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1 Introduction

As research on memory advances, so do efforts to apply these insights to make education

more efficient. A central finding is that effective study often requires “desirable difficulties”

(Bjork, 1994) –strategies that hinder performance in the moment but strengthen long-term

retention. Several researchers have suggested that these strategies may be underused in

classrooms (Roediger and Pyc, 2012; Dunlosky et al., 2013a; Brown et al., 2014), noting that

learners often mistake short-term struggle for failure or avoid effortful work altogether. This

tension between immediate perceptions and future learning has been cited as a rationale for

introducing more desirable difficulties into education.

Much of the evidence on prominent desirable-difficulty strategies comes from small-scale,

short-term, and tightly controlled studies. Over the course of an academic year, however,

students encounter many natural difficulties that may themselves strengthen memory. In

typical classrooms, students are regularly tested, review prior material, and must draw on

past learning to master new topics. They may also adjust their own study by revisiting

material they find difficult. Over longer periods, these opportunities mean that students

exposed to more gratifying but less effective strategies initially may be able to narrow the

gap with peers who consistently engage in desirable difficulties.

Interleaved practice, where the sequence of material alternates between topics (abc-abc-

abc) contrasts with blocked problem sets, where students repeatedly practice a single skill

(aaa-bbb-ccc). A large literature in cognitive science has shown that interleaved practice

can support the development of skills that require classification, such as applying the correct

math solution to a given problem (e.g., Taylor and Rohrer, 2010a; Taylor, 2008; Ziegler and

Stern, 2014; Rohrer et al., 2015; Ostrow et al., 2015; Rohrer et al., 2020b). Motivated by

the strong evidence base, interleaving is often recommended as a low-cost tool to improve

the quality of educational resources (Roediger and Pyc, 2012; Brown et al., 2014; Rohrer

et al., 2020a; Dunlosky et al., 2013b). However, most evidence comes from short-term pilot

programs that measure immediate retention. The long-term impact of sustained interleaved

math practice, such as over an academic year, remains unclear.

This study examines the effects of interleaved versus blocked math problem sets on test

scores in grade five classrooms at low-cost private schools operated by Bridge Nigeria. Class-

rooms were randomly assigned to one of the two methods for a full academic year. The pro-

gram design was informed by evidence suggesting interleaving exemplar math problems helps

students better match solution strategies by learning to classify new problems (Mayfield and

Chase, 2002; Taylor and Rohrer, 2010b; Rickard et al., 2008; Rohrer et al., 2014).1 We eval-

1The design of the program was specifically informed by Rohrer (2017), an evidence-based practitioner
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uate the effect of interleaving on math test scores throughout the school year. Short-term

retention was assessed with end-of-term tests covering that term’s material, while long-term

retention was measured with a cumulative test at the program’s conclusion, covering all

material taught.

Interleaved practice improved short-term retention by 0.28 standard deviations, compa-

rable to the 0.34 standard deviation effect reported in a recent meta-analysis (Brunmair and

Richter, 2019). The largest gains were among initially lower-achieving students, consistent

with previous studies (e.g., Ostrow et al., 2015). Students one standard deviation below the

mean score 0.54 standard deviation higher on the test when problem sets are interleaved

compared to blocked.

In contrast, interleaving does not improve the retention of material over a year on a

cumulative end-of-year-assessment. The average effect on this test, which covers the same

material as short-term assessments, is just 0.03 standard deviations and indistinguishable

from zero. This finding is remarkable given the robust gains from interleaving observed on

posttests. We apply surrogate analysis (Prentice, 1989; Athey et al., Forthcoming) to show

that the impact one would expect to find from interleaving, given the gains observed at

the end of each term is 0.24 standard deviations. These results suggest that the literature

on interleaving (and perhaps other desirable difficulties) may overstate the gains we would

expect over the course of a year-long increase in the use of desirable difficulties.

Quantile regression estimates suggest that interleaving may benefit lower-achieving stu-

dents more persistently, but these gains are offset by negative effects for higher achievers.

These findings suggest that the order in which math skills are practiced may have distribu-

tional consequences and that the effective use of interleaving may require targeting practice

to individual student need, similar to the way many interventions aim to target the level of

instruction to student performance (Banerjee et al., 2007; Raudenbush et al., 2020; Angrist

and Meager, 2023).

To the best of our knowledge, this study is the first to experimentally evaluate a full-year

interleaving program. Previously, the longest interleaving program experimentally tested in

mathematics lasted four months (Rohrer et al., 2020b). The retention interval – the time

between practice and testing – is also longer here than in prior studies. We estimate that the

average item on the cumulative assessment was practiced 141 days earlier, compared to a

maximum of 92 days in earlier research (Ziegler and Stern, 2014).2 Our long-term retention

measure includes both material practiced up to nine months before the assessment and more

recent content from weeks prior.

guide.
2Section 2.6 details the calculation of comparable retention intervals across studies.
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This study adds to the emerging literature on using cognitive psychology to design scal-

able, low-cost educational interventions in low- and middle-income countries (LMICs) (Dillon

et al., 2017). Evidence of interleaving’s impact on math skills comes mainly from researcher-

led pilot studies in the United States, Germany, or Switzerland (see Appendix Table A1).

These findings may not generalize to other contexts due to differences in populations, baseline

learning levels, and complementary inputs. Impacts from researcher-driven pilots may also

not translate to practitioner-led programs at scale (Al-Ubaydli et al., 2019; List, 2022). This

study shows that practitioners can replicate pilots’ short-term gains, but raises questions

about the long-term persistence of these effects.

While short-term impacts may overstate long-term gains, interleaving can still be valu-

able. First, our study cannot rule out moderate positive aggregate effects on long-term reten-

tion, and manipulating practice sequences is often low-cost. Second, substantial short-term

test score gains may have intrinsic value. Although our study fixed the pace of instruction,

if interleaved practice supports faster learning – especially among lower-performing students

– interleaving could enable an accelerated pace of instruction. Third, heterogeneous effects

suggest that more effective practice might be developed by targeting based on students’

skills. A positive policy implication of the study is that to effectively exploit lessons from

the study of memory may require complementary changes to education, such as accelerating

the pace of instruction or targeting study strategies based on their expected gains. While

the need for more comprehensive change to exploit desirable difficulties in the classroom

may erode the cost-effectiveness argument for such strategies, such interventions may still be

feasible at low cost in some settings. We view this as an important area of future research.

The present study is meant to examine whether an increase exposure to desirable difficulties

over the year can improve math outcomes on its own.

The remainder of this paper is organized as follows. Section 2 describes important features

of the setting and program that are relevant for the interpretation of the results. Section 3

describes the empirical framework we use to test the effect of the interleaved practice strategy

on math performance. Section 4 presents the results. Section 5 interprets the results and

concludes.

2 Context

This section describes the context and details of the blocked and interleaved practice pro-

grams. Section 2.1 covers the background, setting, math curriculum, and in-class practice

sessions. Section 2.2 explains how the interleaving program modified practice sessions. Sub-

section 2.4 describes the randomization procedure and inclusion criteria. Sub-section 2.5
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describes the study population. Sub-section 2.6 discusses the test scores used to evaluate

the program.

2.1 Background & setting

The interleaved versus blocked practice program was implemented in grade five math class-

rooms across 62 schools in Lagos and Osun states. All participating schools were operated by

Bridge Nigeria, a subsidiary of NewGlobe, which manages for-profit private schools primar-

ily in urban informal settlements (henceforth: “Bridge”). NewGlobe also operates private

schools in India, Kenya, and Uganda and supports free public schools as a technical partner

to governments in Nigeria and Rwanda. Bridge schools typically serve lower-income house-

holds. At the time of the study, tuition was approximately eight dollars per month per

student.

The interleaving experiment was initiated by Bridge to address student difficulties in

classifying math problems (matching appropriate solution concepts to problems) on cumula-

tive assessments.3 Bridge staff responsible for designing lesson materials consulted cognitive

science research to identify methods for improving retention, particularly in categorizing

math problems and applying correct solution strategies.

Student exposure to interleaved practice was varied by modifying the centrally standard-

ized materials used to script classroom instruction. Bridge schools follow a structured ped-

agogy model, where teachers use tablet-based digital guides that script nearly all classroom

activities, providing step-by-step instructions for teaching the material. The use of struc-

tured pedagogy allows for tighter control over teacher behavior than is typical in classrooms,

making this a particularly attractive setting for evaluations of the impact of pedagogical

variations.

Bridge students receive two periods of math instruction daily. New material is intro-

duced daily; both periods typically cover similar content and may involve different types of

problems.4 Generally, the first period is more focused on demonstration, while the second

period focuses on practice, including some cumulative review. During both 45-minute peri-

ods, teachers lead the class in a module known as “My turn, your turn”, wherein teachers

complete worked examples on the board (“my turn”), and then ask students to complete

problems in the assignment book (“your turn”). Teachers write all problems on the board,

following the electronic teacher guide. Each session includes 16-24 problems focused on a

3Bridge schools administer up to seven subject-specific tests per year, including an initial diagnostic,
midterm, and endterm assessments for each of the three academic terms. These assessments provide data
for centrally monitoring lesson material performance.

4For instance, students might practice a procedure in Mathematics 1 and its inverse in Mathematics 2.
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single “topic of the day,” with an appropriate solution strategy. The following day introduces

a new topic with related practice problems. Each math period includes two “my-turn/your-

turn” sessions, covering the same topic with different problems.

Weekly mathematics revision courses review material from the past week. Students

are tested at mid- and end-term, providing additional opportunities for retrieval practice

(Karpicke and Roediger, 2008). Within each term, the midterm assessment took place

before the posttest, and the endterm took place after the endterm. The term 3 endterm also

took place after the cumulative assessment. Both midterms and endterms contain a mix of

material from the present and past terms.5

2.2 Design of the interleaving program

The interleaving program modified the sequence of problems presented to children during

the daily “my turn, your turn” module in both Mathematics periods.6 The number and

type of practice problems completed by the teacher during “my turn” were identical in both

interleaved and blocked classrooms. The number of practice problems completed by students

during “your turn” was also the same in blocked and interleaved classrooms, but the type

differed. In blocked classrooms, “your turn” problems were grouped so that all items used

the same solution strategy as the “my turn” segment. In interleaved classrooms, “your turn”

problems included a mix of aligned and non-aligned items. Aligned problems matched the

topic of the day, as in the blocked condition, while non-aligned problems came from other

topics covered in the term, often within the same unit (typically spanning 3–5 lessons).

Most interleaved practice sets featured roughly equal proportions of aligned and non-aligned

problems, though the exact mix varied by lesson.7 Figure 1 provides examples of problems

used in blocked and interleaved classrooms.

Schools with the interleaving program in grade 5 classrooms also implemented an un-

related reading program in grade 3, adjusting the difficulty of passage reading practice for

advanced readers (Aitken et al., 2025). While we believe this grade 3 reading program

likely did not affect grade 5 outcomes, we cannot empirically test this. Cross-grade and

cross-subject spillovers from minor pedagogical changes are rarely studied.8

5This study does not report estimates of the effect on midterm and endterm assessments because they
contain items taught to students before the intervention. This study focuses on the assessments that were
administered to specifically measure skills for which there is experimental variation in the form of practice.
We find some evidence of gains on the midterm and endterm assessments, especially in Term 2, and not in
Term 3.

6In Term 1, only Mathematics 1 practice was blocked in both groups. In Terms 2 and 3, interleaved
classrooms received interleaved practice in both daily Mathematics sessions.

7Details in Appendix A.
8One concern is that introducing new lesson guides may impose administrative costs at the school level,
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2.3 Overall research agenda

This evaluation is part of a series of experimental studies conducted in collaboration with

NewGlobe’s Learning Innovation team (Gray-Lobe et al., 2025a, 2024, 2025b). The Learning

Innovation unit aims to improve learning outcomes by refining NewGlobe’s materials and

testing whether variations in materials are effective enough for large-scale implementation.

NewGlobe has also collaborated with other researchers (Schueler and Rodriguez-Segura,

2020; Romero et al., 2022; Esposito Acosta and Sautmann, 2022).

2.4 Randomization & inclusion criteria

Bridge Nigeria operated 63 schools during this program. One school was excluded from

randomization because it operated a slightly different model (known as “Bridge Plus”). The

remaining 62 schools were randomly assigned to either the interleaved or blocked problem

set condition. Each school contained one grade five classroom. We use school and classroom

interchangeably to refer to the unit of randomization.

Randomization was stratified based on pre-assignment characteristics, including lesson

completion rates, student-teacher ratios, school urban/rural classification, and whether the

school had a grade five class the previous year.910 Figure 2 illustrates final sample construc-

tion. Twelve strata were formed in total, with 28 schools assigned to interleaved practice

and 34 to blocked practice. Post-randomization, two strata were found to contain only one

school each. The randomization procedure deterministically assigned these strata to the

comparison group, so these schools were dropped from the analysis.

The analysis sample of students is restricted to ensure estimated effects reflect the pro-

gram’s causal impact on learning and are unaffected by changes in enrollment, and to reduce

the risk of selective attrition. Entry and exit of students potentially complicate the interpre-

tation of the results.11 The restrictions are meant to exclude students who enrolled at Bridge

after the intervention began. The primary motivation for restricting the sample in this way

potentially affecting test scores. If this occurred, the study might underestimate the interleaving effect.
However, such administrative impacts are a common challenge across experimental evaluations.

9Strata were defined by indicators for schools with lesson completion rates above 75% (approx. the
median), student-teacher ratios of ≤ 15, 15–30, or >30, and urban classification.

10Urban/rural classifications were based on Bridge’s cost-of-living salary adjustments.
11Gray-Lobe et al. (2024) find that over thirty percent exited Bridge schools in Kenya over an academic

year. Table 3 of Gray-Lobe et al. (2022) shows that around 20 percent of non-scholarship receiving students
left Bridge’s schools in Kenya over the course of a year, with lower rates of exit among scholarship recipients
suggesting that difficulty paying fees may be a driver of exit rates. In most cases, students exiting Bridge
are transferring to lower-cost public schools, although in some cases, to other private schools. Gray-Lobe
et al. (2022) found that, over the course of a two-year study, primary-school-aged students who were initially
enrolled at Bridge were enrolled in primary school at the end of the study, including many who had exited
Bridge.
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is to simplify the exposition. Characteristics like pre-intervention test scores are missing for

new entrants, so they cannot be included in several of the analyses below. Additionally, there

is no way to evaluate attrition among the sample of new entrants because the population

of potential entrants cannot be observed. Restricting the sample to exclude new entrants

means that the causal impacts estimated below reflect the impact on incumbent students.

As noted below, including new entrants does not substantially affect the results.

The sample is further restricted to students confirmed to be enrolled in Bridge at the time

the interleaving program was launched. In many cases, families may withdraw their children

from Bridge without giving Bridge notice. Missing test scores can be a strong indicator of

whether students are truly enrolled. The sample is therefore restricted to those students

who have test score results from the period before the program’s start. Consistent with the

hypothesis that missing test scores often indicate that students have withdrawn, the sample

that satisfies this condition has substantially lower levels of test score attrition in follow-

up periods. Given these concerns, students were included if they met two criteria: 1) Their

unique identifier appeared in a NewGlobe mathematics test data file from immediately before

the program’s start and 2) Pre-assignment data included their gender, age, and enrollment

date. Based on these criteria, 525 students were excluded. One interleaved school had no

eligible students and was dropped. Robustness tests indicate that these inclusion criteria do

not affect the main results (see Appendix Table A9).

2.5 Sample characteristics & baseline balance

We use student-level and school-level data collected by Bridge.12 Table 1 shows that both

student-and school-level characteristics are similar for the interleaved and blocked groups.

The study sample includes 687 students (Table 1). At baseline, the average age was 9.81

years, and about half were female. Students had been enrolled in a Bridge Nigeria school for

1.23 years on average when the interleaving program started.13 The previous year’s average

student-teacher ratio was 23, and teachers completed scheduled lesson guides 77% of the

time.

Most schools in our sample are in Lagos State, one of sub-Saharan Africa’s most densely

populated regions. According to Bridge’s classification, 68% are in rural areas, though many

Lagos schools might be better described as peri-urban. Eight percent are in Osun State, a

less urban area, where all schools are classified as rural.

12Although Bridge is a for-profit organization, we believe it conducted this experiment to explore the
effectiveness of a pedagogical intervention, with results – positive or negative – having no impact on its
reputation or profitability.

13Enrollment dates reflect the earliest entry into any Bridge Nigeria school, even if a student changed
schools.
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2.6 Test scores

NewGlobe developed termly posttests measuring short-term retention and a yearly cumu-

lative assessment measuring long-term retention of material covered in the “my turn/your

turn” sessions.14 Each test was composed of thirty open-ended items graded ‘correct’ or

‘incorrect’, with no partial credit. Grade 5 math teachers received test items on tablets and

wrote them on the board for students to answer in their exercise books. Academy managers

assigned a different teacher to grade the tests. Afterward, students received the correct

answers. Teachers transmit the count correct for each student. Item-level data was not

recorded. For analysis, raw scores were standardized using the comparison group’s mean

and standard deviation. Figure 3 shows the test administration timeline.

This study defines the retention interval differently from other interleaving studies. Typ-

ically, the retention interval is measured as the time between the end of an intervention and

the test. In this study, tests were administered immediately after the end of a term of study,

so that the retention intervals defined in this way would be only a few days. The present

study covers material for an entire academic year, with some concepts having been practiced

at the beginning of the program and others closer to the test. We propose an alternative

measure of the retention interval that can be easily calculated for prior studies and which

captures the fact that the amount of time elapsed since the practice event for different con-

cepts may vary within a test. Specifically, we calculate the retention interval as the average

duration (in days) from the beginning and the end of a practice period (either an academic

term in the case of the posttests or the academic year for the cumulative assessment) and

the date of the test.15

Posttests (short-term) Posttests measure short-term retention of topics covered each

term. Most topics appeared in at least two terms, while some, like fractions and arithmetic,

were included in all three (Table 2). However, specific problems and solution concepts varied

across terms. For example, a Term 1 arithmetic question involved adding and subtracting

four-digit numbers, multiplying three-digit numbers, and dividing a three-digit number by a

single-digit number. In Term 2, arithmetic included subtraction of numbers with one decimal

place, story problems requiring multiplication of velocity and time, and division of numbers

with decimal places.

We use “short-term retention” to distinguish posttest outcomes from the cumulative

assessment. The average posttest retention interval is 36 days, varying by term length: 45.5

14These tests supplemented Bridge Nigeria’s regular mid- and end-term summative assessments.
15Specifically, if students practiced a set of concepts Xj across a time interval from t0j to t1j , then the

average retention interval for a test yj administered at time t3j is calculated as
∆1j+∆2j

2 , where ∆zj = t3j−tzj .
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days for the first posttest, 38.5 for the second, and 23 for the third.16

Our preferred short-term outcome is an index averaging a student’s observed posttests.17

In both blocked and interleaved classrooms, 97% of students have an average posttest score

(Table 3, Panel A, Column 1). Follow-up on individual posttests is lower, with students

in interleaved classrooms five percentage points less likely to be observed across all three

posttests (Appendix Table A2, Column 2).

Pre-term tests mirrored posttests, measuring prior knowledge of material before instruc-

tion and problem sets. Pretests and posttests within a term covered the same topics with

slight item variations. For example, a pretest item asked: Solve 9857 - 1903 - 708, while

the corresponding posttest item was: Solve 9056 - 2071 - 609. The order of topics differed

between pretests and posttests.

Cumulative test score (long-term) The cumulative assessment was administered five

days after the interleaving program ended, covering content from the entire academic year.

One-third of the questions were drawn from each term. Designed to align with previous

posttests, 30% of cumulative test items mirrored those in the Term 1 posttest, 37% in Term

2, and 33% in Term 3 (Table 2). Using our retention interval calculation method, the

cumulative assessment’s retention interval is 141 days.

Approximately 78% of students in comparison schools have cumulative test data. Stu-

dents in interleaved schools are four percentage points less likely to be observed for this test,

but the difference is not statistically significant (Panel A, Column 2, Table 3).

Note that the cumulative assessment includes material that was practiced almost nine

months earlier as well as material that may have been practiced shortly before the assessment.

Effects observed on this assessment may reflect a mixture of both impacts on short- (material

from Term 3) and long-term retention (material from Terms 1 and 2). Estimates of the

interleaving effect on the cumulative assessment may be biased in the direction of the impact

on short-term retention relative to a test that excludes Term 3.

A note on differential attrition Differences in follow-up rates between interleaved and

blocked classrooms may raise concerns about selective attrition. Lower follow-up rates in

16In the interleaving literature, “short-term” often refers to same-day (e.g., Patel et al., 2016) or same-
week effects (e.g., Taylor, 2008; Taylor and Rohrer, 2010a). Compared to these, our short-term results reflect
longer retention. However, our intervals align with other large field experiments on interleaving, and prior
studies suggest very short-run impacts are often smaller than longer-run effects (Brunmair and Richter,
2019).

17This approach improves conciseness, increases follow-up rates (as it includes students with at least one
posttest result), and enhances statistical power (e.g., Kling et al., 2007). Estimates of the effect on this index
can be interpreted approximately as the average of effects on individual posttests. Figure 5 shows similar
impacts across all three posttests.
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interleaved classrooms are mostly explained by slightly lower levels of attendance on test

days (Appendix Table A4). One possible explanation is that interleaved practice, known

to be more cognitively demanding (e.g., Taylor, 2008; Ziegler and Stern, 2014), discouraged

some students, leading to lower attendance.18 Such a discouragement effect could dispropor-

tionately impact students depending on their initial skills.

While we cannot rule out selective attrition, the evidence suggests it is unlikely. The

effects of interleaved practice on individual posttests are similar over time (Appendix Figure

A1) while the attrition varies over time. Most students completed at least one test, reducing

the risk of bias due to attrition for the short-term measures of retention. Importantly,

attrited and non-attrited students show no significant differences in baseline performance

(Appendix Table A3).

3 Empirical framework

We want to estimate the effect of increasing interleaved math practice on test scores Ys,i,j

where s indexes outcomes, i students, and j schools. We estimate the following linear model

of test scores

Yijs = αs + βsZj + γspj + ϵijs (1)

where Zj ∈ 0, 1 indicates whether the classroom was assigned to the interleaving group,

pj is the probability that school j would be assigned to the interleaving condition, and

ϵijs is an idiosyncratic error term potentially containing a common classroom component.19

Fitting the data to Equation 1 yields an estimate, β̂s, of the effect of interleaving versus

blocking problem sets. Given random assignment of Zj, β̂s is an unbiased estimate of the

average effect of increasing interleaving in problem sets compared to blocking on outcome s.

Because blocked practice was the status quo ex ante, we refer to the blocked condition as a

“comparison” group, and we call the estimate β̂s, the effect of interleaved relative to blocked

18Since students were not informed in advance about tests, it is unlikely they deliberately avoided assess-
ments.

19We control for the probability that the school would have been assigned to the interleaving condition
instead of strata dummies because, for specifications in this study, there are randomization strata with
non-varying treatment status after conditioning on observation of all data used in the specification. This is
especially important in the case of the tests of heterogeneous impacts across students with different baseline
test scores because these data are not available from all schools. Controlling for the probability of treatment
is sufficient to ensure unconfoundedness and conserves the sample size for estimation. Unconfoundedness
follows from Theorem 1 of (Rosenbaum and Rubin, 1983). To see this note that Y (1), Y (0) ⊥ Z|X, where X
represents randomization strata fixed effects is true given randomization, and therefore Y (1), Y (0) ⊥ Zi|e(X),
where e(X) is the probability of treatment given a units randomization stratum. Results are broadly similar
when controlling for strata fixed effects (see Appendix Table A10).
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practice, the “interleaving effect”. Standard errors are clustered at the school level.20

Motivated by prior literature showing that interleaving may have heterogeneous impacts

on students depending on their initial level of mathematical knowledge (Ostrow et al., 2015),

we extend the analysis to explore distributional impacts. First, we test whether variation

in the impact of interleaving on students is predicted by a student’s baseline test score by

estimating the following linear regression model:

Yijs = δs + κsZj + λsZj × yi + µsyi + πspij + ηijs (2)

where yi is a baseline math test score, which has a mean of zero in the blocked practice

group. We use the mean of the three midterm and endterm math scores before the start of

the program to construct the baseline math test score. Estimation by OLS yields κ̂s, which

gives the effect of interleaving on a student with a baseline test score equal to zero, and λ̂s,

the difference in the effect for a student with a baseline test score one standard deviation

above the mean. Second, we also use quantile regression to examine distributional impacts.21

Estimation of Equation 2 can understate the degree to which the interleaving effect varies

with baseline math skills if the scores contain measurement error. Quantile regression gives

the interleaving effect, β̂τ
s , at a chosen percentile τ of the test score distribution. Assuming

the relative ranks of students are preserved regardless of the form of practice, quantile regres-

sion estimates can be interpreted as the effect on students at different initial rankings within

the classroom. The rank preservation assumption is strong, especially given the evidence

of larger impacts for lower-performing students. We note the similarity in estimates from

Equation 2 as support for the interpretation of quantile regression estimates in this way. As

we discuss below, likely violations of rank preservation would tend to mean that our results

20While conventional in school-clustered randomized evaluations, we note that clustering at the random-
ization unit level may produce misleading inference. Chaisemartin and Ramirez-Cuellar (2020) show that,
in cluster-randomized evaluations, when randomization strata contain a small number (less than 10) of ran-
domization units (schools, in this case), clustering at the stratum level produces more accurate inferential
error rates. Only 2 (out of 10) strata contain more than 10 schools (Appendix Figure A2). However, because
the number of strata is also small, clustering at the strata level can produce downward-biased estimates of
standard errors of the interleaving effect (Cameron and Miller, 2015). In our specifications (which do not
include randomization strata fixed effects) errors clustered at the school level may produce slightly conser-
vative inference in expectation (Chaisemartin and Ramirez-Cuellar, 2020). Clustering standard errors at
the strata level in conjunction with wild cluster bootstrap inference (Cameron and Miller, 2015) does not
meaningfully affect our main results (see Appendix Table A5).

21Quantile regression estimates come from the same linear model as Equation 1. Quantile regression
estimates come from minimizing the loss function as expressed below:

(ατ
s βτ

s γτ
s )

′ = arg min(α β γ)′∈R3

n∑
i=1

(ρτ (Yijs− αs − βsZj − γspjθ)) , (3)

where ρτ (x) = x(τ − 1{x < 0}).
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understate the distributional impacts of interleaving.

4 Results

This section examines the aggregate effect of interleaving compared to blocked practice on

shorter-term posttests, measuring learning over the course of an academic term, as well as

on the cumulative assessment at the end of the year. Extensions of the analysis consider (a)

the expected impact on the cumulative assessment given the impact observed on the termly

posttests, (b) distributional effects, and (c) the impact on long-term retention of term 1 and

term 2 material at the end of the year.

4.1 The aggregate effect of interleaving in the short and long term

Interleaved practice increases short-term retention by 0.28 standard deviations (Table 3,

Panel B, Column 1), an effect equivalent to moving a student from the median of the com-

parison group distribution of test scores to the 61st percentile. This effect is similar to the

short-term effect of 0.34 standard deviations found in a meta-analysis of evaluations com-

paring interleaving to blocked practice in mathematics education (Brunmair and Richter,

2019).

Impacts on individual posttests are similar across the three posttests (Figure 5). The

largest impact (0.31 standard deviations) comes from the third posttest, the test with the

shortest average retention interval (23 days compared to 45.5 and 38.5 for the first and

second posttests, respectively). However, the difference between the interleaving effect on

the third posttest and the others is not statistically significant.

Despite large impacts on each of the short-term posttests, the estimated interleaving effect

on cumulative test scores is 0.03 standard deviations (Table 3, Panel B, Column 2). The

null hypothesis that the interleaving effect on the cumulative assessment is zero cannot be

rejected. Given the standard error, moderate positive or negative impacts of interleaving on

the cumulative assessment cannot be ruled out. The 95 percent confidence interval includes

effects from -0.28 to 0.34 standard deviations.

The longer-term interleaving effect is smaller than the short-term effect (Table 3, Panel

B)22. A test of the hypothesis that the effect on the posttest and cumulative assessment are

equal yields a p-value of 0.02.

22We test whether the effect on longer-run retention (the effect on the cumulative assessment) is equal
to the short-term retention (the effect on the posttest) by estimating the effects jointly using seemingly
unrelated regression (SUR) and then test the hypothesis that the estimated effects on the two outcomes are
equal.
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4.2 Surrogate analysis

What long-run effect would we expect on the cumulative assessment, given the observed

short-term impacts on termly posttests? To answer this, we apply procedures from surrogate

analysis (Prentice, 1989; Athey et al., Forthcoming).

Surrogate analysis is designed to forecast treatment effects on long-term outcomes when

(a) treatment effects are observed on short-term (surrogate) measures, and (b) the relation-

ship between short- and long-term outcomes can be estimated, often using external data.

Step (b) provides parameters describing how long-term outcomes respond, on average, to

changes in short-term outcomes. Combined with the estimated short-term effects, these

parameters generate a forecast of the long-term impact. For this procedure to yield unbi-

ased predictions, two key assumptions are required: (i) the estimated relationship between

short- and long-term outcomes reflects the true causal response, and (ii) the treatment af-

fects long-term outcomes only through its effects on the short-term measures (the surrogacy

assumption). In the present study, both short- and long-term effects have been observed, so

the value of short-term effects as surrogates can be evaluated. The results show that short-

term test scores provide poor predictions of the cumulative assessment and are therefore

weak surrogates.

As would be expected, the termly posttests are highly predictive of the cumulative as-

sessment. As an initial step, we estimate the conditional expectation of the cumulative

assessment score, Yij,cumulative, as a linear function of the termly assessments Yij,Term t in the

blocked group

Yij,cumulative = α +
3∑

t=1

β1Yij,Term t + εij . (4)

We then estimate Equation 1 using the prediction from Equation 4, Ŷij,cumulative (the surrogate

index) as an outcome. Under the assumptions needed for OLS to identify the causal effect

of each termly posttest (Chapter 4 Wooldridge, 2010), the effect of interleaving on the

surrogate index reflects the impacts that would have been expected had the impacts on the

short-term assessments been observed and the correlation between the short-term and long-

term outcomes been known. Estimates of standard errors are obtained by bootstrapping to

account for sampling variance in the estimation of the surrogate index.

Estimates of βt from Equation 4 are reported in Appendix Figure A3. Consistent with

the view that the posttests capture a distinct set of skills, the estimates show that each

termly score is separately predictive of performance on the cumulative assessment.

In aggregate, the estimated effect expected given the short-term gains was 0.237 standard

deviations, nearly ten times the effect, 0.028 standard deviations observed on the observed
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cumulative assessment (Panel A of Figure 7). The gap is especially striking when considering

initially lower-performing students. Panel B of Figure 7 also reports the impacts using both

the surrogate and the actual cumulative score on those students one standard deviation below

mean of the sample. The effect that would have been expected given the short-term impacts

on lower-performing students was 0.527 standard deviations. However, the estimated effect

for these students was only 0.066 standard deviations.

4.3 Distributional effects

Interleaving appears to have larger, more persistent, and more robust impacts on initially

lower-achieving students than on higher-achieving students. As discussed below, this pattern

of effects is found both in estimates of the interaction between baseline test scores and the

interleaving condition as described in Equation 2 and in quantile regression estimates.

For students at the mean of the test score distribution, interleaving increased posttest

scores by 0.35 standard deviations (3, Panel C, Column 1). For a student with a baseline

test score one standard deviation above the mean, interleaving increased posttest scores by

0.16 standard deviations. Conversely, for students one standard deviation below the mean,

interleaving increased posttest scores by 0.54 standard deviations. For students at the mean,

the estimated interleaving effect on the cumulative assessment is 0.02 standard deviations,

and the estimated interaction term is -0.05 standard deviations (Table 3, Panel C, Column

2). Neither coefficient is statistically distinguishable from zero. However, in light of the

heterogeneity on the posttest, it is noteworthy that these results are similarly signed to

those for the posttest.

The effect was largest at the bottom of the distribution for both the posttests and cumula-

tive assessment. On the short-term test, effects at the 10th, 20th, 25th, and 50th percentiles

are respectively 0.49, 0.44, 0.44, and 0.38 standard deviations and statistically significant.23

The estimated effect on the 20th percentile is 0.49 standard deviations and highly statis-

tically significant (Figure 6) on the long-term test.24. Notably, the estimated effect at the

90th percentile is -0.33 standard deviations, and the null hypothesis can be rejected at the

five percent level, suggesting that interleaving may be harmful for top performers.

If one does not accept the rank preservation assumption discussed in Section 3, then

the negative impacts on students who would have been at the top of the distribution in the

counterfactual would be even larger.

23For a visual comparison of the test score distributions, see Figure 4.
24Appendix Table A7 reports results in table form.
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4.4 Isolating impacts on long-term retention

The absence of an effect on the cumulative assessment, coupled with the large positive

impacts observed in the final term, suggests small or even negative impacts on long-run

retention. Denote a student’s latent skill related to material from term t by θt at the time

of the cumulative assessment. Approximately one-third of the items on the cumulative

assessment mirrored those in the posttest, which directly measured θ3.

To illustrate, consider a potential outcomes model of the latent skills that influence

performance on the cumulative assessment. Assume that the cumulative assessment score is

given by

yi =
3∑

t=1

ωtθti(0) + Zi

3∑
t=1

ωt (θti(1)− θti(0))︸ ︷︷ ︸
δti


where ωt represents the fraction of items that require skills from the term t domain, and

θt,i(z) represents individual i’s latent skill as a potential outcome of z (Rubin, 1974). The

difference in potential latent skills θti(1) − θti(0), represents the impact of interleaving on

test items related to term t material. The average cumulative assessment interleaving effect

is ρ = E[
∑

t ωtδt]. In other words, if the effect is 0.3 on θ3, and the cumulative effect is 0.03,

then the impact on retention of term 1 and 2 material is ρ− 0.33δ3, or −0.06.

This same exercise suggests even larger and more statistically significant negative impacts

on higher-performing students. Figure 6 shows two approaches to eliminate the influence

on the Term 3 posttest from the cumulative assessment. The bottom left panel reports

quantile regression estimates using a residual performance on the cumulative assessment after

removing the number we expect they would have correctly answered, given their performance

on the Term 3 posttest. Because 33 percent of the cumulative assessment included items

that would have been overlapping with the Term 3 assessment, we form a residualized test

score: ỹ = Cumulative score− 0.33× Term 3 posttest score. The bottom right panel shows

results from the quantile regression on the OLS residual cumulative score after controlling

for term 3 posttest scores. In both cases, estimates at all quantiles are shifted downwards,

and estimated effects on the top quartile are large and in many cases highly statistically

significant.

The assumptions needed for these analyses to yield an unbiased estimate of the causal

effect on skills related to terms 1 and 2 material are strong. First, it must be the case that

the term 3 posttest represents skills on term 3 material at the time of the assessment. If

the posttest, which provided distributed and in some cases interleaved practice of term 3

material, had a pedagogical effect, it is possible that despite being close in time, students

in the comparison group improved as a result of the posttest. In this case, controls for
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posttest performance will lead to negative bias in the estimates of the impact on term 1 and

2 material. Second, it must be the case that impacts on common skills across the terms are

minimal. If, for example, interleaving produced gains on transferable conceptual skills, then

the term 3 posttest would be a “bad control” (Angrist and Pischke, 2008).

4.5 Gender heterogeneity

We tested for and found no evidence of heterogeneous impacts by gender. Results are

reported in Appendix Table A6.

4.6 Catch up or fade out?

The absence of an effect on the cumulative assessment may reflect either the comparison

group learning more rapidly or the interleaving group forgetting. Unfortunately, data lim-

itations – specifically a lack of item-level data – prevent this study from providing a clear

answer to this question. While we cannot rule out forgetting, several factors suggest it played

a minor role. Short-term assessments measured skills learned over an average of 36 days,

reflecting long-term memory consolidation rather than short-term test cramming. The sim-

ilarity of math topics and frequent testing provided ample repetition and retrieval practice,

making it unlikely that consolidated skills would be quickly lost. Additionally, students in

blocked conditions performed better on the cumulative assessment than on the Term 2 or

Term 3 assessments (Appendix Figure A4), further suggesting retention rather than decay.

4.7 Risk of bias due to unit inconsistency

The cumulative assessment may reflect a comparison of inconsistent units. A standard devi-

ation of the cumulative assessment distribution may measure a larger difference in learning

than a standard deviation of the posttest distribution. This might be because the test is

more comprehensive or due to differences in the tests’ properties. In this view, the smaller

estimated effect on the cumulative assessment may be consistent with persistent effects in the

underlying skills measured (albeit noisily) by the cumulative assessment. This interpretation

does not have strong support in the data: the cumulative assessment is similarly correlated

with posttests as the other posttests are to one another (See Appendix Table A8).

4.8 Risk of bias due to attrition

Another interpretation for which we find little evidence is that the cumulative assessment

is biased downward due to selective attrition. The risk that the interleaving effect for the
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cumulative assessment is compromised by selective attrition is greater than that for the

posttest index, for which follow-up is high. Appendix Table A3 reports covariate balance

between the interleaved and blocked condition conditional on follow-up on all individual

posttests and the cumulative assessment. On observable characteristics, we see no evidence

of differences in the sample composition conditional on follow-up for any single test. Also,

despite the similar follow-up rates on the Term 3 and cumulative assessments (Appendix

Table A3), we find very large impacts on the Term 3 posttest (Appendix Figure A1).

5 Conclusion

This study evaluates a full academic-year program that induced “desirable difficulties” in

grade 5 math classes in Nigeria. In the interleaved program, students practiced problems

drawn from different days’ lessons, creating a mix of content that is generally considered

more challenging. Students in comparison classes practiced only problems aligned with that

day’s specific lesson. Interleaving improved short-term retention on term-specific tests, with

effects similar to those found in high-income countries. However, interleaving did not improve

long-term retention as measured by performance on the end-of-year cumulative test.

These results can be reconciled with the existing literature if one recognizes the opportu-

nities students in the comparison group may have had to catch up with those who got a head

start from interleaved practice. Scientific studies of memory typically control counterfactual

learning conditions to establish clear causal connections between different learning processes.

However, these conditions may overlook that many desirable difficulties – such as distributed

or interleaved practice – can arise naturally in educational settings, and that students may

also adjust their study effort to compensate for less effective practice.

First, Bridge schools, like many other education systems, provide students with many

opportunities to be tested. Including the termly posttests used to evaluate the impact of

the interleaving program, students in this study were tested up to eight times before taking

the cumulative assessment. Each of these tests provided students with opportunities for

distributed practice, another validated “desirable difficulty” (e.g. Ebbinghaus, 1913; Bjork,

1994; Brown et al., 2014). As is standard practice for mid and endterm assessments, these

tests themselves would have included many types of items, potentially capturing some of the

benefit of interleaving. Insofar as the memory-formation benefit of such practice would be

greater for those for whom the practice was more difficult (Pavlik and Anderson, 2005), it

is possible the testing apparatus would have larger impacts on the retention of those who

initially formed less durable memories using blocked practice.

Second, over time, students may seek out additional opportunities to learn things that
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they don’t initially master. A canonical result of education economics due to Todd and

Wolpin (2003) is that the impact of an intervention reflects the combined effect on behaviors

of students, parents, and teachers. While responses may vary, students are not passive

recipients of information. They make decisions about how to pay attention, how much to

study before a test, and which subjects to focus on. Teachers and parents may also respond

by trying to remediate when students do not learn skills initially. Endogenous effort responses

could also explain why interleaving is less effective for higher-performing students, as these

students may be those for whom this endogenous response is greatest (e.g., self-directed

learners).

The absence of an aggregate impact on the long-term retention test may also reflect

heterogeneous distributional impacts of interleaving. Interleaving had the largest impact on

termly assessments among students at the bottom of the distribution. Lower-performing

students may have benefited in the long-term as well. However, insofar as there is evidence

of gains at the bottom, there is evidence of harm at the top of the class. These results, while

not dispositive, suggest that efforts to match students to practice that is more suited to their

needs may be valuable. A large literature has emerged on the potential benefits of targeting

instruction to the level of individual students (e.g. Banerjee et al., 2007; Duflo et al., 2011;

Banerjee et al., 2017; Muralidharan et al., 2019; Raudenbush et al., 2020). Typically, this

involves assigning more difficult work to students who appear more prepared. In this case,

it appears that lower-performing students seem to benefit the most from more challenging

forms of practice.

This study is unable to rule out some aggregate long-term gains from interleaving. The

95 percent confidence interval of the aggregate effect of interleaving contains both moderate

positive and negative effects. Overall, the study is inconclusive regarding the question of

whether interleaving or blocked practice is a better form of math practice when it comes to

cumulative math performance. The gains from interleaving in the short term suggest that, at

a minimum, interleaving produces more rapid learning over some time horizons. For example,

if students who struggle with math early are more likely to develop math anxiety (Ramirez

et al., 2013) or a fixed mindset (Blackwell et al., 2007), then intervention to accelerate their

progress may have long-term impacts on their self-perception, relationship with math, and

effort toward math mastery. The present study is, unfortunately, not positioned to examine

such a hypothesis.

The large short-term impacts on the bottom of the distribution suggest that combining

interleaving with other changes to the classroom environment may be very effective. The

pace of group-based math instruction can be slowed when lower-performing students are

struggling to keep up. These results suggest that interleaving may reduce the prevalence
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of students falling behind and thereby allow for accelerated instruction, including more

advanced material that may benefit higher-achieving students (Cohodes, 2020). There may

also be unobserved benefits in the present study of helping lower-performing students learn

more initially.
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Figures & Tables

Figure 1: Example practice set for blocked and interleaved practice

Blocked practice Interleaved practice

Write as a percent:
1) 5/10 1) Write 5/10 as a percent.
2) 7/10 2) Express 65% as a fraction.
3) 8/10 3) Write 8/10 as a percent
4) 7/20 4) List all the factors of 120.
5) 9/20 5) Write 9/20 as a percent.
6) 8/25 6) Write the multiples of 7 between 15 and 50.
7) 9/25 7) The numerator of a fraction is the prime nu-

mber between 8 and 12. The denominator is a
multiple of 10 between 18 and 22. Write this
fraction as a percent.

8) 9/50 8) Sam got 9 marks out of 20 in an exam. What
is his marks in percent?

Notes: Examples of blocked practice vs. interleaved practice (independent
study). All items in the blocked practice set cover the topic of the day. Items
in the interleaved practice set cover the topic of the day (problem 1, 3, 5, 8),
topics from previous lessons (problem 2, 4, 6) and an integrated problem (7).
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Figure 2: Consort diagram

Notes: Figure shows the process of arriving at the final sample of schools and students for analysis. The final row shows the
number of students in blocked and interleaved schools that have a test for each of the tests.
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Figure 3: Timeline of events

17.09.
2018
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03.12.
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2019
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21.06
2019
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26.06
2019

Term 1 Term 2 Term 3

Interleaving Intervention

Notes: Figure shows the project timeline. PO=Posttest and CU=Cumulative assessment.

Figure 4: Test score distributions

Notes: Each figure plots the kernel density of test scores in blocked and interleaved class-
rooms.
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Figure 5: Effect on individual posttests

Notes: Coefficient plot of impacts on individual posttests. Error bars indicate 95% confidence
interval.

28



Figure 6: Effects across quantiles

Notes: The figure shows the effects of interleaving at percentiles of the distribution of test scores. The line represents the point
estimate at each percentile. The darker area represents the 10% confidence interval and the lighter area represents the 5%
confidence interval.
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Figure 7: Effect on cumulative assessment surrogate index

Notes: The figure compares what one would have expected to see on the cumulative assessment, given the impact on the termly
assessments under surrogacy assumptions, to the impact observed on the actual cumulative assessment. The surrogate index is
formed by estimating a linear model of the cumulative assessment as a function of performance on termly assessments in the
comparison group. Standard errors for the impact on the surrogate index are obtained by bootstrapping first within schools
and then within strata. Panel A reports impacts of the average treatment effect from a specification similar to Equation 1.
Panel B reports impacts on initially lower performing students using a specification similar to Equation 1.
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Table 1: Table 2: Sample characteristics at baseline

(1) (2) (1)-(2)
Blocked Interleaved Pairwise t-test

Variable N Mean/(SE) N Mean/(SE) N P-value

Panel A: Student-level characteristics

Age 371 9.79 312 9.83 683 0.69
(0.07) (0.05)

Years enrolled 371 1.21 312 1.28 683 0.63
(0.08) (0.10)

Female 371 0.48 312 0.54 683 0.11
(0.03) (0.03)

Baseline score 263 0.07 213 -0.05 476 0.41
(0.11) (0.13)

Panel B: School-level characteristics

Years the school is open 32 1.46 27 1.59 59 0.46
(0.08) (0.13)

Student-teacher ratio 32 23.00 27 23.59 59 0.93
(1.64) (1.77)

Average percentage of lessons completed 32 0.77 27 0.77 59 0.69
(0.02) (0.02)

Rural (v.s. Urban) 32 0.69 27 0.67 59 0.92
(0.08) (0.09)

Notes: P-values reported are from regressing the baseline characteristics on treatment (t-statistic), control-
ling for the strata likelihood of assignment to the interleaving condition. For the individual-level variables
the standard errors are clustered by school. The school mean placement exam score is standardized by
year of enrollment. Student-teacher ratio and average percentage of lessons completed are based on values
from previous years. The p-values for female, rural, and Osun state come from z-tests. ***, **, and *
indicate significance at 1%, 5%, and 10%.
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Table 2: Topics covered in end-of-term posttests and cumulative assessment

Term 1 Term 2 Term 3 Cumulative

Panel A: Subjects covered by test
Algebra 7% 17%
Roman numerals 13% 3%
Geometry 23% 46% 23%
Fractions 17% 17% 7% 10%
Percentages 3% 20% 7% 10%
Measurement units 10% 7% 13%
Ratio 10% 3% 3%
Arithmetic 23% 17% 10%
Decimal bases 20% 3% 13%
HCF and LCM 27% 3% 13%

Panel B: Solution concept alignment with end-of-term posttests
Term 1 100% 30%
Term 2 100% 37%
Term 3 100% 33%

Notes: This table reports the topics covered in each end-of-term posttest and the
cumulative assessment. Material covered in the end-of-term posttests corresponds
to the material covered in instruction and in-class practice during that term. Panel
A provides an overview of the topics covered in each assessment. The percentage
represents the percentage of questions in a specific test (e.g. posttest term 1) that
covers the subtopic. Panel B shows the fraction of items on the cumulative assessment
that come from each of the end-of-term tests.
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Table 3: The effect of interleaved practice on follow-up and math test scores

(1) (2)
Posttest Cumulative

Panel A: The effect of interleaved practice on follow-up

Interleaved practice 0.01 -0.05
(0.01) (0.04)

Blocked practice mean 0.96 0.78
Number of students 683 683
Number of schools 59 59

Panel B: The effect of interleaved practice on math test scores

Interleaved practice 0.28** 0.03
(0.12) (0.16)

p-value (posttest effect = cumulative effect) 0.02
Blocked practice mean 0.06 0.10
Number of students 661 516
Number of schools 58 58

Panel C: The effect of interleaved practice interacted with baseline test scores

Interleaved practice 0.35** 0.02
(0.13) (0.21)

Interleaved practice × Baseline test score -0.19* -0.05
(0.09) (0.16)

Baseline test score 0.70*** 0.55***
(0.08) (0.12)

Blocked practice mean 0.13 0.15
Number of students 457 362
Number of schools 43 43

Notes: Both specifications include the linear probability of treatment. Baseline test score, in
Panel B, is the average of 6 standardized baseline math scores (3 midterms and 3 endterms).
Standard errors are clustered at the strata level. ***, **, and * indicate significance at 1%, 5%,
and 10%.
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Appendices

Appendix A Details on the formation of interleaved

practice sessions

Interleaved practice sessions varied in the amount of reviewed material and the amount of

time that had elapsed between when non-aligned items had been practiced. At the start

of each academic term, all practice covered the topic of the day, so there was no difference

between blocked and interleaved classrooms. As the term progressed, students engaged in

practicing material that was initially taught at an earlier point in time relative to the moment

of practice. This means that most of the non-aligned practice was review from at most a few

days prior. However, by the end of the term, non-aligned material would sometimes cover

material from as many as 8 units prior (a unit can range from between 3 and 5 lessons),

although most review was from less than 3 units prior.

NewGlobe applied a simple notation to articulate how the form of practice varied over

time. The notation L(n) refers to the aligned material, while L(n − x) refers to material

from x lessons prior. Analogously L(u) refers to material from the same unit, and L(u− x)

refers to material from x units prior.

In Term 1, the first seven lessons covered only the topic of the day L(n). Lessons eight to

ten had 50 percent L(n) problems interleaved with a single problem from each of the previous

5 lessons. Lessons 11-20 had 1 L(n) problem and 9 problems each from the previous 9 lessons

and the remaining 32 lessons included used the following structure:

1. L(n)

2. L(n)

3. L(n− 1)

4. L(n− 2)

5. L(n− 3)

6. L(u− 1)
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7. L(u− 2)

8. L(u− 3)

9. L(n− z)

10. Integrated problem L(n) and L(n− z)

The penultimate question L(n− z) was selected to introduce the final, integrated problem.

It always was placed at the end of the sequence of practice.

In Term 3, the first six Math 1 lessons and the first ten Math 2 lessons covered only the

topic of the day L(n). Starting with Lesson 11, practice typically included half L(n), one

item from L(n− 2), another from L(n− 4), and up to two items from prior units. In most

cases, the lessons were between 1 and 3 units prior, although six practice sessions included

items from four units prior, and one included items from five units prior. The practice did

not include an integrated problem.

In Term 2, we do not have exact data on the interleaving strategy, although we believe

that it was similar to that in Term 3.
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Appendix B Appendix Figures and Tables

Figure A1: The effects of interleaved practice on math test scores by term

Notes: This figure shows the effect of interleaving compared to blocked problem sets on test
scores in each academic term.
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Figure A2: Number of schools per strata

Notes: This figure graphs the number of schools (units of randomization) per randomization
stratum. The horizontal represents the number of schools in the stratum, and the vertical
axis represents the number of strata with the corresponding number of schools.

Figure A3: Effects on number of items correct

Notes: The figure plots the coefficient estimates from estimates of Equation 4. Each coef-
ficient estimate represents the estimated effect of a unit increase in the short-term posttest
for that term on the posttest. The error bars indicate the 95% confidence interval.
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Figure A4: Effects on number of items correct

Notes: Number of items correct on each assessment. Each assessment contained 30 items.
Error bars indicate 95% confidence intervals. The numbers at the top indicate the estimated
interleaving effect. ***, **, and * indicate significance at 1%, 5%, and 10%.
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Figure A5: Effects across quantiles

Notes: The figure presents results analogous to those in Figure 6, but including those students who do not meet the inclusion
criteria for the main analysis sample. The Figure shows the effects of interleaving at percentiles of the distribution of test scores.
The line represents the point estimate at each percentile. The darker area represents the 10% confidence interval and the lighter
area represents the 5% confidence interval.
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Table A1: Duration and retention interval of studies of interleaving effect for
mathematical tasks

(students)

Sample size

(schools)

Sample size

(months)

program

interleaving

Duration of

(Days)

interval

Retention

deviations)

(standard

Effect

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

Patel et al. (2016) 70 1 <1 <1 0.43 United States
Taylor (2008) 24 1 <1 1 1.11 United States
Taylor and Rohrer (2010a) 24 1 <1 1 1.21 United States
Patel et al. (2016) 118 1 <1 3 0.42 United States
Ziegler and Stern (2014) 72 3 <1 3 0.33 Switzerland
Ziegler and Stern (2014) 154 6 <1 3 0.46 Switzerland
Ziegler and Stern (2016) 91 5 <1 3 1.21 Switzerland
Rau et al. (2010) 54 3 <1 4 -0.58 United States
Rau et al. (2010) 54 3 <1 4 -0.41 United States
Rau et al. (2010) 54 3 <1 4 -0.34 United States
Rau et al. (2010) 54 3 <1 4 -0.56 United States
Ostrow et al. (2015) 146 1 <1 5 0.22 United States
Ziegler and Stern (2014) 72 3 <1 9 0.53 Switzerland
Ziegler and Stern (2014) 154 6 <1 9 0.50 Switzerland
Ziegler and Stern (2016) 91 5 <1 9 1.04 Switzerland
Rau et al. (2010) 54 3 <1 11 -0.83 United States
Rau et al. (2010) 54 3 <1 11 -0.12 United States
Rau et al. (2010) 54 3 <1 11 -0.69 United States
Rau et al. (2010) 54 3 <1 11 -0.28 United States
Rau et al. (2012) 115 6 <1 11 - United States
Nemeth et al. (2021) 236 4 <1 12 0.53 Germany
Nemeth et al. (2021) 236 4 <1 19 0.41 Germany
Rohrer et al. (2014) 140 1 2 46 1.05 United States
Nemeth et al. (2021) 236 4 <1 48 0.38 Germany
Rohrer et al. (2015) 126 1 3 48 0.42 United States
Ziegler and Stern (2014) 154 6 <1 72 0.76 Switzerland
Ziegler and Stern (2016) 91 5 <1 72 0.94 Switzerland
Rohrer et al. (2015) 126 1 3 76 0.79 United States
Rohrer et al. (2020b) 787 5 4 89 0.83 United States
Ziegler and Stern (2014) 65 3 <1 92 0.38 Switzerland

Bridge Nigeria (this study) 687 59 3 36 0.28 Nigeria
Bridge Nigeria study (this study) 687 59 9 141 0.03 Nigeria

Notes: This table compares the sample size, number of schools with study participants, duration, and retention interval of
studies of the impact of interleaving (versus blocked) math practice on math test scores. Duration refers to the length of time
from the start of the intervention to the end (the training period). To form a comparable measure of retention intervals across
studies, we standardize the calculation of the retention interval by calculating the number of days from the date of the test
to the average date at which tested items were practiced as part of the intervention. Individual studies may have multiple
reported impacts for separate sub-groups, alternative math assessments, and different retention intervals. Estimates from Rau
et al. (2010) are the comparisons of interleaved to blocked practice reported in Brunmair and Richter (2019).
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Table A2: The effect of interleaved practice on follow-up and math test scores, for stacked test
scores

(1) (2)
Posttest follow-up Posttest test scores

Interleaved practice -0.04* 0.29**
(0.02) (0.12)

Blocked practice mean 0.86 0.08
Number of tests 2049 1724
Number of students 683 661
Number of schools 59 58

Notes: Specification 1 tests the effect of interleaved practice on
follow-up on the stacked posttest scores, and specification 2 tests
the effect of interleaved practice on stacked posttest scores. Both
specifications control for the linear probability of treatment inter-
acted with the test identifier. Standard errors are clustered at the
school level. ***, **, and * indicate significance at 1%, 5%, and
10%.

Table A3: Baseline balance, conditional on follow up

Sample

(1) (2) (3) (4) (5)
Cumulative test Posttest Posttest t1 Posttest t2 Posttest t3

Age 0.05 0.05 0.05 0.04 0.01
(0.10) (0.09) (0.09) (0.09) (0.09)

Female 0.06 0.06 0.08* 0.08* 0.08
(0.05) (0.04) (0.04) (0.04) (0.05)

Years enrolled 0.05 0.07 0.09 0.04 0.05
(0.13) (0.13) (0.13) (0.13) (0.13)

Baseline test -0.08 -0.14 -0.16 -0.16 -0.10
(0.17) (0.17) (0.17) (0.18) (0.17)

Number of students 518 665 646 582 506
Number of schools 58 58 58 57 58
Number of students with baseline test score 362 457 445 403 352
Number of schools with baseline test score 43 43 43 42 43

Notes: This table shows balance on baseline variables between interleaved and blocked conditions, conditional on
follow-up on each test. Each coefficient comes from a regression of the baseline characteristic on assignment to
the interleaved condition. This table also shows that one school dropped out in all samples. The reason this school
dropped out is because only one student in that school meets the inclusion criteria, and this student doesn’t have test
scores. Standard errors are reported in parentheses. All student-level specifications control for the linear probability
of treatment. Standard errors reported for student-level specifications are clustered at the school level, while those of
school-level specifications are robust to heteroskedasticity. ***, **, and * indicate significance at 1%, 5%, and 10%.

8



Table A4: The effect of treatment on being marked present on test day

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

Posttest
Term 1

Posttest
Term 2

Posttest
Term 3

Cumulative

Panel A: The effect of interleaved practice on follow-up

Interleaved practice 0.01 -0.02 -0.06 -0.05
(0.02) (0.03) (0.05) (0.04)

Blocked practice mean 0.94 0.88 0.77 0.78
Number of students 679 682 682 683
Number of schools 59 59 59 59

Panel B: The effect of interleaved practice on having a test score

Interleaved practice 0.00 -0.08** -0.06 -0.05
(0.02) (0.04) (0.05) (0.04)

Blocked practice mean 0.94 0.88 0.77 0.78
Number of students 683 683 683 683
Number of schools 59 59 59 59

Notes: All specifications include a control for the linear probability of
treatment. Standard errors are clustered at the school level. ***, **,
and * indicate significance at 1%, 5%, and 10%. The dependent variable
in Panel A is a binary variable that is equal to one if a pupil is marked
as absent in the test file. The dependent variable in Panel B is a binary
variable that is equal to one if the assessment was not administered by
the school. The dependent variable in Panel C is a binary variable that
is equal to one if a pupil is missing from a test file.

9



Table A5: The effect of interleaved practice on math test scores, wild bootstrap confidence
intervals

Posttest Cumulative
(1) (2)

Interleaved practice 0.28*** 0.03

Wild bootstrap p - value 0.04 0.89
Wild bootstrap CI [ 0.01, 0.61] [ -0.43, 0.43]

Number of students 661 516
Number of schools 58 58

Notes: In both specifications, we control linearly for
the probability of the schools’ assignment to the inter-
leaving condition. Standard errors are clustered at the
randomization strata level. P-values estimated with the
wild cluster bootstrap-t procedure are provided within
squared brackets below the clustered standard errors.
***, **, and * indicate significance at 1%, 5%, and 10%.

Table A6: The effect of interleaved practice on math test scores, by gender

Posttest Cumulative
(1) (2)

Interleaved practice 0.39** 0.16
(0.16) (0.20)

Interleaved practice x Female -0.20 -0.26
(0.15) (0.20)

Female 0.04 0.13
(0.11) (0.16)

Number of students 661 516
Number of schools 58 58

Notes: Female is a dummy variable that takes the value
1 if a pupil is female, and 0 if the pupil is male. In
both specifications we control linearly for the probabil-
ity of the schools’ assignment to the interleaving con-
dition. ATE Female reflects the average effect of inter-
leaved practice for female students. Standard errors are
clustered at the school level. ***, **, and * indicate sig-
nificance at 1%, 5%, and 10%.
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Table A7: The effect of interleaved problem sets on test score quantiles

(1) (2)
Posttest Cumulative

10th percentile 0.48*** 0.16
(0.14) (0.21)

20th percentile 0.43*** 0.49***
(0.13) (0.17)

25th percentile 0.43*** 0.16
(0.14) (0.20)

50th percentile 0.38** -0.00
(0.16) (0.19)

75th percentile 0.14 -0.09
(0.13) (0.18)

80th percentile 0.17 -0.16
(0.13) (0.17)

90th percentile 0.09 -0.33**
(0.12) (0.15)

Number of students 683 683
Number of schools 59 59

Notes: All specifications control for the linear
probability of treatment. Each estimated effect
is from a separate quantile regression. Stan-
dard errors are clustered at the school level.
***, **, and * indicate significance at 1%, 5%,
and 10%.

Table A8: Correlation between the different scores

test
Baseline

1
term

Posttest

2
term

Posttest

3
term

Posttest

test
lative
Cumu-

Baseline test 1.00
Posttest term 1 0.57 1.00
Posttest term 2 0.46 0.48 1.00
Posttest term 3 0.47 0.64 0.54 1.00
Cumulative test 0.44 0.59 0.64 0.68 1.00

Notes: This table describes correlations between the different assessments
within this study. The baseline test score represents the average score
of six historical mid and end-term assessments administered by Bridge
Nigeria in the previous year.
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Table A9: The effect of interleaved practice on follow-up and math test scores
Including students who do not meet main sample inclusion criteria

(1) (2)
Posttest Cumulative

Panel A: The effect of interleaved practice on math test scores

Interleaved practice 0.29** 0.04
(0.12) (0.15)

Blocked practice mean 0.02 0.07
Number of students 729 550
Number of schools 59 59

Panel B: The effect of interleaved practice interacted with baseline test scores

Interleaved practice 0.32** 0.01
(0.13) (0.20)

Interleaved practice × Baseline test score -0.22** -0.07
(0.09) (0.16)

Baseline test score 0.72*** 0.58***
(0.07) (0.12)

Blocked practice mean 0.12 0.14
Number of students 482 379
Number of schools 45 45

Notes: This table reports analogous results to Table 3, except that it also includes test scores
of students who did not meet the eligibility criteria to be included in the main analysis sample.
These include students who may have enrolled after the intervention began. Both specifications
include the linear probability of treatment. Baseline test score, in Panel B, is the average of 6
standardized baseline math scores (3 midterms and 3 endterms). Standard errors are clustered
at the strata level. ***, **, and * indicate significance at 1%, 5%, and 10%.
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Table A10: The effect of interleaved practice on follow-up and math test scores
Controlling for strata fixed effects

(1) (2)
Posttest Cumulative

Panel A: The effect of interleaved practice on follow-up

Interleaved practice 0.00 -0.05
(0.01) (0.04)

Blocked practice mean 0.96 0.78
Number of students 683 683
Number of schools 59 59

Panel B: The effect of interleaved practice on math test scores

Interleaved practice 0.29** 0.04
(0.11) (0.16)

p-value (posttest effect = cumulative effect) 0.02
Blocked practice mean 0.06 0.10
Number of students 661 516
Number of schools 58 58

Panel C: The effect of interleaved practice interacted with baseline test scores

Interleaved practice 0.32** 0.03
(0.12) (0.20)

Interleaved practice × Baseline test score -0.19* 0.00
(0.11) (0.18)

Baseline test score 0.70*** 0.53***
(0.07) (0.13)

Blocked practice mean 0.13 0.15
Number of students 457 362
Number of schools 43 43

Notes: Both specifications include controls for randomization strata fixed effects instead of the
linear control for the probability of treatment. Baseline test score, in Panel B, is the average of 6
standardized baseline math scores (3 midterms and 3 endterms). Standard errors are clustered
at the strata level. ***, **, and * indicate significance at 1%, 5%, and 10%.
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Table A11: Lee bounds for the aggregate effect of interleaving

Posttest assessment
Cumulative

(1) (2)

Lower bound 0.278*** -0.070
(0.105) (0.108)

Upper bound 0.300*** 0.139
(0.114) (0.106)

Observations 637 375

Notes: Table reports Lee bounds for the
aggregate effect of interleaving on the
posttest and cumulative assessments.
Specification is analogous to that re-
ported in Table 3 Standard errors are
reported in parentheses. ***, **, and *
indicate statistical significance at the 1,
5, and 10 percent level.
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