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Abstract

The double-shift schooling system, which groups students into morning and afternoon shifts,
has been implemented in many developing countries as a cost-effective strategy to increase
access to education. However, empirical evidence of its impact on learning outcomes is
limited. This study aims to inform the ongoing policy debate about the trade-offs between
increasing access and maintaining quality by examining how the double-shift system (DSS)
affects learning outcomes in The Gambia. It applies Manski’s non-parametric bounds ap-
proach, relies on relatively weak and partially testable assumptions to further tighten the
bounds, and uses students’ household socio-economic status as an instrumental variable.
The study finds that the DSS has a marginally negative effect on foundational literacy and
high school performance.
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1 Introduction

Access to education has increased significantly in many developing countries in the past few
decades, yet learning outcomes remain poor. For instance, in Latin America despite a gross
enrollment rate of 106%, it is estimated that four out of five children lack basic reading com-
prehension skills (World Development Indicators, 2022; The State of Global Learning Poverty,
2022). In Sub-Saharan Africa, the situation is worse, with an estimated 86.7% of children clas-
sified as “learning poor”! (Azevedo et al., 2021).

In many countries, the issue of poor learning outcomes has been partly associated with the
implementation of the double-shift system (DSS)? to increase access (Linden, 2001). This sys-
tem enables governments to expand access to education by scheduling two student groups—one
in the morning and one in the afternoon—for shorter sessions, which maximizes existing fa-
cilities without requiring additional infrastructure, materials, or teachers (Bray, 2008; Kebbie,
2022). However, by design, this generally results in fewer instructional hours, which potentially
affects learning outcomes. For instance, in The Gambia, the single-shift system (SSS) provides
about 32 hours of weekly contact (inclusive of after-school classes) and the DSS provides about
24 hours of weekly contact on average. In the absence of the DSS, schools follow the traditional
SSS, also known as a whole-day schedule, which serves one group of students for the entire day
with regular morning classes and after-school remedial sessions. While the DSS has increased
enrollment, concerns about learning outcomes have prompted debates over its effectiveness and
calls in some countries? to abolish it (Ovalle-Ramirez, 2018).

A key question is whether transitioning from the DSS to the SSS would improve learning
outcomes under the prevailing conditions and, if so, to what extent. Despite its significance, this
question has received little attention in the empirical literature*. Existing studies largely consist
of descriptive case analyses (Bray, 2008; Singadi et al., 2014; Bervell et al., 2013) or focus on
the morning vs. afternoon shifts in double-shift schools, and have yielded mixed results (Lusher
and Yasenov, 2016; Pedroza, 2018). The scarcity of empirical studies on the DSS’s effect stems
largely from identification challenges, including selection bias and the lack of exogenous varia-
tion in the adoption and implementation of the DSS in most developing countries. The decision
to opt for the DSS or the SSS and students’ choices between the two are typically non-random

and influenced by unobserved factors.

“Learning poverty” refers to being unable to read and understand a simple text by age 10 (World Bank, 2019).
This system has been adopted in more than 45 developing countries (Lusher and Yasenov, 2016).
Countries include Jamaica, Columbia, and Ghana, among others.

See Bray (2008) for a detailed discussion on the design and operationalization of the DSS.
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This study attempts to fill this gap in the literature by empirically examining the causal effect
attending a double-shift school has on learning outcomes> at both the foundational level (i.e.,
in Grades 1, 2, and 3) and the high school level (i.e., in Grade 12) using The Gambia as a case
study. It relies on data from the Gambian Ministry of Basic and Secondary Education (MoBSE)
on Early Grade Reading Assessment (EGRA) results for 2016 and West African Senior School
Certificate Examination (WASSCE) results for 2015-2019. Notably, both datasets are devoid
of exogenous variation in schools’ implementation of the DSS or in student allocation across
shift systems (DSS and SSS), which limits the potential to make use of this type of variation for
identification purposes when estimating causal effects.

To circumvent the identification challenges, this study employs the partial identification ap-
proach proposed by Manski and Pepper (2000) to “set identify” causal effects by deriving upper
and lower bounds on the treatment effects. This method is particularly useful for addressing
selection bias in the presence of unobserved variables that may influence both treatment assign-
ment and outcomes (Manski and Pepper, 2000; De Haan, 2011; Cygan-Rehm et al., 2017; Ger-
minario et al., 2022). Manski and Pepper’s approach offers two key advantages over traditional
methods: (1) it relies on relatively weak and partially testable assumptions, and (2) it derives
bounds on the average treatment effect (ATE) without imposing strong assumptions, such as re-
garding specific functional forms, the distributions of unobservables, or the homogeneity of the
DSS’s effect (see Manski and Pepper, 2000). Given the nature of the data, the dearth of studies
investigating the effect the DSS has on learning outcomes, and the lack of compelling empir-
ical evidence in the literature, a non-parametric bounding technique is a valuable and credible
method for understanding the extent of the DSS’s effect.

This study’s analysis starts with an exploration of the insights that the data can offer about the
impact school shift systems (SSS vs. DSS) have on academic performance without any assump-
tions being imposed. Weak non-parametric assumptions are then added to tighten the bounds
and enhance the precision of the effect estimates. The analysis relies on three key assumptions:
(1) monotone treatment selection (MTS), which assumes that students in double-shift schools
are negatively selected and generally have lower test score potential than those in single-shift
schools; (2) monotone treatment response (MTR), which asserts that attending a double-shift
school does not lead to higher test scores than attending a single-shift school; and (3) a monotone
instrumental variable (MIV), which is assumed to have a weakly monotonic mean relationship

with potential test scores. Students’ household socio-economic status (SES) is used as the M1V,

3> There also exist other dimensions through which the DSS could be assessed. For instance, Dominguez and
Ruffini (2023) investigate the long-term benefits of longer school days, which include delayed childbearing and
increased earnings.
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and the assumption is that higher SES values correlate with higher average test scores®. The
descriptive analysis of EGRA data presents evidence that supports these assumptions.

The study analyzes public primary schools (EGRA data) and private high schools (WASSCE
data). It finds that attending a double-shift school negatively affects student learning outcomes
at both the foundational and high school levels; however, the effects are often marginal and
sometimes statistically insignificant. For example, in the worst-case scenario, attending a public
double-shift school reduces standardized oral reading fluency (ORF) scores by 0.43 standard
deviations. Incorporating the MTS, MTR, and MIV assumptions reduces the bounds to be-
tween -0.018 and -0.007 standard deviations. These bounds are tighter and narrower than the
-0.12-standard deviation estimate assuming exogenous treatment selection (ETS), which likely
overstates the negative effect.

At the high school level, attending a private double-shift school substantially reduces the
likelihood of passing both English and Mathematics, with worst-case bounds indicating up to a
79% decrease. Applying the MTS and MTR assumptions reduces this effect to approximately
7.2 percentage points. The results are similar for the probability of obtaining five credits includ-
ing English and Mathematics.

Analyses of EGRA data subsamples show that Grade 1 students are more adversely affected
by the DSS than Grade 2 and 3 students across all subtasks. Gender disaggregation reveals that
the negative impact is nearly three times greater for girls than for boys, and regionally, the DSS’s
effect is negative in Region 1 but positive in Region 2. Similar heterogeneity is observed in the
WASSCE data, with the DSS exerting a stronger negative effect on performance in Mathematics
than in English.

This study’s marginal effect estimates are smaller than the 0.1-standard deviation improve-
ment Smart (2023) reports Jamaica observed after it phased out the DSS. Related studies on
DSS shift timing have found even smaller effects. For instance, Lusher and Yasenov (2016)
report a 0.029-standard deviation decrease in assignment grades for afternoon-shift students
versus morning-shift students’. Research on instructional time—an important factor that differ-
entiates the DSS from the SSS—also aligns with these findings. Studies by Barrios-Fernandez
and Bovini (2021) and Cabrera-Herndndez (2020) show that extending the school day improves
Mathematics and language performance on low-stakes exams, with effects ranging from 0.015
to 0.14 standard deviations—comparable to those found here. However, these reforms often
include complementary interventions, such as teacher training, that make it more difficult to

isolate the effect of increased instructional time.

6 The assumption is that larger class sizes or higher PTR are associated with lower average test scores due to factors
like less individual attention from teachers or increased classroom management challenges. Similar assumptions
are made about students from disadvantaged socio-economic backgrounds.

7 And Arceo-Gémez et al. (2018) report that attending afternoon shifts increases the high school dropout risk by
about 12 percentage points in Mexico, though they do not directly measure learning outcomes.
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This study advances the literature on the DSS in several important ways. First, it provides
rigorous empirical evidence from a resource-constrained developing country where the DSS is
not only widespread—encompassing nearly 50% of primary and almost 90% of high school
enrollment—but also coincides with some of the lowest learning outcomes in the subregion.
In this context, debates around abolishing the DSS are driven primarily by concerns over ed-
ucational quality rather than cost or access, and this nuance is often overlooked in the global
discourse.

Second, this is the first study to systematically evaluate how the DSS impacts both foun-
dational and upper secondary learning outcomes and distinguish between public and private
schools in the same national context. By disaggregating effects by educational level and school
type, the analysis provides critical insights into where and for whom the DSS’s negative effects
are most pronounced and thereby informs more targeted policy interventions.

Third, unlike most prior research that focuses exclusively on either low-stakes or high-stakes
assessments, this study examines student performance on both types of assessments by con-
sidering standardized literacy tests (the EGRA) at the foundational level and a high-stakes exit
exam (the WASSCE) at the secondary level. This dual focus provides a more comprehensive
understanding of the breadth and depth of the DSS’s impact on educational achievement.

Finally, this study makes a novel methodological contribution to the literature by employ-
ing a non-parametric bounds technique to address the identification challenges that are inherent
in estimating the DSS’s causal effects. This approach makes it possible to estimate informative
bounds on policy-relevant parameters without relying on strong, often untenable, linearity or ho-
mogeneity assumptions. This methodological innovation is particularly valuable in data-limited
settings where policy decisions must be made in the face of uncertainty, which are common in
developing countries.

Together, these contributions not only fill critical empirical and methodological gaps in the
literature on the double-shift schooling system but also provide actionable evidence for policy-
makers navigating the trade-offs between expanding access and improving quality in education
systems under severe resource constraints.

The remainder of this paper is structured as follows. Detailed background and contextual in-
formation are provided Section 2. Section 3 describes the two sets of assessment data analyzed,
and Section 4 explains the empirical framework used. Section 5 presents the main results, ad-
ditional estimate / robustness check results, and the heterogeneity analysis. Lastly, Section 6

concludes the paper.

1.1 Background and Context

The Gambian school system is structured such that most students begin Lower Basic School

(Grade 1) at age 7, with only a few attending pre-primary education (Early Childhood Develop-
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ment centers or Nursery School) starting at age 3 or 4 before transitioning to Lower Basic School
atage 6 or 7. Students typically spend six years in Lower Basic School (Grades 1-6), followed by
three years in Upper Basic School (Grades 7-9) and three years in High School (Grades 10-12).

As in many resource-constrained developing countries, the DSS is widely used in The Gam-
bia, particularly in public schools (Lusher and Yasenov, 2016). In 2023, over 70% of pub-
lic schools (primary and secondary) followed a DSS model, compared to only 13% of private
schools (MoBSE Education Statistics, 2023). Several forms of DSS exist, including weekly
or bi-weekly rotations between morning and afternoon shifts, permanent morning or afternoon
shifts, double-shifting of schools only, and double-shifting of both schools and teachers. Most
double-shift schools follow an “end-on” model, where one group of students ends their classes
before the next group starts (Bray, 2008).

Schools typically start the day at 8:00 a.m., with lessons beginning at 8:30 a.m. In single-
shift schools, classes run from 8:30 a.m. to 1:30 p.m.—and are followed by study sessions from
2:00 p.m. to 4:00 p.m.—Monday to Thursday and end at 12:30 p.m. on Fridays. In double-
shift schools, the morning shift runs 8:30 a.m. to 1:30 p.m. (12:30 p.m. on Fridays), after
which morning-shift students leave. The afternoon shift starts around 1:45 p.m. (12:45 p.m. on
Fridays) and ends by 6:00 p.m. Morning-shift students in double-shift schools receive compa-
rable instructional hours to students in single-shift schools. However, afternoon-shift students
receive approximately 30—45 minutes (10—-15%) fewer instructional hours per day from Monday
to Thursday than their morning-shift counterparts. This reduction is partially compensated by
an additional 1-1.5 hours of instructional time on Fridays.

Schools’ decision to implement the DSS largely reflects student demand for a school, which
is influenced by factors such as the school’s past exam performance. At the primary level, en-
rollment in single-shift or double-shift schools depends mainly on student or parental choice,
which is constrained by accessibility, affordability, and school capacity. Since most single-shift
schools are urban, rural students have limited access to them, which makes attendance largely
endogenous but unrelated to prior academic achievement. In contrast, admission to single-shift
or double-shift high schools depends on students’ performance on the Grade 9 Gambia Basic
Education Certificate Examination, high school preferences, location of residence, and house-
hold SES. Placement in a specific school and shift is influenced by school-specific cut-off marks
that are tied to capacity and may differ from national standards.

As in other English-speaking West African countries like Nigeria, Ghana, Sierra Leone, and
Liberia, in The Gambia, students sit for the WASSCE at the end of Grade 12. Gambian students’
performance on this high-stakes exam is a crucial factor in their ability to access higher educa-
tion and future labor market opportunities. Unlike the Grade 9 exam, which is country-specific,
the WASSCE is a standardized regional exam. Grade 12 students can take up to nine subjects,

including core courses such as English, Mathematics, and Science. Grades range from A1l (Ex-
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cellent) to F9 (Fail), with intermediate grades like B2 (Very Good), B3 (Good), and

C4—C6 (Credit). Students scoring D7 or E8 pass but fall below credit level. In The Gambia, ob-
taining credits in at least five subjects including English and Mathematics qualifies students for
direct university admission. This differs from countries like Nigeria, where additional university
entry exams are required. However, only about 5% of Gambian students meet the benchmark,
compared to 30-50% of students in Sierra Leone and Ghana, and over 70% of students in Nige-

ria.

1.2 Conceptual Framework

Less instructional time, fewer opportunities for extra classes, limited curriculum coverage, and
student and teacher fatigue—especially among afternoon-shift students—have all been identi-
fied as potential channels through which the DSS may affect learning outcomes (Linden, 2001a;
Bray, 2008; Singadi et al., 2014; Bervell et al., 2013). However, there is limited evidence sup-
porting these claims. For instance, Bray (2000) studied five countries, including Malaysia, the
Philippines, and Zambia, and found there were significant differences in official hours between
school shift systems only in the Philippines, with variations ranging from 7% in lower secondary
to 10% in upper secondary. Similarly, Smart (2023) reported that phasing out the DSS increased
instructional time in Jamaica by 2.5 hours per week (about 10%). Therefore, it is crucial to pin
down the factors that are most relevant in the case of The Gambia to be able to speak to the
mechanism(s) at play.

The most obvious channel through which the DSS may impact learning outcomes is fewer
instructional hours and less time spent in school. As Bray (2008), Singadi et al. (2014), and
Bervell et al. (2013) have highlighted, the DSS inherently allows for less instructional time than
the SSS. In The Gambia, the average weekly instructional time is about 33% less in double-
shift schools than in single-shift schools largely because the DSS crowds out after-school study
classes. It is worth mentioning that in the absence of after-school classes, the difference in
regular instructional hours is very minimal (less than 10%). While a 10% reduction in regular
instructional hours may impact learning outcomes, it is unlikely to be the main factor behind
them. For instance, Smart (2023) showed that a 10% increase in instructional time in Jamaica
from phasing out the DSS increased average test scores by only 0.1 standard deviations. A
more significant factor is the DSS’s crowding out of extra classes, which leads to a combined
difference of 33—40% fewer instructional hours per week in double-shift schools. If single-shift
schools make effective use of their additional hours, this could lead to significant differences in
the learning outcomes of single-shift and double-shift students.

A second channel is the effect of teacher “double-shifting”. In many developing countries
including The Gambia, teachers in double-shift schools often teach in both the morning and af-

ternoon shifts, either at the same or different schools, to supplement their low income (Nhundu,
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2001). This can lead to exhaustion and reduced productivity, which disadvantages students in
double-shift schools, especially those in the afternoon shift (Singadi et al., 2014). However, this
issue is not exclusive to double-shift schools; teachers in single-shift schools may provide pri-
vate tutoring or extra classes outside of their regular 2—4 p.m. study classes at school. While the
impact teacher double-shifting has on performance differences between single-shift and double-
shift students cannot be dismissed outright, it is not expected to be a determining factor, es-
pecially in performance differences between single-shift students and morning-shift students in
double-shift schools.

A third channel that has been identified in the literature is the role of weather conditions.
In The Gambia, temperatures are significantly hotter in the afternoon than at other times of
the day, particularly in the hinterlands, and hotter temperatures are less conducive to learning
(see Park et al., 2021; Alberto et al., 2021). Consequently, afternoon-shift students in double-
shift schools may be further disadvantaged by temperatures negatively impacting their learning
outcomes and contributing to disparities in student performance between the DSS and the SSS.
However, this issue is not exclusive to double-shift schools; it may also affect single-shift students
attending after-school study classes (the main source of differences in instructional hours) that
are scheduled in the afternoon.

Bray (2008) highlighted that the reduction in instructional hours, and therefore time spent
in school, may lead to idleness, child labor and unproductive lifestyles among students (Linden,
2001b). There exists evidence indicating that girls are negatively affected by the DSS through
an increase in household chores and farm labor, especially in rural areas (Kea, 2007). Spending
less time at school translates to an increase in household responsibilities for girls. This is es-
pecially the case for girls who attend the afternoon shift at double-shift schools. As is the case
for boys, they are more likely to engage in farm labor and play when they spend less time in
school (Kea, 2007). Therefore, it cannot be ruled out that student fatigue arising from increased
household chores and play may contribute to lower learning levels and negatively impact the
overall performance of students in double-shift schools, especially afternoon-shift students.

However, the possibility that teachers and students in double-shift schools may adopt strate-
gies to offset challenges associated with the DSS cannot be discounted. Teachers may specialize
by subject and grade to improve their proficiency and assign extra homework to supplement
limited instruction time. Students may put in more effort and form study groups to reinforce
learning. While such strategies may also occur in single-shift schools, the fact that there are
fewer classes per grade and longer school days potentially limits their scale in single-shift schools
compared to double-shift schools.

Based on the above discussion, the most significant factor in The Gambia appears to be
the substantial reduction (33—40%) in total weekly instructional hours under the DSS, which is

largely due to the loss of after-school study classes rather than modest differences in regular class
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time. While teacher double-shifting, adverse afternoon conditions, and increased household
responsibilities and fatigue are also potential channels, they are unlikely to be the main channels

through which the DSS impacts learning outcomes, if at all.

1.3 Data

This study relies on two sets of assessment data from the Gambian MoBSE: EGRA results for
2016 and WASSCE results for the period 2014-2019. The 2016 EGRA was administered to
3,000 students in Grades 1-3 who were randomly selected from 181 schools and is nationally rep-
resentative. However, missing data and challenges merging the teacher and student records re-
sulted in the initial analytic sample being reduced to 2,706 successfully merged student records.
Further restricting the sample to public schools in order to minimize contamination when com-
paring the DSS and the SSS yielded a final sample of 2,180 students. In contrast, the WASSCE
is an international exam that is taken by Grade 12 students across the country. However, since
approximately 98% of public high school students attend double-shift schools, the analysis is re-
stricted to private high schools, where about 56% of students are enrolled in double-shift schools.
Together, these datasets make it possible to investigate how the DSS impacts the early and later
stages of students’ educational journey.

The EGRA data serve to understand the effect the DSS has on foundational learning, as the
EGRA primarily assesses foundational literacy skills. The main variable of interest in the EGRA
data is the ORF subtask, which evaluates students’ ability to read sentences fluently. Other out-
come variables include the letter sound identification subtask, which assesses students’ ability to
correctly pronounce the phonetic sounds of individual letters, and the familiar word identifica-
tion subtask, which measures students’ ability to distinguish familiar words that sound different
from a group of words. Together, these skills form the foundation for word formation, word
identification, and the development of reading comprehension. The dataset includes not only
individual subtask scores but also information about student demographics, students’ household
SES, and school and teacher attributes. Importantly for this study, the dataset also contains in-
formation on the school’s shift type (double-shift or single-shift), the shift the student attends
(morning or afternoon, if a double-shift school), and the school type (government, grant-aided,
or private).

The WASSCE data are used to investigate how the DSS affects student performance in high
school. WASSCE performance is a major determinant of access to post-secondary education and
the primary criterion for university admission in The Gambia. The WASSCE dataset contains
each student’s score for each subject covered in the exam, their gender, the location (region)
of their school, and their school’s shift type (double-shift or single-shift) and school type (gov-
ernment, grant-aided, or private). The primary outcome variable analyzed in this study is the

probability of passing both English and Mathematics. Additional outcome variables include the
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proportion of students obtaining credits in at least five subjects including English and Mathemat-
ics, as well as the disaggregated effects on the probability of passing English and Mathematics
separately. Unlike the EGRA dataset, the WASSCE dataset does not contain information on
student demographics or school and teacher characteristics. Therefore, the descriptive statistics
regarding the assumptions rely solely on EGRA data. The EGRA dataset overcomes two key
limitations of the WASSCE dataset: limited variability in public double-shift and single-shift

school attendance, and insufficient data to test the assumptions.

1.4 Summary Statistics

Between 2014 and 2019, around 82% of all high schools with registered students followed
the DSS, and their enrollment accounted for about 90% of all Gambian students who took the
WASSCE. Notably, there is considerable regional variation in both the prevalence of the DSS
and the share of the population attending double-shift schools. The high prevalence of the DSS
in The Gambia provides suggestive evidence that the DSS has been the primary means through
which the government has been able to increase access to education.

In terms of performance, students obtain an average of 2 credits (grades A1-C6) and about
3.5 passes (grades D7 or E8) across all subjects. The overall average score per student is a
passing grade of 7.7. Performance is notably better in English (mean = 7.7) than Mathematics
(mean = 8.3). Approximately 19% of students passed both English and Mathematics as well
as their other subjects. About 49% of students obtained a passing grade in English, and about
26% did so in Mathematics. On average, over the period 2014-2019, only about 6% of students
in private high schools obtained credits in five subjects including English and Mathematics.
Table Al in the appendix provides summary statistics for the WASSCE data used.

Approximately 32% of the students in the full EGRA sample were enrolled in double-shift
schools, compared to about 40% of the students in the sample restricted to public schools. About
80% of students attended public schools (government or grant-aided). The average number of
students per grade and school was about 87 for the full sample and 99 for the restricted sample,
with significant variation, ranging from 4 students in the smallest school to 659 in the largest.
As can be seen in Table A2 in the appendix, the number of classes per grade reached as high
as 11 in some schools, though the average was 2.7. Dividing the number of students per grade
by the number of classes per grade yielded the average class size, which is also referred to as the
pupil-teacher ratio (PTR)3. The PTR was approximately 35:1 for the full sample and 37:1 for

the restricted sample, with a range of 4-195. As for learning outcomes, students’ scores on the

8 It should be noted that while the number of classes in each grade would be expected in theory to be a perfect
proxy for the number of teachers, this is not necessarily the case in double-shift schools. Teachers in double-shift
schools may teach up to two classes of the same grade.
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EGRA subtasks were standardized. On average, students obtained a score of 0.13 on the ORF

subtask, 0.17 on the letter sound subtask and 0.14 on familiar word subtask.

1.5 Descriptive Analysis

When the data is disaggregated by school shift system (DSS vs. SSS), it is evident that stu-
dents attending double-shift schools exhibit poorer learning outcomes than those in single-shift
schools. For instance, the WASSCE results indicate approximately 24% of single-shift students
and 15% of double-shift students passed both English and Mathematics. Similarly, only about
3% of double-shift students obtained credits in five subjects including English and Mathemat-
ics, compared to 10% of single-shift students on average. See the figure below for a graphical

illustration.

Figure 1: Share of students by school shift system with (a) 5 credits including English and
Mathematics, and
(b) a pass in both English and Mathematics

Differences by School Shift

5 credits including English & Maths

Share of Students (%)
=

2014 2015 2016 2017 2018 2019
Exam Year

—— Double Shift —— Single Shift

Pass in both English & Maths
40
30
20

Share of Students (%)

2014 2015 2016 2017 2018 2019
Exam Year

—— Double Shift —— Single Shift

Notes: Source: Author’s calculations based on available data. The top graph indicates the share of students that
obtained five credits including English and Mathematics, and the bottom graph indicates the share of students
that obtained a pass in both English and Mathematics. Both graphs report by school shift system over the period
2014-2019. The y-axis indicates the percentage of students, and the x-axis indicates the year in question.

At the foundational level, differences between single-shift and double-shift students’ perfor-

mance on EGRA subtasks are minimal and mostly statistically insignificant. When the data is

10
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disaggregated by grade, Grade 1 single-shift students outperform their double-shift peers, but

the gap narrows in Grade 2 and disappears in Grade 3.
Figure 2: Difference in standardized scores between single-shift and double-shift schools

Standardized Z scores on EGRA Subtasks

L .. II

Single Shift Schools Single Shift Schools Single Shift Schools
Double Shift School Double Shift School Double Shift School

Grade 1 Grade 2 Grade 3

Il |etter Sound I Familiar Words Il Oral Reading Fluency

Notes: Source: Author’s calculations based on 2016 EGRA data.

The descriptive evidence presented above supports the general belief that students attending
double-shift schools have relatively poorer learning outcomes than those attending single-shift

schools.

2 Empirical Strategy

The empirical methodology used relies on the non-parametric bounds approach developed by
Manski (1997) and Manski and Pepper (2000), which identifies upper and lower bounds on mean
potential outcomes when outcomes are bounded. This approach estimates causal effects under
minimal assumptions and accommodates the DSS having non-linear effects.

For each student i, the response function Y;(¢) maps treatment ¢ £ {0, 1} (where ¢ = 1 indi-
cates the DSS and ¢ = 0, the SSS) to exam scores Y;(¢). Each student’s actual treatment ¢ and
outcome Y; = Y;(t) are observed, but not the counterfactual outcomeY; = Y; (¢) for ¢’ # ¢ is
not. The goal is to estimate the ATE of the DSS versus the SSS as follows:

(1,0) = E[Y()] — E[Y(0)] ey

11
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whereE [Y (1)]andE[Y (0)] are the mean outcomes if all students attended double-shift or
single-shift schools, respectively. Using the law of iterated expectations, E[Y (1)] can be ex-

pressed as a weighted average of observed outcomes conditional on treatment status:

E[Y(1)] = E[Ylt=1]%P(t=1) + E[Y|t = 0] * P(t = 0)

However, only one of the conditional means—E[Y|t = 1] or E [Y|t = 0]—is observed for
each student, which creates a selection problem since treatment assignment depends on unob-
served factors. To identify the causal effect, the observed data are supplemented with plausible
assumptions about the unobserved counterfactual outcomes so that the ATE can be bounded

without relying on strong parametric assumptions.

2.1 Manski’s No-Assumption or Worst-Case Bounds

Manski (1997) showed that the bounds of the dependent variable can be identified without any
additional assumptions if the outcome variable is bounded. In this study, given that the outcome
variables (test scores) are bounded, the extremes of the test score variables can be used as the
potential counterfactual outcomes to bound the effect of interest without relying on any addi-
tional assumptions as shown in Manski (1989)°. Even though the students’ potential outcomes
had they been assigned to a different school shift system (say, the SSS instead of the DSS) are
not known, it is known that the outcomes cannot be lower than the lowest possible test scoreY,;,
or higher than the highest possible test score Y,,,.. Therefore, in the absence of any additional
information, E [Y|t = 0] can be replaced with Y, to obtain the lower bound on E[Y(?)], and
with Y., to obtain the upper bound.

E[Y' g =E[YIt=1]%P(t=1) + Y, * P(t = 0)
<E[Y(1)] < 3)
E[Y[t=1]%P(t=1)+ Yy * P(t =0) = E[Y']yp

10

 Note that the WASSCE results analyses use only a dummy that indicates whether a student obtained a passing
credit or not. Therefore, the lower and upper bounds are 0 and 1, respectively. For the EGRA results analyses,
the minimum and maximum scores obtained by students on each subtask are used to specify the lower and upper
bounds.

10 In the event of a binary outcome variable such as the share of students obtaining a pass or credit, Y,,;, in Equa-
tion [3] has a value of 0 and the equation can therefore be reduced to:

E[Y',z=E[Ylt=11%P(t=1)<E[Y()]< E[Ylt=1]%P(t=1)+ Y, *Pt=0)=E[Y'] s
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Applying the same reasoning to £ [ Y|t = 0] and calculating the difference between the lower
and upper bounds arrives at Manski’s no-assumption or worst-case bounds (Manski, 1989) for
the ATE:

ElY'15 - EIY°1yp < are <EIY'1yp— EIY°1 (4)

These bounds can be quite large; however, they are interesting and informative because any
results that are based on different assumptions about the counterfactual are expected to lie within
these bounds. The bounds in Equation [4] above can be narrowed by making assumptions about
the relationship between attending a school that follows a particular shift system and obtaining

a good grade on the individual assessment.

2.1.1 Monotone Treatment Selection

The MTS assumption weakens the ETS assumption (Manski and Pepper, 2000). It assumes that
double-shift students have weakly lower education production functions (EPFs) than single-shift
students due in part to receiving fewer instructional hours that are not necessarily compensated
for by smaller class sizes as one might expect or as is the case in other contexts. Formally, the

non-positive MTS assumption states that:

E[Y|t=1] < E[Y|t =0] 5)

That is, the EPFs of double-shift students are less than or equal to those of single-shift stu-
dents. Due to the identification challenges highlighted earlier, the observation that single-shift
students tend to have better academic outcomes than double-shift students cannot be interpreted
as a causal relationship.

Given the context and background, students in single-shift schools are expected to be more
advantaged than students in double-shift schools on several indicators including socio-economic
and demographic characteristics. Furthermore, single-shift schools may attract students with
higher innate abilities or from more advantaged backgrounds because they are located in urban
areas, where students are more likely to have higher household SES. Additionally, single-shift
schools might provide a more conducive learning environment, regardless of the shift system
itself. Moreover, the concentration of single-shift schools in urban and more developed areas
of the country supports expectations that align with the MTS assumption. This assumption ex-
cludes the possibility that the characteristics that differentiate single-shift students from double-
shift students would impact students’ academic performance to such an extent that double-shift

students would outperform their single-shift peers if their schools followed the same school shift

13



AFEP Working Paper Jallow (2025)

system. The MTS assumption therefore increases the lower bound on the mean potential out-

come for double-shift students, which can be derived from the following:

ElY' N pmrs =E[YIt=11%Pr(t=1)+E[Y|t = 1] % Pr(t # 0)
<E[Y()] < (7)
E[Y[t=1]%Pr(t=1)+ Yy * Pr(t =0) = E[Y'1yp_m7s

The MTS assumption increases the lower bound on the expected academic performance
of double-shift students but does not influence the upper bound. It also increases the lower
bound on the ATE compared to the most conservative bounds, which effectively reduces the
potential negative impact of attending a double-shift school. Consequently, the higher lower
bound corresponds to the mean difference in academic performance observed between single-
shift and double-shift students. The available data provide some descriptive evidence of this

assumption and are used to test its validity.

2.1.2 Monotone Treatment Response

The MTR assumption improves upon the no-assumption bounds by introducing a weak assump-
tion (Manski and Pepper, 2000). It introduces a restriction on the direction of the treatment effect
and assumes that student performance, as measured by standardized test scores, is a weakly de-
creasing function of attending a double-shift school. The MTR assumption further tightens the
bounds by reducing the upper bound on the ATE, which was not affected by the MTS assump-

tion:

Y(1) <Y(0) (®)

This means that the potential outcome under the DSS (t=1) for those who attended a single-
shift school (t=0) is no less than the potential outcome under the DSS for those who attended a
double-shift school. The bounds on the treatment effect of interest for the DSS can be expressed
similarly under the MTR assumption as under the MTS assumption. As with the MTS assump-
tion, the MTR assumption makes the bounds on treatment effects tighter than in the worst-case
scenario. More specifically, condition [8] implies that this also holds in expectation.

Applying the MTR assumption makes it possible to derive tighter bounds on the ATE. The
bounds on the ATE for the DSS are calculated using the same subtraction method as is outlined
in the previous section. The upper bound is adjusted downwards because it is assumed that the
treatment effect is non-positive. This means that the treatment having a positive effect in the
worst-case scenario is ruled out. Under the MTR assumption, the upper bound is given by:

Upper bound MTR =max(E[Y | D = 1] - E[Y | D = 0],0)
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This adjustment ensures that the upper bound is at least zero, which reflects the assumption

the treatment effect is non-positive:

E[Y|t = 1]=Pr[t = 1] + E[Y|t = 0] «Pr[t = 0]]
quad < E [Y(1)] < )

quadE [Y |t = 1]% Pr [t = 1] + Pr[t = 0]

In this binary treatment context, it is evident that the upper bound on the ATE is zero and
the lower bound corresponds to the observed mean outcome, which represents the worst-case
scenario. This aligns with the MTR assumption, which indicates that E[Y (1)] < E[Y(0)] and
the ATE is non-positive. Consequently, the MTR lower bound remains the same as the worst-
case lower bound. In general, the MTR assumption regarding the DSS seems relatively harmless.
Given what is known about the DSS, it is difficult to imagine how being in a double-shift school
would lead to better learning outcomes than being in a single-shift school.

This assumption suggests that transitioning from the SSS to the DSS would either reduce
or, at the very least, not improve student performance on standardized tests. There are com-
pelling reasons to expect the DSS to have a negative impact on academic performance. For
instance, double-shift schools may offer fewer instructional hours, worse working conditions for
teachers, higher PTRs, and a less-conducive learning environment due to more distractions and
disruptions. It is challenging, however, to conceive of plausible scenarios in which attending
a double-shift school would improve student performance compared to attending a single-shift
school. Nevertheless, it is possible that the type of school shift system may not have a causal
effect on academic performance and that the negative associations between the DSS and bet-
ter test scores that are observed may be attributable to other confounding factors or selection
effects. In essence, neither positive nor negative channels are ruled out; however, the DSS’s
negative channels dominate its positive channels. The non-monotone treatment response al-
lows for a non-linear relationship, i.e., for some double-shift students to have better outcomes
than single-shift students. Therefore, it is important that the MTR assumption not dismiss the

possibility of zero effect.

2.2 MTS + MTR Assumption

At this stage, it is important to stress that although the MTR and MTS assumptions are related
concepts, they are distinct. The MTS assumption pertains to the selection process or the as-
signment of students to either single-shift or double-shift schools. More specifically, it states
that single-shift students have weakly higher mean potential test scores (or test score functions)

than double-shift students given the same set of observable characteristics. In other words, the

15



AFEP Working Paper Jallow (2025)

MTS assumption posits that the factors or characteristics that lead students to be “selected” to
be assigned to single-shift schools are positively associated with their potential test scores. This
assumption does not necessarily imply a causal relationship but rather acknowledges that there
may be unobserved factors or selection effects that differentiate single-shift students from dou-
ble-shift students.

On the other hand, the MTR assumption pertains to the causal effect the treatment (the school
shift system) has on the outcome (student performance or test scores). More specifically, the
MTR assumption states that attending a single-shift school would either improve or, at the very
least, not diminish student performance on standardized tests compared to attending a double-
shift school. In other words, the MTR assumption posits that attending a double-shift school
has a non-positive or weakly negative treatment effect on student test scores. It rules out the
possibility that attending a double-shift school would lead to better test scores than attending a
single-shift school.

The key difference between the two assumptions is that the MTS assumption is related to
the selection process and the potential outcomes, whereas the MTR assumption is related to the
causal effect the treatment has on the outcome. The MTS assumption pertains to the relationship
between the treatment and potential outcomes, while the MTR assumption concerns the direction
of the causal effect the treatment has on the observed outcome.

The MTR and MTS assumptions can be combined to further tighten the bounds. The com-
bined MTS + MTR assumption gives:

E[Yt]LB—MTS—MTR =E[Ylt=1]*Pr(t=1)+E[Y|t=1]*Pr(t=0) (10)

<SE[Y(1)] <

2.3 Monotone Instrumental Variable

Instrumental variables (IVs) are used to estimate causal effects when the regressor is endoge-
nous so an instrument that is correlated with the regressor but uncorrelated with the error term
(exclusion restriction) is required to obtain consistent estimates (Manski, 1998; Imbens, 2014).
In this study, no variable fully satisfies the strict IV conditions due to data limitations. Instead,
the weaker monotone instrumental variable (MIV) proposed by Manski and Pepper (2000, 2009)
is applied as it requires only a monotonic relationship between the instrument and the outcome.

Manski and Pepper (2000, 2009) argue that the MIV assumption is a less-restrictive version
of the standard IV assumption. Unlike an IV, an MIV requires only that the average effect satisfy
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a weaker inequality condition, rather than strict equality. This means that an increase (decrease)
in the instrument either increases (decreases) the expected outcome or leaves it unchanged but
never causes it to move in a different direction. Furthermore, an MIV does not require the
traditional exclusion restriction that an IV does or mean independence.

Let V be an ordered set. A covariate v is considered an M1V if it meets the following con-
dition: for every treatment dummy t, any value of w, and any two values (uy, u,) € (V V)
where u, > uy, the expected test score given w and v=u, is at least as high as the expected test

score given w and v=u,. In other words,

Ely®)|w,v=uy] 2 E[y(®)|w,v = u] (11

To clarify the difference between the IV and MIV assumptions in the context of this study,
let v denote a student’s household SES. SES may strongly influence whether a student attends
a single-shift or double-shift school, which satisfies the IV relevance condition. However, SES
likely violates the exclusion restriction because it directly affects learning outcomes through
factors like access to resources, parental involvement, nutrition, healthcare, and enriched home
environments (Kim et al., 2019; Morrissey et al., 2014). Moreover, using SES as a traditional
IV assumes uniform EPFs across SES groups, which is unrealistic.

In contrast, SES qualifies as an MIV since it satisfies the monotonicity assumption: children
with lower household SES are slightly more likely to perform poorly than those with higher
household SES. Similarly, using the PTR as an IV requires assuming identical EPFs regardless
of class size, alongside relevance and exclusion restrictions. When the PTR is used as an M1V,
the only requirement is that students in smaller classes have weakly higher EPFs than those in
larger classes, which is a plausible and less-restrictive assumption.

The MIV bounds refine the initial expected outcome estimates by narrowing the range of
possible values. The lower bound is set by identifying the highest minimum expected outcome
among data points where the variable is below a cutoff, while the upper bound is the lowest
maximum expected outcome among points above it. This tightening improves estimate accuracy
(see De Haan, 2011; De Haan and Leuven, 2017; Germinario et al., 2022). Cutoffs for estimates
are placed at quantiles of the MIV variable distribution. Since MIV estimators can be biased
in small samples—often underestimating bound widths—the correction method proposed by
Chernozhukov et al. (2013) is applied. This yields half-median unbiased bounds and valid

confidence intervals, which enhances the reliability of the ATE estimates!!.

I This study makes use of the Stata codes provided by Germinario on his personal website at https://github
.com/grpgerminario/mpclr to estimate the non-parametric bounds.
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2.4 Discussion about the Assumptions

This section provides some descriptive statistics to help assess the validity of the assumptions
made before the results are presented. These descriptive statistics are based solely on EGRA

data, as the WASSCE data were insufficient to conduct similar analyses.

2.4.1 MTS Assumption

The MTS assumption states that double-shift students are negatively selected, i.e., they are from
relatively poorer households and are more likely to have poorer prior educational outcomes.
The table below shows the differences in demographic characteristics between single-shift and
double-shift students.

Table 1 shows that single-shift students are more likely to come from households with mod-
ern essential utilities (gas or electric stove, tap water in compound, indoor bathroom) and have
better consumption outcomes, including a higher likelihood of having eaten breakfast or a snack
at break time, than double-shift students. These asset variables were used to construct an SES in-
dex via principal component analysis (PCA). Overall, the data indicate that single-shift students
come from better-off households than double-shift students, as reflected by both asset owner-
ship and consumption habits, though the difference is not statistically significant. Furthermore,
in terms of student composition, double-shift students are relatively older than single-shift stu-
dents, less likely to have previously attended any form of education, and less likely to be currently
attending other forms of schooling such as Islamic school. These differences are all statistically

significant.

2.4.2 MTR Assumption

The table below provides some descriptive evidence of differences in student characteristics
and behaviors that support the hypothesis that double-shift students have weaker EPFs than sin-
gle-shift students.

Although double-shift schools have more classes than single-shift schools, double-shift
classes are significantly larger, which results in higher PTRs. While this may seem very
intuitive since higher PTRs are usually a motivating factor for adopting the DSS, this just
reflects the high demand for spaces in these schools further justifying the need to implement
the DSS. Interestingly, double-shift students tend to be more punctual and less likely to have
repeated a grade!?. Differences also exist in access to learning resources, student effort, and
parental involvement. Parents of single-shift students are more engaged, as indicated by greater

awareness of their child’s academic performance.

12 The space constraints evidenced by the large class sizes could potentially explain why double-shift students are
less likely to repeat a grade.
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Table 1: Difference in household socio-economic characteristics by school shift system (SSS

vs. DSS)
Single- Double-
Shift Shift Difference

System System in Means
Electricity 0.28 0.30 -0.03
Refrigerator 0.25 0.25 -0.01
Television 0.52 0.50 0.02
Video or DVD player 0.39 0.38 0.01
Radio 0.87 0.89 -0.02
Gas or electric stove 0.28 0.24 0.04**
Bicycle 0.81 0.80 0.00
Motorcycle/scooter 0.29 0.36 -0.08***
Car/pickup/Jeep/tractor 0.25 0.24 0.01
Tap water in the compound 0.28 0.24 0.05**
Bathroom in the house 0.13 0.10 0.03**
Mobile phone 0.97 0.96 0.00
Fixed telephone line 0.05 0.04 0.01
Had a meal this morning 0.70 0.66 0.04*
Had a snack at break time 0.85 0.81 0.03**
Socio-economic status (PCA) 0.04 -0.06 0.09
Previously attended any form of education 0.72 0.64 0.07***
Currently attending Islamic school 0.59 0.55 0.04*

Notes: Source: Author’s calculations based on 2016 EGRA data. The values represent the mean share of students
whose household has access to assets and their consumption patterns. The asterisks indicate the statistical signifi-
cance of differences between the two groups (* = 1%, ** = 5%, and *** = 10%). The analysis is based on a sample
size of 1,305 double-shift students and 874 single-shift students.

Teacher characteristics and teaching practices also vary: double-shift schools have fewer
female teachers (31%, vs. 43% for single-shift schools), which means fewer role models for girls.
Additionally, teachers in double-shift schools have less overall teaching experience as well as
less grade-specific teaching experience. They are also less likely to assign homework or provide
feedback, likely due to larger class sizes and time constraints from teaching multiple shifts.
As for school facilities, double-shift students are less likely to have access to a school library,
although book borrowing rates do not differ significantly between double-shift and single-shift
students. Overall, these findings support the hypothesis that double-shift students have weaker
EPFs than single-shift students. When combined, the evidence suggests that the DSS generally
provides lower-quality schooling than the SSS.
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Table 2: Difference in student effort and parental involvement by school shift system (SSS vs.

DSS)
Single- Double-
Shift Shift Difference

System System in Means
Pupil-teacher ratio 35.12 38.98 -3.86"**
Anyone read aloud to you at home 0.63 0.53 0.09***
Practice reading aloud to someone at home 0.60 0.53 0.08***
Studied outside school last week 0.47 0.46 0.01
Ever studied last week with classmates 0.49 0.52 -0.02
Missed any school days last week 0.35 0.34 0.01
Parent aware child did not do well in school 0.71 0.70 0.01
Parent aware child did well in school 0.82 0.77 0.04*

Notes: Source: Author’s calculations based on 2016 EGRA data. The values represent the mean share of students
whose household has access to assets and their consumption patterns. The asterisks indicate the statistical signifi-
cance of differences between the two groups (* = 1%, ** = 5%, and *** = 10%). The analysis is based on a sample
size of 1,305 double-shift students and 874 single-shift students.

2.4.3 MIV Assumption

The density plot checks in Figure 4 below confirm the monotonicity assumption regarding the
MIV considered and student performance: students from higher socio-economic backgrounds

generally perform slightly better than their peers from lower socio-economic backgrounds!?.

13 The SES index is based on PCA.

20



AFEP Working Paper Jallow (2025)

Table 3: Difference in teacher characteristics and teaching practices by school shift system
(SSS vs. DSS)

Single- Double-
Shift Shift Difference

System System in Means
Share of female teachers 0.43 0.31 0.11%**
Years of teaching experience 5.74 5.15 0.59*
Years of teaching experience in current grade 2.38 1.87 0.51***
Qualified teacher 0.64 0.60 0.04*
Unqualified teacher 0.06 0.08 -0.02*
Trainee teacher 0.30 0.32 -0.02
Does your current teacher ever practice letter 0.94 0.91 0.03*
sounds with you?
Do you ever practice reading aloud to your 0.80 0.80 0.00
class?
Does your teacher ever read aloud to you? 0.93 0.90 0.03**
Do you teach the children the names of 0.73 0.82 -0.09***
alphabets/letters?
Do you teach the children letter sounds? 0.96 0.98 -0.02*
Do you teach the children common sounds? 0.95 0.95 0.01
Do you read short stories aloud to the children? 0.89 0.92 -0.03*
Do you have the children read aloud to you? 0.93 0.98 -0.05***
Do you give the children homework? 0.98 0.95 0.04***
Do you give feedback after marking an 0.98 0.99 -0.01
assignment?
Did you receive any training on how to assess 0.51 0.57 -0.06**
reading?
Did you receive any training on how to assess 0.46 0.50 -0.05*
comprehension?
Do you have a school library? 0.74 0.62 0.12%**
Do students borrow books from the library? 0.44 0.47 -0.03
Are books allowed to be taken from the library? 0.34 0.50 -0.16***

Notes: Source: Author’s calculations based on 2016 EGRA data. The values represent the mean share of students
whose household has access to assets and their consumption patterns. The asterisks indicate the statistical signifi-
cance of differences between the two groups (* = 1%, ** = 5%, and *** = 10%). The analysis is based on a sample
size of 1,305 double-shift students and 874 single-shift students.
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Figure 3: Distribution of correct letter names and sounds by SES score
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3 Results

Previous studies suggest there is a strong negative relationship between the DSS and learning
outcomes. In order to assess causality, this analysis first examines the unconditional mean dif-
ference under the strong ETS assumption—that school shift assignment is random—and com-
pares it with the non-parametric bounds. Since ETS ignores selection bias, it likely overstates
the DSS’s negative effect (if any). Thus, the true impact is expected to be smaller than it is
estimated to be under that assumption. The ETS results are included in the main analysis for

comparison purposes.

3.1 Main Findings

Figure 5 shows the effect attending a double-shift school has on standardized ORF scores from
the EGRA and the probability of passing both English and Mathematics in the WASSCE.
The ETS estimates indicate that primary school students in public double-shift schools score
0.12 standard deviations lower on ORF than their peers in public single-shift schools. Similarly,

the ETS estimates show that high school students in private double-shift schools are about
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7.2 percentage points less likely to obtain a passing grade in both English and Mathematics than

their peers in private single-shift schools.

Figure 4: Effect the DSS has on (a) ORF scores and(b) the probability of obtaining a pass in
both English and Mathematics
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Notes: Source: Author’s calculations based on available data. The graphs show the bounds on the average causal
effect that attending a double-shift school has on the standardized ORF subtask (left) and on the probability of
obtaining a pass in both English and Mathematics (right). The vertical axis of each graph represents E [ Y|t = 0]-
E[Y|t = 1]. The bars in the graphs indicate the bound and confidence interval estimates for the effect, except for
the point estimate using ETS.

The no-assumption (worst-case) bounds suggest that attending a public double-shift school
at the primary level may reduce a student’s standardized ORF score by as much as 0.43 standard
deviations compared to peers in public single-shift schools at the same level. Similarly, attending
a private double-shift school at the high school level is associated with a reduction of approxi-
mately 79 percentage points in the probability of passing both English and Mathematics com-
pared to peers in private single-shift schools at the same level. Applying the MTS assumption—
that students in double-shift schools are negatively selected and thus have lower average potential
outcomes than those in single-shift schools—increases the lower bound on the treatment effect
without affecting the upper bound. Under the MTS assumption, the estimated negative effect on

standardized ORF scores diminishes substantially, to approximately 0.012 standard deviations,
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and the reduction in probability of passing both English and Mathematics is reduced to around
7.2 percentage points.

Also incorporating the non-increasing MTR assumption, which rules out any increasing ef-
fect of the DSS conditional on covariates, tightens the bounds considerably by setting the upper
bound on the ATE to zero. Under the combined MTS + MTR assumption, the estimated ef-
fect on standardized ORF scores is tightly bounded between -0.012 and 0O standard deviations,
while the effect on the probability of passing both English and Mathematics is constrained to
between -7.2 and O percentage points. Incorporating the MIV assumption, which asserts that
student performance increases monotonically with SES, further refines these bounds and nar-
rows the estimated effect on standardized ORF scores to between -0.018 and -0.007 standard
deviations!4. The true causal effect the DSS has on test scores lies within the MTS + MTR +
MIV bounds for foundational literacy in public primary schools and within the MTS + MTR

bounds for private high schools.

3.2 Additional Results

Examining additional outcome variables beyond the standardized ORF score and the probabil-
ity of passing both English and Mathematics yields consistent findings, as shown in Table 4.
For example, primary school students in public double-shift schools score up to 0.03 standard
deviations lower on the familiar word subtask and 0.009 standard deviations lower on the letter
sound subtask than their peers in public single-shift schools. Likewise, high school students in
private double-shift schools are approximately 6 percentage points less likely than their peers
in private single-shift schools to obtain five credits including English and Mathematics in the
WASSCE. Although the DSS’s effect is negative at both the foundational and high school levels,
its magnitude remains modest.

To examine whether the impact of attending a double-shift school varies by gender in public
primary schools, Table 5 presents the MTS + MTR + MIV bounds estimated for boys and girls
separately. The results indicate that the DSS’s negative effect on standardized ORF scores ap-
pears to be more pronounced for girls, whose lower bound is -0.027 standard deviations, than
boys, whose lower bound is -0.006 standard deviations. Despite this difference, the bounds for
both genders include zero, which implies that the possibility of no effect for either group cannot
be conclusively rejected.

Disaggregation by grade level reveals that students in Grade 1 are disproportionately af-

fected by the DSS compared to students in Grades 2 and 3, as reflected by their standardized

14 Due to WASSCE data limitations, it was not possible to find a valid WASSCE-related MIV for the analysis. Using
the PTR or the number of exam takers per year proves uninformative, and testing for weak stochastic dominance
yields inconclusive results. Density plots using these variables also show substantial overlap in performance
across class sizes.
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OREF scores. Whereas the lower bounds for Grades 2 and 3 are -0.010 and -0.008, respectively,
the lower bound for Grade 1 is -0.026, which indicates a more substantial potential negative
impact. It is important to note that Grade 3 students take the National Assessment Test exam,
which may prompt increased investment in or resource reallocation to this cohort. Such targeted
support could mitigate the adverse effects of the DSS and thus result in a comparatively smaller

estimated impact being observed for Grade 3 students.

Table 5: EGRA Subsample Analyses

Subsample 1b ub cilb ciub selb se ub bias_lb bias_ub

Female -0.027 0.031 -0.046 0.047 0.015 0.013 0.005 0.000
Male 0.006 0.058 -0.018 0.078 0.019 0.015 0.005 0.000
Grade 1 -0.026  0.000 -0.040 0.002 0.011 0.001 0.003 0.000
Grade 2 -0.010 0.033 -0.032 0.052 0.017 0.015 0.002 0.000
Grade 3 -0.008 0.107 -0.046 0.135 0.029 0.022 0.014  -0.003

Notes: Source: Author’s calculations. The dependent variable is the standardized ORF score, and the results
presented are the MTS + MTR + MIV bounds with their corresponding confidence intervals and standard errors.

Table 6: WASSCE Subsample Analyses

Subsample Variable 1b ub cilb ciub selb se ub

Region 1 Pass in Englishand  -0.161 0.000 -0.174 0.000 0.010 0.000
Mathematics

Region 1 Five Credits -0.124 0.000 -0.133 0.000 0.007 0.000
Including English

and Mathematics
Region 2 Pass in Englishand  0.011 0.000 -0.102 0.000 0.009 0.000

Mathematics

Region 2 Five Credits 0.012 0.000 -0.005 0.000 0.004 0.000
Including English
and Mathematics

Full sample Pass in English -0.023 0.000 -0.035 0.000 0.009 0.000

Full sample Pass in Mathematics -0.119 0.000 -0.129 0.000 0.008 0.000

Notes: Source: Author’s calculations. The dependent variables are listed in the Variable column, and the results
presented are the MTS + MTR + MIV bounds with their corresponding confidence intervals and standard errors.

To further investigate the DSS’s impact, its effects on the probability of passing English and
Mathematics were disaggregated by subject. The analysis reveals that the DSS exerts a more
pronounced negative effect on Mathematics outcomes than English outcomes. More specifically,

under the ETS assumption, attending a double-shift school is associated with a 2-percentage
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point reduction in the probability of passing English and a substantially larger 12-percentage
point reduction in the probability of passing Mathematics.

Applying the worst-case (no-assumption) bounds yields considerably wider intervals, which
reflects the uncertainty that is inherent when fewer identifying assumptions are imposed. Under
these bounds, the maximum estimated reduction in the probability of passing English is 51 per-
centage points, and Mathematics, 59 percentage points, which indicates that in the absence of
additional assumptions, the DSS’s adverse impact could potentially be substantial. However,
when the MTR and MTS assumptions are incorporated, the bounds narrow significantly. These
assumptions increase the lower bound and reduce the upper bound, and effectively exclude the
possibility of the DSS having a positive effect on academic achievement. As is shown in Table 6,
the most restrictive bounds indicate that the DSS reduces the probability of passing English by
up to 2.3 percentage points and Mathematics by up to 11.9 percentage points.

A regional analysis focusing on Regions 1 and 2 reveals notable heterogeneity in the esti-
mated effects. In Region 1, the tightest bounds suggest that the DSS reduces the probability of
passing English by approximately 16 percentage points. In contrast, in Region 2, the DSS’s es-
timated effect is marginally positive, at 1.1 percentage points. A similar pattern emerges for the
probability of obtaining five credits including English and Mathematics: in Region 1, the DSS
is associated with a reduction of up to 12.4 percentage points, whereas in Region 2, its effect is
slightly positive, at up to 1.2 percentage points.

Overall, these findings indicate that the DSS’s negative effects are more pronounced for
Mathematics than for English and that the magnitude, and even the direction, of the effect can

vary substantially from one region to the next.

3.3 Conclusion

The effect the DSS has on learning outcomes has generally been assumed to be negative. Anec-
dotal evidence suggests both parents and policymakers perceive the DSS to have a negative
impact. In some countries, the DSS has already been abolished completely, while in others,
governments have made it a key priority to reduce their use of it or eliminate it entirely. How-
ever, empirical evidence supporting its abolishment is limited, especially when considering the
cost implications. In resource-constrained economies, the DSS increases access to education
with minimal additional cost and may reduce class size, which allows for more personalized
teaching and makes it easier to justify expenditures on resources like libraries and laboratories.
Despite these potential benefits, blame for poor learning outcomes is sometimes placed on the
DSS instead of other issues. The lack of a clear identification strategy is a key challenge when
it comes to empirically establishing causality and estimating the magnitude of the causal effect,

and it has limited the empirical literature on the DSS’s effect to date.
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This study addresses the identification challenges that are inherent in estimating the effect the
DSS has on learning outcomes by employing a non-parametric bounds analysis approach. This
approach, which is relatively underexplored in the context of educational research, provides a
range of plausible treatment effects based on a set of weak and partially testable non-parametric
assumptions. Furthermore, this study estimates the bounds on the ATE without relying on the
assumption the DSS has a linear and homogeneous effect.

This paper confirms that the double-shift schooling system negatively impacts learning out-
comes at both the foundational and high school levels, as evidenced by performance on the
EGRA standardized literacy assessment in public primary schools and the WASSCE in private
high schools. A back-of-the-envelope calculation suggests that converting all private double-
shift high schools to single-shift ones—with additional classrooms and teachers—would in-
crease the pass rate in English and Mathematics in private high schools from approximately
20% to 21.5%, a marginal 1.5-percentage point improvement. Similarly, it is estimated that
converting all public double-shift primary schools to single-shift ones would improve standard-
ized OREF scores in public primary schools between 5% and 13%. While the adverse effects
of the DSS are statistically significant, their magnitude is relatively modest compared to the
substantial benefits that are provided by the increased educational access that the DSS affords.

Notably, this study reveals that the DSS exerts a more detrimental effect on girls than on boys
at the primary level, which underscores the need for more targeted and effective engagement
strategies during after-school programs in double-shift settings. Furthermore, the attenuation of
adverse effects that is observed from Grade 1 to Grade 3 suggests that early impacts may largely
reflect the strong foundational skills acquired through private schooling or early childhood devel-
opment programs prior to Grade 1. Regional disparities in outcomes are also anticipated, given
the variability in student and teacher quality as well as students” household socio-economic char-
acteristics, which partially explains the DSS’s effects being more pronounced in Region 1 than
Region 2.

A key finding that warrants emphasis is that, unlike the substantial and significant negative
effects that are observed for private double-shift high schools, there is comparatively weaker evi-
dence that students in public double-shift primary schools perform worse than their counterparts
in public single-shift schools. Consequently, the main implication of this study is that transi-
tioning from the DSS to the SSS under current conditions may not necessarily yield significant
improvements in foundational learning outcomes. This distinction is particularly important be-
cause the schools included in the evaluation at the foundational level are public schools, while
those at the high school level are all private schools. This is largely due to the absence of private
primary schools in the sample considered and the fact that almost all the public high schools in

the sample followed the DSS. While many policy efforts to abolish the DSS are likely to focus
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on the public sector, this study highlights that greater gains may be achieved by targeting private
high schools.

This study finds that attending a double-shift school has a negative effect on learning out-
comes, with variations across subjects, school types, and regions. Furthermore, the DSS appears
to have a slightly larger adverse effect on Mathematics than on English at the high school level
(Grade 12). Atthe foundational level, relying on a student’s household SES yields tighter bounds
on the effect the DSS has on reading assessment performance. While the DSS is found to have
a negative effect in most cases, the findings do not generally rule out the possibility that it have
null effects. The DSS’s negative impact on learning outcomes aligns with concerns raised by
scholars and policymakers about potential trade-offs between access to education and educa-
tional quality. The variations observed across subjects, school types, and regions suggest that
the DSS’s effect is not uniform and may be influenced by contextual factors.

Overall, this study contributes to the ongoing discourse on the DSS by providing empirical
evidence of its negative effects on student learning, particularly in certain subjects and contexts.
However, the findings also underscore the complexity of the issue and the need for nuanced
policy decisions that carefully weigh the trade-offs between access and quality while considering

potential interventions aimed at addressing the issue of poor learning outcomes.
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Appendix A: Additional tables and figures

The tables below provide summary statistics for the key variables.

Table A1: Summary Statistics, WASSCE Data

Variable Obs. Mean Std. Dev.  Min. Max.
Number of students per 12566  191.873 121.156 5 421
school

Total students per school 12566 11527.844 1602.982 9481 13806
year

Number of classes per grade 12450 4.157 2.024 1 9
Class size 12450  46.557 22.68 5 101.333
Number of subjects per 12566 8.148 1.129 1 9
student

Double-shift yes 12566 .556 497 0 1

5 credits incl. English & 12566 .061 24 0 1
Mathematics

Share 5 credits incl. English 12566 4.281 .848 3.359  6.013
& Mathematics

% of students with 5 credits 12566 .061 142 0 601
per school
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Table A2: Summary Statistics, EGRA Data

Variable Obs. Mean Std. Dev. Min. Max.
Double-shift school 2180 0.401 0.49 0 1
Public 2180 1 0 1 1
Female 2180 0.494 0.5 0 1
Total number of students in 2152 98.657 120.596 4 659
grade per school

Pupil-teacher ratio 2147 36.678 13.354 4 195
Number of absentees 2180 10.638 11.923 0 73
Number of classes per grade 2175 2.387 2.145 1 11
Multi-grade class 2178 0.057 0.233 0 1
Ever repeated a grade 2178  0.227 0.419 0 1
Previously attended any 2180 0.686 0.464 0 1
form of education

Currently attending Islamic 2180  0.572 0.495 0 1
school

Had a meal this morning 2179 0.679 0.467 0 1
Had a snack at break time 2180 0.834 0.372 0 1
Have electricity at home 2178  0.287 0.452 0 1
Tap water in the compound 2176  0.264 0.441 0 1
Have reading books at home 2180 0.579 0.494 0 1
Anyone read aloud to youat 2180 0.589 0.492 0 1
home

Practice read aloud to 2180 0.573 0.495 0 1

someone at home
Studied outside school last 2180 0.468 0.499 0 1

week

Ever studied last week with 2180  0.503 0.5 0 1
classmates

Missed any school days last 2180 0.344 0.475 0 1
week

Parent aware child did not 2180 0.703 0.457 0 1
do well in school
Parent aware child did well 2180 0.801 0.399 0 1

in school

Correct letter names per 2179 .36 289 0 1
minute

Correct Letters Sounds per 2143 17 .182 0 1
minute

Correct familiar words per 2159 151 252 0 1
minute

Correct non-familiar words 2158  .137 258 0 1
per minute

Oral reading fluency 2180  .125 221 0 1
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