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Abstract

This dissertation is composed of three chapters. Each chapter is a paper in the field of economics of
education. Together, they examine the impact of three educational interventions aimed at improving

student outcomes, using experimental methods across diverse settings.

The first chapter estimates the impact of partially substituting instructional time for the use of
computer-adaptive learning technology. To examine this, a field experiment was conducted ran-
domizing the use of the software for two weekly hours among 38 9th grade classrooms. In addition
to this, a tutoring component targeted to 20 percent of students was randomized among treated
classrooms. Results show that partially substituting instructional time for the use of the adaptive
platform led to large improvements in students’ test scores. However, classrooms that received the
tutoring component in addition to the adaptive learning software, performed worse than those that
only received the latter. These differences seem partially explained by implementation challenges

and lower use of the platform in tutored classrooms.

The second chapter examines short- and long-term impacts of attending urban and nonurban
charter schools in Massachusetts. Using randomized admission lotteries, we find that urban charter
schools increase test scores and college attendance and completion; whereas, nonurban charter
schools decrease test scores but increase college attendance and graduation, even more so than
urban charters. Results suggest that both urban and nonurban charter schools increase college
preparation but via different paths. Urban charters increase AP and SAT outcomes, as well as
the completion of MassCore, a state-recommended college-prep curriculum. Nonurban charters

decrease AP-taking but have a large positive impact on MassCore completion. These findings



suggest that there is more than one path to college success, and test score impacts do not always

predict longer-term gains.

Lastly, the third chapter examines the impact of a comprehensive reading intervention using a
randomized field experiment. The intervention, implemented over two years in a sample of
Haitian public schools, provided a combination of teacher training, coaching, supervision, and
school supplies. By endline, 18 months after the start of the intervention, we find large positive
effects on students’ reading outcomes. Notably, our results suggest that a model relying on school
principals for teacher coaching can be as effective as a costlier and more logistically challenging
version involving external coaches. These findings highlight the potential for using existing school

leadership to deliver scalable and sustainable pedagogical support in low-capacity settings.
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Introduction

A unifying theme across the three chapters of this dissertation is the evaluation of educational
interventions aimed at improving student outcomes. While each chapter focuses on a different
context—ranging from fragile state settings to middle-income and developed economies—they
collectively provide insights into the types of approaches that can promote student success across

varied educational systems.

All three chapters use rigorous empirical methods, particularly experimental designs, to assess
the effectiveness of different educational strategies. The first chapter focuses on the Dominican
Republic and evaluates the impact of integrating computer-adaptive learning software into class-
room instruction. This chapter shows that, even when substituting for instructional time, the use of
adaptive technology can lead to significant gains in student math performance. However, layering
on a tutoring component led to smaller effects, underscoring the importance of implementation

quality and the potential for unintended interactions between overlapping interventions.

The second chapter, set in Massachusetts, examines how different types of charter schools—urban
and nonurban—affect students’ academic outcomes. The findings reveal that urban charter schools
significantly improve test scores and college outcomes, while nonurban charter schools, though not
improving test scores, have strong positive effects on college attendance and completion, suggesting

that standardized test scores may be a limited measure of students’ long-term educational success.

The third chapter evaluates the effects of a structured reading intervention in Haitian public schools,
where capacity constraints are substantial. The intervention combined teacher training, coaching,

supervision, and provision of learning materials. The results demonstrate that both an intensive



version involving external coaches and a leaner model relying on school principals led to meaningful
gains in reading skills. These findings suggest that even in fragile settings, cost-effective and
scalable models can be successful when they leverage existing school leadership and provide

structured pedagogical support.

Taken together, the chapters show that well-designed educational interventions—whether tech-
based, organizational, or pedagogical-—can yield significant benefits for student learning and longer-
term educational trajectories. They also emphasize the importance of adapting strategies to context

and the potential for diverse pathways to educational success.



Chapter 1. Improving Student Learning through Adaptive Learning

Platforms: Experimental Evidence from the Dominican Republic

1.1 Introduction

In 2018, less than 20 percent of students in low and middle-income countries (LMIC) were able
to meet minimum proficiency levels in mathematics (World Bank, 2017a).2 More recently, the
learning crisis, already a pressing concern, has deepened as a result of the COVID-19 pandemic.
Over the course of two years, from February 2020 to February 2022, schools around the world were
closed for an average of seven months (UNESCO, 2021). To counter these negative impacts, various
strategies have been explored, including in-person and online tutoring (Carlana and La Ferrara,
2021; Nickow et al., 2020), lesson delivery via phone calls (Angrist et al., 2020), and the use of
Artificial Intelligence (Al) tools (Muralidharan et al., 2019), all of which have shown promising
results in improving student outcomes. However, a pivotal question remains: how can school

systems build more resilient methods of delivering instruction?

One promising approach lies in leveraging technology, particularly Al, to address the growing
challenges associated with providing quality education at-scale. Al-powered tools offer the po-
tential to accelerate learning recovery and transform education systems worldwide. Among these,

computer-adaptive learning (CAL) platforms stand out as highly effective (Antoninis et al., 2023).

!Co-authored with Carolina Lopez.
2This knowledge threshold indicates that students below this level have not yet acquired basic math skills, including
simple calculations with whole numbers, or interpreting bar graphs.



In classrooms with diverse learning levels, where teachers may struggle to address individual needs,
CAL tools adapt lessons based on each student’s responses, tailoring activities to match their abil-
ities—all at a fraction of the cost of one-on-one tutoring. Additionally, they provide students with

instant feedback and equip teachers with valuable data to track progress and performance.

In this study, we evaluate through a multi-stage randomized controlled trial (RCT) the impact of an
innovative intervention combining the use of a CAL platform with group tutoring, with the goal
of accelerating learning recovery among high school students in the Dominican Republic (DR).
While the introduction of these new technologies may accelerate learning for all students within a
classroom, it may not suffice to significantly narrow the substantial learning disparities that often
exist among students. With this goal in mind, we combine the use of CAL with targeted group
tutoring for students most in need. The study design and survey instruments allow us to generate
evidence on whether the use of CAL, by itself, or when combined with targeted tutoring, can yield

improvements in student outcomes.

In 2023, our intervention introduced the use of CAL as part of regular instruction for 9th graders,
replacing two out of the seven weekly hours allocated for regular math instruction. Randomization
was conducted at the classroom level (38 classrooms in total). The software chosen, ALEKS,
developed by McGraw Hill, has been adapted to the DR math curriculum and was used in approx-
imately 60 schools across the country, yielding satisfactory qualitative results.> All students in
treated classrooms received free licenses to access this software. Additionally, within the selected
classrooms, we randomized access to in-person tutoring by providing up to three weekly hours of
tutoring to high-need students. This component aimed to explore complementarities between CAL
and more traditional forms of instruction. Students participating in tutoring sessions had access
to the platform, and tutors were instructed to use the platform data to monitor student progress,

identify learning gaps, and plan their lessons. These additional lessons were conducted during

3The intervention was funded by the World Bank and implemented by the Ministry of Education during the years
2018-2023.



school hours otherwise dedicated to extracurricular activities.

We find that the use of the adaptive software during math classes improved student outcomes by
0.29 to 0.31 standard deviations by endline (roughly six months after the start of the intervention).
These positive effects are robust across various model specifications and consistent across multiple
knowledge domains, including algebra and geometry, as well as different difficulty levels, such
as content below and at grade level. However, we do not find statistically significant differences
between classes that received the tutoring component and the control group, suggesting that adding

tutoring to the CAL component may have hindered the effectiveness of the latter.

Why did the two treatment arms have different impacts? While we do not find conclusive evidence
explaining these negative differences, we observe that students selected for tutoring were less likely
to use the adaptive platform (as were their classmates), exhibited lower levels of locus of control
(i.e., belief in their ability to influence their own outcomes), and experienced lower levels of math
anxiety compared to the CAL-only group. Additionally, we encountered significant implementation
challenges that may have affected the quality and consistency of the tutoring sessions, including
high student absenteeism. We also find evidence indicating that the tutoring may not have been well-
targeted, as students selected by teachers to receive tutoring were not among the lowest performers

at baseline, as was intended by the program.

Our paper contributes to the growing literature on remedial education, particularly tutoring. Tutor-
ing has been shown to be one of the most effective interventions for improving learning outcomes.
A recent meta-analysis by Nickow et al. (2020) reported an average effect size of 0.37 standard
deviations for tutoring interventions, with one-to-one tutoring showing the largest effects. However,
the scalability of this approach is hindered by high costs and the challenge of recruiting qualified
tutors (Kraft and Falken, 2020; Nickow et al., 2020; Kraft et al., 2024), and the longstanding issue of
finding scalable alternatives that are as effective, known as the “2-sigma problem” (Bloom, 1984),

remains a significant concern. Recent evidence, however, suggests that small-group tutoring (up



to five students per tutor) can achieve similar results at lower costs (Augustine et al., 2016; Guryan
et al., 2023; Kraft and Falken, 2020; Nickow et al., 2020; Kraft et al., 2024). Our study contributes
to this literature by examining the combination of small-group tutoring with the use of adaptive
learning technologies in school, which could enhance the effectiveness of traditional group tutoring

by leveraging CAL data to better address specific learning deficiencies.

Despite limited research on Al-driven education interventions (Miao et al., 2021), increasing access
to computer-adaptive technologies has spurred a growing body of research (Angel-Urdinola et al.,
2023; Guryan et al., 2023; Muralidharan et al., 2019).* Most existing studies have evaluated CAL
in after-school settings or combined with tutoring (Muralidharan et al., 2019; Guryan et al., 2023),
leaving open questions about its effectiveness when integrated into regular school schedules, or
implemented alone (i.e. without a tutoring component) (Muralidharan et al., 2019). Additionally,
because of the setting in which these studies have taken place, the impact of CAL alone versus
additional instructional time remains difficult to disentangle (Glewwe and Muralidharan, 2016;
Muralidharan et al., 2019). To our knowledge, this study is among the first to test the substitution
of regular math instruction with the use of an adaptive learning platform (Muralidharan and Singh,
2023). We replace two out of seven weekly math instruction hours with CAL sessions, offering

insight into its efficacy as part of the standard school curriculum.

While most of the literature on teacher effectiveness has focused on measuring teacher value-added
(Chetty et al., 2014a; Rockoff, 2004), identifying causal links between teacher effectiveness and
student outcomes (Chetty et al., 2014b; Gershenson, 2016; Rivkin et al., 2005; Rockoft, 2004), or
examining teacher characteristics (i.e. years of education or experience) associated with high value-
added (Chingos and Peterson, 2011; Nye et al., 2004). It is less understood how to improve teacher

effectiveness, and particularly, whether the introduction of new technology in the classroom can

4We focus on computer-adaptive learning, which personalizes content to students’ actual learning levels, as opposed
to traditional computer-assisted instruction, which reviews only grade-appropriate content. Studies of the latter include
Angrist and Lavy (2002), Barrow et al. (2009), and Linden et al. (2003).



improve teacher effectiveness. Taylor (2015) evaluates the impact of computer-aided instruction on
teacher effectiveness and finds that its introduction led to changes in how teachers’ allocated class
time. Using student-reported data, we explore whether the integration of an adaptive platform in
class leads to changes in teachers’ time use and practices, as this is one potential mechanism by which
the intervention may have an impact on teacher effectiveness and student performance.> We do not
observe changes in teachers’ practices or allocation of time, as reported by students, suggesting that
the effects observed may be attributed to the direct substitution of teachers’ instruction for the use
of the learning platform, rather than changes to how teachers allocated time and effort across tasks

outside this period.

The deepening of the learning crisis due to COVID-19 highlights the need for more resilient
education systems that can better withstand disruptions. Policymakers could invest in building
infrastructure and capacity for blended learning models that integrate digital tools like CAL into
teachers’ work, ensuring continuity of learning in times of crisis. Given the high costs and logistical
challenges associated with traditional tutoring, this study suggests that Al-driven adaptive learning
platforms could serve as a scalable alternative for improving student outcomes. Expanding access
to such technologies can provide affordable and effective learning support at scale, particularly in

resource-constrained settings.

This paper proceeds as follows. In Section 2, we describe in detail the context, the intervention
and its components. In Sections 3 and 4, we discuss the study design and describe our data. In
Section 5, we present the empirical framework and the results of our analysis. Lastly, in Section 6,

we conclude.

3Tt is important to note that the context of this study is different from that in Taylor (2015). While Taylor (2015)
examines experiments that took place in the US, this work takes place in the Dominican Republic, one of the lowest
performing countries in international assessments. For instance, when looking at the 2018 PISA Math results, the US
ranked in the 9th place while the DR ranked 78th (out of 79 countries).



1.2 Intervention and Study Design

1.2.1 Background

The study takes place in the Dominican Republic (DR), a country facing substantial gaps in key
knowledge areas such as mathematics and reading comprehension. In 2022, the DR ranked third
to last in math on the OECD’s Programme for International Student Assessment (PISA), with 92
percent of students classifying as low-performing (OECD, 2023a,b). The Dominican education
system is divided into primary (grades 1-6), lower secondary (grades 7-9) and upper secondary
(grades 10-12) levels, with students typically entering lower secondary around age 12. The school
year in the DR is organized over two academic semesters, and usually begins in late August/early

September and ends in late June.®

The transition to secondary schooling represents a critical juncture in the academic trajectory
of Dominican students. Previous research indicates that up to 40 percent of students drop out
between 8th and 12th grade (IDEICE, 2017). These high dropout rates, coupled with notably low
performance levels, underscore the urgency of implementing remedial interventions to improve
student learning outcomes and retention. This challenge is not unique to the DR. Across Latin
America and the Caribbean (LAC), countries face similar educational obstacles. The LAC region
ranks in the bottom half of the global scale for educational quality in mathematics (IDB, 2023):
the difference in performance between the average student in LAC and their OECD counterparts

equates to approximately five years of learning.

Our study seeks to evaluate an intervention that provided targeted remedial training in mathematics
to 9th grade students, addressing a key stage in their educational progression. At this point, students
are likely to have accumulated significant learning gaps that could affect their chances of completing

secondary education. By focusing on this age group, the intervention aims not only to enhance math

The 2023-24 school year officially started on August 28th 2023 and ended on June 21st 2024.



proficiency but also to promote retention and grade progression. This work aims to contribute to
broader efforts aimed at improving learning outcomes and reducing dropout rates in the Dominican

Republic and across the wider LAC region.

1.2.2 The Program: APRENDE +

The intervention studied, APRENDE + (“Acompafiamiento Personalizado para el Rendimiento
Escolar” or “Personalized Support for School Performance”), was implemented between October
2023 and May of 2024 in a sample of 38 9th grade classrooms. Figure 1.1 shows a full timeline of
the study and intervention. The program had two core elements: a CAL intervention and a tutoring
component. The first component introduced the use of a CAL platform (ALEKS) for two hours per
week as part of schools’ regular schedule, substituting two out of seven weekly hours scheduled for
math instruction. Half of the classrooms were randomly selected to receive CAL licenses for all
students and their math teachers (stratified by classroom size). The second component introduced
small-group tutoring during extracurricular hours for approximately 20 percent of students in
randomly selected classrooms from the first treatment group. Each component is summarized in

more detail below.

By testing the intervention in schools, as part of the regular school day, we examine its potential for
scale and assess whether this type of approach can enhance regular math instruction. The study and
intervention was funded by the Tinker Foundation and was implemented in partnership with the
Ministry of Education of the Dominican Republic (MINERD) and the Abdul Latif Jameel Poverty

Action Lab (J-PAL).”

ALEKS platform. The program provided access to ALEKS, a math-focused CAL software de-
veloped by McGraw Hill. ALEKS uses predictive algorithms to deliver personalized learning

experiences through adaptive assessments and assignments. These tools evaluate students’ knowl-

"The study is registered as AEARCTR-0012383 in the AER registry, and was approved under protocol number
24-444 by the Teachers College IRB.



edge by identifying the math topics they master, the ones they do not, and the ones they are ready to
learn. This approach is grounded in Knowledge Space Theory (KST), which posits that a subject’s
knowledge can be mapped as a set of solvable problems (Doignon and Falmagne, 1985; Falmagne
etal., 1990). Accordingly, ALEKS assesses students’ mastery by their ability to solve representative

problems from each topic.

The software encompasses over 600 math topics for 9th graders. Because it would not be feasible
to cover all topics within an academic year, this list was narrowed to topics that were aligned to
the targeted grade (9th grade). This included topics outlined in the 9th grade curriculum as well as
others that were considered prerequisites for this grade. This process gave us a total of 337 topics
which were organized into nine modules, each corresponding to different content areas scheduled
for instruction during the academic year, as per curriculum guidelines.® In addition to the practice
exercises included in each module, ALEKS offers functionalities that enable teachers to assign and
evaluate homework and tests. It also provides a dashboard through which teachers can track the

progress of their classes and individual students.

All teachers assigned to a CAL classroom received an initial 2-hour training on the use of the
learning technology. This training was provided by McGraw Hill, the developer of the learning
platform. In addition to this, during the first 3 months of the program, teachers met one-on-one with
a CAL aide for approximately one hour every two weeks. The CAL aide’s role was to support them
in accessing and monitoring students’ assessments, tracking their progress, and identifying topics
that students had not yet mastered for lesson planning. Importantly, one of the primary aspects
of this extended training was to help teachers utilize the software’s specific tools to ease their
workload—including features that allow assigning and automatically grading homework—thus

enabling teachers to save time that could potentially be devoted to other teaching activities.

Tutoring Intervention. The tutoring component aimed to explore complementarities between

8This selection was performed by two local experts on math pedagogy based on a revision of the curriculum. The
majority of topics included as prerequisites were identified by the learning software.
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CAL and more traditional forms of instruction, such as tutoring, by providing up to three weekly
hours of tutoring to high-need students. Tutoring sessions were managed by one or two tutors,
depending on the number of tutees per classroom, which typically ranged from 5 to 8. In each
classroom selected to benefit from the tutoring component, we targeted approximately 20 percent
of students (up to 8 students per classroom). At baseline, in order to select which students would
receive tutoring, math teachers were instructed to select and rank up to 10 students for group
tutoring based on need. To minimize bias in teachers’ selection, after their first selection, we
informed them of students’ results in baseline math tests at the time of ranking. About 70 percent

of teachers modified their selection after receiving this information.

Tutors were selected through a competitive process that included interviews conducted by the re-
search team. All tutors were either recent graduates or in the final stages of earning a Bachelor’s
degree in Mathematics with a focus on secondary education, and had experience in using informa-
tion technology for teaching. Tutoring sessions were integrated into students’ schedules as elective
workshops, covering approximately three academic hours per week, typically divided in one to
three weekly sessions.” Elective workshops are offered for all students attending extended-day
schools in the Dominican Republic. These types of schools offer school days that start at 8am
and end at 4pm, and the workshops typically cover areas outside of the core curriculum, such as

computing or art lessons.

To ensure quality and consistency in the tutoring sessions, each tutor was supported by a supervisor,
who also had training and experience in mathematics education for high school students. The
supervisor’s role included reviewing individual session plans before each session, ensuring that the
topics and instructional methods had been prepared before the session, and providing feedback to
tutors on their session plans if needed. In addition, tutors maintained close communication with

the mathematics teacher to align their sessions with the classroom curriculum and were instructed

?0ut of 9 tutoring classrooms, 2 sections had one weekly meeting of 3 hours, 5 sections had two weekly meetings
of 2 and then 1 hour, and 2 sections had three meetings for 1 hour each day.
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to use the CAL platform for the tutoring sessions.!’ During the sessions, tutors reviewed topics
covered in class during that week or revisited previous material, including pre-requisite topics that
students found challenging. For instance, if a class was working on linear equations, a tutor may

have reviewed the rules of signs before addressing the current topic.

The effectiveness of the tutoring sessions was monitored through unannounced visits by a member
of the research team or the supervisor. These visits were intended to identify potential issues or
areas for improvement. One-on-one meetings between the supervisor and the observed tutor were
arranged after these visits to exchange feedback. Additionally, to monitor attendance, tutors were
asked to complete a weekly survey to report the number of tutoring hours conducted for each class

and student.

1.3 Implementation

1.3.1 Sample and Randomization

The intervention was administered in 9 public high schools of the Dominican Republic. Schools
were selected based on whether they met the following conditions: (1) having an active computer
lab, (2) having regular access to electricity and internet, (3) having an extended-day format,'! and
(4) having at least three 9th grade classrooms. In addition to this, we limited our sample to schools
who had participated in Programate, a joint collaboration between MINERD and the World Bank
that provided access to the ALEKS software to approximately 60 schools between 2018 and 2023.
This set of conditions gave us an initial list of 34 schools. Between April and August 2023, the
research team, with support of MINERD, contacted this initial list of schools via phone to confirm

whether they met these conditions and to assess their interest in participating in this intervention.

10For example, tutors were encouraged to use the platform to identify topics where students were lagging behind and
review these during tutoring sessions, or use the platform’s accompanying exercises as practice. If a given session had
a higher tutee/tutor ratio due to a tutor absence, the tutor was encouraged to alternate the use of CAL with small-group
tutoring.

' Approximately 67 percent of public high schools in the Dominican Republic offered an extended school day format
during the 2021-2022 school year (MINERD, 2023), where the school day starts at 8am and ends at 4pm.
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Participation in the intervention was voluntary and all contacted schools expressed strong interest
in participating. However, out of this initial list of 34 schools, only 14 confirmed having access to

internet and a computer lab.

Between September 4th and 15th, a member of the research team conducted school visits to validate
the information collected during the Spring and Summer terms. Only 9 of the 14 visited schools
had access to internet and functional computers. All participating schools were located in Santo
Domingo and Santiago. Being the two largest cities in the country, they also have the largest

concentration of students.!?

Treatment was assigned using a two-stage randomization process at the classroom level. Initially,
classrooms were ranked by size and paired with the closest matching classroom in terms of size.
Within each pair, one classroom was randomly assigned to the treatment group and the other to the
control group, ensuring similarly sized classrooms across groups. This pairing and randomization
process was repeated within the treatment group to assign half of classrooms to the group tutoring
component. The study ultimately comprised 38 classrooms, with 19 assigned to receive the CAL
software (treatment group) and the remaining 19 serving as controls.!> Of the classrooms in the
treatment group, 9 were further selected to receive additional group tutoring. The randomization

design is summarized in Figure 1.2 and power calculations are included in Appendix A.2.1.

1.3.2 Implementation: CAL Component

The CAL intervention started on October 23rd and concluded on May 3rd.'* During the first week

of implementation, all treated students took a mandatory “Initial Knowledge Check” through the

12 According to MINERD’s Educational Statistics Yearbook for 2021-2022, approximately 45 percent of students
were located in Santo Domingo and Santiago.

3Students in control classrooms received temporary licenses to access the software approximately 2 months after
the endline data collection.

14This is equivalent to roughly 22 weeks, excluding winter, Holy Week, and two weeks where the use of the platform
was interrupted due to training and data collection.
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learning platform (this is the first activity in the platform). Based on the information from this
initial assessment, the platform predicts the list of topics students master, do no yet master, and are

ready to learn, and creates an individualized learning path for each student.

The implementation of the CAL component faced several challenges that affected the delivery of
some sessions. The most prominent issues included unstable internet connectivity, insufficient
availability of computers, frequent power outages, and unplanned school activities that interfered
with the scheduled sessions.!> To mitigate the loss of sessions caused by connectivity problems,
wireless modems were provided to supervisors. Additionally, some schools struggled to provide
enough devices for all students during the CAL sessions. To address this shortfall, tablets were
allocated to supervisors for use in these schools. Another challenge was the frequent occurrence of
school events and social activities, which were often unplanned or not accounted for in the school
calendar. These events sometimes overlapped with the scheduled CAL sessions, leading to the

cancellation or rescheduling of sessions and further disrupting the learning schedule.

1.3.3 Implementation: Tutoring Component

The first tutoring session took place on October 23rd and the last on April 26th. Tutoring sessions
took place one to three days per week during extracurricular hours. In all but one school, tutoring
sessions took place during hours allocated for optional workshops.'® Optional workshops were
meant to cover extracurricular content and varied in scope. Some examples of the type of courses
covered during these hours were computing, music or dance lessons. The workshops and tutoring
sessions would typically take place between 2 and 3:30pm. In total, 61 students were selected to

participate in these tutoring sessions.

The implementation of the tutoring component also faced several challenges. School activities

SThese issues are common across schools in the DR due to inadequate infrastructure.
160ne of the nine schools did not offer optional workshops, so students stayed after school hours to receive tutoring
sessions.
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frequently disrupted the tutoring schedule, and unlike the CAL sessions, these missed tutoring
sessions could not be rescheduled.!” Additionally, classroom availability posed a significant issue,
resulting in tutoring sessions being held in the school cafeteria or other open public spaces where
noise and distractions were prevalent. Another challenge tutors encountered was sustaining student
interest and participation. Some students were reluctant to join the tutoring sessions, leading to

delays in starting the activities.'®

1.4 Data

To evaluate the effectiveness of the program, we assess several key outcomes: students’ academic
performance, socioemotional skills, psychological well-being, and time use both inside and outside
of school. Additionally, to better understand the potential drivers behind any observed effects, we
examine changes in teachers’ resource allocation based on student-reported information. These
outcomes were collected using a combination of survey data, administrative records, data from the

adaptive software, and brief math assessments. Each of these outcomes is described in detail below.

Student surveys and math assessments were administered at baseline, midline, and endline by the
research team. Baseline surveys were collected in September 2023, followed by midline surveys in
December and endline surveys in May 2024. Administrative records were collected and digitized

after the end of the school year, between June and September 2024.

Academic performance. Our main outcome of interest is students’ academic performance, as we
want to examine whether the platform or tutoring component were effective in improving student
learning in math. To do this, the research team administered math assessments at baseline, midline,
and endline. These assessments were designed using items of varying difficulty levels, adapted

from MINERD’s national assessments. Endline tests were designed by a pedagogical expert and

171f a class missed a CAL session, teachers often reallocated other math hours that week to make up for the missed
CAL session.

I81f a large number of students were absent from the sessions but present at school, the tutor often spent several
minutes at the beginning of the session trying to locate them.
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followed the content and cognitive areas used on the 2019 Trends in International Mathematics
and Science Study (TIMMS) 8th grade math assessments, which included seven content domains
and three cognitive areas (Mullis and Martin, 2017).1 We examine student performance in each
of these content areas and cognitive domains, both at midline and endline. Moreover, we classify
items according to their difficulty levels to assess differences in impacts by the grade level of the

content.

In addition to the tests, between June and September 2024 we collected and digitized schools’
administrative records containing data on students’ end-of-year school grades for math and Spanish
(to test for adverse effects), their attendance records, whether they dropped out during the school

year, and whether they passed or failed the grade.

Socioemotional skills. As students increasingly rely on digital devices for learning and have fewer
face-to-face interactions with their teachers, there is a risk that socioemotional or non-cognitive
skills may be negatively impacted. In baseline and endline surveys we measured the following
three skills: perseverance, locus of control, and grit. Perseverance is measured through a real
effort task adapted from Alan et al. (2019). In this task, students first answered a logic question,
and then chose one of three options for their next step: attempting another question of the same
difficulty, tackling a more difficult question, or giving up. Their choice is used as our measure of
perseverance. To measure locus of control, or the extent to which students believe they have control
over the outcome of events in their lives, we used an adaptation of Rotter’s locus of control scale
(Rotter, 1966). Lastly, we measured grit using a 4-item scale adapted from Carlana and La Ferrara
(2021). We build indices for the grit and locus of control measures such that the minimum and

maximum values are 0 and 1.

Student well-being. The nature of the learning platform, in which each student works inde-

19The 8th grade TIMMS math assessments evaluated the following content domains: (1) Numbers, (2) Algebra, (3)
Geometry, and (4) Data and Probability. The cognitive domains evaluated were: (1) Knowing, (2) Applying, and (3)
Reasoning. TIMMS is only administered in the 4th and 8th grades.

16



pendently, may have led to less opportunities for teamwork or support than regular instruction,
potentially making students feel more isolated in class. Moreover, increased screen time has been
linked to lower psychological well-being among teenagers (Stiglic and Viner, 2019; Twenge and
Campbell, 2018). We used questions from the Children’s Depression Screener (ChilD-S) developed

by Friihe et al. (2012) to measure students’ well-being.

Furthermore, by increasing students’ math skills, or their awareness of their math skills, access
to CAL may have mixed impacts on math anxiety. Following Araya et al. (2019), we created a
math anxiety index using students’ answers (on a Likert scale) to the following statements: 1) I get

nervous before math tests and 2) I am worried of having bad grades in math.

Teacher behavior. The CAL platform may free up teachers’ time by automating some of their
daily tasks, such as developing and grading homework and tests. As a consequence, we may
observe differences in the allocation of teachers’ time and effort across classroom activities. To
assess changes in these outcomes, we ask students about their perceptions of teacher behavior in
the classroom (e.g. did the teacher give you additional support outside of the classroom?, did they
clarify a lesson that you did not understand?) and their time management (e.g. did the teacher start
class late?, did the teacher come to school?). We use their answers to build four indices of teacher
behavior: 1) time mismanagement index, 2) teacher engagement index, 3) teacher effectiveness
index, and 4) teacher ineffectiveness index. The first index, on time mismanagement, is based on
students’ answers to a series of questions on teachers’ timeliness to class and school. The third
index is built upon students’ answers to a set of questions around their engagement during class.?’
The last two are based on classroom activities, which we classify into “effective” and “ineffective”

practices, depending on their correlation with control group students’ midline and endline test

scores. Practices that are positively correlated with test scores are combined into an “effective

20The questions used to build this index are: 1) Your math teacher keeps students engaged, 2) Asks questions to check
for understanding, 3) Knows when everyone understands, 4) Makes every student work hard, 5) Assigns homework
that helps you learn, 6) Reviews past topics, 7) Marks your work to help understanding, and 8) Wants you to explain
your answers.
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practices” index and those negatively correlated are used for an “ineffective practices” index.?! All
indices are standardized to have a mean zero and a standard deviation of 1 in the control group.
The questions used have been adapted from questionnaires used by De Hoyos et al. (2021) and

Ferguson and Danielson (2015).

Software data is used for both monitoring and assessment purposes. The software contains in-
formation on students’ interactions with the software, including the number of sessions held, the
date and duration of each session, and the number of newly mastered topics by each student. We
use this information to assess compliance with the intervention and to measure progress within the
treatment group. In addition to this, we use the software data to measure the frequency with which
teachers use it to assign and grade homework, in-classroom activities, and assessments. This data

is available for the treatment group only.

1.4.1 Balance Checks and Attrition

We present balance checks in Table 1.1 using information from baseline surveys. There are no
statistically significant differences between the treatment and control groups across observable
characteristics. Approximately 56 percent of the sample is female. The average age of students in
our sample is close to 15 (the typical age for a students enrolled in 9th grade is 13 to 14 years old),
reflecting the high levels of grade repetition in the country (approximately 19 percent of students
in our sample repeated at least one grade). Baseline scores are relatively low: students answered
an average of 6 out of 12 questions correctly. Moreover, we can observe that the average student in
our sample comes from a low socioeconomic background; for instance, less than 40 percent of the

sample has a mother or father who attended college.

As shown in Columns 1 and 5 of Table 1.2, survey and test completion rates were high at both

2The “effective” practices are: 1) You used a textbook, 2) You copied from the board or book, 3) You solved
problems, and 4) You practiced problems on the board; while those classified as “ineffective” are: 1) You worked in a
group, 2) Your teacher explained math topics, and 3) Your teacher asked you to practice for a test.
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midline and endline: 92 percent of the baseline sample completed surveys and tests at midline, and
90 percent did so at endline. The differences in completion rates between the control and treatment
groups are small: 0.5 percentage points at midline and 2.9 percentage points at endline. While
the latter difference is statistically significant at the 5 percent level, it is small enough not to raise

substantial concerns.

Most importantly, the students who completed the surveys appear similar to those who did not.
Columns 2-4 and 6-8 show minor differences in observable characteristics between respondents
and non-respondents. For instance, treatment group students who responded to endline surveys
were, on average, 0.037 years younger (less than half a month) than non-respondents, and the
proportion of female respondents was 4 percentage points lower. Baseline test scores were 0.01
standard deviations higher among respondents in the treatment group. Overall, we believe the
low rates of attrition and minimal differences between respondents and non-respondents do not
compromise the integrity of our findings. In Appendix Table A.4, we present Lee (2009) bounds
for the main performance outcomes. The results indicate that selection due to differential attrition
does not account for the observed effects, as these appear similarly large after applying this bounding
method, with gains of 0.09-0.32 standard deviations at midline (not statistically significant) and
0.23-0.37 at endline for the CAL-only treatment. The tutoring interaction remains statistically

insignificant.??

1.5 Empirical Framework

We estimate the impact of the program on student outcomes using the following regression model:

Y.i = Bo + B1CAL, + By Tutoring,. + 53X, + €

22We calculate the lower bound by dropping the fraction of highest scoring test-takers in each treatment group until
the response rates are equal across the three experimental groups. To estimate the upper bound, we drop instead the
fraction of lowest-scoring students. We do the opposite when response rates are highest in the control group.
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where Y,; is the outcome of student i in classroom ¢ and CAL, is a binary variable that takes the
value of 1 if classroom ¢ was assigned to treatment and O otherwise. Tutoring. takes the value of
1 if the classroom was assigned to the group tutoring treatment and O otherwise. X,; is a vector of
baseline characteristics for student 7 in classroom c. In this specification, 81 captures the average
treatment effect (ATE) of the CAL software, while 8, captures the additional impact (“value-
added”) of the tutoring component relative to classrooms that received only the CAL software.
In the results section we present each coefficient separately and the sum of the two. The latter
represents the effect for classrooms assigned to both the CAL and tutoring interventions, relative

to the control group.

Throughout this paper, we use randomization-based inference as our preferred methodology for
analysis, which has gained prominence over traditional sampling-based methods in recent years
(Athey and Imbens, 2017; Green et al., 2011; Young, 2019). This approach leverages the experi-
mental design to derive statistical inferences directly from the randomization procedure, ensuring
that our methods align closely with the study’s design. Randomization inference is particularly
advantageous in the context of nonstandard randomization techniques, such as the pairwise ran-
domization used here, as it allows us to account for the specific structure of the randomization.
Moreover, it enables us to obtain nearly exact p-values without relying on assumptions about the
shape of the sampling distribution, which is especially helpful in small samples or when the number
of clusters is limited, as is the case in this study. In such situations, traditional assumptions about
the sampling distribution may be less reliable, making randomization inference a more robust

approach.

To test the sharp null hypothesis of no treatment effect, we use a potential outcomes framework.
In this framework, the potential outcome for each individual i in classroom ¢ depends on two
factors: the classroom’s assignment to the CAL software (Z.) and the classroom’s assignment to

the tutoring intervention (W,):
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* Z. is a binary variable indicating whether classroom ¢ was assigned to receive the CAL

software (Z, = 1) or not (Z. = 0).

* W, is a binary variable indicating whether classroom ¢ was assigned to the tutoring inter-
vention (W, = 1) or not (W, = 0). Note that within classrooms assigned to the tutoring
intervention, only 20 percent of students received the actual tutoring, but the assignment W,

was made at the classroom level.
The potential outcomes are defined as follows:

* Y.;(1,1) represents the outcome for individual i in classroom c if the classroom is assigned

to receive both the CAL software (Z. = 1) and the tutoring intervention (W, = 1).

* Y.i(1,0) represents the outcome for individual i in classroom c if the classroom is assigned

to receive the CAL software (Z. = 1) but not the tutoring intervention (W, = 0).

* Y,.;(0) represents the outcome for individual  in classroom c if the classroom is assigned to

the control group (Z. = 0), with neither the CAL software nor tutoring.

The sharp null hypothesis posits that these potential outcomes are identical regardless of the

treatment condition, meaning the treatment has no effect. Formally, this can be stated as:

Y.i(1,1) =Y.(1,0) = Y,(0) for all individuals i in all classrooms ¢

This implies that any observed differences in outcomes between the groups are due solely to the
random assignment process and not to the intervention itself. By simulating 2000 randomizations,
we approximate the sampling distribution of the ATE under the sharp null and estimate the proba-
bility of observing an ATE at least as large as the one found in the actual experiment if the sharp

null were true. This simulation process is repeated for each outcome analyzed.

The validity of our findings relies on the “no-interference” or Stable Unit Treatment Value Assump-
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tion (Rubin, 1978), which assumes that the treatment of one classroom does not affect the potential
outcomes of students in another. The platform used in this study required each student to log in
using a unique username and password, and its use was closely monitored during the designated
period for this task. These measures minimize the likelihood that students in non-treated class-
rooms could have accessed or benefited from the platform, thereby supporting the assumption of
no interference. However, it is conceivable that treated students may have interacted with control
students in ways that influenced their outcomes (e.g., through assistance with homework or exam
preparation). Additionally, the assignment of a classroom to treatment may have impacted how
teachers interacted with students in non-treated classrooms. We do not have anecdotal evidence
suggesting that teachers changed how they interacted with control group classrooms as a result of
the treatment, or that treated students collaborated with peers from different classrooms (based on

conversations with the teaching team).

1.6 Results

1.6.1 Tutoring and CAL Use

The results from the initial CAL assessment suggest that, at the time of completion, the median
student mastered only 2.7 percent (9) of the 337 math topics included as part of the course.
Throughout the school year, the median treated student spent approximately 14 hours (approx. 38
minutes per week) on the platform and learned an average of 45 new math topics through it. As
shown in Figures 1.4 and 1.5, the distribution of the number of hours and the number of topics
learned on the platform is left-skewed, with the top 10th percentile of students spending over 38

hours using the platform and learning more than 188 new math topics throughout the school year.

To examine whether students used the CAL platform outside of school, we assess the share of time
where the student used the software outside of the scheduled days. Note that this is a conservative

estimate, given that teachers had flexibility to reschedule the use of CAL if classes had been
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cancelled during the scheduled days. Using this proxy, we find that for the median student 15
percent of the time spent using the platform took place outside the regularly scheduled days. This
is equivalent to approximately two hours total. Given these numbers, we safely conclude that any
effects observed come from a substitution of the time spent during class and not from additional

instruction time.

Of the 61 students assigned to the tutoring treatment arm, all received at least 2 hours of tutoring,
with the median student receiving 29 hours, or approximately 1.4 academic hours per week. Note
that this is significantly below the intended dosage of 3 hours per week. This is partially explained
by student absenteeism during the tutoring sessions. On a given week, up to 47 percent of students
failed to show up to at least one of the meetings, based on monitoring data. We include a more

detailed discussion of this and other implementation challenges in section 1.7.

1.6.2 Program Effects
Student Performance

We present Intention-to-Treat (ITT) effects roughly two (midline) and six months (endline) after
the start of the program in Table 1.3. Columns 2 and 3 present results at midline and columns 4 and
5 at endline. We find that by midline the CAL-only treatment had produced gains of approximately
0.17-0.21 standard deviations, as shown in Columns 2 and 3. Although large, these results are not
statistically significant. These impacts are roughly consistent across specifications (with or without
covariates). We do not find significant effects from the tutoring treatment at midline, likely because

students had only received 8 tutoring sessions at this stage.

By endline, CAL-only effects had increased to 0.29-0.31 standard deviations (statistically significant
at the 5 percent level), as shown in Columns 4 and 5. The coefficient associated with tutoring

was negative and relatively large at -0.19 when including covariates. Although not statistically
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significant, the magnitude of the coefficient is a cause for concern and we explore in the following
section some hypotheses behind these results. We believe this negative coefficient may partly reflect
disruptions to the tutoring sessions due to scheduling conflicts with other school activities and a
lack of student engagement (including high levels of absenteeism). Additionally, tutor availability
issues resulting from weather and transportation challenges likely further impacted the consistency
and quality of tutoring sessions. Effects on performance from the CAL component align with those

found in other work using computer-assisted instruction in low or middle income countries.??

When looking at school grades by the end of the year, we find small negative differences on students’
math grades for CAL-treated students, relative to the control group; however, these differences are
not statistically significant (see Table 1.8). We present effects on Spanish as a robustness check for
the previous result. Interestingly, we do not observe similar differences for Spanish grades. The
observed patterns hold whether we condition grades on having finished the school year (Panel B)
or use the average of available periods for students who dropped out and/or are missing information

for at least one school period (Panel A).%*

Intrinsic Motivation, Absenteeism, and Dropout

Beyond academic performance, improvements in learning could also positively influence students’
retention in school by increasing their motivation and interest in the subject, as well as their
chances of obtaining a passing grade. In Tables 1.4-1.7, we present impacts on intrinsic motivation,
preferences towards math, absenteeism, and student dropout. Student dropout is a significant
concern in our context, especially among the targeted age group. In the Dominican Republic, over
40 percent of students drop out between the 8th and 12th grades (IDEICE, 2017). In the control

group, 8 percent of students dropped out of school during the intervention period (see Table 1.7).

23For example, Araya et al. (2019) report effects of 0.21-0.27 standard deviations (SD) from a computer-assisted,
game-based math learning platform in Chile after seven months of program exposure. In India, Muralidharan et al.
(2019) find effects of 0.37 SD after 4.5 months. Finally, Biichel et al. (2022) observe effects of up to 0.17 SD from a
computer-assisted learning software in El Salvador over a six-month period.

24The school year is divided in four quarters. Final grades are estimated as the average of each quarterly grade.
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However, as shown in Tables 1.4-1.7, we find no evidence that the intervention impacted students’
intrinsic motivation, how much they like math (self-reported 1 to 4 scale), school absenteeism, or
dropout rates by endline. The lack of findings on intrinsic motivation align with Araya et al. (2019),
who also observed no effect on this outcome in a study using a game-based learning platform in

Chile.

Math Beliefs and Self-Concept

As students spend more time on the software and master new topics, they receive new information
on their abilities and may update their beliefs accordingly. In Tables 1.9 and 1.10, we present
effects on students’ beliefs about their math performance (expected test scores), their confidence in
the subject, and their math self-concept. Panel A of Table 1.9 shows that CAL students expected
higher test scores than the control group (by 0.12-0.13 SD). However, this gap is not statistically
significant and is not as large as the one observed in actual test scores (0.3 SD), suggesting that this

group may have downwardly biased beliefs about their endline performance.

We do not find differences in expected performance between CAL-only classrooms and those that
received tutoring, but Appendix Table A.1 shows that students in the latter group were more likely
to be overconfident in their performance, although these results are not statistically significant.>
Despite the lack of statistical significance, the differences in magnitudes suggest a potential for
overconfidence in the CAL+Tutoring group and underconfidence in the CAL-only treatment. Panel
C in Figure 1.3 illustrates the gap between students’ expected performance and their actual perfor-
mance on endline math tests, expressed as a share of correct answers. The largest gap is observed
in the CAL+Tutoring group, followed by tutees and the control group. The smallest gap observed
corresponds to the CAL-only group. These findings mirror those of Table 1.9 (Panel B), which

shows that the CAL-only and CAL+Tutoring groups had similar scores on a math self-confidence

2The overconfidence outcome takes the value of 1 if students’ estimated performance on the math test exceeds their
actual performance.
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index, built upon a series of questions on how comfortable they feel learning and applying math.

Lastly, we examine math self-concept, defined as students’ perceptions of their own ability in
mathematics compared to others (see Table 1.10). As in Araya et al. (2019), despite the large
increases observed in math performance, we do not find statistically significant differences across
experimental groups in a math self-concept index or on individual measures used to build the index.
However, students in the CAL+Tutoring group were 9.3 percentage points less likely to agree with
the statement “Math is harder for me than for many of my classmates” than students in the control
group or in the CAL-only group. While these results are not conclusive, they may be suggestive of
shifts in students’ self-perception and confidence in their math abilities. Despite performing worse
on math tests, the tutoring group seems to feel equally confident about their performance and are
more likely to have mismatched expectations about their outcomes in the test, when compared to

those whose classrooms were not assigned to the tutoring component.

Self-Efficacy, Grit, Perseverance, and Locus of Control

By offering personalized learning pathways and continuous feedback on individual progress and
milestones, the platform allows students to understand and learn from their mistakes privately,
without the stigma of public correction. As students master new topics and receive real-time
feedback, this process may enhance their sense of competence and self-efficacy. In this subsection,
we examine four related outcomes: self-efficacy, grit, perseverance, and locus of control. As shown
in Table 1.12, neither the CAL intervention nor the tutoring intervention had a significant impact

on a self-efficacy index.?’ This suggests that the interventions did not notably alter students’ beliefs

26The outcome variable for the self-confidence table is a standardized index based on students’ answers to the
following items: 1) When teachers teach me a new math topic, I learn it without much difficulty; 2) When I take a
math test, I am confident that I can answer the questions well; 3) I can help my classmates with math homework that
they don’t understand; and 4) I feel more capable as I learn more things in math.

2TThis index is built using students’ answers to the following items: 1) I can always solve difficult problems if I try
hard enough, 2) I can solve most problems if I invest the necessary effort, 3) I can stay calm when I face difficulties
because I can trust my coping skills, 4) When faced with a problem, I can usually find several solutions, and 5) If I'm
in trouble I can find a solution.
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in their ability to achieve academic success.

Similarly, we do not find impacts on a measure of grit (see Table 1.13), which assesses students’
perseverance and passion for long-term goals (Duckworth et al., 2007). Following Alan et al. (2019),
we implement an alternative measure of perseverance, based on a real-effort exercise. Table 1.14
shows that treated students are 8.7 percentage points more likely to choose to undertake an easier
task against a more challenging alternative. We do not observe differences in their likelihood of
giving up after failure for either group. This poses the possibility that the adaptive nature of the
platform, which presents exercises based on students’ current ability, may have negatively impacted

their willingness to take on more challenging exercises.

Lastly, we examine effects on locus of control, which refers to the degree to which individuals
believe they have control over the outcome of events in their lives. A higher internal locus of
control indicates that individuals feel they can influence their own success, while an external locus
of control suggests that they attribute outcomes to external forces. Table 1.15 shows that the
CAL intervention had no significant impact on students’ locus of control. However, the tutoring
component had a small but statistically significant negative effect on this outcome (0.02-0.03
percentage points), indicating that students in the tutoring group were slightly more likely to feel
that their performance was determined by external factors rather than their own actions. We include

a discussion on this point in the following section.

Student Wellbeing

To assess changes on students’” wellbeing, we use two proxies: the Children’s Depression Screener
(ChilD-S) and a a short questionnaire on math anxiety. For the first one, we build an index based on
students’ answers to 8 items about their mental state (e.g., “I feel happy”, “I feel lonely”, “It is hard
for me to concentrate”). For the second one, we use two questions on students’ worry about their

math grades and their feelings before math tests to build a math anxiety index. Table ?? shows that
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the intervention had no impact on the first measure of wellbeing. While we do not find impacts on
a math anxiety index, we find important differences when looking at individual measures of math
anxiety. As seen in Table 1.18, students in the CAL-only group were 6 percentage points more
likely to get nervous before math tests than students in the control and CAL+Tutoring groups. This
difference is statistically significant at the 5 percent level. While math anxiety is typically linked
to lower performance (Dowker et al., 2016), this result may be positive if it signals higher levels of

awareness or concern about their math performance in this group.

In the Appendix, we present results on gender beliefs (Table A.3) and student time use (Table 1.16).

We do not find statistically significant effects on these outcomes.

Teacher Practices and Time Use

In this section, we estimate the effects of the intervention on teachers’ allocation of time and effort
across various activities, as this is one potential mechanism by which the intervention may have
impacted teacher effectiveness and student performance. In Panel A of Table 1.19, we show impacts
on a time mismanagement index based on students’ responses to a series of questions on teachers’
timeliness to school/class.?® We do not find statistically significant differences on this index across
treatment groups. In Panel B we assess effects on an index of teacher engagement, built upon
students” answers to questions around their engagement during class.?’ Although the index is lower

for treated students, relative to the control group, these differences are not statistically significant.

astly, we look at classroom activities, which we classify into “effective” and “ineffective” practices,
Lastl look at cl tivit hich we classify into “effective” and “ineffective” pract

based on their correlation with student midline and endline test scores. Practices that are positively

28The questions used to construct this index are: 1) Was your teacher late for class?, 2) Did they not come to school?,
3) Did they start the class early?, 4) Did they finished class early?, 5) Did they finished the class late?, and 6) Did they
left school early?

29The questions used to build this index are: 1) your math teacher keeps students engaged, 2) Asks questions to check
for understanding, 3) Knows when everyone understands, 4) Makes every student work hard, 5) Assigns homework
that helps you learn, 6) Reviews past topics, 7) Marks your work to help understanding, 8) Wants you to explain your
answers.

28



correlated with test scores are combined into an “effective practices” index and those negatively
correlated are used for an “ineffective practices” index. As shown in Table 1.20, we do not find

statistically significant differences across experimental groups on these outcomes.

Overall, the lack of findings on teacher behavior suggest that the effects observed may be attributed
to the substitution of some of the teachers’ instructional time with the new technology (skill
replacement), rather than a reallocation of teachers’ time and effort (or that of their students) across
different tasks. This is also consistent with our analysis of platform data. Although teachers spent
an average of 33 minutes per week actively using the platform, they seldom leveraged it to automate
routine tasks such as assigning or grading homework and exams. Our data indicates that, over
the course of the academic year, teachers assigned no more than three activities through the CAL

platform.

1.6.3 Heterogeneity in Program Effects

As students progressed through the software, they were targeted with exercises that catered to their
learning levels. Following Muralidharan et al. (2019), we classify test topics into two categories—
below and at grade level—and test whether students fare differently across these two categories in the
tests. Table 1.21 suggests that the CAL treatment was effective in improving performance on both
below and at grade level content, with impacts ranging from 0.21 to 0.28 standard deviations. This
pattern differs from that found in Muralidharan et al. (2019), which finds large impacts on below
grade math items but no impacts on at grade level items.>® However, the patterns are consistent with
what we would expect by looking at software use, as the software was designed to cover both below
and at grade level content. At midline, when students had spent most time on modules covering
below grade level topics, we find that effects were largely concentrated on test items covering this

type of content.

30In Hindi, the authors find significant effects for questions at and below grade level.
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In Table 1.22, we present effects across content areas included in TIMMS mathematics assessments
for 8th grade. We observe positive differences from the CAL treatment on the algebra, numbers,
and geometry content areas by endline, although the coeflicient for geometry is not statistically
significant. We do not find impacts on data and probability, the one TIMMS content area that
was not covered in the platform or in the Dominican Republic’s 9th grade curriculum. For the
tutoring component, results seem to mirror those found on Table 1.3, as classrooms assigned to
a tutor show negative but statistically insignificant differences, when compared to the CAL-only
treatment, across all content areas except for data and probability. Beyond content areas, TIMSS
also evaluates students’ abilities in three cognitive domains: knowing, applying, and reasoning. In
Table 1.23, we present results across these cognitive areas. As shown, we find large and positive
effects on all cognitive areas, ranging from 0.16 to 0.31 standard deviations, although results are

not statistically significant for the “knowing” cognitive area.

Lastly, Figure 1.6 presents the distribution of performance for both the treatment and control groups
across baseline performance percentiles. Although confidence intervals overlap at several points,
we observe that the treatment group consistently outperformed the control group at all levels of

baseline performance.

1.7 Discussion

In this section, we discuss how the implementation challenges we faced when deploying CAL in
schools could have affected the results observed on performance, and delve into a key remaining
question: why was the tutoring component ineffective? While we do not have conclusive evidence

to explain these findings, we present in this section some potential explanations.
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1.7.1 CAL Implementation Challenges and Impacts on Take-up

Challenges mentioned in subsection 1.3.2 resulted in lower-than-expected use of the CAL platform,
with the average student using the platform for less than 60 percent of the intended time. In Appendix
Table A.5, we estimate the dose-response relationship between hours of CAL use and value-added
(Muralidharan et al., 2019). We instrument for hours of use using the random assignment to the
experimental treatment arms. The IV estimates indicate that, on average, one additional hour
of CAL use increased endline test scores by 0.027 standard deviations. Figure A.2 shows that
diminishing returns start to kick in around the 1500-minute mark. Up until that point, the slope
of the curve increases steeply, but then the rate of increase in math test scores begins to taper off,
signaling that additional time on CAL has progressively smaller benefits on test scores. Note that the
effect identified here averages causal effects over varying levels of treatment. Thus, an extrapolation
of up to 1500 minutes of use is likely to be downwardly biased, whereas an extrapolation of more
than 1500 minutes of use may overstate the true effects of the intervention. In Table A.5 we limit our
extrapolation to 1500 minutes of use, which, assuming 80 percent attendance, would be equivalent
to roughly 5 months of implementation.?! Our results suggest that implementing the program with

fidelity for 5 months would lead to test score gains of 0.73 standard deviations.?

1.7.2 Ineffectiveness of Tutoring Component

The challenges mentioned in subsection 1.3.3 help explain the limited effectiveness of the tutoring
sessions. By midline, the average attendance at tutoring sessions was approximately 75 percent.
In an effort to address this, students were given the option early in the spring to withdraw from

tutoring and join an alternative extracurricular workshop if they preferred. While the majority (54

3 Most students (approx. 90 percent) fall below the 1500-minutes mark, which reduces our concern that diminishing
returns may bias these estimates. Moreover, we cannot reject a test of equality (difference-in-Sargan) between the IV
and OLS estimates using a value added specification, and as seen across columns 1-3, the coefficient associated with
hours of use is similar across model specifications, suggesting that the LATE may be similar to the ATE.

32This extrapolation requires the assumption of heterogeneity in treatment effects. As shown in Figure 1.6, we do
not find evidence of effect heterogeneity across baseline performance.
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out of 61 students) remained enrolled in the tutoring program through the end of the school year,
7 students opted to withdraw at the beginning of the spring semester. Despite the relatively low
dropout rate, attendance continued to pose a challenge, with average student attendance standing
at 73 percent by the end of the intervention. Using a meta-analytic sample of 265 tutoring studies,
Kraft et al. (2024) find that program features that change as tutoring programs are taken to scale,
including higher tutor-tutee ratios and shorter delivery dosages, partially account for the reduced

effectiveness of these programs (when compared to smaller scale interventions).>?

Moreover, if the program disrupted other productive learning activities without delivering the
consistent support needed to drive academic improvement, it could have had a net negative impact.
While no observable differences were found between the tutoring group and the control group,
we did observe negative (though not statistically significant) differences when compared to the
CAL-only group, as well as a reduced usage of the CAL platform. This issue is explored in greater

detail in the following subsection.

1. Use of CAL platform. We find that students in classrooms assigned to the tutoring arm spent
less time on the platform and put lower effort while using it.>* Figure 1.9 shows that the average
student assigned to a CAL-only classroom spent a total of 1232 minutes using the platform (56
minutes per week) while the average student in a CAL+Tutoring classroom spent 1082 minutes (49
minutes per week). We use the relationship between minutes of use and test scores to predict how
this difference in use may affect results. Assuming a linear dose-response relationship between the
two, we find that this difference in time use may account for approximately 34 percent (0.07 SD) of
the observed difference in endline performance between classes with tutoring and those that only
included the CAL component (see Appendix Table A.5). Within CAL+Tutoring classrooms, both
non-tutees and tutees had considerably lower levels of use than the average student in a CAL-only

classroom, but the difference in use was significantly lower for tutees, who spent only 1000 minutes

3Kraft et al. (2024) show a declining pattern of effects as student-tutor ratios increase.
34We define effort as the ratio of topics learned to time spent on the platform.
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(or 45 minutes per week) using the platform.

2. Selection of Tutees. Although we anticipated that teachers would select the lowest-performing
students as tutees, the data show otherwise. The average tutee was not in the bottom 20th percentile
on baseline tests; in fact, as Figure 1.7 illustrates, the average tutee was located in the second quintile
of performance, approximately 0.7 standard deviations below the average. This discrepancy may
stem from the timing of the selection process, which occurred at the start of the school year when
teachers may have had limited knowledge of their students’ abilities. A plausible explanation is
that initial tutee selection was based on incomplete or inaccurate information, or that teachers
considered students’ likelihood of attendance as one selection criteria, perhaps assuming that the
worst performing students were less likely to attend the tutoring sessions.®> It remains unclear
whether teacher judgment or baseline test scores should serve as the optimal criteria for selecting
tutees. Nevertheless, as Figure 1.8 shows, students selected as tutees were closer to the mean than
to the bottom, and exhibited flatter growth in test scores between the baseline and endline than
other comparable groups, suggesting that the selection process may not have effectively targeted

the students who would have benefited the most from the tutoring intervention.

3. Locus of Control. Students in the CAL+Tutoring group were less likely to score positively on the
locus of control variable (Table 1.15). The significance of locus of control becomes apparent when
we examine the effects by students’ baseline levels on this variable. When the sample is split into
high (above the baseline mean) and low (below the baseline mean) locus of control groups, Table
1.24 shows that the large positive effects observed in the CAL-only group are concentrated among
students with initially high levels of locus of control, while the negative effects in the tutoring group

are concentrated among those with lower initial levels on this variable. A possible explanation is

35 After the initial selection, teachers were provided a list of the bottom 20 percent of students in their class, along
with their baseline test scores. While 70 percent of teachers made at least one adjustment to their tutee selection, only
60 percent of the students from the original list were changed. Only 41 percent of the students on the updated lists
were from the bottom 20 percent in terms of baseline performance (an increase of 20 percentile points compared to
teachers’ initial selection). The most frequently cited reason for selecting a tutee was having low performance (82
percent), followed by showing behavioral issues (6 percent) or lacking an appropriate study method (6 percent).
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that the presence of a tutor may have led students to perceive them as responsible for their academic
success, making them more confident about their outcomes and more passive in their efforts. This
could explain the lower use of the CAL platform among students in tutoring classrooms, as they
might have relied more heavily on the tutor’s support. In Table 1.18, we show that students in the
CAL-only group were more likely to report getting nervous before math tests than students in the

control and CAL+Tutoring groups.

1.8 Conclusion

This paper contributes to the growing literature on computer-assisted learning by testing an innova-
tive intervention that replaces nearly one-third of regular math instruction with the use of an adaptive
learning platform. Conducted in the Dominican Republic, a lower-middle-income country, this
study highlights both the challenges and transformative potential of introducing technology-based
tools in public school classrooms. We find that substituting two weekly hours of regular instruction
with CAL use significantly improves student performance on math tests by up to 0.3 standard

deviations, with these gains being consistent across various difficulty levels and subject areas.

Interestingly, when the CAL component was combined with a tutoring intervention targeted at
20 percent of students in each classroom, the effectiveness of the CAL component was reduced,
even for those who did not directly participate in the tutoring sessions during extracurricular
hours. Implementation challenges, such as low attendance rates among tutees and reduced platform
usage and effort among students in the tutoring group, may explain this diminished effectiveness.
Although we do not have conclusive evidence for why platform use decreased, we find impacts on
student locus of control and wellbeing, with students in the tutoring group exhibiting lower locus of
control and lower math anxiety compared to those who only received the CAL component. While
these results do not fully account for the reduced performance observed in the tutoring group, they

underscore the need to better understand how technology-based interventions interact with other
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classroom supports.

Overall, this paper illustrates the promising potential of technology to enhance education systems
worldwide. However, it also highlights the importance of understanding the dynamics between
technology integration and concurrent interventions, such as tutoring, within the school context.
Furthermore, we highlight the importance of infrastructure and logistical planning in the successful
implementation of programs that take place in schools and rely on the use of technology, underscor-
ing the need for continuous monitoring and adaptive strategies to minimize disruptions. As part
of future work for this project, we plan to conduct qualitative research, including focus groups and
interviews with teachers and students, to explore potential shifts in attitudes or behaviors resulting

from the tutoring treatment arm.
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Figure 1.1: Timeline for Intervention and Study
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Figure 1.2: Randomization Design
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Notes: T2 is composed of 9 classrooms assigned to receive access to the CAL software.
T1 is composed of 10 classrooms where in addition to receiving access to the software, 20
percent of students, were to receive tutoring sessions in small groups during extracurric-
ular hours. The control group did not receive access to the CAL or tutoring components.
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Figure 1.3: Expected Performance on Endline Math Tests

A. Hours Spent on CAL B. Topics Learned on CAL C. Effort in CAL
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Notes: The CAL+Tutoring group excludes tutees. Panel C shows the difference between students’ reported
expected performance (share of correct answers) and their actual performance.
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Figure 1.6: Non-Parametric Estimates of Treatment Effects by Baseline Performance
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Notes: Following Muralidharan et al. (2019), the figure presents kernel-
weighted local mean smoothed plots relating endline test scores to
percentiles in baseline tests, separately for the treatment and control
groups. The dashed lines show 95% confidence intervals.
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Figure 1.7: Selection of Tutees and Distribution of Performance
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Figure 1.8: Share of Correct Answers by Performance Groups
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Notes: The 20th percentile or below threshold of performance is used as a counterfactual for
tutees. “CAL+Tutoring Non-Tutees” shows trends between baseline and endline for students
who did not receive the group tutoring intervention but were in classrooms where 20 percent of
students did. “Tutees” are students who were assigned to the tutoring intervention in selected
classrooms. “CAL-Only > 20th perc.” are students in CAL-only classrooms who are above
the 20th percentile of performance. “CAL Only < 20th percentile” are students in CAL-
only classrooms who were below the 20th percentile of performance. “Pure Control < 20th
percentile” are students below the 20th percentile performance threshold in control classrooms.
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Table 1.1: Balance Table

Control Treatment

Variable N Mean/(SE) N Mean/(SE) N Difference

Female 669 0.552 664 0.566 1333 -0.015
(0.019) (0.019)

Age 615 14.525 629 14.458 1244 0.067
(0.033) (0.033)

Math test scores 620 6.281 631 6.442 1251 -0.162
(0.108) (0.110)

Mother went to college 622 0.293 636 0.319 1258 -0.027
(0.018) (0.018)

Father went to college 622 0.186 636 0.212 1258 -0.026
(0.016) (0.016)

Mother went to high school 622 0.693 636 0.708 1258 -0.015
(0.019) (0.018)

Father went to high school 622 0.564 636 0.558 1258 0.006
(0.020) (0.020)

F-test of joint significance 0.749

F-test, number of observations 1237

Notes: *** p<0.01, ** p<0.05, * p<0.1. Math test scores are based on a short assessment administered at
baseline.
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Table 1.2: Attrition between Baseline, Midline, and Endline

)] 2 3) “) ) (6) ) (®)
Midline Survey Endline Survey
All All Treat Control All All Treat Control
Treatment 0.005 0.017 0.029* 0.032*
(0.015)  (0.015) (0.015)  (0.016)
Student’s age -0.011 -0.024* 0.004 -0.029*  -0.037*  -0.022
(0.011)  (0.014) (0.018) (0.012)  (0.015) (0.020)
Student is female -0.018 -0.006 -0.025 0.008 0.039* -0.018
(0.016)  (0.021) (0.024) (0.017)  (0.022) (0.027)
Father is unemployed -0.027 -0.036 -0.006 -0.009 0.030 -0.035
(0.027)  (0.037) (0.041) (0.030) (0.039) (0.047)
Mother is unemployed -0.024 0.005 -0.050* -0.002 0.011 -0.007
(0.017)  (0.023) (0.025) (0.019)  (0.024) (0.029)
Baseline test score 0.001 0.000 0.004 0.006* 0.009** 0.004
(0.003)  (0.004) (0.005) (0.003)  (0.004) (0.005)
Repeated a school year 0.002 0.026 -0.023 0.004 0.035 -0.023
(0.025)  (0.032) (0.039) (0.027)  (0.034) (0.044)
Mother went to college 0.025 0.036 0.019 -0.015 -0.024 -0.004
(0.018)  (0.024) (0.028) (0.020)  (0.025) (0.032)
Mother went to high school 0.032* 0.011 0.045 0.024 0.012 0.034
(0.019)  (0.026) (0.029) (0.021)  (0.027)  (0.033)
Father went to high school -0.037* 0.007  -0.076"** -0.032*  -0.044* -0.018
(0.018)  (0.024) (0.026) (0.019)  (0.025) (0.030)
Father went to college -0.012 -0.016 -0.017 -0.007 0.008 -0.022
(0.020)  (0.026) (0.033) (0.022)  (0.027) (0.037)
Locus of control 0.068 0.103 0.028 0.008 -0.002 0.011
(0.063)  (0.085) (0.095) (0.070)  (0.091)  (0.109)
Self-efficacy -0.061 -0.099 -0.028 -0.068 -0.096 -0.057
(0.049)  (0.066) (0.073) (0.054) (0.071)  (0.083)
Spanish grade in 2022/23 0.002*  0.003* 0.002 -0.001 -0.001 -0.001
(0.001)  (0.001) (0.002) (0.001)  (0.002) (0.002)
Math grade in 2022/23 -0.002 -0.003 -0.002 0.003** 0.002 0.003
(0.001)  (0.002) (0.002) (0.001)  (0.002) (0.002)
Constant 0916 1.096*** 1.286™*  0.927***  0.900***  1.242***  1.327*** 1.204***
(0.011)  (0.188)  (0.251) (0.290) (0.011)  (0.208)  (0.266)  (0.331)
R-squared 0.000 0.037 0.043 0.055 0.003 0.033 0.051 0.033
N 1333 948 473 475 1333 948 473 475

Notes: * p < 0.10, ™ p < 0.05, *** p < 0.01. Standard errors in parentheses.
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Table 1.3: Treatment Effects on Math Assessments

Midline Math Test Endline Math Test
H 2 3) )
CAL Treatment (8;) 0.206 0.167 0.313* 0.285%*
[0.179] [0.180] [0.057] [0.033]
CAL x Tutoring Treatment (3;) -0.103 -0.066 -0.239 -0.194
[0.619] [0.656] [0.214] [0.208]
CAL + Tutoring Treatment (8 + 32) 0.103 0.101 0.073 0.091
[0.485] [0.401] [0.653] [0.518]
Control Mean 0.00 0.00 0.00 0.00
Adjusted R? 0.01 0.28 0.02 0.30
Observations 1225 1225 1218 1218
Covariates No Yes No Yes

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores, proxies
for confidence and preferences towards math, self-reported grades for the previous year and parents’ employment
status. When available, we also control for the baseline level of the outcome variable. The p-values shown in brackets
represent the probability of obtaining an estimated treatment effect at least as large in absolute value as the one observed
in our experiment, under the sharp null hypothesis that the treatment effect is zero for all observations. Randomization
inference is based on 2,000 random draws.
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Table 1.4: Treatment Effects on Math Intrinsic Motivation

Math Intrinsic
Motivation Index

I enjoy
learning math

I wish I did not have
to study math

I like to solve

math problems

(1) (2) (3) “)

CAL Treatment (8;) -0.026 0.036 -0.002 -0.133%*

[0.594] [0.732] [0.841] [0.022]
CAL x Tutoring Treatment (£3;) 0.102 0.071 -0.009 0.093

[0.349] [0.480] [0.891] [0.310]
CAL + Tutoring Treatment (81 + 52) 0.076 0.106 -0.011 -0.041

[0.578] [0.223] [0.987] [0.395]
Adjusted R? -0.00 -0.00 -0.00 0.00
Observations 1194 1191 1179 1181

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores, proxies
for confidence and preferences towards math, self-reported grades for the previous year and parents’ employment
status. When available, we also control for the baseline level of the outcome variable. The p-values shown in brackets
represent the probability of obtaining an estimated treatment effect at least as large in absolute value as the one observed
in our experiment, under the sharp null hypothesis that the treatment effect is zero for all observations. Randomization
inference is based on 2,000 random draws.
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Table 1.5: Treatment Effects on Math Preferences

Student Likes Math
Midline Endline
Preferences Preferences
(1) (2) (3) “)

CAL Treatment (5;) -0.051 0.005 -0.021 0.020

[0.560] [0.944] [0.832] [0.809]
CAL x Tutoring Treatment (5>) -0.030 -0.038 0.023 0.024

[0.819] [0.701] [0.852] [0.835]
CAL + Tutoring Treatment (81 + 52) -0.081 -0.032 0.002 0.044

[0.379] [0.669] [0.984] [0.618]
Control Mean 0.00 0.00 0.00 0.00
Adjusted R? -0.00 0.32 -0.00 0.24
Observations 1218 1218 1210 1210
Covariates No Yes No Yes

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores, proxies
for confidence and preferences towards math, self-reported grades for the previous year and parents’ employment
status. When available, we also control for the baseline level of the outcome variable. The p-values shown in brackets
represent the probability of obtaining an estimated treatment effect at least as large in absolute value as the one observed
in our experiment, under the sharp null hypothesis that the treatment effect is zero for all observations. Randomization
inference is based on 2,000 random draws.
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Table 1.6: Treatment Effects on Absence Rates

Share of Days Absent
(1) (2)

CAL Treatment (3;) -0.007 -0.002

[0.697] [0.697]
CAL x Tutoring Treatment (5;) 0.010 0.010

[0.535] [0.535]
CAL + Tutoring Treatment (81 + 52) 0.008 0.008

[0.658] [0.658]
Control Mean 0.09 0.09
Adjusted R? 0.00 0.00
Observations 1254 1254
Covariates No Yes

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores, proxies
for confidence and preferences towards math, self-reported grades for the previous year and parents’ employment
status. When available, we also control for the baseline level of the outcome variable. The p-values shown in brackets
represent the probability of obtaining an estimated treatment effect at least as large in absolute value as the one observed
in our experiment, under the sharp null hypothesis that the treatment effect is zero for all observations. Randomization

inference is based on 2,000 random draws. Attendance measures are specific to math classes.
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Table 1.7: Treatment Effects on School Dropout

School Dropout

) (2)

CAL Treatment (3;) -0.019 -0.010

[0.442] [0.603]
CAL x Tutoring Treatment (5>) -0.009 -0.016

[0.806] [0.564]
CAL + Tutoring Treatment (81 + 52) -0.028 -0.026

[0.263] [0.170]
Control Mean 0.08 0.08
Adjusted R? 0.00 0.06
Observations 1333 1333
Covariates No Yes

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores, proxies
for confidence and preferences towards math, self-reported grades for the previous year and parents’ employment
status. When available, we also control for the baseline level of the outcome variable. The p-values shown in brackets
represent the probability of obtaining an estimated treatment effect at least as large in absolute value as the one observed
in our experiment, under the sharp null hypothesis that the treatment effect is zero for all observations. Randomization
inference is based on 2,000 random draws.
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Table 1.8: Treatment Effects on School Grades

Math Grades Spanish Grades
(1) (2) (3) (4)
Panel A: Unconditional School Grades

CAL Treatment () -0.141 -0.153 0.012 -0.015

[0.311] [0.262] [0.909] [0.890]
CAL x Tutoring Treatment (53>) -0.095 -0.050 -0.072 -0.012

[0.597] [0.743] [0.722] [0.929]
CAL + Tutoring Treatment (8 + 32) -0.235 -0.203 -0.060 -0.027

[0.102] [0.146] [0.599] [0.779]
Adjusted R? 0.01 0.31 -0.00 0.32
Observations 1247 1247 1247 1247
Covariates No Yes No Yes

Panel B: Conditional School Grades

CAL Treatment (31) -0.188 -0.202 0.029 0.006

[0.227] [0.158] [0.812] [0.959]
CAL x Tutoring Treatment (3>) -0.126 -0.069 -0.063 -0.009

[0.520] [0.666] [0.772] [0.953]
CAL + Tutoring Treatment (8 + 32) -0.313 -0.271 -0.034 -0.003

[0.050] [0.066] [0.792] [0.980]
Adjusted R? 0.02 0.37 -0.00 0.31
Observations 1247 1247 1247 1247
Covariates No Yes No Yes

Notes: *** p<0.01, ** p<0.05, * p<0.1. Panel A reports results for unconditional school grades, calculated as the
average of all quarterly grades available for the 2023-2024 school year. In contrast, Panel B shows conditional school
grades, which reflect the final grade reported at the end of the school year. Unlike unconditional grades, conditional
grades are only available for students who remained enrolled through the end of the academic year. Covariates include
students’ gender, age, baseline math test scores, and proxies for confidence and preferences towards math, along with
self-reported grades for the previous year and parents’ employment status. When available, we also control for the
baseline level of the outcome variable. The p-values shown in brackets represent the probability of obtaining an
estimated treatment effect at least as large in absolute value as the one observed in our experiment, under the sharp null
hypothesis that the treatment effect is zero for all observations. Randomization inference is based on 2,000 random

draws.
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Table 1.9: Treatment Effects on Math Self-Beliefs and Self-Confidence

Midline Math Endline Math
Self-Beliefs Self-Beliefs
(1) () (3) “)
Panel A: Math Self-Beliefs (SD)
CAL Treatment (3;) 0.117 0.127 0.119 0.134
[0.237] [0.186] [0.156] [0.100]
CAL x Tutoring Treatment (3>) -0.009 0.020 0.007 0.035
[0.941] [0.872] [0.938] [0.725]
CAL + Tutoring Treatment (8 + 32) 0.108 0.147 0.126 0.169%*
[0.254] [0.111] [0.133] [0.038]
Adjusted R? 0.00 0.15 0.00 0.14
Observations 1205 1205 1188 1188
Covariates No Yes No Yes
Panel B: Math Self-Confidence Index
CAL Treatment (8;) -0.016 -0.007 -0.010 -0.002
[0.274] [0.605] [0.603] [0.923]
CAL x Tutoring Treatment (5>) 0.011 0.014 -0.005 -0.000
[0.599] [0.368] [0.820] [0.999]
CAL + Tutoring Treatment (81 + 82 ) -0.005 0.008 -0.014 -0.002
[0.713] [0.533] [0.422] [0.918]
Control Mean 0.66 0.66 0.64 0.64
Adjusted R? 0.00 0.34 -0.00 0.28
Observations 1225 1225 1206 1206
Covariates No Yes No Yes

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores, proxies
for confidence and preferences towards math, self-reported grades for the previous year and parents’ employment
status. When available, we also control for the baseline level of the outcome variable. The p-values shown in brackets
represent the probability of obtaining an estimated treatment effect at least as large in absolute value as the one observed
in our experiment, under the sharp null hypothesis that the treatment effect is zero for all observations. Randomization
inference is based on 2,000 random draws. The outcome variable in Panel A is a standardized measure of students’
self-reported expected performance on a math test. The outcome variable in Panel B is a standardized index based
on students’ answers to the following items: 1) When teachers teach me a new math topic, I learn it without much
difficulty; 2) When I take a math test, I am confident that I can answer the questions well; 3) I can help my classmates
with math homework that they don’t understand; 4) I feel more capable as I learn more things in math. Answers ranged

1 (Never) to 4 (Always).
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Table 1.10: Treatment Effects on Math Self-Concept

Math Self-Concept [ usually do Math is harder for me than
Index well in math for many of my classmates
1) 2) 3)
CAL Treatment (31) -0.008 -0.005 0.032
[0.844] [0.947] [0.486]
CAL x Tutoring Treatment (£3;) 0.011 -0.003 -0.093
[0.927] [0.846] [0.292]
CAL + Tutoring Treatment (81 + 52) 0.003 -0.008 -0.060
[0.832] [0.648] [0.527]
Adjusted R? -0.00 -0.00 -0.00
Observations 1184 1182 1175

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores, proxies
for confidence and preferences towards math, self-reported grades for the previous year and parents’ employment
status. When available, we also control for the baseline level of the outcome variable. The p-values shown in brackets
represent the probability of obtaining an estimated treatment effect at least as large in absolute value as the one observed
in our experiment, under the sharp null hypothesis that the treatment effect is zero for all observations. Randomization
inference is based on 2,000 random draws.
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Table 1.11: Treatment Effects on Math Overconfidence

Midline Endline
Overconfidence Overconfidence
(1) (2) (3) (4)

CAL Treatment (8;) 0.018 0.032 -0.002 0.008

[0.698] [0.499] [0.956] [0.844]
CAL x Tutoring Treatment (£3;) 0.026 0.029 0.042 0.050

[0.645] [0.609] [0.331] [0.269]
CAL + Tutoring Treatment (81 + 52) 0.044 0.061 0.040 0.058

[0.351] [0.203] [0.289] [0.132]
Adjusted R? -0.00 0.05 -0.00 0.05
Observations 1205 1205 1188 1188
Covariates No Yes No Yes

Notes: *** p<0.01, ** p<0.05, * p<0.1. Notes: *** p<0.01, ** p<0.05, * p<0.1. The outcome variable takes the
value of 1 if the teacher switched classes after program assignment, and O otherwise. Covariates include students’
gender, age, baseline math test scores, proxies for confidence and preferences towards math, self-reported grades for
the previous year and parents’ employment status. When available, we also control for the baseline level of the outcome
variable. The p-values shown in brackets represent the probability of obtaining an estimated treatment effect at least as
large in absolute value as the one observed in our experiment, under the sharp null hypothesis that the treatment effect
is zero for all observations. Randomization inference is based on 2,000 random draws.
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Table 1.12: Treatment Effects on Self-Efficacy Index

Midline Endline
Self-Efficacy Index Self-Efficacy Index
(1) (2) (3) (4)

CAL Treatment (8;) -0.016 -0.018 -0.009 -0.012

[0.284] [0.151] [0.534] [0.361]
CAL x Tutoring Treatment (£3;) 0.017 0.020 -0.000 0.006

[0.368] [0.126] [0.986] [0.737]
CAL + Tutoring Treatment (8 + 32) 0.001 0.002 -0.010 -0.006

[0.941] [0.875] [0.507] [0.625]
Adjusted R? 0.00 0.25 -0.00 0.13
Observations 1217 1217 1194 1194
Covariates No Yes No Yes

Notes: *** p<0.01, ** p<0.05, * p<0.1. Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’
gender, age, baseline math test scores, proxies for confidence and preferences towards math, self-reported grades for
the previous year and parents’ employment status. When available, we also control for the baseline level of the outcome
variable. The p-values shown in brackets represent the probability of obtaining an estimated treatment effect at least as
large in absolute value as the one observed in our experiment, under the sharp null hypothesis that the treatment effect
is zero for all observations. Randomization inference is based on 2,000 random draws.
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Table 1.13: Treatment Effects on Grit Index

Grit Index
) (2)
CAL Treatment (3;) 0.011 0.006
[0.430] [0.676]
CAL x Tutoring Treatment (5>) 0.001 0.001
[0.965] [0.968]
CAL + Tutoring Treatment (81 + 52) 0.012 0.006
[0.361] [0.653]
Adjusted R? -0.00 0.03
Observations 1333 1333
Covariates No Yes

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores, proxies
for confidence and preferences towards math, self-reported grades for the previous year and parents’ employment
status. When available, we also control for the baseline level of the outcome variable. The p-values shown in brackets
represent the probability of obtaining an estimated treatment effect at least as large in absolute value as the one observed
in our experiment, under the sharp null hypothesis that the treatment effect is zero for all observations. Randomization
inference is based on 2,000 random draws. The outcome is a standardized variable based on students’ answers to the
following items: 1) The schoolwork I like the most is the one that makes me think, 2) If I think I will lose in a game,
I do not want to continue playing, 3) If I set a goal and see that it’s harder than I though I lose interest, and 4) I work
hard on tasks. Answer options ranged from 1 (Doesn’t seem like me at all) to 5 (Very much like me).
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Table 1.14: Treatment Ettects on Logic Task

Logic Task: Logic Task: Logic Task:
Easy difficult Give Up
(1) (2) 3)

CAL Treatment (31) 0.087 -0.094 0.007
[0.075] [0.019] [0.730]

CAL x Tutoring Treatment (8,) -0.037 0.023 0.014
[0.651] [0.851] [0.720]

CAL + Tutoring Treatment (81 + 52) 0.050 -0.071 0.021
[0.201] [0.043] [0.417]

Control Mean 0.43 0.38 0.19

Adjusted R? 0.00 0.07 -0.00

Observations 1211 1211 1211

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores, proxies
for confidence and preferences towards math, self-reported grades for the previous year and parents’ employment
status. When available, we also control for the baseline level of the outcome variable. The p-values shown in brackets
represent the probability of obtaining an estimated treatment ettect at least as large in absolute value as the one observed
in our experiment, under the sharp null hypothesis that the treatment ettect is zero for all observations. Randomization
inference is based on 2,000 random draws.
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Table 1.15: Treatment Effects on Locus of Control

Locus of Control

(1) (2)
CAL Treatment (3;) 0.010 0.004
[0.258] [0.585]
CAL x Tutoring Treatment (5;) -0.025* -0.020*
[0.056] [0.056]
CAL + Tutoring Treatment (81 + 52) -0.014 -0.015%
[0.120] [0.056]
Control Mean 0.67 0.67
Adjusted R? 0.00 0.11
Observations 1196 1196
Covariates No Yes

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores,
proxies for confidence and preferences towards math, self-reported grades for the previous year and parents’
employment status. When available, we also control for the baseline level of the outcome variable. The
p-values shown in brackets represent the probability of obtaining an estimated treatment effect at least as large
in absolute value as the one observed in our experiment, under the sharp null hypothesis that the treatment
effect is zero for all observations. Randomization inference is based on 2,000 random draws.
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Table 1.16: Treatment Effects on Student Time Use

Hours spent on:

Academic Work Entertainment Sleep
Activities
M ) 3 “)
CAL Treatment (5;) 0.150 -0.163 0.159 0.001
[0.607] [0.773] [0.499] [0.956]
CAL x Tutoring Treatment (8;) -0.191 -0.375 -0.223 0.105
[0.503] [0.697] [0.395] [0.556]
CAL + Tutoring Treatment (81 + 52) -0.041 -0.538 -0.223 0.106
[0.838] [0.277] [0.539] [0.385]
Control Mean 7.90 8.61 7.55 5.66
Adjusted R? -0.00 -0.00 -0.00 -0.00
Observations 1194 1182 1185 1115

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores,
proxies for confidence and preferences towards math, self-reported grades for the previous year and parents’
employment status. When available, we also control for the baseline level of the outcome variable. The
p-values shown in brackets represent the probability of obtaining an estimated treatment effect at least as large
in absolute value as the one observed in our experiment, under the sharp null hypothesis that the treatment
effect is zero for all observations. Randomization inference is based on 2,000 random draws.
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Table 1.17

: Treatment Effects on Student Depression

Depression Index

) (2)

CAL Treatment (3;) 0.012 0.009

[0.286] [0.306]
CAL x Tutoring Treatment (5>) -0.003 -0.003

[0.847] [0.755]
CAL + Tutoring Treatment (81 + 52) 0.009 0.006

[0.396] [0.511]
Adjusted R? -0.00 0.08
Observations 1205 1205
Covariates No Yes

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores, proxies
for confidence and preferences towards math, self-reported grades for the previous year and parents’ employment
status. When available, we also control for the baseline level of the outcome variable. The p-values shown in brackets
represent the probability of obtaining an estimated treatment effect at least as large in absolute value as the one observed
in our experiment, under the sharp null hypothesis that the treatment effect is zero for all observations. Randomization
inference is based on 2,000 random draws. The outcome variable is a standardized index based on students’ answers to
the following items: 1) I am happy, 2) I worry a lot, 3) I feel sad, 4) I get upset quickly, 5) I often think I did something
wrong, 6) It’s hard for me to concentrate, 7) I feel lonely, and 8) I am not happy. Answers range from 1 (Strongly

disagree) to 4 (Strongly agree).

60



Table 1.18: Treatment Effects on Math Anxiety

Math Anxiety I’m worried of having I get nervous
Index bad grades in math before math tests
(1) (2) (3)
CAL Treatment (31) 0.135 0.033 0.060
[0.078] [0.265] [0.049]
CAL x Tutoring Treatment (8,) -0.123 -0.016 -0.061
[0.229] [0.657] [0.115]
CAL + Tutoring Treatment (81 + 52) 0.012 0.017 -0.001
[0.229] [0.598] [0.819]
Control Mean 0.00 0.77 0.71
Adjusted R? 0.00 0.00 0.00
Observations 1182 1199 1183

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores,
proxies for confidence and preferences towards math, self-reported grades for the previous year and parents’
employment status. When available, we also control for the baseline level of the outcome variable. The
p-values shown in brackets represent the probability of obtaining an estimated treatment effect at least as large
in absolute value as the one observed in our experiment, under the sharp null hypothesis that the treatment
effect is zero for all observations. Randomization inference is based on 2,000 random draws.
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Table 1.19: Treatment Effects on Teacher Behavior

Teacher Behavior

(1) (2)
Panel A: Time Mismanagement Index
CAL Treatment (8;) -0.082 -0.030
[0.556] [0.801]
CAL x Tutoring Treatment (3,) -0.145 -0.146
[0.382] [0.301]
CAL + Tutoring Treatment (8 + 32) -0.145 -0.146
[0.382] [0.301]
Adjusted R? 0.01 0.12
Observations 1148 1148
Covariates No Yes
Panel B: Teacher Engagement Index
CAL Treatment (8;) -0.181 -0.144
[0.102] [0.112]
CAL x Tutoring Treatment (5,) 0.044 0.041
[0.773] [0.763]
CAL + Tutoring Treatment (8 + 32) -0.137 -0.103
[0.220] [0.249]
Adjusted R? 0.00 0.12
Observations 1151 1151
Covariates No Yes

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores, proxies for
confidence and preferences towards math, self-reported grades for the previous year and parents’ employment status.
The p-values shown in brackets represent the probability of obtaining an estimated treatment effect at least as large in
absolute value as the one observed in our experiment, under the sharp null hypothesis that the treatment effect is zero
for all observations. Randomization inference is based on 2,000 random draws.

62



Table 1.20: Treatment Effects on Teaching Effectiveness Index

Teacher Effectiveness Index Teacher Ineffectiveness Index
(1) (2) (3) (4)
CAL Treatment (5;) 0.055 0.059 0.068 0.083
[0.606] [0.579] [0.480] [0.390]
CAL x Tutoring Treatment (3>) -0.144 -0.122 -0.155 -0.148
[0.294] [0.359] [0.245] [0.245]
CAL + Tutoring Treatment (81 + 32) -0.089 -0.063 -0.087 -0.066
[0.403] [0.555] [0.379] [0.530]
Adjusted R? 0.00 0.04 0.00 0.03
Observations 1161 1161 1165 1165
Covariates No Yes No Yes

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores, proxies for
confidence and preferences towards math, self-reported grades for the previous year and parents’ employment status.
The p-values shown in brackets represent the probability of obtaining an estimated treatment effect at least as large in
absolute value as the one observed in our experiment, under the sharp null hypothesis that the treatment effect is zero
for all observations. Randomization inference is based on 2,000 random draws
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Table 1.21: Treatment Effects on Test Scores by Content Level

Below Grade-Level

At Grade-Level

(1) (2) (3) (4)
CAL Treatment (3;) 0.282%%* 0.262%%* 0.243 0.214%*
[0.034] [0.028] [0.102] [0.073]
CAL x Tutoring Treatment (5;) -0.163 -0.127 -0.262 -0.220
[0.304] [0.379] [0.153] [0.118]
CAL + Tutoring Treatment (81 + 52) 0.119 0.135 -0.019 -0.006
[0.400] [0.340] [0.901] [0.955]
Adjusted R? 0.01 0.22 0.01 0.24
Observations 1218 1218 1217 1217
Covariates No Yes No Yes

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores,
proxies for confidence and preferences towards math, self-reported grades for the previous year and parents’
employment status. When available, we also control for the baseline level of the outcome variable. The
p-values shown in brackets represent the probability of obtaining an estimated treatment effect at least as large
in absolute value as the one observed in our experiment, under the sharp null hypothesis that the treatment
effect is zero for all observations. Randomization inference is based on 2,000 random draws.
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Table 1.22: Treatment Effects on Test Scores by Math Area

Midline Endline
Algebra Numbers Dataand Prob Algebra Numbers Data and Prob Geometry
@ 2 3 “ ®) (6) Q)

CAL Treatment (81) 0.195* 0.093 -0.011 0.214*  0.317** 0.028 0.133

[0.100] [0.376] [0.929] [0.088] [0.022] [0.679] [0.229]
CAL x Tutoring (82) -0.091 0.011 -0.062 -0.220 -0.106 0.056 -0.191

[0.503] [0.910] [0.460] [0.147] [0.451] [0.693] [0.101]
CAL x Tutoring (51 + 52 )  0.104 0.104 -0.073 -0.006 0.210 0.084 -0.058

[0.380] [0.376] [0.380] [0.147] [0.149] [0.382] [0.490]
Adjusted R? 0.01 0.19 -0.00 0.01 0.02 -0.00 0.00
Observations 1225 1225 1220 1217 1217 1218 1218

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores, proxies
for confidence and preferences towards math, self-reported grades for the previous year and parents’ employment
status. When available, we also control for the baseline level of the outcome variable. The p-values shown in brackets
represent the probability of obtaining an estimated treatment effect at least as large in absolute value as the one observed
in our experiment, under the sharp null hypothesis that the treatment effect is zero for all observations. Randomization
inference is based on 2,000 random draws.
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Table 1.23: Treatment Effects on Test Scores by Knowledge Domain

Midline Endline
Knowing Applying Reasoning Knowing Applying Reasoning
@ ) 3 “ &) (6)

CAL Treatment (81) 0.198 0.075 0.075 0.3171%#%* 0.164 0.211%**

[0.170] [0.346] [0.380] [0.007] [0.182] [0.042]
CAL x Tutoring (82) 0.009 -0.064 -0.156 -0.213 -0.097 -0.089

[0.916] [0.547] [0.160] [0.120] [0.456] [0.372]
CAL + Tutoring (81 + 52) 0.009 -0.064 -0.156 -0.213 -0.097 -0.089

[0.916] [0.547] [0.160] [0.120] [0.456] [0.372]
Adjusted R? 0.01 0.18 0.00 0.02 0.00 0.01
Observations 1225 1225 1224 1218 1217 1218

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores, proxies
for confidence and preferences towards math, self-reported grades for the previous year and parents’ employment
status. When available, we also control for the baseline level of the outcome variable. The p-values shown in brackets
represent the probability of obtaining an estimated treatment effect at least as large in absolute value as the one observed
in our experiment, under the sharp null hypothesis that the treatment effect is zero for all observations. Randomization

inference is based on 2,000 random draws.
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Table 1.24: Treatment Effects on Math Assessments by Levels of Locus of Control

Midline Math Test Endline Math Test
(1) (2) (3) (4)
CAL Treatment, Low LOC 0.234 0.179 0.295 0.269
[0.501] [0.503] [0.485] [0.495]
CAL Treatment, High LOC 0.178 0.154 0.332%* 0.303**
[0.220] [1.000] [0.033] [0.022]
CAL+ Tutoring Treatment, High LOC 0.273%* 0.260%* 0.200 0.204
[0.068] [0.033] [0.196] [0.122]
CAL + Tutoring Treatment, Low LOC -0.006 -0.014 0.002 0.017
[0.973] [0.903] [0.992] [0.897]
Control Mean 0.00 0.00 0.00 0.00
Adjusted R? 0.03 0.28 0.05 0.31
Observations 1225 1225 1218 1218
Covariates No Yes No Yes

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores, proxies
for confidence and preferences towards math, self-reported grades for the previous year and parents’ employment
status. When available, we also control for the baseline level of the outcome variable. The p-values shown in brackets
represent the probability of obtaining an estimated treatment effect at least as large in absolute value as the one observed
in our experiment, under the sharp null hypothesis that the treatment effect is zero for all observations. Randomization
inference is based on 2,000 random draws.
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Chapter 2. Different Paths to College Success: The Impact of Massachusetts’

Charter Schools on College Trajectories'

2.1 Introduction

Despite the recent decline in the college wage premium, college graduates still outearn their peers
with only a high-school diploma by 75 percent (Bengali et al., 2023; Autor et al., 2023). With
much policy and research in the United States focused on college access, we know less about how
K-12 educational experiences contribute to college success (Dynarski et al., 2023). This paper
uses application lotteries to show the causal effects of one K—12 educational intervention—charter

schools—on college preparation, enrollment, and graduation.

Charter schools are autonomously operated public schools with oversight, curricular, budgetary, and
hiring independence from traditional school districts. They are authorized by a state-empowered
entity, undergo periodic review, and may be subject to closure. When oversubscribed, charter
schools admit students via randomized admissions lotteries. Charter schools are not monolithic in
character. Many urban charter schools feature longer school days and school years, a culture of high
expectations, frequent teacher observations and feedback, data-driven instruction, use of tutoring,
and strict discipline—practices which are often referred to as “No Excuses” (Angrist et al., 2013;
Dobbie and Fryer, 2013). In recent years, many of these schools have moved away from this label
and some of the associated practices (Torres, 2022). Other charter schools operate on the basis of
a greater range of educational models and include project-based learning schools, themed schools

(e.g. arts, language, STEM, culture), Montessori schools, and personalized learning schools.

ICo-authored with Sarah Cohodes.
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This paper builds on Angrist et al. (2013) (APW), which examines the effects of Massachusetts
charter schools on test scores across urban and nonurban areas. APW find that urban charter
schools generate large test score gains whereas nonurban charters have null or negative effects. In
our shared Massachusetts sample, at the time students were enrolled in the 2000’s and 2010’s, the
urban charter schools mostly adhered to “No Excuses” practices and served a primarily minority
and economically disadvantaged population. The nonurban schools did not, embracing alternative
charter school models—in particular, project-based learning—and serving primarily white children.
APW find that the different practices and student bodies help account for the different test scores

trajectories, aligning with the existing literature on charter schools.

With a longer time horizon and more cohorts and schools, we return to APW’s diverse sample of
charter schools and report several novel findings. First, we replicate their test score results, finding
that urban charters boost standardized test scores and nonurban charters do not. Next, we find that
urban and nonurban charters both accelerate college preparation but via different means. Urban
charters increase Advanced Placement (AP) and SAT test-taking and scores and completion of a
college-ready curriculum, but increase time to high-school graduation. Nonurban charters decrease

AP test-taking but boost completion of a college-ready curriculum.

Turning to college, both urban and nonurban charter schools boost four-year college enrollment, by
7.9 and 9.8 percentage points, respectively. Regarding college graduation, we find that attending an
urban charter school raises attainment of any degree by 4.6 percentage points from the comparison
mean of 24 percent and BA completion by 4.2 percentage points from a comparison of 22 percent.
Nonurban charter schools increase attainment of any degree by 11.2 percentage points from a
comparison mean of 52 percent and BA attainment by 11.9 percentage points over a comparison
rate of 47 percent. In short, both urban and nonurban charter schools lift degree attainment, but
nonurban charter schools—the same schools that do not boost test scores—induce very large gains,

more than twice as large as the college graduation boost from urban charters.
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Our test score findings are consistent with the many lottery-based studies that have shown attending
urban charter schools increases students’ test scores (see Cohodes and Roy (2024) for a summary
of this research) and the more limited lottery-based evidence on nonurban charter schools, which
shows mixed impacts on test scores, with findings of small positive effects (Dynarski et al., 2018)
and, in other cases, null or negative effects (Gleason et al., 2010; Angrist et al., 2013). Observational
estimates of charter school impacts appear to confirm the lottery-based evidence that urban charter
schools boost test scores while nonurban charters do not (see Cohodes and Parham (2021) for an

overview).

The test score evidence has led some to conclude that charter schools are most successful in
urban contexts when they adopt “No Excuses” practices (Chabrier et al., 2016; Epple et al., 2016;
Cohodes and Parham, 2021). This conclusion is bolstered by lottery-based evidence showing that
urban charters that boost test scores also boost college preparation and enrollment and even shape
non—test score outcomes such as voting and risky behavior (Angrist et al., 2016; Dobbie and Fryer,
2015; Wong et al., 2014; Davis and Heller, 2019; Cohodes and Feigenbaum, 2021; Reber et al.,
2023; Demers et al., 2017). However, there is much less evidence on nonurban charter schools
and nontest outcomes. Lottery-based evidence on college graduation comes from a broad sample
of charter schools in a federally funded national evaluation of charter schools (Gleason et al.,
2010) extended to college outcomes (Place and Gleason, 2019), which finds no impact on college
enrollment or graduation and no relationship between test scores and college outcomes. This is
perhaps because their sample only consists of middle schools, whereas most of the schools in our
sample offer high-school grades. Evidence from the mostly-urban KIPP schools is consistent with
the idea that high-school grades are important. Demers et al. (2017) find no college enrollment
or graduation boost from a lottery-based evaluation of KIPP middle schools, but when they add
an instrumental variables approach to account for attendance at a KIPP high school, they find
large college gains. Dobbie and Fryer (2020) use propensity score matching to show that “No

Excuses” charter schools improve test scores and four-year college enrollment whereas “other”
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charter schools decrease both.?

This paper makes two main contributions. First, we add to the evidence on charter schools by
presenting lottery-based estimates of their impacts on college graduation from a diverse sample
of schools. The findings expand our as yet limited knowledge of the impact of different charter
school models on college outcomes. Second, we demonstrate that charter school test score effects
do not always align with the schools’ impacts on students’ life trajectories. Standardized test scores
provide a useful but limited measure of student learning. Jackson (2018) and Jackson et al. (2020)
highlight that teacher and school effects on test scores and student behavior separably contribute
to longer-term outcomes. Nevertheless, researchers often use standardized test scores as a proxy
for other outcomes that we care about (Krueger, 2003; Chetty et al., 2011; Hanushek, 2011; Chetty
et al., 2014c; Ganimian et al., 2021), but had we done so for our sample of Massachusetts charter
schools, we would have come to the wrong conclusion about the schools’ impacts on attainment.
Now that sufficient time has passed for APW’s sample of students to have completed their education,

we can measure their longer-term outcomes directly and do so in the remainder of this paper.

2.2 Data and Descriptive Statistics

2.2.1 Data and Sample

Massachusetts charter school records from randomized admissions lotteries in 2002-2014, cor-
responding to cohorts projected to graduate high school in 20062018, form the basis of our
investigation into charter school impacts (Massachusetts Charter School Lottery Records, 2002—
2014). We include schools with admission in the middle-school grades or later, as students admitted
for elementary school are too young to observe longer-term outcomes. Our sample, based on APW’s
but augmented by a few additional schools, includes 15 urban charter schools and 9 nonurban char-

ter schools. We define schools as urban if they are in towns where the school district participated in

2Observational work from Florida shows that charter schools initially decrease scores (Sass, 2006) but increase
college persistence (Sass et al., 2016), but it does not differentiate by location type or model.
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the Massachusetts Urban Superintendents Network and as nonurban otherwise. The sample covers
all Massachusetts charter schools that offered admission for middle- or high-school grades at the
time of the initial lottery record collection (2009-2011) and for which there are records of lotteries
with more applicants than seats available (Appendix Table B.1). All students in the sample are old
enough to be observed 5 years after their projected high-school graduation, with one fewer cohort

available at 6 years after projected high-school graduation.

The lottery records include students’ names and dates of birth alongside lottery information (ap-
plication grade, sibling status, town of residence, admissions offers, and waitlist status). We use
the lotteries for entry grades, as these have the greatest number of open seats and a standard open
admission process, and exclude guaranteed-admission siblings and non-randomized late and out-
of-area applicants. We create indicators both for admission on the day of the lottery (initial offers)
and offers extended from the randomized waitlist (waitlist offers). The sample includes students
present in the Massachusetts data at baseline, excluding students who applied to charter schools

from private schools.

We use name, date of birth, town of residence, and application cohort to match the lottery records
to state administrative data from the Massachusetts Department of Elementary and Secondary
Education (DESE) (DESE, 2002-2023). These records include student information such as school
enrollment, gender, race, special education status, English learner status, subsidized lunch status,
days of attendance, suspensions, and high-school graduation status from the Student Information
Management System (SIMS), course enrollment from the Student Course System (SCS), and
achievement scores from the Massachusetts Comprehensive Assessment System (MCAS). DESE
also provided information on AP and SAT exams from the College Board and college records from

the National Student Clearinghouse (NSC).

Key outcomes include MCAS scores two years after the lottery, APs and SATs, MassCore cur-

riculum completion, high-school graduation, college enrollment, and degree attainment. We
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standardize MCAS scores by subject, grade, and year to have mean zero and standard deviation one
for the entire state.> AP and SAT outcomes are available for the class of 2007 and later. SAT and
AP test participation indicators are marked as zeroes for students who were present in 11th or 12th
grade but did not take each exam and missing if not present. MassCore completion is an indicator
that the student has completed college-ready high-school curriculum, as defined by the state for
the 2008 cohort and forward.* High-school graduation and MassCore completion is measured for
students that appear in 9th grade. Indicators for IB and calculus course-taking come from the SCS
but are only available for the 2015 and later cohorts. We report college outcomes within timeframes
of expected high-school graduation, where the expected high-school graduation year is based on
the year and grade of the application lottery. Thus, an outcome such as bachelor’s attainment within
6 years indicates that a student obtained a bachelor’s within 6 years of her expected high-school
graduation based on when she applied to a charter school. We mark college indicators as zeroes if
student information was sent to the NSC but no college records were returned, otherwise they are

marked as missing.

2.2.2 Schools

In addition to diverging from their traditional public school counterparts, urban and nonurban
charter schools diverge in their characteristics and practices from each other. Table 2.1 compares
school characteristics for the charter schools in the lottery sample and other public schools. We
measure school characteristics in the early 2010’s, the point at which most students in our sample
matriculated. Urban charter schools have the lowest share of teachers with formal credentials
(59 percent licensed in their subject), followed by nonurban charters (71 percent), in contrast to

public schools, where almost all teachers are licensed in their subject. All urban charter schools

3MCAS scores exclude middle-school scores from 2015 and 2016, when districts could select the MCAS or PARCC
exam.

4The MassCore curriculum entails completing 4 years of math coursework, 4 years of ELA, 3 years of science, 3
years of history, 2 years of a world language, 1 year of arts and 5 additional units of core courses. The indicator is
reported by school districts to the state.
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receive federal Title 1 funds for serving a high-poverty student body, as do about two-thirds of
nonurban charters. Among traditional schools, 77 percent of urban schools and 41 percent of
nonurban schools receive Title 1. The student—teacher ratio is lower in charter schools (12:1 or
11:1 in charters and 14:1 or 13:1 in other public schools). Charter schools are small schools,
with approximately 430 students per school. This compares to 663 students at urban traditional
schools and 2,271 students per school in nonurban areas, which often have large comprehensive high
schools. Per-pupil expenditures (in 2014 dollars) are slightly higher in urban charters ($16,250) than
in urban traditional schools ($15,661) and lower in nonurban charters ($11,982) than in nonurban
traditional schools ($14,411). Urban areas have higher disciplinary rates. However, relative to
traditional public schools, urban charters use discipline more, whereas nonurban charters have

fewer disciplinary incidents.

For the charter schools only, we have responses to a survey on school practices (Panel B). Urban
charters have longer school days and school years, use tutoring, frequent teacher observations,
and frequent checks for student understanding, and have a culture of high expectations. Two
of the urban schools are affiliated with multi-state charter management organizations associated
with No Excuses practices (KIPP and Uncommon Schools). Nonurban charters are less likely to
deploy these practices, though half of them use frequent checks for student understanding and 75
percent use differentiated instruction (even higher than the 69 percent for urban charters). They
are more likely to use project-based learning (63 percent versus 23 percent for urban charters).
One of the nonurban schools is associated with the Coalition of Essential Schools, which focuses
on individualized learning and civic contributions; another nonurban charter is associated with
Expeditionary Learning, which emphasizes real-world projects and active learning;> and another
nonurban school is an International Baccalaureate (IB) school, following a rigorous college-prep
curriculum focused on critical thinking. Finally, one nonurban school focuses on performing arts.

In all, 4 of 9 nonurban campuses have an explicit non-No Excuses affiliation or theme.

50ne urban school also follows this model.
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2.2.3 Students

Table 2.1, Panel C, also presents descriptive statistics for lottery applicants (Columns 1 and 2)
and students who attended public schools in Massachusetts in 9th grade and were projected to
graduate between 2006 and 2018 (Columns 3 and 4). We see important differences across urban
and nonurban areas. In urban areas, Black and Latino/a students comprise 20 and 32 percent of the
public school student population, respectively, and 53 and 28 percent of lottery applicants. Sixty-
four percent of urban students in noncharter public schools and 74 percent of lottery applicants
receive free or reduced-price lunch. Urban students and lottery applicants also have low average
baseline scores: 0.430 and 0.370 below the state average in math and 0.430 and 0.420 below the
average in English language arts (ELA). Regarding test scores, lottery applicants are representative

of urban students overall.

In contrast, most students in nonurban areas are white: 84 percent of nonurban public school
students and 88 percent of lottery applicants are white. Students in nonurban locations are of more
affluent backgrounds and have better baseline academic outcomes. Twenty percent of public school
students in nonurban areas and 13 percent of charter school applicants receive subsidized lunch.
Nonurban students and lottery applicants score 0.150 and 0.330" above the state average in math

and 0.160 and 0.410 above the average in ELA.

2.3 Empirical Framework

To estimate the impact of urban and nonurban charter schools on educational attainment and other
outcomes, we take advantage of the natural experiment created by charter school lotteries. We
use randomized lottery offers as instruments for charter school attendance at each type of charter
school in a two-stage least squares (2SLS) strategy with multiple endogenous variables. We link

charter school attendance to outcomes with an equation of the following form:
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yi= ) 8;dij+ X[T +p"Cll + p"Cl' + e, 2.1)
J

where y; is an educational outcome for student 7, such as degree attainment. Charter attendance is
represented by type with C}' and C}', which are indicators for attendance prior to when y; occurs
at an urban (1) or nonurban (n) charter school with a lottery. The effect of attending an urban or
nonurban charter is captured by p“ and p", respectively. A vector of baseline characteristics, X;,
increases statistical precision and includes indicators for gender, race, special education, English
learner status, and subsidized lunch status and a set of year of birth fixed effects. Key to our
estimation strategy is the inclusion of “risk sets,” indicated by d;;, which are lottery fixed effects
that account for the set of charter schools applied to by each student and include the application
year and grade. The risks sets thus account for different probabilities of charter school attendance
conditional on the number of schools applied to or a school’s popularity. We use robust standard

CITors.

Randomized charter school lottery offers serve as instruments for charter school attendance, coded
as mutually exclusive indicator variables: Z;; represents an initial offer and Z;; represents a waitlist
offer. In a few cases, schools reported only initial or waitlist offer information; in such situations
we include the school but only make use of the single source of offer variation. Thus, the first stage

of our 2SLS frameworKk is:

Cf = wjdij + X{B+m{ Z8 + ny Zl + w2}y + 73 Zly +misk € u,m, (2.2)
J

where Cl.k indicates attendance at a charter school of k type, where k € u,n, and is estimated
as a function of the risk sets described above, the same vector of student characteristics, and the

randomized lottery offers. The effect of lotteries on attendance is captured by ﬂ’l‘ for the initial offer
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and 7112‘ for the waitlist offer.

First stage estimates showing that charter offers boost charter attendance by 34 to 60 percentage
points are presented in Appendix Table ??. We demonstrate in Appendix Table B.2 that the
characteristics of students offered seats in the lottery are very similar to not-offered students in
both locations, offering a check on lottery randomization. Match rates to the SIMS data are above
99 percent and are very similar across lottery offers (Appendix Table B.3). We observe a small
but statistically significant amount of differential attrition between lottery winners and losers for
test scores and in 9th grade (Appendix Table ??), prompting us to use Lee (2009) bounds for
MCAS and high school outcomes (see Appendix A for a more detailed discussion). Our analysis
is concerned primarily with college outcomes. For these outcomes there is no differential attrition
and we have almost complete sample coverage (94 percent). We thus do not present bounds for

college outcomes.

The control complier mean (CCM) is our preferred indicator for the counterfactual comparison
(Katz et al., 2001; Abadie, 2002). The CCM is the average value of the outcome for compliers
without charter school offers. These are students who do not attend a charter when they do not
receive an initial or waitlist offer in the first charter school lottery they apply to. We estimate the

CCM for each charter type k as follows (Katz et al., 2001; Abadie, 2002):

Vi * (1 - Cl.k) = Z/ljd,-j +X,./oz+‘r (1 - Clk) +vi;k €u,n, 2.3)
J

where 1 is the estimate of the CCM and (1-Cl." ) is instrumented by the initial and waitlist offers,

with risk sets and demographics accounted for as in Equation 2.
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2.4 Results

2.4.1 Standardized Test Scores

MCAS math and ELA scores two years after the lottery serve as our benchmark to compare our
findings to those of previous studies (Table 2.2). After two years, urban charters increase scores by
almost half a standard deviation (o) in math (0.480°) and 0.320" in ELA. These results align with
the per-year effects found in APW of 0.33¢0 for middle-school math, 0.150 for middle-school ELA,
0.340 for high-school math, and 0.260 for high-school ELA, though the comparison is inexact
because of the different parameterizations. The urban results are also on par with those reported
for Boston (Abdulkadiroglu et al., 2011; Angrist et al., 2016; Walters, 2018; Cohodes et al., 2021;
Setren, 2021; Cohodes and Feigenbaum, 2021).

After a student spends two years in a nonurban charter school, test scores drop by 0.11¢0" in math
and 0.140 in ELA. The corresponding per-year middle-school estimates from APW are -0.12¢0 for
math and -0.140 for middle-school ELA, with negative but not statistically significant impacts on
high-school tests. Separating the sample into schools that exclusively serve middle-school grades
(i.e. 6-8 or 5-8) and schools that offer high-school grades (e.g. 9—-12 or 6-12) yields results that
closely align with APW (Table 2.4).

We also present Lee bounds on the reduced form estimates to address differential attrition. Findings
from this exercise suggest that, even in the presence of nonrandom attrition, the overarching test
score patterns remain consistent with our main results. The bounds for MCAS scores in urban areas
are very tight, given the minor differential attrition there. The nonurban upper bound is zero rather
than negative, however, implying that if differential MCAS attrition is fully due to nonrandom

selection into the sample, we would not find negative nonurban MCAS effects.

Notably, test score gains and losses occur at different points in the test score distribution. Com-

parison (traditional) urban students score approximately a third of a standard deviation below the
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state mean, whereas traditional nonurban students score almost half a standard deviation above the
state mean. Thus, the test score gains in urban charters shift the distribution of scores rightward
from below the state average to at or above the state average in two years, whereas nonurban charter
students, despite their performance being lower than that of traditional nonurban students, still

perform above the state mean (Appendix Figure B.1).

2.4.2 College Preparation

High-school students can prepare for college with several college-prep curricula, including AP
courses, IB coursework, and other rigorous classes. We show the impact of charter school atten-
dance on those outcomes in Table 2.2. Both urban and nonurban charters increase college-prep

coursework, but via different paths.

In terms of AP preparation, in urban areas, charter attendance increases the AP-taking rate by
16 percentage points whereas in nonurban areas, charter attendance decreases AP test-taking by
29 percentage points. The decline is at least partly due to nonurban charters offering fewer APs.
AP passing rates (scoring 3 or above) align with the change in AP-taking, with urban charters
boosting scores of 3 or above by 5 percentage points and nonurban charters decreasing this rate
by 19 percentage points (Appendix Table B.5). While AP courses are a popular college-readiness
program, some high schools offer alternative paths. One nonurban charter school offers an 1B
curriculum; this results in nonurban charter attendance increasing the IB course-taking rate by 14
percentage points. We also examine enrollment in calculus regardless of AP Calculus enrollment,
as it is an important college precursor. Calculus-taking rates increase for urban charter students by
5 percentage points and they decrease by a slightly smaller amount for nonurban charter students

though this difference is not statistically significant.

AP, IB, and calculus may not encompass all college-ready curricular paths, especially in nonurban

schools, many of which adhere to more individualized, project-based curricula. As a summation
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of college preparation, we turn to MassCore completion, which indicates a rigorous college-
preparation curriculum as defined by the state. In urban areas, about 42 percent of comparison
students meet the MassCore threshold; charter attendance increases this to 53 percent. In nonurban
areas the charter bump is even larger: an increase from 74 percent MassCore completion for
comparison students to 88 percent. Both urban and nonurban charter schools increase college
preparation, with urban charters focusing on AP courses and MassCore and nonurban charters

emphasizing the MassCore college-prep curriculum.

Taking, and scoring well on, the SAT test is another milestone on the path to college. As shown
in Table 2.2, urban charter attendance increases SAT taking by about 4 percentage points, up from
63 percent for comparison students. Nonurban charter attendance does not change the rate of
SAT-taking, with 79 percent of nonurban students in the sample taking the SAT. Urban charter
attendance boosts the test scores of takers by 39 points (out of 1600), with little difference in

nonurban scores.®

In order to matriculate to college, high-school students must also progress through high school
and graduate. We display treatment estimates for high-school graduation in Table 2.2. Here, the
findings diverge from those on test scores. Urban students are less likely to graduate high school
on time, with a 7-percentage-point decrease in high-school graduation in four years. Urban charter
students do catch up, with little difference in graduation rates vis-a-vis their peers’ at the 5-year
horizon. This is consistent with Angrist et al. (2016), which suggests that many Boston charter
students take five years to graduate in order to complete high-school requirements, and our finding
that urban charter attendance increases the likelihood that students repeat 9th or 10th grade by 4
percentage points (Appendix Table B.6). Nonurban charter students graduate at the same rates and

within the same timeframe as their peers.

Since there is modest differential attrition in presence in high school in the nonurban areas, we

®We display SAT reasoning scores (out of 1600) since all cohorts take the relevant SAT subsections and only some
take the exam scored out of 2400.
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present Lee bounds for high-school outcomes as well. The bounds for these outcomes are quite

tight and the small differences in appearance in the data do not affect our conclusions.

Overall, our findings suggest that attending an urban charter school boosts several measures of
college preparation: students increase the number of APs taken, their completion of a college-
ready high-school curriculum, the likelihood that they take the SAT, and their SAT scores. There
are negative impacts on high-school graduation, which diminish over time. These estimates are
similar to those previously reported for Boston charters (Angrist et al., 2016; Setren, 2021; Cohodes
and Feigenbaum, 2021). For the first time, we present evidence on nonurban charter attendance
on college preparation: nonurban charter attendees take fewer APs, given their schools’ lower AP
course offerings, but are much more likely to complete the rigorous MassCore curriculum. SAT

and high-school graduation outcomes are unchanged by nonurban charter attendance.

2.4.3 College Enrollment

College preparation in high school is an important precursor to college, but college enrollment,
persistence, and graduation show whether students succeed outside secondary education. Within a
year of projected high-school graduation, both urban and nonurban charter students enroll in four-
year college at greater rates than their peers, as shown in Figure 2.1 and Table 2.3. Additionally,
both types divert enrollments from two-year institutions, such that initial enrollment in any post-
secondary institution remains flat in both localities (Appendix Table B.7). Urban charter attendance
boosts immediate four-year enrollment to 45 percent from 39 percent; nonurban charter attendance
boosts enrollment to 62 percent from 53 percent (Figure 2.1). The decline in two-year college
enrollment due to urban charter attendance is 4 percentage points and that due to nonurban charter
attendance is 7 percentage points. By the second year after projected high-school graduation,
an interval that allows for late high-school graduation, there is little difference in enrollment at
two-year institutions, and four-year college enrollment increases by 8 and 10 percentage points for

urban and nonurban charters, respectively. Since two-year enrollment changes little and four-year
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enrollment rises, enrollment in any college increases for both charter types in the second year after
projected high-school graduation, as shown in Table 2.3. With no differential attrition in the college

data, we do not present bounds for these or other college outcomes.

Following the time trend in Figure 2.1 into the 3rd and 4th years after expected high-school
graduation, urban charters boost four-year college enrollment by 5 to 7 percentage points, with
the control complier mean decreasing over time as students drop out. In the 5th and 6th years
after high-school graduation, urban charters increase enrollment, though the interpretation of this
outcome is ambiguous: If it represents progress toward a degree, enrollment could be beneficial;
if it represents a delay in joining the workforce, it could be detrimental. The decrease in control
complier enrollment is now due in part to graduation from college. Nonurban charters boost four-
year enrollment in the 3rd and 4th years by 10 to 13 percentage points, with lower dropout among
the counterfactual students. Nonurban charter students are also more likely to be enrolled in the
5th and 6th years after projected high-school graduation by 4 to 5 percentage points, though only
the 6th year difference is statistically significant. Urban and nonurban charters increase both initial

college enrollment and persistence through college.

2.4.4 Degree Attainment

Both urban and nonurban charter school attendance increases the likelihood that a student obtains
any degree, in particular a bachelor’s from a four-year institution. In the 4th year after projected
high-school graduation, which corresponds to on-time high-school progress and on-time college
progress, urban charters increase BA receipt by 3 percentage points and nonurban charters by
7 percentage points (Figure 2.1). Urban charters boost two-year attainment by a small amount,
whereas nonurban schools decrease it, meaning that both school types increase receipt of a degree

of any type by 4 to 6 percentage points (Appendix Table B.8).

As time goes on, urban charter attendance increases the BA boost to 4.2 percentage points by
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the 6th year after projected high-school graduation and the gains in any degree attainment to 4.6
percentage points. The nonurban edge increases to an even greater extent over time, with a bump
of 11.9 percentage points for BA attainment (11.2 percentage points for any degree) in the 6th year
after projected high-school graduation (Table 2.3). By the 6th year, 22 percent of urban control
compliers graduate with a BA, with urban charter attendance increasing this to 26 percent, an
increase of 19 percent of the comparison mean. By the 6th year, 47 percent of the nonurban control
compliers graduate college, with the charter effect boosting this outcome for treated compliers to
59 percent, a 25 percent increase over the mean. Charter attendees are more likely to enroll and
graduate from four-year colleges in both urban and nonurban areas. Our conclusions are robust to
excluding covariates, adding baseline scores, or instrumenting using initial offers only (Appendix
Table B.9). The nonurban charter effect is even larger for college graduation outcomes than for
college enrollment outcomes. Notably, 6 years after high-school graduation, the college graduation
edge from nonurban charter attendance is more than twice as large as that from urban charter

attendance.

2.4.5 College Quality

College quality can increase college graduation and earnings (Hoekstra, 2009; DeAngelo et al.,
2011; Cohodes and Goodman, 2014; Zimmerman, 2014; Goodman et al., 2017; Ge et al., 2022;
Black et al., 2023). Thus, we investigate the impact of charter attendance on college quality using
college categories from the Barron’s Guide and college characteristics from the US Department
of Education’s Integrated Postsecondary Education Data System (IPEDS) in Table 2.3. IPEDS
college information is assigned to students by their first enrolled institution. We also consider
the extent to which college quality accounts for the observed boost in graduation. Urban charter
attendance increases both four-year college enrollment and BA attainment in fairly equal measure
at highly competitive institutions and competitive institutions. Nonurban charter attendance boosts

college enrollment primarily at highly competitive institutions and graduation at highly competitive
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and competitive institutions. The differences in college atmospheres are reflected in increased
instructional expenditures per student (compensation for instruction divided by number of students)
of $809 for urban college attendees and $928 (not significant) for nonurban. Nonurban college
students attend institutions with lower student/faculty ratios (number of non-graduate students

divided by number of non-graduate-teaching instructional staff).

To measure institution graduation rate, we use the IPEDS’ 150% completion rate, which reflects

graduation within 6 years for 4-year programs and within 3 years for 2-year programs. Urban

charter attendance improves the institutional graduation rate by 4.3 percentage points. Nonurban

charter attendance also boosts the graduation rate of the institution attended by 4.3 percentage

points. The graduation rate shift due to urban charter attendance almost exactly matches the boost

in any degree attainment (4.6 percentage points) whereas in nonurban areas, the shift in graduation
0.043

rates is about 40 percent of the change in degree attainment (5775). The shift in college quality

appears to explain the degree gains for urban charters but not for nonurban charters.

We can show this another way by considering the implicit 6-year graduation rates for treated and
untreated compliers at 4-year colleges. In urban areas, the graduation rate for comparison students
0.216 0.216+0.042

is 58.9 percent (5557)- For treated students, the graduation rate is a similar 57.8 percent (§5c75°575)-

In nonurban areas, the graduation rate is 85 percent for counterfactual students (%), whereas

it is 88.9 percent for treated students (%). This implies that the nonurban charter college
boost operates not only through enrolling in high quality institutions but also through how students

experience and complete college.

2.4.6 Alternative School Groupings

In Table 2.4, we present results with alternative school groupings. The college gains for both
localities are concentrated among schools that offer high-school grades (a majority of our sample),

with no and perhaps negative effects on college for the few schools that only offer middle-school
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grades, similar to the evidence from Place and Gleason (2019) and Demers et al. (2017). This
finding indicates that continuity between the charter school environment and college transition may
be a key factor behind the college boost. We also regroup schools by their practices rather than
their localities. One nonurban school in our sample follows No Excuses practices and two urban
schools do not follow the No Excuses model. Under this categorization the No Excuses gains are
slightly larger than the urban ones, and the non-No Excuses schools generally follow the pattern for
the nonurban schools. However, the test score results are null rather than negative and the college
boost is slightly smaller. This analysis reinforces the notion that multiple school models can lift

college outcomes and that test score gains are not a necessary precursor to college gains.

2.5 Conclusion

We confirm previous evidence from Massachusetts that urban charters boost test scores, whereas
nonurban charters do not, a pattern that aligns with results in the broader charter school literature.
However, when we turn to college enrollment and graduation, we have several novel findings.
First, we show that the bump in college enrollment found previously for Boston charter attendance
translates into degree completion in a wider sample of urban schools, with urban charters boosting
BA attainment rates by 4.2 percentage points and attainment of any degree by 4.6 percentage points
within 6 years. Second, we show that nonurban charter schools—the same schools that do not
increase test scores—increase four-year college enrollment and BA attainment by 9.8 and 11.9
percentage points, respectively. The current analysis cannot speak to all of the mechanisms behind
the college gains, but we present evidence on a few key factors. Offering high-school grade levels
seems to be a necessary condition for college impact, with no college gains for schools that offer
only middle-school grades. Charters in both locales boost college-ready curricula, via AP and
MassCore in urban areas and MassCore in nonurban ones. This academic preparation may be a
key factor for the persistence effects. The college institutions that students enroll in matters: The

urban charter college edge exactly parallels the rise in graduation rates due to type of enrolled
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institution, whereas for nonurban charters it accounts for 40 percent of gains. The remaining
nonurban advantage is unexplained. In future work, we will investigate more of the mechanisms

behind this pattern of results, including differences in school practices and contexts.

We draw two main conclusions from these findings. First, multiple charter school models can
induce college gains. While many have focused on the “No Excuses” practices as key to charter
school success, the nonurban schools in this sample operating on alternative models deliver a large
boost to BA attainment. Second, although test scores and longer-term outcomes are typically
positively correlated, we add to the evidence that shows that the relationship between test scores
and college outcomes does not hold in all contexts, concluding that researchers and policymakers

should be wary of evaluating programs solely on standardized test results.
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Figure 2.1: Four-Year College Progression
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Notes: This figure shows the treatment and control complier means for four-year college enrollment and graduation
for treated and untreated compliers. Treatment effects on college enrollment two years after projected high-school
graduation and graduation rates six years after projected high-school graduation are reported under the labels. Details
for the other treatment effects are in Appendix Tables B.7 and B.8. Robust standard errors in parentheses (+ p<0.10 *
p<0.05 ** p<0.01 ***p<0.001).
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Table 2.1: School and Student Characteristics

Charter Schools Other Public Schools
Urban Nonurban Urban Nonurban
(1) (2) 3) “
(A) Schools: Administrative Records
% of teachers licensed in subject 58.867 70.611 96.608 96.855
% of core classes taught by highly qualified teachers 86.227 94.089 89.876 97.378
Title 1 school 1.000 0.667 0.767 0.409
Student-teacher ratio 11.721 10.511 13.955 13.165
Per-pupil expenditure 16250 11982 15661 14411
School size 433 435 663 2271
Counselors per 1000 students 5.204 2.150 2.793 3.043
Disciplined students per 1000 students 191.923 33.963 122.090 45.412
(B) Schools: Survey Responses
Days per school year 192 182 - -
Hours per school day 7.935 6.974 - -
High-quality tutoring 0.615 0.111 - -
Frequent teacher observations 0.538 0.375 - -
Frequent checks for student understanding 0.846 0.500 - -
Differentiated instruction 0.692 0.750 - -
Culture of high expectations 0.733 0.111 - -
Project-based learning 0.231 0.625 - -
N(Schools) 15 9 266 599
(C) Students: Baseline Characteristics
Female 0.518 0.519 0.483 0.491
Asian 0.030 0.030 0.076 0.039
Black 0.526 0.026 0.199 0.046
Latinx 0.284 0.036 0.316 0.062
Other race 0.041 0.028 0.028 0.017
White 0.119 0.880 0.380 0.836
Special education 0.194 0.159 0.187 0.177
English learner 0.114 0.011 0.179 0.028
Free/reduced price lunch 0.740 0.128 0.644 0.198
Baseline MCAS ELA -0.418 0.417 -0.432 0.155
Baseline MCAS Math -0.364 0.331 -0.426 0.153
N 14,191 3,583 276,401 643,585

Notes: This table shows characteristics for urban and nonurban charter schools in the lottery analysis sample and
lottery applicants in Columns 1 and 2. Information on traditional public schools that serve 6th and/or 9th grades in
urban and nonurban areas and their students appears in Columns 3 and 4 for comparative purposes. Data sources
for Panel A are Massachusetts Department of Elementary and Secondary Education School District Profiles for
the 2013-2014 school year. Title I eligibility is reported for the 2013—2014 school year and comes from the U.S.
Department of Education Common Core of Data (CCD). The data for Panel B come from a survey of charter
school leaders fielded in 2011 and 2012. The survey response rate was 87.5% (12 out of 15 urban schools, all 9
nonurban schools). Panel C uses the student-level data for charter school applicants enrolled in schools in the state
of Massachusetts at the time of application in the projected high-school classes of 2006-2018 in Columns 1 and
2 and for students who attended schools in the state ofgglassachusetts in 9th grade in the projected high-school
classes of 2006—-2018 in Columns 3 and 4.
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Table 2.3: The Impact of Charter School Attendance on College Outcomes

Urban Nonurban
2SLS CCM N 2SLS CCM N
(D 2 (3) “4) ®)] (6)
(A) College Enrollment (in Y2)

All 0.077%** 0.495 13,281 0.063+ 0.684 3,414
(0.023) (0.032)

All: Graduation rate (IPEDS) 0.043%* 0.447 7,993 0.043* 0.573 2,728
(0.014) (0.019)

All: Instructional exp./student 809.324* 7184.252 7,849 927.703 9258.788 2,711

(332.370) (757.111)

All: Student/faculty ratio -0.061 15.748 7,993 -0.530+ 14.921 2,728
(0.220) (0.310)

2 Year -0.002 0.127 13,281 -0.035 0.127 3,414
(0.016) (0.023)

4 Year 0.079%** 0.367 13,281 0.098** 0.557 3,414
(0.022) (0.034)

4 Year: Highly Competitive 0.036* 0.118 13,281 0.065+ 0.317 3,414
(0.016) (0.034)

4 Year: Competitive 0.044* 0.185 13,281 0.036 0.204 3,414
(0.019) (0.031)

4 Year: Noncompetitive 0.001 0.062 13,281 -0.001 0.036 3,414
0.011) (0.015)

(B) College Degrees (by Y6)

All 0.046* 0.240 11,608 0.112%* 0.519 3,158
(0.022) (0.037)

AA 0.009 0.041 11,608 -0.030 0.093 3,158
(0.011) (0.020)

BA 0.042* 0.216 11,608 0.119%* 0.472 3,158
(0.021) (0.037)

BA: Highly Competitive 0.023+ 0.082 11,608 0.078%* 0.260 3,158
(0.014) (0.034)

BA: Competitive 0.022 0.095 11,608 0.052+ 0.161 3,158
(0.015) (0.029)

BA: Noncompetitive -0.003 0.037 11,608 -0.011 0.049 3,158
(0.010) (0.016)

Notes: Each coeflicient in columns labeled 2SLS is the instrumental variables estimate of the effect of attending an
urban or nonurban charter on the outcome listed in the column heading as described in Equation 2.1. The control
complier mean is listed in the column labeled CCM. The sample includes charter lottery applicants in the projected
high-school classes of 2006-2018. Highly Competitive includes Barron’s categories highly competitive, most
competitive, and very competitive; Competitive includes the categories competitive and special; and Noncompetitive
includes noncompetitive, unranked, and less competitive. College characteristics come from IPEDS and are availabe
for students enrolled in college: graduation rate is the 150% graduation rate; instructional expenditures/student
is the institution-reported expenditures on instructional staff compensation divided by the number of full-time
equivalent students; and student/faculty ratio is the number of full-time equivalent non-graduate students divided
by the number of full-time equivalent instructional staff teaching non-graduate students. Robust standard errors in

parentheses (+ p<0.10 * p<0.05 ** p<0.01 ***p<0.001).
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Chapter 3. Learning to Read in Fragile Contexts: Experimental Evidence

from a Comprehensive Literacy Intervention in Haiti

3.1 Introduction

Despite increasing levels of enrollment, 70 percent of children in low and middle income countries
are not able to read and understand a simple story by age 10 (World Bank, 2022). Globally,
over 500 million children were failing to meet minimum levels of proficiency in reading by the
end of 2020 (UNESCO, 2021). Early literacy skills are arguably the most important skills for
children’s learning experience, as the acquisition of other skills, such as numeracy, heavily depends
on children’s reading comprehension (Crawford et al., 2020). Moreover, these types of skills have
been shown to be an important determinant of children’s long-term academic achievement (Duncan
et al., 2007; Stern et al., 2023) and labor market outcomes, including earnings and employment
(Hanushek et al., 2015; Mclntosh and Vignoles, 2001). For these reasons, improving literacy is a
major focus of current efforts in the international community. Understanding how to improve skill
acquisition among young children, particularly in contexts with limited implementation capacity,

is important for developing effective education policies in the developing world.

Existing literature demonstrates the effectiveness of multi-pronged, or ‘bundled,” approaches in
improving learning outcomes in countries with extremely low learning levels (Fazzio et al., 2020;

Eble et al., 2021; Banerjee et al., 2015; Piper et al., 2018a; Borman et al., 2007). For instance,

1Co-authored with Melissa Adelman, Juan Baron, José Mola, and Atabanam Simbou.
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Piper et al. (2018a) show that combining multiple elements—such as teacher training, coaching,
and high-quality books—into a coherent program is considerably more effective than stand-alone
interventions. However, these types of multi-pronged interventions have often taken place outside
of the regular school system, or have relied heavily on external monitoring, limiting their ability to

be replicated at a larger scale or to be continued in the medium to long term.

In this paper, we look at the impact of M’ap Li Net Ale (“I am reading all the way”), a comprehen-
sive early-grade reading intervention including (i) training of teachers and school principals, (ii)
provision of materials including textbooks and teacher guides with structured lesson plans, and (iii)
periodic coaching by an external team or by school principals. The intervention, implemented in
Haiti, also included activities for community mobilization and extracurricular classes for students.
By simultaneously tackling various inputs of the learning process, the intervention is close in nature
to the Success for All whole-school reform model implemented in the United States, which simi-
larly focused on early literacy and provided schools with training, coaching support, and learning

materials (What Works Clearinghouse, 2009).?

In Haiti, the context of our study, a version of this intervention was implemented and evaluated
in 2012-2014 (RTI International, 2015). An evaluation report found positive effects on literacy
outcomes, but highlighted the challenges of providing effective external coaching, including the
costs and logistical difficulties of regularly visiting schools (RTI International, 2015).> Prompted
by the search for more scalable approaches to improve literacy, in this study we test two versions of
this intervention: (i) a “Full” approach relying on an external team for coaching and (ii) a “Light”
approach where coaching was fully led by school principals, and which was approximately 15

percent less costly. We find that 18 months after the intervention started, the less costly approach

2Extensive evaluations of the Success for All model have been conducted in the United States, as documented by
Borman et al. (2007, 2005a,b). See Borman et al. (2002) for a meta-analysis.

3RTI and USAID later implemented a revised version in 2014-2016, in parallel to the intervention evaluated here,
but in a different set of schools. An evaluation of this version found positive effects in 6 of 8 reading skills measured
(Guzman et al., 2021).
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relying on school principals was as effective as the Full approach across all dimensions of learning
assessed by Early Grade Reading Assessments (EGRA). Both versions of the intervention increased

overall EGRA scores by 25 to 27 percent (XX SD).

Contrary to the idea that radical or “takeover” approaches are needed to achieve large gains in
learning outcomes in the developing world, our results suggest that interventions operationalized
within existing, albeit weak, institutional frameworks can not only be effective in improving learning
outcomes, but can be as effective as other approaches relying on external teams, at substantially
lower costs. The findings presented here point out a scalable approach to improve reading in fragile
settings, leveraging school capacity to achieve sustainable, large-scale improvements in learning

outcomes.

3.2 Background and Intervention Design

With an estimated income per capita of USD 1150, Haiti is the poorest country in the Western
Hemisphere and ranks 170th out of 189 countries in the 2020 Human Development Index (HDI),
a multi-dimensional measure of wellbeing (World Bank, 2021). Political instability, high levels
of insecurity, and frequent natural disasters undermine economic and social development efforts
and contribute to the limited public provision of basic services, including sanitation, education,
and healthcare. In some cases, local and international actors have stepped in to fill the void:
more than 80 percent of primary schools in Haiti are privately owned and operated by a variety of
actors including religious networks, non-governmental organizations, and private citizens (Baron
et al., 2016). This private provision, partially supported by donor and national financing, has
helped increase the average years of completed schooling to 11 years today (World Bank, 2020).
However, the challenging socioeconomic context facing most families and the low average quality
of education provided in schools means that 55 percent of 10-year-olds cannot read and understand

a simple story by the end of primary school.
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In schools across the globe, teachers are considered the most important input for learning, and pre-
vious research in Haiti suggests that teachers’ methods are an important contributor to low learning
outcomes (Bruns and Luque, 2014; Adelman et al., 2015; World Bank, 2017b). Specifically, Adel-
man et al. (2015) find that although primary teachers are present in their classrooms and teaching,
they rely on ineffective methods (like lecturing and unison response) and are much more likely to
teach reading and writing in French, rather than Haitian Creole, most students’ mother tongue and

the first language that should be introduced according to official education policy (DeGraff, 2016).

In this paper, we evaluate M’ap Li Net Ale, a comprehensive literacy program implemented between
2014 and 2016 that targeted the early grades of primary school. Our sample is composed of a total
of 446 public schools. These schools are geographically dispersed, covering four of the countries’
ten departments (Grande-Anse, Nippes, Ouest, and Nord—Ouest).4 The two versions of the M’ap
Lit Net Ale program evaluated in this paper were developed over successive iterations supported
by the World Bank and the United States Agency for International Development (USAID). The
Ministry of National Education and Vocational Training (MENFP) and the Episcopal Commission
for Catholic Education (CEEC) led its implementation. The program aimed to improve early-grade
literacy by focusing on the most important components of good reading acquisition in terms of
ability, speed, and fluency in the early years of basic education. The design of the program reflects
at least three elements that have emerged in recent years as best practice for improving early-grade
literacy: i) mother tongue instruction, ii) the use of ongoing coaching sessions, and iii) providing

structured quality teaching-learning materials along with training and coaching.

As mentioned above, most schools in Haiti teach in French, the second official language, even
though only 5 percent of the population speaks French fluently. Haitian Creole, on the other hand,
is spoken by all children in Haiti. Despite this, the latter language has been largely excluded from

the school system. Considering evidence showing that children taught in their own language are

4See Table 3.1 in the Appendix for the geographic distribution of schools and students in our sample.
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more likely to enroll and succeed in school (Kosonen, 2005; World Bank, 2021), the program’s

instruction materials and accompanying textbooks were developed in Creole.

The M’ap Li Net Ale program’s structure reflects emerging evidence on effective strategies for
literacy improvement. Piper et al. (2018b) highlight the importance of structured approaches to
pedagogy and the institutional infrastructure needed for their success. In particular, they emphasize
the need to accompany teacher support in the form of coaching with high-quality learning materials.
The program studied in this paper aimed to combine teacher training and coaching with the provision

of teaching guides (including structured lesson plans) and student textbooks.

The intervention consisted of three main components: training, coaching, and the distribution
of school materials. The first two components aimed to strengthen teachers’ skills for teaching
reading and writing through training and regular coaching. At the onset and during the course
of the intervention, teachers and principals participated in a 5 to 8-day general training covering
two main stages: formation (Full and Light treatment) and remediation (Full treatment only). As
part of this training, a group of external coaches and school principals were taught to supervise
and support teachers in participating schools through “coaching sessions,” which took place two
times per month throughout the second semester of the school year. During these sessions, coaches

supported teachers in adopting remedial measures and providing reinforcement to students.

The third main component intended to address current gaps in school supplies both at the teacher
and student level, by providing teachers with teaching resources, including classroom posters
and teaching guides with scripted lesson plans, and by providing students with textbooks and
kits with school materials. Alongside these three core components, the program offered further
support through small libraries and promoted community engagement through assistance for School
Councils (SC) and Parents’ Committees (PC). For example, classrooms received small libraries
containing titles in French and Creole, and teachers were encouraged to organize book clubs, to

provide time for storybook reading during the school day, and to hold reading competitions to
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boost the practice of reading among students. SC members were trained to develop plans for school
development and improvement (PDAS), and to set up and manage small projects for their respective
schools, with the goal of strengthening school governance. After the training, SC members were
to develop their own PDAS as small projects for improving the school environment. Periodic

supervision was provided by an external team.

Overall, the activities were very similar in the Full and Light versions of the program. Both
interventions included training and regular coaching for teachers and principals, provision of
teaching supplies and school materials, general supervision by an external team, and community
mobilization activities. The main differences between the interventions had to do with coaching
activities and the length and content of training sessions. In the Full version, a team of external
coaches led all teacher coaching activities, whereas in the Light version it was principals who led
this process. Moreover, in the Full version, principals and teachers were trained for a total of 8 days
(8 hours per day); in the Light version they were trained for 5 days. The three additional training
days provided in the Full version covered remediation topics and were not offered to principals in
the Light version. These differences accounted for a 19 percent reduction in implementation costs

for the Light program during the first year, and 7 percent during the second.

A previous evaluation of the Full program found it effective in improving literacy but highlighted
challenges related to providing external coaching, such as the high costs and logistical difficulties
of regular school visits (RTI International, 2015).5 The RTI evaluation aimed to compare the
effectiveness of a close variant of the Full program with (Treatment B) and without (Treatment A)
community-based activities, against a control group. The report showed gains in both treatment
groups during the 2013-2014 school year in initial sound identification and letter sound knowledge,
with larger gains for Treatment A, but no improvements in reading comprehension. Two subse-

quent evaluations, covering 2014-2016 and 2018-2020, followed this one (Guzman et al., 2021;

>The program evaluated here is an adapted version of “Tout Timoun Ap Li” (All Children Reading). This literacy
intervention was led by USAID between 2012 and 2016.
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D’Agostino et al., 2024). The first found positive effects at the end of grades 1 and 2 for most EGRA
subtasks except for reading and listening comprehension. The second evaluation found significant
improvements in seven out of nine subtasks for a cohort that received the treatment for two years,

including gains in reading comprehension.®

The high costs and implementation challenges highlighted in previous evaluations motivated the
search for a less costly and more administratively feasible approach to implement the program. The
Light version of M’ap Li Net Ale was developed and tested in an effort to identify a version of the
program that could feasibly be implemented at a national scale in the challenging context of Haiti

while maintaining its effectiveness.

In both versions of the program, principals played a key role in its implementation. They were
responsible for supervising teachers’ classroom work and ensuring adherence to the program’s
practices. To effectively fulfill this role, principals were required to attend all training sessions and
become well-versed in the M’ap Li Net Ale framework and its practical application. Additionally,
they were expected to intervene and provide guidance when teachers deviated from the established
practices. The primary goal of the intervention was to build the capacity of schools to independently
apply the method, reducing reliance on external support. Therefore, training both principals and

teachers was essential.

The implementation of M’ap Li Net Ale covered two successive school years for students who
attended 1st grade in the 2014-15 and 2015-16 school years. The first phase of the implementation
took place during the 2014-2015 school year and the second phase during 2015-2016. In both

phases, the program was implemented from January to May, the second half of the school year.”

6 All three evaluations correspond to “Tout Timoun Ap Li” or iterations of this program: “Read to Learn” (2014-216)
and “Read Haiti” (2016-2020). These interventions were led by USAID and were implemented in a sample of schools
different from ours.

A full timeline including more detail on the intervention components can be found in Appendix Figure C.2.

98



3.3 Data

We conducted three waves of data collection: (i) a baseline survey at the beginning of February
2015 covering the cohort of students attending the 1st grade during this year, (ii) a midline survey
in November 2015, and (iii) an endline survey in May 2016 covering both cohorts (students who
attended 1st grade in 2014-15 and continued to 2015-16 and students who started 1st grade in

2015-16).

At baseline, we collected data from 1st grade students, 1st grade teachers, and school principals.
Midline and endline surveys were administered to the first cohort of students, now enrolled in the
2nd grade, and to a new cohort of students attending the 1st grade. Among students, our surveys
collected data on students’ reading skills and families’ socioeconomic conditions. Teachers’ surveys
gathered information on teachers’ characteristics, and information on pedagogy and classroom
management. Teachers’ surveys also collected data on student attendance and enrollment status.
Lastly, principals were surveyed on basic school physical characteristics (equipment, infrastructure,
etc.), school environment, school management, and characteristics of school principals. In midline
and endline surveys, we focused on administering learning assessments. Unfortunately, this data
is not longitudinal and we are unable to track students over time. Moreover, because of the large
sample size (446 schools) and the complex logistics of administering learning assessments, random
representative sub-samples of students were chosen at each evaluation period to take the tests. A

timeline of the intervention and data collection efforts is shown in Figure 3.1.

3.4 Research Design

This research aims to answer two main questions regarding the M’ap Li Net Ale program. First,
what is the impact of the program on students’ learning outcomes? Second, can this impact be
achieved at a lower cost (i.e., by making principals responsible for coaching rather than external

staff)? Our study aims to answer these questions through a randomized controlled trial covering
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446 schools in Haiti.

3.4.1 Sample

The design of this evaluation is based on school-level randomization. One condition defined
eligibility for schools participating in this program, namely: to be a school that had received school
grants as part of the government’s Tuition Waiver Program, a World Bank-funded program that
provided an annual per-student payment to private schools to cover students’ tuition fees. After
identifying all eligible schools, 446 were randomly selected to constitute the evaluation sample.
Table C.4 in the Appendix presents baseline characteristics for the full sample selected for the study.

This table provides a summary of the difficult socioeconomic conditions facing students.

About one in four pupils does not have a notebook and a pencil in their bag on the day of the visit.
Only 33 percent of students say they have electricity at home, less than 50 percent have a radio,
and about 20 percent own a television. Only 12 percent of the students’ parents own a refrigerator,

a bicycle or a motorbike, and less than 6 percent own a computer or a car.

We stratified the sample by department to ensure that each of the four departments is proportionately
represented in each treatment or control group. Table 3.1 contains the number of schools and
students by treatment group and geographic department at baseline (see Annex C Table C.5 for
midline and endline information). An average of 16 students per school were selected randomly

for baseline data collection and 29 per school for midline and endline assessments.

Once the evaluation sample was selected, the 446 schools were divided into three groups (Control,
Light, and Full) through simple random assignment. By randomizing, we ensure that the three
groups are on average statistically similar at baseline. In Table 3.2, we provide summary statistics
of students’ socioeconomic characteristics at baseline. Overall, the characteristics of the three
groups of students are statistically balanced. Among twenty socioeconomic variables included in

our survey, only three show small statistically significant deviations between groups (i.e., having a
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pencil, a notebook, and a computer). These differences seem to favor the control group.

In Appendix C, we present a baseline comparison of schools’ characteristics across the three groups
(see Table C.8 and Table C.9). We also present descriptive statistics for the full sample of schools.
Our data shows that only 67 percent of schools offer pre-school education and that more than 70
percent of schools do not have third-cycle grades (grades 7 through 9). For grades 1 and 2, schools
have an average enrollment of 32 students. Most schools offer single-shift lessons (88 percent),
with an average duration of five teaching hours. We do not find statistically significant differences
between the three groups across these variables. Some schools in our sample reported having
participated on other programs such as the school canteen program (23 percent) and an intestinal
deworming intervention (45 percent), but participation in these two programs is statistically similar

across the three groups.

We also find that most schools lack basic school equipment and infrastructure. Ninety-three percent
of schools use latrines instead of toilets, and only 56 percent have potable water. When we look at
information on school buildings, our data shows that only 76 percent of school buildings are built
exclusively for the school; the rest of the schools occupy either a church or a temporary building
(8 percent), a hangar (7 percent), or other types of buildings (9 percent). The most common
type of roof for buildings is sheet metal (76 percent) and most of the walls are made of concrete
(88 percent). The differences observed between the three groups of schools in terms of school
equipment and infrastructure are not statistically significant. Similarly, we did not find statistically
significant differences between the three groups of schools in terms of the number of students per

year of study or students per classroom.

Looking at management practices in Table C.9, we find that parents of students tend to participate
in the management of the school, and most schools have a school management council (SMC).
Around 90 percent of schools have a parents’ committee (PC) and this committee met an average

of two times between October 2014 and February 2015. Similarly, approximately 90 percent
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of schools have a school management council. About 70 percent of schools have teacher and
student attendance control registries. We do not observe statistically significant differences in these

variables across groups.

Throughout this paper, we use the Early Grade Reading Assessment (EGRA) to measure students’
learning. EGRA is an orally administered assessment of foundational reading skills. This assess-
ment aims to measure the most important components of good reading acquisition in terms of
ability, speed, and fluency, in the early years of basic education through nine different subtasks.
Each subtask is intended to measure a different competency needed to be able to read.® Throughout
this paper, results from the EGRA will be our primary outcome of interest.” For simplicity, follow-
ing Fazzio et al. (2020), we create a composite score based on the arithmetic mean of the child’s
scores in the EGRA subtasks. Within each section or subtask, all items were also given the same
weight. We use this composite score as the main outcome of interest in the following sections. We
also report individual test scores, scores per subtask, and the share of zero scores, in line with other
work using EGRA (Eble et al., 2021; Dubeck and Gove, 2015). For individual subtasks, we focus
on the percentage of correct answers. We tested the EGRA instruments for reliability before and
after the first round of data collection. Our results confirm that the test is indeed reliable, with a

Cronbach’s alpha coeficient of 0.84.

Table 3.2 reports baseline results in the EGRA test for first-grade students in treated and control
schools. Overall, there are no significant differences across groups in the subtasks measured by
the EGRA nor on the composite score. The one exception is “listening comprehension,” where

we found that students in the control group performed better than those in the two groups that

8The nine competencies evaluated are: i) knowledge or recognition of letter names, ii) phonemic knowledge or
awareness, iii) knowledge or recognition of letter sounds, iv) reading of familiar words (measured as number of words
read in 60 seconds), v) reading of invented words (measured as number of words read in 60 seconds), vi) reading of a
short story, vii) reading comprehension (based on short story), viii) listening comprehension, and ix) word dictation.
A description of each subtask is included in Appendix Table C.1.

°The EGRA instruments used in this study were administered in Haitian Creole. These tools were developed by
the World Bank in 2009 as part of a large effort to assess the reading performance of children in the departments of
Nippes and the Artibonite (EdData II, 2014).
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received the intervention. This gap may be explained by the fact that the Full and Light schools
were ordered by the Ministry of National Education and Vocational Training (MENFP) to wait for
the program before starting to teach oral reading. While these schools had to wait, the schools
in the control group did not have this constraint and taught according to their usual timeline.
Implementation delays in beneficiary schools may account for these rare deviations between the
control and treatment group. We did not find statistically significant differences in the distribution
of the composite score across groups, except when looking at differences between the Light and
Control groups (see Appendix Figure C.1). This difference seems to favor the latter (this group’s

distribution is more skewed to the right).

According to the MENFP, all students must correctly read at least 30 Creole words per minute by
the end of the 2nd grade. However, in our sample, less than 4 percent of students in the control
group were able to read at least 30 words per minute of a Creole reading text at baseline. Overall,
our data shows extremely low levels of pre-literacy skills among students halfway through the 1st
grade, with a composite score of 12.8 out of 100 in the Creole reading assessments (see Table 3.3).
The scores achieved at the subtask level are also cause for concern. Students can correctly read
only 10 percent of the names of letters of a 100-letter table in 60 seconds (“‘letter recognition”), and
can identify by sound 7 percent of letters of a 100-letter table in 60 seconds (“sound recognition™).
When reading a text of 55 words (“‘oral reading fluency”), students can read correctly 5 words in
60 seconds (between 8 and 9 percent of their expected fluency), whereas the international standard
for “good fluency” is 45 words per minute. This might explain why after reading the same 55-word
text, the students only understand about 20 percent of the questions asked. The students also
demonstrated difficulties in writing dictated words and letters: on a set of 5 letters and 3 words,
they only managed to correctly write two letters and/or words (or 21-24 percent of the exercise).

We do not find statistically significant differences among groups across all fluency measures.

We also estimate the share of students with zero scores in each subtask (see Table C.7 in the
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Appendix). We find that in the majority of subtasks, most students have a zero score. For example,
in the phonemic awareness task, between 70 and 78 percent of students in our sample are unable to

identify at least one out of 45 words by their sound.

3.5 Implementation

The deployment of the M’ap Li Net Ale program can be separated into two main parts: a preparation
phase and an implementation phase. During the preparation phase, the Commission Episcopale
pour I’Education Catholique (CEEC), which was hired to support the MENFP in the implementation
of the program, recruited key personnel for the integration of the methodology in schools, including
16 pedagogical trainers (“coaches”), 5 supervisors, and 9 community mobilizers. This stage also
involved assessing the geographic and infrastructural conditions of the schools. Detailed visits
were made to 290 participating schools, identifying accessibility challenges and grouping them
into clusters for easier supervision. Each cluster was intended to include ten schools, although
some clusters had to be reorganized when it was found that the distances between schools in certain

regions were too vast for effective coordination.'®

The preparation phase took place between December 2014 and January 2015. Training was a
central component during this phase. After completion of staff training activities, a five-day
training session was held for school principals and teachers in participating schools. Out of a total
of 601 principals and teachers who were expected for training, 96 percent (577) were present.!!
During these sessions, all participants were trained in the use of the M’ap Li Net Ale method,
which included phonemic awareness, reading comprehension strategies, and lesson planning. As
part of the preparation phase, a total of 1,737 teacher guides and 9,911 student workbooks were

distributed across the participating schools. In addition, CEEC organized a session for those who

missed the initial training, with 18 participants completing a make-up session to ensure training

19Source: Programme “M ap li nét ale”: Rapport Final. CEEC.
"10Online Appendix Figure C.3 shows the number of participants by region and type of school (Full or Light).
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completion across schools.

During the implementation phase, the Full schools, which received the most comprehensive in-
tervention, benefited from three remedial training sessions. The latter aimed to address identified
weaknesses in teachers’ work in different areas, including phonemic awareness, vocabulary and
writing activities, management of the class, and other activities. After identifying important gaps in
the application of the methodology during the first month of implementation (see Online Appendix
Figure C.6), all principals and teachers in Full schools were invited to a remediation session, which
took place over three days in April 2015. This session involved 260 participants, or 83 percent of
the expected attendees. Participation rates were high across geographical departments, as shown

in Online Appendix Figure C.4, ranging from 75 to 100 percent.

An important difference between Light and Full schools was the frequency of visits by external
staff. Initially, Full schools were to receive visits from a pedagogical trainer (or coach) every
two weeks and a supervisor once per month, while Light schools only received monthly visits
from a supervisor. Supervisors monitored the intervention’s implementation and supported school
staff, while coaches focused on providing pedagogical assistance to teachers.!?> Coaches observed
classroom instruction, gave feedback on how to improve their techniques, and provided guidance on
how to apply the program more effectively. After each visit, they shared their notes with principals
to ensure appropriate follow-up with teachers. In Light schools, the absence of biweekly visits
from coaches meant supervisors and principals played a larger role. Principals, in particular, took

over the role of coaching in Light schools.

After observing significant gaps in the application of the methodology during the first month
of implementation, changes were made to the number of visits from coaches and supervisors in
each type of school. As seen in Online Appendix Table C.2, the number of visits from coaching

staff was increased to four per month in Full schools, and to one per month in a subset of Light

12Supervisors can also be thought of aa more senior figures who oversaw the relationships between coaches and
teachers.
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schools that showed large implementation difficulties. Given the large deficiencies identified among
teachers, a decision was made to increase the length of coaching sessions during school visits. An
implementation report found that during the beginning of the program, supervisors focused more
on supporting principals and teachers in Light schools, which did not have the regular support of
coaches, at the potential cost of neglecting supervision activities in Full schools. Animplementation
report states that this issue was quickly resolved after a meeting between the monitoring team and

the supervisors.

Despite significant progress in teachers’ understanding of the methodology, many schools still faced
significant delays in the implementation of the program by the end of the first school year. The
logistical challenges associated with carrying out the program were significant. Some schools, such
as those in remote areas or areas affected by political unrest, required alternative delivery methods
for materials, and were often affected by delays or cancellations of supervisor and coach visits.!3
Delays in teachers’ payments were also reported as an important problem that affected teachers’
motivation to continue with the application of the program. The implementation of extracurricular

activities was similarly delayed due to payment issues.

Except for the cancellation of visits due to violence, which seemed to have affected a higher
proportion of schools participating in the Light version, there is no evidence that these obstacles
affected the two versions of the program differently. Moreover, anecdotal evidence suggests that a
number of schools in the control group made and used copies of the M’ap Li Net Ale textbooks. '
Considering this, our results should be interpreted as a lower-bound estimate of the true causal
impact of the program, when compared to the control group. However, differences in results
between the Light and Full program should be interpreted with caution given deviations from

implementation protocols and mid-evaluation changes in program design.

3Visits to 9 school in the Light group were canceled due to heavy gunfire in the area. In these schools, directors
were asked to put more emphasis on monitoring and following up on teachers’ work in the classroom.
4Unfortunately, we do not have the exact number of schools in the control group that engaged in this practice.
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3.5.1 Implementation Differences

By midline, participation levels were similar across Full and Light groups, at about 94-95 percent
of all schools in each group (see Table C.13 in the Appendix). Six months after the intervention
started, however, we already see important differences in how schools adopted and implemented
each component of the intervention. A higher share of school staff in the Light group reported
having received training in the M’ap Li Net Ale methodology by midline: about 86 percent of
pedagogical principals in Light schools, compared to 65 percent in Full schools; 87 percent of
administrative principals, compared to 74 in Full schools; and about 98 percent of teachers in Light
schools compared to 92 percent in Full schools. The Light group also reported higher levels of use
of the M’ap Li Net Ale methodology by teachers (98 percent compared to 91 percent in the Full
group), and a higher likelihood of receiving the material to implement the program (96 percent of
schools in the Light group compared to 83 percent in the Full group). Moreover, our data suggest
that a slightly higher share of 1st graders in the Light group were benefiting from the program by
midline (96 versus 93 percent in the Full group). These differences may be explained by the fact
that Light schools did not have to wait for external coaches to start the intervention, and the training
period was less lengthy than for Full schools. As mentioned, it is also possible that during the first

few months supervisors may have compensated for the lack of coaches in Light schools.

By endline, most of these differences had disappeared, suggesting that schools in the Full group
eventually caught up with Light schools in the components where implementation had been lagging
at midline. For example, by endline a similar share of 1st grade teachers were trained in Light
and Full schools (98-99 percent), as well as a similar number of staff per school (see Table
C.14). Likewise, similar shares of principals in both types of schools reported that their first-year
teachers had applied the M’ap Li Net Ale methodology to teach Creole (94-97 percent), and similar
proportions of schools across groups reported having received the pedagogical materials for the

program (92-93 percent).
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3.6 Methodology

We estimate the impact of the program through simple Ordinary Least Squares (OLS) using the
following equation:

Scoregs = B1 + BaLight, + B3Full, + €

In the equation provided, Scoreg represents the score of student s in school g. The variable Light,
serves as a dummy variable that is set to 1 if school g participated in the Light program and 0
otherwise. Similarly, Fullg is a dummy variable that takes the value of 1 if school g was treated
by the Full program, and 0 otherwise. Lastly, €,; denotes the error term, which varies by student s

and school g.

The randomization of schools into the Light, Full, and control groups was conducted through simple
random assignment. We run this regression clustering standard errors at the school level, the unit
of randomization. 5, and 3 estimate the average causal impact of each intervention. S, estimates
the impact of the Light version, and 3 corresponds to the impact of the Full version. We expect

both coeflicients to be statistically significant and positive.

3.7 Results

In this section, we present the main results of our analysis. We look at intermediate and final
impacts of the Light and Full interventions on student learning outcomes, using data from midline

and endline surveys.

Intermediate results presented in Table 3.4 suggest that by midline (early in students’ 2nd grade
school year) the intervention had a significant although marginal impact for both versions of the
program. We found positive results in two out of nine subtasks assessed. Treated students in
both Light and Full schools improved their scores in the phonemic awareness subtask by about 9.5

and 11.7 percentage points, respectively, relative to the control group. For the sound recognition
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subtask, treated students in the Light and Full programs increased their average score by about
1.9 and 1.7 percentage points relative to students in the control group (see Table 3.4). We do not
observe significant impacts when we look at the composite score, our main outcome of interest

(Table 3.4), or at fluency scores, at midline (Table 3.6).

By midline, we start noticing significant reductions in the share of students with zero scores (see
Table 3.5). In phonemic awareness subtasks, the share of students with zero scores decreased
by 12.9 percentage points (19.3 percent) in the Light group and by 14.1 percentage points (21.1
percent) in the Full group, relative to the control group. The share of students with zero scores on
listening comprehension subtasks decreased by 1 percentage point (38 percent) in the Light group

and 1.2 percentage points (47 percent) in the Full group, relative to the control group.

Looking at endline results in Table 3.7, we find that the program had large and positive effects on
most reading measures. Panel A shows results for the second cohort (1st grade), which benefited
from the intervention in the 2015-16 school year. The first cohort (2nd grade), shown in Panel B,
benefited from the intervention for two consecutive school years. Interestingly, effects across the
two types of treatment (Light and Full) look very similar across all subtasks. Overall, our estimates
suggest that the programs were equally effective in improving students’ learning outcomes. Effects
for the cohort that benefited from the program during two consecutive years are two to three times
as large as those of the cohort that benefited for only one year. These effects mirror those of
D’Agostino et al. (2024), who find larger effects for a 2nd grade cohort who received 2 years of
treatment of a close version of this intervention. Moreover, as in D’Agostino et al. (2024), only
students who received the intervention for two consecutive school years show gains in reading

comprehension.

Table 3.7 shows that treated students in the first cohort in the Light and Full programs scored
7.2 (26.8 percent) and 6.8 percentage points (25.4 percent) higher than the control group in the

composite score. Treated students in the second cohort scored 2.4 (16 percent) and 1.9 percentage
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points (13 percent) higher than the control group in this measure. We did not find statistically
significant differences in this score between the Light and Full schools. However, this impact
is not homogeneous across the different topics evaluated in the EGRA test. The largest impacts
were found on phonemic awareness and sound recognition subtasks for the first cohort, which
increased by 32-34 percentage points (136-144 percent) and by 8.7-8.9 percentage points (62.8-
64.3 percent), relative to the control group. For the second cohort, impacts also seem largely driven
by improvements in these two dimensions. We did not find statistically significant differences
between these two groups in any of the subtasks, which suggests that the Light program achieved

the same level of effectiveness as the Full program.

In Table 3.8, we present fluency scores at endline for the first cohort. Fluency measures for the
sound recognition subtask improved by 8.9 percentage points (64.2 percent) in the Light program
and 8.6 percentage points (62 percent) in the Full program. Similarly, fluency in reading familiar
words improved by 3 percentage points (23.7 percent) in the Light program and 2.5 percentage
points (19.6 percent) in the Full program. We did not find, however, any improvements in our

measure of fluency in oral reading or letter recognition.

We only observe significant improvements in the share of students with zero scores for one of
the nine subtasks measured at endline (Table 3.9). With respect to the control group, students
in the Light group were 33.5 percentage points (52.5 percent) and 36.3 percentage points (56.9
percent) less likely to have a score of zero in the phonemic awareness subtask. We did not
find statistically significant improvements in other subtasks. These high shares of zero scores
suggest that improvements in reading skills were not homogeneous across students, and have also
been found for other similarly comprehensive reading interventions implemented in low-income
settings, including in Ghana and Haiti (Guzman et al., 2021; D’Agostino et al., 2024; USAID,
2019).

We present results in terms of standard deviations in Appendix Tables C.11 and C.12 at midline
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and endline. The results are in line with the estimates previously presented. At endline, we find

effects of 0.33-0.34 standard deviations on our composite score.

3.8 Cost-Effectiveness Analysis

In this section, we estimate the impact of the program per USD 100 spent and compare it with other

interventions aiming to improve learning outcomes in developing countries.

For the sake of this exercise, we use the program’s impact in terms of standard deviations (SD) to
measure and compare its cost-effectiveness, as this is the standard measure used in the literature.
After two years, the Light intervention cost approximately 253 dollars per student (approximately

160 dollars for the first year, and 93 dollars for the second).

The Full version is estimated at 298 dollars (198 dollars for the first year and 100 dollars for the
second year). Considering potential savings from scaling up the intervention, we consider the
amount of 298 dollars an upper bound of the per-student costs of implementing the Full program
at a larger scale. Differences in costs between the Light and Full program can be largely attributed

to the salaries of external coaches.

For both interventions, we find effects of approximately 0.33-0.34 SD over two years in our
composite reading score, our main outcome of interest.!> This is equivalent to 0.11 SD per 100
dollars spent in the case of the Full version, and 0.13 SD per 100 dollars spent for the Light version,
assuming a linear dose-response relationship. To put this in context, this is almost four times as
effective as an intervention giving conditional cash transfers in Malawi (Baird et al., 2011), or
twice as large as the effect of a Computer Assisted Learning (CAL) after-school program in India

(Muralidharan et al., 2019).

With per-student costs ranging from 253 to 298 US dollars, this intervention is not among the

5Tn the education literature, an increase of more than 0.2 SD is considered a large effect (Kraft, 2020).
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most cost-effective to improve student outcomes in the economic literature.'® Nonetheless, non-
linearities in the program’s impact, as evidenced when comparing midline and endline results,

suggest that it could yield greater long-term improvements in reading skills.

Comparing the Full and Light versions of the program, we see that the latter achieves virtually
identical results at a lower cost. Or put differently, achieves larger results per 100 dollars spent
(0.13 SD vs 0.11 SD per 100 dollars spent). In this sense, the Light version seems considerably
more cost-effective than the Full version. However, the cost of the program is relatively high when
considering the Haitian government’s annual expenditure on education. For reference, in 2015
the government gave USD 90 per student to government-accredited schools to cover education

expenses through the Tuition Waiver Program (World Bank, 2015).

3.9 Discussion

While our results suggest that the same level of effectiveness can be achieved at a lower cost when
coaching activities are led by school principals rather than an external team, these results could
be compromised if other factors affecting results, beyond the type of supervision, differed across
the Full and Light groups. We examined data around implementation from midline and endline
surveys to assess the extent to which the different components of the intervention were differentially

implemented across groups.

The results suggest that implementation differences, particularly during the first months of the
program, may have given Light group schools a slight edge over the Full group. Endline data,
however, makes evident that these early differences eventually disappeared. By the end of the
program, both groups had similarly complied with the different components of the intervention,

except for the type of coaching, which was designed to be the only difference between the two

16For example, interventions relying on the use of technology have proven to be substantially cheaper and highly
effective, at USD 75 in India (Muralidharan et al., 2019), or USD 43-56 in El Salvador (Biichel et al., 2022), with
effect sizes ranging from 0.21 to 0.37 SD. However, the context in which this study takes place lacks the appropriate
infrastructure required for this type of intervention.
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groups. Although this does not constitute enough evidence to confidently conclude that early
program differences did not contribute to observed results, the lack of significant differences across
group outcomes at midline supports the hypothesis that these early differences were not substantial

to each intervention’s effectiveness.

In sum, the Light version was able to achieve the same effects without relying on an external
team for coaching. Three possible mechanisms behind these results are flexibility, ownership, and
accountability within schools. Effective teachers must adapt and alter their instruction depending
on their students’ changing needs, and teachers in the Light version, where coaching efforts were
led by their principals, who they had easier access to, had more flexibility to do so. It is also
possible that external coaching may have negatively affected teachers’ sense of ownership and
accountability around the program, relative to internal (principal-led) coaching. Indeed, we find
that in the following school year, 1st grade teachers that had been trained in the program the previous
year were much more likely to continue applying the methodology in schools in the Light group than
in schools in the Full group (97 versus 67 percent), although this difference decreases substantially
by endline. The new organizational relationships put in place by the Light program could have
increased teachers’ motivation to permanently adopt the program’s methodology. By giving direct
responsibilities to principals, the program was also more likely to change the day-to-day practices
of principals, leading to more sustained effects over the long run. These are important areas for

future research.

These results contribute to a growing body of literature aiming to identify effective and sustain-
able approaches for implementing large-scale early-grade reading programs that incorporate key
elements like coaching. One approach focuses on leveraging scarce high-skilled human resources
through virtual coaching. While intuitively appealing, results from South Africa suggest that this
approach may not significantly reduce costs and may not have as lasting an impact (Cilliers et al.,

2021). The Light version of the program evaluated in this paper takes a different approach, at-
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tempting to use the human resources already available in schools to provide coaching. While we
do not have data to assess the long-term impacts of the program, the short-term results presented

above suggest that this may be a promising approach even in contexts as challenging as Haiti.
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Figure 3.1: Timeline for Data Collection and Program Implementation

Baseline Year 2014-15 Midline

student test student test
1st cohort 1st cohort

Jan 15 Feb 15 Mar 15 Apr 15 May 15 Mov 15 Dec 15

| I I i

Baseline
Intervention | student test
2nd cohort

Year 2015-16 Endline
student test
1st cohort

Jan 16 Feb 16 Mar 16 Apr 16 May 16 MNaov 16 Dec 16

Y

Endline
| Intervention | student test
2nd cohort

Notes: The first cohort is composed of students enrolled in the 1st grade in the 2014-15 school year. The second cohort
includes students enrolled in the 1st grade in the 2015-16 school year.
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Table 3.1: Schools and Students by Geographic Department at Baseline

Schools Students

Control Full Light Total Control Full Light Total
Department (D 2) 3) “) ) (6) (7 (®)
Grande-Anse 30 25 28 83 489 431 445 1365
Nippes 61 67 63 191 848 989 913 2750
Ouest 5 14 15 34 89 235 275 599
Nord-Ouest 24 26 27 77 429 473 436 1338
Total 120 132 133 385 1855 2128 2069 6052

Source: authors’ own estimates. This sample covers students who were enrolled in the first grade in the 2014-2015
school year.
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Table 3.2: Student Characteristics at Baseline

Control Light Full Difference L-C Difference F-C Difference F-L

ey @ 3 “4) (&) (6)
Age 7.33 7.19 7.23 -0.14 -0.10 0.04
Gender-boy 0.55 0.53 053 -0.02 -0.02 0.00
Pupil lives with his parents
Dad 0.76 0.74 0.73 -0.02 -0.03 -0.01
Mom 0.84 0.85 0.85 0.01 0.01 0.00
Both 0.68 0.68 0.67 0.00 -0.01 -0.01
Student attended preschool 0.72 0.76  0.80 0.04%%* 0.08* 0.04
Student ate breakfast 0.73 0.71 0.68 -0.02%%* -0.05 -0.03
before going to school
Student’s school equipment
Pencil 0.78 0.72  0.70 -0.06%** -0.08 -0.02%%*
Pen 0.04 0.05 0.04 0.01 0.00 -0.01
Chalk 0.07 0.04 0.05 -0.03 -0.02 0.01*
Slate 0.07 0.05 0.06 -0.02 -0.01 0.01
Notebook 0.79 0.73 0.75 -0.06* -0.04 0.027%*
Family property and utilities
Electricity 0.33 0.33 0.32 0.00 -0.01 -0.01
Radio 0.50 048 0.48 -0.02 -0.02 0.00
Television 0.20 0.20 0.20 0.00 0.00 0.00
Fridge 0.11 0.10 0.11 -0.01 0.00 0.01
Computer 0.06 0.04 0.06 -0.02 0.00 0.027%*
Bicycle 0.11 0.11  0.12 0.00 0.01 0.01
Motorbike 0.12 0.11 0.13 -0.01 0.01 0.02
Car 0.06 0.06 0.06 0.00 0.00 0.00

Source: Baseline implementation report.
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Table 3.3: EGRA Results at Baseline as Percentage of Correct Answers

Control Light Full Difference L-C Difference F-C  Difference F-L

Task ey 2) 3) 4) ) (6)
Letter recognition 10.13  10.05 9.57 -0.08 -0.56 -0.48
Phonemic awareness 14.14  16.67 18.31 2.52 4.17*% 1.65
Sound recognition 6.83 745 6.62 0.61 -0.22 -0.83
Familiar word reading 7.27 8.09 6.83 0.81 -0.44 -1.25
Reading invented words 5.94 7.11  5.67 1.17 -0.27 -1.43
Oral reading fluency 9.17 9.82 832 0.65 -0.85 -1.50
Reading comprehension 5.14 489 5.64 -0.25 0.50 0.75
Listening comprehension ~ 34.26  29.74 33.32 -4, 52% %% -0.95 3.57%**
Word dictation 23.54 2230 21.36 -1.24 -2.17 -0.94
Overall composite score 1294 1290 12.85 -0.04 -0.09 -0.05

Notes: *p<0.10, **p<0.05, ***p<0.01. Standard errors are clustered at the school level. Each category has been
scaled to reflect the percentage of correct answers, except for the following categories: Familiar words reading,
Invented words reading, and Oral reading fluency. In these cases, the scores have been scaled so that 100 represents
students who were able to read at least 55 words within 60 seconds. N(control)=1855, N(Light)=2069, N(Full)=2128.
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Table 3.4: EGRA Results at Midline as Percentage of Correct Answers

Control Light Full Difference L-C Difference F-C  Difference F-L

Task ey 2) 3) 4) ) (6)
Letter recognition 19.60 18.77 19.11 -0.82 -0.49 0.33
Phonemic awareness 19.11  28.63 30.84 9.53%#* 11.73%%* 2.20
Sound recognition 9.95 11.81 11.67 1.85%%* 1.72%%* -0.13
Familiar word reading 1539 1644 16.32 1.05 0.93 -0.12
Reading invented words 10.02 10.88 10.80 0.85 0.78 -0.07
Oral reading fluency 21.11 2195 21.28 0.85 0.17 -0.68
Reading comprehension 8.65 9.50 8.90 0.86 0.26 -0.60
Listening comprehension ~ 63.95  63.05 65.84 -0.90 1.89% 2.779%*
Dictated words 41.82 40.87 40.51 -0.95 -1.31 -0.36
Overall composite score 23.29 24.66 25.03 1.37 1.74 0.37

Notes: *p<0.10, **p<0.05, ***p<0.01. Standard errors are clustered at the school level. This sample only covers
the first cohort of students (students enrolled in the 2nd grade in the 2015-16 school year). N(control)=1855,
N(Light)=2069, N(Full)=2128.
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Table 3.5: Additional EGRA Results at Midline: Percent with Zero Scores

Control Light Full Difference L-C Difference F-C  Difference F-L

Task ey 2) 3) 4) ) (6)

Letter recognition 9.89 11.81 11.13 1.92 1.23 -0.68
Phonemic awareness 6691 5399 52.77 -12.92%%* -14.14%%* -1.22
Sound recognition 18.68 19.06 16.98 0.38 -1.70 -2.08
Familiar word reading 42.65 43.82 42.78 1.17 0.13 -1.04
Reading invented words 67.82 64.80 66.98 -3.02 -0.83 2.19
Oral reading fluency 39.34 4036 40.37 1.02 1.04 0.02
Reading comprehension 76.95 75.88 77.02 -1.07 0.08 1.14
Listening comprehension ~ 2.55 1.60  1.36 -0.95%* -1.18%%* -0.23
Word dictation 12.01  13.86 15.08 1.85 3.07% 1.21
Overall composite score 0.29 041 027 0.12 -0.02 -0.14

Notes: *p<0.10, **p<0.05, ***p<0.01. Standard errors are clustered at the school level. Estimates for each task
represent the share of students with a zero score. N(control)=2046, N(Light)=2064, N(Full)=2039. This sample only
covers the first cohort of students (students enrolled in the 2nd grade in the 2015-16 school year).
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Table 3.6: Additional EGRA Results at Midline: Fluency Scores

Control Light Full Difference L-C Difference F-C  Difference F-L

Task (1 (2) 3) 4) ®) (6)
Letter recognition 20.14  18.84 19.15 -1.30 -1.00 0.31
Sound recognition 1040 11.87 11.73 1.47 1.34 -0.13
Familiar word reading 8.10 870  8.62 0.60 0.53 -0.07
Reading invented words 5.16 5.58 5.56 0.42 0.40 -0.02
Oral reading fluency 12.60 13.27 12.84 0.67 0.24 -0.44

Notes: *p<0.10, **p<0.05, ***p<0.01. Standard errors are clustered at the school level. Fluency scores are
respectively computed as: i) total number of letters for which the student correctly identifies the name in one minute;
ii) number of letters sounds correctly identified in one minute; iii) number of familiar words correctly read in one
minute; iv) number of coined words correctly read in one minute; and v) number of words correctly read in one
minute from a short text. Due to lack of response time data, fluency scores are not measured for the following
subtasks: phonemic awareness, oral reading fluency, reading comprehension, listening comprehension, and word
dictation. N(control)=2046, N(Light)=2064, N(Full)=2039. This sample only covers the first cohort of students
(students enrolled in the 2nd grade in the 2015-16 school year).
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Table 3.7: EGRA Results at Endline as Percentage of Correct Answers

Control  Light Full Difference L-C  Difference F-C  Difference F-L

Task ey 2 3) “) &) (0)
Panel A. 1st Grade (2nd Cohort)

Letter recognition 14.09  13.19 12.49 -0.91 -1.60 -0.69
Phonemic awareness 15.41 3230  33.99 16.89%#* 18.58%** 1.68
Sound recognition 9.23 12.11  11.14 2.88%** 1.91%%* -0.96
Familiar word reading 9.72 10.67  9.52 0.95 -0.20 -1.14
Reading invented words 7.44 7.56 6.67 0.11 -0.78 -0.89
Oral reading fluency 8.50 9.07 8.10 0.57 -0.40 -0.97
Reading comprehension 4.25 472 441 0.47 0.16 -0.31
Listening comprehension 38.17  40.22  40.76 2.05 2.59% 0.54
Word dictation 29.00  27.75 25.99 -1.25 -3.01 -1.76
Overall composite score 15.09 17.51 17.01 2.42%* 1.92% -0.50
Panel B. 2nd Grade (1st Cohort)

Letter recognition 2620 2632 2543 0.12 -0.78 -0.89
Phonemic awareness 23.48  55.51 5748 32.03%%* 34.00%** 1.97
Sound recognition 13.78  22.67 2245 8.88*#* 8.67%** -0.21
Familiar word reading 23.37 2859 27.79 5.21%* 4.42% -0.79
Reading invented words 1736 20.62 19.59 3.26 2.23 -1.04
Oral reading fluency 2233 27.63 2644 5.29%%* 4.10 -1.19
Reading comprehension 13.41 17.15 16.33 3.74%% 2.92% -0.82
Listening comprehension 5222  54.16 55.65 1.94 3.43%%* 1.49
Word dictation 49.66 5397 52.22 4.31%* 2.56 -1.74
Overall composite score 26.87  34.07 33.71 7.20%%* 6.847% %% -0.36

Notes: *p<0.10, **p<0.05, ***p<0.01. Standard errors are clustered at the school level. Panel A shows the second
cohort of students: students who were enrolled in the first grade in 2015-16. Treated students in this cohort received
the intervention only during the 2015-16 school year. Panel B shows the first cohort: students who were enrolled in
the second grade in 2015-16 and who benefited from the intervention for two consecutive school years (2014-15 and
2015-16). Sample size for the first grade: N(control)=2001, N(Light)=2061, N(Full)=2043; for the second grade:
N(control)=2062, N(Light)=2178, N(Full)=2175.
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Table 3.8: Additional EGRA Results at Endline: Fluency Scores

Control Light Full Difference L-C Difference F-C  Difference F-L

Task (D 2) 3) “4) ) (6)

Letter recognition 2629 2636 25.45 0.07 -0.84 -0.92
Sound recognition 1391 22.83 2253 8.92%#* 8.62%%* -0.30
Familiar word reading 12.60 15.58 15.07 2.98%#%* 2.47* -0.51
Reading invented words 9.05 10.73 10.14 1.68 1.09 -0.59
Oral reading fluency 10.69 1241 11.48 1.72 0.80 -0.92

Notes: *p<0.10, **p<0.05, ***p<0.01. Standard errors are clustered at the school level. Fluency scores are
respectively computed as: (i) total number of letters out of 100 for which the student correctly identifies the name in
one minute; (ii) number of letters sounds correctly identified in one minute; (iii) number of familiar words correctly
read in one minute; (iv) number of coined words correctly read in one minute; and (v) number of words correctly
read in one minute from a short text. These scores are only available for the first cohort (students enrolled in the
second grade in the 2015-16 school year). N(control) = 2062, N(Light) = 2178, N(Full) = 2175.
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Table 3.9: Additional EGRA Results at Endline: Percent with Zero Scores

Control (C) Light(L) Full (F) Difference L-C Difference F-C Difference F-L

Task ey 2 3 “ ) (6)

Letter recognition 10.52 10.10 11.22 -0.42 0.69 1.12
Phonemic awareness 63.82 30.35 27.54 -33.47%%* -36.28%%* -2.81
Sound recognition 11.45 9.87 8.78 -1.57 -2.66* -1.09
Familiar word reading 37.20 37.65 36.74 0.45 -0.46 -0.91
Reading invented words 43.40 45.22 46.62 1.82 322 1.40
Oral reading fluency 51.79 48.85 49.20 -2.94 -2.60 0.34
Reading comprehension 69.88 63.82 65.01 -6.06* -4.87 1.19
Listening comprehension 9.99 9.46 8.41 -0.53 -1.58 -1.04
Word dictation 8.20 8.03 9.56 -0.16 1.37 1.53
Overall composite score 0.82 0.78 0.60 -0.04 -0.23 -0.18

Notes: *p;0.10, **p;0.05, ***p;0.01. Standard errors are clustered at the school level. Estimates for each task
represent the share of students with a zero score. N(control) = 2062, N(Light) = 2178, N(Full) = 2175. These scores
are only available for the first cohort of students (students enrolled in the second grade in the 2015-16 school year).
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Conclusion

Improving student learning remains a core objective of education policy, yet the most effective
strategies to achieve this goal often depend on the specific context. This dissertation has examined
three distinct interventions implemented in Haiti, the Dominican Republic, and the United States,

each offering insights into how educational outcomes can be improved through different approaches.

While the interventions vary in design and setting—from structured pedagogy in a fragile system
to adaptive technology in middle-income classrooms and school choice reforms in a high-income
context—they share a common focus on understanding how changes in key inputs—such as in-
structional methods, school organization, and teacher support—affect student outcomes within the
educational production function. The findings demonstrate that there is no universal blueprint for
success; rather, effective interventions must be tailored to local conditions and capacities. Impor-
tantly, the chapters show that both short-term academic outcomes and longer-term indicators such

as college enrollment and completion can be influenced through well-designed approaches.

Taken together, the evidence presented in this dissertation highlights the importance of context-
sensitive, evidence-based approaches to improving education systems. It contributes to a deeper
understanding of what works, for whom, and under what circumstances, contributing to ongoing

efforts to advance educational equity and effectiveness.
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A.1 Supplemental Tables and Figures

Table A.1: Treatment Effects on Math Overconfidence

Midline Endline
Overconfidence Overconfidence
(1) (2) 3) (4)

CAL Treatment (31) 0.018 0.032 -0.002 0.008

[0.698] [0.499] [0.956] [0.844]
CAL x Tutoring Treatment (3;) 0.026 0.029 0.042 0.050

[0.645] [0.609] [0.331] [0.269]
CAL + Tutoring Treatment (8 + 32) 0.044 0.061 0.040 0.058

[0.351] [0.203] [0.289] [0.132]
Adjusted R? -0.00 0.05 -0.00 0.05
Observations 1205 1205 1188 1188
Covariates No Yes No Yes

Notes: *** p<0.01, ** p<0.05, * p<0.1. Notes: *** p<0.01, ** p<0.05, * p<0.1. The outcome variable takes the
value of 1 if the teacher switched classes after program assignment, and O otherwise. Covariates include students’
gender, age, baseline math test scores, proxies for confidence and preferences towards math, self-reported grades for
the previous year and parents’ employment status. When available, we also control for the baseline level of the outcome
variable. The p-values shown in brackets represent the probability of obtaining an estimated treatment effect at least as
large in absolute value as the one observed in our experiment, under the sharp null hypothesis that the treatment effect
is zero for all observations. Randomization inference is based on 2,000 random draws.
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Table A.2: Treatment Effects on Student Time Use

In person  Unpaid work Unpaid work Paid work Study Meeting  Entertainment Sports
classes (at home) (out of home)  (out of school) friends
(1) (2) (3) 4) (5) (6) (7) (8)
CAL Treatment -0.060 -0.368 -0.105 -0.132 0.069 -0.072 0.007 0.008
[0.805] [0.057] [0.616] [0.617] [0.680] [0.590] [0.946] [0.926]
CAL x Tutoring Treatment -0.160 0.153 0.018 -0.185 0.071 -0.078 0.041 0.071
[0.584] [0.517] [0.952] [0.529] [0.677] [0.679] [0.749] [0.541]
Control Mean 5.99 3.79 2.26 2.74 2.03 2.25 3.33 2.09
Adjusted R? 0.09 0.08 0.13 0.14 0.02 0.09 0.05 0.22
Observations 1108 1096 1072 1069 1105 1091 1097 1093

Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include students’ gender, age, baseline math test scores, proxies for confidence and preferences
towards math, self-reported grades for the previous year and parents’ employment status. When available, we also control for the baseline level of
the outcome variable. The p-values shown in brackets represent the probability of obtaining an estimated treatment effect at least as large in absolute
value as the one observed in our experiment, under the sharp null hypothesis that the treatment effect is zero for all observations. Randomization
inference is based on 2,000 random draws.
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Table A.3: Treatment Effects on Gender Beliefs

Midline Gender Endline Gender
Beliefs Index Beliefs Index
(1) (2) (3) (4)

CAL Treatment 0.093 0.055 0.037 0.040

[0.386] [0.540] [0.632] [0.621]
CAL x Tutoring Treatment -0.107 -0.094 -0.006 -0.027

[0.415] [0.344] [0.950] [0.796]
Adjusted R? 0.00 0.13 -0.00 0.02
Observations 1204 1204 1181 1181
Covariates No Yes No Yes

Notes: *** p<(.01, ** p<0.05, * p<0.1. Notes: *** p<0.01, ** p<0.05, * p<0.1. Covariates include
students’ gender, age, baseline math test scores, proxies for confidence and preferences towards math, self-
reported grades for the previous year and parents’ employment status. When available, we also control for the
baseline level of the outcome variable. The p-values shown in brackets represent the probability of obtaining
an estimated treatment effect at least as large in absolute value as the one observed in our experiment, under
the sharp null hypothesis that the treatment effect is zero for all observations. Randomization inference is

based on 2,000 random draws.
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Table A.4: Treatment Effects on Midline Math Performance (Lee Bounds)

Midline Math Test Endline Math Test
Lower Bound Upper Bound Lower Bound Upper Bound
) 2 3 “

CAL Treatment 0.317%* 0.086 0.373** 0.233*

[0.043] [0.552] [0.021] [0.094]
CAL x Tutoring Treatment -0.175 -0.011 -0.246 -0.241

[0.395] [0.961] [0.223] [0.168]
Observations 1206 1206 1200 1198

Notes: *** p<0.01, ** p<0.05, * p<0.1. The p-values shown in brackets represent the probability of obtaining an
estimated treatment effect at least as large in absolute value as the one observed in our experiment, under the sharp null
hypothesis that the treatment effect is zero for all observations. Randomization inference is based on 2,000 random
draws.
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Table A.5: Dose-response of ALEKS Use

Standardized Math Scores

v OLS VA OLS VA
estimates (full sample) (treatment group)
(1) (2) (3)
CAL hours 0.0266%** 0.01971%#** 0.0256%**
(0.0056) (0.0026) (0.0038)
Baseline math score (SD) 0.1431%** 0.1456%** 0.1160%***
(0.0098) (0.0097) (0.0137)
Observations 1218 1218 617
R-squared 0.3248 0.3296 0.3211
Difference-in-Sargan statistic for exogeneity 0.1304
Extrapolated estimates of 2.5-hour treatment 0.0665 0.0477 0.0641
Extrapolated estimates 25 hours (1500 minutes) 0.7340 0.5267 0.6767

Notes: *#* p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses. Covariates include students’ gender, age,
baseline math test scores, proxies for confidence and preferences towards math, self-reported grades for the previous
year and parents’ employment status. Column (1) instruments minutes in ALEKS with the randomized allocation.
Column (2) presents OLS value-added models using the full sample. Column (3) presents OLS VA models using only
data on the lottery-winners. One hour is equivalent to 60 minutes of platform use.
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Figure A.1: Self-Efficacy Index by Performance Groups

87 0.72 0.73
0.65 0.71

I Control [ CAL + Tutoring (Non-Tutees)
0 Tutees " Only CAL

Notes: The CAL + Tutoring group excludes tutees.
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Endline Math Test Scores (STD)

Figure A.2: Returns to Hours of CAL Use

500 1000 1500 2000
Time spent on CAL (min)

Notes: This sample is limited to treated students (N = 664).
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A.2 Additional Analysis

A.2.1 Power Calculations

To estimate statistical power, we simulate the randomization procedure described in Section 1.3 one
thousand times and assume a minimum detectable effect (MDE) of 0.3 standard deviations. Evans
and Yuan (2022) find this to be in the 80th percentile of effect sizes of RCTs with learning or access
outcomes in low- and middle-income countries. Although this would be above the median of 0.2 for
small RCTs, both tutoring and computer-adaptive learning have been identified as two of the most
effective interventions to improve learning outcomes. A recent review of tutoring interventions
by Nickow et al. (2020) found an overall pooled effect size estimate of 0.37 standard deviations.
To the best of our knowledge, there are no meta-studies looking at effects from computer-adaptive

learning technologies such as the one used in this study.

For this exercise, I use 2019 administrative data on 9th grade students in the same sample of schools
selected for this intervention. This data includes students’ test scores on a national diagnostic as-
sessment, their sex, age, and a socioeconomic indicator. We also simulate and include a baseline
test score variable. These simulations give us a statistical power of approximately 80 percent,
which is the standard for randomized controlled trials in the social sciences. We aim to maximize
this number by collecting prognostic variables at baseline, including tests scores on a short math
assessment and other student characteristics. In Table A.6, we present the results of the simulations

using alternative MDEs (0.25, 0.3, 0.35).

MDE Power
0.25 0.674
0.30 0.799
035 0.893

Table A.6: Power Simulations

148



Appendix B: Chapter 2

149



B.1 Lottery Details
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Table B.3: Match Rate to SIMS

Non-offered Initial Offer Waitlist Offer Number of
Mean Differential Differential Applications
Projected HS Class (D) 2) 3) @)
2006 0.986 -0.008 0.008 515
(0.012) (0.009)
2007 0.997 -0.011 -0.033 422
(0.017) (0.038)
2008 0.996 -0.014 0.007 937
(0.011) (0.009)
2009 0.992 0.003 -0.007 1,010
(0.009) (0.009)
2010 0.994 0.000 -0.003 1,332
(0.009) (0.010)
2011 0.996 -0.000 -0.002 1,597
(0.006) (0.008)
2012 0.985 -0.002 0.001 2,142
(0.006) (0.005)
2013 0.991 -0.004 0.001 2,456
(0.006) (0.005)
2014 0.993 0.001 -0.005 2,949
(0.005) (0.005)
2015 0.993 0.000 -0.002 3,746
(0.005) (0.004)
2016 0.992 -0.001 0.001 3,698
(0.005) (0.004)
2017 0.993 -0.000 -0.001 5,226
(0.004) (0.003)
2018 0.995 -0.002 0.001 5,581
(0.003) (0.003)
All cohorts 0.993 -0.002+ -0.000 31,611
(0.001) (0.001)

Notes: This table shows the match between lottery records and the SIMS data by projected high school class.
The sample excludes disqualified, late, out-of-area, and sibling applications. Individuals can be in the sample
multiple times if they apply to multiple schools. Columns 2 and 3 report coefficients from regressions of the student
characteristic on initial and waitlist offer dummies, including controls for risk sets (+ p<0.10 * p<0.05 ** p<0.01

*#%¥p<0.001).

153



B.2 Additional Results
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Figure B.1: Test Score Distributions for Treated and Untreated Compliers
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K-S statistic: 0.161; K-S bootstrapped p-value: <0.000 K-S statistic: 0.160; K-S bootstrapped p-value: 0.004
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Notes: This figure shows the distribution of test scores for treated and untreated compliers, for MCAS Math and ELA
two years after the lottery.
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Table B.5: The Impact of Charter School Attendance on Advanced Placement

Urban Nonurban
2SLS CCM N 2SLS CCM N
(D () 3) “4) ) (6)
(A) Advanced Placement
Offered AP 0.0807%3** 0.743 13,623 -0.539*** 0.786 3,583
(0.021) (0.032)
Number of APs offered -1.131%** 5.727 13,623 -5.659%** 8.172 3,583
(0.269) 0.411)
(B) AP by subject
Offered AP Calculus 0.103 %% 0.542 13,623 -0.483*** 0.702 3,583
(0.023) (0.034)
Offered AP English -0.136%** 0.623 13,623 -0.531**=* 0.756 3,583
(0.023) (0.032)
Offered AP History 0.021 0.459 13,623 -0.517**=* 0.730 3,583
(0.023) (0.033)
Offered AP Science -0.072%* 0.511 13,623 -0.490*** 0.674 3,583
(0.023) (0.032)
(C) AP scores
Score 2+ on any AP 0.099%** 0.170 13,623 -0.239%** 0.411 3,583
(0.018) (0.031)
Score 3+ on any AP 0.045%* 0.108 13,623 -0.188*** 0.333 3,583
(0.014) (0.029)
Score 4+ on any AP 0.008 0.063 13,623 -0.137%** 0.240 3,583
(0.011) (0.027)
Score 5 on any AP -0.000 0.026 13,623 -0.100%*** 0.157 3,583
(0.007) (0.022)
(D) Conditional AP scores
Score 2+ on any AP 0.058+ 0.608 3,936 -0.065 0.947 965
(0.034) (0.044)
Score 3+ on any AP 0.008 0.381 3,936 0.014 0.738 965
(0.034) (0.064)
Score 4+ on any AP -0.038 0.221 3,936 0.002 0.541 965
(0.028) 0.077)
Score 5 on any AP -0.023 0.089 3,936 -0.071 0.366 965
(0.018) (0.074)

Notes: Each coefficient labeled 2SLS is the instrumental variables estimate of the effect of attending an urban or
nonurban charter at any period of time before the outcome listed in the column heading occurred as described in
Equation 2.1. Indicator variables for a lottery offer on the day of the lottery (initial offer) and lottery offer from the
waitlist (waitlist offer), separately for urban and nonurban charters, are the instruments for charter attendance. The
control complier mean is labeled CCM. All regressions control for lottery risk sets and a vector of demographic
characteristics including indicators for race, gender, birth year, calendar year, and baseline special education, English
learner, and free or reduced price lunch status. The sample is restricted to students enrolled in Massachusetts schools
at the time of application in the projected high-school clpgsgs of 2006-2018. Robust standard errors in parentheses
(+ p<0.10 * p<0.05 ** p<0.01 ***p<0.001). AP outcomes are available for the class of 2007 and later. In the
second panel, AP offers are defined based on whether the high school that the student attended offered an AP class.
In the third panel, AP scores are conditional on having taken at least one AP.



Table B.6: The Impact of Charter School Attendance on High School Progression

Urban Nonurban

2SLS CCM N 2SLS CCM N

(D (2) (3) 4) &) (6)
(A) On-time grade progression

10th grade -0.021 0914 11,209 -0.002 0.995 3,097
(0.014) (0.008)

11th grade -0.045%%* 0.920 10,411  0.006 0.992 3,007
(0.015) (0.009)

12th grade -0.036%* 0912 10,426 -0.014 0.989 2,966
(0.015) (0.011)

Repeat 9th or 10th 0.041%* 0.161 12,001  -0.005 0.027 3,175
(0.019) (0.013)

(B) High school graduation
Graduate high school (4 years) -0.066%*  0.655 11,983 -0.016 0.815 3,175

(0.023) (0.026)

Graduate high school (5 years)  -0.018 0.733 11,983 -0.012 0.903 3,175
(0.022) (0.024)

Graduate high school (6 years)  -0.012 0.787 11,983 -0.017 0915 3,175
(0.021) (0.023)

(C) Days attended

Oth grade 0.624 162.716 11,967 1.026  169.753 3,175
(1.789) (1.816)

10th grade 1.274 161.866 11,199 2.743+ 167.366 3,097
(1.597) (1.639)

11th grade 2.201 156.651 10,401 1.007 167.441 3,007
(1.769) (1.709)

12th grade 3.722%  153.191 10,417 -2.305 160.852 2,966
(1.658) (1.618)

Notes: Each coefficient labeled 2SLS is the instrumental variables estimate of the effect of attending an urban or
nonurban charter at any period of time before the outcome listed in the column heading occurred as described in
Equation 2.1. Indicator variables for a lottery offer on the day of the lottery (initial offer) and lottery offer from the
waitlist (waitlist offer), separately for urban and nonurban charters, are the instruments for charter attendance. The
control complier mean is labeled CCM. All regressions control for lottery risk sets and a vector of demographic
characteristics including indicators for race, gender, birth year, calendar year, and baseline special education, English
learner, and free or reduced price lunch status. The sample is restricted to students enrolled in Massachusetts schools
at the time of application in the projected high-school classes of 2006-2018. Robust standard errors in parentheses
(+ p<0.10 * p<0.05 ** p<0.01 ***p<0.001).
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Table B.7: The Impact of Charter School Attendance on College Enrollment

Any College 4 Year College 2 Year College
Year after Projected 2SLS CCM 2SLS CCM 2SLS CCM N
High School Graduation (1) 2) 3) 4) &) (6) @)
(A) st year
Urban 0.024 0.518 0.063** 0.390  -0.039**  0.127 13,281
(0.023) (0.023) (0.015)
Nonurban 0.022 0.665 0.094%** 0.529  -0.072**  0.135 3,414
(0.031) (0.033) (0.022)
(B) 2nd year
Urban 0.077*** 0.495  0.079*%**  0.367 -0.002 0.127 13,281
(0.023) (0.022) (0.016)
Nonurban 0.063+ 0.684 0.098%** 0.557 -0.035 0.127 3,414
(0.032) (0.034) (0.023)
(C) 3rd year
Urban 0.073** 0.439 0.064%** 0.335 0.010 0.103 13,281
(0.023) (0.022) (0.015)
Nonurban 0.095%* 0.631 0.099%** 0.545 -0.004 0.086 3,414
(0.034) (0.035) (0.020)
(D) 4th year
Urban 0.068** 0.396 0.053* 0.310 0.015 0.085 13,281
(0.023) (0.021) (0.014)
Nonurban 0.121%** 0,572 0.125%**  (0.510 -0.004 0.062 3414
(0.035) (0.035) (0.017)
(E) 5th year
Urban 0.015 0.245 0.023 0.179 -0.010 0.066 13,281
(0.020) (0.018) (0.012)
Nonurban 0.029 0.299 0.041 0.257 -0.013 0.043 3,414
(0.034) (0.033) (0.013)
(F) 6th year
Urban 0.049%** 0.132 0.043%* 0.087 0.006 0.044 11,608
(0.019) (0.016) (0.011)
Nonurban 0.040 0.151 0.048+ 0.130 -0.009 0.023 3,158
(0.028) (0.027) (0.011)

Notes: Each coefficient labeled 2SLS is the instrumental variables estimate of the effect of attending an urban or
nonurban charter at any period of time before the outcome listed in the column heading occurred as described in
Equation 2.1. Indicator variables for a lottery offer on the day of the lottery (initial offer) and lottery offer from the
waitlist (waitlist offer), separately for urban and nonurban charters, are the instruments for charter attendance. The
control complier mean is labeled CCM. All regressions control for lottery risk sets and a vector of demographic
characteristics including indicators for race, gender, birth year, calendar year, and baseline special education, English
learner, and free or reduced price lunch status. The sampl®® restricted to students enrolled in Massachusetts schools
at the time of application in the projected high-school classes of 2006-2018. Robust standard errors in parentheses
(+ p<0.10 * p<0.05 ** p<0.01 ***p<0.001).



Table B.8: The Impact of Charter School Attendance on College Degrees

Any Degree B.A. AA.
Year after Projected 2SLS CCM 2SLS CCM 2SLS CCM N
High School Graduation (D) 2) 3) 4) (®)) (6) (7)
(A) 4th year
Urban 0.037*  0.133  0.031* 0.116 0.008 0.022 13,281
(0.016) (0.015) (0.008)
Nonurban 0.061+ 0.364 0.074*  0.308 -0.027 0.074 3414
(0.035) (0.034) (0.017)
(B) 5th year
Urban 0.038*  0.211  0.033+ 0.188 0.003 0.037 13,281
(0.019) (0.018) (0.009)
Nonurban 0.105**  0.483 0.115** 0432 -0.031+ 0.085 3414
(0.036) (0.036) (0.018)
(C) 6th year
Urban 0.046*  0.240 0.042*  0.216 0.009 0.041 11,608
(0.022) (0.021) (0.011)
Nonurban 0.112**  0.519 0.119** 0472  -0.030  0.093 3,158
(0.037) (0.037) (0.020)

Notes: Each coefficient labeled 2SLS is the instrumental variables estimate of the effect of attending an urban or
nonurban charter at any period of time before the outcome listed in the column heading occurred as described in
Equation 2.1. Indicator variables for a lottery offer on the day of the lottery (initial offer) and lottery offer from the
waitlist (waitlist offer), separately for urban and nonurban charters, are the instruments for charter attendance. The
control complier mean is labeled CCM. All regressions control for lottery risk sets and a vector of demographic
characteristics including indicators for race, gender, birth year, calendar year, and baseline special education, English
learner, and free or reduced price lunch status. The sample is restricted to students enrolled in Massachusetts schools
at the time of application in the projected high-school classes of 2006-2018. Robust standard errors in parentheses
(+ p<0.10 * p<0.05 ** p<0.01 ***p<0.001). Students can obtain both a BA and an AA, so the coefficient for any
degree will not be the sum of the BA and AA coefficients.
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Appendix C: Chapter 3
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C.1 Supplemental Tables and Figures

Table C.1: EGRA Components

Component

Early reading skill

Skill demonstrated by students’ ability to:

1. Letter name knowledge

Letter recognition

- Provide the name of upper- and lowercase letters
in random order

2. Phonemic awareness

Phonemic awareness

- Segment words into phonemes
- Identify the initial sounds in different words

3. Letter sound knowledge Phonics - Provide the sound of upper- and lowercase letters
distributed in random order

4. Familiar word reading Word reading - Read simple and common one- and two-syllable
words

5. Unfamiliar nonword read- ~ Alphabetic principle - Make grapheme-phoneme correspondences

ing

(GPCs) through the reading of simple nonsense
words

6. Oral reading fluency with
comprehension

Oral reading fluency, reading
comprehension

- Read a text with accuracy, with little effort, and
at a sufficient rate

- Respond correctly to different types of questions,
including literal and inferential questions about the
text they have read

7. Listening comprehension

Listening comprehension

- Respond correctly to different types of questions
including literal and inferential questions about the
text the enumerator reads to them

8. Dictation

Alphabetic principle

- Write, spell, and use grammar properly through
a dictation exercise

Source: RTI International (2009). Early Grade Reading Assessment Toolkit.
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Table C.2: Variation in the Number of Visits After Initial Diagnosis

Before After
Supervisor visits ~ Coach visits ~ Supervisor visits Coach visits
Full School 1 per month 1 at least every 1 at least 2 at least every
fifteen days per month fifteen days
Light Schools 1 per month 0 1 per month 1 per month (in schools

with more difficulties)*

Source: Programme M’ap Li Net Ale Rapport Finale (CEEC). *For coaching visits at Light schools, schools whose
principals had not attended initial training sessions were prioritized.
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Table C.3: Summary of Mobilization Activities by Geographical Department

Department Meetings Activities Schools Involved Students

Grand-Anse 65 13 45 1295
Nippes 93 36 128 2229
Northwest 56 18 12 1261
West 82 29 47 985

Source: Programme M’ap Li Net Ale Rapport Finale (CEEC).
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Table C.4: Socioeconomic Characteristics for Students at Baseline

Characteristic Share
Age 7.25
Male 0.54
The pupil lives with his parents
Dad 0.74
Mom 0.84
Both 0.68
Student attended preschool 0.76

The student ate breakfast before going to school  0.71
Student’s school equipment

Pencil 0.74
Pen 0.05
Chalk 0.05
Slate 0.06
Notebook 0.76
Family property and utilities
Electricity 0.33
Radio 0.49
Television 0.20
Fridge 0.11
Computer 0.05
Bicycle 0.11
Motorbike 0.12
Car 0.06

Source: Baseline implementation report.
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Table C.5: Schools and Students by Treatment Group at Midline and Endline

Schools Students
Department Control Full Light Total Control Full Light Total
(1) 2 3) “) ®) (0) (7 (®)

Panel A. Midline Sample

Grande-Anse 34 30 32 96 1142 1037 1135 3314
Nippes 62 66 63 191 1527 1608 1667 4802
Ouest 24 28 25 77 648 743 711 2102
Nord-Ouest 24 26 26 76 811 853 744 2408
Total 144 150 146 440 4128 4241 4257 12626
Panel B. Endline Sample

Grande-Anse 34 30 32 96 1119 992 1066 3177
Nippes 60 66 63 189 1539 1704 1766 5009
Ouest 24 27 23 74 651 710 656 2017
Nord-Ouest 24 25 76 27 754 812 751 2317
Total 142 148 145 435 4063 4218 4239 12520

Source: Author’s own estimates. Data covers two cohorts, students in midline and endline samples.
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Table C.6: Additional EGRA Results at Baseline: Fluency Scores

Control Light Full Difference L-C Difference F-C  Difference F-L

Task ey 2) 3) “4) ) (6)

Letter recognition 1048 11.86 10.07 1.38 -0.41 -1.79
Sound recognition 7.68 8.85 7.03 1.17 -0.65 -1.82
Familiar word reading 4.56 529 4.01 0.73 -0.55 -1.28
Reading invented words 3.40 4.51 3.10 1.10 -0.30 -1.41
Oral reading fluency 6.45 6.14  5.03 -0.31 -1.42 -1.10

Notes: *p<0.10, **p<0.05, ***p<0.01. Standard errors are clustered at the school level. Fluency scores are
respectively computed as: i) total number of letters out of 100 for which the student correctly identifies the name in
one minute; ii) number of letters sounds correctly identified in one minute; iii) number of familiar words correctly
read in one minute; iv) number of coined words correctly read in one minute; and v) number of words correctly read
in one minute from a short text. Because response time was not measured for these outcomes, we do not estimate

fluency scores for the following tasks: phonemic awareness, reading comprehension, listening comprehension and
word dictation.
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Table C.7: Additional EGRA Results at Baseline: Percent with Zero Scores

Control  Light Full Difference L-C ~ Difference F-C =~ Difference F-L

Task ey @) 3) “) &) (6)
Letter recognition 21.02 24.07 2495 3.05 3.93 0.88
Phonemic awareness 78.44 73.56  70.21 -4.87% -8.23%%k -3.36
Sound recognition 30.89 35.28 3322 4.39 2.33 -2.06
Familiar word reading 58.65 60.37  62.59 1.72 3.94 2.23
Reading invented words 77.36 76.66  78.48 -0.70 1.12 1.82
Oral reading fluency 60.70 61.77  62.78 1.07 2.08 1.01
Reading comprehension 82.86 83.57  81.20 0.71 -1.65 -2.36
Listening comprehension 24.85 2871  23.87 3.86%* -0.98 -4.84%*
Word dictation 37.47 39.73  42.01 2.26 4.54 2.28
Overall composite score 5.98 8.46 6.20 2.47%* 0.22 -2.26%*

Notes: *p<0.10, **p<0.05, ***p<0.01. Standard errors are clustered at the school level. Estimates for each task
represent the share of students with a zero score.
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Table C.8: School Characteristics at Baseline

Control Light Full Diff. L-C Diff. F-C Diff. F-L

Characteristic (1) 2) 3) 4 (5) (6)
Panel A. School Characteristics
School has preschool 0.64 0.67 0.71 0.03 0.07 0.04
School has 3rd cycle of elementary 0.30 0.29 0.27 -0.01 -0.03 -0.02
Number of first grade classrooms 1.09 1.06 1.23 -0.03 0.14%* 0.17
Number of second year rooms 1.06 .11 1.08 0.05 0.02 -0.03
Vacation type
Simple vacation 0.87 091 0.86 0.04 -0.01 -0.05
Double shift 0.12 0.08 0.14 -0.04 0.02 0.06
Number of hours of single shift 5.05 5.04 5.00 -0.01 -0.05 -0.04
School benefits from canteen program 0.24 0.20 0.23 -0.04 -0.01 0.03
School benefits from deworming program 0.52 041 041 -0.11% -0.11 0.00
Panel B. School Infrastructure
School has a school latrine 0.92 093 092 0.01 0.00 -0.01
School has drinking water 0.59 0.55 0.55 -0.04 -0.04 0.00
School has a library 0.23 024 0.22 0.01 -0.01 -0.02
School building type
A church 0.05 0.08 0.13  0.03** 0.08%*%* 0.05
A building built for a school 0.77 0.78 0.75 0.01 -0.02 -0.03
A temporary building or hangar 0.08 0.08 0.05 0.00 -0.03 -0.03
Roof of the building
Concrete 0.20 0.22 0.16 0.02 -0.04 -0.06
Wood 0.01 0.03 0.01 0.02 0.00 -0.02
Straw 0.01 0.00 0.01 -0.01 0.00 0.01
Sheet metal 0.75 0.74 0.79 -0.01 0.04 0.05
Building wall
Concrete 0.91 0.85 0.88 -0.06 -0.03 0.03
Wood 0.05 0.08 0.04 0.03 -0.01 -0.04
Straw 0.01 0.01 0.01 0.00 0.00 0.00
Sheet metal 0.02 0.07 0.04  0.05%* 0.02 -0.03%*

Notes: *p<0.10, **p<0.05, ***p<0.01. This table is copied from a baseline implementation report.
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Table C.9: School Management Characteristics at Baseline

Control Light Full Diff. L-C Diff. F-C Diff. F-L

Characteristic 1) 2) 3) “) 5) (©6)
School has a parents’ committee 0.91 0.85 0.89 -0.06 -0.02 0.04
Number of PC meetings since start of school year 1.97 229 213 0.32 0.16 -0.16*
School has a school management council 0.90 091 0.85 0.01 -0.05 -0.06
Teaching staff
Number of women in first grade 0.91 0.87  0.90 -0.04 -0.01 0.03
Number of women in second year 0.59 0.63 044 0.04* -0.15%*%* -0.19
Auvailability of teachers’ attendance register

Yes, seen an up-to-date register 0.74 0.74 0.72 0.00 -0.02 -0.02

Yes, seen an outdated register 0.12 0.13 0.12 0.01 0.00 -0.01

Yes, not seen 0.10 0.08 0.08 -0.02 -0.02 0.00

No 0.04 0.05 0.08 0.01 0.04 0.03
Availability of student attendance register

Yes, seen an up-to-date register 0.84 0.84 0.81 0.00 -0.03 -0.03

Yes, seen an outdated register 0.09 0.08 0.09 -0.01 0.00 0.01

Yes, not seen 0.06 0.08  0.09 0.02 0.03 0.01

No 0.00 0.01 0.01 0.01 0.01 0.00
School allows to bring home library books 0.12 0.15 0.13 0.03 0.01 -0.02

Source: Baseline implementation report.
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Table C.10: EGRA Standardized Results at Baseline

Control Light Full Difference L-C Difference F-C Difference F-L

Task ey (2) 3) “) ) (6)
Letter recognition 0.02 0.01 -0.02 -0.01 -0.04 -0.03
Phonemic awareness -0.07 0.01  0.06 0.08 0.13* 0.05
Sound recognition -0.01 0.04 -0.03 0.05 -0.02 -0.06
Familiar word reading -0.01 0.04 -0.03 0.05 -0.03 -0.07
Reading invented words -0.02 0.05 -0.03 0.07 -0.02 -0.08
Oral reading fluency 0.00 0.04 -0.04 0.03 -0.04 -0.07
Reading comprehension -0.01 -0.03 0.03 -0.02 0.04 0.06
Listening comprehension 0.07 -0.10  0.04 -0.17%%* -0.04 0.13%%*
Dictated 0.05 0.00 -0.04 -0.05 -0.09 -0.04
Overall composite score 0.00 0.00 0.00 0.00 -0.01 0.00

Notes: *p<0.10, **p<0.05, ***p<(0.01. Standard errors are clustered at the school level.
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Table C.11: EGRA Standardized Results at Midline

Control Light Full Difference L-C Difference F-C  Difference F-L

Task (1 @ 3 “) ) (6)
Letter recognition 0.40 0.35 0.37 -0.05 -0.03 0.02
Phonemic awareness -0.03 0.25 032 0.28%*** 0.35%%* 0.06
Sound recognition 0.16 0.33  0.32 0.16%* 0.15%%* -0.01
Familiar word reading 0.26 0.31 0.30 0.05 0.05 -0.01
Reading invented words 0.22 0.27 0.26 0.05 0.05 0.00
Oral reading fluency 0.29 0.33  0.30 0.03 0.01 -0.03
Reading comprehension 0.21 0.26 0.23 0.06 0.02 -0.04
Listening comprehension 0.27 024 034 -0.03 0.07* 0.10%*
Dictation 0.44 041 040 -0.03 -0.05 -0.01
Overall composite score 0.31 040 042 0.08 0.11 0.02

Notes: *p<0.10, **p<0.05, ***p<(0.01. Standard errors are clustered at the school level.
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Table C.12: EGRA Standardized Results at Endline

Control Light Full Difference L-C Difference F-C  Difference F-L

Task (1 @ 3 “) ) (6)

Letter recognition 0.35 0.36 0.31 0.01 -0.04 -0.05
Phonemic awareness -0.32 044 049 0.76%#%* 0.80%#* 0.05
Sound recognition -0.10 044 043 0.54 %% 0.53%** -0.01
Familiar word reading 0.17 0.35 032 0.18%* 0.15* -0.03
Reading invented words 0.17 031 0.27 0.14 0.10 -0.04
Oral reading fluency 0.17 035 031 0.18** 0.14 -0.04
Reading comprehension 0.15 0.33  0.29 0.18%%* 0.14%* -0.04
Listening comprehension 0.17 0.23 0.28 0.06 0.11%* 0.05
Dictated 0.31 045 0.39 0.14%* 0.08 -0.06
Overall composite score 0.12 047 045 0.34%*%* 0.33%*%* -0.02

Notes: *p<0.10, **p<0.05, ***p<(0.01. Standard errors are clustered at the school level.
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Table C.13: Implementation Status at Midline

Light Full Difference L-F

Variable (1) (2) 3)
Share of schools participating in the program 95.35 94.30 1.05
Days of training 4.77 5.71 -0.94
Number of staff trained 2.07 1.99 0.08
Share of schools where all 1st-year teachers used the methodology 90.60 98.00 -7.40
Reasons for not using the methodology

Salary issues related to delays 100.00 0.00 100.00

Using other methods 0.00 30.18 -30.18

Other 0.00 69.82 -69.82
School received teaching material 96.35 82.71 13.64
School staff trained in the methodology

Pedagogical principal was trained 85.87 65.44 20.43

Administrative principal was trained 12.81 26.40 -13.59

First-year teachers were trained 98.14 91.53 6.61
Received school supplies

Students received books 0.67 0.64 0.03

Students received notebooks 0.67 0.57 0.10
Students benefited from the methodology 0.96 0.93 0.03
Visits from external supervisors per month 1.59 3.20 -1.61
Share of schools that participated in extracurricular activities 52.34 62.08 -9.74
Share of schools where teachers reported continuation 97.36 66.76 30.60
Observations 3,758 3,215 6,973
Number of schools 146 150 296

Notes: *** p<0.01, ** p<0.05, * p<0.1. Standard errors are clustered at the school level.
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Table C.14: Implementation Status at Endline

Light Full Difference L-F

Variable 1) ) 3)
Share of schools participating in the program 95.20  95.23 -0.03
Days of training 4.87 5.59 -0.72
Number of staff trained 2.88 2.81 0.07
Share of schools where all 1st-year teachers used the methodology 84.85 83.93 0.92
Reasons for not using the methodology

Salary issues related to delays 11.23 11.79 -0.56

Using other methods 5.15 2.24 291

Other 83.62 85.97 -2.35

School received teaching material 93.05 91.67 1.38
School staff trained in the methodology

Pedagogical principal was trained 69.02 75.28 -6.26

Administrative principal was trained 27.62 20.66 6.96

First-year teachers were trained 98.86 98.19 0.67

Second-year teachers were trained 96.77 94.53 2.24
Received school supplies

Students received books 0.81 0.76 0.05

Students received notebooks 0.81 0.81 0.00
Visits from external supervisors per month

Ist Year 1.59 1.18 0.41

2nd Year 1.54 1.18 0.36
Share of schools that participated in extracurricular activities 1990 25.34 -5.44
Share of schools where teachers reported continuation 96.90 94.27 2.63
Observations 4,239 4218 8,457
Number of schools 145 148 293

Notes: *** p<0.01, ** p<0.05, * p< 0.1. Standard errors are clustered at the school level.
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Figure C.1: Kernel Distribution of Composite Score at Baseline by Treatment Group

.06

.04

Density

.02

0 20 40 60 80
Overall composite score

— Control Light ---- Full

Notes: We conducted a two-sample Kolmogorov-Smirnov test for equality of distribution functions to check for
differences across treatment groups. No statistically significant differences were found between the Light and Full
groups (combined p-value 0.173), and Control and Full groups (combined p-value 0.058) at the 5 percent significance

level. We found statistically significant differences between the Control and Light groups (combined p-value 0.000).
This test omits the nested structure of the data.
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Figure C.2: Full Timeline of Program Implementation and Data Collection

Year 2014-15
Remediation
Baseline trairl‘i”E for Midline
student test principals and studant test
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——t
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Training of Application of Map Li Net Ale methodology student test
school principals 2nd cahort
and teachers in - ) -
the application Teachers receive pedagogical coaching
of Map Li Net
Ale method Supervisors chserve application of methodolegy and
provide feedback
Distribution of school materials
Year 2015-16
Remediation
training for Endline
p”::;iztrjnd student test
1st cohort
Jan 16 Feb 16 Mar 16 Apr 16 May 16 Nov 16 Dec 16
| | | | | | | -
| | | l | | l
Endline
Training of Application of Map Li Net Ale methadology student test
school principals 2nd cohort

and teachers in

the application
of Map Li Met
Ale method

Notes: The first cohort is composed of students enrolled in the 1st grade in the 2014-15 school year. The second cohort

Teachers receive pedagogical coaching

Supervisors observe application of methodology and
provide feedback

Distribution of school materials

includes students enrolled in the 1st grade in the 2015-16 school year.
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Figure C.3: Participation in Training of Principals and Teachers by Type of School
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Notes: This graph shows the number of principals and teachers participating in training sessions, categorized by
department and type of school (Full or Light).
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Figure C.4: Training Participation Rates by Geographical Department
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Notes: This graph shows school participation rates in training sessions by geographical department.

Figure C.5: Training Participation Rates by Participant Category and Geographical Department
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Notes: This graph shows attendance rates by participant category (principals and teachers) across different
geographical departments. Source: Programme M’ap Li Net Ale Rapport Finale (CEEC).
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Figure C.6: Percentage of Principals and Teachers with Identified Gaps by Department
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Notes: This graph displays the percentage of principals and teachers with identified gaps across geographical
departments. Source: Programme M’ap Li Net Ale Rapport Finale (CEEC).
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