAP, all of the bounds exclude zero; the 95% confidence interval excludes zero for
the PHQ-9< 5 cutoff and essentially coincides with zero for the PHQ-9< 10 cutoff. Consistent with
the nonsignificant main effects, none of the bounds for THPP exclude zero.

4.2 Discussion

Arguably the most policy-relevant result in this study is the sustained reduction in depression due
to the HAP intervention. This enhances the already favorable cost-effectiveness estimate for HAP, as
illustrated in Figure A.5 Panel A. Based on the short-run estimates, the HAP intervention averted 0.38
depression months—i.e., a participant with a PHQ-9 score above 10 in a given month—at 3 months
and 2.25 depression months at 1 year.21 The long-run effects increase this estimate to 9.02 depression
months averted at 5 years, more than quadrupling the the short-run estimates alone. Given the costs
of the treatment of $66 per participant, this implies a cost of $7.32 per depression month saved, if we

19Due to limited power when comparing across trials, we cannot reject that the THPP and HAP trials had equal
treatment effects except for one marginally significant estimate (Table 2, Column 7).

20We explore heterogeneous treatment effects in two ways. First, as pre-registered, we implement the Chernozhukov
et al. (2020) machine learning approach, which searches for combinations of variables that jointly predict heterogeneity
in treatment effects. Figure A.3 presents Sorted Group Average Treatment Effects (GATES) for quartiles of the Machine
Learning-based proxy predictors. While there appears to be some heterogeneity—the difference between the largest
and smallest estimate is quantitatively large—it is noisy and unpredictable. Second, we run regressions interacting the
treatment indicators with key baseline variables, and find that only participants’ age at baseline predicts treatment
effects on depression (Table A.4).

21These calculations involve linear interpolation of effects between the 3 and 12 month effects, and similarly between
the 12 and 60 month effects.
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conservatively assume no further effects beyond five years and ignore the short-run earnings gains and
averted health expenditures documented in Patel et al. (2017) and Weobong et al. (2017).

Figure A.6 expresses our results in terms of Quality-Adjusted Life Years (QALYs) gained as a result
of treatment.22 We find that treated participants in HAP gained on average 0.32 QALYs relative to
control, implying a cost per QALY of $206. A common rule of thumb for cost-effectiveness is 1–
3 multiples of GDP per capita ($1,438 in 2013, when HAP was launched), according to which the
program would be clearly considered cost effective.

These long-run effects of HAP significantly exceeded expert forecasts. Experts were informed
about the short-run effects of HAP on PHQ-9 scores, and asked to predict the effects five years after
enrollment, as reported in Figure 8 and Table A.16. The median expert predicted a reduction in
PHQ-9 scores of 0.08 SD, with over 90% of experts underestimating the actual estimated effect of 0.23
SD. The median prediction among economists (−0.07 SD) was similar to that of mental health experts
(−0.1 SD). Our findings imply that psychotherapy for depression may be even more effective—through
having more persistent effects—than experts believe.

The under-estimation of the long-run effects of therapy in our context might be explained by the
paucity of similar long-run studies. Figure 1 plots our estimates compared to those from the literature,
focusing on non-specialist psychotherapy trials in low- and middle-income countries. A vast majority
of studies measure impacts at 12 months or less after enrollment, showing sizable short-run effects on
average, with substantial variation across trials. Only Baranov et al. (2020) and Blattman et al. (2022)
measure effects at a longer time horizon than ours. Our HAP findings complement theirs by studying
a general population of adults as opposed to their samples of pregnant women and “criminally-involved
young men.” Our THPP trial, Maselko et al. (2020) (3-year followup), and Baranov et al. (2020) (7-
year followup) evaluated closely-related programs. Maselko et al. (2020) evaluate an extended version
of THPP, while Baranov et al. (2020) study THP which involves more intensive therapy delivered by
community health workers.

Why did the HAP and THPP trials have different long-run (and short-run) effects? A striking
difference between the two samples is the much higher rate of spontaneous remission from depression
in the THPP trial, leaving little room for large treatment effects. Depression in the sample of pregnant
women in the THPP trial has a more circumscribed environmental trigger (pregnancy and childbirth),
which may explain the high rates of remission. Maselko et al. (2020) also observe high rates of control-
group remission, and find similar treatment effects to ours (a positive but non-significant effect).
Baranov et al. (2020) find both less remission in the control group, and larger long-run impacts. Other
differences between HAP and THPP could also explain the difference.23 In any case, we note that the
lack of effects in the THPP trial arguably reduces any concerns that treated participants feel differential

22We use weights from Furukawa et al. (2021) to convert PHQ-9 units to QALYs, noting that this scale is based on
rich-country samples and should be treated as indicative only.

23The HAP trial recruited a sample with higher baseline severity of depression, which could diminish the rate of
spontaneous remission without treatment. However, Figure A.7 shows no evidence of a treatment effect in THPP when
restricting to participants with baseline PHQ-9 > 15, as in the HAP trial. Even for this sub-sample, spontaneous
remission in the control group remains more common in the THPP trial than in HAP. We also restrict the sample
further to more closely match the age profile of the HAP sample, this gives us positive but noisy long-run estimates.
HAP trial participants also reported having been depressed for much longer at enrollment than THPP trial participants
(42 weeks versus 11 weeks, Appendix Table A.1).
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social pressure to report improvements in symptoms of depression.
Finally, it is worth discussing why therapy had such persistent effects in the HAP trial. As described

below, we do not find evidence of improvements in economic well-being, so improved material circum-
stances are an unlikely source of the persistent psychological benefits. Instead, a likely explanation is
that participants learned the principles of behavioral activation and employed them to manage future
mental health challenges (Barker et al. (2022) argue for a similar mechanism). Figure A.8 reports
the results of a mediation analysis, which finds that the strongest mediator of the long-run effect on
depression is—unsurprisingly—the short-run effect on depression. The next strongest mediator is a
measure of behavioral activation, the extent to which participants were active and engaged in enjoyable
activities, just as they were taught during the therapy intervention.

5 Perceived Treatment Efficacy

Many people who might benefit from therapy do not seek it out (Cronin, Forsstrom and Papageorge,
2020). A lack of familiarity with therapy and skepticism about its efficacy are commonly stated in
surveys (Sapiens Lab, 2021). Especially in settings such as India, where psychotherapy was unavailable
until recently, learning by experience (and subsequent diffusion through social networks) may foster
demand for therapy.

To test this idea, we elicited study participants’ beliefs about the short- and long-run effects of
therapy on depression. During our long-run follow-up surveys, each participant was asked about the
treatment effects in their own trial for three time horizons: at three or six months, at one year, and
at four to five years after the completion of the treatment. We elicited participants’ beliefs about
the probability of remission from depression—as measured by having a PHQ-9 score below 10—for
both the treatment and control groups, with the difference being the perceived treatment effect.24 We
incentivized the belief measures for accuracy by comparing their answers to our causal estimates.25

Figure 4 and Table 3 show the resulting estimates.
Our first result is that control-group participants in HAP tend to under-estimate the treatment ef-

fects of their highly-effective intervention, while those in THPP over-estimate the effects of their largely
ineffective intervention. The HAP control group underestimates the HAP treatment effects at all time
horizons, by between 5 and 15 percentage points, a statistically significant difference for the two shorter-
run time horizons (Figure 4 Panel A). In contrast, the THPP control group overestimates the THPP
treatment effects at all time horizons (Figure 4 Panel B). This suggests we cannot expect inexperienced
patients—as in the control group—to identify effective treatments without additional guidance. Con-
sistent with this, Table A.4 shows that ex-ante expectations of the efficacy of treatment—measured in

24Specifically, we described the program to them, detailing the intervention received by the treatment group and the
control group (for HAP participants we described the HAP intervention, for THPP participants we described the THPP
intervention). We then asked, for each horizon and for the treatment and control group separately, what the participant
believed would be the remission rate in that group. Specifically, we asked, out of 10 randomly selected members of the
group, how many would have had their depression “reduced to healthy levels.” We then compute the participant’s belief
about the treatment effect as the difference between these two remission rates. Incentives used a quadratic scoring rule.
If selected for payment, the question paid Rs. 75 minus 0.75 times their squared error.

25We added the beliefs about treatment effects module a short while after the surveys were launched, so we do not
have this measure for all participants. For the same reason, these beliefs are not part of our pre-registration.
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the baseline survey using an unincentivized Likert-scale question—do not predict individual treatment
effects.

Second, experiencing the treatment increases perceived effectiveness of therapy in the long run. For
both trials, the treatment group’s beliefs (dark blue) about the medium and long-run treatment effects
are significantly more positive (by 7 to 11 percentage points) than the control group’s beliefs (light
blue). We find no differences in beliefs about the short-run impacts of therapy, which may reflect
difficulty recalling how quickly treatment led to improvements. This latter finding also arguably
provides evidence against differential social pressure to state positive beliefs among the treatment
group, since we might expect such demand effects to upward-bias responses for all time horizons.

What are the takeaways from these results? First, a common result in both trials is that experi-
encing psychotherapy makes people more optimistic about its effectiveness. If such changes in beliefs
spread in social networks, they might increase demand for treatment. Second, we cannot expect people
to identify the most effective treatments by themselves. Indeed, even experience with therapy may
not solve this problem, as it causes participants to become more optimistic even about a relatively
ineffective treatment. Participants appear to find it difficult to disentangle true treatment effects from
the improvements in their mental health that would occur even in the absence of any treatment. This
is a challenge patients face in judging healthcare efficacy in many contexts, and suggests a potential
role for information provision and oversight of mental health treatments, to be explored in future work.

6 Self-confidence and Belief Updating

Therapy can durably improve mental health. This included notable changes in patients’ self-
perceptions: treated participants were significantly less likely to perceive themselves as a failure or to
feel they had let themselves or their families down. This kind of self-perception is inherently subjective
and broad, and the findings suggest that therapy results in a more robust self-image. In this section,
we turn to rigorously measuring self-perceptions in an economic domain with an objective measure
of truth. In particular, we study self-confidence: people’s beliefs about how well they perform at a
meaningful work task relative to others. We find that therapy causes such beliefs about oneself to
become more accurate, by reducing asymmetry in processing informative feedback.

6.1 Measuring confidence and belief updating

We measure self-confidence and belief updating using an experimental paradigm extensively applied
in previous work with Western, Educated, Industrialized, Rich, and Democratic (WEIRD) samples
(e.g., Eil and Rao, 2011; Ertac, 2011; Buser, Gerhards and Van Der Weele, 2018; Coutts, 2019; Zim-
mermann, 2020; Mobius et al., 2021). We closely follow the design of Mobius et al. (2021), adapting
it for low-numeracy participants by developing detailed instructions augmented with examples and
employing a novel belief elicitation method using physical aids in the spirit of Delavande, Giné and
McKenzie (2011).

Participants complete an incentivized work task before reporting their beliefs about whether they
scored in the top half of a group of participants. They then update these beliefs following noisy but
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informative feedback. We use this paradigm to study whether the treatments affected participants’
confidence in their own performance, and the nature of their belief updating. Of particular interest is
whether treatment participants put disproportionate weight on positive compared to negative signals,
and thus become more overconfidence over time. Such belief-updating patterns have been interpreted
as evidence of “optimism bias” in an attempt to protect one’s ego (Mobius et al., 2021).

Work task. Participants are asked to create bracelets using string and beads. During a practice
phase, participants learned the quality criteria: a precise number of beads, a knot, and the extra string
being cut off. After this practice phase, participants make bracelets for ten minutes and are paid
Rs. 5 for each completed bracelet, subject to quality standards. This task was chosen as it requires
dexterity, skill, and concentration, and is thus potentially seen as ego-relevant. It is also relevant to
their real economic lives, as creating beaded bracelets for sale is similar to the types of jobs that many
of them could pursue in their everyday lives. To further enhance this effect, we told participants in
advance that, depending on their performance, they may be offered a real bracelet-making job after the
experiment (see below). As we describe in Section 8, we find no evidence of differences in objectively
measured performance across the two treatment groups.

Eliciting beliefs. Upon completing the task, participants are asked to assess their performance
relative to nine randomly selected previous study participants.26 Specifically, we elicited their belief
about the probability of being in the top half of a group of 10 participants (including themselves).
Participants express their beliefs by allocating water between two containers, which represent the
two states of the world (top half/bottom half). Thus we use visual aids representing probabilities—as
recommended by, e.g., Delavande, Giné and McKenzie (2011)—while allowing for continuous subjective
beliefs. Beliefs are incentivized using a truncated log scoring rule. Participants could directly see how
an allocation of water translated into monetary payoffs in each state of the world, via a labeled scale
on the containers.27

Noisy signals. After reporting their priors, participants receive five rounds of noisy but informa-
tive signals, and can update their reported belief after each signal. Signals are independently generated
messages indicating whether the participant scored in the top half of the group (“high” signal, H) or
not (“low” signal, L). The message is accurate with probability 2

3 and inaccurate otherwise.28 After
the bracelet-making task was finished, we explained the belief elicitation, and elicited priors (“Initial”).
Then, we explained how signals would work, and gave the opportunity to adjust the initial response

26For the first few participants we sampled from pilot participants, who were not part of the THPP and HAP trials.
Once we had sufficiently many comparators, we switched to sampling from the actual trial population. We sampled
comparators of the same gender as the participant, to avoid imbalances due to gender differences in performance.

27We implemented a truncated log scoring rule, i.e., leaving a container empty corresponds to assigning a very small
floor probability ε to that state of the world. When a participant puts a fraction pi of the water in the container
corresponding to the true state of the world, incentives are calculated as constant ∗ (log(pi + ε) − log(ε)) which can be
represented on a visual scale starting at 0 on each container. As long as subjective beliefs assign a probability of at least
ε to each state of the world, this truncated log scoring rule is strictly proper, i.e., it is incentive compatible for a risk-
neutral expected-utility maximizer to report beliefs truthfully (Selten, 1998). While other mechanisms hold additional
desirable properties in theory, they require sophisticated computations that are challenging to explain to low-numeracy
participants, and complicated mechanisms can backfire (Danz, Vesterlund and Wilson, 2022).

28Signals are explained to participants using the image of a die that determines whether the signal is truthful (if the
die rolls a 1, 2, 3, or a 4) or not (if the die rolls a 5 or a 6). Actual realizations were generated using the survey software
(SurveyCTO), so the enumerator is blind to the true state of the world.
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(“Adjust”). Then, we revealed each signal one by one, and elicited posteriors following each one, giving
us a total of seven elicited beliefs per participant. Participants are incentivized to truthfully report
their beliefs at every round, since one of their (prior or posterior) beliefs is randomly chosen to “count”
for the payment of accuracy incentives.

Measuring confidence. We create a measure of confidence by comparing participants’ subjective
beliefs to objective measures of their relative performance. Using the actual distribution of task
performance in our sample, we derive a full-information benchmark for each participant, i.e., their
true probability of being in the upper half of a randomly-sampled group of 10. We define initial
overconfidence as the difference between participants’ subjective vs. true probability of being in the
top half. After each signal, we update the Bayesian benchmark using Bayes’ rule, and compute the
path of overconfidence as the difference between reported posteriors and the updated benchmark.

Estimating belief updating parameters. Closely following Mobius et al. (2021), we use the
design to study deviations from Bayesian information processing using a simple linear regression frame-
work. Writing down Bayes’ rule in logit form yields
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where µi,t+1 is the Bayesian posterior for participant i being in the upper half given prior µi,t and
signal si,t. Adding three parametric degrees of freedom leads to a simple structural model:
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where δ captures the weight on the prior, and βH and βL measure the weight on positive and negative
signals, respectively. The models nests Bayesian updating with δ = βH = βL = 1 and can be estimated
using OLS and the specific likelihood ratios in our experiment:
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We focus on the coefficients βH (response to good news), βL (response to bad news), and their
difference βH − βL which captures asymmetric belief updating. We also consider “conservatism:” the
value of β obtained by imposing βH=βL=β̄, i.e., forcing symmetric responses to good and bad news.

Sample restrictions. As pre-registered, our main analysis drops observations with a degenerate
prior or posterior, i.e., µi,t, µi,t+1 ∈ {0, 1}, since the log likelihood ratios in the regression equation are
not defined for degenerate beliefs. In robustness checks, following Mobius et al. (2021), we sequentially
drop observations who violate basic rules of Bayesian updating: (i) participants who never update
their beliefs in response to feedback; (ii) individual observations without an update; (iii) individual
observations that update in the wrong direction (i.e., opposite to the signal), and (iv) participants that
ever who never update, ever update in the wrong direction or ever report a degenerate belief.29

29In practice, surveyors would place each beaker on an electronic scale after each round of feedback to capture the
reported beliefs. This leads to very small variations in beliefs even when the participant did nothing, due to measurement
error. For the purpose of defining non-updates, we include updates that are below 0.004 in magnitude, which corresponds
to 4 milliliters of water, within the measurement error of this weighing procedure.
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Job application decision. After participants have completed the beliefs task, they are offered
a job application decision: They can either take an outside option of Rs. 300 for sure (about a day’s
wage), or choose to apply for a job that offers Rs. 3,000 for making 1,000 bracelets over the course
of one month. While the job is lucrative for participants with capacity to take on additional work, it
is only offered to participants whose performance is in the upper half of the sample.30 Anyone who
applies but is in the lower half of their group is not hired and receives Rs. 0. Thus, the more likely a
participant believes that they are in the upper half, the more attractive the opportunity becomes. We
discuss impacts on the application decision alongside other labor market outcomes in Section 8.

6.2 Overconfidence and belief updating in the control group

Before discussing the treatment effect of therapy on confidence and belief updating, we first study
the beliefs of participants who did not receive therapy. This is interesting because, in connection with
the theory of depressive realism, some scholars have argued that depression is related to an absence of
optimistic belief-updating (Korn et al., 2013). However, evidence is scarce, and more generally, such
optimistic biases in belief-updating have been studied exclusively in WEIRD populations (Benjamin,
2019).

Prior to receiving any signal, control-group participants exhibit significant overconfidence relative
to the Bayesian benchmark, as illustrated by the light-blue line in Figure 5 Panel A, and the first row
of Table 4. On average, participants’ priors overestimate their true probability of being in the top half
by around 13 percentage points (p<0.001). Initial overconfidence is driven by HAP trial participants,
who overestimate their performance by 22 percentage points (p<0.001). In contrast, THPP trial
participants are closer to the truth and in fact slightly under-confident. Overconfidence in the control
group increases further after receiving noisy but on average truthful signals. After receiving all five
signals, control participants overestimated their performance by 16 percentage points (p<0.001), a
relative increase of 23 percent. This increase in overconfidence is suggestive evidence of optimistic
updating: since signals are informative on average, a Bayesian should trend toward accuracy. The
increase in confidence is larger in THPP, where the average participant has moved from slightly under-
to slightly overconfident by the end of the task.

Estimating the parameters from equation 3, we find clear evidence of optimistic belief updating
in the control group (Table 4 Panel B). The estimate of βH = 0.73 for the full sample shows that
participants on average update reasonably close to the Bayesian benchmark (βH = 1) in response to
positive signals (though we can reject βH = 1). In contrast, the estimate of βL = −0.09 is close to
zero, and we cannot reject that on average the control group does not update at all in response to
negative signals. The stark difference between these estimates implies that belief updating is highly
asymmetric and optimistic (Panel C). We estimate βH − βL = 0.82, implying a strikingly strong
pattern of optimistic belief updating (p<0.001), much more pronounced than in previous studies with
non-depressed, high-income samples (Mobius et al., 2021; Buser, Gerhards and Van Der Weele, 2018).31

30The average participant made around 5 bracelets in the allotted 10 minutes. Under the conservative assumption
of no learning by doing, that would imply around 33 hours’ work to make 1,000 bracelets, for which the compensation
approximates 10 days’ wages.

31Since good and bad news are on average equally likely, it also means that participants are on average quite un-
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6.3 Effects of psychotherapy on belief updating

Prior to receiving any signal, we find no evidence of significant differences in overconfidence between
treated individuals (dark blue) and control individuals (light blue) (Figure 5 Panel A). The treatment
group is slightly less overconfident initially than the control group, though this difference in confidence
is not statistically significant (Table 4 Panel A). However, unlike the control group, the treated group’s
beliefs trend downward over the course of the experiment, becoming significantly less overconfident by
the end of the task. After receiving all signals, the treated group is 8 percentage points less overconfident
than the control group (p=0.02, q=0.05). The treatment effect on overconfidence is similar across the
two trials (−0.07 vs. −0.09), though only the estimate for HAP is (marginally) significant.

The estimated belief updating parameters confirm the widening gap in overconfidence between
treatment and control participants (Table 4 Panel B and Figure 5 Panel B). Across the two trials,
psychotherapy reduces βH by about a third (0.21 units, p=0.03, q=0.07), while βL slightly increases
(by 0.06, not significant). As a result, we find that optimistic belief updating (βH − βL), decreased
by 0.27 units (p=0.08, q=0.16), a reduction of about a third compared to the control group mean.
Average responsiveness to signals (‘conservatism’, β̄) reduces slightly by -0.06 SD (p=0.30,q=0.40). In
other words, psychotherapy appears to have made participants treat feedback on their performance
substantially more evenhandedly, and be slightly less sensitive to feedback in general. As a result,
the treatment group exhibits lower levels of overconfidence at the end of the belief updating exercise.
Finally, just as control group parameters were similar between trials, the treatment effects on belief
updating are quantitatively strikingly similar between trials. For instance, the treatment effect on βH
is −0.22 in the HAP sample (p<0.09, q=0.18) and −0.20 in the THPP sample (p=0.15, q=0.31).

Our main findings of reduced belief updating based on good news and reduced overoptimism in
response to treatment are robust to tighter sample restrictions in two main ways (Appendix Table
A.8, Figure 6).32 First, we re-estimate equation 3 dropping non-updates. Excluding participants who
never update at all (Panel B), increases the magnitude of the treatment effect on βH to −0.28 and
that on asymmetry to −0.38. Additionally dropping all individual instances where a participant did
not update relative to their previous belief (Panel C), the magnitude of the effects increases further
to βH = −0.36 and βH − βL = −0.50. Our second check is to instead exclude participants who ever
update in the wrong direction (Panel D), which yields similar estimates of βH and βH − βL compared
to the baseline specification (Panel A). Finally, Panel E drops all participants who never update their
beliefs, ever update in the wrong direction, or ever have a degenerate prior or posterior. In this highly
restricted (thus lower powered) specification, we find qualitatively similar results, including significant

responsive to information. Forcing the model to treat positive and negative signals equivalently, we find the average
response to signals (“conservatism”) is β̄ = 0.29. While there was some difference in initial overconfidence between
samples, our estimates of the belief-updating parameters are quantitatively very similar between samples: for HAP we
estimate βH = 0.73 and βL = −0.13, while for THPP we estimate βH = 0.67 and βL = −0.03. This translates into very
similar estimates of asymmetry, of 0.85 and 0.69 respectively (both highly significant, p < 0.001).

32Appendix Table A.7 explores what types of updating behaviors are contributing to our findings. We find some
evidence that treatment participants are less likely to have a degenerate posterior (in THPP), and that treatment
participants are less likely to not update after a negative signal (both trials). Our robustness checks suggest these
are not driving the overall results. Panel G reports comprehension-test results for the the beliefs task. We find high
comprehension (participants answered 15 out of 19 questions correctly on average) with no meaningful differences between
treatment groups.
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asymmetry and treatment effects of similar quantitiative magnitude, but the treatment effects are no
longer statistically significant.

6.4 Discussion

How do these findings relate to theories of psychotherapy and depression? First, our results provide
little support for the theory of depressive realism. This influential hypothesis proposes that people with
depression are “sadder but wiser,” based on (mixed) cross-sectional evidence that healthy individuals
are more overoptimistic than depressed individuals (Alloy and Abramson, 1979; Alloy and Ahrens,
1987; Moore and Fresco, 2012; Dev et al., 2022). Closest to our paper, Korn et al. (2013) find a
significant cross-sectional correlation of depression symptoms with less optimistic belief updating in a
sample of 37 adults. We find only a small, non-significant correlation in the same direction, and the
causal effect of therapy—our main contribution—opposes the prediction of the hypothesis.33

Instead, our findings are broadly consistent with the underlying theory and proposed mechanisms
of forms of psychotherapy—including CBT, of which behavioral activation is a component—which
seek to make patients see themselves in a more realistic light as having both strengths and weaknesses
(Beck, 2020). Therapy reduced highly negative self-perceptions in a broad and subjective domain by
reducing feelings of being a failure, as described in Section 4. This more robust self-image might have
reduced participants’ psychological need for overconfidence in the specific novel economic domain we
studied (Blanton et al., 2001; Sherman and Cohen, 2006; Kolubinski et al., 2018).

The expert surveys we conducted reveal belief in the hypothesis of depressive realism. The median
expert predicted that the control group—which displays high rates of depression—would respond
symmetrically to negative and positive signals (βL = βH).34 In contrast, we found much stronger
belief-updating in response to positive than negative signals in the control group (our estimate of βL
is small and actually negative, so βL/βH = −0.13). The median expert forecast lies outside the 99%
confidence interval for this estimate, and every single forecast lies outside the 90% confidence interval.
Experts also (incorrectly) predicted treatment to increase initial overconfidence—before receiving any
signals—and to increase optimistic updating, presumably through the channel of reduced depression
and thus less depressive realism.35

Intriguingly, we find quantitatively similar treatment effects in both trials. This suggests that
depression is unlikely to be the key mediator of the impacts on self-confidence and belief updating. A

33Appendix Table A.9 investigates if healthy individuals (those in remission) are more overoptimistic than depressed
individuals (those not in remission). To do this, we re-estimate equation (3) separately for the currently depressed, and
those in remission (having a PHQ-9 score below 10). We use only control participants for this exercise, since in the
treatment group current depression status is confounded with treatment. In line with depressive realism we find that
remission is positively (but not significantly) associated with overconfidence and asymmetric updating. Therefore, our
cross-sectional data are weakly consistent with the hypothesis, while treatment effects go in the opposite direction.

34For simplicity, we did not separately elicit forecasts about βH and βL but instead asked experts to predict their
ratio (βL/βH = 1), which is an intuitive measure of asymmetry. A caveat to this analysis is that the expert forecast
survey did not allow for negative values of βL/βH = 1. However, none of the experts chose the smallest permitted value,
suggesting that this is unlikely to have affected the results.

35Specifically, experts forecasted a change in the ratio ∆βL/βH = −0.22, while we estimated ∆βL/βH = +0.06. All
forecasts lay outside the 90% confidence intervals. Expert forecasts for treatment effects on initial overconfidence also
went in the wrong direction.
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formal mediation analysis presented in Figure A.8 is also consistent with this claim. Therapy seems
to change people’s belief-formation process through channels beyond mental health.

7 Preferences

We next turn to the long-run impacts of therapy on three important economic preferences: patience,
altruism, and risk tolerance. These preferences drive behaviors across many important economic do-
mains, such as consumption, investment, and public-goods provision. Existing research has examined
the correlation between depression and these preferences. We contribute to this literature by adding
evidence on the causal effect of psychotherapy for depression.

For each type of preference, we collected real-stakes experimental measures (pre-specified as our
primary outcomes) as well as self-evaluation survey measures taken from the Global Preference Survey
(GPS) of Falk et al. (2016). We report the effects on each measure and also combine measures of a
given preference into a standardized index following Anderson (2008).36

Altruism. A number of studies have found that depression negatively correlates with altruistic
behavior (Alarcón and Forbes, 2017). Different explanations have been proposed, including that de-
pression takes the pleasure out of altruistic behavior or that depressed people are more focused on
their own needs. Experts predicted a modest causal effect of the HAP intervention on altruism, with
a median forecast of a 0.1 SD increase in the altruism index.

We collect two measures of altruism. The first is an incentivized dictator game, in which participants
choose how much of Rs. 50 to send to another (unknown) participant in the experiment (keeping the
remainder for themselves). The secondary measure is a self-assessment survey question from the GPS.
This asks, on a scale of 1–10, “How willing are you to give to good causes without expecting anything
in return?” The index variable combines these two outcomes.

Table 5 Panel A shows a 0.21 SD effect of treatment on the index of altruism (p=0.01, q=0.04).
The effect in the HAP trial is similar to the overall effect (0.25 SD), which is somewhat larger than the
median expert forecast of 0.1 SD (42 percent of experts lie outside the 90% CI). Considering the two
underlying measures separately, we find a significant increase in the self-assessment of altruism and a
non-significant but economically meaningful increase in giving in the dictator game. In the dictator
game, the mean giving in the control group was around Rs. 17 out of Rs. 50, in line with behavior in
dictator games in many other settings. The treatment group on average gave an additional Rs. 1 (or
around 0.1 SD) more, consistent with greater altruism (p=0.25). The treatment group also reported a
0.19 SD greater willingness to do good without expecting anything in return (p<0.05).

Patience. Theoretically, the effect of depression on patience is ambiguous. For example, the
anhedonia often experienced in depression may reduce the pleasure of immediate consumption, thus
making people appear more patient when trading off immediate and future consumption (Lempert and

36The construction of each variable is described in more detail in Appendix Table A.6. Comprehension was high across
tasks as measured by a set of comprehension questions for each task. We additionally attempted to measure susceptibility
to “default effects” with a task in which participants received one good and had the option to switch to another at a
later date. This outcome showed little variation (over 95% of participants stuck with the default). We therefore drop it
in accordance with our pre-analysis plan which specifies dropping binary outcomes if over 90% take the same action.
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Pizzagalli, 2010). Alternatively, depression might make it difficult to attend to the future, reducing
patience (Keller et al., 2019). The expert forecasts indicate a modest belief that the HAP intervention
would increase patience, with a median forecast of a 0.12 SD increase in the patience index variable.

Our incentivized measure of patience is a “saving-a-note” task. We gave each participant a Rs.
100 bank note at the first session, and told them that if they could show the exact same note (with
matching serial number) at the second meeting, they would receive a Rs. 30 bonus. Returning the
note is a measure of participants’ patience and/or their ability to resist temptations.37 As secondary
unincentivized measures, we asked two self-assessment survey questions and a discount-parameter
elicitation using hypothetical money-earlier-or-later decisions. The survey questions asked, on a scale
of 1–10, to what extent the participant was willing “to give up something that is beneficial for you
today in order to benefit more from that in the future,” and willing “to complete tasks at the earliest,
and not leave them for later/postpone them.” The discounting elicitation uses a “ladder” design that,
through a sequence of choices between hypothetical sooner-or-later monetary amounts, finds a narrow
range for the participant’s indifference point. We elicited discounting between money today or in 12
months’ time, and between 12 and 24 months’ time.38

Table 5 Panel B shows a 0.18 SD treatment effect on the patience index—indicating higher
patience—which combines the above measures (p=0.03, q=0.05). The effect in the HAP trial is nearly
identical at 0.17 SD, and is close to the median expert forecast of 0.12 SD. While the point estimates
for nearly all the patience measures are positive, the impact on the index is largely driven by the two
self-assessments. In particular, participants are 0.24 SD more likely to state that they are willing to
give something up for future benefits (p<0.01). In contrast, we find small and insignificant impacts
on whether participants return the bank notes, and on the discounting parameters inferred from the
money-earlier-or-later questions. While 79 percent of control group participants returned the bank
note, the treatment increased this fraction by 2 percentage points (not significant). In the hypotheti-
cal discounting task, participants discount the future heavily: δa and δb are both around 0.6. They are
slightly future-biased on average, with mean β equal to 1.08.39 The treatment effects on the discount
factors are small, but we cannot rule out moderate increases in patience of the order of 0.2 SD.

Risk and loss tolerance. Some scholars have argued that depression reduces risk tolerance (see
Kamstra, Kramer and Levi (2003) for a discussion). Proposed mechanisms include that depression
reduces “sensation-seeking,” which is in turn associated with risk-taking. In addition, depression is

37We chose this task since implementing future-dated monetary payments over traditional time-frames used in money-
earlier-or-later designs was difficult to implement in this context. As with other monetary discounting tasks, behavior
in the saving-a-note task could also capture time-variation in liquidity constraints (Cohen et al., 2020).

38From these choices, we compute present and future discount factors δa and δb (under a linear utility approximation),
as well as a present bias parameter β = δb/δa. For the 12- versus 24-month question, we increased all monetary amounts
by 20 percent relative to the today versus 12-month question. The staircase design does not allow for inconsistent
choice (defined as a participant that rejects a larger amount but accepts a smaller amount). Due to an error in the
survey implementation, three monetary amounts in the 12/24 month instrument were calibrated incorrectly, permitting
inconsistent responses. We find that 8 percent of participants are inconsistent, and code their values of δb and β as
missing.

39These estimates are comparable in magnitude to those from Bauer, Chytilová and Morduch (2012)’s study of self-
help group members in Karnataka, India. They estimate mean three-month discount rates of 0.244 between the present
and three months’ time, and 0.193 between 12 and 15 months’ time. These correspond to annual discount factors
δa = (1/1.244)4 = 0.42 and δb = (1/1.193)4 = 0.49. However, their estimates indicate present bias on average whereas we
find modest future bias.
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associated with pessimism, which might make risks less attractive. Recent correlational evidence,
however, casts doubt on this hypothesis (Cobb-Clark, Dahmann and Kettlewell, 2020). Experts did
not anticipate meaningful effects of the HAP intervention on risk preferences, with a median forecast
of a 0.05 SD increase in the index of risk tolerance.

Our two incentivized measures use lottery choice lists to elicit risk and loss tolerance.40 The risk
tolerance task elicits the monetary amount Y that makes the participant indifferent between receiving
Rs. 100 for sure versus a 50-50 lottery over winning Rs. Y /Rs. 200. The smaller is Y , the more risk
the participant is willing to tolerate (and Y = 0 corresponds to the risk-neutral case). Similarly, the
loss tolerance task elicits the monetary amount Z at which the participant is willing to accept a 50-50
lottery over gaining Rs. 100/losing Rs. Z, with losses to be deducted from the participant’s show-up
fee. In this case the larger is Z the more loss-tolerant the participant is (and Z = 100 corresponds
to risk neutrality with no loss aversion). Our unincentivized measure is taken from the GPS and asks
“In general, how willing you are to choose uncertain outcomes in real life?”, answered on a 1–10 scale.
Similarly-phrased questions have been used in many other settings and have been shown to predict
real-world risky decisions well across contexts (Dohmen et al., 2011).

We find small and non-significant effects on all three measures as well as a small (0.05 SD) increase
in the overall index of risk tolerance (Table 5 Panel C). Psychotherapy increases the index measure
by a small and statistically insignificant 0.03 SD, very similar to the median expert prediction of 0.05
SD. In the risk tolerance task, the control group on average chooses Y=53. This amount is about Rs.
2 lower in the treatment group, indicating slightly higher risk tolerance (not significant). In the loss
tolerance task, the control group chooses on average Z=73, and this amount is about Rs. 1 higher in
the treatment group, indicating slightly higher loss tolerance (not significant). Consistent with these
choices, treated individuals on average assess their willingness to choose uncertain outcomes by 0.05
SD higher (not significant).

7.1 Discussion

Our findings add to the nascent literature estimating the causal effects of psychotherapy on eco-
nomic preferences. Closest to our work is Blattman, Jamison and Sheridan (2017), which shows that
CBT designed to reduce impulsive behavior successfully increased patience and reduced violent behav-
ior in a population of criminally-engaged young men in Liberia. Their intervention differs substantially
from those we study, since it did not target depression and did not improve mental health. Also related
is Angelucci and Bennett (2021), who show mixed evidence of pharmacological treatment of depres-
sion affecting risk tolerance.41 Therapy and pharmacological treatments for depression may, however,
operate through different mechanisms.

40The choice lists begin with the most favorable option and work toward the least favorable. We allowed multiple
switching on these choice lists, and take the first switch point as the participant’s choice. If participants made inconsistent
choices this was pointed out to them and they were given an opportunity to reconsider. We estimate the indifference
point as the midpoint of the last-accepted and first-rejected option. If the participant rejected (accepted) all options, we
take the first (last) value as their indifference point.

41Specifically, Angelucci and Bennett (2021) find that being prescribed antidepressants does not affect a lottery-based
measure of risk tolerance or self-assessed risk attitudes, similar to our findings. However, they do find evidence of
reductions in self-reported risky behaviors such willingness to ride a motorcycle without a helmet.
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The positive effects of psychotherapy on the aggregate index measures of patience and altruism are
broadly in line with expert predictions. However, it is important to note that these effects are driven
more by changes in self-assessments than by changes in actual experimental choices. One interpretation
of these findings is that therapy did not affect the extent to which people actually behaved patiently
or altruistically, but changed how they interpreted their own behavior, in line with a more robust
self-image. While patience and altruism are typically viewed as normatively desirable, the valence of
risk tolerance is less clear, which might explain the smaller effects observed for this outcome.

However, we cannot rule out moderate effects on real behaviors in line with the changed self-
assessments, especially in the case of altruism. Self-evaluations may also reflect real behavior across a
broader set of domains and a longer time-frame than captured by the experimental tasks. An alterna-
tive interpretation is thus that psychotherapy changed not just self-perceptions, but also behaviors, in
the direction of greater patience and altruism.

As with the self-confidence outcomes, the pattern of results suggest that therapy affected patience
and altruism through channels other than current levels of depression. The effects were similar in
both trials, despite only HAP showing an impact on depression.42 Moreover, a correlational analysis
reported in Appendix Table A.10 shows weak associations of current depression status with each of
these preferences.43 A mediation analysis reported in Figure A.8 confirms that changes in current
PHQ-9 scores do not explain the effects. Intriguingly, the measure of behavioral activation—being
active and engaged in pleasurable activities—is the strongest mediator of the effects on patience and
especially altruism, explaining a majority of each effect. This suggests that behavioral activation—the
focus of the therapy interventions we study–both improves mental health and independently affects
self-perceptions.

8 Work, Consumption, and Other Outcomes

We find no evidence of significant impacts of the treatments on work-related outcomes, including
survey-based measures of labor supply and employment (Table 6, Panel A) and revealed-preference
measures of willingness to take on paid work and productivity (Panel B). In line with these results, we
also find no impacts on consumption (Panel C). Finally, we find some evidence of improved sleep due
to the treatment but no impacts on other exploratory outcomes such as female empowerment, IPV, or
loneliness (Panel D).44

Labor supply and employment. We detect no significant impacts on any of the survey measures
of labor supply and employment (Table 6 Panel A), including whether people were engaged in paid

42The most notable difference is that we do see suggestive evidence of a treatment effect in the saving-a-note task in
the THPP trial. Here, 71 percent of untreated participants saved the note, increasing by 12 percentage points among
the treated and significant at the 10 percent level.

43While patience and risk tolerance indices are weakly negatively associated with current depression, altruism is instead
weakly positively associated. The coefficients for patience and altruism are less than half as large in magnitude as the our
estimated treatment effects, which further goes to suggest that the treatment effects are not well-explained by changes
in contemporaneous depression.

44We attempted to measure schooling attainment of school age and adult children, and reading and writing ability of
children. We find no evidence of meaningful effects, but this is not particularly surprising because of high dispersion in
children’s ages in the sample: many were too young to be in school, or too old to be meaningfully affected.
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work, how many hours of paid work they did in the past week, or how much they earned in the past
month. Similarly, we find no significant difference in the fraction of people who say they are available
to take on an employment opportunity. Among the unemployed, we find no difference in the number
of job search hours per week. These results are consistent with Baranov et al. (2020), who also find no
effects of psychotherapy for depression on employment in a sample of women in Pakistan. A caveat
is that, due to limited power, we cannot rule out modest improvements (or reductions). For instance,
the 95% confidence interval for effects on employment rates extends from -7 to +5 percentage points,
compared to a control-group mean of 25%.

Table 6 Panel B shows no evidence of impacts on revealed-preference measures of productivity
and willingness to take on paid work (i.e., labor supply at the margin). First, we find no evidence
of impacts on the number of bracelets made as part of the work task used to measure confidence
and belief updating (see Section 6). Since this incentivized task involves the kind of manual skills
often required in work available to our study participants, this outcome arguably provides a relevant
measure of work productivity. Second, we find no impacts of the treatment on incentivized reservation
wages—the minimum wage participants were willing to work at—when asked to make a large, fixed
number of bracelets from home (using as much time as needed), regardless of their performance in the
task. Finally, we also find no impacts on the take-up of the performance-based hiring scheme. Recall
that signing up for this hiring scheme was potentially lucrative for participants who performed above
the median in the sample. Given the treatment effects on final confidence (Table 4 Panel A), one may
have expected treatment to reduce take-up of the hiring scheme. It did not.45

Expenditures. Given the lack of impacts on labor supply, earnings, and productivity, it is perhaps
not surprising that we observe little impact on expenditures and consumption (Table 6 Panel C).
We find no significant impacts on overall consumption or on individual categories such as food or
durable goods. We can rule out increases in monthly expenditures greater than 10 percent of control-
group levels. Improved mental health also did not translate into significant reductions in other health
expenditures, unlike in the short-run study (Patel et al., 2017; Weobong et al., 2017).

Female empowerment and IPV.We also find no significant treatment effects on female empow-
erment and intimate partner violence (Table 6 Panel D). An index of female empowerment variables
shows a positive point estimate of 0.06 SD across the entire sample, but this is not statistically signif-
icant, and few of the constituent variables show sizable effects (Appendix Table A.12). The estimated
effects on female empowerment are less precise and smaller than in Baranov et al. (2020), though we
cannot reject the effects found in their study. Similarly, while we find some suggestive evidence of
reduced intimate partner violence (IPV) in the treatment group, these estimates are not statistically
significant. Across the entire sample (restricted to female participants), the corresponding index de-
creases by 0.12 SD, driven by a significant 67 percent reduction in reported instances of forced sex,
from 9 percent to 3 percent of women (Appendix Table A.13).

45One interpretation of this result is that people’s labor supply decisions are constrained by other factors such as social
norms or childcare, thus limiting any potential impacts of therapy on choices in the hiring scheme. Alternatively, people
might optimistically update their beliefs to feel good about themselves but then revert to their priors in higher-stakes
choices, as discussed in Mobius et al. (2021). We find some evidence in support of this hypothesis (Appendix Table
A.11).
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Sleep, loneliness, and locus of control. We find a statistically significant positive effect of
0.2 SD on an index of three self-reported sleep-related variables: the number of hours slept in the
preceding night, sleep quality, and the number of hours spent in bed but not asleep (entering the index
negatively). The positive effect on the index is driven by a 16-minute increase in sleep duration per
night, and a 0.20 SD improvement in sleep quality. This provides rare evidence of an intervention
capable of improving sleep quality in developing-country settings (Bessone et al., 2021; Rao et al.,
2021). In contrast, we find no evidence of impacts on loneliness or locus of control.

8.1 Discussion

The above findings contribute to the literature studying the causal impacts of therapy on work-
related outcomes. Previous work has found evidence of short-run impacts of therapy on brief survey
measures of labor supply, particularly self-reported days of work missed (Patel et al., 2017; Lund et al.,
2010). We contribute to this evidence base by studying longer-run impacts and by using revealed-
preference measures of productivity and labor supply in addition to survey measures of employment and
earnings. Our findings suggest that therapy did not have long-run impacts on work-related outcomes in
this context, and we can rule out moderate-sized positive effects. We interpret our findings as showing
both a lack of real-world labor supply responses—which could be attributed to low labor demand or to
constraints on women’s work outside the home—but also no effects on willingness to take on flexible
work from home.

The null effect on employment contrasts with the forecasts of experts. The median expert predicted
a 0.12 SD increase in employment. The true empirical estimate of −0.01 SD was equal to the 13th
percentile of the expert forecasts. The median expert predicted more modest effects (+0.06 SD) on
consumption, which was close to the true empirical estimate of 0.05 SD. Ultimately, even a very
effective psychotherapy intervention on its own was not sufficient to unleash greater labor supply and
earnings and help recipients escape poverty.

9 Conclusion

We study the long-run effects of two trials of psychotherapy for depression. Most directly rele-
vant for policy, we document that the mental health benefits of the Healthy Activity Program—an
inexpensive, scalable therapy delivered by non-specialists—were remarkably persistent. Therapy in-
creased remission from depression by 13 percentage points five years after the brief intervention was
delivered. Accounting for these long-run impacts further increases estimates of the (already-high) cost-
effectiveness of such therapies. We calculate that being offered the HAP treatment averted 9 months
of depression on average over five years, at a cost of at most $7.33 per month of depression averted or
$206 per Quality-Adjusted Life Year. This result reinforces calls for expanding access to psychotherapy
in India and similar contexts worldwide (Singla et al., 2017).

As the supply of therapy grows in the developing world, studying potential demand-side barriers
becomes increasingly important. Low perceptions of treatment efficacy could be a barrier to seeking
treatment, possibly due to lack of familiarity. We document that receiving therapy increases people’s
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beliefs regarding the efficacy of therapy. Future work may explore whether such changes in beliefs are
transmitted in social networks and lead to increased demand for therapy among peers. Our results also
suggest that regulation and/or information interventions that help people identify effective treatments
could be beneficial.

This paper also contributes to a behavioral-science view of psychotherapy, documenting its long-
run effects on beliefs and preferences. We find that therapy durably changes recipients’ beliefs about
themselves. It reduces extremely negative self-perceptions which are a common symptom of depression.
It also increases participants’ self-assessed levels of patience and altruism. However, therapy does not
simply cause patients to see themselves more positively across the board. It also causes them to see
themselves more accurately in certain domains. When faced with a novel work opportunity, therapy
reduced overconfidence by making people react to feedback more evenhandedly. This finding is arguably
consistent with the theory and goals of CBT (Beck, 2020). Of course, our study only captures certain
aspects of beliefs and economic preferences, and omits many other aspects of how people perceive
themselves and the world, which future research should explore.

Finally, this paper reports that even a highly effective psychotherapy intervention that durably
reduced depression did not translate into increases in employment and earnings among low-income
adults in India. At least in this context, therapy did not prove to be a tool for long-term reductions
in poverty. Angelucci and Bennett (2021), studying pharmacotherapy in a related Indian context,
find positive mental health effects but apart from increased child human capital investment, also find
no other economic benefits. It could be that other constraints such as social norms depress women’s
work opportunities outside the household (Fletcher, Pande and Moore, 2019). Pairing mental health
treatment with other interventions might be necessary to unlock the economic benefits of improved
mental health (Bossuroy et al., 2022). Yet the remarkably persistent effects of psychotherapy on mental
health, together with the short-run reductions in health expenditures documented in previous work
(Patel et al., 2017; Weobong et al., 2017), already make a strong policy case for such psychotherapy
interventions in low-income contexts.
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10 Figures and Tables
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Figure 1: Treatment effects of HAP and THPP compared to previous work

Notes: This figure contextualizes our results on HAP and THPP with the results of previous RCTs studying the effects of psycho-
logical treatment on depression in low- and middle-income countries, focusing on peer-delivered interventions.

• The studies are primarily taken from the literature review in Singla et al. (2017), as well as meta-analyses of peer-delivered
and non-specialist interventions by Huang et al. (2020) and by Valley and Abrahams (2016).

• We added further studies that were conducted after the publication of those reviews. These RCTs in low- and middle-income
countries were sourced using searches of Google Scholar and PubMed, using the search terms (“depression” OR “anxiety”)
AND (“peer-delivered” OR "peer” OR “non-specialist” OR “interpersonal” OR “volunteer”) AND (“trial” OR “randomized” OR
“random” OR “controlled” OR “experiment”) AND (“international” OR “LMIC” OR “low- and middle-income” OR “middle-
income”), and further supplemented with the METAPSY database (https://evidencebasedpsychotherapies.shinyapps.
io/metapsy/).

• Details of the papers included can be found in Appendix Table A.17. Treatment effects are converted to standardized units
to adjust for the different depression metrics used across studies.
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Figure 2: Effects on distribution of depression symptom severity

Notes: This figure shows cdfs of PHQ-9 scores at the endline follow-up survey for HAP 5 years after treatment (Panel A) and for
THPP 4 years after treatment (Panel B). Based on Kroenke, Spitzer and Williams (2002), the PHQ-9 screening thresholds are as
follows: a score of 5 and above indicates at least mild depression, a score of 10 and above indicates at least moderate depression,
and a score of 15 and above indicates at least moderately severe depression.
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Panel A: Fraction depressed over time in HAP
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Figure 3: Effects on depression over time

Notes: This figure shows the share of people who are depressed (PHQ-9≥10) in the treatment and control groups at baseline and at three
points in time during the study’s follow-up. The HAP trial is shown in Panel A, and the THPP trial is shown in Panel B.

• Each graph shows four data points for the respective treatment and control groups: (i) at baseline and during follow-up visits; (ii)
3 months after the intervention; (iii) 12 months (HAP) or 6 months (THPP) after the intervention; and (iv) 60 months (HAP) or
48 months (THPP) after the intervention.

• 90% Confidence intervals around the treatment group means are using standard errors of regressions of PHQ-9 depression levels on
treatment.

• Depression prevalence at baseline is 100%, since only individuals with PHQ-9≥10 were eligible to be included in each study.
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Notes: This figure shows control and treatment groups’ mean beliefs about treatment effects on depression at each time horizon, alongside estimated true effects. Panel A shows the
results of HAP participant predictions of the HAP intervention’s effects on remission, and Panel B shows the same predictions among THPP respondents for the THPP intervention.
Remission is defined as having a PHQ-9 score below 10.
• Point estimates and 90% confidence intervals for the true effects use the double machine learning approach of Chernozhukov et al. (2018).

• 90% confidence intervals on average beliefs are calculated from conventional standard errors of the mean.

• Each participant is asked, for each time horizon and for the control group and treatment group separately, out of 10 randomly selected members of that group, how many
would have had their depression “reduced to healthy levels.” The difference between these beliefs is their implied belief about the treatment effect on remission from depression.
Participants were incentivized for accuracy.

Figure 4: Beliefs about treatment effects
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Panel A. Overconfidence over the course of the experiment
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Panel B. Belief updating parameters

 Updating coefficients  Updating outcomes

Bayesian Benchmark

-.2
0

.2
.4

.6
.8

1

Conservatism
(β)

Positive
signal (βH)

Negative
signal (βL)

Asymmetry
(βH - βL)

Control Treatment 90% CI

Figure 5: Effects of psychotherapy on overconfidence and belief updating

Notes: This figure shows the impact of the treatments on belief updating, pooled across the two RCTs (split-sample estimates are reported
in Table 4). Belief updating is studied in a task where individuals report their estimated probability that they are in the top half of
performance on a work task, and then update their beliefs in response to informative but noisy signals (see Section 6).

• Panel A reports individuals’ overconfidence over the course of the experiment, defined as the difference between their reported
probability of being in the top half and a full-information benchmark probability. The full-information benchmark is calculated for
each individual as their true probability of being in the top half of a randomly selected group of 10 given their own score, any signals
they have received up to that point, and the empirical distribution of scores. We plot raw data for the control group, and construct
the treatment-group’s belief path with 90% confidence intervals using DML-estimated regression coefficients.

• Panel B reports the coefficients from belief updating regressions (equation (3)). βH and βL measure responsiveness to positive and
negative signals, respectively. A Bayesian is characterized by βH = βL = 1. βH − βL is the difference between responsiveness to
positive and negative signals, and equals 0 for a Bayesian. β̄ measures responsiveness forcing the response to positive and negative
signals to be identical, which equals 1 for a Bayesian updater. 90% confidence intervals are shown for the difference between control
and treatment groups. Standard errors are clustered at the individual level.
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Figure 6: Belief updating coefficients using different sub-samples

Notes: This figure summarizes robustness of treatment effects on the belief updating outcomes from Panel B of Figure 5, using different subsamples. The estimated coefficients
for the control group are shown in light blue and for the treatment group in dark blue. The full regression estimates are shown in Table A.8.

• Coefficients come from belief updating regressions (equation (3)). βH and βL measure responsiveness to positive and negative signals, respectively. A Bayesian is
characterized by βH = βL = 1. βH − βL is the difference between responsiveness to positive and negative signals, and equals 0 for a Bayesian. 90% confidence
intervals are shown for the difference between control and treatment groups. Standard errors are clustered at the individual level as these regressions include multiple
observations for each individual.

• Sample A utilizes the primary analysis sample as shown in Figure 5 Panel B (full sample except observations with degenerate beliefs, since the likelihood ratios are
not defined in this case). Sample B drops individuals who never update their beliefs. Sample C drops individual observations where the participant did not update
(posterior equals prior). Sample D drops observations with wrong-signed updates (negative updates following good news or positive updates following bad news).
Sample E drops individuals who never update, ever update in the wrong direction, or ever report a degenerate belief (0 or 1).
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Figure 7: Standardized treatment effects on altruism, patience, and risk tolerance

Notes: This figure summarises effects of treatment on preference outcomes in the full sample, plus indices of the various sub-components.
Split-sample estimates presented in Table 5.

• All outcomes are standardized to mean zero, standard deviation one in the control group. Treatment effects are estimated using the
double machine learning approach of Chernozhukov et al. (2018). Error bars show 90% confidence intervals.

• The first panel reports measures of altruism. “Dictator game” is the amount of money out of Rs. 50 that the participant chose to
send to another participant instead of keeping for themselves. “Willing to do good without expecting return” is a self-evaluation
measure of altruism.

• The second panel reports measures of patience. “Saving a note task” is a dummy equal to one if the participant saved a Rs. 100
banknote for one week, earning a Rs. 30 return. “Willing to give up today for future” and “Willing to complete task early” are
self-evaluation measures of patience. Discounting and present bias parameters are computed from choices over hypothetical sooner
vs. later monetary amounts. The Anderson index is constructed excluding the present bias parameter, which is a transformation of
two other components.

• The final panel reports measures of risk tolerance. “Risk tolerance” and “Loss tolerance” are computed from participant’s switching
points in incentivized risk/loss lottery choice tasks, with positive numbers corresponding to higher risk tolerance and loss tolerance.
“Willing to choose uncertain outcomes” is a self-evaluation measure of risk tolerance.

40



Panel A. Treatment effects on main outcomes
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Panel B. Belief updating ratios in control and treatment groups
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Figure 8: Survey of Experts

Notes: This figure shows the results of the survey of experts (who were only asked to forecast the results of the HAP trial), and how their
predictions compare to the actual treatment effects found in the study.

• Panel A shows inter-quartile ranges (in navy blue), i.e., the 25th percentile, median, and 75th percentile of experts’ predictions of
treatment effects for the main outcomes of the study, and dots report the actual treatment effect found in the study: yellow dots
represent the pooled estimates and red dots represent estimates for HAP only. All estimates use DML and are reported in standard
deviation units.

• Panel B shows experts’ prediction of the ratio of responsiveness to negative and positive signals, βL
βH

, in the control and treatment
groups respectively. Experts were asked for their predictions on a scale that ranged between 0.25 and 4.0. Since the point estimate
for βL was close to 0 and negative, the true point estimates are also close to 0 and negative, and thus were outside the range of
what the survey allowed experts to report.
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Table 1: Attrition and balance

Baseline (N=773) Follow-up (N=589)

Control mean ∆ Treatment Control mean ∆ Treatment
(S.D.) (S.E.) (S.D.) (S.E.)

Completed this stage 1.00 0.00 0.78 -0.05
( 0.42) ( 0.03)

Baseline PHQ-9 score 16.15 0.24 16.14 0.36
( 3.77) ( 0.21) ( 3.66) ( 0.24)

Duration of depression at baseline (weeks) 30.87 1.57 33.25 -0.09
( 95.34) ( 6.58) ( 105.36) ( 8.42)

Years between baseline and follow-up - - 4.57 0.01
( 0.73) ( 0.05)

Number of children - - 2.16 -0.01
( 1.16) ( 0.11)

Female 0.85 -0.00 0.88 -0.01
( 0.35) ( 0.02) ( 0.33) ( 0.03)

Age 36.37 -0.22 37.64 0.21
( 12.99) ( 0.72) ( 12.83) ( 0.82)

Married 0.80 -0.01 0.81 -0.01
( 0.40) ( 0.03) ( 0.39) ( 0.03)

Years of education 6.51 -0.37 6.24 -0.48
( 4.52) ( 0.34) ( 4.38) ( 0.36)

Hindu 0.78 0.01 0.79 0.03
( 0.41) ( 0.03) ( 0.41) ( 0.03)

Expected treatment efficacy 0.76 0.00 0.75 -0.02
( 0.43) ( 0.03) ( 0.43) ( 0.04)

Homemaker 0.57 0.02 0.59 -0.00
( 0.50) ( 0.03) ( 0.49) ( 0.04)

Unemployed 0.09 0.02 0.07 0.04
( 0.28) ( 0.02) ( 0.25) ( 0.02)

Employed 0.34 -0.04 0.34 -0.04
( 0.47) ( 0.03) ( 0.47) ( 0.04)

F-test 0.49 0.72
p-value 0.91 0.73

Notes: This table presents characteristics of the RCT samples, pooled across both trials. The characteristics split by trial are presented
in Appendix Table A.1.

• The first two columns present baseline mean characteristics in the control group (standard deviations in parentheses) and
the difference between mean characteristics in the treatment and control groups (standard errors in parentheses) among all
participants who took part in one of the two trials.

• The last two columns present the same characteristics and differences among only those individuals who also appear in the
follow-up survey. F-tests from a regression of the treatment dummy on these characteristics in each sample are presented at the
bottom of the table.

• “Baseline PHQ-9 score” is a standard diagnostic test for depression; it ranges from 0 to 27, with a score greater than or equal to
10 indicating at least moderate depression symptoms. The baseline score reported is the score at enrollment in the initial trial
(before the interventions).

• “Female” takes the value 1 for female participants and 0 for male participants. “Expected treatment efficacy” takes the value 1
if the participant expected the treatment to be at least “somewhat useful,” and 0 if the patient expected the treatment to be “a
little useful” or less. “Homemaker” takes the value of 1 if participant does not work for pay outside the home and is not searching
for other work currently.
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Table 2: Impacts of the treatments on depression

Full Sample HAP THPP HAP - THPP

Control mean Treatment Effect Control mean Treatment Effect Control mean Treatment Effect ∆ T.E.
(S.D.) (S.E.) (S.D.) (S.E.) (S.D.) (S.E.) [p-value]

Panel A: OLS without controls
PHQ-9 Score 7.97 −0.97** 9.10 −1.43** 5.68 −0.04 −1.40

(5.86) (0.48) (5.97) (0.61) (4.92) (0.78) [0.18]

PHQ-9<5 0.33 0.12*** 0.25 0.15*** 0.50 0.07 0.07
(0.47) (0.04) (0.43) (0.05) (0.50) (0.07) [0.38]

PHQ-9<10 0.63 0.08** 0.55 0.12** 0.78 0.00 0.12
(0.48) (0.04) (0.50) (0.05) (0.41) (0.06) [0.15]

Mood Score 6.49 0.38** 6.19 0.38 7.10 0.40 −0.02
(2.35) (0.19) (2.40) (0.24) (2.14) (0.32) [0.96]

Panel B: DML
PHQ-9 Score 7.97 −0.85* 9.10 −1.37** 5.68 0.15 −1.52

(5.86) (0.47) (5.97) (0.59) (4.92) (0.77) [0.13]

PHQ-9<5 0.33 0.11*** 0.25 0.13*** 0.50 0.07 0.06
(0.47) (0.04) (0.43) (0.05) (0.50) (0.07) [0.50]

PHQ-9<10 0.63 0.08** 0.55 0.13*** 0.78 −0.01 0.14*
(0.48) (0.04) (0.50) (0.05) (0.41) (0.06) [0.08]

Mood Score 6.49 0.39** 6.19 0.43* 7.10 0.34 0.08
(2.35) (0.19) (2.40) (0.24) (2.14) (0.31) [0.84]

N 589 395 194

Notes: This table presents estimates of the effects of the treatments on depression as measured in the follow-up study, several years after the initial interventions.

• The first two columns show the impacts for the full sample, i.e., pooling the two trials. The following columns show the impacts for the two trials separately. Odd columns
report control-group means, along with standard deviations in parentheses. Even columns report treatment effects along with standard errors in parentheses. The last
column reports the difference in treatment effects across the two trials, with the p-value of a test for equal treatment effects across the two trials in square brackets.

• Panel A shows estimates from OLS regressions without control variables (apart from a dummy variable for the THPP trial in the Treatment Effect columns). Panel B
reports coefficients estimated using the double machine learning approach of Chernozhukov et al. (2018), using all control variables available in the baseline data.

• The PHQ-9 score is a standard diagnostic test of depression measured on a scale from 0 to 27. A score of 10 or higher indicates at least moderate depression symptoms,
and a score of 5 or higher indicates at least mild depression symptoms. The Mood Score is a self-reported measure of happiness on a scale from 1 to 10, averaged across
three days.

• The bottom row shows the sample sizes for PHQ-9 Score related variables. Sample sizes for the Mood Score are 578 (full sample), 387 (HAP), and 191 (THPP),
respectively.
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Table 3: Impacts on beliefs about treatment effects

Full Sample HAP THPP

Control Mean Treatment Effect Control Mean Treatment Effect Control Mean Treatment Effect
S.E. S.E. S.E. S.E. S.E. S.E.

Panel A: Remission after 3 months
True Effect (N=711) 0.2*** 0.25*** 0.1**

(0.03) (0.04) (0.05)
Participant Beliefs (N=450) 0.12 0.0 0.1 -0.01 0.13 0.01

(0.01) (0.02) (0.02) (0.03) (0.02) (0.03)

p-value (control group=true effect) [0.01] [<0.01] [0.52]
p-value (treatment group=true effect) [0.02] [<0.01] [0.39]

Panel B: Remission after 6 months/1 year
True Effect (N=699) 0.11*** 0.16*** 0.03

(0.03) (0.05) (0.04)
Participant Beliefs (N=450) 0.06 0.1*** 0.02 0.11*** 0.1 0.09***

(0.01) (0.02) (0.02) (0.03) (0.02) (0.03)

p-value (control group=true effect) [0.11] [0.01] [0.11]
p-value (treatment group=true effect) [0.16] [0.61] [<0.01]

Panel C: Remission after 4/5 years
True Effect (N=589) 0.08** 0.13** -0.01

(0.04) (0.05) (0.06)
Participant Beliefs (N=450) 0.07 0.08*** 0.07 0.07** 0.08 0.09**

(0.01) (0.02) (0.02) (0.03) (0.02) (0.04)

p-value (control group=true effect) [0.8] [0.23] [0.05]
p-value (treatment group=true effect) [0.04] [0.95] [<0.01]

Notes: This table reports estimates of participants’ beliefs of the treatment effects on depression. We report estimated treatment effects on true remission from depression
(PHQ-9 < 10), and participants’ beliefs of these treatment effects. Estimation uses the double machine learning approach of Chernozhukov et al. (2018).

• Participants are asked, separately for the treatment group and the control group, out of 10 randomly selected individuals, how many would have had their depression
“reduced to healthy levels.” We use their answers to construct their implied belief about the treatment effect on remission from depression. HAP participants are asked
about the effects of HAP; THPP participants are asked about the effects of THPP.

• For each time horizon, we report (i) true (estimated) treatment effects; (ii) the control group’s average beliefs of these treatment effects; and (iii) the treatment effect on
these beliefs, i.e., the difference between treatment and control group’s beliefs of treatment effects; and (iv) p-values corresponding to tests of whether mean beliefs of
treatment and control participants, respectively, equal the “true” estimated effect.

• Appendix Table A.5 expands this table by presenting the raw beliefs about outcomes in the control and treatment groups.
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Table 4: Impacts on confidence and belief updating

Full Sample HAP THPP

Control mean Treatment Effect Control mean Treatment Effect Control mean Treatment Effect
(S.E.) (S.E.) (S.E.) (S.E.) (S.E.) (S.E.)

[p-values] {q-values} [p-values] {q-values} [p-values] {q-values}

Panel A. Overconfidence
Initial Overconfidence 0.13 -0.03 0.22 -0.02 -0.04 -0.04

(0.02) (0.03) (0.03) (0.04) (0.04) (0.05)
[0.42] {0.43} [0.64] {0.64} [0.50] {0.50}

Final Overconfidence 0.16 -0.08** 0.23 -0.07* 0.02 -0.09
(0.02) (0.03) (0.03) (0.04) (0.04) (0.06)

[0.02] {0.05} [0.11] {0.22} [0.13] {0.25}

N 576 385 191

Panel B. Belief-updating coefficients
Response to Good News (βH) 0.73 -0.21** 0.73 -0.22* 0.67 -0.20

(0.08) (0.10) (0.10) (0.13) (0.10) (0.14)
[0.03] {0.07} [0.09] {0.18} [0.15] {0.31}

Response to Bad News (βL) -0.09 0.06 -0.13 0.03 -0.03 0.11
(0.06) (0.09) (0.08) (0.11) (0.07) (0.12)

[0.51] {0.51} [0.78] {0.78} [0.35] {0.35}

Panel C. Asymmetry and conservatism
Asymmetry (βH − βL) 0.82 -0.27* 0.85 -0.25 0.69 -0.32

(0.12) (0.15) (0.15) (0.19) (0.14) (0.21)
[0.08] {0.16} [0.20] {0.29} [0.12] {0.25}

Conservatism (β̄) 0.29 -0.06 0.27 -0.07 0.29 -0.02
(0.04) (0.05) (0.05) (0.07) (0.06) (0.08)

[0.30] {0.40} [0.29] {0.29} [0.80] {0.80}

N 2620 1715 905

Notes: This table reports treatment effects on self-confidence and belief updating. Table A.6 presents more details on the construction of each outcome.

• Panel A uses the double machine learning approach of Chernozhukov et al. (2018). Panels B and C use the belief-updating regression specification (3). “Control mean”
and “Treatment Effect” columns report standard errors in parentheses.

• Stars refer to unadjusted two-sided p-values at thresholds 0.1 and 0.05 respectively. Unadjusted p-values are reported in square brackets and False Discovery Rate-adjusted
q-values in curly brackets. Multiple testing adjustments correct across outcomes within each panel separately.

•Panel A reports effects on overconfidence. “Initial Overconfidence” equals the participant’s initial belief about their probability of being in the upper half of performance in
their group of ten people, minus the full-information benchmark, computed assuming groups drawn from the population performance distribution. “Final Overconfidence”
equals the participant’s belief after observing five signals, minus the Bayesian posterior given the full-information benchmark and the observed signals.

•Panel B reports belief updating coefficients, which measure the change in the posterior likelihood ratio in response to signals, relative to the Bayesian benchmark. βH
measures the response to good news, and βL the response to bad news. Bayesian updating implies βH = 1, and βL = 1.

•Panel C reports transformations of the belief updating coefficients. “Asymmetry” measures the difference between the response to good and bad news. Bayesian updating
implies βH − βL = 0. “Conservatism” measures the average responsiveness to news, forcing the coefficients on good and bad news to be identical. Bayesian updating
implies β̄ = 1.
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Table 5: Patience, risk tolerance, and altruism

Full Sample HAP THPP

Control mean Treatment Effect Control mean Treatment Effect Control mean Treatment Effect
(S.D.) (S.E.) (S.D.) (S.E.) (S.D.) (S.E.)

[p-values] {q-values} [p-values] {q-values} [p-values] {q-values}

Panel A: Altruism
Anderson index 0.00 0.21** 0.00 0.25** 0.00 0.16

(1.00) (0.08) (1.00) (0.10) (1.00) (0.14)
[0.01] {0.04} [0.02] {0.05} [0.27] {0.40}

Amount given away in dictator game 0.00 0.10 0.00 0.13 0.00 0.05
(1.00) (0.08) (1.00) (0.10) (1.00) (0.14)

[0.25] {0.69} [0.20] {0.72} [0.72] {0.93}
Willing to do good without expecting return 0.00 0.19** 0.00 0.20* 0.00 0.19

(1.00) (0.08) (1.00) (0.10) (1.00) (0.13)

N 562 379 183

Panel B: Patience
Anderson index 0.00 0.18** 0.00 0.17* 0.00 0.27*

(1.00) (0.08) (1.00) (0.10) (1.00) (0.15)
[0.03] {0.05} [0.08] {0.12} [0.09] {0.27}

Note saved in saving-a-note task 0.00 0.06 0.00 -0.05 0.00 0.26*
(1.00) (0.08) (1.00) (0.11) (1.00) (0.14)

[0.52] {0.69} [0.66] {0.72} [0.08] {0.30}
Willing to give up today for future 0.00 0.24*** 0.00 0.33*** 0.00 0.07

(1.00) (0.08) (1.00) (0.10) (1.00) (0.14)
Willing to complete task early (not delay) 0.00 0.08 0.00 0.10 0.00 0.04

(1.00) (0.08) (1.00) (0.10) (1.00) (0.15)
Discounting δa weight: today vs 12 months 0.00 0.07 0.00 0.09 0.00 0.02

(1.00) (0.08) (1.00) (0.10) (1.00) (0.15)
Discounting δb weight: 12 months vs 24 months 0.00 0.06 0.00 0.06 0.00 0.05

(1.00) (0.09) (1.00) (0.10) (1.00) (0.16)
Present bias β: δa/δb 0.00 0.02 0.00 0.02 0.00 0.07

(1.00) (0.09) (1.00) (0.11) (1.00) (0.17)

N 562 379 183

Panel C: Risk tolerance
Anderson index 0.00 0.05 0.00 0.03 0.00 0.11

(1.00) (0.08) (1.00) (0.10) (1.00) (0.14)
[0.52] {0.52} [0.78] {0.79} [0.45] {0.45}

Risk tolerance 0.00 0.06 0.00 0.08 0.00 0.01
(1.00) (0.08) (1.00) (0.10) (1.00) (0.14)

[0.48] {0.69} [0.42] {0.72} [0.93] {0.93}
Loss tolerance 0.00 0.01 0.00 -0.04 0.00 0.11

(1.00) (0.08) (1.00) (0.10) (1.00) (0.14)
[0.90] {0.90} [0.72] {0.72} [0.46] {0.92}

Willing to choose uncertain outcomes 0.00 0.04 0.00 0.00 0.00 0.13
(1.00) (0.09) (1.00) (0.10) (1.00) (0.15)

N 562 379 183

Notes: This table reports treatment effects on preference measures. See Table A.6 for more detail on the construction of each outcome.

• All outcomes are standardized to mean zero, standard deviation 1 in the control group. All estimates use the double machine
learning approach of Chernozhukov et al. (2018). “Control mean” columns report standard deviations in parentheses. “Treatment
Effect” columns report standard errors in parentheses.

• Stars refer to unadjusted two-sided p-values at thresholds 0.1, 0.05, and 0.01, respectively. Unadjusted p-values are reported in
square brackets and False Discovery Rate-adjusted q-values in curly brackets. Multiple testing corrections correct across two
distinct sets of outcomes. First, the three index outcomes: patience, risk tolerance, and altruism. Second, the set of revealed-
preference outcomes (which are sub-components of the index measures) “Saving a Note,” “Risk Aversion,” “Loss Aversion,”
“Dictator Game,” since these are the primary outcomes specified in our pre-analysis plan. Each panel reports an inverse covariance
weighted index measure over the sub-components reported in that panel (Anderson, 2008).

•Panel A reports measures of altruism. “Dictator game” is computed from the amount of money out of Rs. 50 that the participant
chose to send to another participant instead of keeping for themselves. “Willing to do good without expecting return” is a self-
evaluation measure of altruism.

•Panel B reports measures of patience. “Note saved in saving a note task” records whether the participant saved a Rs. 100
banknote for one week, earning a Rs. 30 return. “Willing to give up today for future” and “Willing to complete task early” are
self-evaluation measures of patience. Discounting and present bias parameters are computed from choices over hypothetical sooner
vs. later monetary amounts. The Anderson index is constructed excluding the present bias parameter, which is a transformation
of two other components.

•Panel C reports measures of risk tolerance. “Risk tolerance” and “Loss tolerance” are based on the participant’s switching point
in incentivized risk/loss lottery choice tasks, aligned so that positive numbers correspond to higher risk tolerance and higher loss
tolerance. “Willing to choose uncertain outcomes” is a self-evaluation measure of risk tolerance.
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Table 6: Impacts on employment, productivity, and expenditures

Full Sample HAP THPP

Control mean Treatment Effect Control mean Treatment Effect Control mean Treatment Effect
(S.D.) (S.E.) (S.D.) (S.E.) (S.D.) (S.E.)

Panel A: Survey-based measures of labor supply and employment
Engaged in work in the last week 0.25 -0.01 0.27 -0.01 0.21 -0.03

(0.43) (0.03) (0.44) (0.04) (0.41) (0.06)
Work hours in the last week 5.14 0.67 6.31 -0.35 2.76 2.03

(13.91) (1.20) (15.71) (1.61) (8.80) (1.68)
Earnings in the past month (PPP) 83.43 3.78 98.09 -6.96 53.63 27.73

(230.13) (16.50) (263.82) (21.80) (134.86) (22.90)
Available to take on an employment opportunity 0.82 0.04 0.78 0.07* 0.91 0.01

(0.39) (0.03) (0.42) (0.04) (0.29) (0.05)
Job search hours per week (among unemployed) 0.78 0.14 0.73 0.32 0.85 -0.18

(2.77) (0.27) (2.63) (0.36) (3.02) (0.39)

N 557 375 182

Panel B: Revealed-preference measures of labor supply and productivity
Reservation wage (PPP to make 1000 bracelets) 64.17 3.14 65.26 5.57 62.01 -3.09

(46.21) (3.70) (47.55) (4.57) (43.57) (6.23)
Applied for ability-based contract 0.63 0.01 0.62 0.02 0.64 0.01

(0.48) (0.04) (0.49) (0.05) (0.48) (0.07)
Bracelets made in ten minutes 5.04 -0.01 4.68 -0.08 5.76 0.10

(1.52) (0.11) (1.42) (0.13) (1.44) (0.19)

N 576 385 191

Panel C: Expenditures
Total monthly expenditure (PPP) 1013.27 -17.21 977.41 43.52 1086.50 -119.20

(819.22) (69.40) (866.24) (94.80) (712.35) (86.10)
Food 325.39 -17.54 288.20 -7.57 401.32 -37.69

(202.44) (15.80) (186.97) (18.30) (212.40) (29.70)
Durable goods 153.34 24.52 172.07 49.59 115.08 -21.33

(364.84) (36.20) (418.48) (52.80) (214.60) (26.20)
Medical 168.16 -9.90 165.94 12.59 172.69 -46.30

(320.25) (33.50) (328.47) (45.70) (304.43) (35.80)
Other 366.39 -11.41 351.20 -9.39 397.42 -13.86

(303.96) (25.60) (298.44) (32.70) (314.25) (40.70)

N 558 376 182

Panel D: Indices of other outcomes
Female empowerment 0.00 0.06 0.00 0.19 0.00 -0.13

(1.00) (0.09) (1.00) (0.13) (1.00) (0.14)
Intimate partner violence (IPV) 0.00 -0.12 0.00 -0.13 0.00 -0.11

(1.00) (0.08) (1.00) (0.12) (1.00) (0.10)
Sleep 0.00 0.20** 0.00 0.20* 0.00 0.25*

(1.00) (0.08) (1.00) (0.10) (1.00) (0.15)
Loneliness 0.00 -0.08 0.00 -0.13 -0.00 -0.03

(1.00) (0.09) (1.00) (0.11) (1.00) (0.15)
Locus of control 0.00 0.04 0.00 -0.02 0.00 0.19

(1.00) (0.08) (1.00) (0.10) (1.00) (0.14)

N 566 378 188

Notes: This table reports treatment effects on labor market outcomes (Panels A and B), household consumption (Panel C), and indices
of other outcomes. All estimates use the double machine learning approach of Chernozhukov et al. (2018).

•Panel A shows survey measures of labor market outcomes. “Engaged in work in the last week” counts those unemployed due to
disability (N=29) as not working. “Work hours in the last week” asked of everyone, and counts those unemployed as 0. “Earnings
in the past month” asked of everyone, those who are unemployed but were employed in the last three months have their monthly
earnings averaged over the three months. “Available to take employment opportunity” is the proportion of individuals available
to take up wage paying employment if an opportunity they were interested in were to arise in the next 4 months. “Job search
hours per week” are conditional on unemployment, with sample sizes of N=393 (pooled sample), N=250 (HAP), and N=143
(THPP).

•Panel B shows revealed-preference measures of work-related outcomes: (i) participant’s reservation wage for the employment
contract that is offered to everyone regardless of performance (price to make 1000 bracelets on own time); (ii) whether a participant
chose to apply for the “ability-based” employment contract (pre-specified as our primary labor market outcome). (iii) number of
bracelets made in 10 minutes, a measure of productivity;

•Panel C shows survey measures of household expenditures. Monthly consumption measurement is assessed using conversion
to USD at purchasing power parity, at a rate of 21.107 rupees/dollar, from the OECD 2019 USD/IND PPP Index. Medical
expenditure includes both inpatient and outpatient medical expenses. Other consumption is calculated as residual total consump-
tion after subtracting food, medical expenditure, and durable goods, and includes items like phone costs, fuel, power, tuition,
transportation, ceremonies, toiletries, and taxes.

•Panel D shows indices of other outcomes, which are shown in more detail in the appendix: Female Empowerment (Table A.12);
Intimate Partner Violence (Table A.13); and Sleep, Loneliness, and Locus of Control (Table A.14).
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A Appendix A: Supplementary Figures and Tables

Figure A.1: Trial Flow Diagram - HAP

 
Assessed for baseline eligibility (n= 146,661) 

 
Ineligible (n= 112,355) 

Eligible for screening (n= 34,306) 

 
Refused screen (n= 2,418) 

Screened with PHQ-9 (n= 31,888) 

Screen positive (n= 785) 
PHQ-9>14 for HAP 

 

Screen negative (n= 31,040) 
Other ineligible comorbidities, e.g. harmful drinking (n= 63) 
 

Declined to participate or later withdrew 
consent  (n= 292) 

Consented and randomized to baseline intervention (n= 493) 

Assigned treatment group (n= 245) Assigned control group (n= 248) 

First wave follow-up – 3mo. (n= 230) First wave follow-up – 3mo. (n= 236) 

Second wave follow-up (n= 218) 
1 year for HAP 

 

Second wave follow-up (n= 229) 
1 year for HAP 

Eligible for long-term follow-up (n= 245) Eligible for long-term follow-up (n= 248) 

Interviewed in long-term follow-up (n= 191) 
5 years for HAP 

Interviewed in long-term follow-up (n= 204) 
5 years for HAP 

Died  (n= 6) 
Migrated (n= 7) 
Not reached (n= 17) 
Reached and declined (n= 24) 
 

Died  (n= 11) 
Migrated (n= 4) 
Not reached (n= 19) 
Reached and declined (n= 10) 

Notes: This table displays the sample sizes and the trial flow chart for the HAP baseline as well as the follow-up studies. Full trial
flow charts for the first waves are available in Patel et al. (2017); Weobong et al. (2017).
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Figure A.2: Trial Flow Diagram - THPP

 
Assessed for baseline eligibility (n= 118,260) 

 
Ineligible (n= 111,851) 

Eligible for screening (n= 6,409) 

 
Refused screen (n= 40) 

Screened with PHQ-9 (n= 6,369) 

Screen positive (n= 333) 
PHQ-9>9 for THPP 

 

Screen Negative (n= 6,036) 

Declined to participate or later withdrew 
consent  (n= 53) 

Consented and randomized to baseline intervention (n= 280) 

Assigned treatment group (n= 140) Assigned control group (n= 140) 

First wave follow-up – 3mo. (n= 123) First wave follow-up – 3mo. (n= 122) 

Second wave follow-up (n= 122) 
6 months for THPP 

 

Second wave follow-up (n= 130) 
6 months for THPP 

Eligible for long-term follow-up (n= 140) Eligible for long-term follow-up (n= 140) 

Interviewed in long-term follow-up (n= 93) 
4 years for THPP 

Interviewed in long-term follow-up (n= 101) 
4 years for THPP 

Died  (n= 1) 
Migrated (n= 18) 
Not reached (n= 20) 
Reached and declined (n= 8) 
 

Died  (n= 1) 
Migrated (n= 7) 
Not reached (n= 20) 
Reached and declined (n= 11) 

Notes: This table displays the sample sizes and the trial flow chart for the THPP baseline as well as the follow-up studies. Full trial
flow charts for the first waves are available in Fuhr et al. (2019).
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Figure A.3: Machine learning-based heterogeneous treatment effects
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(.40)

Notes: This figure and table presents heterogeneity in treatment effects across 4 groups identified using the machine learning
approach of Chernozhukov et al. (2017). Effects on all quartiles are shown in the figure, and the table presents tests for differences
between the top and bottom quartile’s effects on the final PHQ-9 score.
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Figure A.4: Effects of treatment on PHQ-9 scores and alternate depression cutoffs

Panel A: Impacts of treatment on average PHQ-9 score
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Panel B: Impacts of treatment on proportion at least mildly depressed
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Notes: This figures shows the treatment effects on depression over time, using parallel measures of depression to those in Figure 3.

• 90% confidence intervals around the treatment group means are reported, and are estimated using OLS regression on the outcome
with a dummy variable for the treatment covariate.

• Each sub-graph shows four data points, baseline, 3 months post-intervention, 1 year (HAP) or 6 months (THPP) post-intervention,
and 5 years (HAP) or 4 years (THPP) post-intervention. PHQ-9 scores take values from 0-21, where higher scores indicate more
symptoms and severity. A score of 5 is used to indicate mild depression.

• Panel A shows average PHQ-9 scores in the two groups. Panel B shows the fraction of people who are at least mildly depressed,
i.e., with a PHQ-9 score of at least 5.
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Figure A.5: Months of depression averted by the interventions
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At 1 year (area A+B): 2.25  (3.40 months/$100)
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0
2

0
4

0
6

0
8

0
1

0
0

F
ra

c
ti

o
n

 D
e
p

re
s
s
e

d
 (

P
H

Q
9

≥
1
0
)

0 3 6 12 24 36 48 60

Months after Enrollment

Control

Treatment

xxx

Panel A: Months of depression averted by HAP
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Panel B: Months of depression averted by THPP

Notes: This figure shows estimates of the months of depression averted by the HAP intervention, shown in Panel A, and by the THPP
intervention, shown in Panel B.

• The figure shows the impacts of the two trials on remission from depression, as measured by PHQ-9 scores below 10, reproduced
from Figure 3.

• For each trial, we calculate the number of months of depression per participant averted by the treatment at three points in time:
(i) at three months; (ii) at 6 months or 1 year; and (iii) at 4 or 5 years.

• The months of depression averted are calculated as the integral of the (shaded) difference between the treatment and control
curves plotted in the figures for each time interval.

• Cost-effectiveness for HAP is calculated using a per-capita administration cost of $66.

52



Figure A.6: Quality-adjusted life years saved by the interventions
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Panel A: Quality−adjusted life years saved by HAP
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Panel B: Quality−adjusted life years saved by THPP

Notes: This figure shows estimates of the quality-adjusted life years saved through reductions in depression symptoms by the HAP
intervention, shown in Panel A, and by the THPP intervention, shown in Panel B.

• The figure shows the impacts of the two trials on quality-adjusted life years, as measured by Euro-Qol Five Dimesions (EQ-5D)
scores (The EuroQol Group, 1990), converted from PHQ-9 scores using the EQ-5D post-treatment conversion of Furukawa et al.
(2021), with EQ-5D censored at 0.02 for PHQ-9 scores above 25.

• For each trial, we calculate the number of quality-adjusted life years per participant saved by the treatment at three points in
time: (i) at three months; (ii) at 6 months or 1 year; and (iii) at 4 or 5 years.

• 90% Confidence intervals around the treatment group means are using standard errors of regressions of EQ-5D scores on treatment.

• The quality-adjusted life years saved are calculated as the integral of the (shaded) difference between the treatment and control
curves plotted in the figures for each time interval.

• Cost-effectiveness for HAP is calculated using a per-capita administration cost of $66.
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Figure A.7: Treatment effects on depression for different sub-samples of THPP
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Notes: This figure shows the treatment effect trajectories on the fraction depressed in the treatment and control groups in the THPP
trial, with different sub-samples taken to make the THPP sample more similar to the HAP sample.

• The top-left panel presents the fraction of individuals depressed (PHQ-9 score≥10) over time for the control and treatment group.

• The top-right and bottom panels report the THPP results restricting the sample to be more similar to HAP. On the top-right, we
restrict the sample to participants with higher baseline depression (PHQ-9≥15). On the bottom-left, we restrict the sample to
participants who were at least 30 years old at baseline. On the bottom-right, we restrict the sample to participants with higher
baseline depression (PHQ-9≥15) and age (age>30).

54



Figure A.8: Treatment effect mediation
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Notes: This figure shows the results from a mediation analysis of the treatment effects on key outcomes.

• Bars show the treatment effect sizes in terms of standard deviations of each outcome, estimated with OLS. Sub-components show
proportion of each treatment effect explained by ’mediating’ treatment effects through mediator variables, estimated using the
following equations:

– Outcome = α0 + α1Treatment+ α2Mediator + εα

– Outcome = β0 + β1Treatment+ εβ

–Mediator = γ0 + γ1Treatment+ εγ

– And the following: Outcome = β0 + β1Treatment+ εβ = (α0 + α2γ0) + (α1 + α2γ1)Treatment+ (εα + α2εγ)

– Total Effect represents β1, and mediation effects represent α2γ1, the effect of treatment ’through’ the mediator.

• Thus, these equations can be used to estimate the proportion of the overall treatment effect on each outcome that can be
attributed to the effect of treatment on the mediating variables, which then have impacts on the outcome of interest (which can
potentially oppose the main treatment effect).

•We focus on three potential mediating variables: (i) PHQ-9 scores at 3 months; (ii) PHQ-9 scores at endline; and (iii) BADS (see
below). Dark blue shows the proportion of each treatment effect that is ’unexplained’ by the three mediators presented here.
Reduction in final PHQ-9 does not include itself in the model as a mediator.

• BADS represents the ”behavioral activation” score, which assesses the extent to which individuals take part in mood-improving
activities, and is the total score from an index of questions including “Are you content with the amount and types of things you
have done?”, “Do you engage in many different activities?”, “Are you an active person and have you accomplished the goals you
set out to do?”, “Do you spend long periods thinking over and over about your problems?”, “Do you do things that are enjoyable?”
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Table A.1: Balance by trial

HAP THPP

Baseline (N=493) Follow-up (N=391) Baseline (N=280) Follow-up (N=192)

Control mean ∆ Treatment Control mean ∆ Treatment Control mean ∆ Treatment Control mean ∆ Treatment
(S.D.) (S.E.) (S.D.) (S.E.) (S.D.) (S.E.) (S.D.) (S.E.)

Completed this stage 1.00 0.00 0.81 −0.04 1.00 0.00 0.71 −0.06
(0.39) (0.04) (0.45) (0.06)

Baseline PHQ-9 Score 17.88 0.06 17.79 0.13 13.09 0.56 12.79 0.82
(2.85) (0.25) (2.80) (0.27) (3.22) (0.40) (2.82) (0.47)

Duration of depression at baseline (weeks) 42.22 3.02 44.30 0.50 10.76 −0.99 10.93 −1.29
(117.38) (10.29) (127.14) (12.52) (13.68) (1.35) (13.49) (1.62)

Years between baseline and follow-up - - 4.86 0.03 - - 3.99 −0.03
(0.66) (0.07) (0.47) (0.07)

Number of children - - 2.16 0.09 - - 2.17 −0.20
(1.30) (0.14) (0.85) (0.12)

Female 0.77 0.00 0.82 −0.02 1.00 0.00 1.00 0.00
(0.42) (0.04) (0.39) (0.04) (0.00) (0.00) (0.00) (0.00)

Age 42.61 −0.19 43.46 0.47 25.31 −0.28 25.90 −0.32
(11.97) (1.08) (11.51) (1.17) (4.74) (0.55) (4.82) (0.68)

Married 0.69 −0.01 0.72 −0.01 1.00 −0.01 1.00 −0.01
(0.46) (0.04) (0.45) (0.05) (0.00) (0.01) (0.00) (0.01)

Years of education 5.96 −0.62 5.69 −0.63 7.49 0.06 7.36 −0.19
(4.62) (0.42) (4.69) (0.45) (4.20) (0.57) (3.42) (0.59)

Hindu 0.90 0.02 0.92 0.01 0.57 0.00 0.54 0.06
(0.30) (0.03) (0.28) (0.03) (0.50) (0.06) (0.50) (0.07)

Expected treatment efficacy 0.74 −0.02 0.75 −0.04 0.79 0.03 0.77 0.03
(0.44) (0.04) (0.44) (0.05) (0.41) (0.05) (0.42) (0.06)

Homemaker 0.47 0.02 0.51 0.01 0.74 0.01 0.75 −0.03
(0.50) (0.05) (0.50) (0.05) (0.44) (0.05) (0.44) (0.06)

Unemployed 0.08 0.04 0.05 0.06 0.10 −0.01 0.10 0.00
(0.27) (0.03) (0.22) (0.03) (0.30) (0.03) (0.30) (0.04)

Employed 0.44 −0.06 0.43 −0.07 0.16 −0.01 0.15 0.02
(0.50) (0.04) (0.50) (0.05) (0.37) (0.04) (0.36) (0.05)

F-test 0.66 0.78 0.55 0.74
p-value 0.77 0.68 0.85 0.69

Notes: This table presents characteristics of the RCT samples, stratified by trial. The characteristics of the combined RCT sample are presented in Table 1. For each trial,
the first two columns present baseline mean characteristics in the control group and the difference between mean characteristics in the treatment and control groups, among all
participants in a category. The last two columns present the same characteristics and differences among only those individuals who also appear in the follow-up trial. F-tests
from a regression of the treatment dummy on these characteristics in each sample are also presented.

• Baseline PHQ-9 score is a standard diagnostic test for depression; it ranges from 0 to 27, with a score greater than or equal to 10 indicating depression. The baseline
score reported is the score at enrollment in the initial trial (before the interventions).

• “Female” takes the value 1 for female participants and 0 for male participants. “Expected treatment efficacy” takes the value 1 if the participant expected the treatment
to be at least “somewhat useful,” and 0 if the patient expected the treatment to be “a little useful” or less. “Homemaker” takes the value of 1 if participant does not work
for pay outside the home and is not search for such work currently.
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Table A.2: Impacts on depression PHQ-9 sub-component

Full Sample HAP THPP

Control mean Treatment Effect Control mean Treatment Effect Control mean Treatment Effect
(S.D.) (S.E.) (S.D.) (S.E.) (S.D.) (S.E.)

PHQ Questions
Sleeping Difficulty 1.22 −0.14 1.40 −0.16 0.86 −0.08

(1.15) (0.09) (1.15) (0.11) (1.06) (0.15)

Tiredness 1.39 −0.13 1.52 −0.17 1.12 −0.04
(1.08) (0.09) (1.06) (0.11) (1.07) (0.16)

Poor Appetite 0.89 −0.23** 1.00 −0.35*** 0.66 0.03
(1.15) (0.09) (1.19) (0.11) (1.02) (0.15)

Trouble Concentrating 0.84 −0.04 0.96 −0.08 0.61 0.02
(1.12) (0.09) (1.17) (0.11) (1.00) (0.14)

Little Interest/Pleasure 0.77 0.06 0.90 0.01 0.50 0.12
(1.08) (0.09) (1.14) (0.11) (0.88) (0.13)

Feeling Depressed 1.12 −0.14 1.28 −0.21* 0.79 0.00
(1.15) (0.09) (1.21) (0.12) (0.94) (0.13)

Feeling Bad About Oneself 1.05 −0.24*** 1.25 −0.38*** 0.64 0.06
(1.19) (0.09) (1.22) (0.11) (1.01) (0.15)

Abnormal Speech or Movement 0.35 −0.04 0.37 −0.02 0.32 −0.08
(0.75) (0.06) (0.74) (0.08) (0.79) (0.11)

Better off Dead/Self Harm 0.33 0.00 0.41 −0.03 0.18 0.06
(0.76) (0.06) (0.82) (0.08) (0.59) (0.09)

N 589 395 194

Notes: This table presents estimates of the effects of the treatments on depression on each PHQ-9 sub-component, as measured in the
follow-up study, several years after the initial interventions.

• The first two columns show the impacts for the full sample, i.e., pooling the two trials. The following columns show the impacts
for the two trials separately. Odd columns report control-group means, along with standard deviations in parentheses. Even
columns report treatment effects along with standard errors in parentheses.

• Treatment effects are estimated using the double machine learning approach of Chernozhukov et al. (2018), using all control
variables available in the baseline data.

• PHQ-9 score is a standard diagnostic test of depression measured on a scale from 0 to 27. Each PHQ-9 sub-component represents
one of the nine questions that comprise the index, and each question is scored from 0-3 where 0 represents that a given symptom
occurs “Not at all” and 3 represents that it occurs “Nearly every day.”
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Table A.3: Impacts of the treatments on depression with Lee bounds

Full Sample HAP THPP

Control mean Treatment Effect Control mean Treatment Effect Control mean Treatment Effect
(S.D.) (S.E.) (S.D.) (S.E.) (S.D.) (S.E.)

(Lee Bounds) (Lee Bounds) (Lee Bounds)
[Lee Bound 95% CI] [Lee Bound 95% CI] [Lee Bound 95% CI]

PHQ-9 Score 7.97 −0.97** 9.10 −1.43** 5.68 −0.04
(5.86) (0.48) (5.97) (0.61) (4.92) (0.78)

(-1.47, -0.16) (-1.93, -0.67) (-0.53, 0.88)
[-2.50, 0.92] [-3.19, 0.66] [-2.09, 2.55]

PHQ-9<5 0.33 0.12*** 0.25 0.15*** 0.50 0.07
(0.47) (0.04) (0.43) (0.05) (0.50) (0.07)

(0.10, 0.17) (0.13, 0.19) (0.03, 0.12)
[0.03, 0.25] [0.05, 0.29] [-0.11, 0.26]

PHQ-9<10 0.63 0.08** 0.55 0.12** 0.78 0.00
(0.48) (0.04) (0.50) (0.05) (0.41) (0.06)

(0.04, 0.11) (0.09, 0.15) (-0.06, 0.02)
[-0.04, 0.18] [-0.00, 0.24] [-0.22, 0.13]

Mood Score 6.49 0.39** 6.19 0.39 7.10 0.40
(2.35) (0.19) (2.40) (0.24) (2.14) (0.32)

(0.12, 0.62) (0.15, 0.59) (0.08, 0.68)
[-0.27, 1.04] [-0.34, 1.11] [-0.54, 1.38]

N 589 395 194

Notes: This table presents estimates of the effects of the treatments on depression as measured in the follow-up study with Lee (2009) bounds for the treatment effect and 95%
confidence intervals that correct for sample-selection bias due to attrition.

• The first two columns show the impacts for the full sample, i.e., pooling the two trials. The following columns show the impacts for the two trials separately. Odd
columns report control-group means, along with standard deviations in parentheses. Even columns report treatment effects along with standard errors and Lee bounds
in parentheses and 95% confidence intervals in brackets. Lee bounds are tightened using a dummy variable for the THPP trial for the full sample.

• Estimates are from OLS regressions without control variables (apart from a dummy variable for the THPP trial in the Treatment Effect columns).

• The PHQ-9 score is a standard diagnostic test of depression measured on a scale from 0 to 27. A score of 10 or higher indicates at least moderate depression symptoms,
and a score of 5 or higher indicates at least mild depression symptoms. The Mood Score is a self-reported measure of happiness on a scale from 1 to 10, averaged across
three days.

• The bottom row shows the sample sizes for PHQ-9 Score related variables. Sample sizes for the Mood Score are 578 (full sample), 387 (HAP), and 191 (THPP),
respectively.
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Table A.4: Impacts of the treatments on depression (PHQ-9 score): heterogeneity

X = Above Median: X =

Base Baseline Age Years of Predicted Expected Female
Model PHQ-9 Education PHQ-9 Drop Efficacy Gender
(S.E.) (S.E.) (S.E.) (S.E.) (S.E.) (S.E.) (S.E.)

Full Sample
Treatment Effect −0.97** −1.04* 0.23 −0.67 −1.30* −0.90 −1.22

(0.48) (0.63) (0.75) (0.58) (0.71) (0.75) (1.10)
X 2.12*** 2.77*** −0.11 −1.38** −1.09 1.71*

(0.70) (0.66) (0.77) (0.66) (0.68) (0.91)
Treatment * X −0.22 −2.19** −1.06 0.77 −0.12 0.33

(1.00) (0.99) (1.23) (0.98) (1.00) (1.08)

THPP
Treatment Effect −0.04 −0.18 0.08 −0.22 −0.10 −0.46

(0.77) (0.85) (0.81) (1.06) (0.99) (1.23)
X −0.63 0.33 −0.18 0.18 0.06

(1.19) (2.40) (0.99) (1.00) (1.00)
Treatment * X 1.13 −2.28 0.40 0.14 0.64

(2.04) (3.11) (1.57) (1.60) (1.58)

HAP
Treatment Effect −1.43** −1.84** 0.42 −0.84 −1.97** −1.45 −1.22

(0.61) (0.92) (1.54) (0.68) (0.90) (0.91) (1.10)
X 1.05 1.02 −0.26 −2.41*** −0.18 3.23***

(0.83) (1.13) (1.18) (0.81) (0.84) (0.96)
Treatment * X 0.48 −2.35 −2.98* 1.18 0.01 −0.17

(1.24) (1.67) (1.54) (1.21) (1.23) (1.30)

Notes: This table presents heterogeneity in the treatment effects on depression across samples, as measured in the follow-up study,
several years after the initial interventions.

• Each column reflects stratification of the sample below and above the median on a given characteristic. The last column splits
the sample by gender.

• The rows show the measured treatment effect, the estimated correlation between depression and characteristic “X” independent
of treatment status (in the control group), and the modifying effect of “X” on the treatment effect, estimated using a single OLS
regression.

• The first panel pools participants from both trials. The second panel focuses on the THPP sample, which comprises only females.
The third panel focuses on the HAP sample.
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Table A.5: Impacts on beliefs about treatment effects (more detailed version)

Full Sample HAP THPP

Control mean Treatment Effect Control mean Treatment Effect Control mean Treatment Effect
OLS without controls (S.D.) (S.E.) (S.D.) (S.E.) (S.D.) (S.E.)

Panel A: Effects after 3 Months

True Remission from Depression (PHQ-9 < 10) 0.52 0.20*** 0.39 0.25*** 0.77 0.10**
(N = 711) (0.50) (0.03) (0.49) (0.04) (0.42) (0.05)

Control Group’s Belief 0.64 0.12*** 0.63 0.10*** 0.65 0.13***
(N = 232) (0.20) (0.02) (0.21) (0.03) (0.19) (0.02)

Treatment Group’s Belief 0.60 0.12*** 0.59 0.10*** 0.60 0.15***
(N = 218) (0.22) (0.02) (0.22) (0.03) (0.21) (0.03)

p-value (Control Group’s Belief = Actual Data) 0.00 0.06 0.00 0.01 0.00 0.55
p-value (Treatment Group’s Belief = Actual Data) 0.02 0.07 0.00 0.01 0.00 0.41
p-value (Treatment Group’s Belief = Control Group’s Belief) 0.03 0.93 0.16 0.87 0.09 0.70

Panel B: Effects after 6 Months/1 Year

True Remission from Depression (PHQ-9 < 10) 0.61 0.11*** 0.47 0.16*** 0.85 0.03
(N = 699) (0.49) (0.03) (0.50) (0.05) (0.35) (0.04)

Control Group’s Belief 0.70 0.06*** 0.70 0.02 0.71 0.10***
(N = 232) (0.21) (0.02) (0.23) (0.03) (0.19) (0.03)

Treatment Group’s Belief 0.62 0.16*** 0.63 0.13*** 0.62 0.20***
(N = 218) (0.22) (0.02) (0.22) (0.03) (0.22) (0.03)

p-value (Control Group’s Belief = Actual Data) 0.00 0.20 0.00 0.03 0.00 0.17
p-value (Treatment Group’s Belief = Actual Data) 0.63 0.33 0.00 0.65 0.00 0.00
p-value (Treatment Group’s Belief = Control Group’s Belief) 0.00 0.00 0.01 0.00 0.00 0.02

Panel C: Effects after 4/5 Years

True Remission from Depression (PHQ-9 < 10) 0.63 0.08** 0.55 0.12** 0.78 0.00
(N = 589) (0.48) (0.04) (0.50) (0.05) (0.41) (0.06)

Control Group’s Belief 0.70 0.07*** 0.68 0.07** 0.73 0.08**
(N = 232) (0.22) (0.02) (0.22) (0.03) (0.22) (0.03)

Treatment Group’s Belief 0.62 0.15*** 0.62 0.13*** 0.61 0.18***
(N = 218) (0.24) (0.02) (0.25) (0.03) (0.23) (0.03)

p-value (Control Group’s Belief = Actual Data) 0.02 0.83 0.00 0.36 0.23 0.23
p-value (Treatment Group’s Belief = Actual Data) 0.75 0.14 0.12 0.84 0.00 0.01
p-value (Treatment Group’s Belief = Control Group’s Belief) 0.00 0.01 0.02 0.08 0.00 0.03

Notes: Expanding Table 3, this table reports participants’ beliefs about remission from depression (PHQ-9 < 10) in the treatment and control group, and the implied beliefs
about the treatment effects on depression. Estimation uses the double machine learning approach of Chernozhukov et al. (2018).

• Participants are asked, separately for the treatment group and the control group, out of 10 randomly selected individuals how many would have had their depression
“reduced to healthy levels.” We use their answers to construct their implied belief about the treatment effect on remission from depression.

• For each time horizon, we report (i) the true (estimated) remission from depression; (ii) the control group’s beliefs about remission from depression in the control group
and about the treatment effect on it; (iii) the treatment group’s beliefs about remission from depression in the control group and about the treatment effect on it.

• The bottom three rows of each panel report the p-values corresponding to null hypotheses regarding whether or not the mean beliefs of treatment and control participants,
respectively, are equal to each other or equal to the “true” estimated effect.
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Table A.6: Construction of main outcomes

Outcome Description

Overconfidence
Initial Overconfidence $ Overconfidence about own relative performance on the bracelet task, prior to observing any signals. Computed as the difference

between the participant’s prior about their probability of performing in the top half of their group, minus a full-information benchmark
assuming randomly formed groups drawn from the population performance distribution.

Final Overconfidence $ Overconfidence about own relative performance on the bracelet task, after observing five signals. Computed as the difference between
the participant’s posterior following five binary signals (true with probability 2/3), minus the Bayesian posterior given the full-
information benchmark and the observed signals.

Beliefs: Updating
Response to Good News $ Regression estimate of the coefficient on positive signals in the belief updating task. Bayesian benchmark βH = 1.
Response to Bad News $ Regression estimate of the coefficient on negative signals in the belief updating task. Bayesian benchmark βL = 1.
Asymmetry $ Difference between estimated βH and βL.
Conservatism $ Regression estimate of the coefficient on signals, forcing symmetric response to good and bad news. Bayesian benchmark β = 1

Hiring Scheme Decisions
Accept ability-based con-
tract

$ Each participant is offered a choice between Rs. 300 for sure, or a risky job opportunity. Under the risky opportunity, if the
participant’s (not-yet-revealed) bracelet-making performance was in the top half, they receive a job making 1,000 bracelets over 1
month for a wage of Rs. 3,000. Otherwise, they receive no job and no money. Variable equals 1 if they chose the risky opportunity.

Patience
Saving a Note Task $ Each participant is given a Rs. 100 note at session 1, and told they will receive Rs. 30 more if they bring the exact same note to

session 2. Variable equals 1 if they bring the note to session 2.
Willing to give up today
for future

GPS question “How willing are you to give up something that is beneficial for you today in order to benefit more from that in the
future?” (0–10 scale).

Willing to complete task
early

Survey question “How willing you are to complete tasks at the earliest, and not leave them for later/postpone them?” (0–10 scale).
Adapted from question 7(v) in the web appendix to Falk et al. (2016).

Discounting δa: today vs
12 months

GPS questionnaire. Elicited discount factor between hypothetical monetary amounts: Rs. 200 paid today vs varying amounts in 12
months’ time.

Discounting δb: 12 vs 24
months

Elicited discount factor between hypothetical monetary amounts: Rs. 240 paid in 12 months vs varying amounts in 24 months’ time.
Adapted from GPS, amounts increased by 20% and shifted 12 months into the future.

Present bias β: δa/δb Present bias coefficient calculated from δa and δb.

Risk Tolerance
Risk Aversion Task $ Monetary amount Y at which the participant prefers a 50-50 lottery paying gain Rs. 200/gain Rs. Y , to a sure amount of Rs. 100.

Higher values mean lower risk tolerance. 5 choices with Y ∈ (80, 60, 40, 20, 0).
Loss Aversion Task $ Monetary amount Z at which the participant is willing to accept a 50-50 lottery paying gain Rs. 100/lose Rs. Z. Higher values mean

higher loss tolerance. 7 choices with Z ∈ (20, 40, 60, 80, 100, 150, 200).
Willing to choose uncer-
tain outcomes

GPS question “In general, how willing you are to choose uncertain outcomes in real life?” (0–10 scale).

Altruism
Dictator Game $ Participant receives Rs. 50 and decides how much to give to another participant in the study, Y ∈ (0, 5, . . . , 50), keeping the remainder

for themselves.
Willing to do good with-
out expecting return

GPS question “How willing are you to give to good causes without expecting anything in return?” (0–10 scale).

Notes: $ denotes incentivized tasks. “GPS” denotes the Global Preference Survey (Falk et al., 2016, 2018). Appendix B details how tasks were divided across sessions.
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Table A.7: Effects of treatment on deviations from Bayesian updating

Full Sample HAP THPP

Control mean Treatment Effect Control mean Treatment Effect Control mean Treatment Effect
(S.E.) (S.E.) (S.E.) (S.E.) (S.E.) (S.E.)

Panel A: Degenerate Prior
Degenerate Prior Before First Signal 0.04 0.01 0.04 0.03 0.05 −0.03

(0.01) (0.02) (0.01) (0.02) (0.02) (0.03)

N 576 385 191

Panel B: Degenerate Posterior
Degenerate Posterior After Any Signal 0.08 −0.01 0.09 −0.01 0.05 −0.03**

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Degenerate Posterior After Positive Signal 0.10 0.00 0.12 0.01 0.07 −0.02
(0.01) (0.02) (0.01) (0.03) (0.01) (0.03)

Degenerate Posterior After Negative Signal 0.06 −0.01 0.07 −0.01 0.04 −0.02
(0.00) (0.01) (0.01) (0.02) (0.01) (0.01)

N 2880 1925 955

Panel C: Never Update At All
Never Update At All 0.13 −0.03 0.11 0.00 0.16 −0.07

(0.02) (0.03) (0.02) (0.03) (0.04) (0.05)

N 576 385 191

Panel D: Update with Posterior = Prior
No Update After Any Signal 0.44 −0.05*** 0.42 −0.04* 0.48 −0.08**

(0.01) (0.02) (0.02) (0.02) (0.02) (0.03)

No Update After Positive Signal 0.45 0.05 0.44 0.05 0.48 0.04
(0.01) (0.04) (0.01) (0.04) (0.02) (0.06)

No Update After Negative Signal 0.42 −0.08*** 0.40 −0.07** 0.48 −0.10**
(0.01) (0.03) (0.01) (0.03) (0.02) (0.05)

N 2880 1925 955

Panel E: Update in the Wrong Direction
Wrong Update After Any Signal 0.18 0.02 0.19 0.03 0.16 −0.01

(0.01) (0.01) (0.01) (0.02) (0.02) (0.02)

Wrong Update After Positive Signal 0.13 0.00 0.13 0.02 0.13 −0.04
(0.01) (0.03) (0.01) (0.04) (0.01) (0.05)

Wrong Update After Negative Signal 0.22 0.02 0.23 0.02 0.18 0.01
(0.01) (0.02) (0.01) (0.03) (0.01) (0.04)

N 2880 1925 955

Panel F: Never Update or Have At Least One Wrong-Direction Update or Degenerate Belief
Never update or ≥ 1 wrong-direction or ≥ 1 degenerate 0.68 0.01 0.70 0.05 0.63 −0.07

(0.03) (0.04) (0.03) (0.05) (0.05) (0.07)

N 576 385 191

Panel G: Comprehension score
Correctly answered comprehension questions 15.36 −0.09 15.20 −0.10 15.68 −0.04

(0.16) (0.25) (0.20) (0.31) (0.28) (0.41)

N 576 385 191

Notes: This table reports estimated treatment effects on the deviations from Bayesian updating in the belief-updating task.

• Participants report a prior belief. They then receive a sequence of five signals, each followed by a posterior belief elicitation. A
belief update is a data point that combines a prior belief, a posterior belief and a signal received. Panels A, C, F, and G consider
outcomes at the individual level, while panels B, D, and E consider outcomes at the belief-update level. When estimating effects
on belief updates, standard errors are clustered at the individual level.

• Panel A presents effects on the probability of reporting a degenerate prior belief (0 or 1).

• Panel B presents effects on the probability of a belief update to a degenerate posterior after either type of signal, after a positive
signal, or after a negative signal.

• Panel C presents effects on the probability that an individual never updates their belief over the course of the five-signal sequence.

• Panel D presents effects on the probability that a belief remains unchanged after either type of signal, after a positive signal, or
after a negative signal.

• Panel E presents effects on the probability that a belief is updated in the wrong direction, i.e., revising a belief optimistically
after a negative signal or pessimistically after a positive signal.

• Panel F presents effects on the probability that a participant never updates their belief, has at least one update in the wrong
direction, or has at least one degenerate belief.

• Panel G presents effects on participants’ average comprehension score on a series of comprehension questions that were asked
after explaining the belief-updating task to participants. 19 questions were asked to participants and graded 0 or 1, resulting in
a score out of 19 points.
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Table A.8: Robustness of belief updating effects

Full Sample HAP THPP

Control mean Treatment Effect Control mean Treatment Effect Control mean Treatment Effect
(S.E.) (S.E.) (S.E.) (S.E.) (S.E.) (S.E.)

Panel A: All Belief Updates with Non-Extreme Prior and Posterior (same as main specification)
Response to Good News (βH) 0.73 −0.21** 0.73 −0.22* 0.67 −0.20

(0.08) (0.10) (0.10) (0.13) (0.10) (0.14)

Response to Bad News (βL) −0.09 0.06 −0.13 0.03 −0.03 0.11
(0.06) (0.09) (0.08) (0.11) (0.07) (0.12)

Asymmetry (βH − βL) 0.82 −0.27* 0.85 −0.25 0.69 −0.32
(0.12) (0.15) (0.15) (0.19) (0.14) (0.21)

Conservatism (β̄) 0.29 −0.06 0.27 −0.07 0.29 −0.02
(0.04) (0.05) (0.05) (0.07) (0.06) (0.08)

N 2620 1715 905

Panel B: Drop Participants Who Never Update At All
Response to Good News (βH) 0.82 −0.28** 0.84 −0.30** 0.75 −0.25

(0.09) (0.11) (0.12) (0.14) (0.11) (0.15)

Response to Bad News (βL) −0.12 0.10 −0.15 0.05 −0.05 0.16
(0.07) (0.10) (0.09) (0.12) (0.08) (0.14)

Asymmetry (βH − βL) 0.94 −0.38** 0.98 −0.35 0.80 −0.41*
(0.13) (0.17) (0.18) (0.22) (0.15) (0.22)

Conservatism (β̄) 0.32 −0.07 0.31 −0.10 0.33 −0.02
(0.05) (0.06) (0.06) (0.08) (0.06) (0.09)

N 2355 1555 800

Panel C: Drop Updates Where Posterior = Prior
Response to Good News (βH) 1.10 −0.36*** 1.08 −0.39** 1.06 −0.31

(0.11) (0.13) (0.14) (0.17) (0.14) (0.20)

Response to Bad News (βL) −0.18 0.14 −0.20 0.02 −0.11 0.31
(0.09) (0.13) (0.11) (0.16) (0.14) (0.20)

Asymmetry (βH − βL) 1.28 −0.50** 1.28 −0.41 1.17 −0.62**
(0.16) (0.21) (0.20) (0.26) (0.22) (0.31)

Conservatism (β̄) 0.43 −0.10 0.40 −0.16 0.47 −0.01
(0.07) (0.09) (0.09) (0.11) (0.10) (0.14)

N 1563 1056 507

Panel D: Drop Updates in the Wrong Direction
Response to Good News (βH) 0.89 −0.18* 0.93 −0.17 0.79 −0.21

(0.08) (0.10) (0.10) (0.12) (0.11) (0.15)

Response to Bad News (βL) 0.35 0.11 0.39 0.06 0.28 0.17*
(0.04) (0.07) (0.06) (0.09) (0.06) (0.10)

Asymmetry (βH − βL) 0.54 −0.29** 0.54 −0.23 0.51 −0.38**
(0.09) (0.12) (0.12) (0.15) (0.12) (0.17)

Conservatism (β̄) 0.63 −0.03 0.67 −0.05 0.53 −0.01
(0.04) (0.06) (0.06) (0.08) (0.06) (0.09)

N 2123 1356 767

Panel F: Drop Participants who Never Update or Have At Least One Wrong-Direction Update or Degenerate Belief
Response to Good News (βH) 0.76 −0.14 0.80 −0.17 0.70 −0.08

(0.09) (0.13) (0.13) (0.18) (0.12) (0.19)

Response to Bad News (βL) 0.33 0.04 0.34 −0.03 0.32 0.12
(0.05) (0.09) (0.08) (0.10) (0.07) (0.14)

Asymmetry (βH − βL) 0.43 −0.19 0.46 −0.13 0.38 −0.20
(0.11) (0.16) (0.16) (0.20) (0.13) (0.23)

Conservatism (β̄) 0.56 −0.05 0.58 −0.11 0.51 0.03
(0.05) (0.08) (0.07) (0.11) (0.07) (0.12)

N 915 530 385

Notes: This table complements Figure 6 and presents robustness of treatment effects on the belief updating outcomes using different
sub-samples of the full study population.

• The first two columns show the impacts for the full sample, i.e., pooling the two trials. The following columns show the impacts
for the two trials separately. Odd columns report control-group means, even columns report treatment effects, standard errors
in parentheses.

• Coefficients come from belief updating regressions (equation (3)). βH and βL measure responsiveness to positive and negative
signals, respectively. A Bayesian is characterized by βH = βL = 1. βH − βL is the difference between responsiveness to positive
and negative signals, and equals 0 for a Bayesian. β̄ measures responsiveness forcing the response to positive and negative signals
to be identical, which equals 1 for a Bayesian updater. Standard errors are clustered at the individual level as these regressions
include multiple observations for each individual.

• Panel A utilizes the primary analysis sample (full sample except observations with degenerate beliefs, since the likelihood ratios
are not defined in this case). Panel B drops individuals who never update their beliefs. Panel C drops individual observations
where the participant did not update (posterior equals prior). Panel D drops observations with wrong-signed updates (negative
updates following good news or positive updates following bad news). Panel E drops individuals who never update, ever update
in the wrong direction, or ever report a degenerate belief (0 or 1).
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Table A.9: Cross-sectional correlation of belief updating with depression (control participants only)

Full Sample HAP THPP

Control mean Remission Effect Control mean Remission Effect Control mean Remission Effect
(S.E.) (S.E.) (S.E.) (S.E.) (S.E.) (S.E.)

Panel A. Overconfidence
Initial Overconfidence 0.14 0.06 0.19 0.07 −0.07 0.01

(0.04) (0.04) (0.04) (0.05) (0.08) (0.09)

Final Overconfidence 0.18 0.02 0.22 0.03 0.02 −0.04
(0.04) (0.05) (0.04) (0.06) (0.10) (0.10)

N 299 199 100

Panel B. Beliefs-updating coefficients
Response to Good News (βH) 0.68 0.08 0.66 0.12 0.63 0.05

(0.11) (0.16) (0.12) (0.20) (0.24) (0.27)

Response to Bad News (βL) −0.07 −0.04 −0.12 −0.01 0.09 −0.17
(0.07) (0.12) (0.09) (0.16) (0.10) (0.13)

Panel C. Asymmetry and conservatism
Asymmetry (βH − βL) 0.75 0.12 0.78 0.14 0.54 0.22

(0.13) (0.22) (0.16) (0.30) (0.27) (0.32)

Conservatism (β̄) 0.26 0.04 0.23 0.09 0.33 −0.05
(0.06) (0.08) (0.07) (0.11) (0.11) (0.13)

N 1354 887 467

Notes: This table mirrors Table 4. Instead of estimating the (causal) effect of treatment on belief updating, we report the (non-causal)
correlation between remission from depression and belief updating within the control group. Remission is defined as having a PHQ-9
score less than 10.

• Panel A uses the double machine learning approach of Chernozhukov et al. (2018). Panels B and C use the belief-updating
regression specification (3). The “Control mean” and “Treatment effect” columns report standard errors in parentheses.

• Panel A reports correlations with the level of beliefs. Initial Overconfidence equals the participant’s initial belief about their
probability of being in the upper half of performance in their group of ten people, minus the full-information benchmark, computed
assuming groups drawn from the population performance distribution. Final overconfidence equals the participant’s belief after
observing five signals, minus the Bayesian posterior given the full-information benchmark and the observed signals.

• Panel B reports belief updating coefficients, which measure the change in the posterior likelihood ratio in response to signals,
relative to the Bayesian benchmark. βH measures the response to good news, and βL the response to bad news. Bayesian
updating implies βH = 1, and βL = 1.

• Panel C reports transformations of the belief updating coefficients. Asymmetry measures the difference between the response
to good and bad news. Bayesian updating implies βH − βL = 0. Conservatism measures the response to news, forcing the
coefficients on good and bad news to be identical. Bayesian updating implies β̄ = 1.
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Table A.10: Cross-sectional correlation of preferences with depression (control participants only)

Full Sample HAP THPP

Control mean Remission Effect Control mean Remission Effect Control mean Remission Effect
(S.D.) (S.E.) (S.D.) (S.E.) (S.D.) (S.E.)

Panel A. Altruism
Anderson Index 0.00 −0.05 0.00 −0.01 0.00 −0.19

(1.00) (0.12) (1.00) (0.14) (1.00) (0.29)

Dictator Game 15.87 1.00 15.92 1.43 15.68 −0.02
(10.80) (1.37) (11.22) (1.68) (9.17) (2.41)

Willing to do good without expecting return 7.63 −0.37 7.45 −0.34 8.36 −0.57
(2.47) (0.31) (2.59) (0.38) (1.79) (0.56)

Panel B. Patience
Anderson Index 0.00 0.10 0.00 0.07 0.00 0.16

(1.00) (0.11) (1.00) (0.13) (1.00) (0.23)

Saving a Note Task 0.80 0.02 0.83 0.01 0.68 0.00
(0.40) (0.05) (0.38) (0.06) (0.48) (0.11)

Willing to give up today for future 6.91 0.57* 6.93 0.42 6.82 1.00*
(2.61) (0.32) (2.63) (0.38) (2.56) (0.60)

Willing to complete task early 8.28 −0.10 8.14 −0.15 8.86 −0.04
(2.49) (0.29) (2.66) (0.36) (1.55) (0.41)

Discounting δa: today vs 12 months 0.64 0.00 0.65 0.01 0.58 −0.01
(0.23) (0.03) (0.24) (0.03) (0.18) (0.04)

Discounting δb: 12 months vs 24 months 0.58 0.04 0.59 0.03 0.55 0.02
(0.19) (0.03) (0.21) (0.03) (0.14) (0.04)

Present bias β: δa/δb 1.13 −0.04 1.15 −0.04 1.04 −0.06
(0.38) (0.04) (0.41) (0.05) (0.27) (0.06)

Panel C. Risk tolerance
Anderson Index 0.00 0.08 0.00 0.04 0.00 0.22

(1.00) (0.12) (1.00) (0.14) (1.00) (0.26)

Risk Aversion Task 56.24 −2.45 59.43 −4.99 43.64 5.45
(31.06) (3.76) (31.15) (4.49) (27.87) (7.20)

Loss Aversion Task 72.29 −1.64 71.72 −1.30 74.55 −2.94
(67.03) (8.19) (70.60) (10.10) (51.87) (14.00)

Willing to choose uncertain outcomes 7.01 0.26 7.28 −0.08 5.95 1.26**
(2.75) (0.33) (2.79) (0.40) (2.36) (0.56)

N 290 195 95

Notes: This table mirrors Table 5. Instead of estimating the (causal) effect of treatment on preferences, we report the (non-causal)
correlation between remission from depression and preferences within the Control group. Remission is defined as having a PHQ-9 score
less than 10.

• All outcomes are standardized to mean zero, standard deviation 1 in the control group. All estimates use the double machine
learning approach of Chernozhukov et al. (2018). “Control mean” columns report standard deviations in parentheses. “Treatment
Effect” columns report standard errors in parentheses. Stars refer to unadjusted two-sided p-values at thresholds 0.1, 0.05, and
0.01, respectively. Each panel reports an inverse covariance weighted index measure over the sub-components reported in that
panel (Anderson, 2008).

• Panel A reports measures of altruism. “Dictator game” is computed from the amount of money out of Rs. 50 that the participant
chose to send to another participant instead of keeping for themselves. “Willing to do good without expecting return” is a
self-evaluation measure of altruism.

• Panel B reports measures of patience. “Note saved in saving a note task” records whether the participant saved a Rs. 100 banknote
for one week, earning a Rs. 30 return. “Willing to give up today for future” and “Willing to complete task early” are self-evaluation
measures of patience. Discounting and present bias parameters are computed from choices over hypothetical sooner/later mone-
tary amounts. The Anderson index is constructed excluding the present bias parameter, which is a transformation of two other
components.

• Panel C reports measures of risk tolerance. “Risk tolerance” and “Loss tolerance” are based on the participant’s switching point
in incentivized risk/loss lottery choice tasks, aligned so that positive numbers represent higher risk tolerance and higher loss
tolerance. “Willing to choose uncertain outcomes” is a self-evaluation measure of risk tolerance.
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Table A.11: Determinants of hiring choice

(1) (2) (3) (4) (5) (6)

Treatment 0.014 0.021 0.020 0.022 0.022 0.016
(0.040) (0.040) (0.040) (0.040) (0.040) (0.040)

Final posterior 0.18∗ 0.069 0.069 0.044
(0.089) (0.099) (0.098) (0.100)

Adjusted prior 0.33∗∗ 0.29∗ 0.30∗∗ 0.24∗

(0.10) (0.12) (0.11) (0.11)

Reservation wage (Rs.) -0.000080∗∗∗

(0.000021)

Risk switching point (Rs.) -0.0019∗∗

(0.00060)

Constant 0.63∗∗∗ 0.51∗∗∗ 0.41∗∗∗ 0.39∗∗∗ 0.61∗∗∗ 0.53∗∗∗

(0.028) (0.065) (0.073) (0.079) (0.089) (0.093)

Reservation wage dummies No No No No No Yes

Risk switching point dummies No No No No No Yes

N 576 576 576 576 562 562

Notes: This table presents treatment effect on, and correlations with an indicator for whether the participant chose to apply to the
risky job opportunity at the end of the belief-updating task.

• Each participant is offered a choice between Rs. 300 for sure, or a risky job opportunity. Under the risky opportunity, if the
participant’s (not-yet-revealed) bracelet-making performance was in the top half, they receive a job making 1,000 bracelets over
1 month for a wage of Rs. 3,000. Otherwise, they receive no job and no money. The hiring choice indicator equals 1 if they chose
the risky opportunity.

• Each column presents the result of a regression of the hiring choice indicator on a set of covariates.

• “Treatment” is a treatment dummy; “Adjusted prior” and “Final posterior” are the reported probability of being in the top half of
performance as elicited using the beaker task, respectively, before and after all signals; “Reservation wage” and “Risk switching
point” are calculated in Rupees using the participant’s answers to the multiple price list tasks for reservation wage and risk
aversion.

• In Column 6, dummies for all possible values of reservation wage and risk switching point are included.
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Table A.12: Female empowerment

Full Sample HAP THPP

Control mean Treatment Effect Control mean Treatment Effect Control mean Treatment Effect
(S.D.) (S.E.) (S.D.) (S.E.) (S.D.) (S.E.)

Female Empowerment
Anderson Index 0.00 0.05 0.00 0.16 0.00 −0.11

(1.00) (0.09) (1.00) (0.13) (1.00) (0.14)

Female decision - what to cook 0.82 0.03 0.78 0.10* 0.87 −0.06
(0.38) (0.04) (0.42) (0.05) (0.33) (0.06)

Female decision - whether buy expensive item 0.36 −0.08* 0.43 −0.12* 0.27 −0.03
(0.48) (0.05) (0.50) (0.06) (0.45) (0.07)

Female decision - number of children 0.35 0.00 0.35 0.11 0.36 −0.13*
(0.48) (0.05) (0.48) (0.07) (0.48) (0.07)

Female decision - what to do if respondent is sick 0.30 −0.05 0.30 −0.03 0.31 −0.09
(0.46) (0.04) (0.46) (0.06) (0.46) (0.06)

Female decision - whether buy land/property 0.22 −0.01 0.24 0.02 0.19 −0.06
(0.41) (0.04) (0.43) (0.06) (0.39) (0.05)

Female decision - how much to spend on Social Function 0.36 −0.03 0.41 0.02 0.29 −0.09
(0.48) (0.05) (0.49) (0.07) (0.46) (0.06)

Female decision - what to do if child is sick 0.48 −0.03 0.55 −0.02 0.39 −0.04
(0.50) (0.05) (0.50) (0.07) (0.49) (0.07)

Female decision - whom child should marry 0.25 −0.01 0.34 −0.05 0.14 0.03
(0.43) (0.04) (0.48) (0.06) (0.35) (0.05)

Whether go out by yourself 0.64 0.07 0.57 0.09 0.73 0.06
(0.48) (0.04) (0.50) (0.06) (0.45) (0.06)

Whether eats together 0.60 −0.01 0.50 0.01 0.73 −0.05
(0.49) (0.05) (0.50) (0.07) (0.45) (0.07)

Whether participant’s name on any bank account 0.89 0.02 0.88 0.10*** 0.91 −0.06
(0.31) (0.03) (0.33) (0.04) (0.29) (0.05)

Whether participant’s name on ownership paper 0.29 −0.05 0.41 −0.12* 0.14 0.02
(0.45) (0.04) (0.49) (0.06) (0.35) (0.05)

Whether talk with husband about work 0.76 0.08** 0.67 0.14** 0.87 0.01
(0.43) (0.04) (0.47) (0.06) (0.33) (0.05)

Whether talk with husband about spending money 0.81 −0.03 0.74 0.02 0.89 −0.10*
(0.39) (0.04) (0.44) (0.06) (0.31) (0.05)

Whether talk with husband about things in community 0.53 0.09* 0.45 0.18*** 0.63 0.01
(0.50) (0.05) (0.50) (0.07) (0.48) (0.07)

Whether have cash in hand 0.76 0.04 0.74 0.06 0.78 0.02
(0.43) (0.04) (0.44) (0.06) (0.42) (0.06)

Don’t need permission - go to local health center 0.46 0.03 0.51 0.06 0.41 0.00
(0.50) (0.05) (0.50) (0.07) (0.49) (0.07)

Don’t need permission - visit relatives/friends 0.42 0.03 0.46 0.01 0.36 0.05
(0.49) (0.05) (0.50) (0.06) (0.48) (0.07)

Don’t need permission - go to kirana shop 0.79 0.04 0.80 0.09* 0.78 −0.01
(0.41) (0.04) (0.40) (0.05) (0.42) (0.06)

Don’t need permission - go to a short distance 0.47 0.05 0.55 0.07 0.38 0.01
(0.50) (0.05) (0.50) (0.07) (0.49) (0.07)

Can go alone - go to local health center 0.69 0.05 0.76 −0.02 0.61 0.12*
(0.46) (0.04) (0.43) (0.05) (0.49) (0.07)

Can go alone - visit relatives/friends 0.68 0.07 0.77 0.05 0.57 0.10
(0.47) (0.04) (0.42) (0.05) (0.50) (0.07)

Can go alone - go to kirana shop 0.88 0.00 0.91 −0.04 0.84 0.05
(0.33) (0.03) (0.29) (0.04) (0.37) (0.05)

Can go alone - go to a short distance 0.65 0.05 0.76 0.00 0.52 0.10
(0.48) (0.04) (0.43) (0.06) (0.50) (0.07)

Whether belong to some organization 0.44 −0.05 0.57 −0.03 0.28 −0.08
(0.50) (0.05) (0.50) (0.07) (0.45) (0.06)

N 396 215 181

Notes: This table presents treatment effects on female empowerment. All estimates use the double machine learning approach of
Chernozhukov et al. (2018).

• Samples are restricted to females married at baseline.

• A higher index value corresponds to a higher level of female empowerment, e.g., more reported autonomy in a female’s decisions.
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Table A.13: Intimate partner violence

Full Sample HAP THPP

Control mean Treatment Effect Control mean Treatment Effect Control mean Treatment Effect
(S.D.) (S.E.) (S.D.) (S.E.) (S.D.) (S.E.)

IPV
Anderson Index 0.00 −0.11 0.00 −0.12 0.00 −0.12

(1.00) (0.08) (1.00) (0.13) (1.00) (0.10)

Been beaten (dummy) 0.13 −0.01 0.14 −0.04 0.11 0.02
(0.33) (0.03) (0.35) (0.04) (0.31) (0.04)

Been beaten (number of times) 0.85 −0.32 0.86 −0.16 0.84 −0.51
(3.74) (0.30) (3.65) (0.45) (3.85) (0.36)

Been forced to have sex (dummy) 0.09 −0.06** 0.10 −0.05 0.09 −0.07**
(0.29) (0.02) (0.30) (0.04) (0.29) (0.03)

Been forced to have sex (number of times) 0.33 −0.10 0.27 0.00 0.39 −0.22
(1.73) (0.17) (1.03) (0.26) (2.30) (0.21)

N 412 221 191

Notes: This table presents treatment effects on intimate partner violence (IPV) towards women. All estimates use the double machine
learning approach of Chernozhukov et al. (2018).

• Samples are restricted to females married at baseline.

• A higher index value corresponds to a larger level of reported violence.
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Table A.14: Sleep, loneliness, and locus of control

Full Sample HAP THPP

Control mean Treatment Effect Control mean Treatment Effect Control mean Treatment Effect
(S.D.) (S.E.) (S.D.) (S.E.) (S.D.) (S.E.)

Panel A: Sleep
Anderson Index 0.00 0.20** 0.00 0.20* 0.00 0.25*

(1.00) (0.08) (1.00) (0.10) (1.00) (0.15)

Hours asleep 5.54 0.27* 5.34 0.36* 5.95 0.09
(1.75) (0.15) (1.93) (0.20) (1.21) (0.18)

Hours in bed but not asleep 1.93 −0.14 2.13 −0.08 1.53 −0.26*
(1.58) (0.13) (1.71) (0.18) (1.21) (0.15)

Sleep quality 2.68 0.20** 2.61 0.20* 2.83 0.22
(1.01) (0.08) (1.05) (0.11) (0.92) (0.14)

N 557 375 182

Panel B: Loneliness
Total Loneliness Score 0.00 −0.09 0.00 −0.13 0.00 −0.03

(1.00) (0.09) (1.00) (0.11) (1.00) (0.15)

In tune with the people around me 0.95 −0.06 1.01 −0.09 0.84 −0.02
(0.73) (0.06) (0.77) (0.08) (0.64) (0.10)

No one really knows me well 0.81 −0.02 0.83 −0.04 0.78 0.05
(0.74) (0.06) (0.76) (0.08) (0.69) (0.10)

Can find companionship 0.98 −0.03 0.94 0.05 1.04 −0.18
(0.77) (0.06) (0.77) (0.08) (0.78) (0.11)

People around me but not with me 1.00 −0.02 1.06 −0.08 0.87 0.10
(0.81) (0.07) (0.81) (0.08) (0.82) (0.12)

N 557 375 182

Panel C: Locus of Control
Total LoC Score 0.00 0.04 0.00 −0.02 0.00 0.19

(1.00) (0.08) (1.00) (0.10) (1.00) (0.14)

How my life goes depends on me 2.50 0.04 2.53 −0.05 2.44 0.25
(1.07) (0.09) (1.09) (0.11) (1.03) (0.16)

Achievement in life is about fate or luck 1.11 −0.05 1.09 −0.04 1.13 −0.07
(0.95) (0.08) (0.96) (0.10) (0.94) (0.14)

Other people have a controlling influence 1.67 0.08 1.52 0.04 1.96 0.15
(1.33) (0.10) (1.33) (0.13) (1.29) (0.18)

One has to work hard in order to succeed 3.27 0.07 3.24 0.08 3.32 0.05
(0.94) (0.08) (0.89) (0.09) (1.04) (0.15)

Doubt my own abilities if meet difficulties 2.07 −0.08 2.05 −0.05 2.11 −0.14
(1.32) (0.11) (1.37) (0.14) (1.22) (0.18)

Innate abilities are more important than efforts 1.28 0.01 1.18 0.01 1.46 0.00
(1.06) (0.09) (1.04) (0.10) (1.07) (0.16)

Have little control over happening in my life 1.30 0.05 1.29 −0.07 1.33 0.27*
(1.05) (0.09) (1.08) (0.11) (0.98) (0.16)

N 566 378 188

Notes: This table presents treatment effects on sleep, loneliness and locus of control. All estimates use the double machine learning
approach of Chernozhukov et al. (2018).

•Panel A reports self-reported measures of sleep. “Hours in bed but not asleep” enters negatively in the index, for which a higher
score means higher sleep quality.

•Panel B shows measures of loneliness, using a short version of the UCLA Loneliness Score. The loneliness score is standardized.
A higher loneliness score corresponds to the participant feeling more lonely, and each component enters the score accordingly.
The full Loneliness statements read: Statement 1: I feel in tune with the people around me. Statement 2: No one really knows
me well. Statement 3: I can find companionship when I want it. Statement 4: People are around me but not with me.

•Panel C reports measures of locus of control. A higher LoC score corresponds to a more internal locus of control, i.e., that the
respondent feels more in control of their lives. Each component is coded to enter the score accordingly.
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Table A.15: Expert survey composition

First survey Field
Position Economics Other Pol. Sci. Psychiatry Psychology Pub. Pol. Total

Faculty 35 2 0 0 5 0 42

Grad student 69 14 12 1 6 4 106

Non-Academic 7 2 0 0 1 0 10
Researcher
Other 2 4 0 1 0 1 8

Postdoc 22 4 0 1 0 0 27

Practitioner 1 0 0 1 0 0 2

Research 7 0 0 0 0 0 7
Coordinator/Assistant
Undergrad 2 2 0 0 0 0 4

Total 145 28 12 4 12 5 206

Second survey
Respondents 1 2 0 25 0 0 28
Total 234

Notes: This table presents a breakdown of the participants in our expert survey by field and by position within their field. The survey
was fielded in two waves. The second wave focused on increasing representation among psychiatrists. Since the second wave did not
assess faculty rank or position, it is reported separately from the first survey, though the results from both surveys are combined for
analysis.
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Table A.16: Expert survey results

Actual point Percentile of expert predictions p-value Share experts Estimate percentile

estimate (SDs) 10th 25th 50th 75th 90th (estimate=median) outside 90% CI among experts

Panel A: Treatment effects on main outcomes
PHQ-9 Score -.23 -.23 -.15 -.08 0 .1 .14 .5 9
Initial Overconfidence -.05 .03 .1 .2 .26 .35 .01 .71 3
Patience index .17 -.01 .04 .12 .2 .3 .62 .25 61
Risk tolerance index .03 -.15 -.04 .05 .15 .29 .85 .26 47
Altruism index .25 0 .04 .1 .2 .31 .15 .42 82
Consumption .05 -.12 0 .06 .15 .22 .93 .17 43
Employment -.01 -.12 .05 .12 .2 .32 .22 .42 13

Panel B: Belief updating ratios in control and treatment groups
Control -.17 .63 .75 1 1.82 2.09 0 1 0
Treatment -.19 .51 .67 .79 1.09 1.56 0 1 0

Notes: This table presents results from our expert survey, giving more details beyond Figure 8.

• The first column presents the actual point estimate in standard deviations for each outcome estimated using the double machine learning procedure of Chernozhukov
et al. (2018), restricting to the HAP sample.

• ’Percentile of expert predictions’ shows the distribution of expert predictions of the treatment effects in standard deviations.

• p-values report outcomes from t-tests on whether or not the median expert prediction is different from the empirically-derived point estimates for each outcome, using
the standard errors calculated from the point estimate.

• The same estimates and standard errors are used to construct 90% confidence intervals around the estimate, and the share of experts outside of that interval is presented.

• Finally, the estimate’s percentile among expert predictions is presented in the last column.
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B Appendix B: Implementation Details

The study begins with the recruitment of the participant in which the participant is introduced to the study and their
informed consent is obtained. This happens either over the phone or at participant’s home, depending on how difficult
it was to reach the participant during mobilization.

Experimental tasks and surveys took place over two days. Participants had the option to be interviewed at home
or in our experimental lab, and the order of tasks was slightly different according to location, mainly driven by the fact
that setting up the beliefs experiment took more time in participants’ homes. Sessions could take place in the morning
or afternoon. In addition, occasionally time constraints meant that not all survey modules could be completed in the
time available.

The flowchart below shows the order of tasks. We use the following acronyms:

1. PHQ-9: Patient Health Questionnaire-9

2. IPV: Intimate Partner Violence

3. SAE: Serious Adverse Events

4. RSP: Risk and Social Preferences

5. TCS: Task Completion Sheet

6. FE: Female Empowerment

7. LSE: Labor Supply and Earnings

8. EHC: Education and Human Capital

9. TPS: Time Preferences Survey

10. BAT: Beliefs About Treatment effects

11. EOD: End of Day

In the flowchart, * shows that these tasks are supposed to be done only if the recruitment happened at participant’s
home, ** shows that these tasks are supposed to be done only if the recruitment happened over the phone, and ***
shows that this survey was incorporated after the main study had started, so not all participants were asked these
questions.
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Recruitment

Written consent*
Defaults A
PHQ-9*
TCS
Recruitment Day 1
Tracking Sheet
Appointment sheet

Defaults B

In the lab At participant’s home

Tasks for Day 1 Tasks for Day 2

Morning/Afternoon
session

Written consent**
Mood rating scale
Defaults C
Envelope
PHQ-9**
IPV
SAE

First session

Beliefs A

Tea/Coffee
break or

Lunch Break

Second session

RSP

EOD tasks

Payment sheet
Recruitment Day 2
Tracking sheet
TCS
Appointment sheet

Morning/Afternoon
session

Mood rating scale
Envelope A
Locus of Control
Consumption
Loneliness
Sleep

Tea/Coffee
break or

Lunch Break

First session

FE
LSE
EHC
TPS
Beliefs B
BAT***

EOD tasks

Payment sheet
Tracking sheet
TCS

Tasks for Day 1 Tasks for Day 2

Morning/Afternoon
session

Written consent**
Mood rating scale
Defaults C
Envelope
PHQ-9**
IPV
SAE

Tea/Coffee
break or

Lunch Break

First session

Beliefs A

Second session

Locus of control

EOD tasks

Payment sheet
Recruitment Day 2
Tracking sheet
TCS
Appointment sheet

Morning/Afternoon
session

Mood rating scale
RSP

Tea/Coffee
break or

Lunch Break

First session

Consumption
Envelope B
Loneliness
Sleep

Break(10 min)

Second session

FE
LSE
EHC
TPS
Beliefs B
BAT***

EOD tasks

Payment sheet
Tracking sheet
TCS
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C Appendix C: Literature Review

Table A.17: Details of studies of psychological treatments’ effects on depression

Weeks
since

Treat-
ment

Authors Paper Title Depression
Measure

Treat-
ment

Effect
(SD)

Sample
Size

Notes

Ali et al. 2003 The effectiveness of counseling on anxiety and depres-
sion by minimally trained counselors: a randomized con-
trolled trial.

AKUADS 8 0.52 366

Chen et al. 2000 Effects of support group intervention in postnatally dis-
tressed women: A controlled study in Taiwan

BDI 4 0.62 60

Bolton et al. 2003 Group interpersonal psychotherapy for depression in ru-
ral Uganda: a randomized controlled trial

Depression scale 18 1.1 224

Bolton et al. 2007 Interventions for Depression Symptoms Among Adoles-
cent Survivors of War and Displacement in Northern
Uganda

Local depres-
sion sympotom
score

20 0.61 209 (IPT-G Group,
Same Control
Group)

Bolton et al. 2007 Interventions for Depression Symptoms Among Adoles-
cent Survivors of War and Displacement in Northern
Uganda

Local depres-
sion sympotom
score

20 -0.16 209 (CP Group, Same
Control Group)

Bolton et al. 2014a A Transdiagnostic Community-Based Mental Health
Treatment for Comorbid Disorders: Development and
Outcomes of a Randomized Controlled Trial among
Burmese Refugees in Thailand

Adapted HSCL-
25 Depression
scale

22 0.42 167 (CPT Group
Group, Same
Control Group)

Bolton et al. 2014a A Transdiagnostic Community-Based Mental Health
Treatment for Comorbid Disorders: Development and
Outcomes of a Randomized Controlled Trial among
Burmese Refugees in Thailand

Adapted HSCL-
25 Depression
scale

22 0.34 180 (BATD Group,
Same Control
Group)

Bolton et al. 2014b A Transdiagnostic Community-Based Mental Health
Treatment for Comorbid Disorders: Development and
Outcomes of a Randomized Controlled Trial among
Burmese Refugees in Thailand

Adapted HSCL-
25 Depression
scale

14 0.58 347

74



Bass et al. 2006 Group interpersonal psychotherapy for depression in ru-
ral Uganda: 6-month outcomes

HSCL 16 1.54 284

Bass et al. 2006 Group interpersonal psychotherapy for depression in ru-
ral Uganda: 6-month outcomes

HSCL 40 1.38 216

Bass et al. 2013 Controlled Trial of Psychotherapy for Congolese Sur-
vivors of Sexual Violence

HSCL-25 16 1.5 405

Bass et al. 2013 Controlled Trial of Psychotherapy for Congolese Sur-
vivors of Sexual Violence

HSCL-25 40 1.33 405

Chibanda et al. 2014 Group problem-solving therapy for postnatal depression
among HIV-positive and HIV-negative mothers in Zim-
babwe

EPDS 12 0.67 58

Chibanda et al. 2016 Effect of a primary care–based psychological interven-
tion on symptoms of common mental disorders in Zim-
babwe: a randomized clinical trial

SSQ-14 24 0.53 573

Rahman et al. 2008 Cognitive behaviour therapy-based intervention by com-
munity health workers for mothers with depression and
their infants in rural Pakistan: a cluster-randomised
controlled trial

Hamilton 24 0.62 818

Rahman et al. 2008 Cognitive behaviour therapy-based intervention by com-
munity health workers for mothers with depression and
their infants in rural Pakistan: a cluster-randomised
controlled trial

Hamilton 48 0.82 798

Baranov et al. 2020 Maternal depression, women’s empowerment, and
parental investment: evidence from a randomized con-
trolled trial

Hamilton 336 0.22 585

Weiss et al. 2015 Community-based mental health treatments for sur-
vivors of torture and militant attacks in Southern Iraq:
a randomized control trial

HSCL-25 34 1.82 149

Weiss et al. 2015 Community-based mental health treatments for sur-
vivors of torture and militant attacks in Southern Iraq:
a randomized control trial

HSCL-25 32 0.4 193

Tiwari et al. 2010 Effect of an Advocacy Intervention on Mental Health in
Chinese Women Survivors of Intimate Partner Violence

BDI-II (Chinese
version)

12 0.21 200
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Tiwari et al. 2010 Effect of an Advocacy Intervention on Mental Health in
Chinese Women Survivors of Intimate Partner Violence

BDI-II (Chinese
version)

36 0.23 200

Rojas et al. 2007 Treatment of postnatal depression in low-income moth-
ers in primary-care clinics in Santiago, Chile: a ran-
domised controlled trial

EPDS 12 0.95 209

Rojas et al. 2007 Treatment of postnatal depression in low-income moth-
ers in primary-care clinics in Santiago, Chile: a ran-
domised controlled trial

EPDS 24 0.37 208

Maselko et al. 2020 Effectiveness of a peer-delivered, psychosocial interven-
tion on maternal depression and child development at 3
years postnatal: a cluster randomised trial in Pakistan

PHQ-9 144 0.13 572

Patel et al. 2017 The Healthy Activity Program (HAP), a lay counsellor-
delivered brief psychological treatment for severe depres-
sion, in primary care in India: a randomised controlled
trial

BDI-II 12 0.57 495

Patel et al. 2010 Effectiveness of an intervention led by lay health coun-
sellors for depressive and anxiety disorders in primary
care in Goa, India (MANAS): a cluster randomised con-
trolled trial

CIS-R 24 0.064 673

Milani et al. 2015 Effect of Telephone-Based Support on Postpartum De-
pression: A Randomized Controlled Trial

EPDS 6 0.56 54

Gao et al. 2010 Evaluation of an interpersonal-psychotherapy-oriented
childbirth education programme for Chinese first-time
childbearing women: A randomised controlled trial

EPDS 6 0.57 194

Gao et al. 2012 Effects of an interpersonal-psychotherapy-oriented child-
birth education programme for Chinese first-time child-
bearing women at 3-month follow up: Randomised con-
trolled trial

EPDS 12 0.46 194

Gao et al. 2015 Effects of an interpersonal-psychotherapy-oriented post-
natal programme for Chinese first-time mothers: A ran-
domized controlled trial

EPDS 6 0.23 180

Ho et al. 2009 Effectiveness of a discharge education program in reduc-
ing the severity of postpartum depression: A randomized
controlled evaluation study

EPDS 6 0.15 175
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Ho et al. 2009 Effectiveness of a discharge education program in reduc-
ing the severity of postpartum depression: A randomized
controlled evaluation study

EPDS 12 0.38 168

Baker-Henningham
et al. 2005

The effect of early stimulation on maternal depression:
a cluster randomised controlled trial

CES-D 52 0.43 139

Sikander et al. 2019 Delivering the Thinking Healthy Programme for perina-
tal depression through volunteer peers: a cluster ran-
domised controlled trial in Pakistan

PHQ-9 24 0.13 453

Rotheram-Borus et
al. 2014

A Cluster Randomized Controlled Trial Evaluating the
Efficacy of Peer Mentors to Support South African
Women Living with HIV and Their Infants

GHQ 48 0.26 393

Haushofer et al. 2020 The comparative impact of cash transfers and a psy-
chotherapy program on psychological and economic well-
being

GHQ 56 -0.03 4340

Barker et al. 2022 Cognitive Behavioral Therapy among Ghana’s Rural
Poor Is Effective Regardless of Baseline Mental Distress

Kessler 10 0.15 7227

Meffert et al. 2021 Interpersonal psychotherapy delivered by nonspecialists
for depression and posttraumatic stress disorder among
Kenyan HIV–positive women affected by gender-based
violence: Randomized controlled trial

BDI-II 12 0.51 256

Chowdhary et al.
2018

The Healthy Activity Program lay counsellor delivered
treatment for severe depression in India: Systematic de-
velopment and randomised evaluation

PHQ-9 8.6 0.45 55

Petersen et al. 2014 A group-based counselling intervention for depression
comorbid with HIV/AIDS using a task shifting approach
in South Africa: A randomized controlled pilot study

PHQ-9 12 0.92 34

Siddique et al. 2022 Forced Displacement, Mental Health, and Child Devel-
opment: Evidence from the Rohingya Refugees

CESD-20 52 0.14 2845

Blattman et al. 2022 Cognitive behavior therapy reduces crime and violence
over 10 years: Experimental evidence

Locally adapted
index (0-17)

480 0.088 999
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