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This paper provides novel insights into the science of scaling by examin-
ing an educational mentoring program in Mexico. The empirical anal-
ysis encompasses two independentfield experiments and seizes a unique
opportunity to learn from the government’s implementation of the same
intervention. While the program originally implemented at scale dem-
onstrates limited effectiveness, the introduction of a new modality with
enhanced mentor training significantly improves children’s outcomes.
Mentor-parent interactions are found to stimulate parental engagement
at the community-school level. Our findings support the hypothesis that
parents can play an important role in facilitating the scalability of educa-
tional programs.
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I. Introduction

A key challenge in using scientific insights to inform policy decisions
arises during the implementation process, where small variations in the
protocol of the intervention often translate into substantial differences
in outcomes. Evenwhenprograms display large and significant effect sizes
in randomized evaluations, their success in different situations is far from
guaranteed (List 2022). This is particularly evident when transitioning
from a controlled research setting to real-world implementation by the
government.
This paper contributes to a recent debate about the challenges involved

in scaling up education interventions. In particular, we provide an empir-
ical case study involving a mentoring program that deploys recent univer-
sity graduates to remote and disadvantaged communities in Mexico. Men-
tors are engaged to a school community for a period of 2 years. Among
other tasks, they help the local instructors and encourage parental involve-
ment in children’s education. The mentoring intervention was initially
launched at the national scale by the government without undergoing a
rigorous evaluation. It featured a training module for mentors focused
on curricular knowledge and pedagogical practices. However, subsequent
evidence gathered through a randomized trial revealed null results of this
program modality. The program’s ineffectiveness served as a catalyst,
prompting an effort to improve the delivery of mentoring services in the
targeted communities.
Our research team collaborated with the government—including ac-

cessing the existing infrastructure of the ongoing intervention—to design
and implement an experimental evaluation of a new program modality
that incorporated an enhanced training protocol for mentors. Among
changes to the training module, mentors began to attend training work-
shops and peer-to-peer meetings throughout the school year, during which
they share effective practices on how to improve parenting skills and better
interact with parents. The program innovations were largely influenced by
the economic literature showing that gaps in family investment and par-
ent/child interactions are behind the gaps in children’s achievement among
different socioeconomic groups (Cunha, Heckman, and Schennach 2010;
Heckman and Mosso 2014; Attanasio, Cattan, and Meghir 2022).
Science guides policy. After the release of compelling evidence regard-

ing the effectiveness of the new modality in delivering significant positive
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effects on children’s outcomes and parental investment, the government
made the decision to adopt the improved programmodality. Our compre-
hensive analysis of the program’s implementation in Chiapas, the poorest
state in Mexico, provides strong support for the notion that the effective-
ness of the new modality of the mentoring intervention was preserved at
scale. Importantly, we find that parental engagement and attitudes toward
schooling activities emerge as critical factors for the program’s scalability.
The empirical evidence was drawn from two independent field exper-

iments and the subsequent government scale up of the effective program
modality. The first experiment was directly carried out by the government,
immediately following the national implementation of the original men-
toring program. Assignment to the program was randomized across 80
program-eligible primary schools. In the second experiment, we randomly
assigned both the original and the newmodality, as well as a control group
with no mentoring program, across 230 primary schools. After 2 years of
the mentoring program, the original modality displayed relatively small and
noisy effects on children’s achievement outcomes when compared to
the control groupwithnomentors. Thenewmodality with enhanced train-
ing for the mentors delivered sizable and significant gains in children’s
reading scores (10.32 SD, p-value 5 0:001), math scores (10.24 SD, p-
value 5 0:005), and socio-emotional scores (10.20 SD, p-value 5 0:011),
as well as a large effect on the probability of enrolling in seventh grade
(112.4 percentage points, p-value 5 0:030), from a baseline of 62% en-
rollment in the control group. The effect of the mentoring interven-
tion on educational outcomes is statistically different across program
modalities.1

The government’s decision to transition the program to amore effective
modality provides us with a unique opportunity to investigate the factors
and mechanisms influencing scaling. We integrate data from several ad-
ministrative sources and leverage the early assignment of the program at
scale across communities in Chiapas as a source of variation in exposure
to mentoring activities. For our sample of 1,345 eligible schools, we dem-
onstrate that, after considering the government’s official criteria for pro-
gram assignment, the 356 schools that received the 2-year mentoring pro-
gram in our sample period exhibit no significant differences in observable
characteristics and predetermined educational outcomes when compared
to the remaining eligible schools. Our results show that the new variant of
the mentoring intervention remained successful when implemented by
the government. For the subsample of the 1,161 localities outside of the

1 All p-values reported in the text are adjusted for multiple hypothesis testing through
the stepwise procedure described in Romano and Wolf (2005a, 2005b, 2016). Alternative
inference procedures, which are discussed in more detail in sec. III, deliver results that are
broadly consistent with those reported here.
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experimental sample—which had never received the new programmodal-
ity before and which encompassed approximately 16,000 children en-
rolled in eligible schools—the results show a positive effect on secondary-
school enrollment for schools that received the program, with an average
program impact of 5.6 percentage points (p-value 5 0:013). We further
document positive and significant effects of the program on child literacy,
which imply a reduction of illiteracy rates by approximately 20% with
respect to the sample mean for the overall sample of schools. Turning
to the remaining eligible localities that were previously included in the ex-
perimental evaluation, we observe comparable results. For instance, the av-
erage impact of receiving the new programmodality on the fraction of chil-
dren who enroll in lower-secondary education is 19.1 percentage points
(p-value 5 0:035).
The effectiveness of the newprogramwhen implemented by the govern-

ment was not guaranteed a priori, despite the sizable and precise effect
sizes observed in the field experiment. The existing literature underscores
the significance of several “nonnegotiable” aspects of program designs
in the context of such changes in the situation (List 2022). Failure to con-
sider these critical elements during the widespread implementation of the
interventionhas the potential tonot only reducebut even completely elim-
inate the program effects documented under experimental conditions
(Al-Ubaydli, List, and Suskind 2020; Al-Ubaydli et al. 2021; Caron, Ber-
nard, and Metz 2021). While we do observe minor changes in both the
quantity and quality of mentors’ activities during the scale-up phase, these
differences are generally small in magnitude and lack statistical precision.
We interpret these results as suggestive evidence that the mentoring pro-
gram did not experience a substantial disruption during the transition be-
tween the two phases.
We argue that a potential source of what List (2022) called “voltage drop”

of the program results from the experimental design’s trade-off between
real-world applicability and the purity of the evaluation. A significant chal-
lenge faced by educational programs in this context is the occurrence of
frequent school closures, but the intense monitoring during the field exper-
iment from the research team had minimized the number of such closures
in the period of the evaluation. The school-closure rate is notably high,
averaging 11% before the experimental evaluation. In contrast, only two
schools out of 230 closed during the randomized trial. To the extent that
the continuity of schooling services is critical for ensuring the program’s ef-
fectiveness, this particular difference in the implementation protocol poses
a challenge for the ability of the field experiment to inform us about the
scalability of the mentoring program.
We zoom into the relationship between exposure to the mentors and

school closures in order to study the sources of scalability of the program.
We first show evidence that the new programmodality, unlike its predecessor,
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drastically reduces the occurrenceof school closures.Within the community-
based schooling system under investigation, parents emerge as pivotal ac-
tors, wielding influence through their decisions and votes within the par-
ent association. Their choices and actions directly affect crucial decisions
concerning resource allocation, investments, and even the ultimate deter-
mination of whether a school is to remain open.While the originalmodal-
ity of the mentoring program does not significantly affect parental invest-
ments, mentors with enhanced training are more effective in boosting
parental engagement with both the school and directly with the child.
Our measure of parenting practices increases by 0.36 SD under the new
program modality (p-value 5 0:002). We further show that mentors with
enhanced training significantly increase both the quantity and the quality
of their periodic interactions with parents, which in turn shape parental
attitudes and behaviors toward their children’s education.
Taken together, the findings on school closures and on parental re-

sponses provide suggestive evidence that parents can play an important
role in the scalability of the program. Under the assumption that the treat-
ment effects of the new modality of the mentoring program operate only
through parental engagement, instrumental variables (IV) estimates doc-
ument that an increase of 0.1 SD in parental engagement reduces school
closures by 2.2 percentage points (p-value 5 0:021). The original modal-
ity, instead, displays null impacts on school closures in both experiments.
This finding underscores the challenge faced by community-based educa-
tional programs in the absence of parental engagement and illustrates the
importance of such engagement to program success.
The implications of our results are pertinent to policy discussions on the

design of educational interventions in disadvantaged contexts. While par-
ents within local communities are readily availablewithout supply-side con-
straints, it is crucial to not overlook their beliefs and attitudes toward
schooling activities. For instance, August et al. (2006) find that, as the sit-
uation shifted from their original field study to a larger-scale implementa-
tion, therewas a notable decline in family involvement in a programaimed
at preventing conduct problems. This reduction in participation on a
larger scale could significantly impact the effectiveness of broader imple-
mentations. The precise elements of the intervention (such as the training
module in our study) and the consequent efficacy of mentor-parent inter-
actions are key factors influencing how parents respond, thereby influenc-
ing the potential scalability of educational interventions.
In recent years, there has been increasing concern among scholars

and policymakers regarding the effectiveness of field experiments in
informing policy decisions. Recent and growing evidence suggests that
effects observed in small-scale randomized trials can be challenging to
replicate when interventions are implemented at a larger scale (Bold et al.
2018; Cameron, Olivia, and Shah 2019; Muralidharan and Singh 2020;
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Bobba, Frisancho, and Pariguana 2023). Our field experiment was de-
signed and implemented during the rollout of the original program in
close collaboration with the government agency responsible for the subse-
quent scale-up of the new modality. This collaborative approach guaran-
tees the harmonization of the research design with practical consider-
ations and implementation realities of the policy under study (Banerjee
et al. 2017; Muralidharan and Niehaus 2017; Duflo, Kiessel, and Lucas
2024; List 2024).
We analyze two independent field experiments on different and repre-

sentative samples, as well as a larger, nonexperimental sample of schools.
Drawing joint inferences from these samples harnesses the statistical
power of our findings (Maniadis, Tufano, and List 2014; Allcott 2015; Al-
Ubaydli, List, and Suskind 2020). Furthermore, the randomization was im-
plemented at a relatively large unit level, encompassing schools and their
surrounding communities. This design feature accounts for possible local
spillover effects that often arise in the context of interventions evaluated at
scale (Miguel andKremer 2004; Bobba andGignoux2019; List et al. 2023).
Our findings build upon the theory of human capital investments

(Becker 1962) by highlighting that scaling educational interventions is in-
herently a socially determined outcome. Previous literature has high-
lighted the role of parental investments and interactions between parents
and mentors/home visitors in boosting treatment effects of home-visiting
programs (Heckman and Zhou 2021; Zhou et al. 2021; García and Heck-
man 2023) and has indicated that parental choices are responsive to the
environments that families face (Doepke and Zilibotti 2017; Agostinelli
2018; Agostinelli et al. 2020). The evidence presented here sheds light
on how the scalability of educational programs critically depends upon
the local engagement of parents in the schooling activities.
While this unique case study provides us with an opportunity to examine

the challenges and determinants of scaling in the context of a change in
situation, our analysis does not address the “vertical” aspects of scaling (List
2022). Specifically, we do not address the challenges that arise when imple-
menting a large-scale programwithout an existing government infrastruc-
ture. For instance, in our setting this would entail developing the organiza-
tional capital to recruit a significant number of newmentors and personnel
responsible for program operations. Our findings are silent on these im-
plementation aspects.

II. Context and Data

In this section, we discuss some relevant features of the mentoring pro-
gramunder study.We leverage two independent randomized experiments
in conjunctionwith the conversionof thementoringprogram into thenew
modality; taken together, these serve as a compelling case study to uncover
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novel insights on the science of scaling. We draw on a rich combination of
administrative and survey data sources along with qualitative interviews
with instructors and mentors (see app. A for more details; apps. A and B
are available online).

A. The Mentoring Program

The Consejo Nacional de Fomento Educativo (CONAFE) is a government
agency responsible for providing schooling services in rural and highly
marginalized communities of Mexicowith a population below2,500 inhab-
itants. In 2013, these schools accounted for 10% of the roughly 99,000 pri-
mary schools across the 31 Mexican states. The largest presence of CONAFE
schools is in Chiapas, the Mexican state with the highest incidence of pov-
erty in the country (CONEVAL 2018). CONAFE primary schools typi-
cally have a single multigrade classroom with 15 students on average (for
brevity, throughout the text we will refer to CONAFE primary schools as
schools).
The local instructors consist predominantly of community residents

aged between 15 and 29 years old, who typically haveminimal formal train-
ing (if any) as teachers. As a result of the very low compensation and ex-
tremely challenging conditions, about one quarter of the instructors drop
out before completing their first school year. Schools frequently face clo-
sure because of these challenges. In fact, the average yearly rate of school
closures in Chiapas stands at 11%. Parents organize local associations
aimed at promoting community education, to which they contribute by
maintaining the school’s facilities and contributing to the school finan-
cially. The parents’ association also plays a vital role in the decision-making
process to ensure the continuation of school operations.
In 2009, the government launched the Mobile Mentors program (Ase-

sores Pedagógicos Itinerantes;API) as anattempt to improve thequalityof ed-
ucation provision in basic education. The program was implemented ini-
tially in 11 states, but, starting in 2012, it was extended to all 31 states in
Mexico. The mentors are selected from recent university graduates (the
programwas advertised both during on-campus visits and announcements
through themedia). Preference is given to applicants with degrees in ped-
agogy, psychology, sociology, or social services who have previous experi-
ence as community instructors and who speak an indigenous language.
Prior to beginning work as mentors, selected applicants receive a week-
long training session focused on curricular knowledge and basic notions
of pedagogy.
Mentors are assigned to work within a specific school community for

the entire duration of the program, spanning 2 consecutive school years.
In the event of a mentor’s early departure from the community, the gov-
ernment endeavors to identify a replacement to ensure the uninterrupted
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continuation of program activities. The supply of availablementors allows
for accommodating only a subset of the CONAFE schools in the country.
Consequently, the allocation of the mentoring program across schools
follows a priority-based mechanism based on four criteria: (i) at least
30% of the students are classified as “insufficient” in the national standard-
ized achievement test; (ii) there are high or very high levels of poverty in
the respective locality, as measured by a composite index of deprivation
(CONEVAL 2018); (iii) the municipality where the school communities
are located is the recipient of a national antipoverty program (theNational
Crusade Against Hunger); and (iv) the school has not received a mentor
in previous academic cycles. A given school can receive the mentoring pro-
gram over multiple (and even consecutive) 2-year spells.
Mentors conduct periodic home visits, as well as meetings on the school

premises, to update parents about their children’s progress in school and
encourage their active involvement in school activities. Each mentor is re-
sponsible for organizing individual remedial education sessions at school,
which are primarily held after regular instructional hours. The tutoring
sessions are offered to the six weakest students in the class, identified
through a diagnostic evaluation conducted at the beginning of the school
year and an additional exam administered by the mentor. During regular
school hours, mentors are tasked with observing and possibly improving
the teaching practices of community instructors. They also assist students
with learning difficulties and provide support outside the classroom for
those unable to attend the afternoon remedial sessions.2 Finally, mentors
hold periodic meetings with their own supervisors throughout the school
year (every 2 months in 2-day sessions), which are focused on enhancing
mentors’pedagogical practices with the students.Henceforth, wewill refer
to this format of the mentoring program as API Original.
Starting from 2016, the government adopted a newmodality of the pro-

gram, which we will refer to as API Plus. API Plus encompasses all the fea-
tures of API Original but with substantial changes in the training module.
First and foremost, it extends the initial training period from 1 week to 2.
During this additional week, the focus shifts to practical, hands-on strate-
gies designed to enhance students’ reading and math skills. Secondly, the
bimonthlymeetings have undergone significantmodifications. In contrast
toAPIOriginal, eachAPI Plusmeeting includes a training workshop to im-
prove parenting skills (communication, learning activities, and managing
transitions). Additionally, there is an extra day dedicated to peer-to-peer
sessions. These sessions are intended to enable mentors, in collaboration,
to devise strategies for more effective interaction and engagement with

2 Only the remedial tutoring activities are targeted toward the six weakest students in the
class. The other tasks of the mentors (home visits and teacher support) are directed toward
all children in the school.
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parents.3 The cost of API Plus is US$332 per child, compared to US$285
per child for APIOriginal. These cost figures align closely with those of an-
other recent government-run program in Colombia, which targets both
children and parents (Attanasio et al. 2022).
Figure 1 illustrates the timeline of the mentoring program in the state

of Chiapas. Between 2009 and 2016, APIOriginal served over 1,300 schools
and approximately 18,000 students. Following the transition to API Plus
between 2016 and 2020, around 700 schools and 10,000 students received
mentoring support. Because of the program’s 2-year rotation cycle, differ-
ent schools received the program over time, guided by the timeline and as-
signment criteria. CONAFE has the capacity to deploy approximately
360mentors for each program cycle in Chiapas, and this number has been
reasonably stable since 2009. This reflects both the financial constraints of
the program and a supply-side constraint related to the availability of
highly-educated mentors in this context. For this reason, not all primary
schools receive a mentor within a cycle. However, by the spring of 2016,
almost every school in Chiapas had received a mentor because of the reas-
signment of mentors across schools. When, in the fall of 2016, the govern-
ment converted the program to the API Plus modality, the mentor assign-
ments across schools started anew. This explains why the cumulative
number of schools that received the API Original modality at least once
during 2009–2016 (7 school years) is approximately double the cumu-
lative number of schools that received the API Plus modality at least once
during 2016–2020 (4 school years).4

3 The decision to innovate the program’s modality along these lines was inspired by exten-
sive economic literature, which suggests that successful mentoring programs in similarly dis-
advantaged contexts share a design feature of fostering parental engagement (Heckman and
Mosso 2014; Attanasio, Cattan, andMeghir 2022; García and Heckman 2023). Moreover, this
decision was influenced by the feedback received from the mentors during the initial imple-
mentation of the APIOriginalmodality. They reported that the interactionswithparents were
the most challenging aspect of their tasks in the local communities.

FIG. 1.—The mentoring program in Chiapas and the different study samples.

4 Out of the 1,523 schools in the program-eligible communities of Chiapas, 1,330 re-
ceived mentoring at least once between 2009 and 2016. The final deployment of API Orig-
inal mentors took place in the 2015–2016 school year, coinciding with the second year of
the program assignment for the second experiment (see fig. 1). At that point, the vast ma-
jority of the schools that did not receive mentoring were part of the experimental sample
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B. Experimental Design and Scale-Up Analysis

Two consecutive and independent randomized evaluations took place fol-
lowing thenationwide implementationof theAPIOriginalmentoringpro-
gram. A first experiment was directly carried out by the government. We
designed and implemented a second experiment in close collaboration
with the government, leveraging the existingprogram’s infrastructure. Fig-
ure 1 visually depicts the timelines for each pilot in comparison to the gov-
ernment’s implementation at scale of the programs. After learning about
the results of the second experiment (see sec. III), the government de-
cided to discontinue the API Original program in the summer of 2016.
All its primary schools, including those that were part of the evaluation
samples of the two randomized trials, were deemed eligible to receive
the API Plus program modality from the school year 2016–2017.
First experiment.—Eighty program-eligible primary schools were selected

among those that had never received the mentoring program before. Of
those, 62 schools were located in the state of Chiapas and the remaining
18 schools were in the three states of Hidalgo, Queretaro, and Veracruz.
Assignment to thementoring program was randomized at the school level
using a block design, with the strata represented by the Mexican states
where schools were located. Forty schools were assigned to receive API
Original starting from the 2011–2012 school year while the remaining half
of the schools were assigned to the control group without mentors.
We use administrative data on student-level test scores and a household

survey that was collected by the government. Student outcomes are mea-
sured 2 school years after the assignment of the API program through
the performance in the national standardized test for students in grades
three through six. A midline survey records parental behaviors and invest-
ments for 208 parents in 73 schools (the enumerators were not able to
reach the parents in seven schools). Because of the incomplete take-up
of the standardized achievement test—mainly due to the opposition from
the teachers’ unions in some states—we are able to match 70 schools with
599 test score records out of the subsample of 73 schools with parental out-
comes.Out of the 10 schools that werepart of the experimental samplebut
that we areunable tomatch inourfinal sample, five schools are in the treat-
ment group and five are in the control group. Table B1 (tables A1, A2, and
B1 to B15 are available online) shows balance with respect to the assign-
ment of the mentor for school and community characteristics measured
in the year before the start of the first experiment.

(100 schools in the control group and 60 schools in the API Plus group). As a result, the
fourth criterion of the priority-based scheme as described in sec. II.A, which assessed
whether communities had previously received a mentor, lost its significance in determin-
ing assignment priorities for the expansion of the API Plus program.
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Second experiment.—Two hundred thirty program-eligible primary schools
were selected in rural Chiapas from those that had never received the
mentoring program before. Assignment of the mentors was carried out
using a randomized block design at the school level, with the strata rep-
resented by the deciles of the 2012 school average in the national stan-
dardized achievement score in the Spanish test. As a result, 60 schools
were assigned to receive API Plus mentors starting from the 2014–2015
school year, another group of 70 schools were assigned to receive API Orig-
inal mentors over the same time period, and the remaining 100 schools
were in the control group with no mentors.
The data collection occurred at the end of the second experimental

school year. By that time, two of the original 230 schools in the sample
had closed, and another four schools could not implement the program
due to high political instability. Out of the six schools that dropped out
of the sample, two schools were in the control group, two were in the API
Original group, and two were in the API Plus group. The number of
schools that took part in the second experiment was 224. Table B2 shows
that a large array of predetermined covariates of schools, teachers, children,
households, andmentors is balanced with respect to the assignment of both
API Original and API Plus. The householdmodule of the survey is collected
for a random sample of five households within a 5-kilometer radius from
each school. The information is linked at the child-parent level through
unique student identifiers. The final sample consists of 1,045 children.
We use separate administrative data on students’ records to construct an

indicator for enrollment in seventh grade, which is the first grade in lower
secondary school.We link the seventh-grade enrollment data in Chiapas in
the fall of 2016with the students inour samplewhowere in sixth gradedur-
ing the spring of 2016 and were therefore making the decision of whether
to enroll in lower-secondary school. The sample reduces to 468 sixth
graders in 182 schools due to the variation in student composition across
schools in later grades. The choice of this cohort of students is meant to
maintain the same length of exposure to the mentoring program across
the sample of children in the survey.5

API Plus scale-up analysis.—As indicated in figure 1, we focus the anal-
ysis on the 356 schools that received amentor during the 2017–2018 school
year out of a total of 1,345 eligible schools (see sec. II.C). This sample se-
lection allows for 2 complete school years between the arrival of thementors
in the communities and the data collection. At the same time, it enables
us to assess the program’s effectiveness under the API Plus modality after

5 The distribution of missing schools in the analysis of transition to secondary school is
18 schools in the control group, 14 inAPIOriginal and 16 inAPI Plus. Because of thedifferent
individual identifiers, we are not able to match this dataset to the survey data. The estimates
reported in table B3 document no program effects on grade repetition and attrition, which
suggest that conditioning on grade attainment is not problematic in our context.
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sufficient time for program operations to fully adapt to the enhanced
training module for mentors. Among the 356 schools that were assigned
API Plus mentors during the 2017–2018 school year, 270 were not part of
our second experiment and 86 were part of the experimental sample. Within
the experimental sample, the probability of receiving a mentor during the
national scale-up of the API Plus modality is constant with respect to the
treatment arms of the second experiment, after controlling for the pro-
gram eligibility criteria: p-value(Original) 5 0:367; p-value(Plus) 5 0:660.
We employ administrative records detailing the program implementa-

tion in Chiapas under the API Plus modality and match this information
with thequasi-universeof schools located in villages surveyed in the2020pop-
ulation census. We utilize two village-level educational outcomes from the
census data, which refer to the school year that started in the fall of 2019:
(i) the rate of lower-secondary enrollment among children between 12 and
14 years old and (ii) the rate of child literacy for children between eight and
14 years old. Unlike other school-survey-based or administrative test scores,
these outcomes are not subject to any censoring due to school closures.
This allows us to avoid the concerns about sample selection and survivor-
ship bias due to differential school closures induced by the API Plus pro-
gram when implemented by the government (see sec. IV.A).

C. Sample Representativeness

We focus our empirical analysis in the state of Chiapas, which hosts thema-
jority of the schools that participated in the first randomized experiment,
as well as all the schools involved in the second experiment. Research find-
ings from field experiments may sometimes be difficult to generalize be-
cause, in the language of Al-Ubaydli, List, and Suskind (2020), the proper-
ties of the study population may differ from the population of interest to
policy makers.6

In table 1, we compare means in observable characteristics between
the overall population of schools in the state of Chiapas and both experi-
mental samples. The students enrolled in the schools of the first experi-
ment tend to perform worse in the national standardized tests (Spanish
and math) when compared to the overall population of students. Also,
schools in the first experiment are located in larger localities in terms of
population size. Instead, as shown in column 5 of table 1, we cannot reject
equal means across the several variables assessed between the sample of
schools of the second experiment and the overall population of schools

6 In seminal work, Heckman (1992) discusses selection into field experiments and finds
that the characteristics of subjects who participate in a randomized job training program in
the United States can be distinctly different from those of subjects who do not participate.
Recent studies document systematic evidence of positive selection of eligible participants
in experimental evaluations (Allcott 2015; Davis et al. 2021).
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in Chiapas. There is only a small imbalance in the number of enrolled stu-
dents (see panel A in table 1).
This result underscores the representativeness of the study sample in the

second experiment with respect to the population of interest. The fact that
the sample of schools in the initial government-led experimentmay not of-
fer a comprehensive picture of the intervention’s target population in
Chiapas provides a further rationale for conducting a second field exper-
iment to assess bothmentoring programmodalities, API Original and API
Plus, within a larger and more representative sample of schools. In the
scale-up analysis, we separate the experimental schools from the rest of
the nonexperimental schools in Chiapas in order to isolate any difference
in the impact of the program across situations (field experiment vs. gov-
ernment implementation of the API Plus program).
There are 1,523 schools in Chiapas that are eligible to receive the

mentoring program.7 Of those, we are able to match 1,345 schools (88%)
with the 2020 population census containing village-level educational out-
comes for the quasi-universe of the schools and the localities in Mexico.8

The probability of being unmatched is orthogonal with respect to the
probability of receiving an API Plus mentor during the government’s pro-
gram implementation in Chiapas (p-value 5 0:634). The 1,345 schools
in the matched sample serve approximately 19,000 students, with a total
of 165,000 people living in the surrounding communities. Out of these
1,345 schools, 356 received a government mentor by the 2017–2018
school year based on the assignment’s priority criteria, while the remain-
ing 989 localities that did not receive mentors are used as a comparison
group (see fig. 1). This variation enables us to estimate the program’s im-
pact at scale by comparing educational outcomes from the 2019 school
year, as recorded in the census, coinciding with the termination of the 2-
year program cycle for those schools. The census-matched sample com-
prises 1,161 nonexperimental schools and 184 schools previously engaged
in the second experiment. These two subsamplesmaintain their represen-
tativeness in terms of observable characteristics in relation to the overall
targeted populations in Chiapas (see table B4).9

Program assignment based on specific priority-based rules often fails to
adequately represent the entire population of potential beneficiaries of
the intervention. The assignment of thementors across schools in our sec-
ond experiment was randomized independently of the criteria that would
later dictate program assignment priorities at a larger scale. The estimates

7 Only schools with six or more enrolled students are eligible for the program.
8 The match between the universe of schools and the localities of the population census

is one to one, as each village has at most one primary school. For further details on the
census sampling design, please refer to INEGI (2020).

9 In our scale-up sample, 44 schools that were part of the control group in the second ex-
periment also did not receive a mentor during the national scale-up of the API Plus modality.
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TABLE 1
Differences Across Populations

All Chiapas First Experiment Second Experiment Chiapas vs. First Experiment Chiapas vs. Second Experiment
(1) (2) (3) (4) (5)

A. School Characteristics

Average test score (Spanish) 424.503 399.116 431.340 225.387 6.837
(56.466) (32.631) (60.810) [.000] [.139]

Average test score (Math) 414.921 379.165 421.333 235.756 6.412
(75.300) (45.339) (80.895) [.000] [.297]

Students (no.) 14.049 15.507 15.009 1.458 .960
(8.468) (8.781) (6.053) [.175] [.037]

Teachers (no.) 1.231 1.333 1.217 .102 2.014
(.467) (.505) (.413) [.099] [.638]

Overaged students (share) .349 .230 .324 2.119 2.025
(.797) (.552) (.659) [.088] [.610]

Schools (no.) 1,523 80 230 1,603 1,753
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B. Locality Characteristics

Total population 118.758 247.280 121.389 128.522 2.630
(221.648) (549.923) (240.562) [.043] [.879]

Rate of extreme poverty .490 .486 .473 2.004 2.017
(.500) (.503) (.500) [.949] [.644]

Incidence of social conflicts .190 .150 .187 2.040 2.003
(.392) (.359) (.391) [.335] [.919]

Rate of illiteracy .313 .321 .295 .008 2.018
(.160) (.157) (.153) [.662] [.127]

Labor force participation .297 .289 .303 2.008 .006
(.076) (.071) (.070) [.352] [.259]

Locality access without road .216 .203 .179 2.013 2.037
(.411) (.404) (.384) [.777] [.181]

Water network (Y/N) .028 .050 .022 .022 2.006
(.164) (.219) (.146) [.365] [.578]

Sewage system (Y/N) .011 .038 .009 .026 2.002
(.105) (.191) (.093) [.219] [.712]

Garbage collection (Y/N) .022 .038 .022 .016 .000
(.146) (.191) (.146) [.463] [.994]

Localities (no.) 1,523 80 230 1,603 1,753

Note.—Panel A shows school-level variables from the school census (2010), whereas panel B displays community-level characteristics from the popu-
lation census (2010). Columns 1–3 show means and SDs in parentheses for various characteristics collected before the introduction of the API program.
Columns 4 and 5 show asymptotic p-values in brackets for mean differences between the overall population and the experimental samples after adjusting
for strata fixed effects. This adjustment accounts for the presence of 18 schools in the first experiment (out of a total of 80 schools) that are situated in
different Mexican states other than Chiapas. See app. A1 for more details on the data sources.
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of program impacts on student outcomes reported in table B5 do not ex-
hibit patterns of heterogeneity based on the information underlying these
official criteria. This evidence is consistent with the hypothesis that the es-
timated effect of the Plus intervention as implemented by the government,
which are derived from the 2017–2018 assignment of the mentors across
eligible communities, is representative of the impact under the full scale
implementation of the program.

III. Impact of the Mentoring Program
on Children

In this section, we assess the impact of two different mentoring program
modalities on various measures of children’s academic outcomes. We
provide empirical evidence supporting the ineffectiveness of API Origi-
nal by analyzing the results of two independent field experiments. Subse-
quently, we quantify the positive effects of API Plus in both the randomized
evaluation and during the government’s implementation of the men-
toring intervention.

A. Empirical Model

We analyze the two experiments through linear regression models on the
treatment-assignment indicators for the API Original and the API Plus
modalities after 2 years of exposure to the mentoring program. An indica-
tor for whether or not the child speaks an indigenous language is the only
covariate that is not balanced across treatment arms in the second exper-
iment (see table B2, panel B). For this reason, we include the indicator for
indigenous language in the regression analysis of the second experiment.
All models further include the strata control variables that account for the
block randomization designs, as well as student age and gender, which are
predictive of education outcomes. During the data collection in the sec-
ond experiment, a few schools had to be surveyed on a second or third
visit due to adverse weather conditions or high political instability. The
inclusion of survey week and survey route indicators is meant to control
for the different timing of the survey in these communities. The error
terms are clustered at the school level, which represents the unit of ran-
domization in both field experiments.
To expand our analysis, we encompass the vast majority of program-

eligible schools within the state of Chiapas (see sec. II.B). Our objective
is to investigate whether the API Plus modality of the mentoring pro-
gram, implemented on a larger scale by the government, has effectively
enhanced educational opportunities for children in these disadvantaged
communities. We leverage the variability in program assignments across
communities, determined by the priority-based mechanism described in
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sec. II.A, to assess the impact of API Plus on a large scale. To do this, we
estimate the following linear regression model:

Yj 5 a0 1 a1Plusj 1 d0X j 1 ej , (1)

where Yj is a locality-level outcome on children’s education attainment for
locality j, while Plusj takes a value of 1 if the school in locality j receives a
mentor in the school year 2017–2018 and 0 otherwise. The vector Xj con-
sists of indicator functions for the four criteria used to determine the dif-
ferential priority across eligible localities/schools to receive the mentors
(see sec. II.A). We also control for the number of hostile events related
to property in land, religion, elections, crime, or drug addiction, as reported
at the locality level in the 2010 population census, as additional determi-
nants of the assignment of the mentors across localities. Finally, we include
in the vector Xj an indicator variable for prior exposure to the API Original
modality during the period 2009–2015. The parameter of interest, a1, rep-
resents the effect of exposure to the mentoring program during the gov-
ernment implementation on the outcome of interest.
The underlying identification assumption for unbiased and consistent

estimation by ordinary least squares (OLS) of a1 in equation (1) is that
the assignment of the program outside of the experiments is conditionally
random once we control for the criteria determining the priority of pro-
gram assignments. In other words, after conditioning on the assignment
criteria and the other covariates in equation (1), schools/localities that re-
ceive anddonot receive theAPI Plus program are assumed to be similar in
terms of unobserved characteristics. We provide two pieces of evidence
that should bolster the credibility of this conditional independence as-
sumption in our setting. First, we cannot reject the joint null hypothesis
of no differences in observable characteristics at school and locality-level
based on the school assignment of the mentoring program during the
year 2017–2018, after conditioning on the priority criteria (see table B6).10

Second, we run some placebo tests using the school-level standardized
achievement test scores collected before the conversion of the mentoring
program under the API Plus modality. Table B7 displays the results. The
assignment of the mentoring program outside of the experiments is not
unconditionally random (cols. 1, 3, and 5 of table B7), as priority is given
tomore disadvantaged communities. Instead, when we control for the vec-
tor Xj, the estimated coefficients displayed in columns 2, 4, and 6 of ta-
ble B7 are very small and statistically insignificant.

10 The only covariate that shows a significant difference at 5% level is of whether the lo-
cality can be accessed with a road (“Locality Access without Road”). The inclusion of this
extra covariate in our regression model (1) does not affect the estimated effect of the pro-
gram on children’s outcomes.
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To curb the possibility of detecting false positives, we go beyond the con-
ventional asymptotic inference by employing three additional procedures.
First, we present p-values based on randomization inference, which are ac-
curate irrespective of the number of sampling units or clusters. This ap-
proach is particularly relevant for the first experiment, where the number
of schools per treatment arm was smaller than in the second experiment
and the scale-up sample. Second, given the extensive range of hypotheses
explored throughout our analysis, we provide adjusted p-values that ac-
count formultiple hypothesis testing across various outcome families (List,
Shaikh, and Xu 2019).11 Third, building upon the insights in Maniadis,
Tufano, and List (2014) andAl-Ubaydli, List, and Suskind (2020), we lever-
age the value of replication by conducting two independent randomized
trials within the same program environment (API Original), as well as by
contrasting evidence on the impact of the API Plus modality under differ-
ent situations (field experiment and government rollout). For each pro-
grammodality, we calculate p-values for joint null hypotheses across the dif-
ferent study samples used throughout the analysis.12

B. Evidence on API Original

Tables 2 and 3 display the impacts of the API Original modality on chil-
dren’s schooling outcomes, collected 2 years after the introduction of the
mentoring program in each experiment. For the first experiment, the out-
come variables shown in table 2 are based on administrative records of
third to sixth graders in a national standardized test of academic achieve-
ment. For the second experiment, we collect our own measures of cogni-
tive and socio-emotional skills (cols. 1–4 of table 3), as well as a measure of
educational attainment (col. 5 of table 3).13

In spite of the differences in the measurement of children’s aca-
demic achievement, the separate analyses of the two experiments show

11 The Romano-Wolf correction (Romano and Wolf 2005a, 2005b, 2016) asymptotically
controls the familywise error rate, that is, the probability of rejecting at least one true null
hypothesis among a family of hypotheses under test. This correction is considerably more
powerful than earlier multiple-testing procedures, given that it takes into account the de-
pendence structure of the test statistics by resampling from the original data.

12 To test hypotheses across study samples, we employ Fisher’s combined probability test:
22ok

i51 log(pi) ∼ x2
2k , where pi ∼ U ½0, 1� is the p-value for the ith hypothesis test and k is the

number of independent study replications being combined. This is akin to the joint statis-
tical significance test commonly used in meta-analyses.

13 The national test that we employ in the first experiment, ENLACE, was administered
to all Mexican students in grades three through six through the year 2013 (see app. A1).
The test was terminated in 2014, so we cannot use it as a source of measurement for the
academic achievement of the children that participated in the second experiment. An-
other national standardized test was administered by the National Institute for the Evalu-
ation of Education starting in 2015, the PLANEA National Plan for Learning Evaluation,
although it was collected only in selected grades and in a random sample of students within
schools.
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TABLE 2
Children’s Achievement—First Experiment

Reading Score Math Score Science Score Overall Index

API Original 2.053 .083 2.082 2.022
[.737] [.655] [.585] [.902]
{.750} {.669} {.591} {.910}
(.779) (.739) (.717) (.878)

Schools (no.) 70 70 70 70
Observations 599 599 599 599

Note.—This table shows OLS estimates and the associated p-values on student outcomes,
measured after 2 years of exposure to thementoringprogramunder thefirst experiment run
by the government. For detailed descriptions of the test scores used in this table, see app. A1.
The dependent variables are standardized with respect to their means and the SD in the
control group. The p-values reported in brackets refer to the conventional asymptotic stan-
dard errors. The p-values reported in braces are computed using randomization inference
(randomization-t). The p-values reported in parentheses are adjusted for testing the null im-
pact of API Original across the four outcomes shown in the table through the stepwise pro-
cedure described in Romano andWolf (2005a, 2005b, 2016). All p-values account for cluster-
ing at the school level.

TABLE 3
Children’s Achievement and Attainment—Second Experiment

Survey-Based Test Scores

Administrative

Records

Reading Math
Socio-

Emotional
Overall
Index Enroll Secondary

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

API Original .126 .056 .071 .126 .073 .081
[.104] [.455] [.418] [.182] [.255] [.519]
{.134} {.486} {.446} {.222} {.281} {.567}
(.150) (.558) (.558) (.240) (.311) (.478)

API Plus .315 .237 .199 .368 .124 .298
[.001] [.008] [.022] [.001] [.074] [.030]
{.001} {.014} {.032} {.001} {.089} {.052}
(.001) (.005) (.011) (.001) (.030) (.030)

API Original5 API Plus [.043] [.043] [.178] [.021] [.469] [.134]
{.077} {.112} {.221} {.024} {.568} {.230}
(.045) (.045) (.100) (.024) (.372) (.156)

Schools (no.) 224 224 224 224 182 76
Observations 1,044 1,044 1,045 1,045 468 106

Note.—This table shows OLS estimates and the associated p-values on student outcomes
measured after 2 school years of exposure to the API program under the second experiment
designed and implemented by the authors in collaborationwith the government. For detailed
descriptions of the test scores used in this table, see app. A2. The dependent variables in
cols. 1–4 are standardized with respect to their means and the SD in the control group.
The dependent variables in cols. 5 and 6 are computed from administrative school records
(see app. A1). The p-values reported in brackets refer to the conventional asymptotic stan-
dard errors. The p-values reported in braces are computed using randomization inference
(randomization-t). The p-values reported in parentheses are adjusted for testing each null
hypothesis (null impact of API Original, API Plus, and the comparison) for the each family
of outcomes (survey-based and administrative records) through the stepwise procedure de-
scribed in Romano andWolf (2005a, 2005b, 2016). All p-values account for clustering at the
school level.



consistently inconclusive evidence regarding the effectiveness of the API
Original modality of the mentoring intervention. Depending on the out-
come, the effect of the program on children in the first experiment ranges
from positive to negative and is not statistically different from zero. The
size of the estimated treatment effect on the overall index for academic
achievement (col. 4 of table 2)—an average weighted by generalized least
squares (GLS) across the three subject tests that increases the power of the
analysis (O’Brien 1984)—is negative, small, and imprecise.14

Effect sizes are positive and slightly more precise in the second experi-
ment (see row 1 of table 3), although none of the estimated coefficients gets
close to conventional significance levels. The impact on the GLS-weighted
overall index for student achievement across the two cognitive measures
and the socio-emotional score is 0.13 SD—a nonnegligible effect size that
is nonetheless not statistically different from zero (p-value 5 0:24 after ad-
justing for multiple hypothesis testing). The effect of the APIOriginal mo-
dality of thementoring program on the transition rates to lower secondary
school are shown in columns 5 and 6 of table 3. The estimated effect sizes
are noisy, with an increase of 7–8 percentage points out of a basis of 62%
enrollment rate in seventh grade in the control group.
The evidence is consistent that the API Original modality has not dem-

onstrated substantial improvements in children’s educational outcomes.
The test statistic of the joint hypothesis of no effect across both experi-
ments on schooling achievement has a p-value 5 0:460. The lack of statis-
tical significance of the effect of this specific mentoring approach among
two independent and representative samples of schools may thus be indic-
ative of a null result. These findings give rise to concerns about the poten-
tial impact and effectiveness of thementoring program, which had already
been implemented on a larger scale by the government.

C. Evidence on API Plus

The second row of table 3 displays the estimated coefficients for the aver-
age impact of the API Plusmodality of the API programwhen compared to
the control group. Children who are enrolled in schools that receive the
API Plus mentors increase their reading scores by 0.32 SD (p-values ≤
0:001). Quantitatively, the effect of API Plus is approximately 2.5 times
larger than theeffectofAPIOriginal.Thedifferencebetween the twoprogram

14 The GLS weighting procedure increases efficiency when compared to other summary
indices by ensuring that outcomes that are highly correlated with each other receive less
weight, while outcomes that are uncorrelated—and thus represent new information—re-
ceive more weight. This procedure is more powerful than other popular tests in the repeated-
measures setting. Also, missing outcomes are ignored when creating the GLS-weighted score.
Thus this procedure uses all the available data, but it weights outcomes with fewermissing values
more heavily.
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effects is statistically different from zero after adjusting for multiple hy-
pothesis testing (p-value 5 0:045). We find similar patterns when we look
at math scores (col. 2), which show a sizable and highly significant effect of
the API Plus modality, with an estimated treatment effect of 0.24 SD.
TheAPI Plus programalso generates a sizable improvement in the socio-

emotional score of 0.2 SD (col. 3). While the difference with respect to the
API Original modality is at themargin of statistical significance (p-value 5
0:100), the larger effect of the API Plus modality is consistent with qualita-
tive evidence documenting that mentors with enhanced training acquired
more effective skills to deal with children’s emotions during the bimonthly
sessions.15 The effect size of the API Plusmodality on the GLS-weighted in-
dex of achievement displayed in column4 of table 3 is very large (0.37 SD),
precisely estimated (p-values ≤ 0:001), and statistically different at the
5% level from the effect of the API Original modality.16

Columns 5 and 6 in table 3 report the estimated effects on the average
transition rate to secondary school. Less than two-thirds of the sixth graders
in the control group enroll in seventh grade, while the corresponding na-
tional average is 95%. The API Plus modality increases the probability
of a child’s enrolling in seventh grade by 12 percentage points. This effect
on education attainment is precisely estimated (p-value 5 0:030 after ac-
counting for multiple hypothesis testing) and quantitatively sizable, as it
represents a 20% increase in the share of students who transition to sec-
ondary school, relative to the mean in the control group. The size of the
effect more than doubles when we focus on the subsample of overaged
sixth graders (13 years old or older; col. 6). Given recent longitudinal ev-
idence on the labormarket returns associated to the primary-to-secondary
schooling transition inMexico (Araujo andMacours 2021), our estimated
effect sizes on schooling attainment are particularly important in terms of
life-cycle opportunities.
We finally investigate the extent to which the positive effects of the API

Plus modality of the mentoring program on children’s outcomes can be
sustained at a larger scale. Secondary school is a critical period for the ed-
ucational outcomes of the disadvantagedpopulation under study, asmore

15 We conducted a series of in-depth interviews in the spring of 2022 for a small and rep-
resentative subsample of 16 mentors and 12 community instructors who were part of our
study. Appendix A3 reports more details about these interviews. Tables A1 and A2 show
that the characteristics of these survey respondents are broadly comparable to those of
the mentors and the local instructors in the second experiment.

16 In tableB8we report the results by subdomains of the reading scores (panel A) andmath
scores (panel B). While the estimates are erratic and not statistically significant for the API
Original modality, the API Plus modality is shown to increase students’ proficiency in reading
across various domains (familiar-word reading, reading comprehension, and dictation). For
math scores, theAPI Plusmodality seems particularly effective onnumbers’ identification and
discrimination, as well as addition. Similarly, in table B9 we report the effects of the two pro-
gram modalities for each individual component of the socio-emotional score.
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then a quarter of the children aged 12–14 in Chiapas are out of school.
Column 1 of table 4 shows that the program increases the fraction of chil-
dren who enroll in secondary education by 5.6 percentage points
(p-value 5 0:020) for the sample of schools that did not previously partic-
ipate in the second experiment. This represents an increase of 7.6%
with respect to the samplemean. For the schools that were previously part
of the experiment, the impact of receiving the program during the gov-
ernment implementation is larger (19.1 percentage points; p-value 5
0:041; see col. 3 in table 4). These effects of the mentoring intervention
during the government’s program implementation are statistically similar
across the two school subsamples, and they are in line with the experimen-
tal findings of the API Plus modality on the enrollment in seventh grade
documented in column 5 of table 3.17

The estimates of the impact of the government-run API Plus mentoring
modality on child literacy are displayed in columns 2 and 4 of table 4. This
is another relevant educationoutcome for the disadvantaged communities
that are targeted by the intervention, akin to the achievement test scores
reported in tables 2 and 3. In our sample, 13% of school-aged children
are still illiterate. After 2 years of exposure, we find that villages that
received mentors display a 2.8 percentage point (p-value 5 0:020) in-
crease in child literacy rates when compared to villages without mentors.

17 The census-based information reported in table 4 represents the locality-level stock
(rates) of children enrolled in secondary school in a given year, while our measure of en-
rollment in seventh grade (see table 3) represents the flow of new students enrolling in any
secondary school.

TABLE 4
Children’s Achievement and Attainment—API Plus Scale-Up

Nonexperimental Schools Experimental Schools

Enroll
Secondary

Child
Literacy

Enroll
Secondary

Child
Literacy

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

API Plus .056 .028 .091 .035
[.010] [.012] [.022] [.078]
{.011} {.014} {.021} {.075}
(.020) (.020) (.041) (.075)

Schools (no.) 1,161 1,161 184 184

Note.—This table shows OLS estimates and the associated robust p-values on locality-
level outcomes measured after 2 years of exposure to the API Plus modality of the
mentoring program under the government implementation. For detailed descriptions
of the outcome variables used in this table, see app. A1. The p-values reported in brackets
refer to the conventional asymptotic standard errors. The p-values reported in braces are
computed using randomization inference (randomization-t). The p-values reported in pa-
rentheses are adjusted for testing the null impact of API Plus for the two different
subsamples of schools (nonexperimental and experimental) through the stepwise proce-
dure described in Romano and Wolf (2005a, 2005b, 2016). All p-values allow for heteroske-
dasticity of unknown form.
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The magnitude of this effect implies a reduction of illiteracy rates by 21%
with respect to the sample average. The estimated program effect for the
subsample of experimental schools is quantitatively similar, although a
bit noisier (13.5 percentage points; p-value 5 0:075).
Both across different samples of schools under the same program mo-

dality and across different situations for the same sample, our findings
overwhelmingly support the notion that the API Plus program has im-
proved education outcomes for children in these disadvantaged commu-
nities. This interpretation is corroborated by the test statistics for the joint
hypothesis of no effect for this modality of the mentoring program on
schooling achievement and attainment, which are highly significant
(p-values 5 0:0001 and 0.001, respectively). Furthermore, the program’s
impacts endure beyond the conclusion of the 2-year intervention, enhanc-
ing its potential for scalability. Leveraging the initial randomization from
the second experiment, figure B1 (figs. B1 to B3 are available online)
shows that the effect of the API Plus program on secondary-school enroll-
ment continues beyond the 2-year time frame of the program’s cycle. Fig-
ure B2 shows that extended exposure to the program beyond the initial 2-
year cycle further enhances the program’s impact.

IV. Challenges and Pathways to Scale

Despite the substantial impact of the mentoring program on supporting
students and improving their educational outcomes, there are potential
risks associated with the government’s conversion of infrastructure for
the large-scale implementation of the API Plusmodality. The literature dis-
cusses various mechanisms that can cause a voltage drop in the new situa-
tion (Al-Ubaydli, List, and Suskind 2020). In this section, we first outline
specific aspects in the implementation protocol of the mentoring pro-
gram thatmay have led to contrasting outcomes between the experimental
phase and the subsequent government implementation.Wenext study the
possible mechanisms behind the success of the API Plus modality of the
mentoring intervention using an array of surveymodules collected during
the two field experiments. This analysis aims to shed light on the pathways
that likely facilitated the program’s scalability.

A. Program Implementation Fidelity

The fidelity of the training and supervision might fall during the na-
tional program implementation even when scaling-up does not require
hiring and training an increased number of service providers. There
were two differences between how mentors were recruited and assigned
to communities within the randomized trial and how recruitment and
assignment was conducted in the ongoing government intervention
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(API Original). First, in the randomized trial, the most important criterion
for the assignment of the mentors was the ability to speak the main indige-
nous language in the community. Second, supervisors of the mentors re-
ceived a salary increase in exchange for an obligatory increase in the fre-
quency of their visits to the targeted communities. The extent to which
these implementation changes were later adopted by government during
the scale-up of the API Plus modality could potentially influence the effec-
tiveness of the mentoring service.
We begin by examining the extent to which the population of mentors

was similar between the experiment and the scale-up. To do so, we inte-
grate the survey data on mentors from the second experiment with the
program-roster data of mentors during the scale up.18 Despite a limited
set of common variables across these two datasets, table B10 demonstrates
that the observable traits ofmentors in our experiment are similar to those
of mentors in the program’s scale-up. Gender, age, and the percentage of
mentors who speak an indigenous language are evenly distributed across
settings, which lends at least some empirical support to the notion that
the recruitment practices used during the program’s scale-up were consis-
tent with those used in the experiment.
The presence of similar populations of mentors across different situa-

tions does not necessarily imply consistency inmentoring practices. Differ-
ences in incentive structures and training modules between the govern-
ment implementation and the field experiment could potentially affect
both the quantity and quality of the mentoring service. To examine this,
we leverage survey data in our experimental schools on various topics re-
lated to the schooling environment, with a specific focus on the activities
of mentors. We use data from two survey rounds that record instructor-
reportedmeasures of mentoring practices from 56 and 58 schools, respec-
tively, that were part of the API Plus program (see app. A2 for further de-
tails on the surveys) inorder to test thehypothesis thatmentoringpractices
underwent significant changes during the government’s scale-up.
The estimates displayed in figure2 represent the difference inmeans be-

tween the two survey periods, and relative inference, whereby the first pe-
riod denotes the experimental setting and the second period denotes the
scale-up regime. Figure 2A examines the quantity aspect of the mentoring
service inmore detail. Overall, the point estimates are negative, but gener-
ally small and noisy. The first variable shown in this panel is the number of
days that mentors spent in the community during their last visit. The coef-
ficient for this variable is 21.58, which indicates that, on average, during

18 The survey data comprises responses from a total of 139 mentors, while the program-
register data includes 441 mentors. The number of mentors exceeds the number of schools
because the survey included both mentors assigned to schools and those who were awaiting a
role. In the 2016 survey, for instance, the 139mentors were either assigned to the 107 unique
schools included in the survey or they were currently awaiting a role within the program.
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the government implementationmentors spent 1.5 fewer days in the com-
munities (of the 14-day visit) compared to the experimental setting. The
second variable of panel A is the number of activities (ranging from 0 to 5)
that the mentor carries out with the local instructor in the current school
year.19We observe thatmentors, in comparison to the field experiment, de-
crease the number of pedagogical training activities provided to teachers
by approximately 1 in the current school year. The third variable indicates
a decrease in the amount of time mentors spend with local instructors
across the two scenarios. Specifically, mentors spend 1 minute less during
their last visit to the community. In two out of three cases we cannot reject
the null hypothesis of zero effect at conventional levels of significance.
In terms of the quality of thementoring programs, our results also show

a small and statistically insignificant reduction in our observed measures
between the field experiment and the government setting. The estimates
of the mean differences across situations are shown in figure 2B. Both the
number of meetings with parents of underperforming students (20.60)
and the number of students benefiting from the mentor support (20.55)
decreased during the government scale-up of the API Plus intervention.

19 This measure represents the total number of activities that are completed by the men-
tor out of the following five: (i) talking with students about the school and their families;
(ii) going over the diagnostic tests to students; (iii) explaining the pedagogical practices to
the teachers; (iv) explaining to the teachers what to do to improve the performance of
their classroom; and (v), supporting the teacher in the creation of the classroommaterials.

FIG. 2.—Differences in the mentoring practices between experiment and scale-up. The
figure shows the comparison in the quantity and quality of API Plus mentors between the
second experiment and the government implementation. This information is collected dur-
ing the surveys of the local instructors, in the school years 2015–2016 and2018–2019.Eachdot
in the figure represents an OLS estimate for the difference in the mentoring services across
the two situations, whereas the horizontal bars are the associated 90% and 95% confidence
intervals. The associated table with the OLS estimates, p-values, and number of observations
are also reported in table B11. All the regressions include the same set of controls as in table 4.
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Finally, when considering the time that mentors spent with children dur-
ing their last visit in the communities, our results suggest no change in
mentoring practices. Mentors spend the same amount of time (minutes)
with students in the field experiment compared with the scale-up regime.
The continuity of school services is vital for maintaining the program’s

effectiveness, as schools serve as the conduit for delivering the mentoring
service. Consequently, the occurrence of school closures can significantly
disrupt the program. Some institutional detailsmake school closuresmore
salient during the government implementationof thementoring interven-
tion when compared to the experimental situation. For example, the deci-
sion to close a school is determined by the parent association with a vote.
Whenever the number of students enrolled drops below six, the school
ceases to operate by default, unless the majority of parents oppose by vote.
Schools in the second experiment were allowed to remain open if they had
at least three enrolled students in either of the 2 school years of the study
period. As a result, only two schools closed in the experimental sample of
230 schools, compared with an average 11% school closing rate in the rest
of Chiapas for the 3 years before the experiment and with a 19% probabil-
ity of school closures for schools with a size below the median.
On one hand, it is conceivable that the program could fail when imple-

mented on a larger scale due to the potential of school closures. On the
otherhand, if the API Plus program successfully prevents the adverse event
of school closures during the government implementation, it presents us
with a valuable opportunity to gain insights into the mechanisms that en-
hance the scalability of this programmodality when compared to the pre-
vious modality. To gain insights into this potential threat to scalability, we
adopt the same regression model (1) and the same sample of schools pre-
viously used to evaluate the mentoring intervention on children’s out-
comes at scale (see table 4). In this analysis, the outcome of interest is
whether a school is recorded as permanently closed in the administrative
school census during the fall of 2019.
Figure 3 shows that the government implementation of the API Plus

modality induces a significant and large effect, in percent terms, on school
closures.20 Both experimental schools and nonexperimental schools in
Chiapas exhibit similar patterns of school closures. When focusing on
the schools outside of the experimental sample in Chiapas (N 5 1,161),
we observe a 6.8 percentage point reduction in the probability of school
closures due to the program (p-value < 0:001). Schools that were previ-
ously part of the experimental sample (N 5 184) also experience a notable

20 For the overall sample of schools in the scale-up analysis (both experimental and non-
experimental schools), only 1.6% of the schools with API Plus mentors are permanently
closed after 2 years of exposure to the government-run program, against 9.1% of closures
among schools without mentors.
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decrease in school closures during the government implementationofAPI
Plus, with anaverage impact of thementoringprogramof27.0 percentage
points (p-value 5 0:026).
The conversion of the program from a field experiment to govern-

ment implementation has the potential to create significant disruptions.
The evidence does not support the notion of a severe decline in the
mentoring practices in the scale-up phase. Our previous findings on
the impact of the API Plus program on educational outcomes docu-
mented in table 4 and the evidence on school closures discussed in this
section are consistent with the hypothesis that the program’s underlying
effectiveness endures during the government implementation.

B. Plus versus Original: Channels

In this subsection, we study the possible mechanisms behind the success of
theAPI Plusmodality of thementoring interventionusing an array of survey

FIG. 3.—The impact of the API Plus program on school closures. The bars in the figure
represents the OLS estimates of the assignment to the API program during the govern-
ment implementation of the Plus modality (same as in equation (1)) on the rate of school
closures, as measured over the subsequent 2 years. Vertical lines overlaid on each bar dis-
play the 95% and 90% confidence intervals, respectively. Confidence intervals are based on
asymptotic inference. The OLS estimates, p-values, and number of observations for the two
subsamples of schools are also reported in table B12.
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modules collected during the two field experiments.21 Table 5 presents the
average impact of the programonGLS-weighted indices of parental invest-
ment in their children’s education (see app. A2).22 Panel A displays the es-
timates of the API Original modality in the first experiment, while panel B
shows the corresponding figures for both of the API modalities in the sec-
ond experiment. Under the API Original program, consistently across ex-
periments, the estimates are not statistically different from zero, with signs
of the coefficients that range from positive to negative and effect sizes on
the overall index of 20.03 and 0.1 SD.
Parents appear to be systematically more invested in their children’s ed-

ucation activities under the API Plus modality of the mentoring program.
The estimates reported in panel B of table 5 document that mentors with
enhanced training are more effective in boosting parental engagement,
both toward the school and directly with the child. The point estimates
are positive throughout. After correcting inference formultiple hypothesis
testing, three out of four coefficients are statistically significant at the 5%
level, with a very large effect size for the overall index of parenting practices
of 0.36 SD. We can reject the null hypothesis of equal treatment effects on
all four parental outcomes.
Home visits are a key component of thementoring intervention under

study. The goal of these visits, as well as other encounters between men-
tors and parents in the school’s premises, is to increase parental aware-
ness about their children’s educational trajectories through periodic
interactions. We study the role of the these interactions as a potential
mechanism behind the observed effect of the API Plus modality on pa-
rental investment.
Panel A in table 6 displays the estimated differences across the two API

modalities on selected survey variables when parents were asked about the
frequency and content of their interactions with thementors over a period
of 2 months prior to the survey (parents in the control group cannot be
part of this analysis by design).23 The evidence shows a clear patterndespite
quite noisy estimates (due to missing observations and reduced sample

21 As discussed in sec. II.C, the sample of schools of the second experiment is largely rep-
resentative of the broader population of schools in the state of Chiapas in terms of observ-
able characteristics (see tables 1 and B4), as well as in terms of program impacts (see table 4
and fig. 3).

22 We also estimate the impacts of both the API Original and API Plus modalities for
each of the individual measures of the parental behavior collected in the survey that have
been aggregated in the summary measures displayed in table 5. Table B13 reports the re-
sults, which are broadly comparable to the estimates discussed in the text. They show large
and significant effects for the API Plus modality on food donations to the instructors, the
management of the school resources, helping with homework, enrolling their children in
extracurricular activities, expecting their children to complete secondary education or
more, and meeting periodically with the instructor.

23 The number of observations varies across the columns in panel A due to some of the
591 interviewed parents not responding to the survey questions. Missing values for each
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size). Over a 2-month period, mentors in the API Plus modality met 1 ad-
ditional time with parents at school and 0.7 additional times at home com-
pared to those in the API Original modality (sample means in the API
Original group are 5 and 3, respectively). The GLS-weighted index shown
in column3 documents that the quantity of parent-mentor interactions in-
creased by 0.36 SD under the API Plus modality, which is significant at the

outcome are balanced with respect to the assignment of the API Plus (p-values 5 0:746,
0.183, 0.442, 0.517, 0.539, and 0.575).

TABLE 5
Parental Investment

Engage at
School

Manage
School

Resources

Engage
With
Child

Overall
Index

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

A. First Experiment

API Original .198 2.135 .149 .101
[.259] [.415] [.399] [.580]
{.261} {.422} {.399} {.578}
(.338) (.511) (.511) (.511)

Schools (no.) 73 73 73 73
Observations 208 208 208 208

B. Second Experiment

API Original 2.188 2.124 .167 2.034
[.049] [.176] [.015] [.684]
{.070} {.216} {.030} {.709}
(.058) (.197) (.015) (.630)

API Plus .217 .087 .353 .359
[.034] [.344] [.001] [.001]
{.047} {.393} {.001} {.001}
(.037) (.247) (.000) (.001)

API Original 5
API Plus [.001] [.056] [.029] [.001]

{.000} {.058} {.171} {.001}
(.002) (.036) (.036) (.001)

Schools (no.) 224 224 224 224
Observations 1,045 1,045 1,045 1,045

Note.—This table shows OLS estimates and the associated p-values on survey-basedmea-
sures of parental behavior measured after 2 years of exposure to the API program. Panel A
refers to the first experiment run by the government. Panel B refers to the second experiment
designed and implemented by the authors in collaborationwith the government. For detailed
descriptions of the individual components of the summarymeasures of parental engagement
used in this table, see app. A2. The p-values reported in brackets refer to the conventional as-
ymptotic inference. The p-values reported in braces are computed using randomization infer-
ence (randomization-t). The p-values reported in parentheses are adjusted for testing each
null hypothesis (null impact of API Original, API Plus, and the comparison) for the two dif-
ferent families of outcomes through the stepwise procedure described in Romano and Wolf
(2005a, 2005b, 2016). All p-values account for clustering at the school level.
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TABLE 6
The Role of Mentors in Fostering Parental Attitudes—Second Experiment

(1) (2) (3) (4) (5) (6) (7)

A. Parents and Mentors Interactions (as Reported by Parents)

Quantity (Last 60 Days) Quality

Meetings Visits Index Inform About Child Advise About Child Index

API Plus 1.039 .726 .362 .102 .100 .251
[.147] [.125] [.062] [.057] [.034] [.040]
{.194} {.171} {.094} {.097} {.056} {.070}
(.194) (.194) (.100) (.078) (.078) (.078)

Observations 482 491 504 354 353 357

B. Parenting Styles Promoted by Mentors (as Reported by Mentors)

Educative Style Emotional Style

Communication Learning Index Share Feelings Self-Knowledge Manage Transitions Index

API Plus .178 .168 .494 .049 .030 .142 .194
[.038] [.077] [.018] [.627] [.756] [.123] [.312]
{.049} {.092} {.024} {.637} {.749} {.118} {.315}
(.070) (.070) (.040) (.846) (.846) (.295) (.542)

Observations 107 107 107 107 107 107 107

Note.—This table shows OLS estimates and the associated p-values of the API Plus modality on survey-based measures of interactions between parents
and mentors (panel A) and the different parenting styles that are promoted by the mentors during their interactions with the parents (panel B). For a
detailed description of the outcome variables used in this table, see app. A2. The p-values reported in brackets refer to the conventional asymptotic in-
ference. The p-values reported in braces are computed using randomization inference (randomization-t). The p-values reported in parentheses are ad-
justed for testing the effect of API Plus for the different families of outcomes (quantity and quality of interactions, parenting styles) through the stepwise
procedure described in Romano and Wolf (2005a, 2005b, 2016).



10% level. Columns 3 and 4 of panel A show marginally significant esti-
mates on two measures of the quality of the interactions between par-
ents and the mentors: (i) an indicator variable for whether the mentors
have informed parents about their children’s learning difficulties and
(ii) whether the mentors provide concrete advice to the parent on how
to tackle these difficulties. The effect sizes are large for both outcomes, im-
plying a 14% increase in the probability of informing parents relative
to the respective sample means in the API Original group (70%). The
estimated coefficient for the GLS-weighted quality index is 0.25 SD, which
is significant at the 5%–10% level depending on the inference procedure
(col. 5).
Panel B in table 6 shows the effect of the API Plus on different compe-

tencies, or “parenting styles,” that the mentors report to have promoted
during their encounters with parents (see app. A2).24 Mentors with en-
hanced training are more inclined to foster attitudes that are centered
on educative parenting styles, such as communicating with the child (col. 1),
as well as learning activities (col. 2). The overall educative style GLS-weighted
index displayed in column 3 of panel B shows a sizable and significant
effect (p-value 5 0:040) of the API Plus modality, with an increase of
0.49 SD in the promotion of educative parenting styles to parents during
the home visits. The estimates in columns 4–7 of panel B cover different
aspects of the parent-child relationship, particularly emotional practices.
Our results show positive effects in this area of parent-mentor interac-
tions, although these effects are statistically insignificant.
These findings point toward cross-modality variation in the quality of

both the parent-mentor interactions and parent-child interactions as a po-
tential mechanism behind the observed difference in parental investment
and in children’s outcomes. Although we are unable to precisely quantify
the individual impact of each training module, it is probable that these ef-
fects can be attributed to the parenting-skill training modules and the
peer-to-peer sessions facilitated by mentors. Instead, the extra week of ini-
tial training is focused on pedagogical practices targeted to children at
school. Qualitative evidence seems indeed to corroborate this hypothesis.
We report here a few quotes from mentors who have participated to the
training sessions of the API Plus modality (see app. A3 for more details):

• “During the workshops I was told that I should be able to adapt to
the context of the community and understand the local living ar-
rangements in order to establish a dialog with the parents without
modifying what they conceive as their environment.”

24 Of a total of 126 schools that received mentors between the API Original and API Plus
modalities, our survey enumerators were able to collect information for 107 schools. The at-
trition of survey participation is unrelated to the treatment assignment (p-values 5 0:514).
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• “It was recommended that we pay frequent home visits so as to es-
tablish a relationship with the parents and gain their trust.”

• “[The workshops] exposed us to effective strategies of other men-
tors [for dealing with parents] that we could try and implement
in our community.”

We evaluate the role of other possible channels related to the mentoring
service that might partially account for the effectiveness of the API Plus
program compared to the API Original modality. In particular, we focus
on themain tasks of thementors in the school communities beyondparen-
tal involvement: (i) remedial education sessions with students lagging be-
hind and (ii) pedagogical support to the local instructors. Although the
design of the second experiment does not allow us to isolate the direct ef-
fect of the remedial education sessions within each API modality, we ex-
ploit the discontinuity in the eligibility of children for the remedial ses-
sions (see sec. II.A for details on the eligibility). The estimates displayed
in table B14 suggest that there is no differential effect across achievement
outcomes in the relative impact of the two training modalities between
children who aremore or less likely to be eligible for the remedial sessions
(see also fig. B3).
Wenext consider the role of the pedagogical practices of the community

instructors. Because mentors provide help in improving their teaching
habits, we test the hypothesis of whether this factor may partly explain the
differential effect of the API Plus modality on children’s outcomes. ta-
ble B15 reports estimates of the effect of API Original and API Plus using
data at the school level on four summarymeasures of pedagogical practices
based on GLS-weighted indices across an array of instructor-student inter-
actions (for details, see app. A2).25 The results show erratic patterns of pos-
itive and negative signs with no statistically significant effects of either API
modality.
In summary, differences in effectiveness across modalities of remedial

education sessions or variations in pedagogical support for instructors
are unlikely to account for the success of the API Plus program. The avail-
able evidence suggests that a greater parental involvement, whichwas likely
triggered by enhanced parent-mentor interactions, played a central role.

C. Parents as Potential Means of Scalability

Given the results documented in sections IV.A and IV.B, we next explore
the link between school closures and the engagement of parents with
the school community under the randomized program assignment. The

25 The sample average number of instructors per school is 1.2 in the school year prior to
the start of the second experiment.
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functioning of the community-based schools under study is heavily reliant
on the active involvement of parents through the local parental associa-
tion. In particular, the association rules over the decision of whether or not
toclose the school, a situation that is automatically consideredwhen thenum-
ber of students enrolled in the school drops below six (see sec. II.A). Be-
cause school closures can undermine the success of the API Plus mentor-
ing modality outside of the experimental conditions, this effectively
implies that parents can play a crucial role in the scalability of the men-
toring program.
We explore this possibility by examining whether or not the contrasting

responses in parental investment across the two mentoring interventions,
as shown in table 5, are reflected in differential rates of school closures be-
tween the two program modalities. Columns 1 and 2 of table 7 show the
reduced-form effects of the two randomized programmodalities—in both
the first experiment (col. 1) and the second experiment (col. 2)—on the
probability that schools close 2 years after the program intervention. The
APIOriginalmodality displays small and noisy effects on school closures in
both experiments, which are not statistically different from zero. This find-
ing supports the notion that situations characterized by a lack of parental
engagement—as indicated by our previous results—are not conducive to
the effectiveness of community-based educational programs.
Column 2 of table 7 shows that the API Plus modality, which substan-

tially boosts parental engagement during the experiment, has a large and

TABLE 7
School Closures and Parental Engagement

Outcome: School Closures

First
Experiment

Second
Experiment

Second
Experiment, IV

(1) (2) (3)

API Original .063 2.031 2.031
[.225] [.396] [.410]

API Plus 2.083
[.030]

Overall parental engagement 2.217
[.021]

Observations 73 224 1,045
Clusters 224
F-statistic (excl. instrument) 13.833

Note.—Columns 1 and 2 of this table report the estimates at the school level for the
reduced-form effects of the API modalities during the two experiments on the probability
of school closures 2 years after the program intervention. Column 3 reports the IV esti-
mates at the individual level of the impact of parental engagement on school closures,
where the randomized API Plus modality during the second experiment is used as an IV
while the randomized API Original modality is included as a control variable. The variable
“Overall Parental Engagement” is the same variable used in col. 4 of table 5. The asymp-
totic p-values reported in brackets allow for heteroskedasticity of unknown form in cols. 1
and 2, while they are clustered at the school level in col. 3.
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significant impact on school closures 2 years after the API Plus modality
was adopted by the government. Schools are 8.3 percentage points less
likely to close (p-value 5 0:030). This result echoes previous evidence
on the relationship between the probability of closures for schools that re-
ceive a mentor during the government implementation of the API Plus
modality, which is shown in figure 3.
The IV estimates shown in column 3 of table 7 go a step further and

quantify the causal effect of parental engagement on the probability of
school closures. An increase of 0.1 SD in the overall parental engagement
index is associated with a reduction of 2.2 percentage points in the prob-
ability that their children experience a school closure (p-value 5 0:021).
We propose three main reasons why it seems plausible to assume that par-
ents are the primary channel through which the API Plus modality influ-
ences school closures. First, contextual information points to the role of
the parental association in deciding school closures. The role of parents
in ensuring continuity in schooling activities clearly emerges in the quali-
tative evidence.26 Second, our findings reported in sec. IV.B reject the hy-
pothesis that other behavioral responses by teachers and studentsmayme-
diate the effect of the API Plus program on school closures. Third, the
absence of any impact from the API Original mentoring program in both
independent field experiments on parental investments and school clo-
sures (see tables 5 and 7) serves as further corroboration that, when paren-
tal investments are not boosted by the intervention, the underlying impact
on school closures is muted.
Taken together, the evidence presented in this section is consistent with

the hypothesis that the effectiveness of the mentoring intervention dur-
ing the large-scale implementation of the program likely depends on
the active involvement of parents in educational activities. Within the
new program modality, parents not only increased their interactions and
investment with children—a result common to past successful interven-
tions (Heckman and Mosso 2014; Zhou et al. 2021; García and Heckman
2023)—but also intensified their engagement at the school and commu-
nity level. Parental responses are shown to prevent schools from closing,
which would otherwise pose a threat to the scalability of the program dur-
ing government implementation.

26 As reported by the local instructors, engaged parents may have more at stake in keep-
ing the schools open as they invest in durable goods for the local school: “[Parents] help
manage the school and contribute by improving the fencing, painting the walls, fixing the
toilets, as well as buying school materials.” “[Parents] serve the needs of the school with
construction works and they provide food to the local instructor.” As reported by the men-
tors, parents follow up with their children on homework and other pedagogical material
whenever the mentor is busy attending tasks outside of the community: “Parents used to
provide support with homework whenever mentors are visiting other communities ensur-
ing pedagogical support, so that upon the return of the mentors the children are able to
make progress in the schooling activities without setbacks.”
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V. Conclusion

This paper seizes a unique opportunity to investigate the challenges and
determinants of scaling when transitioning an educational intervention
from a field experiment to government implementation. In the context
of a school-mentoring program in the state of Chiapas, Mexico, we show
that relativelyminor variations in the training content of mentors can lead
to large changes in schooling outcomes. While the government’s original
implementation of the programproves to be largely ineffective, an alterna-
tive approach that prioritizes mentors’ ability to effectively interact with
and engage parents was successful in enhancing test scores and improving
educational attainment for the students in our sample. Themagnitudes of
the estimated impacts are comparable across situations (field experiment
vs. government implementation), as well as across study samples (experi-
mental schools vs. the rest of the schools in Chiapas).
We acknowledge the limitations of the empirical analysis in addressing

the “vertical” aspect of scaling, as outlined in List (2022), which would in-
volve supply-side considerations for the implementation of the program at
a larger scale. One possible contextual shortcoming is that the interven-
tion under study relies on university graduates as mentors. This feature
may hinder the extent to which the program can be scaled up in settings
where human resources with relatively high levels of human capital are
scarce. Finally, while we underscore the pivotal role that local communities
and parents play in promoting the success of education interventions, our
evidence is merely suggestive on the channels through which this particu-
lar program remains successful when implemented at scale.More research
is needed to further explore the complex social dynamics triggered by
large-scale interventions.

Data Availability

Code replicating the tables and figures in this article can be found in
Agostinelli et al. (2024) in the Harvard Dataverse, https://doi.org/10
.7910/DVN/TOTKSS.
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