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Abstract

Many developing countries offer cash to low-income families to encourage children to
attend school. These initiatives have increased educational attainment, but they have
rarely improved student achievement. One potential reason may be that beneficiaries
may need additional support to develop the requisite “soft” skills to succeed in school.
We conducted a three-year randomized evaluation of a program that provides secondary
school students with scholarships and non-academic mentoring in the Province of Buenos
Aires, Argentina. The program improved students’ academic behaviors (e.g., starting
to study early before an exam or catching up on schoolwork missed due to absences).
Yet, we find little evidence that it improved their academic mindsets (e.g., self-beliefs
about performance and efficacy), perseverance (e.g., grit), or learning strategies (e.g.,
metacognition). The program also improved some metrics of school performance (e.g.,
language grades, student absenteeism, grade failure, and the number of failed subjects)
on its first year, but we cannot detect similar gains in subsequent years. This fadeout
may be due to the fact that a large share of treatment students were expelled from the
program for not meeting its requirements. We do not find any evidence that the program
improved students’ achievement in math and reading or their personality traits.
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1 Introduction

Many developing countries provide cash to low-income families to encourage children to attend
school. Some of these initiatives are called “scholarships” and others “cash transfers”, but they
operate under the same theory of change. Low-income parents may refrain from sending their
children to school, or pull them out of school early, if they perceive that the costs of schooling
are too high, its benefits are too low (or take too long to materialize), or they lack access to
credit (Banerjee et al.2013). Thus, these programs aim to (partly) cover the costs of and
raise the (immediate) returns to schooling, while relaxing credit constraints by offering their

beneficiaries cash to enroll and stay in school (Fiszbein et al.|2009).

Scholarship and cash transfers are among the most rigorously evaluated educational
interventions in developing countries. According to a recent review, there are 47 evaluations of
these programs in 20 countries (Ganimian and Murnane 2016|). They have typically increased

enrollment in school, but with few exceptions, they have not increased student achievement.

One potential reason why scholarships and cash transfers have not impacted student
achievement is that the parents of beneficiaries have had little experience with schooling,
which may limit their capacity to transfer productive academic mindsets, perseverance, and
behaviors, as well as learning strategies and social skills to their children (Borghans et al.|2008;
Farrington et al.[|2012} |Gabrieli et al.2015). If the lack of these “character”, “socio-emotional”,
or “soft” skills is a binding constraint for these children to succeed in school, mentoring that

seeks to develop these skills could be a useful complement to scholarships or cash transfers|[l]

This paper reports the results of a three-year randomized evaluation of a program that provides
secondary school students in the Province of Buenos Aires, Argentina with a scholarship and
non-academic mentoring. We assess the impact of the program on the outcomes that it seeks
to influence directly (e.g., academic behaviors) and indirectly (e.g., academic perseverance
and mindsets), as well as on other outcomes that may be plausibly impacted by this type of

program (e.g., school performance and student achievement).

We present four main sets of findings. First, the program positively impacted students’
(self-reported) academic behaviors (e.g., starting to study early before an exam or catching up
on schoolwork missed due to absences). These effects were large and consistent across years.
Second, we find little evidence that the program improved students’ academic mindsets (e.g.,
self-beliefs about performance and efficacy), perseverance (e.g., grit), or learning strategies

(e.g., metacognition), as measured by self-reports and performance assessments, but we cannot

IThere is a long-standing debate among economists, psychologists, and scholars in other fields over the
correct label for such skills (Duckworth and Yeager|2015). In this paper, we use the three aforementioned
terms interchangeably to refer to “patterns of thought, feelings, and behavior” (Borghans et al.|[2008] p. 974)
other than cognitive ability that lead to student success.



discard the possibility that it had small to moderate effects on these outcomes. Third, the
program improved students’ language grades and it reduced student absenteeism, grade failure,
and the number of subjects failed on its first year. Yet, we cannot detect these effects in
subsequent years, possibly due to the fact that a large share of treatment students were
expelled from the program for not meeting its requirements. Fourth, we find no evidence that
the program positively impacted students’ achievement or personality traits. These were not
target outcomes of the program, but we wanted to understand whether they would result from

the expected improvements in school performance and socio-emotional skills.

The rest of the paper is organized as follows. Section [2| reviews prior research. Section
describes the context, intervention, sampling strategy, and randomization. Section 4| presents
the data collected for this study. Section [5] discusses the empirical strategy. Section [6] reports

the results. Section [7] discusses the policy implications.

2 Prior research

There are three common obstacles that low-income parents face when deciding whether to send
their children to school (see Banerjee et al.[[2013)). First, the costs of doing so may be too high.
These include direct costs (e.g., fees) (Barrera-Osorio et al.[2007; Borkum!2012;|Liu et al.|2012;
Lucas and Mbiti [2012)), the costs of complements to schooling (e.g., transportation, uniforms,
or textbooks) (Evans et al.2009; Glewwe et al.|2009; |Muralidharan and Prakash|2013), and
the opportunity costs of not employing children at home or in the (informal) labor market
(Del Carpio and Macours 2010; Skoufias et al.[|2001)). Second, the benefits from schooling may
be too low or take too long to accrue. Specifically, the returns that parents expect for their
children may be too low, given their understanding of these returns in the population, their
private assessment of their children’s skills, and their judgment of available schooling options
(Dizon-Ross|2015; |[Jensen| 2010, [2012; Loyalka et al.[2013). Third, parents may lack access to

credit to cover schooling costs (Karlan and Linden| [2014)).

Scholarships and cash transfers were conceived to tackle these barriers to schooling (Fiszbein
et al.2009). They provide cash to low-income parents for enrolling and keeping their children
in school. They aim to cover the costs of schooling, provide a short-term reward for a behavior

that pays off over the long-term, and relax (or lift altogether) existing credit constraints.

Nearly every one of these programs that has been rigorously evaluated has increased schooling.
Yet, the scope and magnitude of their impact has depended on the design of such initiatives

and the characteristics of their beneficiaries (Ganimian and Murnane 2016)E]

2Some design features that make a difference are whether cash is made conditional (Baird et al. 2011;
Benhassine et al.|[2013), the outcomes upon which it is made conditional (Barrera-Osorio et al[[2011)), and



These initiatives, however, have been less successful in improving student achievement. Several
studies that measured the impact of such programs on student learning have found no effect
(Baez and Camacho|[2011}; [Filmer and Schady|2014). There are two exceptions. There is some
evidence that cash transfers may impact student learning in the long-run (Barham et al.|2014).
Merit-based scholarships (i.e., awarded based on students’ performance on an exam) have also

increased students’ test scores (Barrera-Osorio and Filmer|2016; Kremer et al.[2009)).

Admittedly, most scholarships and cash transfers were not designed to improve student
achievement. Yet, it seems reasonable to expect that if these programs increase beneficiaries’

participation in school, they should also learn more.E]

One potential reason why these programs have typically failed to impact student achievement
(especially, in secondary school) is that the parents of beneficiaries have had little experience
with schooling, which may limit their capacity to transfer academic mindsets (e.g., the
beliefs that effort can increase competence in school, that it is possible to succeed in
school, and that doing well in school matters), perseverance (e.g., grit, delayed gratification,
self-discipline, self-control), and behaviors (e.g., doing homework, organizing materials,
participating, studying), as well as learning strategies (e.g., study skills, metacognitive
strategies, self-regulated learning, and goal-setting) and social skills (e.g., interpersonal skills,
empathy, cooperation, assertion, and responsibility) to their children (Farrington et al.[2012).
If the lack of these mindsets, behaviors, and skills is a binding constraint for these children to

succeed in school, increasing their access to school is unlikely to improve their achievement.

Mentoring could potentially improve students’ socio-emotional skills, but to our knowledge,
there is only one randomized evaluation of non-academic mentoring in developing countries.
Huan et al.| (2014) evaluated the effect of a program that designated a music, art, or physical
education teacher to deliver 32 fully-scripted, 45-minute weekly counseling sessions to students
in grades 7 and 8 in Shaanxi, China in 2012. The intervention sought to help students deal
with “learning anxiety” and stressful relationships with teachers and peers. On average, it
reduced learning anxiety and dropout rates after six months, but effects faded after a year.
Only students at high risk of dropping out continued to benefit after that period. The authors
argued that this fadeout was due to decreasing student interest in the program. This study
leaves a number of questions unanswered, including whether mentoring would be more effective
if it catered to students’ individual needs and whether it could affect other outcomes. Further,

while this mentoring program seems appropriate for school systems that place considerable

treatment exposure (Behrman et al.[[2009, [2011; Dammert|2009; Perova and Vakis|2012). Some characteristics
of beneficiaries that matter are their age (Maluccio and Flores 2005} |Schultz 2004)) and socio-economic status
(Galiani and McEwan|[2013]).

SThis expectation seems less reasonable in lower-middle income countries where disadvantaged students
already lag far behind their peers by primary school and have little chance of understanding the material
taught in school (Muralidharan et al.|2016; Muralidharan and Zieleniak [2014; |Pritchett and Beatty|[2015).
Yet, it seems more reasonable in upper-middle income countries such as the one we study.

4



emphasis on school performance and high-stakes exams, it is less relevant for other systems.
Our study contributes to this literature by addressing these unanswered questions in a context

of greater relevance for upper-middle income countries.

3 Experiment

3.1 Context

Schooling in Argentina is compulsory and free from age 4 until the end of secondary school.
In 12 out the 24 provinces, including the Province of Buenos Aires, primary school runs from
grades 1 to 6 and secondary school from grades 7 to 12 |DINIECE (2013b)ﬁ According to the
latest official figures from 2013, the Argentine school system serves nearly 11 million students,
including 1.7 million in pre-school, 4.6 million in primary school, and 3.9 million in secondary
school (DiINIECE 2013a)). The school calendar starts in February and ends in December.

Education policy in Argentina is shaped by both the national and sub-national (province)
governments. According to the National Education Law of 2006, the provinces are responsible
for pre-school, primary, and secondary education, and the federal government for higher

education and for providing financial and technical assistance to the provinces.

Argentina is an interesting setting for exploring the potential complementarities of scholarships
and mentoring because it combines high access to secondary school with low graduation and
achievement. The country expanded access to secondary before most other Latin American
nations. By the early 1990s, 60% of secondary school age youths were enrolled on time in
Argentina, compared to 45% in the average country in the region (Busso et al. 2013)EI Yet, its
secondary graduation rate lags behind those of its middle-income neighbors. In 2011, it stood
at 41%, compared to 64% in Brazil, 84% in Chile, and 44% in Mexico (OECD]2014) | Most
secondary school students in Argentina do not reach national standards of achievement. The
latest national student assessment, Aprender 2016, found that 42% of sixth graders performed
at the two lowest levels in math and 33% in language (SEE-MEDN 2017).

4In the other 12 provinces, primary runs from grades 1 to 7 and secondary from grades 8 to 12.

5By the late 2000s, Argentina’s enrollment advantage persisted: 75% of secondary school age youths were
enrolled on time, compared to 59% in the average country in the region (Busso et al.[[2013).

SFurther, youths from low- and high-income families have very different chances of graduating from
secondary school. In 2011, 39% of secondary school age youths from the lowest income quintile graduated
from school, compared to 81% of their peers in the highest income quintile (Alfonso et al.|[2011)).



3.2 Treatment

The Scholarship and Mentoring Program (SMP) that we evaluate in this study provides a
scholarship and a non-academic mentoring session each month to secondary school students
throughout the academic year. It run by one of the largest education non-profits in Argentina/|
It is the longest-standing program of its kind in the country: it has been in place since 1997.
It is also the largest such program run by a non-profit in Argentina: in 2015, it reached 2,544

students across 16 of the 24 provinces of the country.

Typically, students are invited to apply to the program in their last year of secondary school
(grade 7). Representatives from the non-profit interview all applicants (with their parents)
and select which students will be invited to join | If students are admitted, they can remain in
the program from the first (grade 8) to the last grade (grade 12) of secondary school, provided
that they comply with three requirements: (a) they remain enrolled in a program-affiliated
school; (b) they do not repeat grades; and (c) they are not suspended from school.ﬂ For the
purposes of this evaluation, the non-profit agreed to forgo its regular selection process, invite
students to apply, and allow us to randomly select those who would be admitted. However,

it maintained its three requirements for students to remain in the program.

We considered, but decided against, adding two experimental arms to this study to evaluate
the impact of scholarships and non-academic mentoring by themselves for three main reasons.
First, as we discussed in Section [2 cash transfers and scholarships are by far the educational
intervention that has been evaluated most often in developing countries, and in nearly all
cases, they have increased educational attainment and have not improved student achievement.
Thus, we did not believe what we would learn anything from evaluating the scholarship by itself
that we did not already know from prior work. Second, although there are far fewer evaluations
of non-academic mentoring in developing countries, our main motivation for evaluating this
program was to shed light on the question of why cash transfers and scholarships have rarely
improved learning, so we decided to focus on testing their complementarity with mentoring.
Third, the non-profit that provided the program had never offered mentoring by itself, and
we anticipated that it might encounter several “growing pains” from doing it for the first time

(especially, ensuring that students take up the mentoring without any financial incentives).

"The non-profit has decided to remain anonymous.

8The non-profit admits students based on six criteria: (a) whether they are enrolled in a school that is
affiliated with the program; (b) the extent to which they have maintained a “good academic standing”; (c)
whether they are from a “low-income family”; (d) the extent to which they show “interest in and commitment
to schooling”; (e) whether they have a parent or legal guardian (with valid identification); and (f) whether they
or they siblings already receive another scholarship. The non-profit does not have a standard set of metrics
to measure criteria (b), (¢), or (d). Admissions are made on a case-by-case basis by an internal committee.

9The first criterion is due to logistical constraints; mentors cannot follow all students who switch schools.
The second and third criteria are meant to encourage students to do well in school.



Therefore, we wanted to avoid confounding the (potentially positive) effects of the mentoring

component with the (potentially negative) effects of the learning curve for the non-profit.

3.2.1 Scholarship

Each student who participates in the SMP is supposed to receive a monthly scholarship during
the school year (i.e., 10 scholarships in total, from March to December of each school year).
Each scholarship is about USD 40, which is on par with the amount offered in cash transfer
programs for secondary school in developing countries (Fiszbein et al.[2009). The scholarship
is deposited on a month-by-month basis in a bank account in the name of each student’s

parent or legal guardian. The funds may be withdrawn at any time and used for any purpose.

3.2.2 Mentoring

Each student who participates in the SMP is also supposed to receive a monthly non-academic
mentoring session during the school year (i.e., 10 sessions in total, from March to December of
each school year). Each session lasts 30-45 minutes and is typically held at the school, before or
after the school day.lT_U] Sessions may be one-on-one (i.e., between one mentor and one student)
or group-based (i.e., between one mentor and multiple students from the same school). Each
mentor decides the breakdown of individual and group meetings for each student. Mentors

may also invite parents or legal guardians to join these meetings.

It is important to note that mentors in this program differ considerably from their counterparts
in similar initiatives. First, they are paid employees of the non-profit, they are not volunteers.
Second, they have all completed tertiary or university education, they are not high school
or college students. Most mentors have a bachelor’s degree in psychology, developmental
psychology, social work, or education, or they have graduated from a teacher training program.
Third, mentors receive both pre-service and in-service training and support. They undergo
an induction process when they join the organization and they participate in two training
sessions each year (one that is conducted in-person and another one that is delivered online).
They are also assigned to a coach who has experience as a mentor and supervises their work.

Finally, they have access to an online platform through which they share resources and ideas.

Accordingly, mentors are granted considerable discretion in how to run mentoring sessions.
The content of the sessions is not standardized and/or pre-determined by the non-profit; it
is decided upon by each mentor based on the needs of each individual student. However, all
mentoring sessions share a common structure: (a) they begin with an “icebreaker”; in which

the mentor seeks to earn the trust of the student, and the student shares his/her schoolwork,

10Students are only pulled out of the classroom when it is not possible to meet them before or after school.



as well as a number of reports from teachers and school staff required by the program;E] (b)
they proceed with a “diagnosis”, in which the student discusses his/her experience at school
and shares his/her strengths and weaknesses; and (c) they end with an “action plan”; in which

the student and mentor agree on goals for the next session (e.g., studying for a math exam).

Finally, mentors also have full discretion to suspend or expel students from the programff_zl
They typically make this decision on the first and last mentoring session of each year, when
they review the progress made by their mentees. The grounds for expelling students from the
program are determined by the non-profit, but the grounds for suspending students are not
clearly-defined, and as we discuss in Section [4.2.1] mentors vary widely in the extent to which

they resort to expulsions and suspensions.

3.2.3 Theory of change

Table [1| presents the theory of change of the SMP. The program seeks to address two sets of
factors that may prevent youth from disadvantaged backgrounds from staying and succeeding
in secondary schools: (a) the multiple costs of schooling, their potential misperceptions about
the benefits from graduating from secondary school, and their lack of access to credit; and
(b) the potential lack of experience that their parents may have had with secondary school,
which limits their capacity to support their children. The scholarship seeks to address the

first problem and mentoring sessions the second problem.
[Insert Table [1] here. |

As the table indicates, the non-profit expects parents to use the scholarship to offset the costs
of their children’s schooling and students to participate in the mentoring sessions regularly.
As a result, the program is meant to make students more likely to attend school regularly, stay
in school for longer, and adopt academic behaviors that will help them do better in school.
The regular exercise of these behaviors is in turn expected to lead students to increasingly
adopt academic mindsets (e.g., update their beliefs about their own performance and efficacy),
persevere in the face of challenges, and improve their learning strategies. The expectations
of the non-profit seem to be well-aligned with existing theory and evidence on the role of

socio-emotional skills (see, for example, [Farrington et al.[2012).

The non-profit does not expect the program to necessarily impact other outcomes. However,

if the program had an impact on students’ academic behaviors, as well as on their mindsets,

"Students are expected to show: (a) their folders, which contain their work on all the subjects that they
take at school (monthly); (b) their attendance and discipline certificates, which are completed by a staff
member of the school (monthly); (c) a report from the same staff member (biannually); (d) their school report
cards; and (e) a report from one of their teachers (biannually).

12When students are suspended from the program, they do not receive the scholarships or mentoring.



perseverance, and learning strategies, we thought that it was important to understand whether
it ultimately impacted students’ performance in school, how much they learned at school, and
potentially even more stable personality traits. These potential effects of the program are
also in line with evolving theory and evidence on the complementarity between academic and

socio-emotional skills (see, for example, |[Borghans et al.[2008).

3.2.4 Costs

We collected the costs of the program using the approach outlined in Dhaliwal et al.| (2013).
It costs USD 733 per student per year (Table in Appendix[A]). More than half of the costs
are due to the scholarships (i.e., the cash transfers and the costs associated with distributing
it). The other half is spent on the mentoring sessions (27%), administration of the program

(7%), supervision and monitoring (6%), staff training (4%), and identifying/selecting students
(3%).

3.3 Sample

We conducted this study in the Province of Buenos Aires (PBA), which is an ideal setting
to pilot programs that could be scaled to the rest of Argentina. First, it by far is the largest
sub-national school system in the country. In 2012, it had 4,442 secondary schools and nearly
1.5 million students from grades 8 to 12 (DiINIECE 2013a)). Second, PBA students perform
on par with the average student in the country. In the latest national student assessment,
42% of grade 6 students in PBA performed at the two lowest achievement levels in math and
33% of them performed in the lowest two levels in language (SEE-MEDN|2017)).

We invited 10 public secondary schools in the PBA to participate in the study based on
three criteria set out by the non-profit: (a) they had to serve students from low-income
families (because this is the target demographic of the program); (b) they had to have
previously participated in the SMP (because it was preferable that they were familiar with the
requirements of the program); and (c) they could not be participating in the SMP at the time
of recruitment (because the non-profit wanted to avoid having students chosen by the regular
admission process and by lottery in the same school). A representative from the non-profit

met with the principal of each of these schools to invite them to participate the evaluation.

All schools accepted to participate. Each school was located in a different district (localidad)
within the PBA, including: Campana, Ensenada, Gregorio de Laferrere, Guernica, José C.

Paz, Merlo, Quilmes, Santos Lugares, Virrey del Pino, and Zarate.

We invited a random subset of grade 7 students at each school to participate in the study.

We randomly selected two grade 7 sections per school, the non-profit sent the parents of these



students invitations to attend a recruiting session, and representatives from the non-profit
held multiple sessions at each school to accommodate parents’ scheduling needs. Then,
a representative from the non-profit met with all interested parents and their children to
explain the requirements of the program and the evaluation and collect their baseline data.
This process resulted in 408 interested students who were entered into a lottery roster. The
number of available spots at each school was determined by the amount of funds that the

non-profit had raised to cover the costs of the program at that school[”]

3.4 Lottery

We randomly assigned students in the lottery roster to a treatment group, which was offered
the program, or to a control group, which was not offered the program. This lottery resulted
in 204 students in each group. As it is typically the case with the program, the offer of the
program allowed students to potentially remain in the program until they graduated from

high school, provided that they complied with the program’s requirements (see Section .

4 Data

We designed our data collection strategy to track the impact of the program on each step of our
hypothesized theory of change (see Section [3.2.3), including the outcomes that the non-profit
expected to impact directly and indirectly, as well as the outcomes that we believed could
be plausibly affected by the program. Table [2| provides an overview of all rounds of data

collection, including the date, share of participants, and location of each round.

[Insert Table [2] here.]

4.1 Baseline

We administered a student and a household survey prior to randomization. The survey of
students included questions on their demographic and educational background. The survey of
households asked one parent or legal guardian (typically, the mother) about the educational
background of the student’s relatives, the amount and distribution of funds spent on his/her

education, and his/her housing conditions and household assets.

Table [3] presents selected summary statistics for both surveys. As the table shows, the

non-profit succeeded in recruiting the type of students for which it designed the program.

13Many donors of the program are individuals or corporations who have some type of relationship to the
school or the community it serves, so donations are typically school-specific.

10



Almost a third of students in our sample had repeated at least one grade and 5% of them
had dropped out of school prior to the start of the evaluation. The assets that these students
had at their homes, as well as their living conditions, indicate that these students were from
low-income families. Only 21% of students in our sample had a car, 72% had a refrigerator,
and 55% had a computer. Just 30% of them had natural gas, 83% had running water, and

only 60% of their parents were homeowners.
[Insert Table [3| here.|

As the table shows, control and treatment students were comparable at baseline. We only
found five statistically significant differences between experimental groups in six variables:
whether students had previously dropped out of school; whether they had a car, natural gas,
a fridge, or a cell phone at home; and whether their parents were homeowners. To check
whether differences on these individual variables (which are what we would expect simply by
chance) are indicative of broader contrasts between groups, we run joint tests using seemingly
unrelated regressions (SURs). As the last two rows of the table show, we cannot reject the

null hypothesis of no difference across groups in these variables (x* = .055, p = .815).

4.2 Follow-ups

As stated above, we tracked students for three years to collect data on our outcomes of interest.
At each data collection round, we tried to locate and survey all students in our lottery roster,
regardless of whether they remain enrolled in their original school, lived in their original home,
or remained enrolled in the program (in the case of treatment students). This section offers an
overview of the instruments that we used, but Appendices [B|through [D]include further details

and show the distribution of responses by experimental group and data collection round.

4.2.1 Program participation

The program was implemented mostly as intended. In 2014, the average treatment student
received eight scholarships and was offered nine mentoring sessions (seven individual and two
group sessions), of which they attended eight. On average, parents were invited to six sessions,
of which they attended five. Nearly all students had the same mentor throughout the year.
These figures were similar for students still in the program in 2015 and 2016 (Table .

Importantly, however, the exposure of the average treatment student to the program decreased
over the course of the evaluation due to three main reasons. First, two students decided not

to join the program in 2014. Second, a large share of students was suspended at least once
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from the program for not complying with its requirements: 26% of the total in 2014, 34% of
students still in the program in 2015, and 31% of students still in the program in 2016. The
average treatment student received 1.4 suspensions in 2014, 2 in 2015, and 2 in 2016.@ Third,
a large proportion of students were expelled from the program, either during the school year
(6 students in 2014, 10 in 2015, and 3 in 2016) or at the end of the year (5 students in 2014, 26
in 2015, and 34 in 2016) for not complying with the requirements discussed in Section
By the end of 2016, only 120 of the original 204 treatment students remained in the program.

4.2.2 Academic behaviors

We collected data on students’ academic behaviors in 2015 and 2016. The instrument was
developed by the research team and it enquired about students’ self-reported preventive and
corrective behaviors at school. It included questions about general proactive behaviors (e.g.,
asking teachers to explain confusing concepts); preventive behaviors related to homework,
tests, and absenteeism (e.g., reviewing the textbook before a test); and corrective behaviors
related to homework, tests, failing a subject, failing a grade, absenteeism, and free periods
(e.g., asking a peer for missed schoolwork). Appendix [B|describes each domain of the survey

and displays the distribution of raw scores for each set of questions in 2015 and 2016.

4.2.3 Academic mindsets, perseverance, and learning strategies

We also collected data on students’ academic mindsets, perseverance, and learning strategies
in 2014, 2015, and 2016. All rounds included the same six instruments, which we selected
based on three main criteria. First, we identified instruments that captured students’ academic
mindsets, perseverance, and learning strategies, as defined by Farrington et al.| (2012). Then,
we shortlisted those instruments that allowed us to contrast self-reports and performance
assessments, in light of ongoing debates about the perils of relying solely on the former (see
Alan et al.2016; Borghans et al.|2008; Duckworth and Yeager 2015} |West et al.|2015)). Lastly,

we chose instruments that had already been administered and validated in Argentina.

To measure students’ academic mindsets, we used: (a) a survey of self-beliefs about academics,
including beliefs about performance and efficacy; and (b) the questions of the Learning
and Study Strategies Inventory (LASSI) that measure students’ motivation. To capture

students’ academic perseverance, we used: (a) the short Grit survey (Grit-S), which focuses

14Suspensions varied widely across mentors. On any given year, the average number of suspensions per
mentor ranged between 4.8 and 7.1 and the standard deviations from 4.4 to 5.3. By the third year of the
evaluation, some mentors had not used any suspensions while others had used as many as 32.

15Expulsions also varied across mentors. On any given year, the average number of expulsions per mentor
ranged from 1.1 to 4 and the standard deviations from 1.1 to 3.16. By the last year of the study, some mentors
had not expelled any students while others had expelled up to 13 students.
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on perseverance and passion for long-term goals; (b) the Domain-Specific Impulsivity Scale for
Children (DSIS-C), a survey of self-control; (¢) Caras (Smileys), an assessment of self-control;
and (d) Labs, an assessment of students’ planning skills. Finally, to measure students’ learning
strategies, we used the questions of the LASSI on students’ organization and planning skills.

Appendix [C] briefly describes each instrument.

4.2.4 School performance

We collected data on students’ performance at school from 2014 to 2016, including: (a) the
number of absences; (b) their math and language grades; (c) whether they passed their grade;
(d) the number of subjects that they failed{"| (e) whether they transferred schools; and (f)
whether they dropped out of school.

4.2.5 Student achievement

We administered standardized tests of math and reading in 2015 and 2016]7"] They were
designed by the Centro de Medicion de la Universidad Catdlica de Chile (MIDE-UC) to assess
what students ought to know and be able to do according to Argentina’s standards, including:
(a) the Nicleos de Aprendizaje Prioritario (NAPs), the contents that the government has
prioritized from the national curriculum; and (b) publicly-released items from national student
assessment. We scaled the results using Item Response Theory (IRT) to place students on a
common scale across both rounds of data collection. Appendix [D] discusses test design and

scoring and shows the distribution of scores for both experimental groups in 2015 and 2016.

4.2.6 Personality traits

Lastly, we administered the Big 5 Inventory to measure students’ personality traits in 2016.
This widely-used survey focuses on five facets: extraversion, agreeableness, conscientiousness,
neuroticism, and openness (John et al.|2008; |John and Srivastava/|1999). The version that we
administered asked students to use a scale ranging from 1 (“totally disagree”) to 5 (“totally
agree”) to express whether they self-identified with 44 statements (e.g., “I see myself as someone
who is talkative”). Figure shows the raw score distributions on each facet.

16In Argentina, when students fail a subject, they need to take an exam to pass it in December. If they fail
this exam, they need to take another exam in March. They can fail up to two subjects in March. If they fail
more, they can take these exams once again right before the school year begins. If they still fail more than
two of these subjects by then, they are supposed to repeat the grade.

1"We administered the same assessment on both occasions, as they included items for grades 9 and 10, the
corresponding grades for students in the second and third year of our evaluation cohort.
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4.3 Attrition

We find that control students are more likely to fail to participate from follow-up rounds of data
collection than their treatment peers. We estimate differential attrition across experimental
groups in two ways. First, we compare attrition in each round with respect to the baseline@
We find that control students are more likely to attrit from all rounds than their control peers,
but that the difference between groups is only statistically significant in follow-up round 1.
Control students were 4.4 percentage points more likely to attrit. Then, we compare attrition
in each round with respect to the previous round.ﬂ We find that control students are less likely
to attrit from nearly all rounds, but that the difference between groups is only statistically
significant in follow-up rounds 1, 4, and 5@ Control students were 4.2 and 2.4 percentage
points more likely to attrit in rounds 4 and 5, respectively (Table .

Yet, we also find that this differential attrition does not change considerably the student
composition at each follow-up round of data collection. We check balance across experimental
groups on selected variables from the baseline student survey at each round.@ We find that
control students are more likely to be female, to be older, to attend school in the morning,
and to have repeated a grade prior to the study, but none of these differences are statistically
significant. The only statistically significant difference is that control students are between 0.2
and 4.2 percentage points more likely than their control peers to have dropped out of school
prior to the study, depending on the data collection round (Table .

In light of these results, we do not see many reasons to believe that differential attrition
has compromised the equality of expectation assumption between experimental groups.
Nevertheless, to address this possibility, we estimate both inverse-probability weighted

treatment effects and Lee| (2009) bounds for each set of outcomes in our study.

18Specifically, we run a regression of a dummy for attritors in each round (which equals 1 if a student
did not participate in that round and 0 otherwise) on the treatment dummy and randomization fixed effects,
adjusting the standard errors to account for within-school correlations across students in outcomes.

19We run the same regression as above, but we set the attrition dummy to equal 1 if a student participated
in the previous round but not in the following one and 0 otherwise.

20Note that the attrition dummies for follow-up round 1 are identical in both cases because they are both
defined with respect to baseline.

2IWe run a regression of each variable on the treatment dummy and the randomization fixed effects
separately for each round, adjusting the standard errors to account for within-school correlations across
students in outcomes.

14



5 Empirical strategy

5.1 Intent-to-treat (ITT) effect

We first estimate the effect of the offer of the program (i.e., the intent-to-treat or ITT effect)
by fitting the following model:

Yie = o + M + BT + 79X, + €5t (1)

where Y}, is the outcome of interest for student i at time ¢, a; are school (i.e., randomization
block) fixed effects, \; are year fixed effects, T; is a dummy indicating whether the student
was offered a spot in the SMP, X; is an index of family income at baselinem and €;;; is
the idiosyncratic error term. We adjust the standard errors to account for within-school
correlations across students in outcomes. The coefficient of interest is [, which indicates the
magnitude of the effect of the offer of a spot in the SMP across all rounds of data collection
for a given outcome. We also estimate a version of equation that accounts for the location

of data collection (i.e., whether it was conducted at home or at school).@

We also estimate the I'TT effect separately by year by fitting:
Y;:C(j—i‘ﬁﬂ—i"YXi—FGij (2)

where everything is defined as above. However, we do not present these as our main estimates
to minimize the possibility of focusing on false positives due to multiple hypothesis testing.

We include these results for each set of outcomes in Appendix [A]and discuss them in the text.

We also address the possibility of false positives in our pooled I'TT estimates in two ways. First,
following Barrera-Osorio and Filmer| (2016]), we run joint tests using Seemingly Unrelated
Regressions (SURs) to check whether effects on individual outcomes are indicative of broader
impacts in the construct being measured (e.g., academic behaviors). Second, following |Kling
et al. (2005), we also aggregate all outcomes measuring the same construct into a family index,

which is standardized with respect to the control group.

22This index is the first principal component from a principal component analysis of household assets
(dummies for whether students had a car, natural gas, running water, a bathroom, a solid floor, a fridge, a
computer, Internet, and a cell phone at home, and whose parents were homeowners) collected at baseline.

23This specification does not affect any of our impact estimates, so we exclude them from this paper.
However, all results are available from the authors upon request.

15



5.2 Heterogeneous ITT effect

We also explore whether the offer of the program differentially impacts girls, students who
had previously repeated a grade, students from low-income familiesE] or students who would

have been admitted to the program through its regular selection process®| by fitting:
Yie = a; + M\ + BT + 0G; + 51; + €5 (3)

where G; indicates whether student ¢ belongs to the subgroup of interest, I; is the interaction
between T; and (;, and everything else is defined as above. The coefficient of interest is
k, which indicates the magnitude of the differential effect of the program on the sub-group.

Tables with statistically insignificant effects are omitted but available from the authors.

5.3 Treatment-on-the-treated (TOT) effect

We also estimate the effect of receiving the program (i.e., the treatment-on-the-treated or
TOT effect) by fitting the two-stage least squares (2SLS) instrumental variables (IV) model:

Ay = ¢ + ¢ + T + nije
Yy = 1 + wi + vA; + ey

(4)

where ¢; and v; are school (i.e., randomization block) fixed effects, (; and w; are year fixed
effects, A;; is the number of months in which a student has received both a scholarship and
a mentoring session (which is zero for all control students), 1;;; and ¢;;; are the idiosyncratic
error terms, and everything else is defined as above. The coefficient v indicates the relationship

between each month of the combined intervention and the outcome.

We also estimate the dose-response relationship between the number of scholarships or the
number of mentoring sessions received and the outcomes of interest. Yet, that is not the TOT
effect of each component of the program. On any given month of the school year, a student
may receive a scholarship, a mentoring session, or both| Therefore, an estimation of the

dose-response relationship between the number of scholarships and an outcome of interest

24We define students from low-income families as those in the lowest quartile of the first principal component
of a principal component analysis of household assets (dummies for students who had a fridge, a computer,
Internet connection, natural gas, and running water at home) collected at baseline.

25Even if, as specified in Section the non-profit agreed to forgo its regular selection process, it still
conducted non-binding admissions interviews and recorded which students would have been admitted if the
usual process were followed. This allows to investigate whether the program differentially impacts the type of
student who is typically admitted to the program.

26For example, a student may be suspend from the scholarships for a month (e.g., for not complying with
the requirements of the program), but he/she might still meet with his/her mentor. Similarly, a student may
receive a scholarship on a given month, but miss the mentoring session.
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instrumented by the random assignment does not meet the exclusion restriction because the
instrument also affects the outcome through the number of scholarships (Angrist et al.|1996).
We could control for the number of mentoring sessions, but the correlation between the number
of scholarships and mentoring sessions among treatment students is very high (between .83 and
.96, depending on the year), so this estimation would rely on variation among a few students.
The same argument can be made about the estimation of the dose-response relationship

between the number of scholarships and the outcome of interest.

6 Results

6.1 Academic behaviors

We find evidence that the SMP improved students’ academic behaviors. As Table [4] shows,
treatment students reported engaging in preventive and corrective behaviors more often that
their control peers in 2015 and 2016. The effects were positive, moderate to large (between
.15 and .310), and remained statistically significant after the inclusion of baseline covariates.
All but one of these effects emerged both in 2015 and 2016 and were consistent across years
in their sign, magnitude, and statistical significance (Table .

[Insert Table 4] here.|

There are two patterns in the distribution of students responses worth highlighting. First,
the differences between experimental groups on some indexes (e.g., corrective test behavior,
corrective failing behavior, and corrective absenteeism behavior) are partly driven by a large
share of control students who did not engage in any of the behaviors about which we enquired.
This suggests that many students from low-income families are unaware of academic behaviors
that may help them succeed in school, and that mentoring exposes students to these behaviors.
Second, while treatment students may have felt under pressure to report engaging in behaviors
that they were taught during the mentoring sessions even if they did not actually do so,
this possibility is hard to reconcile with the fact that the overall distribution of students’
self-reported behaviors shifted to the left between 2015 and 2016 (i.e., both control and
treatment students reported engaging in fewer behaviors) (Figures and [B.2)).

Our results are similar if we account for attrition at each round of data collection. The ITT
estimates remain virtually unchanged when we weigh each student’s response by the inverse
probability of his/her participation in this round of data collection (Table |A.7). The Lee
(2009) bounds are wide, but the treatment effects are consistent in sign, magnitude, and
statistical significance with our main estimates (Table [A.8).
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We find heterogeneous effects by students’ gender and socio-economic status. The program
had a smaller effect on corrective test, failing, flunking, and absenteeism behavior for girls (by
.2 to .30) (Table . It also had a smaller effect on corrective homework, test, and failing
behavior among students from low-income families (by .31 to .440) (Table[A.10). We do not
find heterogeneous effects for students who had previously repeated a grade or students who

would have been admitted to the program through its regular admissions process.

Exposure to the program is associated with engagement in academic behaviors. Specifically,
each month that a student received a scholarship and a mentoring session, he/she improved on
average between .02 and .040 on all but two of the indexes of academic behavior (Table [A.11]).

The indexes impacted and the magnitude of these effects are consistent with the I'TT effects.

6.2 Academic mindsets, perseverance, and learning strategies

We find little evidence that the SMP improved academic mindsets, perseverance, and learning
strategies. As Table [5| shows, we only find a marginally statistically significant positive effect
on the questions of the LASSI measuring motivation (of .120). Yet, this difference is driven
by a one-time effect in 2015, which does not emerge in 2014 or 2016 (Table . We do not
find any statistically significant effects in any of the other surveys or performance assessments

that we administered in 2014-2016, but we cannot discard small to moderate effects.
[Insert Table 5| here.|

There is little indication that the program affected the distribution of academic mindsets,
perseverance, and learning strategies. In nearly all metrics, treatment students performed on
par with their control peers at all parts of the score distribution (Figures and [C.3]).

Accounting for attrition does not change this pattern of results. The inverse-probability
weighted ITT estimates are very close to our unweighted estimates (Table [A.13]). The bounds
on the ITT estimates confirm that we cannot discard small to moderate effects (Table |A.14)).

We find heterogeneous effects by socio-economic status. The program had a larger effect on
grit, self-control, self-beliefs, and learning strategies among students from low-income families
(by .45 to .80) (Table [A.15). We do not, however, find evidence of heteroneity by gender,

prior repetition status, or eligibility under the regular admissions process.

The TOT effects aligned with the I'TT effects in sign, magnitude, and statistical significance.
Exposure to the program is associated with small and statistically insignificant effects, except

for the questions of the LASSI measuring motivation. In that case, each month of exposure
to the program is associated with a .020 effect (Table [A.16]).
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6.3 School performance

We find almost no evidence that the SMP impacted students’ performance in school when we
estimate the ITT effects across all three years of the study. As Table [6] shows, we detect a
marginally statistically significant reduction in the number of student absences from school
(by 2.6 absences, over a control group mean of 33), but this reduction is no longer statistically

significant once we include covariates in our estimation.
[Insert Table [f] here.|

Yet, these pooled effects mask important differences in the impact of the program across years.
In 2014, the program improved students’ grades in language (by .18 to .20) and reduced their
absences to school (by 7.1 absences), the number of subjects that they failed (by .46 to .49,
over a control group mean of 1.5), and their propensity to fail a grade (by 5 to 6 percentage
points, over a control group mean of 15%). In 2015, the sign of most effects stayed the same,
but their magnitude decreased and they were no longer statistically significant. In 2016, the
sign of some effects changed. In fact, that year, we find that the program had a positive and
marginally statistically significant effect in students’ propensity to fail a grade (Table .

We do not find heterogeneous effects for any sub-groups.

We observe the same pattern of results once we account for attritionm The inverse-probability
weighted ITT estimates are nearly identical to the unweighted estimates (Table . The
bounds on the ITT effects are wide, but they rule out moderate to large effects in most
outcomes in 2015 and 2016 (Table . It is hard to argue that attrition from the study
sample explains why the impacts from 2014 fade out by 2015 and 2016.

It seems more likely that this fadeout is due to the large share of students who were suspended
and /or expelled from the program during the course of the impact evaluation (see Table .
It is possible that the program was improving students’ performance in school, but that after
nearly a third of treatment students were expelled, the average treatment student was no

longer outperforming his/her control peer.

This explanation is consistent with the TOT effects. We find that each month receiving a
scholarship and a mentoring session is associated with a statistically significant reduction in
the number of failed subjects and absences, even when we pool our estimation across years
(Table . This pattern of results lends further support to the possibility that the effects

found in 2014 may have been sustained if most students had remained in the program.

2"We have school performance data for all students in 2014, so Tables and exclude that year.
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6.4 Student achievement

We find no evidence that the SMP impacted student achievement, as measured by standardized
tests of math and reading. As Table [7] shows, the program had a negative but statistically
insignificant effect in both subjects (by .01 to .08c, depending on the subject). In fact, we
find that the program had a negative and marginally statistically significant effect in math in
2016 (by .16 to .17c), which is robust to the inclusion of covariates (Table [A.21]).

[Insert Table [7| here.|

The distribution of student achievement differs by subject and year. In 2015, there was a
slightly larger share of treatment students (as compared to control students) performing above
average in math, but not in reading. In 2016, we observe the opposite pattern (Figure .
These results are consistent with our discussion about the potential consequences of the large

share of students who were expelled from the program during the study.

Accounting for attrition does not change the general pattern of results. The inverse-probability
weighted ITT effects are similar to the unweighted estimates, but the negative effect in math
is not statistically significant (Table . The bounds allow us to discard small to moderate
positive effects in math and moderate to large positive effects in reading (Table .

We find evidence of heterogeneous effects by students’ socio-economic status. The program had
a larger (albeit marginally statistically significant) effect in both subjects among low-income
students (by .37 to .420, depending on the subject) (Table [A.24]). We do not, however, find

heterogeneous effects for other sub-groups.

The TOT effects are consistent with the ITT estimates in sign, magnitude, and statistical
significance. Each month of program exposure is associated with a negative, but near-zero
and statistically insignificant reduction in math and reading achievement (Table [A.25]).

6.5 Personality traits

Finally, we do not find that the SMP improved students’ personality traits. In fact, as Table
shows, we find that the program had a negative and marginally statistically significant impact
on conscientiousness (of .22 to .25¢) in 2016, the only year in which we measured these traits.

This was partly due to a larger share of control students scoring high in this facet (Figure [A.1]).

[Insert Table [§] here.]
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Our results remain virtually unchanged once we account for attrition. The inverse-probability
weighted ITT estimates are nearly identical to the unweighted estimates, and the negative
effect on conscientiousness remains statistically significant (Table . In fact, the bounds
on the ITT estimates rule out moderate to large positive effects on this facet (Table .

We did not find heterogenous effects for any sub-groups. The TOT effects were consistent
with the ITT effects in sign, magnitude, and statistical significance (Table [A.28)).

7 Discussion

This paper presents the results of a three-year randomized evaluation of a program that
provided a monthly scholarship and a monthly mentoring session to secondary school students
in the Province of Buenos Aires, Argentina. Our main motivation to evaluate this program
was to understand whether cash transfers and scholarships have typically failed to improve
student achievement (even if they have consistently increased educational attainment) because
the students who typically benefit from these programs need additional support to develop
the socio-emotional skills that they need to succeed in school. Yet, the lessons from our
study are of considerable interest to Argentina, since the program that we evaluated is the

longest-standing of its kind and it is run by the largest education non-profit in the country.

We find that the program positively impacted students’ academic behaviors (e.g., starting to
study early before an exam or catching up on schoolwork missed due to absences). These effects
were large and consistent across years. Yet, they did not translate into broader improvements
on academic mindsets (e.g., self-beliefs about performance and efficacy), perseverance (e.g.,
grit), or learning strategies (e.g., metacognition), as measured by self-reports and performance

assessments, or personality traits (although we cannot discard small to moderate effects).

There are at least three possible explanations for these seemingly contradictory results. One
possibility is that the intervention made treatment students differentially susceptible to “social
desirability bias” (i.e., they might have felt under pressure to report engaging in the behaviors
that they were taught during the mentoring sessions even if they were not actually doing so)
(see Bertrand and Mullainathan |2001; |Mummolo and Peterson| 2018} Zizzo 2010). This is
plausible but hard to reconcile with the fact that both control and treatment students were

less likely to report engaging in these behaviors in the third and final year of the study.

Another possibility is that academic mindsets, perseverance, and learning strategies are not
malleable, or at least take a long time to change. This explanation seems better suited to
explain the lack of effects on personality traits, which have been argued to be less malleable

(Borghans et al.|2008). Yet, a number of recent field experiments in developing countries have
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found that relatively brief and simple interventions have positively impacted mindsets and

perseverance (see, for example, Alan et al.[2016; Outes et al.|[2017).

A third possibility is that academic behaviors may not be related to mindsets, perseverance,
and learning strategies as we had expected (i.e., students who adopt academic behaviors do not
necessarily develop a more positive perception of themselves, persevere in the face of obstacles,
or become more adept at studying). We cannot rigorously test this claim, but it is consistent
with recent reviews of existing research (see, for example, Farrington et al.2012), as well as
with recent studies in developed countries, which find that students’ (self-reported) mindsets

and perseverance worsen even if their school performance improves (West et al./2015).

We also find that the program improves students’ performance in school in the first year
of the evaluation, but that these effects fade out by the third year. There is no evidence
suggesting that this fadeout is due to attrition from our study sample. It seems more likely
that this fadeout is (at least in part) due to the large share of students who were suspended
and/or expelled from the program. Each month of exposure to the program was associated
with improvements in school performance, but by the end of our study, nearly a third of the
treatment group had been expelled. Therefore, it is possible that we would have continued to

observe effects on school performance if more students had remained in the program.

Lastly, we find that the program did not improve student achievement (as measured by
standardized tests), even when it was positively impacting students’ performance in school.
This may seem surprising, but it is actually consistent with two sets of results that have been
documented in other evaluations in developing countries. First, an intervention may yield
improvements in one student assessment and not in another, even if both assessments focus
on the same subject, due to differences in the assessments and in the incentives that students
(and teachers) face to exert effort to do well in them (see, for example, Glewwe et al.|2010)).
Second, students who do well in school may not perform well in standardized tests designed for
impact evaluations purposes and vice versa. School-based grades and /or assessments focus on
whether students meet grade-based curricular expectations, whereas independent assessments
try to minimize “foor” and “ceiling” effects, and thus capture a much wider range of content

and cognitive domains at different difficulty levels (see [Muralidharan et al.|2016).

Our results offer several lessons for research, policy, and practice. First, they suggest that
the complementarities between scholarships and mentoring are not as important as we had
expected or the type of mentoring that we considered was not enough to bring them to bear.
Given what we know about the positive effects of cash transfers and scholarships by themselves,
it is hard to argue that our study provides much reason to believe that combining scholarships
with mentoring is a promising (let alone cost-effective) way of improving learning outcomes.

It is, however, possible that the specific type of mentoring that we evaluated might have been
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too infrequent and/or discretionary to meaningfully improve students’ socio-emotional skills.
Future studies in developing countries should focus on evaluating mentoring programs that
provide more intensive support and/or are purposefully structured to impact specific skills.
This type of program has produced promising results in developed countries (see, for example,

Guryan et al[2017; Heller et al.|2017; Kraft [2015).

Our results also draw attention to design features of mentoring programs in general (and of
this program in particular) that may moderate the extent to which they improve learning.
For example, our results seem to suggest that the program that we studied would benefit from
reconsidering the type of student that it typically admits. We do not find that the program
worked any better for those students who met the regular admissions criteria, which appears to
favor students who are already doing relatively well in school. In fact, the program had a larger
effect on low-income students, who are more likely to struggle in school. Similarly, our results
indicate that imposing onerous conditions for students to receive support does not necessarily
improve student effort and/or performance. Quite the opposite, the requirements for students
to remain in the program that we evaluated ultimately resulted in nearly a third of them
being expelled and hence losing access to potentially valuable support. Finally, although
it is reasonable to grant autonomy to mentors with relatively high levels of education and
experience (as compared to volunteer mentors), the ample variability in mentors’ propensity
to suspend and expel students suggests that it might be useful to establish some common

guidelines for these sanctions to ensure that they are adjudicated fairly and consistently.
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Table 2: Data collection timeline

Participation rates

Event Date Location  Total C T

2014

e School year starts Feb

e Round 0: Student survey May 14-26 School 100% 100%  100%

e Household survey School 81% 83% 78%

Phone 19% 17%  22%

e Lottery is conducted Jun

e Round 1: Surveys of academic mindsets, Nov 10-Dec 4  School 83% 75% 85%

perseverance, and learning strategies Dec 18-Jan 16  Home 17% 19% 14%

2015

e SMP data for 2014 Jan - 100% - 100%

e School year starts Feb

e Round 2: School performance data for 2014 May School 100% 100%  100%

e Round 3: Math and reading tests Jun 22-Jul 6 School 1%  68%  73%
Jul 13-Aug 12 Home 29% 22% 18%

e Round 4: Surveys of academic mindsets, Oct 14-Nov 6  School 66%  60%  72%

perseverance, and learning strategies Nov 3-Dec 1 Home 24% 28% 20%

e Survey of academic behaviors

2016

e SMP data for 2015 Jan - 94% - 94%

e School year starts Feb

e Round 5: School performance data for 2015 May School 86%  84%  88%

e Round 6: Math and reading tests May 9-21 School 64% 60% 69%
May 30-Jun 21 Home 28%  32%  25%

e Round 7: Surveys of academic mindsets, Sep 19-30 School 61% 60% 62%

perseverance, and learning strategies Oct 7-29 Home 23% 21% 24%

e Survey of academic behaviors

e Survey of personality traits

2017

e SMP data for 2016 Jan - 76% - 76%

e School year starts Feb

e Round 8: School performance data for 2016 May School 76% 73% 76%

Notes: (1) We collected SMP data directly from the non-profit, which is why we have not specified the location
of data collection. (2) SMP data are only available for treatment students (because control students did not

participate in the program).
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Table 3: Balancing checks (baseline)

Variable All Control Treatment Difference N
(1) (2) 3) (4) (5)

Panel A. Student survey

Argentine 977 .98 975 -.005 397
(.149) (.141) (.157) (.02)

Female .02 .044 495 -.049 408

(.5) (.499) (.501) (.051)

Age 12.435 12.502 12.368 -.131 407
(1.062) (1.153) (.961) (.11)

Attends morning shift 578 .583 .b74 -.008 408
(.494) (.494) (.496) (.045)

Previously repeated grade(s) .309 .322 297 -.024 404
(.463) (.468) (.458) (.044)

Previously dropped out of school .05 .073 .027 -.047* 360
(.218) (.262) (.163) (.022)

Panel B. Household survey

Has car .208 162 .255 095%%* 408
(.407) (.369) (.437) (.025)

Has natural gas .294 .265 .324 .06* 408
(.456) (.442) (.469) (.032)

Has running water 811 .789 .833 .053 408
(.392) (.409) (.374) (.05)

Has in-house bathroom .824 .809 .838 .03 408
(.382) (.394) (.369) (.045)

Has solid floor .985 .98 .99 .01 408
(.121) (.139) (.099) (.006)

Has fridge 713 .667 .76 091%F% 408
(.453) (.473) (.428) (.027)

Has computer .539 .539 .539 .002 408
(.499) (.5) (.5) (.027)

Has Internet .382 377 387 .012 408
(.487) (.486) (.488) (.033)

Has cell phone .904 877 .931 .054%* 408
(.294)  (.329) (.253) (.029)

Parent is homeowner .598 .564 .632 .07* 408
(.491) (.497) (.483) (.033)

Y2 .055

p-value .815

Notes: (1) The table shows the mean and standard deviations of all students in the
sample (column 1), control group (column 2), and treatment group (column 3). It
also tests for differences across these two groups (column 4) and shows the number of
non-missing observations (column 5). (2) * significant at 10%; ** significant at 5%; ***
significant at 1%. (3) Standard errors in column 4 are clustered at the school level.
(4) The bottom row of each panel displays the result from a joint test using Seemingly
Unrelated Regressions (SURs).
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Table 4: ITT effects on academic behaviors (2015-2016)

Control Effect size
(1) (2) (3)
Proactive school behavior (std.) 0 158 133
(1) (.091) (.087)
180 707 707
Preventive homework behavior (std.) 0 .222%%  206**
(1) (088)  (.076)
180 707 707
Corrective homework behavior (std.) 0 .223%%  213%*
1) (078)  (.078)
180 707 707
Preventive test behavior (std.) 0 193k 1867,
(1) (.04) (.039)
180 707 707
Corrective test behavior (std.) 0 204%H% 188k
(1) (.054)  (.056)
180 707 707
Corrective failing behavior (std.) 0 L209%F% Q7 Qk
(1) (.051) (.052)
180 707 707
Corrective flunking behavior (std.) 0 A54%% 0 143%*
(1) (057)  (.056)
180 707 707
Preventive absenteeism behavior (std.) 0 1T R Y
(1) (063)  (.066)
180 707 707
Corrective absenteeism behavior (std.) 0 279%HK QTFrk
(1) (063)  (.064)
180 707 707
Corrective free period behavior (std.) 0 .021 .041
1) (093)  (.099)
180 707 707
Family index (std.) 0 30T 29%HE
(1) (064)  (.063)
180 707 707
X2 3.055 2.378
p-value .08 123
School FE? Y Y Y
Year FE? Y Y Y
Controls? N Y

Notes: (1) The table shows the mean and standard deviations of control
group students in 2015 (column 1) and the average ITT effect without
(column 2) and with covariates (column 3), pooled across 2015-2016. (2)
* significant at 10%; ** significant at 5%; *** significant at 1%. (3)
Standard errors in columns 2-3 are clustered at the school level. (4) The
family index is a standardized average of all the individual outcomes in
this table. (5) The table also shows the x? and associated p-value from a
joint test using seemingly unrelated regressions. This test only includes
the individual outcomes, not the family index.
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Table 5: ITT effects on academic mindsets, perseverance, and learning strategies (2014-2016)

Control Effect size

(1) (2) 3)

Grit (std.) 0 052 .062
(1) (.053) (.056)
193 1102 1102

DSISC (std.) 0 .093 1
(1) (.073) (.073)
193 1102 1102

Self-beliefs (std.) 0 073 .073
(1) (.089) (.084)
193 1102 1102

LASSI - Organization and Planning (std.) 0 .028 .041
(1) (.083) (.087)
193 1102 1102
LASSI - Motivation (std.) 0 Jd24% 0 122%
(1) (.065) (.065)
193 1102 1102

CARAS - Reflexivity Index (std.) 0 .002 .025
(1) (.074) (.075)
193 1094 1094
LABS (std.) 0 -.054  -.066
(1) (.044) (.043)
193 1102 1102

Family index (std.) 0 .083 .093
(1) (.082) (.083)
193 1102 1102

X2 967 1.227
p-value 325 .268
School FE? Y Y Y
Year FE? Y Y Y
Controls? N Y

Notes: (1) The table shows the mean and standard deviations of control
group students in 2014 (column 1) and the average ITT effect without
(column 2) and with covariates (column 3), pooled across 2014-2016. (2)
* significant at 10%; ** significant at 5%; *** significant at 1%. (3)
Standard errors in columns 2-3 are clustered at the school level. (4) The
family index is a standardized average of all the individual outcomes in
this table. (5) The table also shows the x? and associated p-value from a
joint test using seemingly unrelated regressions. This test only includes
the individual outcomes, not the family index.
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Table 6: ITT effects on school performance (2014-2016)

Control Effect size
(1) (2) (3)
Language grade (std.) 0 .028 .003
(1) (.086) (.086)
203 1012 1012
Math grade (std.) 0 .009 -.007
(1) (.054) (.056)
203 1011 1011
No. of pending subjects 1.516 -.332 -.301
(2.511)  (.182)  (.188)
190 980 980
No. of absences 33.4 -2.643*%  -1.964
(28.056) (1.427) (1.561)
173 944 944
Failed grade .148 -.015 -.009
(.356) (.018) (.02)
203 1057 1057
Transferred schools .025 -.019 -.017
(.155) (.013) (.012)
203 1057 1057
Dropped out of school .054 -.025 -.024
(.227) (.014) (.014)
203 1057 1057
Family index (std.) 0 .047 .025
(1) (.065) (.068)
204 1064 1064
X2 .103 .001
p-value .748 976
School FE? Y Y Y
Year FE? Y Y Y
Controls? N Y

Notes: (1) The table shows the mean and standard
deviations of control group students in 2014 (column 1)
and the average ITT effect without (column 2) and with
covariates (column 3), pooled across 2014-2015. (2) *
significant at 10%; ** significant at 5%; *** significant
at 1%. (3) Standard errors in columns 2-3 are clustered
at the school level. (4) The family index is a standardized
average of all the individual outcomes in this table. (5)
The table also shows the x? and associated p-value from
a joint test using seemingly unrelated regressions. This
test only includes the individual outcomes, not the family
index.
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Table 7: ITT effects on student achievement (2015-2016)

Control Effect size

(1) (2) (3)
Math achievement (std.) 0 -.055  -.078
1) (.093) (.091)

164 683 683
Reading achievement (std.) 0 -.008  -.036
(1) (.066) (.066)

173 706 706
Family index (std.) 0 -.018  -.049
1) (07)  (.069)

174 714 714

X2 .357 .749
p-value .55 .387
School FE? Y Y Y
Year FE? Y Y Y
Controls? N Y

Notes: (1) The table shows the mean and standard
deviations of control group students in 2014 (column 1)
and the average ITT effect without (column 2) and with
covariates (column 3), pooled across 2014-2015. (2) *
significant at 10%; ** significant at 5%; *** significant
at 1%. (3) Standard errors in columns 2-3 are clustered at
the school level. (4) Test scores in math and reading are
scaled using Item Response Theory and standardized with
respect to the control group at baseline. (5) The bottom
rows display the result from a joint test using Seemingly
Unrelated Regressions (SURs).
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Table 8: ITT effects on personality traits (2016)

Index Control Effect size
(1) (2) (3)

Extraversion (std.) 0 -.055  -.042
(1) (.09)  (.096)
165 341 341

Agreeableness (std.) 0 .182 155

1) (116) (.118)
165 341 341
Conscientiousness (std.) 0 -.245%  -.221%*
(1) (111)  (.114)
165 341 341
Neuroticism (std.) 0 -.104  -.099
(1) (.087) (.087)
165 341 341
Openness (std.) 0 .186 159
(1) (.106)  (.106)
165 341 341

Family index (std.) 0 -.017  -.022
(1) (.097)  (.104)
165 341 341
X2 392 196
p-value 531 .658
School FE? Y Y
Controls? N Y

Notes: (1) The table shows the mean and standard
deviations of control group students (column 1) and
the average ITT effect without (column 2) and with
covariates (column 3). (2) * significant at 10%; **
significant at 5%; *** significant at 1%. (3) Standard
errors in columns 2 and 3 are clustered at the school
level. (4) The bottom rows display the result from
a joint test using Seemingly Unrelated Regressions
(SURs).
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Appendix A Additional graphs and tables

Figure A.1: Distributions of survey of students’ raw scores on Big Five Inventory (2016)
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Note: This figure shows the distribution of raw scores of each facet in the Big Five Inventory, separately for
the control and treatment groups, in 2015.
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Table A.1: Program costs per year (2014)

Cost per year Cost per student Share

Budget line ARS USD ARS USD of total
Cash transfers $ 4,498,893  $ 464,035 $ 3,711.95 $ 382.86 .52
Mentoring sessions $ 2,352,918  $ 242,690 $ 1,941.35 $ 200.23 27
Administration $ 616,546 $ 63,593 $ 508.70 $ 52.46 .07
Supervision and monitoring $ 557,076 $ 57,459 $ 459.63 $ 47.40 .06
Training $ 350,455 $ 36,147 $ 289.15 $ 29.82 .04
Identifying/selecting students  $ 233,491 $ 24,083 $ 192.64 $ 19.87 .03
Total $ 8,609,380  $ 888,008 $ 7,103.44 $ 732.67 1

Notes: (1) The table shows the costs per year in Argentine pesos (ARS, column 1) and US dollars (USD,
column 2), the cost per student in ARS (column 3) and USD (column 4), and the share of the total budget that
each line represents (column 5). (2) The costs were estimated using information collected on the 1,212 students
participating in the program in the PBA and its surrounding provinces in 2014. (3) The costs in USD were
calculated using the historical exchange rate for December 2014, when the cost data were collected.
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Table A.3: Program participation (2014-2016)

2014 2015 2016
Variable Treatment N  Treatment N  Treatment N
(1) (2) (3) (4) (5) (6)
Scholarships received 8.52 204 7.817 191 6.516 155
(1.686) (3.347) (3.454)
Intended mentoring sessions 9.093 204 8.77 191 7.387 155
(1.025) (2.902) (2.964)
Actual mentoring sessions 7.819 204 7.487 191 6.348 155
(1.782) (3.291) (3.38)
Individual mentoring sessions 7.245 204 8.152 191 6.613 155
(1.912) (2.723) (2.688)
Group mentoring sessions 1.848 204 .618 191 174 155
(1.503) (.707) (.865)
Sessions that had to be rescheduled 24 204 .565 191 AT7 155
(.558) (1.069) (.907)
Sessions to which parent was invited 5.858 204 7.157 191 5.123 155
(2.295) (2.56) (2.642)
Sessions to which parent attended 5.49 204 4.738 191 2.877 155
(2.412) (2.758) (2.142)
Sessions that used required materials 6.26 204 5.665 191 2.8 155
(2.342) (3.136) (3.105)
Mentors per student 1.191 204 1.099 191 1.077 155
(.394) (.3) (.268)
Student never joined .01 204 0 191 0 155
(:099) (0) (0)
Student was suspended .265 204 .335 191 31 155
(.442) (.473) (.464)
No. of suspensions (if ever suspended) 1.444 54 2 64 1.958 48
(.861) (1.309) (1.414)
Student was expelled during the year .029 204 .052 191 .019 155
(.169) (.223) (.138)
Student was expelled at the end of the year .025 204 .136 191 219 155
(.155) (.344) (.415)

Notes: (1) The table shows the mean and standard deviations of students in the treatment group (columns
1, 3, 5) and the number of non-missing observations (columns 2, 4, 6).
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Table A.4: Attrition rates, by follow-up round of data collection

Attrition from baseline Attrition from previous round
All Control Treatment Difference All Control Treatment Difference
(1) (2) (3) (4) (5) (6) (7) (8)
Round 1 .032 .054 .01 -.044%* .032 .054 .01 -.044%*
(.176)  (.226) (.099) (.019) (.176)  (.226) (.099) (.019)
Round 2 0 0 0 - 0 0 0 -
(0) (0) (0) (0) (0) (0)
Round 3 .096 .098 .093 -.003 .096 .098 .093 -.003
(.294)  (.298) (.291) (.037) (.294)  (.298) (.291) (.037)
Round 4  .103 118 .088 -.03 .047 .049 .044 -.005
(.304)  (.323) (.284) (03)  (211) (.216) (.206) (.017)
Round 5  .137 157 118 -.037 .091 113 .069 -.042%*
(.345)  (.365) (.323) (.021) (.288)  (.317) (.253) (.021)
Round 6  .074 .083 .064 -.019 .032 .044 .02 -.024*
(.261)  (.277) (.245) (.028) (.176)  (.206) (.139) (.011)
Round 7 .164 191 137 -.053 1 123 .078 -.044
(.371)  (.394) (.345) (.034) (.301)  (.329) (.27) (.032)
Round 8  .255 275 .235 -.037 157 157 157 .002
(.436)  (.447) (.425) (.053) (.364)  (.365) (.365) (.037)
N 408 204 204 408 204 204

Notes: (1) The table shows the attrition rates for all students, and by experimental group, for each
follow-up round of data collection (see Table . Columns 1-4 show attrition rates with respect to
baseline and columns 5-8 show attrition rates with respect to the previous data collection round. (2)
* significant at 10%; ** significant at 5%; *** significant at 1%. (3) Standard errors in column 4 are
clustered at the school level.
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Table A.6: ITT effects on academic behaviors, by year (2015-2016)

2015 2016
Control Effect size Control Effect size
(1) (2) (3) (4) (5) (6)
Proactive school behavior (std.) 0 115 1 -.217 .208* 173
(1) (161)  (154)  (816) (1) (.099)
180 366 366 165 341 341
Preventive homework behavior (std.) 0 .235* .234* -.468 216%* .183*
(1) (.125)  (.115) (.867) (.087) (.084)
180 366 366 165 341 341
Corrective homework behavior (std.) 0 205%% .209%* -.347 .253%% .228%*
(1)  (081)  (08)  (81)  (102)  (.105)
180 366 366 165 341 341
Preventive test behavior (std.) 0 209%F  214%%* - 413 186%F*F  .165%*
1) (07) (065  (.768)  (.048)  (.054)
180 366 366 165 341 341
Corrective test behavior (std.) 0 216%F  .205%* -.37 198%* - 176%*
(1) (081)  (.083)  (.749)  (.068)  (.068)
180 366 366 165 341 341
Corrective failing behavior (std.) 0 263%% .246%* -.292  .348%*x  324%kk
(1) (.084) (082)  (.695)  (.046)  (.042)
180 366 366 165 341 341
Corrective flunking behavior (std.) 0 12 119 -.286 2XHH I8*FH
(1) (.087)  (.083) (.729) (.047) (.048)
180 366 366 165 341 341
Preventive absenteeism behavior (std.) 0 176%* .183* -418  .339%*x [ 3qrHx
1) (096)  (.095)  (.862)  (.061)  (.073)
180 366 366 165 341 341
Corrective absenteeism behavior (std.) 0 255%%  25T7** -.342  313¥xx 299%kk
(1) (.089)  (.086) (.74) (.062) (.064)
180 366 366 165 341 341
Corrective free period behavior (std.) 0 .039 .051 -.277 .005 .034
(1) (11)  (116)  (.889)  (.121)  (.123)
180 366 366 165 341 341
School FE? Y Y Y Y
Controls? N Y N Y

Notes: (1) The table shows the mean and standard deviations of control group students (columns 1
and 4) and the average ITT effect without (columns 2 and 5) and with covariates (columns 3 and 6).
(2) * significant at 10%; ** significant at 5%; *** significant at 1%. (3) Standard errors in columns 2-3
and 5-6 are clustered at the school level.

45



Table A.7: ITT effects on academic behaviors with inverse probability weighting, by year
(2015-2016)

2015 2016
Effect size Effect size

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

Proactive school behavior (std.) 131 117 211% 17
(165)  (.159)  (.101)  (.101)

366 366 341 341
Preventive homework behavior (std.) .251%* .251% 222%%  184%*
(126)  (.115)  (.084)  (.081)

366 366 341 341

Corrective homework behavior (std.) 209%%  214%F  249%* .22%
(084)  (.083)  (.107)  (.113)

366 366 341 341
Preventive test behavior (std.) 217FF 223% kK 188%**  164%*
(.068) (.064) (.05) (.057)

366 366 341 341
Corrective test behavior (std.) 224%% 0 214%F  203%F  17TH*
(078)  (.081)  (.072)  (.073)

366 366 341 341
Corrective failing behavior (std.) 269%**  251*% [ 3p4rEE 326
(082)  (.08)  (.05)  (.047)

366 366 341 341
Corrective flunking behavior (std.) 132 13 208%*% 185k

(084)  (.081)  (.049)  (.05)

366 366 341 341
Preventive absenteeism behavior (std.) — .187* .194* BHFHE AT
(1) (099)  (.058)  (.071)

366 366 341 341

Corrective absenteeism behavior (std.) — .266%*  .267*%  .322%%*  305¥**
(089)  (.087)  (.058)  (.058)

366 366 341 341
Corrective free period behavior (std.) .039 .051 .02 .051
(105)  (111)  (12)  (122)
366 366 341 341
School FE? Y Y Y Y
Controls? N Y N Y

Notes: (1) The table shows the mean and standard deviations of control group
students (columns 1 and 4) and the average ITT effect without (columns 2 and 5)
and with covariates (columns 3 and 6). (2) * significant at 10%; ** significant at
5%; *** significant at 1%. (3) Standard errors in columns 2-3 and 5-6 are clustered
at the school level.
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Table A.9: ITT effects on academic behaviors by gender (2015-2016)

Constant Treatment Female Interaction N

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

Proactive school behavior (std.) -.26%* .165 .025 -.009 707
(1) (121)  (.091) (.073)

Preventive homework behavior (std.) -. 382Kk 216 .03 016 707
(.106) (124)  (.105) (.138)

Corrective homework behavior (std.) -.106 .249%% -.045 -.059 707
(.093) (101)  (103)  (.092)

Preventive test behavior (std.) -.32%x .232%* .042 -.07 707
(.081) (.078) (.103) (.123)

Corrective test behavior (std.) -.156%* L3157k .062 -.209%%* 707
(.082) (058)  (113)  (.063)

Corrective failing behavior (std.) -.043 409*** .07 -.204** 707
(.101) (.08) (.154) (.081)

Corrective flunking behavior (std.) -.033 .205%** .057 -.269%* 707
(.099) (.075) (.132) (.088)

Preventive absenteeism behavior (std.) —-.455%** 408*** .268%* -.266 707
(.089) (108)  (.085) (.19

Corrective absenteeism behavior (std.) — -.369*** i 207FF  -304%F 707
(.07) (057)  (.091) (.087)

Corrective free period behavior (std.) -.125 .109 -.099 -.191 707
(.107) (092)  (.173) (.202)

Notes: (1) The table examines whether the program differentially impacted students by gender.
Column 4 shows the interaction between the treatment and female dummies for each variable
at baseline. (2) * significant at 10%; ** significant at 5%; *** significant at 1%. (3) Standard
errors in columns 2-3 are clustered at the school level. (4) All estimations include school and
fixed effects, but no controls.
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Table A.10: ITT effects on academic behaviors by income (2015-2016)

Constant Treatment Low SES Interaction N

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

Proactive school behavior (std.) -.219%#% .195% -.096 -2 707
(.056) (.09) (.123) (.135)

Preventive homework behavior (std.) -.306%** 201 -.222 .024 707
(.059) (.116) (.123) (.202)

Corrective homework behavior (std.) -.122 .20%* -.029 -.31% 707
(.083) (.104) (.126) (.154)

Preventive test behavior (std.) - 207K .236%F* .027 -.186 707
(.064) (.072) (.111) (.192)

Corrective test behavior (std.) -.097* 27HHH -.032 -.305* 707
(.046) (.055) (.094) (.161)

Corrective failing behavior (std.) .009 .398%*** .014 - 44%* 707
(.062) (.054) (.105) (.157)

Corrective flunking behavior (std.) .029 .198** -.044 -.214 707
(.069) (.08) (.111) (.17)

Preventive absenteeism behavior (std.) — -.31%** .282%% 123 -1 707
(.038) (.09) (.105) (.216)

Corrective absenteeism behavior (std.) — -.237%%* 327 .043 -.205 707
(.043) (.093) (.104) (.203)

Corrective free period behavior (std.) -.236%* .055 .232% -.077 707
(.074) (.127) (.11) (.204)

Notes: (1) The table examines whether the program differentially impacted students by income.
Column 4 shows the interaction between the treatment and female dummies for each variable at
baseline. (2) * significant at 10%; ** significant at 5%; *** significant at 1%. (3) Standard errors
in columns 2-3 are clustered at the school level. (4) All estimations include school and fixed effects,
but no controls.
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Table A.11: TOT effect on academic behaviors (2015-2016)

Panel A. First stage

Months/year with

Months/year with

Months/year with

scholarship mentoring both
(1) (2) (3) (4) (5) (6)
Treatment 6.786%**  6.759***  GETTFHFR  6.542%**  6.321FFF  6.286%**
(386)  (381)  (.348)  (.345)  (.363)  (.357)
707 707 707 707 707 707
Panel B. Second stage
Scholarships Mentoring Combined
(1) (2) 3) (4) (5) (6)
Proactive school behavior (std.) .023* .02%* .024* .02* .025%* .021
(012)  (012)  (.013)  (.012)  (.013)  (.013)
707 707 707 707 707 707
Preventive homework behavior (std.) .033%** .03%** 034%H% - 031*** 035%Fk  033%**
(.012) (.01) (012)  (011)  (.013)  (.011)
707 707 707 707 707 707
Corrective homework behavior (std.) 033FFK 032%HK 034K 033Kk 035%*F0347%H*
(.01) (.01) (.01) (.01) (.011) (.011)
707 707 707 707 707 707
Preventive test behavior (std.) 28k 028Kk 020% K 028%FKK Q31 F** O3
(006)  (.005)  (.006)  (.005)  (.006)  (.006)
707 707 707 707 707 707
Corrective test behavior (std.) 03*** 028%F% 031k 029K 32%** 03***
(.008)  (.008)  (.008)  (.008)  (.008)  (.008)
707 707 707 707 707 707
Corrective failing behavior (std.) O44%%%F 0 041%xx 04500k 043%*x 04Tk 044%**
(007)  (.007)  (.007)  (.007)  (.008)  (.007)
707 707 707 707 707 707
Corrective flunking behavior (std.) 023%FF 021k 023K 22%xx  024%FKK (023%**
(.008)  (.008)  (.008)  (.008)  (.009)  (.008)
707 707 707 707 707 707
Preventive absenteeism behavior (std.) — .037***  038***  (38***  (39%*** 04x** 04x**
(008)  (.009)  (.009)  (.009)  (.009) (.01)
707 707 707 707 707 707
Corrective absenteeism behavior (std.) — .041%** 04Hx* 042%F% 0 042%xx 0440k 043%H*
(.008)  (.008)  (.008)  (.008)  (.008)  (.008)
707 707 707 707 707 707
Corrective free period behavior (std.) .003 .006 .003 .006 .003 .006
(013)  (014)  (.013)  (.014)  (.014)  (.015)
707 707 707 707 707 707
School FE? Y Y Y Y Y Y
Year FE? Y Y Y Y Y Y
Controls? N Y N Y N Y

Notes: (1) Panel A shows the results from the first stage regression of the number of months per year with a
scholarship (columns 1-2), a mentoring session (column 3-4), or both (column 5-6), with and without covariates,
pooled across 2015-2016. (2) Panel B shows the dose-response relationship of scholarships (columns 1-2) and

mentoring (columns 3-4) and the TOT effect of both (columns 5-6), without and with covariates.

(3) *

significant at 10%; ** significant at 5%; *** significant at 1%. (4) Standard errors are clustered at the school

level.
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Table A.13: ITT effects on academic mindsets, perseverance, and learning strategies with
inverse probability weighting, by year (2014-2016)

2014 2015 2016

Effect size Effect size Effect size

(1) (2) (3) (4) (5) (6)
Grit (std.) -.002 .006 128 131 -.044  -.019
(105) (.107)  (.096) (1)  (.093) (.097)

247 247 366 366 341 341

DSISC (std.) .015 .03 133 137 .068 .063
(145)  (.147)  (.088) (.089) (.086) (.086)

247 247 366 366 341 341

Self-beliefs (std.) -.009  -.023 131 135 .083 .083
(145)  (.131)  (.094) (.091) (.115) (.113)

247 247 366 366 341 341

LASSI - Organization and Planning (std.) -.055  -.043 .044 .061 .034 .038
(.148) (.149) (.088)  (.094)  (.12) (.124)

247 247 366 366 341 341

LASSI - Motivation (std.) .152 37 179 186%F 057 .062
(194)  (.196) (.075) (.081) (.056) (.047)

247 247 366 366 341 341
CARAS - Reflexivity Index (std.) -.067  -.056  .048 .089  -.039 -.028
(.056) (.044) (.082) (.085) (.101) (.101)

247 247 360 360 340 340

LABS (std.) .053 .042 -.107 -.122 -.028 -.04
(076) (.075) (.118) (.123) (.056) (.059)

247 247 366 366 341 341

School FE? Y Y Y Y Y Y

Controls? N Y N Y N Y

Notes: (1) The table shows the mean and standard deviations of control group students (columns
1 and 4) and the average ITT effect without (columns 2, 5, and 8) and with covariates (columns
3, 6, and 9). (2) * significant at 10%; ** significant at 5%; *** significant at 1%. (3) Standard
errors in columns 2-3, 5-6, and 8-9 are clustered at the school level.
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Table A.15: I'TT effects on academic mindsets, perseverance, and learning strategies by income
(2014-2016)

Constant Treatment Low SES Interaction N

(1) (2) (3) (4) (5)
Grit (std.) -.055 - 111 -.225%* Nilih o 1102
(.058) (.049) (.074) (.155)
DSISC (std.) L28%HX -.055 -.17 .608** 1102
(.063) (.061) (.135) (.2)
Self-beliefs (std.) -.06 -.128%* -.305%* .80 1HH* 1102
(.057) (.069) (.101) (.176)
LASSI - Organization and Planning (std.) .025 -.152% -.138 NG Y 1102
(.084) (.082) (.101) (.189)
LASSI - Motivation (std.) -.103** .011 -.16 .455%* 1102
(.04) (.049) (.125) (.214)
CARAS - Reflexivity Index (std.) -.001 .081 .365%* -.232 1094
(.047) (.056) (.118) (.134)
LABS (std.) .029 -.041 -.16 -.112 1102
(.06) (.042) (.16) (.159)

Notes: (1) The table examines whether the program differentially impacted students by income.
Column 4 shows the interaction between the treatment and female dummies for each variable at baseline.
(2) * significant at 10%; ** significant at 5%; *** significant at 1%. (3) Standard errors in columns 2-3
are clustered at the school level. (4) All estimations include school and fixed effects, but no controls.
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Table A.16:
(2014-2016)

TOT effect on academic mindsets, perseverance, and learning strategies

Panel A. First stage

Months/year with

Months/year with

Months/year with

scholarship mentoring
(1) (2) (3) (4) (5) (6)
Treatment TA3TFF* T 405%FF  7.048%**  7.013%FF*  6.825%*FF 6. 788***
(.317) (.315) (.292) (.293) (.303) (.303)
1102 1102 1102 1102 1102 1102
Panel B. Second stage
Scholarships Mentoring Combined
(1) (2) (3) (4) (5) (6)
Grit (std.) .007 .008 .007 .009 .008 .009
(.007) (.007) (.007) (.008) (.008) (.008)
1102 1102 1102 1102 1102 1102
DSISC (std.) .013 .014 .013 .014 .014 .015
(.009) (.01) (.01) (.01) (.01) (.01)
1102 1102 1102 1102 1102 1102
Self-beliefs (std.) .01 .01 .01 .01 011 .011
(.011) (.011) (.012) (.012) (.013) (.012)
1102 1102 1102 1102 1102 1102
LASSI - Organization and Planning (std.) .004 .006 .004 .006 .004 .006
(.011) (.011) (.011) (.012) (.012) (.012)
1102 1102 1102 1102 1102 1102
LASSI - Motivation (std.) .017* .016* .018** 017* .018** .018**
(.009) (.009) (.009) (.009) (.009) (.009)
1102 1102 1102 1102 1102 1102
CARAS - Reflexivity Index (std.) 0 .003 0 .004 0 .004
(.009) (.01) (.01) (.01) (.01) (.01)
1094 1094 1094 1094 1094 1094
LABS (std.) -.007 -.009 -.008 -.009 -.008 -.01*
(.006) (.006) (.006) (.006) (.006) (.006)
1102 1102 1102 1102 1102 1102
School FE? Y Y Y Y Y Y
Year FE? Y Y Y Y Y Y
Controls? N Y N Y N Y

Notes: (1) Panel A shows the results from the first stage regression of the number of months per year with a
scholarship (columns 1-2), a mentoring session (column 3-4), or both (column 5-6), with and without covariates,
pooled across 2014-2016. (2) Panel B shows the dose-response relationship of scholarships (columns 1-2) and
mentoring (columns 3-4) and the TOT effect of both (columns 5-6), without and with covariates. (3) * significant
at 10%; ** significant at 5%; *** significant at 1%. (4) Standard errors are clustered at the school level.
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Table A.18: ITT effects on school performance with inverse probability weighting, by year
(2015-2016)

2015 2016
Effect size Control Effect size
(1) (2) (3) (4)
Language grade (std.) -.048 -.074 -.18 -.205
(.103) (.103) (.121) (.122)
300 300 275 275
Math grade (std.) .034 .026 -.128 -.146
(.082) (.077) (.119) (.125)
300 300 274 274
No. of pending subjects  -.395 -.353 -.116 -.111
(.456) (.471) (.095) (.091)
295 295 269 269
No. of absences -.028 .395 1.896 2.764
(2.291) (2.407) (3.256) (3.497)
290 290 277 277
Failed grade -.046 -.041 .075% .082%*
(.036) (.039) (.04) (.042)
317 317 303 303
Transferred schools -.006 -.005 -.037 -.036
(.048) (.047) (.025) (.024)
317 317 303 303
Dropped out of school -.014 -.013 -.046 -.043
(.019) (.02) (.029) (.029)
317 317 303 303
School FE? Y Y Y Y
Controls? N Y N Y

Notes: (1) The table shows the mean and standard deviations of
control group students (columns 1, 4 and 7) and the average ITT
effect without (columns 2, 5, and 8) and with covariates (columns 3,
6, and 9). (2) * significant at 10%; ** significant at 5%; *** significant
at 1%. (3) Standard errors in columns 2-3, 5-6, and 8-9 are clustered

at the school level.
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Table A.20

: TOT effect on school performance (2014-2016)

Panel A. First stage

Months/year with

Months/year with

Months/year with

scholarship mentoring both
(1) (2) (3) (4) (5) (6)
Treatment T.908%*F* 7 REGHFF  T.444F**F 7 391FF* 7 218%FFF 7 162%**
(.253) (.255) (.239) (.249) (.243) (.252)
1012 1012 1012 1012 1012 1012
Panel B. Second stage
Scholarships Mentoring Combined
(1) (2) (3) (4) (5) (6)
Language grade (std.) .003 0 .004 0 .004 0
(.01) (.01) (011)  (011)  (011)  (.011)
1012 1012 1012 1012 1012 1012
Math grade (std.) .001 -.001 .001 -.001 .001 -.001
(.007)  (.007)  (.007)  (.007)  (.007)  (.007)
1011 1011 1011 1011 1011 1011
No. of pending subjects  -.042* -.038* -.044%* -.04%* -.045% -.041%*
(022)  (.023)  (.023)  (.024)  (.024)  (.024)
980 980 980 980 980 980
No. of absences -.335%* -.251 -.35T** -.267 -.367F* -.275
(.17) (.186) (.178) (.195) (.184) (.201)
944 944 944 944 944 944
Failed grade -.002 -.001 -.002 -.001 -.002 -.001
(.002) (.002) (.002) (.003) (.002) (.003)
1057 1057 1057 1057 1057 1057
Transferred schools -.003 -.002** -.003 -.002 -.003 -.002
(.002)  (.001)  (.002)  (.002)  (.002)  (.002)
1057 1057 1057 1057 1057 1057
Dropped out of school -.003 -.003 -.004** -.003 -.004** -.003
(.002) (.002) (.002) (.002) (.002) (.002)
1057 1057 1057 1057 1057 1057
School FE? Y Y Y Y Y Y
Year FE? Y Y Y Y Y Y
Controls? N Y N Y N Y

Notes: (1) Panel A shows the results from the first stage regression of the number of months
per year with a scholarship (columns 1-2), a mentoring session (column 3-4), or both (column
5-6), with and without covariates, pooled across 2014-2016. (2) Panel B shows the dose-response
relationship of scholarships (columns 1-2) and mentoring (columns 3-4) and the TOT effect of
both (columns 5-6), without and with covariates. (3) * significant at 10%; ** significant at 5%;
Ak significant at 1%. (4) Standard errors are clustered at the school level.
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Table A.21: ITT effects on student achievement, by year (2015-2016)

2015 2016
Control Effect size Control Effect size

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

Math achievement (std.) 0 .054 .013 007  -.161% -171%
(1) (14)  ((14)  (.927)  (.081) (.082)
164 335 335 168 348 348

Reading achievement (std.) 0 -.067  -.088 -.158 .05 017

(1) (.085) (.087) (1.094) (.099) (.093)

173 349 349 173 357 357
School FE? Y Y Y Y
Controls? N Y N Y

Notes: (1) The table shows the mean and standard deviations of control group
students (columns 1 and 4) and the average ITT effect without (columns 2 and 5)
and with covariates (columns 3 and 6). (2) * significant at 10%; ** significant at 5%;
*¥% significant at 1%. (3) Standard errors in columns 2-3, 5-6, and 8-9 are clustered
at the school level.

Table A.22: ITT effects on student achievement with inverse probability weighting, by year
(2015-2016)

2015 2016
Effect size Effect size
(1) (2) (3) (4)
Math achievement (std.) .06 .02 -.132 -.139

(141) (.141) (.087) (.087)
335 335 311 311
Reading achievement (std.) -.08  -102  .083 047
(087) (.092) (.124) (.118)
349 349 320 320
School FE? Y Y Y Y
Controls? N Y N Y

Notes: (1) The table shows the mean and standard deviations of
control group students (columns 1 and 4) and the average ITT
effect without (columns 2 and 5) and with covariates (columns
3 and 6). (2) * significant at 10%; ** significant at 5%; ***
significant at 1%. (3) Standard errors in columns 2-3, 5-6, and
8-9 are clustered at the school level.
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Table A.23: Lee bounds estimates of ITT effects on student achievement, by year (2015-2016)

2015 2016
Lower Upper 95% CI N Lower Upper 95% CI N
(1) (2) (3) 4) () (6) (7) (8)
Math achievement (std.) 011 .15 [-.343, .458] 408 -.232  -.034 [-.497,.237] 408
(.204)  (.179) (159)  (.163)
Reading achievement (std.)  -.12 013 [-.448, .323] 408 -.037  .188  [-.292, .433] 408
(.19)  (.18) (.154)  (.148)

Notes: (1) The table shows the Lee bound estimates of the ITT effects. It shows the lower (columns 1
and 5) and upper (columns 2 and 6) bounds, the 95% confidence interval for the ITT effect (columns 3 and
7), and the number of observations (columns 4 and 8). (2) * significant at 10%; ** significant at 5%; ***
significant at 1%.

Table A.24: ITT effects on student achievement by income (2014-2016)

Constant Treatment Low SES Interaction N

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

Math achievement (std.) -.449%H* - 177 -.494%H* 416* 683
(.058) (.074) (.142) (.185)

Reading achievement (std.) -.778%** -.118%* - 422%* 3T* 706
(.042) (.058) (.135) (.183)

Notes: (1) The table examines whether the program differentially impacted students by
income. Column 4 shows the interaction between the treatment and female dummies for
each variable at baseline. (2) * significant at 10%; ** significant at 5%; *** significant
at 1%. (3) Standard errors in columns 2-3 are clustered at the school level. (4) All
estimations include school and fixed effects, but no controls.
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Table A.25: TOT effect on student achievement (2015-2016)

Panel A. First stage

Months/year with Months/year with Months/year with

scholarship mentoring both
(1) (2) (3) (4) (5) (6)
Treatment 6.827F**  6.803%F*  6.584***  §.555%**  6.332%FFF  6.301***
(.355) (.348) (.328) (.325) (.333) (.326)
683 683 683 683 683 683
Panel B. Second stage
Scholarships Mentoring Combined
(1) (2) (3) (4) (5) (6)
Math achievement (std.) -.008 -.011 -.008 -.012 -.009 -.012
(013)  (.013)  (.013)  (.013)  (.014)  (.014)
683 683 683 683 683 683
Reading achievement (std.) -.001 -.005 -.001 -.006 -.001 -.006
(.009) (.009) (.01) (.01) (.01) (.01)
706 706 706 706 706 706
School FE? Y Y Y Y Y Y
Year FE? Y Y Y Y Y Y
Controls? N Y N Y N Y

Notes: (1) Panel A shows the results from the first stage regression of the number of months per
year with a scholarship (columns 1-2), a mentoring session (column 3-4), or both (column 5-6), with
and without covariates, pooled across 2015-2016. (2) Panel B shows the dose-response relationship
of scholarships (columns 1-2) and mentoring (columns 3-4) and the TOT effect of both (columns
5-6), without and with covariates. (3) * significant at 10%; ** significant at 5%; *** significant at
1%. (4) Standard errors are clustered at the school level.
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Table A.26: ITT effects on personality traits with inverse probability weighting (2016)

Effect size
(1) (2)
Extraversion (std.) -.064 -.051
(.089)  (.096)
341 341
Agreeableness (std.) 162 .136
(126)  (.129)
341 341

Conscientiousness (std.) -.254** -.227*
(.109)  (.114)

341 341
Neuroticism (std.) -.118 -.108
(.084)  (.084)
341 341
Openness (std.) .166 137
(.101)  (.103)
341 341
School FE? Y Y
Controls? N Y

Notes: (1) The table shows the mean and
standard deviations of control group students
(column 1) and the average ITT effect without
(column 2) and with covariates (column 3).
(2) * significant at 10%; ** significant at 5%;
*H% significant at 1%. (3) Standard errors in
columns 2 and 3 are clustered at the school
level. (4) The bottom rows display the result
from a joint test using Seemingly Unrelated
Regressions (SURs).
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Table A.27: Lee bounds estimates of ITT effects on personality traits (2016)

Lower Upper 95% CI N

(1) (2) 3) (4)

Extraversion (std.) -.182 .058  [-.441, .303] 408
(157)  (.148)

Agreeableness (std.) .045 273%  [-.208, .508] 408
(.153)  (.142)

Conscientiousness (std.) -.351*%%  -.148 [-.6,.123] 408
(.15)  (.163)

Neuroticism (std.) -.212 -.014  [-.469, .246] 408
(155)  (.156)

Openness (std.) .084 257 [-.223, .534] 408

(.182)  (.164)

Notes: (1) The table shows the Lee bound estimates of the ITT
effects. It shows the lower (column 1) and upper (column 2)
bounds, the 95% confidence interval for the ITT effect (column
3), and the number of observations (column 4). (2) * significant at
10%; ** significant at 5%; *** significant at 1%.
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Table A.28: TOT effect on personality traits (2016)

Panel A. First stage

Months/year with

Months/year with

Months/year with

scholarship mentoring both
(1) (2) (3) (4) (5) (6)
Treatment 5.T08*H*  5.69%** 5 545K 5 518K 5 312Kk 5 2QTHHH
(439)  (434)  (415)  (413)  (415)  (.407)
341 341 341 341 341 341
Panel B. Second stage
Scholarships Mentoring Combined
(1) (2) (3) (4) (5) (6)
Extraversion (std.) -.01 -.007 -.01 -.008 -.01 -.008
(015)  (.016)  (.015) (.016)  (.016) (.017)
341 341 341 341 341 341
Agreeableness (std.) .032* 027 .033* .028 .034* .029
(018)  (.019)  (.019)  (.019)  (.019) (.02)
341 341 341 341 341 341
Conscientiousness (std.) — -.043**  -039**  -044** -.04%* -.046%F  -.042%*
(018)  (.019)  (.019)  (.019)  (.019) (.02)
341 341 341 341 341 341
Neuroticism (std.) -.018 -.017 -.019 -.018 -.02 -.019
(014)  (014)  (.014) (015  (015)  (.015)
341 341 341 341 341 341
Openness (std.) .033* .028 .033* .029 .035%* .03
(.019) (.018) (.019) (.019) (.02) (.019)
341 341 341 341 341 341
School FE? Y Y Y Y Y Y
Year FE? Y Y Y Y Y Y
Controls? N Y N Y N Y

Notes: (1) Panel A shows the results from the first stage regression of the number of months
per year with a scholarship (columns 1-2), a mentoring session (column 3-4), or both (column
5-6), with and without covariates in 2016. (2) Panel B shows the dose-response relationship of
scholarships (columns 1-2) and mentoring (columns 3-4) and the TOT effect of both (columns
5-6), without and with covariates. (3) * significant at 10%; ** significant at 5%; *** significant
at 1%. (4) Standard errors are clustered at the school level.
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Appendix B Survey of students’ academic behaviors

This appendix describes each set of questions in the survey of students’ academic behaviors.
Figures and display the distribution of raw scores in these questions in 2015 and 2016.

B.1 Proactive school behavior

This set of questions asked students to recall the last time they did not understand something
in class and report whether they: (a) asked their teacher to explain a topic again; (b) asked a
relative to explain it; (c) asked a peer; (d) consulted a book/Internet on the topic; (e) sought
a private tutor; or (f) attended after-school lessons. The score for each item equals 1 if the
student engaged in the prompted behavior and 0 otherwise. The score for the index ranges
from 0 to 6.

B.2 Preventive homework behavior

This set of questions asked students to recall the last time they were assigned homework and
report whether they: (a) started doing it more than a day in advance; (b) got together with
peers to do it; (c) asked the teacher clarifying questions; (d) asked the teacher about the
resources that could be consulted (e.g., textbooks, calculators); (e) asked the teacher whether
their answers were “on the right track” before turning them in; (f) asked the teacher whether
a given answer was correct; or (g) compared answers with a peer. The score for each item
equals 1 if the student engaged in the prompted behavior and 0 otherwise. The score for the

index ranges from 0 to 7.

B.3 Corrective homework behavior

This set of questions asked students to recall the last time they received a failing grade on their
homework and report whether they: (a) asked the teacher why some answers were incorrect;
(b) asked him /her to explain a topic again; (c) asked him/her to give partial credit on incorrect
answers; (d) asked a relative to explain a topic; (e) compared answers with a peer; (f) sought
a private tutor; or (g) attended after-school lessons. The score for each item equals 1 if the
student engaged in the prompted behavior and 0 otherwise. The score for the index ranges
from 0 to 7.
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B.4 Preventive test behavior

This set of questions asked students to recall the last time they had to study for a test and
report whether they: (a) started studying more than a day in advance; (b) met a peer to
study; (c) asked a relative for help studying for the test; (d) reviewed their folder to see which
topics will be covered in the test; (e) reviewed a textbook to see which topics will be covered
in the test; (f) asked the teacher questions about difficult topics; (g) sought a private tutor;
(h) attended after-school lessons. The score for each item equals 1 if the student engaged in

the prompted behavior and 0 otherwise. The score for the index ranges from 0 to 8.

B.5 Corrective test behavior

This set of questions asked students to recall the last time they received a failing grade on
a test and report whether they: (a) asked the teacher why some answers were incorrect; (b)
asked him /her to explain a topic again; (c) asked him/her to give partial credit on incorrect
answers; (d) asked him/her for an opportunity to make up the low grade; (e) asked a relative
to explain a topic; (f) asked a peer for help (e.g., looking at their folder); (g) sought a private
tutor; or (h) attended after-school lessons. The score for each item equals 1 if the student
engaged in the prompted behavior and 0 otherwise. The score for the index ranges from 0 to
8.

B.6 Corrective failing behavior

This set of questions asked students to recall the last time they received a failing term grade
on a subject on their school report card and report whether they: (a) asked the teacher to
explain a topic again; (b) asked him /her to change the grade to a passing grade based on their
performance on specific lessons or projects; (c) asked him /her for an opportunity to make up
the low grade; (d) asked a relative to explain a topic; (e) asked a peer for help (e.g., looking
at their folder); (f) sought a private tutor; or (g) attended after-school lessons. The score for
each item equals 1 if the student engaged in the prompted behavior and 0 otherwise. The

score for the index ranges from 0 to 8.

B.7 Corrective flunking behavior

This set of questions asked students to recall the last time they failed a subject and report
whether they: (a) asked the teacher to explain a topic again; (b) asked him/her to change

the grade to a passing grade based on their performance on specific lessons or projects; (c)
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asked him/her for an opportunity to make up the low grade; (d) asked a relative to explain a
topic; (e) asked the teacher which topics will be covered in the December/March exam{®| (f)
asked him/her what types of questions will be asked in the December/March exam; (g) asked
him /her which instructors will be present in the December/March exam{?| (h) asked him /her
the date of the December /March exam; (i) sought a private tutor; or (j) attended after-school
lessons. The score for each item equals 1 if the student engaged in the prompted behavior

and 0 otherwise. The score for the index ranges from 0 to 11.

B.8 Preventive absenteeism behavior

This set of questions asked students to recall the last time they were absent to school and
report whether they did any of the following before returning to school: (a) asked a peer what
was covered in class; (b) caught up on readings done during class; (c¢) asked a peer for the
homework assigned during class; or (d) asked a peer for his/her folder to copy what was done
in class. The score for each item equals 1 if the student engaged in the prompted behavior

and 0 otherwise. The score for the index ranges from 0 to 4.

B.9 Corrective absenteeism behavior

This set of questions asked students to recall the last time they were absent to school and
report whether they did any of the following after returning to school: (a) asked a peer what
was covered in class; (b) asked the teacher what was covered in class; (¢) caught up on readings
done during class; (d) asked a peer for the homework assigned during class; or (e) asked a
peer for his/her folder to copy what was done in class. The score for each item equals 1 if the
student engaged in the prompted behavior and 0 otherwise. The score for the index ranges
from 0 to 5.

B.10 Corrective free period behavior

This set of questions asked students to recall the last time they had a “free period”[g_U] and
report whether they: (a) did homework; (b) studied for a test; (c) read for a class; (d) talked

to a friend (reverse-coded); or (e) went home (reverse-coded). The score for each item equals

28 As we mentioned in a previous footnote, in Argentina, when students fail a subject, they need to take an
exam to pass it in December. If they fail this exam, they need to take another exam in March. They can fail
up to two subjects in March. If they fail more, they can take these exams once again before the school year
begins. If they still fail more than two of these subjects by then, they are supposed to repeat the grade.

29The December/March are typically administered by a group of teachers from different subjects/grades.

30In Argentina, when a teacher is absent, students are sometimes allowed to remain in their classroom
without having to take any lessons.
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1 if the student engaged in the prompted behavior and 0 otherwise. The score for the index

ranges from 0 to 5.
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Figure B.1: Distributions of survey of students’ academic behaviors (2015)
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Note: This figure shows discrete histograms for each set of questions in the survey of academic behaviors in
2015, with a superimposed normal distribution.
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Figure B.2: Distributions of survey of students’ academic behaviors (2016)
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Note: This figure shows discrete histograms for each set of questions in the survey of academic behaviors in
2016, with a superimposed normal distribution.
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Appendix C Surveys and assessments of students’
academic mindsets, perseverance, and

learning strategies

This appendix describes each survey and assessment of students’ academic mindsets,
perseverance, and learning strategies. Figures display the distribution of raw scores
in these questions from 2014 to 2016.

C.1 Self-beliefs about academics

The survey of self-beliefs about academics asks students to report the extent to which they
agree with 14 statements about themselves using a scale that ranges from 1 (“totally disagree”)
to 5 (“totally agree”). A confirmatory factor analysis indicates that it measures two distinct
types of self-beliefs: those about performance (e.g., “I think I will get good grades this year”)
and about self-efficacy (e.g., “I am capable of doing school assignments well, even if they are
difficult”). The survey was developed by a team of Argentine psychologists at the University
of Buenos Aires (UBA), and it had already administered to secondary school students in the
PBA (Schmidt et al|2008) and to SMP participants (Pais et al.[|2013).

C.2 Learning and Study Strategies Inventory (LASSI)

The Learning and Study Strategies Inventory (LASSI) asks students to report the extent
to which how frequently they find themselves in 10 different situations, from 1 (“Never”) to
5 (“Always”). According to a factor analysis, seven of these situations measure students’
organization and planning skills (e.g., “I have trouble putting together a study plan and
sticking to it”) and three measure their motivation (e.g., “I try hard to get good grades, even
in subjects that I do not like”). This survey was developed by psychologists at the University of
Texas at Austin (Weinstein and Palmer||1988) and it was later adjusted for and administered
to Argentine teenagers and adults by psychologists at the UBA (Fernandez Liporace and
Casullo|2009). It has already been administered to SMP participants (Pais et al.|[2013).

C.3 Short Grit scale (Grit-S)

The short Grit scale (Grit-S) consists of eight questions that ask students how frequently they
find themselves in a given situation, from 1 (“Almost never”) to 5 (“At least once a day”).

According to factor analyses, four of these items measure students’ consistency (e.g., “I forget
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some of the things I need for school”) and the other four measure students’ perseverance
(e.g., “I interrupt others while they are speaking”). The survey was developed by psychologist
Angela Duckworth at the University of Pennsylvania (Duckworth and Quinn 2009)). To our

knowledge, this is the first time that it was administered in Argentina.

C.4 Domain-Specific Impulsivity Scale for Children (DSIS-C)

The Domain-Specific Impulsivity Scale for Children (DSIS-C) describes eight traits or
situations to students (e.g., “I am very diligent” or “I have been obsessed with an idea or
project for a short period of time, but I later lost interest”) and asks them to indicate whether
these descriptions match them, from 1 (“Not at all like me”) to 5 (“Very much like me”). It
was developed by a team of psychologists at the University of Pennsylvania (Tsukayama et al.

2013) and it has previously been administered in Argentina (Pais|2015).

C.5 Labs

The Labs assessment asks students to make their way out of 10 increasingly difficult labyrinths
without lifting their pencil. Each student’s score is determined based on the number of
mistakes he/she made (i.e., “dead ends” in the labyrinth that they encountered while trying to
solve it) as well as the number of labyrinths he/she solved. It was developed by psychologist
David Wechsler (Wechsler| 1994), and it had previously been administered in Argentina
(Aran-Filipetti [2012; |Aran-Filipetti and Lopez| 2013; |Aran-Filipetti and Richaud de Minzi
2011}, |Cayssials|2003; [Martos Mula et al.| 2013} Soprano| 2003]).

C.6 Caras

The Caras (Smileys) assessment shows students 45 sets of three smileys and asks them to
cross out the smiley that is not like the others. The metric of interest is the “reflexivity index”:
the number of net (i.e., correct minus incorrect) correct answers, divided by the number of
errors. This assessment was developed by American and a Spanish psychologists (Thurstone
and Yela [2001) and it has previously been administered in Argentina (Aran-Filipetti [2012;
Aran-Filipetti and Lopez [2013; |Aran-Filipetti and Richaud de Minzi [2011)).
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Figure C.1: Distributions of survey of students’ academic mindsets, perseverance, and learning
strategies (2014)
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Note: This figure shows the distribution of raw scores for each survey and assessment of academic mindsets,

perseverance, and learning strategies in 2014, with a superimposed normal distribution.
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Self-belief about academics

LASSI - Organization and Planning

Figure C.2: Distributions of survey of students’ academic mindsets, perseverance, and learning
strategies (2015)
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Note: This figure shows the distribution of raw scores for each survey and assessment of academic mindsets,

perseverance, and learning strategies in 2015, with a superimposed normal distribution.



Figure C.3: Distributions of survey of students’ academic mindsets, perseverance, and learning
strategies (2016)
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Note: This figure shows the distribution of raw scores for each survey and assessment of academic mindsets,

perseverance, and learning strategies in 2016, with a superimposed normal distribution.
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Appendix D Student achievement tests

This appendix describes the design and scoring of the student assessments of math and reading.
Figure displays the distribution of scaled scores in these tests in 2015 and 2016.

D.1 Design

The tests were designed to assess a wide array of domains and skills in math and reading at
different difficulty levels. The math test included 30 multiple-choice items that covered number
properties, equations, probability, measurement, trigonometry, and statistics. It assessed
students’ capacity to identify mathematical concepts, understand and use symbolic math,
perform calculations using various strategies, and solve abstract and applied problems. It
included eight questions of low difficulty, 12 questions of medium difficulty, and 10 questions
of high difficulty. The reading test included 30 multiple-choice items that featured a historical
passage, a descriptive passage, a poem, two movie reviews, and an excerpt from a fiction book.
It assessed students’ capacity to locate information in the text, understand the relationship
between two parts of a text, identify the main idea of a text, and interpret the meaning
of words from context. It included nine questions of low difficulty, 12 questions of medium

difficulty, and nine questions of high difficulty. The item maps are available from the authors.

D.2 Scoring

Items were first scored dichotomously and then scaled using Item Response Theory (IRT).
IRT models the relationship between an underlying latent trait (i.e., a student’s ability) and
the probability that the student will answer a given question on a test (i.e., item) correctly
(Yen and Fitzpatrick 2006)). IRT is used in large-scale assessments for three main reasons.
First, it allows each item to contribute differentially to the estimation of student ability (as
opposed to percent-correct scores, which assign the same dichotomous score to each item).
Second, it allows researchers to place different (rounds of) assessments on a common scale,
provided that they share a subset of items, students, or both. Third, it allows researchers to

assess the performance of each individual item, which is particularly useful for test design.

There are three IRT models that are frequently used to scale items scored dichotomously. All
assume a single underlying latent trait, but differ in the item characteristics they consider
(Harris [2005). We used a three-parameter logistic model, which estimates P;, the probability
that a student will answer item ¢ correctly, based on: 6,, student p’s ability; a;, the
“discrimination” parameter (i.e., the slope of the Item Characteristic Curve (ICC) at the

point of inflection, which reflects how well the item can differentiate between students of
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similar ability); b;, the “difficulty” parameter (i.e., the point of inflection on the 6 scale,
which reflects where the item functions along the ability scale); and ¢;, the “pseudo-guessing”
parameter, the asymptotic probability that students will answer the item correctly by chance.

The three-parameter model is thus given by:

1-— C;
1 + e[—1.7ai(9p—bi)]

P(6,) = ¢; + (D.1)

where all parameters are defined as above. The model uses a logistic function to relate student

ability and the item parameters to the probability of answering an item correctly.

We generated maximum likelihood estimates of student achievement, which are unbiased
individual measures of ability, using the OpenIRT Stata program developed by Tristan Zajonc.

Bayesian Markov chain Monte Carlo estimates are similar and available from the authors.
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Figure D.1: Distributions of IRT scores on student achievement tests (2015 and 2016)
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Note: This figure shows the distribution of scores in student achievement tests of math and reading,

separately for the control and treatment groups, in 2015 and 2016. The scores have been estimated using a
three-parameter Item Response (IRT) model and standardized with respect to the control group in 2015.
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