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To address the learning crisis, targeted remediation and structured pedagogy are
often considered “great buys” for education policymakers, but related programs are
difficult to scale, and impacts in government schools are often muted. We collaborated
with Morocco’s Ministry of National Education Preschool and Sports to conduct a
prospective evaluation of a large-scale reform effort that combines multiple “great
buys”. Our results rest on a pre-registered difference-in-differences analysis of primary
data collected from 276 public primary schools. After one year, the program improved
student learning by 0.90 standard deviations (s.d.) on average (0.52 s.d. impacts in
Arabic, 1.30 s.d. impacts in French, and 0.93 s.d. impacts in math). Its average effect
exceeds the 99th percentile of treatment effects of other education interventions in low-
and middle-income countries. These findings suggest that an integrated intervention
can achieve transformative impacts on student learning, at scale.
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1 Introduction

More than half of children in low- and middle-income countries do not learn to read
with comprehension by age 10 (World Bank, 2019a). Similarly, poor performance has been
found in students’ basic mathematics skills (Angrist et al., 2021; de Barros and Ganimian,
2023). The World Bank (2018) describes this state of affairs as a global “learning crisis”.
While almost all of these countries have close to 100 percent of their children enrolled in
primary school, progress on the extent of learning that takes place in these schools has
been disappointing in many, and perhaps most, of these countries. This raises the question
of what can be done to increase student learning in those countries where students are
learning very little.

Recent research has provided useful findings on what works to increase student learning
in low- and middle-income countries. Based on a systematic review of the evidence,
the Global Education Evidence Advisory Panel (GEEAP, 2023) identified “great buy”
interventions, which are highly cost-effective and are supported by a strong body of
evidence (Angrist et al., 2024). However, consistently, such promising interventions have
been found to be less effective (or even detrimental) once substantial external supports,
such as researcher oversight, are removed and when responsibilities are transferred from
a non-governmental organization to the government (Vivalt, 2020; Allcott, 2015). This
observation holds for the above-mentioned “great buy” recommendations, including
programs involving scripted lesson plans (Kerwin and Thornton, 2021; Piper and Dubeck,
2024) and programs promoting that teachers target their instruction to a child’s learning
level (Banerjee et al., 2017; Duflo et al., 2024). Thus, it remains an open question
whether successful educational interventions can maintain their effectiveness if they are
implemented under government ownership at scale.

This study measures the impact of Morocco’s Pioneer School Program (PSP). The PSP
combines two of the GEEAP “great buy” recommendations on how to address the learning
crisis in low- and middle-income countries. The program’s main components consist of
structured pedagogy (including scripted lessons) and targeted remediation (by student
learning level, not grade). It complements these program components by assigning some
primary school teachers to specialize in teaching Arabic, French, and mathematics and by
recognizing schools that successfully participate in the program (with a system of quality
certification). The program was launched in 626 of Morocco’s public primary schools in
September 2023, and this study evaluates the program’s impact on student learning over
the program’s first year. In secondary analyses, we also report on the program’s impact on
student dropout.
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As with the evaluation of any program, credible estimates of the impact of the Pioneer
School Program (PSP) require a valid counterfactual. To this end, our prospective,
pre-registered study relies on a difference-in-differences strategy. First, leveraging
administrative data on the universe of public primary schools in Morocco, we used machine
learning methods to obtain a similar non-PSP primary school for each of the PSP schools
in the evaluation sample. Then, to estimate the program’s impact, we collected primary
assessment data and compared changes in student learning over time across these two sets
of schools. The key assumption is that the average (conditional) trend in the PSP schools
would have been the same as the average (conditional) trend in the matched non-PSP
schools had the PSP schools not participated in the program. Comparisons of trends
in exam scores over the seven years before the program was implemented support this
“parallel trends” assumption.

The estimated intent-to-treat (ITT) impacts of the PSP program indicate extremely large
impacts. For ease of interpretation, the outcome variables (test scores) have been
normalized to have a standard deviation equal to one. Averaging over all three subjects,
the impact of the PSP is 0.90 standard deviations (s.d.) of the distribution of the scores
of non-PSP schools at endline. By subject, the program’s impact is 0.52 s.d. in Arabic,
1.30 s.d. in French, and 0.93 s.d. in mathematics. The estimated impacts are very similar
for female and male students, with slightly larger impacts for female students in French
and mathematics and the overall score. Disaggregating by baseline student performance
(within each grade level), the impacts on Arabic are higher for students in the bottom 25
percent of students in a given grade’s baseline distribution (0.63 s.d.) than for students
in the top 25 percent of that distribution (0.41 s.d.), while the impacts on mathematics
are lower (but still extremely high) for students in the bottom 25 percent (0.83 s.d.) than
for students in the top 25 percent (0.97 s.d.). For French, the impacts are slightly higher
for students in the bottom 25 percent of students in that distribution (1.31 s.d.) than for
students in the top 25 percent (1.23 s.d.).

Our first and most direct contribution is to the evidence on what works to improve
student learning in low- and middle-income countries, particularly in government-run
education systems. The estimated program impact of 0.90 standard deviations (s.d.) is,
to our knowledge, the largest ever recorded for a government-implemented program,
distinguishing it from programs typically run by non-governmental organizations. Based
on a systematic review by Evans and Yuan (2022), this impact places the Pioneer School
Program in the top 1 percent of student learning gains for mathematics and reading
interventions in low- and middle-income countries. For Arabic, the impact of 0.52 s.d.
exceeds the 90th percentile of similar programs, while the impact of 1.30 s.d. for French is
far above the 99th percentile. The program’s 0.93 s.d. impact on mathematics also surpasses
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the 99th percentile benchmark. These findings are noteworthy given the recurring concern
that educational interventions often lose effectiveness when scaled and implemented by
governments.

Our findings thus also contribute to the literature on state capacity in education. Scaling
educational reforms successfully often requires governments to enhance their ability to
manage, adapt, and implement programs effectively (Dasgupta and Kapur, 2020; Ganimian
et al., 2024). Many successful educational interventions produced their impacts by relying
on the non-governmental provision of additional inputs—such as NGO-run summer
camps (Banerjee et al., 2017), external organizations hiring extra para-teachers (Eble et al.,
2021), governments “outsourcing” the management of public schools to private providers
(Romero et al., 2020), or other heavy involvement of a government-external party to offer
“packaged” interventions with multiple inputs (Maruyama and Igei, 2024).1 In contrast,
attempts to improve government-provided education using existing public sector resources
have often struggled to improve student learning (Muralidharan and Singh, 2020; de Barros
et al., 2024). In documenting a successful government-implemented program, we show that
Morocco’s Pioneer School Program achieved significant impacts using only the regular
teachers and inspectors already assigned to these schools, with no additional staff or NGO
involvement. This provides rare evidence that governments can implement large-scale
reforms to improve the efficiency of the public sector, improving student learning outcomes
without relying on external actors.

Our third contribution lies in advancing the understanding of comprehensive educational
interventions that integrate structured pedagogy with targeted remediation. Prior studies
often examine these components in isolation, which may overlook the potential benefits
of combining these strategies. By investigating a program that includes both structured
pedagogy and targeted remediation, we are able to provide insights into the overall
effectiveness of an integrated approach. Although we do not have a factorial design to
separately identify the effects of each component and isolate their complementarities (as in
Mbiti et al., 2019), the substantial improvements observed suggest that the combination
of these strategies can be effective in enhancing student learning. This highlights the
possible advantages of multi-pronged educational programs that address multiple facets
of instruction and remediation.2

Lastly, our results also add to the literature on the effects of remedial education on
students’ at-grade skills. Prior remedial interventions have shown significant success

1For an example of a privately managed, bundled intervention that includes structured pedagogy, see
(Gray-Lobe et al., 2022). Other programs with strong impacts were implemented in contexts where no formal
schooling existed prior to an intervention (e.g., Fazzio et al., 2021).

2For another argument for multi-faceted “big-push” interventions from outside education, see Banerjee
et al. (2015).
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in augmenting students’ foundational skills but fell short of elevating students to their
enrolled grade level (Muralidharan et al., 2019). In contrast, we find the program not only
enhanced students’ foundational skills but also yielded substantial gains in at-grade-level
competencies. This finding suggests that integrating structured pedagogy with targeted
remediation can effectively bridge the gap between students’ current abilities and their
grade-level expectations. The program’s success in delivering at-grade-level improvements
thus challenges concerns around whether remedial interventions might produce too small
an improvement in student learning to close the large skills gaps observed in many low-
and middle-income countries (Kaffenberger and Pritchett, 2021) and provides evidence that
a well-designed intervention can simultaneously address both remediation and grade-level
learning.

2 Setting

2.1 Public education in Morocco

Public provision of education, as governed by the Ministry of National Education Preschool
and Sports (MENPS or Ministère de l’Education Nationale, du Préscolaire et des Sports), is the
most common type of primary school education in Morocco. Even though the share of
private enrollment has increased over the recent years, as of 2022, public schools still served
83 percent of primary school students in the country. Primary school enrollment numbers
are high, at 99 percent net enrollment. Persistence is high as well, and as of 2021, 98
percent of enrolled students persisted to grade 6, which is the last grade of primary school
(UIS-UNESCO, 2024).

This positive development contrasts with challenges surrounding low persistence rates into
secondary school and with low student performance. Nearly 2.3 million children dropped
out of primary and lower-secondary schools between 2008 and 2017 (World Bank, 2019b),
and only about 70 percent of students transition from primary to secondary education
(Mansouri and Moumine, 2017). Moreover, learning poverty is high among Morocco’s
children. In the 2021 PIRLS reading assessment, despite progress over the years, Morocco’s
fourth-graders ranked second to last (out of 57 countries), and more than half of the
students (59 percent) did not reach the minimum proficiency benchmark. Similarly, in
the 2019 TIMSS math assessment, Morocco ranked among the lowest-performing countries
(out of 64), and more than half of the students (57 percent) did not reach the minimum
proficiency benchmark.
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2.2 The Pioneer School Program

The Pioneer School Program (PSP) is inspired by the Global Education Evidence Advisory
Panel (GEEAP, 2023) and combines two of its “great buy” recommendations on how
to address the learning crisis in low- and middle-income countries. The program was
launched in 626 of Morocco’s public primary schools in September 2023, and this report
evaluates the program’s impact over the program’s first year.3 The Ministry considers the
program its flagship intervention in primary schools, and it intends to scale the program
to another 2,000 schools in the 2024-25 school year, covering approximately 30 percent of
the students in the country. The remaining schools are expected to be reached in 2025-26.

The program’s first component consists of targeted remediation for students in grades 2 to
6, following the Teaching at the Right Level (TaRL) approach.4 The Ministry implemented this
remedial component during a dedicated, two-month period at the beginning of the 2023-24
school year. Thereafter, the program included weekly follow-up activities throughout the
school year.

The second program component consists of training teachers on how to implement
structured pedagogy in their regular classes in grades 1 to 6. To this end, the program
provided teachers with scripted lesson plans and a sequence of readily prepared classes
teachers deliver through slide decks they receive from the Ministry.

The program enables these two components by allowing schools to assign some of their
primary school teachers to specialize in teaching Arabic, French, and mathematics and
by recognizing schools that successfully participate in the program through a system
of quality certification (the schools thus obtain a “Pioneer School” label). Upon their
successful participation in the program, the teaching staff of program schools also receive
an individual one-time bonus of MAD 10,000 (approximately USD 1,000). All of the
program implementers are regular teachers and inspectors commonly assigned to the
program schools, with no additional staff being assigned to schools or NGO involvement
in the program.

3These schools had volunteered to participate in the program and were then selected by the Ministry.
4The Ministry refers to its program as TaRL, but TaRL Africa and Pratham (the organizations that promote

the Teaching at the Right Level program in India and multiple African countries) are not responsible for the
program’s implementation.
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3 Research methods

Our research design and methods follow a registered pre-analysis plan.5 This plan
prespecified all the analyses, tables, and figures that we present in the main text of this
article.

3.1 Data

This study uses three sources of data. The first is administrative data for all of Morocco’s
public primary schools. The second is baseline and endline assessment data that measure
students’ performance in Arabic, French, and mathematics. The third data source is process
monitoring data collected during school visits (the latter dataset has yet to be shared with
the research team and is not used in this report).

Morocco’s Ministry of National Education Preschools and Sports granted the authors access
to retrospective administrative data on all 21,077 public primary schools in Morocco over a
7-year period, from 2015 to 2022. The administrative data included more than 248 variables
measuring student performance and socioeconomic status for 24 million students, as well
as many variables on the characteristics of approximately the 104,000 teachers in these
schools, and of the 21,077 schools themselves.

This study’s main outcome of interest is student performance on academic assessments
in Arabic, French, and mathematics. Baseline assessments for each of these three subjects
were administered in September of 2023, and endline assessments were administered in
June and July of 2024. The assessments record students’ responses to all test questions (or
test “items”). For each subject, a two-parameter logistic (2PL) item response theory (IRT)
model was estimated to aggregate these responses and generate continuous estimates of
student ability, using overlapping items (or “anchors”) to map test scores onto common
scales (across grades as well as across the baseline and endline data collection rounds).6 In
doing so, differential item functioning was investigated, and only test questions with stable
item parameters were retained. Each subject’s continuous test score was standardized by
subtracting the mean, and then dividing by the standard deviation, of the distribution of
the test scores at endline of the students in the matched (non-PSP) schools.

5See https://osf.io/zg5ry/.
6See Jacob and Rothstein (2016) for an accessible introduction to Item Response Theory in the economics

literature.
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3.2 Sampling

This study’s sample of schools was constructed in four steps, using administrative
data on the universe of government schools, which includes the 626 PSP schools in
Morocco. First, using the “post-double-selection” (PDS) methodology (Belloni et al.,
2012, 2011, 2014, 2016) 16 variables were identified that were predictive of either baseline
test scores or participation in the program. Second, using these 16 selected variables,
Mahalanobis nearest-neighbor matching (without replacement) was used to identify a
matched (non-PSP) school for each of the 626 PSP schools. Third, stratifying by region,
150 of the PSP schools (along with their 150 non-PSP matches) were randomly selected
from the 626 PSP schools (and their matched non-PSP schools). Fourth, of the 300 sampled
schools (150 PSP and their matched 150 non-PSP schools), baseline data collection could
not be conducted in 19 schools. In addition, five of the remaining 281 schools (three PSP
schools and two non-PSP schools) lost their matched schools due to this reduction of the
sample to 281 schools. Dropping these five schools without a matched school results in the
study’s effective sample of 276 schools (138 PSP and 138 matched non-PSP). Appendix B
provides additional technical details on the sampling of schools.

We compare the study’s sample of program schools with the remaining primary schools in
the country, other program schools, and the set of matched comparison schools. Appendix
Table A1 shows evidence of positive selection of schools into the program and program
schools into the study, but there are no meaningful differences between the program
schools sampled for the study and their matched comparison schools. Compared to other
schools in the country, the sampled schools are larger, predominantly urban, and serve
a population of students that is less poor as per students’ eligibility for social transfer
programs (Columns 1 to 3).7 At the same time, their average primary school leaving exam
scores are slightly lower. The sample of program schools is more representative of other
program schools that were not sampled, but it is also more urban and serves students
who are less poor (Columns 4 to 6). Yet, as can be expected from the study’s matching
procedure, there are no notable differences between the program schools included in the
study and their matched comparison schools (Columns 7 and 8).

7Our school-level, administrative data includes the percentage of students eligible for social safety net
programs. We include them as a proxy for poverty levels. We report on the share of students qualifying for a
conditional cash transfer program called “Tayssir”. We also include a broader measure of eligibility for social
safety net programs by reporting on the share of students qualifying for Tayssir, housing subsidies, and a
program that offers free school bags. We approximate the percentage by dividing a school’s total number of
eligible students by the total number of enrolled students and capping the percentage at 100 (students can be
eligible for more than one program). Our administrative data is for the 2021-22 school year; Tayssir ended in
December 2023.
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The study’s unit of analysis is a student. In each school, surveyors were given a “priority”
list of five randomly selected students per grade. These lists were constructed before the
baseline data collection began, using enrollment records, and they allowed for replacements
if students were absent on the day of the baseline assessment. The study’s sample
of students with baseline test scores includes 22,846 students across the sample of 276
schools (7,706 were tested in Arabic, 7,567 were tested in French, and 7,573 were tested
in mathematics). Of these students, 91.0 percent were tracked successfully and took the
endline assessments, with no difference in the attrition rate of students between the PSP
and non-PSP schools.

Table 1 provides information on four student-level variables at baseline and attrition rates,
separately for the Arabic, French, and mathematics assessments. It also presents differences
in these variables between the PSP and non-PSP schools in column (4). Of the 15 differences
calculated (5 variables for 3 different assessments), none is significant at the 5 percent
level, and only two are significant at the 10 percent level, which is about what one would
expect by random chance. Moreover, for each of the three assessments, a joint test of
the significance of all five variables fails to reject the null hypothesis of no significant
differences for all five variables (p-values range from 0.32 to 0.91). Appendix Table A2
provides analogous information and significance tests for the students who remained in
the sample at baseline, and the findings are very similar. Overall, the students in the PSP
and non-PSP schools are very similar in terms of their observable characteristics.

3.3 Analytical strategy

This report presents estimates of the intent-to-treat effect of the PSP intervention on the
outcomes of interest using a strategy that combines difference-in-differences with matching
methods, which compares changes over time in the outcome variables of interest for
primary schools that were assigned to receive that intervention with the same changes of
their matched comparison schools. For all outcomes, the following empirical specification
is used:

Yigsjt = β(TREATsj × POSTt) (1)

+ δ(Xigsj × POSTt) + ζ(ηj × θg × POSTt) + γigsj + ϵigsjt

Here, Yigsjt is outcome Y for student i in grade g in school s in matched pair j in period
t. TREATsj is the assignment of school s to receive the education intervention, and POSTt

is a dummy variable equal to 1 if the outcome Y is measured at endline (i.e., after the
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intervention was rolled out) and 0 if measured at baseline (i.e., before the intervention was
rolled out).

The γi,g,s,j term is a student fixed effect, which measures the impacts on Yigsjt of all student
characteristics, observed or unobserved, that do not change over time. However, it is
possible that the impacts of some student characteristics change over time, so a vector of
observed student characteristics, denoted by Xigsj, is added and multiplied by POSTt. The
corresponding vector of coefficients for this interaction term, denoted by δ, measures the
change in the impacts of these observed student characteristics over time. Put another way,
δ measures the contributions of observed student characteristics to changes in the outcome
variables over time. Since nearly all students stay in the same school between baseline and
endline data collection, student fixed effects also include school fixed effects, and so the
Xigsj variables can also include observed school variables. The student variables available
in the dataset are students’ gender and whether the student was eligible for a social safety
net measure (measured at baseline). The school characteristics are school-level average test
scores, region, average class size, and the student-to-teacher ratio (all measured at baseline).
A LASSO is used to determine in a data-driven way which Xigsj × POSTt interactions to
include in the specification.8

The three-way interaction ζ(ηj × θg ×POSTt) represents grade-by-matched pair interactions
with the post-period indicator. Intuitively, the inclusion of these fixed effects accounts
for how much, on average, a treatment student’s matched-pair comparison peer (who is
enrolled in the same grade level) learned between baseline and endline.

The coefficient of interest is β, which captures the intent-to-treat (ITT) effect of assignment
to the program. In estimating ITT effects, we allow for the (plausible) possibility that
the program was not fully implemented in at least some of the PSP schools (none of the
non-PSP schools received the program). Following de Chaisemartin and Ramirez-Cuellar
(2024) on clustering in paired and small-strata experiments, we cluster standard errors at
the matched-pair level. To account for multiple hypothesis testing, we present Westfall and
Young (1993) stepdown adjusted p-values, taking into account a prespecified hierarchy
of research hypotheses. In additional, exploratory analyses of heterogeneous treatment
effects, we use the Benjamini and Yekutieli (2001) correction, following Anderson (2008).

For β in Equation (1) to estimate the causal impact of the PSP program on the outcome(s)
of interest, the identifying assumption implies that, conditional on the “control” variables
in that equation, the average trend in the outcome(s) over time in the PSP schools would

8More specifically, we first calculate each student’s change in test scores between the baseline and
endline assessments. Then, we residualize this change in test scores, subtracting the comparison group’s
grade-by-matched pair mean. Lastly, with these residuals, we use a post-double-selection LASSO to select
relevant predictors Xigsj (Belloni et al., 2011).
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have been the same as the average trend in the matched non-PSP schools if the PSP had
not been implemented in the PSP schools. While this assumption cannot be directly tested,
one piece of supportive evidence is shown in Figure 1. It shows that average scores on
the end-of-primary exams in these two sets of schools are very similar in the seven school
years before the PSP was implemented.

3.4 Implementation quality

As stated in the pre-analysis plan, accessing process monitoring data is required to
complete the study’s preregistered analyses and publish its final report. We are grateful
for the Ministry’s commitment to sharing this data with us.

4 Results

4.1 Main results

The estimated intent-to-treat (ITT) impacts of the PSP program on student learning are
given in Table 2. Panel A shows the study’s main results, which are aggregated for all
students. Since the outcome variables have been normalized to have a standard deviation
equal to one, the estimates in Table 2 measure impacts in terms of the standard deviation
of the distribution of the endline scores of non-PSP school students.

The results in Panel A show extremely large impacts. Averaging over all three subjects, the
impact of the PSP is 0.90 standard deviations (s.d.), which to the authors’ knowledge, is
larger than any impact ever estimated for a program implemented by a government (as
distinct from programs implemented by non-governmental organizations). The impacts
are also very high for each of the three subjects, ranging from a very high impact of 0.52
s.d. for Arabic to an astoundingly large impact of 1.30 s.d. for French. Compared to
the distribution of impacts found by Evans and Yuan (2022, Table 2) for 96 randomized
evaluations conducted in low- and middle-income countries, the overall impact of 0.90 s.d.
is larger than the 0.88 s.d. impact at the 99th percentile in Evans and Yuan that averages
across reading and mathematics. The 0.52 s.d. impact for Arabic is slightly higher than
the 0.50 s.d. impact at the 90th percentile of Evans and Yuan for reading, and the 1.30 s.d.
impact for French is much higher than the 0.90 s.d. impact at the 99th percentile of Evans
and Yuan for reading. Finally, the impact of 0.93 for mathematics is much higher than the
0.80 s.d. impact at the 99th percentile of Evans and Yuan for mathematics.
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4.2 Secondary results

The pre-analysis plan for this study also included secondary analyses that separate
estimates by gender and by students’ (within-grade) baseline performance. The impacts
disaggregated by gender in Panel B of Table 2 show very similar impacts for male
and female students, with slightly larger impacts for female students in French and
mathematics, and for the overall score. Disaggregating by baseline student performance
in Panel C, the impacts on Arabic are higher for students in the bottom quartile (0.63 s.d.)
than for students in the top quartile (0.41 s.d.), while the impacts on mathematics are lower
(but still very high) for students in the bottom quartile (0.83 s.d.) than for students in the
top quartile (0.97 s.d.). For French, the impacts are similar. Overall, the program had very
strong effects for both male and female students and for students at the top and the bottom
of the distribution of baseline student performance.

In additional pre-specified analyses in the Appendix, we confirm the estimated effects are
robust to using alternative outcome measures. Panels A and B of Appendix Table A3,
show the program led to substantial improvements in reading fluency (an increase of
7.2 and 8.4 words read correctly per minute in Arabic and French, respectively). Panel
C of Table A3 shows the effects in math are not concentrated only on the “calculation
and numeracy” content domains many remedial programs focus on more strongly.9 If
anything, the program’s effects on the “geometry, measures, and data” content domain
are slightly larger (0.97 vs. 0.87 s.d.). Moreover, the impacts are similar for questions that
require application and reasoning vs. questions that rely more heavily on rote learning
(or “knowledge of procedures”). In Arabic and mathematics, the positive effects appear
to be slightly larger for at-grade material; but both at-grade and below-grade content are
affected positively, and the difference in effects is small.10 Lastly, the program impacts in
math are robust to giving equal weight to the content subdomains measured by the math
assessment.

4.3 Exploring heterogeneity in effects

In addition to the above investigation of program impacts among girls and low-performing
students, we also explored additional heterogeneity in treatment effects along a broader,
pre-specified set of student and school characteristics. More specifically, to better

9For example, the “Teaching at the Right Level” program focuses more strongly on number recognition
and basic arithmetic and de-emphasizes spatial skills. Relatedly, the “ASER” assessments do not measure
spatial skills.

10We also planned to conduct a similar analysis for French. However, for students enrolled in grades 3, 5,
and 6, all of the test questions capture material from below their grade level, and therefore, we did not perform
this analysis by curricular grade level in French.
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understand who benefited the most from the program, we used the causal forest approach
developed by Athey and Imbens (2016) and Wager and Athey (2018).

To accommodate our difference-in-difference setup, following Gavrilova et al. (2023), we
implemented this causal forest analysis as follows. First, we calculated each student’s
change score by subtracting the baseline test score from the endline test score. Second,
using the comparison group, for each subject, we regressed the change scores on matched
pair-by-grade fixed effects and the vector of controls identified in the analyses of main
effects (presented above). Third, from this regression, we calculated the residuals. Finally,
using the “honest” approach (Athey et al., 2019), we trained a causal forest with these
residuals and a pre-specified set of covariates, building 50,000 trees, setting the minimum
number of treatment and control observations allowed in a leaf to the default value (5), and
accounting for the clustering of students within schools.

Following Carlana et al. (2022) and Dinarte et al. (2024), we use the out-of-bag predictions to
categorize students into the top and bottom half of predicted treatment effects (designated
as "Weak" and "Strong" groups). To understand what types of students are more likely to
be positively affected by the program, we then characterize these groups with a balance
test. Table 3 presents the results.

As shown in the top row, there is little heterogeneity in impacts, with the bottom and top
half of (predicted) impacts differing by just 0.13 s.d. Panel A shows that female students,
students in the top quartile at baseline, students in grades 5 and 6, and students with higher
baseline scores are more likely to be among the 50 percent of students who experienced
greater program impacts (the “Strong” group). Also, Panel B shows that schools with
higher primary school exam scores experienced slightly larger impacts. Yet again, the
difference in effects among the “Weak” and “Strong” groups is small, so being more prone
to belonging to either one of these two groups does not translate into meaningfully large
differences in program effects.11

4.4 Effects on student dropout

In Morocco, student dropout from public primary schools is concentrated in grade 6, at
the end of the school year, and when students (fail to) transition from primary school to
secondary school (Gazeaud and Ricard, 2024). So far, we only have data on whether the
study’s sample of students persisted in school throughout the same school year. In Table 4,
we present the results of regressing a student’s enrollment status at the end of the school
year on a program-school indicator and matched pair-by-grade fixed effects. At the bottom

11Relatedly, recall that there is no notable difference in the program effects by students’ baseline
performance (Table 2, Panel C).
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of the table, we also present the average percentage of students dropping out throughout
the school year.

Table 4 shows that virtually all students remained enrolled, with less than 1 percent of
students dropping out throughout the school year. In additional analyses (not shown in
the table), we find the percentage of students dropping out throughout the school year
is not associated with students’ grade level (including whether students are in grade 6)
or any other observable student or school characteristic, including student test scores, or
whether the school location is rural. Perhaps unsurprisingly, we also find that whether
students remained enrolled throughout the school year was not affected by the program,
both overall (Panel A) and if we split the sample by gender (Panel B).12

We caution that these preliminary results may be better interpreted as “continued
enrollment throughout the school year” (instead of dropout). We are more interested in
whether students continued to be enrolled in school in the following school year (2024-25)
and especially whether grade-6 students continued their schooling in secondary school.
We are currently in the process of obtaining the necessary data to answer this question; we
thank the Ministry for its support and look forward to updating our results accordingly.
Until then, we strongly advise against interpreting the above findings as evidence that
the program has no impact on dropout rates, nor should the findings be interpreted as
indicating that there is virtually no student dropout among Morocco’s primary school
students.

5 Conclusion

Formal education can provide many benefits to individuals, but only if they obtain the
skills that education is intended to provide. While almost all children in low- and
middle-income countries complete primary school, in many of those countries they are
not acquiring basic reading and mathematics skills. On a more positive note, research in
the last 2-3 decades has revealed which education policies are promising, and which are
less promising, to increase student learning in these countries, and many of those countries
are now adopting interventions that have been shown to be effective.

Morocco has recent begun to implement "best-practice" education interventions that have
been shown to be effective elsewhere to address the problem of very low learning levels
in public primary schools, and to reduce student dropout, in Morocco. More specifically,

12Our registered pre-analysis plan also included an exploration of heterogeneous treatment effects among
students of high (vs. low) risk of dropping out. Since we are unable to predict which students are more (or
less) likely to drop out, we removed this analysis from Table 4.
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the Moroccan Ministry of National Education Preschool and Sports recently implemented
its “Pioneer School Program” (PSP), which is inspired by the Global Education Evidence
Advisory Panel (GEEAP, 2023) and combines two of its “great buy” recommendations on
how to address the learning crisis. The program’s main components consist of structured
pedagogy (including scripted lessons) and targeted remediation (by student learning level,
not grade). It complements these program components by assigning some primary school
teachers to specialize in teaching Arabic, French, and mathematics and by recognizing
schools that successfully participate in the program (with a system of quality certification).
While promising, similar education interventions are difficult to scale, and impacts in
government schools are often muted. Thus, whether the program would indeed lead to
improved learning levels was an open question.

This paper estimates the impact of the PSP program after one academic year, using a
strategy that combines matching methods with difference-in-differences estimation. The
key assumption is that, after controlling for a variety of school and student characteristics,
the average (conditional) trend in PSP schools would have been the same as the same trend
in the matched non-PSP schools if the PSP schools had not participated in the program.
While this assumption cannot be directly tested, comparison of trends in test scores
between these two sets of school in the seven years before the program was implemented
in the PSP schools shows remarkably similar trends.

Our study finds that, after one year, the program led to very large improvements in student
learning. Averaging over all three subjects, the intent-to-treat (ITT) impact of the PSP is 0.90
standard deviations (s.d.) of the distribution of the scores of non-PSP schools at endline.
By subject, the program’s impact is 0.52 s.d. in Arabic, 1.30 s.d. in French, and 0.93 s.d. in
mathematics. We find that similarly large, positive impacts also hold for female students
and for students whose learning levels were farther behind when the program launched.
These results are robust to alternative measures of student learning, including for content
and cognitive subdomains not explicitly targeted by the program.

To our knowledge, the overall program impact of 0.9 s.d. is larger than any impact
ever estimated for a program implemented by a government (as distinct from programs
implemented by non-governmental organizations). Compared to the distribution of
impacts found by Evans and Yuan (2022, Table 2) for 96 randomized evaluations
conducted in low- and middle-income countries, the PSP program’s average effect
exceeds the 99th percentile of treatment effects of other education interventions in low-
and middle-income countries. These findings suggest that an integrated intervention
can achieve transformative impacts on student learning, including when a program is
implemented at scale by a government without support from external organizations.
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Figure 1: Parallel trends

0

1

2

3

4

5

6

7

8

9

10

A
ve

ra
ge

 fi
na

l g
ra

de
-6

 s
co

re

2015/2016 2016/2017 2017/2018 2018/2019 2020/2021 2021/2022Covid year 

Year

Comparison
Program

Notes: This figure confirms that the program and comparison schools exhibited similar levels and similar
trends in exam scores before the program started. It presents, for the 138 program schools and 138
comparison schools, the yearly average end-of-primary exam scores over a period of seven years before the
program launched. There is no data for the 2019-20 school year when the exam was canceled because of the
Covid-19 pandemic (the figure connects the 2018-19 and 2020-21 values with a straight line). Shaded areas
indicate 95 percent error bands.
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Table 1: Sample of students and balance tests

Sample size Balance
Comparison Program Comparison Difference

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

Panel A: Arabic
% Female 3816 3890 49.79 -1.08

[50.01] (1.36)
% Ever repeated 3458 3517 12.98 -0.14

[33.62] (0.88)
% Ever qualified for Tayssir 3816 3890 22.38 0.15

[41.68] (1.06)
Baseline test score 3816 3890 -0.37 -0.02

[0.95] (0.05)
% Attrited 3816 3890 12.40 -2.77

[32.96] (2.25)
Joint F-test (p-value) 0.85

Panel B: French
% Female 3719 3848 50.04 0.03

[50.01] (1.32)
% Ever repeated 3361 3483 12.88 0.72

[33.51] (0.93)
% Ever qualified for Tayssir 3719 3848 23.34 -0.93

[42.30] (1.02)
Baseline test score 3657 3800 0.19 -0.11*

[1.02] (0.06)
% Attrited 3719 3848 10.49 -2.08

[30.64] (1.59)
Joint F-test (p-value) 0.29

Panel C: Math
% Female 3729 3844 47.98 0.38

[49.97] (1.43)
% Ever repeated 3399 3536 13.65 -1.43

[34.34] (0.90)
% Ever qualified for Tayssir 3729 3844 21.99 1.31

[41.42] (0.96)
Baseline test score 3729 3844 -0.60 -0.06*

[0.82] (0.03)
% Attrited 3729 3844 7.51 -1.38

[26.36] (1.21)
Joint F-test (p-value) 0.23

Notes. Sample and unit of observation: 20,784 assessed students across 276 government primary
schools. This table reports on the study’s sample of students observed at baseline. "Baseline
test score" refers to a student’s Arabic, French, or mathematics test score at baseline. "Program"
and "comparison" refer to 138 Pioneer schools and 138 matched comparison schools, respectively.
Difference reports on the regression-adjusted difference between Pioneer schools and comparison
schools, controlling for matched-pair-by-grade fixed effects. Standard errors are clustered at the
matched-pair level. Standard deviations are shown in brackets; standard errors are shown in
parentheses. * significant at 10%; ** significant at 5%; *** significant at 1%.
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Table 2: Intent-to-treat effects on student learning

Overall By subject
Arabic French Math

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

Panel A: Overall
All students 0.90*** 0.52*** 1.30*** 0.93***

(0.03) (0.05) (0.05) (0.04)
[0.001] [0.001] [0.001]

Panel B: By gender
Female 0.94*** 0.51*** 1.34*** 0.94***

(0.03) (0.05) (0.06 ) (0.04)
[0.001] [0.001] [0.001] [0.001]

Male 0.87*** 0.52*** 1.23*** 0.90***
(0.04) (0.06) (0.07 ) (0.05)
[0.001] [0.001] [0.001] [0.001]

Panel C: By baseline performance
Bottom quartile 0.92*** 0.63*** 1.31*** 0.83***

(0.05) (0.08) (0.10) (0.08)
[0.001] [0.001] [0.001] [0.001]

Top quartile 0.88*** 0.41*** 1.23*** 0.97***
(0.04) (0.07) (0.10) (0.06)
[0.001] [0.001] [0.001] [0.001]

Notes. Sample and unit of observation: 20,784 assessed students across 276
government primary schools. This table reports on the program’s intent-to-treat (ITT)
effects among all students (Panel A), by gender (Panel B), and students’ baseline
learning level as per the distribution within their enrolled grade level (Panel C). ITT
estimates follow equation (1) of the pre-analysis plan. Column (1) stacks the three
subsamples and uses their respective test score as the outcome (Arabic, French, or
mathematics). Standard errors are clustered at the matched-pair level and shown in
parentheses. q-values are shown in brackets, using the Benjamini and Yekutieli (2001)
correction for multiple hypothesis testing (MHT), and following Anderson (2008) to
report the smallest level q at which the hypothesis of equal groups is rejected. *
significant at 10%; ** significant at 5%; *** significant at 1%, before adjustment for
MHT.
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Table 3: Exploring conditional average treatment effects on student learning

Weak Strong Diff. MHT
Group Group q-value

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

ITT effect 0.857 0.991 0.134

Panel A: Student characteristics
Female 44.103 54.561 10.458 0.001
Top quartile 17.426 32.560 15.134 0.001
Middle two quartiles 48.563 50.729 2.166 0.272
Bottom quartile 34.011 16.711 -17.300 0.001
Grade 1 12.859 15.349 2.489 0.010
Grade 2 21.716 10.601 -11.115 0.001
Grade 3 22.695 11.655 -11.040 0.001
Grade 4 12.976 21.873 8.897 0.001
Grade 5 15.244 19.447 4.203 0.001
Grade 6 14.509 21.075 6.566 0.001
Baseline score -0.595 0.047 0.642 0.001
Ever repeated 13.392 12.400 -0.991 0.222
Ever qualified for Tayssir 25.271 24.407 -0.865 0.986

Panel B: School characteristics
Number of teachers 21.507 17.729 -3.777 0.918
Urban (vs rural) 73.153 67.344 -5.809 1.000
Regional development 58.186 64.055 5.869 1.000
Total enrollment (2021/2022) 598.802 475.770 -123.032 0.712
Female students (percentage, 2021/2022) 48.116 48.257 0.142 1.000
Tayssir beneficiary (percentage, 2021/2022) 15.283 20.400 5.116 1.000
Safety net beneficiary (percentage, 2021/2022) 15.335 20.560 5.224 1.000
Average grade-6 score (2021/2022) 5.312 5.891 0.580 0.001

Notes. This table explores heterogeneity in treatment effects. We stack the three subsamples
and use their respective test score as the outcome (Arabic, French, or mathematics). The
sample consists of 18,789 students with non-missing background information. "Strong group"
refers to subgroups whose conditional average treatment effect (CATE) is above the median
of all CATEs when switching to the treatment (and below the median for the "Weak group").
A positive number in the Difference column indicates that the average covariate value for
the "Strong group" is higher. q-values for the difference between groups are shown in the
fourth column, clustering standard errors for student characteristics at the matched-pair level,
using the Benjamini and Yekutieli (2001) correction for multiple hypothesis testing (MHT),
and following Anderson (2008) to report the smallest level q at which the hypothesis of
equal groups is rejected. Regional development refers to a dummy variable indicating any of
the following regions: Casablanca-Settat, Fès-Meknès, Marrakech-Safi, Rabat-Salé-Kénitra, or
Tanger-Tetouan-Al Hoceima (vs. being in any of the remaining seven regions).
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Table 4: Intent-to-treat effects on students’ enrollment status at the end of the 2023-24 school year

Student
dropout (%)

Panel A: Overall
All students 0.0600

(0.16)
Panel B: By gender
Female 0.0780

(0.18)
[1.000]

Male 0.0412
(0.22)

[1.000]

Comparison group mean 0.68

Notes. This table reports on the program’s
intent-to-treat (ITT) effects on students’ en-
rollment status at the end of the 2023-24
school year, among all students (Panel A)
and by gender (Panel B). Data on whether
students continued their schooling in the
2024-25 school year are not yet available
(results are forthcoming). Estimates are
yielded by regressing an indicator of whether
a student had dropped out by the end of the
2023-24 school year on treatment status and
grade-by-matched pair fixed effects. Unlike
what was pre-specified, we do not show a
separate panel of impacts among students
with a high (vs. low) predicted dropout
risk, as the available data is unable to predict
a student’s enrollment status at the end of
the 2023-24 school year. Standard errors
are clustered at the matched-pair level and
shown in parentheses. * significant at 10%;
** significant at 5%; *** significant at 1%.
Westfall-Young stepdown adjusted p-values
are shown in brackets.
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Table A2: Sample of non-attriting students and balance tests

Sample size Balance
Comparison Program Comparison Difference

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

Panel A: Arabic
% Female 3343 3517 49.84 -0.93

[50.01] (1.43)
% Ever repeated 3033 3176 12.69 0.11

[33.30] (0.92)
% Ever qualified for Tayssir 3343 3517 22.23 0.71

[41.58] (1.18)
Baseline test score 3343 3517 -0.38 -0.01

[0.95] (0.06)
Joint F-test (p-value) 0.93

Panel B: French
% Female 3329 3529 50.23 -0.34

[50.01] (1.47)
% Ever repeated 3001 3196 12.86 0.62

[33.48] (0.97)
% Ever qualified for Tayssir 3329 3529 23.19 -0.56

[42.21] (1.08)
Baseline test score 3276 3486 0.20 -0.11*

[1.03] (0.06)
Joint F-test (p-value) 0.50

Panel C: Math
% Female 3449 3617 48.13 0.31

[49.97] (1.50)
% Ever repeated 3147 3324 13.54 -1.27

[34.22] (0.90)
% Ever qualified for Tayssir 3449 3617 22.09 1.01

[41.49] (1.02)
Baseline test score 3449 3617 -0.59 -0.06*

[0.82] (0.03)
Joint F-test (p-value) 0.26

Notes. Sample and unit of observation: 20,784 assessed students across 276 government primary
schools. This table reports on the study’s sample of non-attriting students (observed at baseline
and endline). "Baseline test score" refers to a student’s Arabic, French, or mathematics test score at
baseline. "Program" and "comparison" refer to 138 Pioneer schools and 138 matched comparison
schools, respectively. Difference reports on the regression-adjusted difference between Pioneer
schools and comparison schools, controlling for matched-pair-by-grade fixed effects. Standard
errors are clustered at the matched-pair level. Standard deviations are shown in brackets;
standard errors are shown in parentheses. * significant at 10%; ** significant at 5%; *** significant
at 1%.
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Table A3: Effects on subdomains of student learning

ITT
Effect

Panel A: Arabic
Words read correctly / minute 7.24***

(0.71)
At grade 0.54***

(0.05)
Below grade 0.39***

(0.05)
Panel B: French
Words read correctly / minute 8.43***

(2.48)
Panel C: Mathematics
At grade 0.97***

(0.04)
Below grade 0.87***

(0.04)
Calculation and numeracy 0.87***

(0.04)
Geometry, measures, and data 0.97***

(0.04)
Knowing 0.87***

(0.04)
Applying and reasoning 0.83***

(0.04)
Equal weights to content domains 0.96***

(0.04)

Notes. This table reports on the program’s
intent-to-treat (ITT) effects by curricular grade
level, content subdomains, and cognitive subdo-
mains to which the items are mapped. “At”
vs “Below grade” refer to the curricular grade
level mapping of test questions. In French,
for students in grades 3, 5, and 6, all test
questions were below grade level, so we did
not perform this additional analysis by curricular
grade level. “Equal weights” averages test scores
across the two content subdomains (calculation
and numeracy vs. geometry, measures, and
data domains). ITT estimates follow equation (1).
Standard errors are clustered at the matched-pair
level and shown in parentheses. * significant at
10%; ** significant at 5%; *** significant at 1%.
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B Sampling of schools

To improve the viability of the conditional parallel trends assumption, we matched schools
using the best predictors of treatment status and baseline outcome (Ham and Miratrix,
2024). With access to a large administrative dataset on all primary schools in Morocco,
we were able to implement a machine learning algorithm to identify the most relevant
predictors of treatment status and a baseline measure of the outcome of interest (Ham and
Miratrix, 2024). The algorithm used is post-double selection LASSO (PDSLASSO) used for
estimating structural parameters in linear models with many controls (Belloni et al., 2012,
2011, 2014, 2016).

The PDSLASSO algorithm operates by performing two LASSO regressions. First, it
estimates a LASSO regression with the baseline outcome variable as the dependent variable
and a set of potential control variables as regressors (all 248 constructed variables in the
database). Second, it performs another LASSO regression with the treatment indicator as
the dependent variable and the same set of control variables as regressors. The final set of
control variables included in the model is the union of the variables selected in these two
steps. This approach ensures that the chosen controls are those most predictive of both
the outcome and the treatment assignment, thereby enhancing the robustness of causal
inference (Ahrens et al., 2019).

Using a school-level database with 248 variables, consisting of school-level characteristics
and aggregated student and teacher characteristics in 8,034 primary schools (including the
pre-selected program schools), the PDSLASSO implemented identified 16 variables to be
used for matching.

Next, we implemented an iterative process of a calibrated Mahalanobis distance matching
algorithm using the variables selected by the PDSLASSO, to match 626 untreated schools
(from the universe of 7,408 untreated schools) to the 626 selected schools for treatment.
After each iteration of matching with different distance calipers, we implemented
post-matching diagnostics, including tests for common support, external validity, and
balance between the treated and the matched untreated schools. External validity was
investigated by comparing the probability density function (PDF) and the cumulative
distribution (CDF) for the average baseline measure of the outcome of interest in matched,
unmatched, and all schools. Balance in baseline characteristics between the matched
treated and untreated schools was evaluated by checking for any statistically significant
difference between the paired schools.

The Mahalanobis distance matching was implemented without replacement while
restricting the algorithm to select one matched (nearest neighbor) untreated school from
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the full list of 7,408 untreated schools. Initially, without distance calibration, the matching
algorithm successfully matched 539 treated schools (out of 626) with 539 untreated schools,
resulting in a total of 1,078 schools. However, the matched untreated schools from this
uncalibrated attempt had significantly different characteristics compared to their matched
treated schools, based on the same variables selected by the PDSLASSO. To address this
imbalance, we iteratively adjusted the Mahalanobis distance caliper in descending order,
starting with the highest possible caliper. We evaluated the baseline balance between
schools and examined the PDF and CDF of the baseline measure of the outcome of interest.
This process continued until we identified a caliper that produced matched schools with
balanced baseline characteristics.

The final caliper used in the matching exercise was root 11.5, producing a list of 496
matched pairs of schools (a total of 992 schools). The population of good matches from
the previous step was then used to randomly sample the schools to participate in the
baseline and endline data collection for the evaluation of the Pioneer School Program. The
evaluation sample was agreed to include 150 treated schools and 150 untreated schools.
The evaluation sample was randomly drawn, stratified by terciles of the final grade 6 exam
score (the measure for the baseline outcome of interest) and the 12 regions in Morocco,
resulting in a total of 36 strata. However, there were 6 strata belonging to the 3-baseline
outcome terciles in 2 regions with very few schools. As a result, we only stratified the
school sampling by region for those 2 regions, with a final total of 30 strata.

Of the 300 sampled schools, baseline data collection could not be conducted in 19 schools
(one of which had permanently closed shortly before the study started). Five of the
remaining 281 schools (three pioneer schools and two comparison schools) lost their
matched schools due to this reduction of the sample to 281 schools. Dropping the five
schools without a match resulted in the studys effective sample of 276 schools.
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