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Can governments translate evidence on “what works” into learning gains in public
schools? Morocco combined targeted remediation and structured pedagogy (two
approaches ranked as “great buys” by a global evidence panel) and delivered them
through the existing public-school workforce in 626 schools. Using a pre-registered
matched difference-in-differences design across 276 schools and 22,846 students, we
estimate that the program increased scores on an independent assessment after one
year by 0.90 standard deviations: 0.52 in Arabic, 1.30 in French, and 0.93 in mathematics.
Administrative records also show higher grade promotion (1.7 percentage points),
while enrollment, which is nearly universal, remained unchanged.
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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, 20194). 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 learning has been disappointing, raising the question of what can be

done 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) (GEEAP, 2023) identified “great
buy” interventions, which are highly cost-effective and are supported by a strong body
of evidence (Angrist et al., 2024). Consistently, however, such promising interventions
have proven less effective (or even detrimental) once external supports, such as researcher
oversight, are removed and responsibilities are transferred from a non-governmental
organization to the government (Vivalt, 2020; Allcott, 2015). This holds for the “great
buy” recommendations, including scripted lesson plans (Kerwin and Thornton, 2021;
Piper and Dubeck, 2024) and programs that target instruction to a child’s learning level
(Banerjee et al., 2017; Duflo, Kiessel and Lucas, 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’s three “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). To support the delivery of these two components, the
program trains and certifies teachers in the two approaches (with a one-time payment
tied to that certification), equips classrooms with projectors to display its scripted lessons,
and allows schools to assign some teachers to specialize in teaching Arabic, French, and
mathematics. Program implementation is monitored by the Ministry’s regular inspectors
and successful schools are recognized by the Ministry with a quality-certification label. The
program was launched in 626 of Morocco’s public primary schools in September of 2023,
and this study evaluates the program’s impact on student learning over the program’s
first year. In secondary analyses, we use administrative records covering the universe of
students in the study schools to estimate the program’s effects on grade promotion and
student dropout.



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 nine years before the program was implemented support this “parallel

trends” assumption.

The estimated intent-to-treat (ITT) impacts of the PSP program are very large. 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 impacts are 0.52 s.d. for Arabic, 1.30 s.d. for French, and 0.93 s.d.
for mathematics. The estimated impacts are broadly similar for female and male students,
with modest but statistically significant gains for girls in French and on the overall score.
Disaggregating by students” within-grade baseline performance, the impacts on Arabic are
higher for the bottom quartile than for the top quartile (0.63 versus 0.41 s.d.), the impacts
on mathematics are somewhat lower but still very high for the bottom quartile (0.83 versus
0.97 s.d.), and the impacts on French are similar across quartiles (1.31 versus 1.23 s.d.).

Administrative records for the universe of students in the study schools extend these results
to schooling outcomes. The program raised the share of students promoted to the next
grade by 1.7 percentage points, while enrollment, which is nearly universal in these schools,
did not change.

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: the Arabic impact exceeds the 90th
percentile of similar programs, and the French and mathematics impacts exceed the 99th

percentile.



Our second contribution is 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, Muralidharan and Walters, 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, Sandefur and Sandholtz, 2020), or other
heavy involvement of a government-external party to offer “packaged” interventions
with multiple inputs (Maruyama and Igei, 2024).! 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 that
improve the efficiency of the public sector and raise student learning without relying on
external actors.

Our third contribution is to the understanding of comprehensive educational interventions
that integrate structured pedagogy with targeted remediation. Prior studies typically
examine these components in isolation, which may overlook the benefits of combining
them. 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,

pointing to the advantages of multi-pronged educational programs.>

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
in augmenting students’ foundational skills but fell short of elevating students to their
enrolled grade level (Muralidharan, Singh and Ganimian, 2019). In contrast, we find the
program not only enhanced students” foundational skills but also yielded substantial gains
in at-grade-level competencies. This challenges concerns that remedial interventions may
produce improvements too small to close the large skills gaps observed in many low-
and middle-income countries (Kaffenberger and Pritchett, 2021) and provides evidence

IFor 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).



that a well-designed intervention can address remediation and grade-level learning
simultaneously.

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 Ministére de I'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 low persistence rates into secondary school and
with low student performance in primary school. Nearly 2.3 million children dropped
out of primary and lower-secondary schools between 2008 and 2017 (World Bank, 20190b),
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.

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 three “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 of 2023, and this paper
evaluates the program’s impact over its first year.> The Ministry considers the program
its flagship intervention in primary schools, and by the 2025-26 school year it had scaled

3These schools had volunteered to participate in the program and were then selected by the Ministry.



the program to 4,626 public primary schools, roughly 54 percent of the country’s public

primary schools, reaching more than two million students.

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.* 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
that teachers deliver through slide decks they receive from the Ministry and display on
projectors.

The program supports the delivery of these two components in several ways. Teachers
are trained and certified in the two approaches, and schools may assign some of them to
specialize in teaching Arabic, French, or mathematics. Teachers who complete this training
and earn certification in the two approaches receive a one-time payment of MAD 10,000
(approximately USD 1,000), tied to that certification and not to their students’ test results.
Schools that participate successfully are recognized with a “Pioneer School” label. All of
the program’s implementers are regular teachers and inspectors already assigned to these
schools, with no additional staff assigned and no NGO involvement.

3 Research Methods

Our research design and methods follow a registered pre-analysis plan.’> The plan
prespecified our main analyses; Appendix D records the deviations from, and the additions

and corrections to, that plan.

3.1 Data

This study uses three sources of data: administrative data for all of Morocco’s public
primary schools; baseline and endline assessments of students’ performance in Arabic,

French, and mathematics; and process monitoring data collected during school visits by

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) have not been involved in the
program’s implementation.

5See https://osf.io/zg5ry/.
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inspectors from Morocco’s independent evaluation body, the Instance Nationale d’Evaluation
(INE).

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

This study’s main outcome of interest is student performance on academic assessments in
Arabic, French, and mathematics. Baseline assessments were administered in September
of 2023, before the program’s instruction and remediation began in the classrooms, so they
provide a true pre-program baseline; endline assessments were administered in June and
July of 2024 (by staff not working in the study schools). For each subject, a two-parameter
logistic (2PL) item response theory (IRT) model aggregates students’ responses to the test
questions (or “items”) into continuous estimates of student ability, with overlapping items
(or “anchors”) placing scores on a common scale across grades and across the baseline and
endline rounds.® Differential item functioning was investigated, and only items with stable
parameters were retained. Each subject’s score is standardized to the endline distribution
of students in the matched (non-PSP) schools. Appendix B describes the assessments, the
item response model, the linking across grades and rounds, and the resulting measurement

precision.

The process monitoring data, gathered during announced school visits in April and May
of 2024, covers all 626 program schools. We utilize data collected through interviews with
the headmasters of all schools, independent observations of each school’s infrastructure,
and 2,457 classroom observations and teacher interviews (averaging 3.93 observations and
interviews per school).

3.2 Sampling

This study’s sample of schools was constructed in five steps, using administrative data
on the 8,034 government primary schools that formed the matching pool (including the
626 PSP schools). First, using the “post-double-selection” (PDS) methodology (Belloni,
Chernozhukov and Hansen, 2014), 17 variables were identified that were predictive of
either baseline test scores or participation in the program. Second, using these 17 variables
together with the baseline test score (18 variables in total), Mahalanobis nearest-neighbor

6See Jacob and Rothstein (2016) for an accessible introduction to Item Response Theory in the economics
literature.



matching (without replacement) was used to identify a matched (non-PSP) school for each
of the 626 PSP schools. Third, post-matching diagnostics identified 496 of the initial 626
matched pairs as “good” matches, yielding a sub-sample of 992 schools from which to
sample.” Fourth, stratifying by terciles of the grade-6 examination score and by region, 150
of the 496 PSP schools were randomly selected, along with their non-PSP matches. Finally,
baseline data collection could not be conducted in 19 of the 300 sampled schools, and
five of the remaining 281 schools (three PSP and two non-PSP) thereby lost their matched
school; dropping these five yields the study’s effective sample of 276 schools (138 PSP and
138 matched non-PSP). Appendix C provides additional technical details on the sampling
of schools.

Appendix Table Al compares the study’s program schools with the remaining primary
schools in the country, other program schools, and the matched comparison schools. It
shows positive selection of schools into the program and into the study. Compared to
other schools in the country, the sampled schools are larger, predominantly urban, and
serve students who are less poor in terms of their eligibility for social transfer programs,
although their average primary school leaving exam scores are slightly lower (Columns 1
to 3). The sample is more representative of other, non-sampled program schools, but it is
also more urban and serves students who are less poor (Columns 4 to 6). Yet, as expected
from the matching procedure, there are no notable differences between the program schools
included in the study and their matched comparison schools (Columns 7 and 8).

7”7

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 detectable difference in the attrition rate of students between
the PSP and non-PSP schools.

"Post-matching diagnostics included tests for common support and external validity using the Kernel
Probability Density Function (PDF) and Cumulative Distribution Function (CDF) of the grade-6 final
examination scores averaged at the school level, and regression-adjusted balance tests of baseline characteristics
between treated and matched untreated schools. This process was repeated iteratively, reducing the
Mahalanobis distance caliper in increments of 0.1. A final caliper of root 11.5 produced the 496 matched
pairs of schools (992 in total), i.e., the “good” matches.

8 As a proxy for poverty, our school-level administrative data (for the 2021-22 school year) include the share
of students qualifying for the conditional cash transfer program “Tayssir” (which ended in December of 2023),
and a broader measure (“social security”) that adds housing subsidies and a free school bag program. We
divide a school’s number of eligible students by its enrollment, capped at 100 percent (students can be eligible
for more than one program).



Table 1 reports four student-level variables at baseline, and attrition rates, separately for
the Arabic, French, and mathematics assessments, along with their differences between the
PSP and non-PSP schools (column 4). Of the 15 differences (5 variables for 3 assessments),
none is significant at the 5 percent level, and only two are significant at the 10 percent
level, about what one would expect by random chance; for each assessment, a joint test
fails to reject that all five differences are zero (p-values range from 0.24 to 0.85). Appendix
Table A2 provides analogous tests for the non-attriting students (those observed at both

baseline and endline), with very similar findings.

3.3 Analytical Strategy

We estimate intent-to-treat effects of the PSP intervention by combining difference-in-
differences with matching, comparing changes over time in the outcomes of schools
assigned to the program with the corresponding changes in their matched comparison
schools. For our assessment-based measures of student learning, the following specification

is used:

Yigsjt = IB(TREATSJ X POSTt) (1)
+ 6(Xigsj X POST;) + C (177 X 0 X POSTy) + Yigsj + €igsit

Here, Yjgsj; is the outcome for student i in grade ¢ in school s in matched pair j in period
t, TREAT;; indicates the assignment of school s in pair j to the intervention, and POST; is
a dummy variable equal to 1 if the outcome is measured at endline and 0 if measured at

baseline.

The 7;¢sj term is a student fixed effect, which absorbs all student characteristics, observed or
unobserved, that do not change over time; since nearly all students stay in the same school
between baseline and endline, it largely absorbs school fixed effects as well. Because the
impacts of some characteristics may nonetheless change over time, the specification adds a
vector of observed baseline student and school characteristics, X/, interacted with POST;,
with coefficients J: students” gender and eligibility for a social safety net measure, and
schools” average test scores, region, average class size, and student-teacher ratio. A LASSO

determined in a data-driven way which X;g; x POST; interactions to include.’

The three-way interaction {(#; x g x POST}) represents grade-by-matched pair interactions
with the post-period indicator; these fixed effects account for how much, on average, a

9More specifically, we first calculate each student’s change in test scores between the baseline and endline
assessments, residualize this change by subtracting the comparison group’s grade-by-matched pair mean,
and then use a post-double-selection LASSO on these residuals to select relevant predictors Xe; (Belloni,
Chernozhukov and Hansen, 2014).



treatment student’s same-grade matched-pair comparison peers learned between baseline

and endline.

The coefficient of interest, , captures the intent-to-treat (ITT) effect of assignment to
the program, allowing for the possibility that the program was not fully implemented
in some 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
over a prespecified hierarchy of research hypotheses; additional, exploratory analyses
of heterogeneous treatment effects use the Benjamini and Yekutieli (2001) correction,
following Anderson (2008).

The identifying assumption is that, conditional on the controls in equation (1), the average
trend in the outcomes in the PSP schools would have been the same as in the matched
non-PSP schools had the PSP not been implemented. While this assumption cannot be
directly tested, Figure 1 shows that average scores on the end-of-primary exams in the two
sets of schools are very similar in the nine school years before the PSP was implemented.
Appendix Figure A2 plots the program-comparison difference in these scores year by year,
overall and by subject; a joint test does not reject that the difference is constant across
the pre-program years (p = 0.64 overall, and above 0.36 in each subject), consistent with
parallel trends.

Equation (1) differences each student’s learning between the baseline and endline rounds.
Our secondary analyses of administrative outcomes (the enrollment and grade-progression
measures in Table 4)!° cannot use that design: drawn from the Ministry’s records for the
universe of students in the study schools, these outcomes form repeated cross-sections
spanning four school years (2020-21 through 2023-24), with no within-student change
between rounds to difference out. We therefore estimate

Yigsjt = B(TREAT,j x POST;) + & TREAT; 2)
+ (5(Xigsj X POSTt) + /\jgt + eigsjt
where t now indexes the four school years, POST; equals one for the program year (2023-24)

and zero for the other years, and Ajy; is a matched-pair-by-grade-by-year fixed effect that
lets each matched-pair-by-grade cell follow its own trajectory across years, so that the

19We observe grade-6 national examination scores for the study schools and use them to gauge pre-program
trends (Figure 1) and in a placebo test (Appendix Table A5), but not as a program outcome: in the 2023-24
program year, the Ministry administered a different examination in the Pioneer Schools than in the comparison
schools, so post-program examination scores are not comparable across the two groups. In the pre-program
years, the examinations were identical for both groups.

10



three pre-program years identify the counterfactual trend. Without a student fixed effect
to absorb it, program assignment enters directly through &, and the vector Xj.,; now
collects only the student’s gender, age, and an indicator for prior grade repetition, each
interacted with POST;. As in equation (1), the coefficient of interest p is the intent-to-treat
effect, standard errors are clustered at the matched-pair level, and we adjust for multiple
hypotheses using the Westfall-Young stepdown procedure. As a placebo check on this
design, we also re-estimate equation (2) with the program assigned one school year
earlier and the true program year dropped; as shown below, the placebo effects are

indistinguishable from zero.

3.4 Compliance

All PSP schools implemented the program. However, during the targeted remediation
period at the start of the school year, teacher strikes created substantial variation in
schools’ ability to carry out the Teaching at the Right Level (TaRL) component (see Appendix
Figure Al). On average, headteachers reported 32.7 days of TaRL implementation.
Although school visits were conducted by Morocco’s independent evaluation body, they
were announced in advance, so we interpret the classroom observation data with caution.
Instead, we focus on infrastructure and indicators less directly influenced by teachers,
which they may nevertheless have highlighted in explaining implementation challenges.
Infrastructure quality was generally high: all schools were able to conduct lessons with
a projector during visits (even if some lessons may have been staged). Only 13.3 percent
of schools reported damage to a projector, and while 24.4 percent of schools experienced
electricity outages, just 1.4 percent of headmasters described these as occurring more than
“occasionally.” Lastly, when asked about their comfort with the presentation materials,
only 12.1 percent of teachers rated the materials as merely “somewhat” easy to use or
more difficult; the vast majority found them clear and straightforward.

4 Results

4.1 Student Learning

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.
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The results in Panel A show very large impacts. Averaging over all three subjects, the
impact of the PSP is 0.90 standard deviations (s.d.), and the subject-specific impacts range
from 0.52 s.d. for Arabic to 1.30 s.d. for French, with 0.93 s.d. for mathematics. Compared
to the distribution of impacts that Evans and Yuan (2022, Table 2) report for 96 randomized
evaluations conducted in low- and middle-income countries, the overall impact exceeds
their 99th percentile for the average of reading and mathematics (0.88 s.d.), the Arabic
impact is slightly above their 90th percentile for reading (0.50 s.d.), and the French and
mathematics impacts are far above their 99th percentiles for reading (0.90 s.d.) and
mathematics (0.80 s.d.). These estimates are robust to omitting the data-driven controls and
to a raw matched-pair difference in students” baseline-to-endline score changes (Appendix
Table A3).

4.2 The Nature of the Learning Gains

The learning gains are broad, and they reach grade-level competencies. Table 3 reports
program effects on reading fluency and on the content, cognitive, and curricular-grade-level
subdomains to which the assessment items are mapped. The gains are evident even on a
concrete skill measured in natural units, independent of the item response theory (IRT)
model used to score the main assessments: timed oral reading rose by 7.2 correct words
per minute in Arabic and 8.4 in French (Panels A and B), counted directly from students’
reading rather than estimated by that model. The gains are also not an artifact of how
items were scored. The enumerators who administered the one-on-one assessments were
not blind to a school’s program status, but restricting the outcome to mechanically-scored
items, which admit a single correct answer and leave no room for scorer discretion, leaves
the effects large and precisely estimated: 0.34 s.d. in Arabic and 0.86 s.d. in French, with
mathematics scored mechanically throughout at 0.93 s.d. (Appendix Table A4).

The gains also reach at-grade material, not only the below-grade foundations that
remediation typically targets. Among grade-6 students, assessed on the end-of-primary
curriculum, the program raised at-grade scores by 0.51 s.d. in Arabic and 1.08 s.d. in
mathematics, with below-grade content improving as well. This sets the program apart
from remedial interventions that raise foundational skills without moving students toward
their enrolled grade level (Muralidharan, Singh and Ganimian, 2019). The mathematics
gains are likewise broad across content: rather than concentrating in the calculation and
numeracy domains that remedial programs often emphasize (de Barros and Lubozha, 2026),

they are, if anything, slightly larger in geometry, measures, and data (0.97 versus 0.87 s.d.),

12



and they are as large for items demanding application and reasoning as for those relying
on procedural knowledge.!!

4.3 Heterogeneity

4

The pre-analysis plan also included secondary analyses by gender and by students
within-grade baseline performance. The impacts disaggregated by gender in Panel
B of Table 2 show broadly similar impacts for male and female students, with a
modest but significant female advantage in French and on the overall index (both
surviving the stepdown adjustment) and no significant difference in Arabic or mathematics.
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 across gender and

across the distribution of baseline student performance.

We also explored heterogeneity along a broader, pre-specified set of student and school
characteristics using a causal forest (Athey and Imbens, 2016; Wager and Athey, 2018),
following the difference-in-differences implementation of Gavrilova, Langergen and
Zoutman (2025). The results are consistent with the secondary analyses above and add little
to them. The program’s effects are broadly similar across the characteristics we examine;
of the fifteen dimensions tested, only students’” baseline performance shows a difference
in effect that survives a false-discovery-rate adjustment, with initially lower-performing
students gaining somewhat more. Even this gradient is modest, and the least-benefited
half of students still gained about 0.80 s.d. Appendix F describes the method and reports
the full results.

4.4 Student Progression and Dropout

In Morocco, dropout from public primary school is concentrated at the end of grade
6, when students (fail to) transition from primary to lower-secondary school (Gazeaud
and Ricard, 2024). To measure the program’s effects on students’ progression through
school, we apply equation (2) to the Ministry’s enrollment records for the universe of
students enrolled in the 276 study schools (these administrative outcomes, obtained after
the pre-analysis plan was registered, are recorded as additions in Appendix D). Columns

HEor French, all test questions for students in grades 3, 5, and 6 fall below their enrolled grade level, so the
at-grade versus below-grade comparison is not performed for French.
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1 to 3 of Table 4 report the program’s intent-to-treat effects on three margins: whether a
student is enrolled in school, in any grade and including lower-secondary school, in the
following school year; whether the student is promoted to the next grade at the end of the
school year (with students who leave school during the year counted as not promoted);
and whether the student remains enrolled at the end of the school year.

Enrollment in these schools is nearly universal: in the comparison group, 96.5 percent of
students re-enroll in the following school year, and 97.9 percent remain enrolled through
the end of the year. Against these high baselines, the program left both enrollment
margins unchanged. The effect on re-enrollment in the following school year, our primary
dropout outcome, is 0.10 percentage points (column 1); the confidence interval rules out
gains larger than 0.6 percentage points, or about one-sixth of the comparison group’s
remaining dropout margin. Within-year enrollment is similarly unaffected (column 3).
In contrast, the program raised the share of students promoted to the next grade by 1.7
percentage points (column 2), off a comparison-group promotion rate of 92.0 percent; the
estimate corresponds to roughly one-fifth of the comparison group’s non-promotion rate
and survives the Westfall-Young adjustment (adjusted p < 0.01).

The promotion gains are broad-based. They are similar for girls and boys (1.6 and 1.8
percentage points, respectively) and for students with and without a history of grade
repetition (1.9 and 1.7 percentage points); neither difference in effects is statistically
significant. For re-enrollment in the following year, the point estimates are larger for
girls than for boys (0.29 versus —0.06 percentage points) and for students with a repetition
history (0.63 versus 0.02), but none of these estimates or their contrasts survives adjustment
for multiple testing. Because promotion decisions reflect schools” promotion standards as
well as students’ skills, we do not interpret the promotion effect in isolation; the assessment

results in Table 2 indicate that skills themselves improved.

These estimates are unlikely to reflect pre-existing divergence between the two sets
of schools. Re-estimating equation (2) with the program assigned one school year
earlier, into the pre-program period, and the true program year dropped yields effects
indistinguishable from zero, both for the enrollment outcomes above and for scores on the
pre-program grade-6 examination (Appendix Table A5), consistent with the parallel trends
in Figure 1 and with the absence of anticipation.

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
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middle-income countries complete primary school, in many of those countries, they are not
acquiring basic reading and mathematics skills. Research in the last two to three decades
has revealed which education policies are promising, and many of those countries are now

adopting interventions that have been shown to be effective.

Morocco’s “Pioneer School Program” (PSP) is one such intervention: it combines two
of the Global Education Evidence Advisory Panel’s (GEEAP, 2023) three “great buy”
recommendations, structured pedagogy and targeted remediation, in the country’s public
primary schools. While promising, similar education interventions are difficult to scale,
and impacts in government schools are often muted. Thus, whether the program would

indeed improve learning 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.
Exam-score trends in the two sets of schools are very similar over the nine years before
the program was implemented, supporting the identifying assumption.

Our study finds that, after one year, the program led to very large improvements in student
learning: an intent-to-treat (ITT) impact of 0.90 standard deviations (s.d.) averaged over the
three subjects, with 0.52 s.d. for Arabic, 1.30 s.d. for French, and 0.93 s.d. for mathematics.
Similarly large, positive impacts hold for female students and for students whose learning
levels were farther behind when the program launched, and the results are robust to
alternative measures of student learning, including for content and cognitive subdomains
not explicitly targeted by the program. Ministry records for the universe of students in
the study schools extend the analysis to other schooling outcomes: the share of students
promoted to the next grade rose by 1.7 percentage points, while enrollment, which is nearly

universal in these schools, did not change.

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), and it exceeds the 99th percentile
of treatment effects in the Evans and Yuan (2022, Table 2) review of 96 randomized
evaluations in low- and middle-income countries. These findings suggest that combining
structured pedagogy and targeted remediation can achieve large impacts on student
learning, including when a government delivers the combination at scale through its
regular teachers and its own training and certification systems, rather than through external

organizations.
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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 3817 3890 49.78 -1.06
[50.01] (1.36)
% Ever repeated 3459 3517 12.98 -0.14
[33.61] (0.87)
% Qualified for Tayssir 3817 3890 2237 0.16
[41.68] (1.06)
Baseline test score 3817 3890 -0.37 -0.02
[0.95] (0.05)
% Attrited 3817 3890 12.42 -2.81
[32.98] (2.26)
Joint F-test (p-value) 0.85
Panel B: French
% Female 3720 3848 50.05 0.02
[50.01] (1.32)
% Ever repeated 3361 3483 12.88 0.72
[33.51] (0.93)
% Qualified for Tayssir 3720 3848 23.33 -0.93
[42.30] (1.02)
Baseline test score 3657 3800 0.19 -0.11*
[1.02] (0.06)
% Attrited 3720 3848 10.51 -2.11
[30.67] (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)
% Qualified for Tayssir 3729 3844 21.99 1.31
[41.42] (0.96)
Baseline test score 3729 3844 -0.52 -0.06*
[0.88] (0.03)
% Attrited 3729 3844 7.51 -1.38
[26.36] (1.21)
Joint F-test (p-value) 0.24

Notes. Sample and unit of observation: 22,846 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. Each subject’s score is standardized to the endline distribution of students
in the matched (non-PSP) schools. "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
D (2 3) “)
Panel A: Overall
All students 0.90*** 0.52***  1.30%** (0.93***
(0.03) (0.05) (0.05) (0.04)

[0.000] [0.000] [0.000]
Panel B: By gender

Female 0.94*** 0.51***  1.34***  (.94***
(0.03) (0.05) (0.05) (0.04)
[0.000] [0.000] [0.000] [0.000]

Male 0.87*** 0.52%**  1.23***  (.90***
(0.03) (0.05) (0.06) (0.04)
[0.000] [0.000] [0.000] [0.000]

Female vs male 0.07*** 0.01 0.13** 0.03
(0.03) (0.04) (0.05) (0.04)

[0.002] [0.868] [0.014] [0.800]
Panel C: By baseline performance

Bottom quartile 0.92%** 0.63***  1.31** (.83***
(0.05) (0.07) (0.09) (0.07)
[0.000] [0.000] [0.000] [0.000]
Top quartile 0.88*** 0.471%*  1.23%**  (.97***
(0.03) (0.06) (0.09) (0.06)
[0.000] [0.000] [0.000] [0.000]
Bottom vs top 0.01 0.17** -0.04 -0.16**
(0.05) (0.08) (0.10)  (0.07)

[0.881] [0.043] [0.868] [0.043]

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 by 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. The last row of Panels B and
C reports the difference in effects between the two subgroups, estimated as a pooled
treatment-by-subgroup interaction; this row is the test of heterogeneity and need not
equal the difference of the two subgroup estimates above it. Column (1) stacks the
three subsamples and uses their respective test score as the outcome (Arabic, French,
or mathematics). Each subject’s score is standardized to the endline distribution
of students in the matched (non-PSP) schools. Standard errors are clustered at the
matched-pair level and shown in parentheses. Westfall-Young stepdown adjusted
p-values, which control the family-wise error rate within each family of tests and
are computed by cluster bootstrap on the matched pair, are shown in brackets; the
overall (stacked) score for all students is the primary index and is reported without
adjustment. Appendix E details the families. * significant at 10%; ** significant at 5%;
*** significant at 1%, before adjustment for MHT.
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Table 3: Effects on Subdomains of Student Learning

ITT effect
All grades Grade 6 only

Panel A: Arabic

Words read correctly / minute 7.24%%% 13.85%**
(0.71) (1.53)
At grade 0.54*** 0.51%**
(0.05) (0.07)
Below grade 0.39*** 0.54***
(0.05) (0.07)
Panel B: French
Words read correctly / minute 8.43%%* 9.50%**
(2.48) (2.51)
Panel C: Mathematics
At grade 0.97%** 1.08***
(0.04) (0.06)
Below grade 0.87%** 0.80***
(0.04) (0.06)
Calculation and numeracy 0.87*** 0.79***
(0.04) (0.06)
Geometry, measures, and data 0.97%+ 1.08***
(0.04) (0.06)
Knowing 0.87%** 0.77%**
(0.04) (0.08)
Applying and reasoning 0.83*** 0.88***
(0.04) (0.05)
Equal weights to content domains ~ 0.96*** 0.98***
(0.04) (0.06)

Notes.  This table reports on the program’s intent-to-treat (ITT)
effects by curricular grade level, content subdomains, and cognitive
subdomains 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). The
first column includes all students in grades 1 to 6; the second restricts
the same specification to grade-6 students, with cells left blank where
an outcome is not assessed at grade 6. 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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Table 4: Intent-to-Treat Effects on Enrollment and Grade Progression

Enrolled Promoted Enrolled

next year this year
() 2 ©)
Panel A: Overall
All students 0.10 1.66*** -0.03
(0.24) (0.37) (0.20)

[0.000] [0.894]
Panel B: By gender

Female 0.29 1.56%** 0.04
(0.24) (0.34) (0.21)
[0.398] [0.000] [0.875]

Male -0.06 1.75%#* -0.09
(0.27) (0.50) (0.22)
[0.934] [0.004]  [0.875]

Female vs male 0.34* -0.17 0.14
(0.20) (0.41) (0.15)

[0.167] [0.899] [0.726]
Panel C: Ever vs never repeated

Ever repeated 0.63 1.86** 0.46
(0.44) (0.82) 0.29)
[0.350] [0.102] [0.280]
Never repeated 0.02 1.66*** -0.12
(0.25) (0.35) (0.22)
[0.944] [0.000] [0.808]
Ever vs never repeated 0.37 -0.01 0.54*
(0.44) 0.71) (0.31)
[0.415] [0.994] [0.281]
Control mean (2023-24) 96.47 92.01 97.85

Notes. Program intent-to-treat (ITT) effects on three enrollment and grade-
progression outcomes for all students in the 276 study schools (Panel A), by
gender (Panel B), and by whether the student has repeated a grade by that
year (Panel C). Each estimate is the coefficient on program status interacted
with a post-(2023-24) indicator in a student-level difference-in-differences
over 2020-21 to 2023-24, with matched-pair-by-grade-by-year cell fixed effects
and the covariates gender, age, and prior grade repetition interacted with the
post indicator. Columns are percentage points: re-enrollment the following
year (column 1, the primary dropout outcome and the group’s index), grade
promotion (column 2), and end-of-year enrollment (column 3). The last row
is the 2023-24 comparison-group mean. Standard errors are clustered at
the matched pair (parentheses); Panels B and C add a difference-in-effects
row (female vs male; ever vs never repeated), estimated as a pooled
treatment-by-subgroup interaction; this row is the test of heterogeneity
and need not equal the difference of the two subgroup estimates above
it.  Brackets are Westfall-Young stepdown adjusted p-values, reported
unadjusted for the index among all students (Appendix E); these outcomes
were added after the pre-analysis plan (Appendix D). * p < 0.10; ** p < 0.05;
% p < 0.01.
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Figure 1: Parallel Trends in Grade-6 Examination Scores

Average grade-6
re

(a) Owverall (b) Arabic

Average grade-6 score

Average grade-6 scorc

(c) French (d) Mathematics

Notes: This figure shows that the program and comparison schools had similar levels and trends in grade-6
examination scores before the program began, overall (panel a) and in each of the three subjects the program
targets (panels b—d). Each panel plots, for the 138 program and 138 comparison schools, the yearly average
end-of-primary examination score from the 2014-15 through the 2022-23 school year, before the program
launched, on a common vertical scale. There is no 2019-20 value because the examination was canceled
during the Covid-19 pandemic (the lines connect the 2018-19 and 2020-21 values). Shaded areas are 95
percent confidence intervals, based on standard errors clustered at the matched-pair level.
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Table A2: Sample of Non-attriting Students and Balance Tests

Sample size Balance
Comparison Program Comparison Difference
@ ) 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)
% Qualified for Tayssir 3343 3517 2223 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)
% 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)
% Qualified for Tayssir 3449 3617 22.09 1.01
[41.49] (1.02)
Baseline test score 3449 3617 -0.51 -0.06*
[0.88] (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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Figure A1: School-wise Duration of Teaching at the Right Level Implementation
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Notes: This figure shows substantial heterogeneity in the number of days Pioneer Schools offered the
program’s Teaching at the Right Level component. For the 626 program schools, it presents a histogram with
one-day bins summarizing headmaster reports collected during school visits by Morocco’s independent

evaluation body.
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Figure A2: Pre-Program Trends in Grade-6 Examination Scores: Program-Comparison Differences
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(a) Overall (b) Arabic
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Notes: This figure is the differences counterpart to Figure 1, shown overall (panel a) and for each of the three
subjects the program targets (panels b—d). Each panel plots, for every school year from 2014-15 through
2022-23, before the program launched, the program-minus-comparison difference in the average grade-6
national examination score, estimated from a regression of the score on year indicators fully interacted with
program status, on a common vertical scale across panels. Vertical bars are 95 percent confidence intervals,
based on standard errors clustered at the matched-pair level; the dashed line marks a difference of zero.
There is no 2019-20 value because the examination was canceled during the Covid-19 pandemic. A joint Wald
test that the differences are equal across years, a test of no differential pre-trend, does not reject in any panel
(overall p = 0.64, Arabic p = 0.63, French p = 0.86, mathematics p = 0.37).
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Table A3: Robustness of the Learning Effects to the Specification

Pre-registered Without selected Raw matched-pair

specification controls difference
1) 2) 3)
Overall 0.90*** 0.94*** 0.94***
(0.03) (0.03) (0.03)
Arabic 0.52%** 0.53*** 0.54%**
(0.05) (0.05) (0.05)
French 1.30*** 1.35%** 1.36%**
(0.05) (0.06) (0.06)
Mathematics 0.93%** 0.95%** 0.95%**
(0.04) (0.04) (0.04)

Notes. Each cell is the program’s intent-to-treat effect on the endline learning
score, in standard deviations of the endline comparison-group distribution, for
the overall (stacked) outcome and by subject. Column 1 is the pre-registered
specification whose estimates are reported in Table 2: a student-level
difference-in-differences with student fixed effects, matched-pair-by-grade-by-
round cell fixed effects, and post-double-selection-LASSO-selected covariates
interacted with the endline indicator. Column 2 drops the selected covariates.
Column 3 is the raw matched-pair difference, a regression of each student’s
baseline-to-endline score change on program status with matched-pair fixed
effects and no other covariates. Standard errors are clustered at the matched
pair (parentheses). * p < 0.10; ** p < 0.05; *** p < 0.01.
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Table A4: Effects on Mechanically- and Judgment-Scored Items

Mechanically-scored Judgment-scored

(objective) (subjective)
(©) 2
Arabic 0.34** 0.55***
(0.04) (0.05)
French 0.86*** 1.49%**
(0.04) (0.05)
Mathematics 0.93*** -
(0.04)

Notes. The assessments were administered and scored one-on-
one by enumerators who were not blind to a school’s program
status. To assess whether scorer discretion could account
for the effects, each cell reports a separate intent-to-treat
estimate using the main specification of Table 2, with the
outcome re-scored from the fixed item-response parameters
after restricting to mechanically-scored (“objective”) items,
which have a single correct answer and leave no room for scorer
discretion (column 1), or to judgment-scored (“subjective”)
items such as spoken production, written composition, and
open responses (column 2); matched-pair-clustered standard
errors are in parentheses. Items are classified from the
assessment’s endline item map. Effects on mechanically-scored
items are large and precisely estimated; mathematics is scored
mechanically throughout, so its effect is that reported in Table 2
and it has no judgment-scored counterpart. The larger effects
on judgment-scored items are consistent with the program’s
emphasis on oral and written production, competencies that are
inherently judgment-scored. * significant at 10%; ** significant
at 5%; *** significant at 1%.
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B Measurement

The paper’s learning outcomes are scores on three assessments, in Arabic, French, and
mathematics. This appendix describes the instruments, the item response theory (IRT)
model used to score them, how those scores are placed on a common scale across
grades and across the baseline and endline testing rounds, and the resulting precision
of measurement. IRT models estimate the probability of answering an item correctly
as a function of a latent parameter representing the student’s ability and of parameters
describing the item (Jacob and Rothstein, 2016).

Instruments and Item Development

Each sampled student was assessed in a single subject. Of the students tested at baseline,
7,706 sat the Arabic assessment, 7,567 the French assessment, and 7,573 the mathematics
assessment. Students in all six primary grades were assessed, and each grade sat its own
test form. In Arabic and mathematics the forms are grade-specific; in French, where the
youngest students share more of the curriculum, three forms cover grade 1, grades 2
and 3, and grades 4 through 6. Assessments were administered one-on-one on tablets,
with printed stimuli shown to the student, by trained enumerators. A student’s assessment

lasted about 15 minutes at baseline and about 40 minutes at endline.

The test items were drawn from Morocco’s national primary curriculum, and none
formed part of the program’s own materials: no assessment item appeared in the
structured-pedagogy lesson plans and slide decks provided to teachers or in the
assessments used to place students for targeted remediation (Teaching at the Right Level).
A blueprint maps each item to a content domain, a cognitive domain, and the curricular
grade level at which the underlying skill is introduced. In mathematics, the content
domains are calculation and numeracy, geometric shapes and measures, and data display
and analysis; the cognitive domains distinguish knowledge, application, and reasoning.
In Arabic and French, the content domains span oral comprehension and production,
decoding and reading fluency, reading comprehension, and written production. This
blueprint underlies the subdomain, curricular-grade-level, and cognitive-domain analyses
reported in Table 3, each of which rescales a subset of the items on the common metric
described below.

The Arabic and French forms also include timed oral-reading passages, from which
enumerators recorded the number of words a student read correctly per minute.
Because these are counts rather than binary responses, they are summarized directly as

reading-fluency measures (Table 3) and are not part of the IRT scaling described here.
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Quality Control and Independence

The assessments were administered by trained examiners who did not work in the schools
they visited, so that no school’s students were assessed by its own staff. Examiners
recorded each student’s item responses on tablets, and the data-collection software verified
each child’s identity against the national student register before an assessment could be
submitted. The continuous ability scores analyzed in this paper were not generated in the
field: examiners recorded students’ responses, and the scores were computed centrally by
the research team from those responses, using the item response model described below
and a fixed set of scoring rules. The study team, through J-PAL’s Morocco Evaluation Lab,
supervised data quality independently of the schools and of the program, and documented
the quality-control procedures described here in a separate report for each round of data
collection.

Testing was independently monitored in both rounds. During the baseline and endline
assessments, trained inspectors who were independent of the examiners and of the schools
observed testing sessions in schools across all twelve regions, covering 63 schools at
baseline and 89 at endline. For each session, the inspectors recorded the conditions under
which the assessment was administered, including the presence of qualified examiners, the
prohibition of calculators and electronic devices, and the classroom environment, and rated
the quality of the administration. The conditions of administration were similar in program
and comparison schools; calculators and electronic devices, for example, were prohibited
in a comparably high share of program and comparison classrooms. The inspectors judged
the quality of the assessment data to be high in every subject and in both program and

comparison schools.

Item Response Model and Scoring

We score each subject with a two-parameter logistic (2PL) model, which is appropriate for
the binary (correct versus incorrect) items that make up the assessments. The 2PL model

gives the probability that student j answers item i correctly as

1
P(Yij=116;) =7 + exp[—a;(0; — b;)]’ ¥

where 0; is the latent ability of student j, 4; is the discrimination of item i, and b; is its
difficulty. We estimate one model per subject and predict a single continuous ability score
for each student using expected a posteriori (EAP) scoring. We then standardize each

subject’s score by subtracting the mean and dividing by the standard deviation of the score
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among comparison-group students at endline, so that treatment effects are expressed in

standard deviations of the endline comparison distribution.

Linking across Grades and Testing Rounds

Because students in different grades sit different forms, and because the same students are
tested at two points in time, the raw responses do not by themselves place all students on
a comparable scale. We use overlapping items, or anchors, to link the forms onto a single

scale per subject along two dimensions.

The first dimension is vertical, across grades. Adjacent grades’ forms share a block of
common items. An item that appears on two grades’ forms is scored identically in both,
so it acts as an anchor that ties the two grades to the same metric; chaining these overlaps
across grades 1 through 6 yields one continuous ability scale per subject that spans all
six grades. Each grade’s form shares 5 to 8 such items with the adjacent lower grade in

mathematics, 7 to 15 in Arabic, and 8 to 12 in French.

The second dimension is temporal, across the baseline and endline rounds. We take the
endline data to define the metric: we estimate the item parameters on the endline sample
and then hold them fixed while scoring the baseline sample, so that baseline and endline
scores share a common origin and unit and changes over time are interpretable. Each
endline form shares a substantial block of anchor items with the corresponding baseline
form, ranging from 11 to 29 items in Arabic (31 to 82 percent of a form), from 12 to 24 in
mathematics (46 to 92 percent), and from 19 to 34 in French (39 to 68 percent).

Linking of either kind is valid only if the anchor items behave the same way in the groups
they connect. Before fixing the parameters, we therefore screen each candidate anchor for
differential item functioning (DIF), across adjacent grades and across rounds, using both
logistic-regression DIF and the Mantel-Haenszel test. Items that function differently across
the linked groups are freed, meaning they are allowed group-specific parameters and so
do not constrain the linking; only items with stable parameters anchor the scale. This is the
sense in which, as noted in the main text, only test questions with stable item parameters

are retained for linking.

Precision

Table B1 reports the endline psychometric properties of each assessment: the number of
students assessed, the mean item discrimination and difficulty, and the average conditional

reliability. The table note records the number of items in each assessment and the average
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number administered to a student, since each student sits a single grade form. The
assessments measure ability with high reliability, and reliability is high not only on average
but across a wide range of ability: Figure Bl plots the standard error of measurement and

the conditional reliability implied by the estimated models across the ability scale.!?

Table B1: Psychometric Properties of the Assessments (Endline)

Students Mean Mean  Average conditional
discrimination difficulty reliability
1) @ ) 4)
Arabic 6,860 1.92 0.26 0.92
French 6,858 2.60 -0.28 0.95
Mathematics 7,066 1.98 0.14 0.92

Notes. This table reports the endline psychometric properties of the three student
assessments. The unit of observation is a tested student; each student was assessed
in a single subject. Properties are estimated from a two-parameter logistic (2PL) item
response theory (IRT) model, one per subject, fit to the binary test items. Column (1)
gives the number of students assessed at endline; columns (2) and (3) the mean
discrimination and difficulty across the model’s items; and column (4) the average
conditional reliability, the mean across endline students of Var(f)/[Var() + SE(6;)?],
where §; and SE(#;) are the estimated ability and its predicted standard error for
student i. The endline assessments comprise 163 (Arabic), 119 (French), and 145
(mathematics) items, spread across the grade-specific forms and linked by anchor
items; each student sits only the items of a single grade form (on average about 32,
40, and 28 items, respectively). Anchor items used to link the endline scale to the
baseline scale and across grades are described in the text. Timed reading-fluency
items are recorded as word counts and are not part of the 2PL scaling.

References

Jacob, Brian, and Jesse Rothstein. 2016. “The Measurement of Student Ability in Modern
Assessment Systems.” Journal of Economic Perspectives, 30(3): 85-108.

12We report the average conditional reliability as
1 N
N3

Var(f)
Var(9) +SE(6;)2 |’

where N is the endline sample size, SE(6;) is the predicted standard error of the ability estimate for student i,
and Var(f) is the variance of the predicted ability scores.
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Figure B1: Reliability of the Assessments across Ability Levels (Endline)
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Notes: Each panel reports, for one subject, the precision of the endline ability estimates across the latent ability
scale 6. In every panel the solid line is the standard error of measurement, SEM(8) = 1/+/1(6) (left axis,
common 0 to 2.5 scale), and the dashed line is the conditional reliability, 1/[1 + SEM(#)?] (right axis, 0 to 1
scale), both implied by the estimated two-parameter logistic item parameters, where I(6) is the test
information function. Reliability remains high across a wide range of ability.
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C 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 implemented 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 is post-double selection LASSO (PDSLASSO), used for estimating
structural parameters in linear models with many controls (Belloni et al., 2012; Belloni,
Chernozhukov and Hansen, 2011, 2014; Belloni et al., 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 (125 constructed school-level
variables). 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 (Ahrens, Hansen and Schaffer, 2019).

Using these 125 candidate variables, consisting of school-level characteristics and
aggregated student and teacher characteristics for 8,034 primary schools (including the
pre-selected program schools), the PDSLASSO identified 17 variables; together with the

baseline test score, 18 variables were used for matching.

Next, we implemented an iterative process of a calibrated Mahalanobis distance matching
algorithm using these 18 matching variables, to match each of the 626 program schools
to an untreated school drawn from the universe of 7,408 untreated schools. 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
the full list of 7,408 untreated schools. Initially, without distance calibration, the matching
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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 9 strata belonging to the three
baseline-outcome terciles in 3 regions with very few schools. As a result, we only stratified
the school sampling by region for those 3 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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D Deviations from and Corrections to the Pre-analysis Plan

This appendix records where the implemented study departs from the procedures
registered in the pre-analysis plan, followed by additions to, and clarifications of, that
plan. Most entries are additions that extend the registered analysis using administrative

data obtained after registration.

Deviations from the Pre-analysis Plan

o Measure and sample for student dropout. The plan registered dropout on the assessed
student subsample, together with a subgroup analysis by predicted dropout risk
(following the endogenous stratification of Abadie, Chingos and West (2013)). We
depart from this in two ways. First, our primary measure of dropout is whether
a student re-enrolls the following school year, computed from Ministry enrollment
records for the full universe of students in the study schools, rather than end-of-year
persistence among the assessed subsample; the assessed-subsample measure is
conditioned on assessment participation and records essentially no within-year
attrition. Second, we omit the predicted-dropout-risk subgroup, because no baseline
covariate predicts dropout in the comparison group (the post-double-selection
LASSO selects no predictors); in its place we report a split by whether a student
has ever repeated a grade.

e Standard errors in the school representativeness and balance table. For the school-level
representativeness and balance comparisons in Appendix Table Al, we report
homoskedastic standard errors. Because these variables are measured at the
school level, we do not cluster; this departs from the plan’s table shell, which
indicated school-level clustering for the representativeness columns and matched-pair

clustering for the balance column.

Additions to, and Clarifications of, the Plan

o Administrative enrollment and promotion outcomes. Beyond the registered assessment-
based analysis, Table 4 reports intent-to-treat effects on administrative enrollment
and promotion outcomes, estimated over the universe of students in the study
schools. These administrative data, obtained after the plan was registered, extend
the assessment-based learning effects to an independent, administrative outcome.
Because these outcomes come from administrative records that form repeated

cross-sections, rather than the two-round panel of tested students, they are estimated
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with the related specification given in equation (2): matched-pair-by-grade-by-year
cell fixed effects (so that each cell follows its own trend), program assignment
entering directly in place of a student fixed effect, and the covariates gender, age,
and a time-varying grade-repetition indicator (see below), each interacted with the

post-program indicator.

Grade-repetition indicator. We measure grade repetition with a time-varying indicator
equal to one once a student is observed in the same grade in two consecutive years,
computed from the administrative enrollment panel using each student’s history up
to and including the year of observation. This replaces the lifetime count of repetition
years available in the characteristics file, which can include repetitions that occur after,
and may be affected by, the program: a student held back at the end of the program
year is counted only from the following year, not in the program year itself.

Difference-in-effects rows. In Tables 2 and 4 the subgroup panels include a row
reporting the difference in treatment effects between the paired subgroups (girls
versus boys, bottom versus top of the baseline distribution, and ever versus never
repeated). Each difference is estimated as the coefficient on a treatment-by-moderator
interaction in a pooled specification; it is a valid test of heterogeneity but need not
equal the difference of the two separately estimated subgroup coefficients reported

above it.

Parallel-trends figure. Figure 1 extends the pre-program window from seven to nine
school years and is built from student-level administrative grade-6 examination
records, rather than school-level averages, with confidence intervals clustered at the
matched-pair level; it is shown for the overall examination score and separately for
each of the three subjects.

School representativeness table. Appendix Table Al reports the average grade-6
examination score for three recent school years (2020-21, 2021-22, and 2022-23) in
place of the single year in the plan’s table shell.

Placement of exploratory exhibits. The exploratory causal-forest analysis of
heterogeneous effects (Appendix Table F1) is reported in the appendix rather than

the main text.

Multiple-hypothesis testing. We adjust for multiple hypotheses using the pre-registered
Westfall-Young stepdown procedure for the confirmatory analyses and the
Benjamini-Yekutieli procedure for the exploratory causal forest. Appendix E sets out
the graduated family structure through which the registered hierarchy of hypotheses
is operationalized. For the causal forest, we additionally summarize the forest’s
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prioritization rule with the rank-weighted average treatment effect (Yadlowsky et al.,
2025), a step not named in the plan.
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E Adjustments for Multiple Hypothesis Testing

We adjust for multiple hypothesis testing following the pre-registered hierarchy of research
hypotheses set out in our pre-analysis plan. For the confirmatory analyses of learning
and dropout, we report Westfall-Young stepdown adjusted p-values, which control the
family-wise error rate within each family of tests (Westfall and Young, 1993). We compute
them by resampling, drawing 2,500 bootstrap replications clustered at the matched-pair
level, so that the adjustment reflects both the correlation among the tests and the clustering
of the design. For the exploratory analysis of heterogeneous effects estimated with a
causal forest (Table F1), we instead control the false discovery rate following Benjamini
and Yekutieli (2001), as pre-specified for that analysis.

The adjustment is graduated: the more finely we disaggregate an outcome, the larger the
family of tests against which a given estimate is adjusted. We organize each outcome into
three levels.

(i) Index. We first report an aggregate for the outcome. For learning, this is an overall
score that stacks a student’s Arabic, French, and mathematics tests; for enrollment, it
is whether a student re-enrolls in the following school year. The index is the single
primary test for the outcome and is reported without adjustment.

(ii) Components. We then report the outcome’s components. For learning, these are
the three subject scores; for enrollment, they are grade promotion and within-year
enrollment. The components are adjusted jointly, as one family.

(iii) Subgroups. Within each outcome we estimate effects for pre-specified subgroups.
The subgroup effects on the index form one family; the subgroup effects on the
components form a larger family, and are therefore adjusted more heavily. Adding a

subgroup dimension enlarges the family, making the adjustment more conservative.

We also test for heterogeneity directly, through the difference in treatment effects between
paired subgroups. For the learning outcomes these are girls versus boys and the bottom
versus the top of the baseline distribution; for the enrollment outcomes they are girls versus
boys and students who have ever versus never repeated a grade. Because a difference is
a distinct hypothesis from either subgroup’s effect, the difference tests form their own
families, adjusted among themselves at the index and component levels within each

outcome.

Our main analysis of learning was pre-registered and is adjusted within the families above.

One set of outcomes was added after the pre-analysis plan: administrative analyses of
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grade promotion and school enrollment across the universe of study schools. To keep the
pre-registered tests separate from this addition, the added outcome is adjusted within its
own families, so that it never affects the adjusted p-value of a pre-registered test. For the
same reason, the pre-registered subgroup of students at high predicted risk of dropping
out, which we could not construct because dropout is not predictable from the observed
data, is replaced by a split on whether a student has ever repeated a grade; the resulting

subgroup family is the same size as the one we pre-registered.

The placebo test in Appendix Table A5, a falsification check rather than a result, is
adjusted separately from the confirmatory hierarchy above, using the same graduated

family structure, so that it cannot affect any pre-registered or added p-value.

Our analyses of implementation fidelity and program take-up are descriptive and are not
included in these adjustments.
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F Exploring Heterogeneity with a Causal Forest

This appendix details the causal-forest analysis of treatment-effect heterogeneity
summarized in Section 4.3. To better understand who benefited the most from the program,
we estimate conditional average treatment effects along a broader, pre-specified set of
student and school characteristics using the causal forest of Athey and Imbens (2016) and
Wager and Athey (2018).

To accommodate our difference-in-difference setup, following Gavrilova, Langergen and
Zoutman (2025), 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, the strata of our design. Third, from this regression,
we calculated the residuals. Finally, using the “honest” approach (Athey, Tibshirani and
Wager, 2019), we trained a causal forest with these residuals and a pre-specified set of
covariates (the controls from the main-effect analyses together with the student and school
characteristics reported in Table F1), building 50,000 trees, setting the minimum number of
treatment and control observations allowed in a leaf to the default value (5), and clustering
at the matched-pair level.

Following Carlana, La Ferrara and Pinotti (2022) and Dinarte et al. (2024), we use the
out-of-bag predictions to split students at the median of the predicted treatment effect, into
a top half (the “Strong” group) and a bottom half (the “Weak” group). 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 F1 presents the results.

The top row shows that the group-average intent-to-treat effect is large in both groups,
at 0.80 s.d. in the “Weak” group and 1.07 s.d. in the “Strong” group, a difference of 0.26
s.d. The rank-weighted average treatment effect test rejects the null of no heterogeneity
(p < 0.001), so the forest orders students by their predicted benefit in a way that captures
systematic variation, even as the program raised learning substantially throughout the
distribution. Panel A shows that the variation is concentrated in students’ baseline
performance: the “Strong” group is composed disproportionately of students in the bottom
within-grade quartile, and of students with below-median baseline scores more generally,
with conditional average treatment effects of 1.10 and 1.00 s.d. against 0.73 s.d. for the
top quartile and 0.87 s.d. for above-median students. Of the fifteen characteristics we
examine, only these two baseline measures show a difference in effect that survives the
false-discovery-rate adjustment in column (8). The modest over-representation of girls
and of upper-grade students in Panel A, and of higher-scoring schools in Panel B, does

not survive the adjustment, and the remaining school characteristics are unrelated to the
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ranking. Even the baseline gradient is more pronounced in the forest, which projects
treatment effects onto the continuous baseline score, than in the discrete within-grade
quartile contrasts of Table 2, Panel C, where the bottom- and top-quartile effects are similar.
The gradient is therefore suggestive of somewhat larger gains for initially lower-performing
students rather than evidence of a large gap, especially because even the least-benefited half
gained about 0.80 s.d.
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Table F1: Exploring Conditional Average Treatment Effects on Student Learning

Importance Subgroup CATE Standard Weak Strong Difference g-value

indicator error group  group (BY)
© () ) 4) [©) (6) (7) ()
Panel A: Student characteristics
Female 0.003 Yes 0.972 0.033 0482  0.507 0.025 0.110
No 0.901 0.032 0.518  0.493 -0.025
Bottom quartile 0.030 1.103 0.047 0.079 0426 0.347 <0.001
Middle two quartiles 0.002 0.953 0.032 0430  0.566 0.136
Top quartile 0.129 0.733 0.033 0491  0.009 -0.483
Grade 1 0.010 1.026 0.062 0.118  0.166 0.048 0.291
Grade 2 0.006 0.840 0.050 0.190  0.134 -0.056
Grade 3 0.004 0.835 0.045 0211  0.133 -0.078
Grade 4 0.007 1.068 0.041 0.141  0.207 0.065
Grade 5 0.002 0.919 0.044 0.174  0.172 -0.002
Grade 6 0.001 0.938 0.038 0.166  0.188 0.023
Baseline score 0.063 Low 1.004 0.038 0.305  0.695 0.390 <0.001
High 0.868 0.028 0.695  0.305 -0.390
Grade point average 0.021 Low 0.913 0.032 0.548  0.451 -0.097 0.511
High 0.959 0.033 0452  0.549 0.097
Ever repeated 0.004 Yes 0.903 0.049 0.135  0.123 -0.011 1.000
No 0.934 0.031 0.865  0.877 0.011
Ever qualified for Tayssir 0.002 Yes 0.909 0.042 0.231 0.221 -0.010 1.000
No 0.944 0.029 0.769  0.779 0.010
Panel B: School characteristics
Number of teachers 0.088 Low 0.974 0.050 0.401  0.548 0.147 1.000
High 0.902 0.035 0.599 0452 -0.147
Urban 0.002 Yes 0.915 0.032 0.775  0.628 -0.147 1.000
No 0.986 0.064 0.225  0.372 0.147
Regional development 0.019 Yes 0.979 0.039 0.577  0.644 0.067 0.511
No 0.869 0.045 0423  0.356 -0.067
Total enrollment (2021/22) 0.142 Low 0.943 0.046 0.428  0.565 0.137 1.000
High 0.930 0.039 0.572  0.435 -0.137
Female students (%) 0.102 Low 0.954 0.042 0494  0.502 0.007 1.000
High 0.919 0.044 0.506  0.498 -0.007
Tayssir beneficiaries (%) 0.084 Low 0.935 0.040 0.543 0457 -0.086 1.000
High 0.938 0.045 0457  0.543 0.086
Social security beneficiaries (%) 0.074 Low 0.937 0.040 0542 0457 -0.085 1.000
High 0.936 0.045 0.458  0.543 0.085
Average grade-6 exam score 0.207 Low 0.858 0.037 0.631 0.362 -0.269 0.095
High 1.013 0.044 0.369  0.638 0.269
Group-average ITT effect 0.804 1.068 0.264
(0.030) (0.038) (0.049)
RATE p-value <0.001

Notes. Using a causal forest (Wager and Athey, 2018; Athey, Tibshirani and Wager, 2019), this table explores heterogeneity in intent-to-treat effects
on student learning, beyond the pre-registered subgroup analyses in Table 2. Panel A reports student-level covariates and Panel B school-level
covariates; both come from a single joint forest, so variable importance, the weak/strong split, and the group-average ITT at the bottom are global
to that forest. We stack the three subsamples and use the residualized change in test score (Arabic, French, or mathematics) as the outcome; the
sample is the attrition-free analysis sample of student-by-subject observations, with missing covariates retained and handled within the forest. The
propensity is estimated by the forest (a regression forest on the covariates) rather than fixed at one half: school-level one-of-two assignment does
not pin the observation-level treated share to 0.5 because pair enrollments differ. The forest clusters at the matched-pair level. Column (1) reports
variable importance, the (depth-weighted) share of times each variable is selected for splitting when building trees; it is a descriptive heuristic that
tends to be larger for continuous covariates, which offer more split points. Column (2) indicates the subgroup. Binary characteristics are shown
as “Yes”/“No”; the within-grade baseline quartiles and the grade indicators are shown one row per level; and continuous covariates (baseline
score, grade point average, and the school-level counts, percentages, and exam score) are dichotomized at their sample median into “Low” (below)
and “High” (at or above), so that a subgroup CATE can be reported for each. Baseline quartiles are formed within grade, as in Table 2. Grade
point average is missing for a handful of students, who are omitted from that row’s subgroup CATEs and share entries. Column (3) reports the
conditional average treatment effect (CATE) for each subgroup, from a best linear projection of the forest’s out-of-bag CATEs, and column (4) its
standard error, clustered at the matched-pair level. In columns (5) and (6), the “weak group” comprises students whose predicted CATE falls
below the median of the forest’s out-of-bag predictions and the “strong group” those above; entries report the share of a row’s subgroup in each
group, and column (7) the difference in shares. Column (8) reports the Benjamini-Yekutieli step-up g-value (Benjamini and Yekutieli, 2001) for a
test of whether the conditional average treatment effect differs across a characteristic’s groups, from a doubly-robust best linear projection of the
forest’s out-of-bag CATEs on a single indicator, with standard errors clustered at the matched-pair level; the projection slope equals the difference
in the two subgroup effects in column (3). The adjustment controls the false discovery rate across the 15 characteristics, as pre-specified for this
exploratory analysis, and the g-value is shown once per characteristic. For the two multi-category characteristics it uses a single pre-specified
contrast, grades 1-3 versus 4-6 and the top versus bottom baseline quartile (the two middle quartiles omitted), reported on the first row of the
block. “Group-average ITT effect” reports the augmented inverse-propensity-weighted intent-to-treat effect within each group (Athey and Wager,
2019), with standard errors in parentheses; the final column reports the difference, with its standard error computed under independence of the
two non-overlapping groups. “RATE p-value” reports the two-sided p-value from a sequential cross-validation test of the rank-weighted average
treatment effect (AUTOC) (Yadlowsky et al., 2025), using cluster-respecting folds (K = 5), which tests whether the forest’s treatment-effect ranking
captures genuine heterogeneity. Regional development refers to a dummy variable indicating any of the following regions: Casablanca-Settat,
Fes-Meknes, Marrakech-Safi, Rabat-Salé-Kénitra, or Tanger-Tetouan-Al Hoceima (vs. being in any of the remaining seven regions).
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