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Motivation

We study the impact of digital mental health technology on mental health, educational, and
economic outcomes of low-income students in Colombia from a large-scale randomized controlled
trial. We are collaborating with the national government to embed the trial in the Youth Income (Renta
Joven) scheme, a nationwide conditional cash-transfer program that provides regular educational
subsidies to over 360,000 young people from low-income backgrounds. This unique government-
academia partnership enables unparalleled access to all program participants and their administrative
data on educational attainment, including enrolment and academic grades. Combining administrative
and survey data will enable us to test the impacts of deploying mental health technologies alongside
existing governmental programs.

Our aim is to investigate to what extent access to digital mental health technology deployed at
scale (1) improve the mental health of low-income students, (2) improve educational performance
and retention in higher education, (3) influence low-income students’ decision-making closely linked
to human capital investments and future orientation, namely self-control and patience (4) and affect
the labor market aspirations of students. These research questions will be addressed by measuring
key outcomes based on state-of-the-art scales from the psychology, behavioral science, and
economics literature. Additionally, the trial design will enable us to explore a range of further
important questions such as its cost-effectiveness and whether supplementing the digital intervention
with peer support yields different effects compared to the digital intervention alone. This document
presents the initial pre-analysis plan (PAP), additional projects will be detailed in separate PAPs.

Design

To address our research questions, all eligible Renta Joven participants will be invited to take a
screening survey to assess consent, ability and means to participate. Next, we will conduct a baseline
survey to assess their mental health symptoms (depression, anxiety, and PTSD), and baseline
educational, decision-making, and labor market outcomes. Eligible participants will be randomly
assigned to two main comparison groups: the treatment group, which will have access to digital
mental health support through our platform; and the control group, which will receive general
information about standard care. Finally, we assess mental health, education, economic aspirations,
and future orientation at zero and three months after the end of the intervention. To capture longer-
term effects, we will conduct a six-month follow-up, which will also serve to evaluate cost-
effectiveness and implementation. We may additionally preregister long-run outcomes and
corresponding analytical specifications in a separate pre-analysis plan, to be developed in Spring 2026,
for the analysis of administrative data focusing on extended follow-up measures.

Digital Platform. The intervention consists of a digital, transdiagnostic, and adapted program,
accessed by participants through an online platform. The intervention is specifically targeted to young
beneficiaries of the Renta Joven program, and it is being co-designed by the University Hospital
Fundacion Santa Fe de Bogota (FSFB), the Colombian Government’s Department of Social Prosperity
(Prosperidad Social), the Centre for Primary Care and Public Health at the University of Lausanne
(Switzerland), and staff and young participants in the Renta Joven program. To create the digital
platform, we follow state-of-the-art approaches in transdiagnostic therapy and develop a dedicated
platform together with a highly experienced IT developer. The platform provides access to different
transdiagnostic tools and activities based on Cognitive Behavioral Therapy to help young people
overcome symptoms of depression, anxiety, and PTSD. It includes six modules: motivational
interviewing, behavioral activation, problem-solving, interpersonal effectiveness, sleep strategies, and
PTSD symptom management (including cognitive reappraisal and mindfulness strategies).
Additionally, an emotional regulation toolbox is available for flexible use as needed. All modules and



tools rely on and are inspired by components of protocols tested in comparable populations (Castro-
Camacho et al. 2019; Bonilla-Escobar et al. 2018).

Sample. Participants must meet specific criteria to be included in our study, which we assess
through an initial screening survey. Participants must provide informed consent, be 18 years or older,
and be registered as college or vocational training students in the Renta Joven program. Participants
are also required to have access to a computer, tablet, or smartphone with internet connectivity. They
must also answer positively to a question about their willingness to use a digital platform for mental
health and well-being. Additionally, to ensure response reliability, participants who complete the
baseline survey too quickly—defined as those falling below four minutes—will be excluded, as this
suggests limited engagement (pretesting by the team showed that the baseline survey takes around
15 to 25 minutes to complete at a reasonable pace). Moreover, we excluded the participants that also
signed up to be a peer; for participants who answered multiple times, we kept only the first entry; and
we excluded participants who could not be found in the Renta Joven database.

To be eligible, participants must report mild, moderate, or severe symptoms of depression,
anxiety, and/or PTSD based on screening scales. Individuals who are asymptomatic will not be invited
to participate in the trial but will receive referrals to mental health education resources and
informational materials aimed at maintaining their mental health. These participants will also be
provided with guidance on accessing resources and healthcare routes should they need attention in
the future. Finally, participants reporting a high risk of suicide will also be excluded from the trial,
because they may require specialized emergency treatment. These are classified as high risk if they
answer positively to the question “For the past two weeks, have you thought about hurting yourself
or taking your own life?”. Such individuals will be contacted by a project psychologist within 24 hours
of completing the survey and offered psychological first aid, crisis management, and assistance in
identifying and accessing local mental health services appropriate for their needs, which have been
collated and approved by the Ministry of Health and Social Protection. The psychologist will track their
progress and verify their access to the identified resources.

Mental health assessments. Participants in the trial will undergo an assessment of mental health
symptoms with three internationally recognized standard scales, all of which have also been validated
in the Colombian context. Higher scores of all scales indicate more severe symptoms. The first scale is
the Patient Health Questionnaire-9 (PHQ-9), designed to measure the severity of depressive
symptoms (Kroenke, Spitzer, and Williams 2001; Cassiani-Miranda et al. 2021). This scale comprises
nine items, each rated on a scale from 0 ("not at all") to 3 ("nearly every day"), resulting in a total
score ranging from 0 to 27. The second scale, the Generalized Anxiety Disorder-7 (GAD-7), evaluates
symptoms of anxiety (Spitzer et al. 2006; Camargo et al. 2023). It includes seven items, also rated from
0 ("not at all") to 3 ("nearly every day"), yielding a total score between 0 and 21. The final instrument,
the Primary Care Posttraumatic Stress Disorder (PTSD) for DSM-5 (PC-PTSD-5), is used to assess
symptoms of PTSD. This scale consists of 5 yes/no items, with a maximum total score of 5 (Gdmez-
Restrepo et al. 2016; Prins et al. 2016).

Based on the results from the scales detailed above, participants will be classified into mild, moderate
or severe levels of symptoms based on routinely used categorizations for each scale. We classify
participants with symptoms in three groups of overall severity of symptoms across the three scales:
mild (defined as PHQ-9 scores between 6 and 8, GAD-7 scores between 3 and 8, or PC-PTSD-5 score
of 2), moderate (PHQ-9 scores between 9 and 14, GAD-7 scores between 9 and 14, or PC-PTSD-5 score
of 3), and severe (PHQ-9 scores of 15 or higher, GAD-7 scores of 15 or higher, or PC-PTSD-5 scores of
4 or higher), based on a high severity score in any of the three scales. Participants falling below all the
defined thresholds are categorized as asymptomatic and not enrolled in the trial.



Randomization. We will implement stratified randomization by overall severity level as
defined above (mild, moderate, severe). Fifty percent of participants within each severity group will
be randomly allocated to the control group (usual care) and fifty percent to the treatment group
(digital platform), with comparisons between these groups used to test our primary hypotheses. To
optimize resource allocation and enhance efficacy, the level of support provided will be tailored to the
severity of participants' mental health symptoms. Participants with mild symptoms in the treatment
group will access platform resources and a virtual forum for self-guided support. Those with moderate
and severe symptoms in the treatment group will be further randomized into two equal subgroups:
50% to platform-only and 50% to platform-plus-peer support. The peer’s role is exclusively to
encourage participants to use the platform through a text-based message system within the platform.
Peers do not engage in any kind of direct support or psychotherapy, and their contact with participants
is anonymized, i.e., the identify of participants is not revealed to the peer. Each peer is supervised by
a psychologist. To prioritize peer support based on severity, moderate cases are allowed up to two
series of exchanges with their assigned peer, while those with severe symptoms have no limit on their
exchanges with their peer. Our main analysis will compare the treatment group (comprising platform-
only and platform-plus-peer) with the control group across all severity groups to maximize statistical
power.

Surveys. We will measure participants’ mental health, education, labor market and future
orientation outcomes both in baseline and follow-up assessments. Below we list the most important
measures across dimensions.

Mental health measures

e Depression: Patient Health Questionnaire-9 (PHQ-9) (Kroenke, Spitzer, and Williams 2001;
Cassiani-Miranda et al. 2021).

e Anxiety: Generalized Anxiety Disorder-7 (GAD-7) (Spitzer et al. 2006; Camargo et al. 2023).

e PTSD: Primary Care Posttraumatic Stress Disorder (PTSD) for DSM-5 (PC-PTSD-5) (Gémez-
Restrepo et al. 2016; Prins et al. 2016).

o Sleep quality: How satisfied or dissatisfied do you feel with your sleep habits? To what extent
do you think your sleep problem affects your daily life?

o Mental health stigma: The 3-item Self-Stigma of Seeking Help (SSOSH) Scale uses a Likert-type
scale to measure the perception that seeking help from a psychologist or other mental health
professional threatens one's self-regard, satisfaction with oneself, self-confidence, and overall
worth as a person (Vogel, Wade, and Haake 2006; Larrahondo et al. 2021).

e Behavioral Activation for Depression Scale, 9-item version: assesses how much individuals
engage in activities that align with their values and goals, as well as how much they avoid
activities due to depression-related feelings like sadness or lack of motivation (Kanter et al.
2007; Garcia Lis 2019).

Education

e Academic enrolment continuity: the question is “Are you still enrolled in the same academic
program as in the last survey?”. We further ask “Why are you no longer enrolled in the
academic program?” with the options: | graduated from the program, | temporarily
interrupted my studies, | dropped out, another reason asking for which one.

e Grade Point Average: We ask questions about current and expected GPA in the survey, as well
as their cumulated GPA. For university students, we measure cumulated GPA based on
administrative data.

e Efforts: how many hours do you currently spend studying during a typical day? How frequently
did the following occur? (1) | skipped a whole week of classes, (2) | skipped some classes, (3) |
arrived late for classes. On a 5-point Likert scale from never to always.

e Courses: how many courses or modules are you currently taking? How many are you expected



to take? Were you failing any? How many were you failing?

Work: in the last month, what was the main activity you spend most of your time? Last month,
did you engage in any paid activity? In that activity, what was your role? Did your employment
contract include social benefits? Last month, on average, how many hours per week did you
dedicate to this job? (if graduated) what was your labor income in the past month?

Future orientation

Patience is assessed through a 10-point Likert scale asking, How willing are you to give up
something beneficial to you now in order to obtain greater benefits in the future?”.
Time-Discounting is measured through a series of two hypothetical binary choices between
immediate and delayed financial rewards (Falk et al. 2018). In our context, participants are
asked, “Suppose you were given the choice between receiving a payment today or a payment
in 12 months. We will now present to you two situations. The payment today is the same in
each of these situations. The payment in 12 months is different in every situation. For each of
these situations we would like to know which you would choose. Please assume there is no
inflation, i.e., future prices are the same as today’s prices. Please consider the following: (1)
Would you prefer 28,000 Pesos today or 43,100 Pesos in 12 months?”. If the answer is “today”,
we further ask (2) “Would you prefer 28,000 Pesos today or 56,400 Pesos in 12 months?”.
These questions are incentivized in the second follow-up. From these answers, we will
calculate the average discount rate, i.e., the delayed amount divided by the immediate
amount to the power one over the time day (12 months) minus 1. The measure will then be
standardized. At follow-up 2, the measure will be incentivized with the following phrasing:
“You are given the choice between receiving a payment today or a payment in 12 months. The
payment today is the same in each of these situations. The payment in 12 months is different
in every situation. The computer will randomly select one of the two choices of several
individuals participating in this survey and implement it. If you are chosen, you will actually be
contacted soon after the survey or in 12 months, the amount will be paid out as a food voucher
according to your choice. For each scenario, please indicate your choice: (1) Would you prefer
28,000 Pesos today or 43,100 Pesos in 12 months?”. If the answer is “today”, we further ask
(2) “Would you prefer 28,000 Pesos today or 56,400 Pesos in 12 months?”.

Brief Self-Control Scale: The BSCS is a short 13-item self-report format measure of the general
self-control construct (Tangney, Baumeister, and Boone 2004; Campo-Arias, Oviedo, and
Herazo 2014). The BSCS total score is obtained, after the appropriate items have been
reversed, by adding the answer given to each item on a 5-point ordinal format (from 1=Totally
false, to 5=Totally true). Higher scores indicate higher levels of self-control. It ranges between
13 and 65.

Educational and labor market expectations

Education outlook: What are your plans for the next academic period? On a scale from 0 to
100, how confident are you that you will continue studying in the next academic period? How
likely is it that you will complete the program in which you are enrolled? If you could study as
much as you wanted, what would be the highest level of education you would like to achieve?
Employment outlook: “Six months after graduation, how much do you think you could earn
per month”. On a scale of 0 to 100, how confidence are you that you will find a job within 6
months of graduation?

Administrative data. Since our randomized controlled trial (RCT) is integrated into a governmental
program, we will have access to administrative data for participants who have consented to data
linkage. In a pilot study currently underway, over 98% of participants who agreed to join the study
have consented to link their data with administrative records. The national ID number, collected
across all surveys, will be used as the primary identifier to merge survey responses with administrative



data. This access will also enable us to examine educational outcomes, including GPA among university
students, which universities automatically report to the government.

Data collection and Sample size

Data collection. The online surveys are collected through REDCap. The intervention will take place
in the Spring 2025. We aim to collect data for 11,250 eligible participants (baseline survey). We expect
attrition rates of 40% and 50%, at the 0-, and 3- month follow-ups, respectively, retaining
approximately 6,750 participants immediately after intervention ends, 5,250 at 3 months. To minimize
attrition, both treatment and control group participants will receive weekly reminders to complete
follow-up assessments. They will be given 6 weeks for each follow-up survey.

To motivate participation at the start of the trial, prior to sending individualized emails and mobile
and WhatsApp messages, we will use social media, text messages, calls, and mental health awareness
events to encourage participation. To further encourage participation, we will offer incentives through
raffles based on participants completing all follow-up surveys to encourage survey completion (up to
USD 50). For completing each follow-up, participants will also receive a fixed small payment of around
COP 5,000 or USD 1.2, corresponding roughly to a minimum wage for 30 minutes of work. Finally, we
will follow-up unresponsive participants via phone (we will send reminders for survey completion and
participation based on phone numbers collected in the screening survey via WhatsApp and/or follow-
up with phone calls).

Note that we will have virtually no attrition for educational outcomes among university students,
as we measure those based on linked administrative data for all trial participants.

Statistical power. We will invite all eligible Renta Joven participants (>360,000), ensuring a

sufficiently large sample size to detect even small effects with high statistical power and to do highly
powered equivalence testing comparing our effect sizes to previous literature. The required sample
size was calculated using the following assumptions: an equal share of participants in control and
treatment groups, 80% power, and a two-tailed t-test with an alpha level of 0.05 for each main
hypothesis.
For effect size estimates, where previous effect sizes were available, we rely on Lund et al. (2024)
looking at impacts of mental health interventions on adult outcomes (Lund et al. 2024). We use their
meta-analytically identified average effects of interventions for two outcomes: mental health (0.23
SD) and subjective poverty measures, as the latter is similar to our measure of labor market
expectations and is also based on survey data (0.16 SD).

When previous research firmly established a plausible range of effect sizes, researchers can
rely on these previously estimated effect sizes for power analysis. Given the absence of field evidence
in LMICs on future orientation (self-control and patience) as well as educational attainment, however,
it is not possible to assess power based on previous effect sizes. There are also no precise theoretical
predictions on the size of the effects (there are only predictions about the sign of the effects). To
compute power for future orientation and educational outcomes, we therefore first rely on the
standard, conservative definition of a small absolute effect size of 0.2 standard deviations based on
Cohen’s d (Altay et al. 2022). Note that this is more conservative than estimates from related literature
in high-income countries: meta-analytic estimate based on 6 trials including a total of 2,428
participants report positive effects of digital mental health interventions on academic performance
of, on average, 0.26 SD, which is not statistically significant (Bolinski et al. 2020).

To detect the effect sizes in Lund et al. (2024) for mental health and labor market expectations
and an effect size of 0.2 SD for educational outcomes and future orientation, the required sample size



ranges between 296 and 613 participants (combined treatment and control groups). These values are
all well below our expected sample sizes of 6,750 participants immediately post-intervention, and
11,250 participants when using administrative data (Lund et al. 2024).

When focusing on detecting the smallest effect size of interest (SESOI), which we derived from
the lower bound of the confidence interval in Lund et al. (2024) for mental health and labor market
expectations (0.13 SD and 0.05 SD, respectively), the required sample sizes increase to between 927
and 6,272 participants, which might exceed our expected sample size. Nevertheless, as the average
effects reported by Lund et al. (2024) and in the broader literature (Bolinski et al. 2020; Lund et al.
2024; Conley, Durlak, and Kirsch 2015; Kim et al. 2023) are at least twice as large as the SESOI, we are
very well-powered to detect effect sizes of around 0.1-0.15 SD which are generally regarded as small
and are smaller than the 0.2 SD effect sizes usually taken as the reference effect size for a small effect.
With effect sizes of 0.10 to 0.15, we estimate needing between 696 and 1,568 participants for null
hypothesis testing across all outcomes, including future orientation and educational attainment
where we do not have reliable comparison effect sizes based on previous evidence. We will use
administrative data for the educational outcomes, which demand the largest sample sizes, providing
us with the power to also detect very small impacts on educational outcomes.

Reassuringly, our expected sample size at follow-up points allows us to detect minimum effect sizes
of down to 0.05 SD, which is very small. Our strong statistical power allows for both null hypothesis
and equivalence testing, enabling us to compare our results with previous average effect sizes even
for small differences. In addition to testing our primary hypotheses, we will report whether our effects
significantly diverge from established findings in the literature.

Analysis

We will assess the impact of the intervention on mental health, education, future orientation and
employment outlook using a combination of survey and administrative data. The national ID number,
collected in all surveys, will be used as the key identifier for merging the different surveys and the
administrative data. Administrative data will also allow us to examine educational outcomes, such as
GPA, which is automatically reported by universities to the government.

The evaluation will focus on two primary outcomes: mental health symptoms and education, with
decision-making and labor market outlook as secondary outcomes. Importantly, these outcomes will
be measured at baseline and in follow-up surveys. For the analysis, we will use survey data from the
first and second follow-up to measure mental health, future orientation, and labor market
expectations. We will only analyze the data once the follow-up period for survey measuring the
respective outcome of has expired. For educational outcomes, we will rely on the earliest
administrative data available. Specifically, we will use the earliest available dataset to include the
Spring term 2025 grades. Details of the research questions, outcome measures and expected effects
are provided in Table 1.

We focus on the first measurement points of all outcomes with a similar distance to the
intervention as previous trials testing impacts on mental health. There are three main reasons: First,
we want to ensure minimal influence of attrition on survey outcomes. Second, we want to ensure
comparability of our mental health estimates with previous smaller scale trials and also allow for tests
against previous trial effects. Third, it seems reasonable to expect the mental health improvements to
affect grades and enrolment immediately when students have access to the digital mental health
technology. This is the primary effect we aim to capture. Finally, to allow for timely distribution of our
findings given that many governments in LMICs are currently considering rolling out initiatives to
improve mental health.



Primary Outcomes. Next to showing impacts on separate standardized scores for depression
(PHQ-9), anxiety (GAD-7), and PTSD (PC-PTSD-5), we will use as our main outcome of mental health
the PHQ-ADS index (Kroenke et al. 2016), a composite measure of depression and anxiety derived
from the summed scores of the PHQ-9 and GAD-7 scales. PHQ-ADS scores range from 0 to 48, with
higher scores reflecting greater severity of symptoms. To ensure comparability of effect sizes, we will
standardize this measure. The primary analysis of the intervention’s impact on mental health will be
based on PHQ-ADS scores collected during the first follow-up survey. We will also separately explore
effects on standardized scores for depression (PHQ-9), anxiety (GAD-7), and PTSD (PC-PTSD-5), as well
as changes in a binary variable indicating severe symptoms of depression, anxiety, and PTSD.

For education, we will evaluate two main outcomes: academic enrolment continuity and
academic success. We measure enrolment continuity by whether individuals have dropped out by the
second follow-up survey, conducted 6 months after intervention start. We define dropout as 1 if
participants interrupted their program or dropped out, otherwise we define it as 0. We assess
academic success of university students (ca. 70% of the sample) by their accumulated grade point
average (GPA) between the beginning of their studies and the end of the Spring term 2025, based on
administrative data.

Secondary Outcomes. As our secondary outcomes, we will focus on future orientation and
labor market expectations. Future orientation will be based on a combination of two key economic
and psychological constructs measuring present orientation: (1) time preferences—measured by self-
reported patience and a quantitative time discounting measure and (2) the Brief Self-Control Scale
(BSCS). Time preference measures will be the standardized average of the patience and time
discounting standardized measures following the validated scale(Falk et al. 2018). Future orientation
will be constructed by averaging the time preference measure and the BSCS measure and then
standardizing. We will use the measurements from the first follow-up.

Employment expectations which will be assessed through participants’ aspirations for future
earnings with an outlook of 6 months post-graduation measured in the first follow-up survey. We will
standardize and truncate income at the 95 percentile to avoid outliers affecting our estimates.

Additional Outcomes. We will provide additional analyses on outcomes that are believed to be on the
causal pathways between a mental health intervention and our main outcomes, namely mental health
and education. First, we will assess educational investment, a behavioral marker of long-term
orientation, by measuring how often people have missed, skipped, or arrived late to class based on
the first follow-up, and the number of hours spent studying. As secondary hypotheses, we test
whether participants in the treatment group will be less likely to experience severe symptoms of
anxiety and depression (an indicator of PHQ-ADS >=30 measured in the first follow-up survey) and
how one of the key targets of the intervention, behavioral activation (measured in follow-up 1 by the
short version of the Behavioral Activation for Depression scale), changes. The hypotheses are
motivated by literature suggesting that digital mental health interventions hold promise for improving
symptoms of depression and anxiety (Martinez et al. 2019; Palma-Gdmez et al. 2020; Agteren et al.
2021; Fu et al. 2021; Lehtimaki et al. 2021; Barker et al. 2022).

Analysis. We will compare outcomes between participants who were randomly allocated to
the group offered a digital mental health intervention (the treatment group) with the group of
participants who were not offered the digital intervention (the control group). We will use an
intention-to-treat analysis including all participants that are randomized with complete follow-up
data. The main analysis compares the outcome across groups using linear regression with robust
standard errors and p-values from two-sided tests. Our model specification is as follows:

Yiy = BiTreatment;, + fySeverity;y + f3phq9o + Pagad7;o + Psptsdig+ir + BeYio + Xjpx
+ region;y + wkbl,y + sena;g + €;4



Where Y;; indicates the outcome from the follow-up. Across all specifications, we control for
the baseline measure of severity levels (Severity;,) which are our strata fixed effects. We also
include baseline continuous measures of mental health (phgq9;y, gad7;,, and ptsd,,, all
standardized based on the baseline measurements). Moreover, we control for the baseline
measurement of the outcome, Y;(, if the outcome is grades, future orientation or labor market
expectations (everyone is enrolled in education at baseline, the continuous outcomes are
standardized based on the baseline measures). X;yincludes a vector of controls, namely: sex,
being as a victim of the armed conflict, age, expecting a child, and year of program start. In
addition, we include indicators for region (region;,), week of baseline completion (wkbl;;) and
a technical program (sena;q, as opposed to university programs). These account for unobserved
differences in regional healthcare policies or mental health issues, timing differences in mental
health assessments and type of studies. All indicators are included as dummy variables. Standard
errors will be heteroscedasticity robust at the individual level. For the analysis, we will use the reghdfe
package in Stata 18 to absorb the main fixed effects.

The treatment effect will be measured by 3; where we use two-sided hypothesis testing. In
addition, we will use equivalence testing to assess whether effects are smaller or larger than 0.1
standard deviation effects which we consider small. Apart from heteroskedasticity robust standard
errors, we will also report heteroskedasticity robust standard errors adjusted for multiple hypotheses
testing accounting for correlations in outcome variables and adjusting separately considering only our
primary or only our secondary outcomes (main specification).

Additional analyses. We will do several additional analyses offering complementary information
and sensitivity assessments for our primary outcomes.

In addition to the intent-to-treat estimates, we will estimate the treatment effect of taking-up the
intervention using instrumental variable analysis. We report instrumental variable estimates with
group assignment as the instrument, actual participation as the endogenous variable, and symptoms
of depression and anxiety or educational performance variables as the outcomes. The estimates show
the treatment effects among people who took up the intervention under the assumption that
outcomes were only affected by taking up the intervention.

In a different analysis, we will explore the link between changes in mental health and changes in
educational performance induced by assignment to the treatment group, using an instrumental
variable approach. Symptoms of depression and anxiety will be the endogenous variable and
educational performance the outcome. This estimate should be interpreted carefully, as it only has a
causal interpretation if the effect of treatment assignment on educational performance operates
exclusively through changes in mental health.

Sensitivity analyses. We will do several additional analyses informing readers about the sensitivity
of our estimates for primary outcomes. We focus on sensitivity analyses primarily addressing concerns
about selective attrition and missing data. To document the sensitivity of our results to different
assumptions about missing data and selective attrition for our primary outcomes and main analysis,
we will show results with and without sociodemographic variables, and results with individual-specific
intercepts. Moreover, we will use this comparison to estimate bounds on treatment effects comparing
changes in effect sizes with changes in explained variation (Oster 2019).

Second, we will use two observations per individual for primary outcomes available at baseline
and at follow-up, namely PHQ-ADS and GPA. We will analyze the data linearly regressing the outcome
on individual specific intercepts, an indicator capturing the survey, an indicator capturing treatment
assighment and an indicator capturing the interaction between follow-up data and treatment
assignment. The latter interaction gives the effect estimate for treatment assignment and the



specification allows for individual intercepts (in economics called differences-in-differences with
individual fixed effects).

Third, we will use the covariates as specified above with inverse-probability weighting to adjust
for selective attrition (Little et al. 2012; Mowbray, Manlongat, and Shukla 2022; Heymans and Twisk
2022). We will also report correlations of prespecified covariates with dropout at follow-up. Fourth,

we will use multiple imputations to account for missing data at follow-up (Lee and Simpson 2014).

Table 1. Synthesis of the research questions and outcomes measurement.

Question Hypothesis Outcome Interpretation
Primary
outcomes
To what | Compared to | We will use the PHQ-ADS index, | A negative
extent does | participants in the | summing the scores from the PHQ-9 and | and
access to | control group, | GAD-7 scales, at follow-up 1 | statistically
digital participants who will | (immediately after the intervention). significant
technology access the digital (p<0.05)
improve mental health coefficient for
mental health | intervention will show the PHQ-ADS
symptoms of | less symptoms of index will
low-income depression and show a
university anxiety. beneficial
and effect of the
vocational treatment on
training mental health
students? symptoms
compared to
individuals
who did not
have access to
digital mental
health
technology.
To what | Compared to | We will use cumulative GPA from the | A positive and
extent does | participants in the | administrative data available in the Fall | statistically
access to | control group, | 2025 (standardized). significant
digital mental | participants who will (p<0.05)
health access the digital coefficient for
technology mental health GPA will show
improve intervention will have a  beneficial
educational a higher average effect of the
performance | cumulative GPA. treatment
and retention compared to
in higher individuals
education? who did not
have access to
the digital
mental health
platform.




Compared to

participants in the
control group,
participants who will
access the digital
mental health

intervention will have

To assess retention at follow-up 2,
participants are asked, “Are you still
enrolled in the same academic or
vocational program as you were in the
last survey?”. For those no longer
enrolled, a follow-up multiple-choice
guestion inquires, “Why are you no

A negative
and
statistically
significant
(p<0.05)
coefficient for
the enrolment

higher retention rates | longer enrolled?” with response options | continuity
in their study program. | including: “l changed program”, “l | dummy  will
graduated from the program,” “I | show a
temporarily interrupted my program,” | beneficial
and “l dropped out.”. We define | effect of the
dropout as 1 if participants interrupted | treatment
their program or dropped out, | compared to
otherwise we define it as 0. individuals
who did not
have access to
the digital
mental health
platform.
Secondary
outcomes
What is the | Compared to | The future orientation measure will | A positive and
impact of a | participants in the | combine two outcomes measured at | statistically
digital mental | control group, | follow-up 1: patience (self-reported | significant
health participants who will | patience and a quantitative time | (p<0.05)
intervention | access the digital | discounting measure) and the Brief Self- | coefficient for
on future | mental health | Control Scale (BSCS). | future
orientation, intervention will show | - Patience is assessed through a 10-point | orientation
closely linked | more future | Likert scale asking, “How willing are you | will show a
to human | orientation. to give up something beneficial to you | beneficial
capital now in order to obtain greater benefits | effect of the
formation? in the future?”. The measure will be | treatment
standardized. compared to
- Time-Discounting is measured through | individuals
a series of two hypothetical binary | who did not
choices between immediate and | have access to
delayed financial rewards. In our | the digital
context, participants are asked, | mental health
“Suppose you were given the choice | platform.

between receiving a payment today or a
payment in 12 months. The payment
today is the same in each situation, but
the payment in 12 months varies. For
each scenario, please indicate your
choice, assuming no inflation: (1) Would
you prefer 28,000 Pesos today or 43,100
Pesos in 12 months?”; and (2) “Would
you prefer 28,000 Pesos today or 56,400
Pesos in 12 months?”
- The BSCS is a short 13-item self-report




format measure of the general self-
control construct. The BSCS total score
is obtained, after the appropriate items
have been reversed, by adding the
answer given to each item on a 5-point
ordinal format (from 1=Totally false, to
5=Totally true). Higher scores indicate
higher levels of self-control. It ranges
between 13 and 65 and will be
standardized.

Future orientation will be constructed
by averaging patience and the BSCS
measure and then standardizing.

Does a digital | Compared to | The question, measured at follow-up 1, | A positive and
mental health | participants in the | evaluates labor market expectations | statistically
intervention control group, | with, “Six months after graduation, how | significant
improve labor | participants who will | much do you think you could earn per | (p<0.05)
market access the digital | month?”. We will standardize and | coefficient for
expectations? | mental health | truncate the measure at the 95" | expected
intervention will show | percentile. earnings  will
more optimistic labor show a
market expectations. positive effect
of the
treatment
compared to
individuals
who did not
have access to
the digital
mental health
platform.
Additional
outcomes
To what | Compared to | We will use the PHQ-ADS index, | A negative
extent does | participants in the | summing the scores from the PHQ-9 and | and
access to | control group, | GAD-7 scales, measured at follow-up 1 | statistically
digital participants who will | (immediately after the intervention). | significant
technology access the digital | We define severe symptoms as 1 if | (p<0.05)
impact severe | mental health | individuals report a score of >=30 and 0 | coefficient for
symptoms of | intervention will be | otherwise. the severe
anxiety and | less likely to show symptoms
depression? severe symptoms of dummy  will
depression and show a
anxiety. beneficial

effect of the
treatment on
severe
depression
and  anxiety
symptoms
compared to




individuals
who did not
have access to
digital mental
health
technology.

To what | Compared to | The BADS is a short 9-item self-report | A positive and
extent does | participants in the | format measure of  behavioral | statistically
access to | control group, | activation, measured at follow-up 1 | significant
digital participants who will | (immediately after the intervention). | (p<0.05)
technology access the digital | The BADS total score is obtained, after | coefficient for
increase mental health | the appropriate items have been | the BADS
behavioral intervention will have | reversed, by adding the answer given to | scale will
activation? higher  scores  of | each item on a 7-point Likert scale from | show a
behavioral activation. | “Not at all” to “Extremely”. Higher | beneficial
scores indicate higher levels of | effect of the
activation level and lower levels of | treatment on
rumination. It ranges between 0 and 54 | behavioral
and will be standardized. activation
compared to
individuals
who did not
have access to
digital mental
health
technology.
What is the | Compared to | Educational investment will be | A positive and
impact of a | participants in the | composed of three items reported in | statistically
digital mental | control group, | response to the following question, | significant
health participants who will | measured at follow-up 1 (immediately | (p<0.05)
intervention | access the digital | after the intervention): “In the last | coefficient for
on mental health | academic period, how frequently did the | class
educational intervention will show | following things occur? 1) | missed | attendance
investment? | more regular class | classes for a full week, 2) | skipped some | will show a
attendance. classes, 3) | arrived late for classes. | beneficial
Respondents answer on a 4-point scale | effect of the
from never to always to each item (# | treatment
160). We average the responses across | compared to
the three items and standardize the | individuals
result. who did not
have access to
the digital

mental health
platform.
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