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Abstract
Teaching quality is known to be critical for students’ education and life prospects in developed
countries. However, little is known about how teacher quality affects student learning in Africa. This
paper presents the first estimates of teacher value-added from an African country, using data from a
school-based RCT in northern Uganda. Exploiting the random assignment of students to classrooms
within schools, we estimate a lower bound on the classroom effects. A 1-SD increase in teacher
quality leads to at least a 0.27 SD improvement in student performance on a reading test at the end of
the year. Shifting teachers from the 10th to the 90th percentile of quality increases performance by up
to 0.69 SDs –comparable to the most effective education interventions conducted in Africa. Our
results also suggest that the classroom effects are highly volatile between years.
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1.

Introduction

Teachers are important. Extensive evidence from developed countries shows that teacher quality
has large effects on children’s success in school and in adulthood, especially when exposed to quality
teaching at young ages (Chetty et al. 2011, Chetty, Friedman, and Rockoff 2014). The evidence of
the importance of teachers is consistent with research in developing countries, which finds that the
interventions that are most effective at improving learning are those that focus on improving teacher
training and reforming pedagogical approaches (Glewwe et al. 2014; Kremer et al., 2013; McEwan
2014; Ganimian and Murnane 2014). Yet, direct evidence on the effects of teaching quality in Africa
is scant. Such evidence is much-needed: if variation in teaching quality drives large changes in
student performance, there is scope for policymakers and administrators to improve learning by
emulating the training of the most effective teachers or providing quality teacher support and
mentoring. If teaching quality matters for student learning, but does not vary much across classrooms
in Africa, policy should focus instead on recruiting more able teachers, and fundamentally changing
how teachers are trained. Lastly, if we find teacher quality does not have large impacts on student
learning, investing in other inputs first or simultaneously, may be necessary to improve educational
outcomes.
This paper presents the first value-added estimates of teacher quality from an African country
and among the first in a developing country. We utilize panel data from a randomized evaluation of a
mother-tongue literacy program implemented in grades 1-3 in northern Uganda – the Northern
Uganda Literacy Program (NULP). The program provided primary schools with intensive teacher
training and support, scripted lesson plans, and revised learning materials. It began in a small number
of pilot schools in 2010, where the materials and delivery of the program was tested and refined. A
four year randomized evaluation of the program began in 2013; the first wave of the evaluation was
conducted in 38 schools and in 2014 the evaluation was scaled up to cover 128 schools (Kerwin and
Thornton 2015). Our analysis uses data from all four years of the evaluation exploiting the fact that
students were randomly assigned to classrooms within schools in 2013 and 2016.
We first estimate classroom effects using the value-added model approach, which takes student’s
prior achievement into account to control for variation in initial conditions and then estimates the
increase in learning attributable to a specific teacher. The variation in these classroom effects is then
interpreted as the variation in teacher quality. In principle, classroom effects could differ from
teacher effects, as the former also include year-specific classroom shocks such as interruptions
during testing, classroom peer dynamics etc.
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To assess the importance of these year-specific shocks we also present results on teacher effects,
which we define as the stable part of the classroom effects. A large body of literature has estimated
teacher effects in the United States and finds fairly consistent evidence that teachers are an important
part of explaining the variation in test scores. This conclusion holds even when considering only
variation in teacher quality within schools, and ignoring across-school variation. The estimated effect
of a one-standard deviation increase in teacher effectiveness from schools in the United States, varies
from 0.11 to 0.26 standard deviations of test scores (Hanushek and Rivkin 2010).
Little is known about how consistent the variation is between settings, as studies estimating
teacher effects in developing countries are scarce. Among private secondary school teachers in India,
Azam and Kingdon (2015) find that a one standard deviation improvement in teacher value-added
increased test scores by 0.366 standard deviations. This is substantially higher than the results found
in the U.S. In contrast, Araujo et al. (2016) find a one standard deviation increase in classroom value
added increases test scores by 0.07-0.11 standard deviation among kindergarteners in Ecuador, which
is quite similar to the results found in the U.S. No previous study has estimated value-added models
of teacher ability in Africa; this paper is the first to do so.
Our lower-bound estimates of the classroom effects are that a one-standard deviation increase
improves test scores by between 0.27 and 0.46 SDs. These lower-bound estimates are derived from
within-school variation, corrected for sampling variation. Shifting a classroom from the 10th to the
90th percentile causes a 0.69 to 1.18 SD improvement in student performance. Moreover, we find that
these classroom effects are highly volatile. The data we use come from in northern Uganda, a very
poor, rural setting with limited resources and teacher support, teaching materials are scarce, and class
sizes are large. Our results are important because they show that effective teachers are important for
student success even in the resource-constrained conditions common in schools across rural Africa.
Our analysis also show that
Our study allows us to assess the causal impact of improved support and training on teacher
ability, using the fact that the NULP was randomized across schools. While the NULP intervention
raises performance for all classrooms, it has an outsized impact for the most-effective teachers – and
so increases the spread of teacher value-added.
To test whether the teacher value added is biased we follow Kane and Staiger (2008) and use the
estimated teacher value added under non-random assignment to predict test scores under random
assignment. In 2016 we randomly assigned teachers to students in all grades. In the previous year the
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teachers were assigned in the usual manner. This means that we have two adjacent cohorts where the
first was not necessarily randomly assigned to teachers whereas the second was. We find that the
estimated classroom effects from 2015 very accurately predict student performance in 2016 which
suggest that bias arising from non-random sorting is negligible
We are able to assess the impact of one such human capital intervention on the variance of
teacher ability: the implementation of the NULP. Previous research has shown that the NULP
substantially increases average performance on literacy tests (Kerwin and Thornton 2015). Using our
value-added estimates, we show that it also increases the variance of literacy-test performance.

2.

Setting and Intervention Details

Our data comes from a multi-year randomized evaluation of a school-based literacy intervention
in the Lango sub-Region of northern Uganda. Uganda struggles with severe educational problems.
Many students leave primary school without basic literacy and numeracy skills (Uwezo, 2014).
These problems are especially challenging in northern Uganda, as the region is still recovering from
a devastating civil war which ended in 2007. The region continues to suffer from extreme poverty, a
lack of infrastructure, and limited access to quality education.
The program we study, the Northern Uganda Literacy Project (NULP), is a literacy intervention
developed in response to the educational challenges facing northern Uganda. The NULP was
designed by a locally owned educational tools company called Mango Tree Educational Enterprises
Uganda (henceforth Mango Tree), and aims to increase early childhood literacy skills through a
mother-tongue-first instructional approach and extensive teacher training and support. The project is
based in the Lango sub-Region, where the vast majority of the population speaks Leblango. The
NULP model involves a revised curriculum for grades 1-3 that focuses on mother-tongue-first
instruction and moves at a slower pace to ensure the acquisition of fundamental literacy skills. This
curriculum is paired with detailed, scripted teacher guides that lay out lesson plans for teachers and
intensive teacher training and support, as well as primers and readers for every student, and slates
and chalk for students in grade 1. A scripted approach like the NULP’s has been used with some
success in the United States, but has proven controversial among American teachers (Kim and
Axelrod, 2005). It is particularly well-suited to teaching literacy in the Lango sub-Region, an area
where teachers are often inadequately trained. The NULP’s fixed, scripted lessons also fit into a fixed
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weekly schedule. This helps keep both teachers and students on track, giving them an easy-toremember and easy-to-use routine for literacy classes.
This paper utilizes data from 2013 to 2016. In both of these years, the NULP delivered its
programing to grade one (P1) students only.

3. Sample, and Data
3.1 Sample
Our dataset consists of four cohorts of children, followed from P1 to either P2, P3 or P4
depending on the year they started P1 - 2015, 2014 and 2013, respectively. There are two main
samples we work with in our analysis. The first sample includes all teachers available and the second
restricts the sample to teachers who are teaching in both 2015 and 2016 2. We describe these samples
of schools, teachers, and students below. Table 1 presents the sample statistics for each of the two
samples.

[Table 1 about here]

(i) Schools
Schools were sampled for the study in two phases: an initial pilot RCT in 2013, and a larger RCT
in 2014 which carried on in 2015 and 2016. In 2013, 38 eligible schools were selected to be part of
the RCT. To be eligible schools had to meet a set of criteria established by Mango Tree, the most
important being that each school needed to have exactly two P1 classrooms and teachers.3 In 2014
the program was expanded to 90 additional schools for a total of 128 schools. The eligibility criteria
for these new 90 schools were slightly different, and less stringent.4
(ii) Teachers
2

We are not including 2014 as only 10 of the matched teachers were working in multi stream schools.
One school did not have two grade 1 classes and is removed from the analysis using school fixed effects. Other
eligibility criteria include including: being located in one of five specific school districts (coordinating centres),
having, having desks and lockable cabinets for each P1 class, a student-to-teacher ratio in P1 to P3 of no more than
135 during the 2012 school year, located less than 20 km from the headquarters of the coordinating centre,
accessible by road year round, had a head teacher regarded as “engaged” by the coordinating centre tutor, and not
having previously received support from Mango Tree.
4
Criteria in 2104 include: having desks and blackboards grade P1 to P3 classrooms and having a student-to-teacher
ratio of no more than 150 students during the 2013 school year in grades P1 to P3.
3
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Our sample of teachers is largely grade-specific rather than cohort-specific. Since Ugandan
schools practice social promotion, students in principle always advance to a new grade each year.
Therefore, our sample of classrooms includes the same cohort of teachers each year, but a new cohort
of students. In the initial 38 schools (and hence all of the 2013 data) we have two teachers in every
school except one, leaving us with a total of 75 teachers.
In 2014 we have new P1 teachers from the 90 new schools enter the sample. In addition, in the
original 38 schools, some teachers are reassigned to new grade or different schools due to turnover,
promotion, and so forth.
In the school sampled in 2013, we are able to match at least one teacher in 20 out of the 38
schools to 2014 data; for 12 schools we could match both teachers. This leaves us with 32 teachers
for which we have data in both 2013 and 2014. This sample falls to 24 teachers if we restrict our
analysis to within-school variation, which requires two teachers per school. 5
(iii) Students
In 2013, 50 P1 students were sampled at random from each of the 38 schools based on
enrollment lists collected at the beginning of the school year. The sample was stratified by classroom
and gender, resulting in 25 students per classroom. In 2014, this initial sample of P1 students was
retained, and tracked into P2.
In 2014, we added a new cohort of P1 students to the study. Among this new cohort, 100 P1
students were sampled at random from each of the 128 schools.6
Enrollment registers collected at the beginning of each year indicate that students’ average age is
around 7 years, which is one year older than the official schooling starting age; 50 percent of the
students are girls.
3.2 Randomization
(i) Assignment of NULP to schools

5

There is no evidence that teacher attrition is systematically related to the observable characteristics.
The sampling procedure differed slightly across the original 38 schools and the 90 added in 2014 due to logistical
constraints. In the 38 schools that had participated in 2013, an initial sample of 40 P1 pupils was drawn at baseline
2014, and then 60 students were added at endline following the same procedure as was used to add pupils to the P2
sample. In the 90 new schools, the initial sample was 80 pupils and 20 top-up pupils were added at endline. This
difference in the numbers of students sampled at the beginning of the was due to the organizational difficulty of
handling large numbers of students in the original 38 schools, since they also had a sample of 50 P2 students. For the
end of year testing in 2014, this difficulty was addressed by hiring additional enumerators.
6
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To assess the impact of the NULP on student learning, we conducted a multi-year, randomized
evaluation of the program (described in more detail in Kerwin and Thornton 2015). Of the 38 schools
in 2013 and 128 schools in 2014, the evaluation assigned each to one of three study arms: 1) Fullcost, 2) Reduced-cost, and 3) Control. In the Full-cost group, schools received the original NULP as
designed by and delivered by Mango Tree and its staff. In the Reduced-cost group, some of the
materials (slates and chalk) were eliminated, training was conducted through a cascade model led by
government employees (Ministry of Education staff) rather than Mango Tree staff, and teacher
received fewer support visits, again from government employees. Schools in the Control group did
not receive the literacy program.
To randomize, schools were grouped into stratification cells of three schools each. Each
stratification cell had its three schools randomly assigned to the three different study arms via a
public lottery.
(ii) Assignment of students to classrooms and teachers
Our research design takes advantage of the fact that students were randomly assigned to teachers
in 2013 and 2016 but not in 2014 and 2015. For the 2013 and 2016 classes students were randomly
assigned to classrooms by providing the head teacher in each school with blank rosters that contained
randomly-ordered classroom assignments. Each head teacher then copied the names of all students
from his or her own internal student list onto the randomized roster in order, which generated a
randomized classroom assignment for each student. Students that enrolled late were added to the
roster in the order they enrolled, and thus were randomly assigned to classrooms as well. Compliance
with this procedure was verified by having field staff compare the original student lists to the
randomized rosters, and also by asking the head teachers what they did.
In 2014 and 2015, head teachers were not given explicit instructions on how to assign students or
teachers. In general, the way assignments are made is specific to each school, and depends on the
approach used by the school’s head teacher.
3.3 Data
Our data consists of XXX children and summary statistics on test scores and basic demographics
is presented in Table 2.

[ Table 2 about here ]
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(i) Learning Outcomes
Our outcome of interest come from the Early Grade Reading Assessment (EGRA) which is an
internationally recognized exam to assess early literacy skills such as recognizing letters, reading
simple words and understanding sentences and paragraphs. We use a validated adaptation of the
EGRA to Leblango, which covers six components of literacy skills: letter name knowledge (LN),
initial sound identification (IS), familiar word recognition (FW), invented word recognition (IW),
oral reading fluency (ORF), and reading comprehension (RC). In order to measure overall
performance we construct a principal components score index in the following way. First, we
normalize each of the test modules against the control group, then taking the (control-group
normalized) first principal component as in Black and Smith (2006).7 8
Tests are administered at the beginning and end of year in both 2013 and 2014. In 2013, of the
1,772 students for which we have both classroom information and beginning-of-year test scores,
1393 students were present for the endline exams (78.6 percent). In 2014, of the 7,634 students with
classroom information and beginning of year test scores, 5,880 were present for the endline (77.0
percent).9 In 2015 and 2016 the tests were only administered at the end of the year. Hence, for P1 in
2015 and 2016 we in practice set the baseline score to zero which means that the value-added is from
nothing to the end of year score.
In general, performances on the exams were quite poor, especially at baseline. None of the
students can read or write before the beginning of grade one.
(ii) Teacher characteristics
Data on teacher characteristics are obtained from a teacher survey conducted in the beginning of
2013 and 2014. From this survey we have information on both individual and household
characteristics. We also conducted a three-question Raven’s Standard Progressive Matrices (SPM)
test to measure fluid intelligence, as well as asking a range of questions in social science, science,
math and language. Table 2 shows that the average teacher is around 41 years old, has 15 years of
education (which corresponds to two years of post-secondary education) and has a total score of 2.27
7

The first principal component explains 53% of the variance of the six subtests. See Appendix Table for the results
of the principal components analysis.
8
Some students, 31 in 2013 and 993 in 2014, are missing at least one component of the beginning-of-year test score,
which results in a missing beginning-of-year test score when we construct the PCA index. Our results are robust to
alternative methods of index construction, where we only lose the test score if all components are missing
9
There is no evidence that attrition is systematically related to observable student age or gender.
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out of 3 on the RPM test, or 75% correct. This would put the average teacher at around the 50th
percentile of the US adult distribution on the full 60-item SPM (Bilker et al. 2012). Roughly one
third is women and the vast majority is married.
The new teachers included in 2014 are slightly less educated (14 years of education), score lower
(1.87) on the RPM test and are more likely to be women. These differences are likely to be driven by
the fact that the expansion in 2014 induced less stringent eligibility criteria, thus including more rural
and disadvantaged schools.

4.

Conceptual Framework and Empirical Strategy

We turn next to our conceptual framework and empirical strategy for estimating the effects of
teachers on student learning.
3.1 Conceptual Framework
Learning is a complex, cumulative process that depends on students’ cognitive and non-cognitive
ability as well as their current and prior home environment, teacher quality, peers and other schoolspecific factors amongst others. Wolpin and Todd (2003) describe the canonical model of the
production of the learning process as follows:
(1)

𝑌𝑖𝑐𝑠𝑡 = 𝑌𝑡 [𝑿𝑖𝑐𝑠 (𝑡), 𝑺𝑖𝑐𝑠 (𝑡), 𝑪𝒊𝒄𝒔 (𝑡), 𝜃𝑖0 , 𝜀𝑖𝑐𝑠𝑡 ]

where 𝑌𝑖𝑐𝑠𝑡 is a measure of achievement for child i in classroom c in school s at time t. Acquisition of
this knowledge is then modelled as a combination of cumulative family-supplied inputs (𝑿𝑖𝑐𝑠 (𝑡)),
cumulative school-supplied inputs (𝑺𝑖𝑐𝑠 (𝑡)) such as school management etc., cumulative classroom
inputs such as the teacher (𝑪𝑖𝑐𝑠 (𝑡)) and genetic endowments (𝜃𝑖0 ). 𝜀𝑖𝑐𝑠𝑡 allows for measurement error
in the achievement measure. 𝑌𝑡 allows the impact of all factors to depend on time and thus the age of
the child. As data on this entire process is rarely, if ever, available, many scholars have sought
alternative ways of estimating the determinants of learning. One approach in economics is the value
added model, which takes prior student achievement into account to control for variation in initial
conditions. Treating the arguments in (1) as additive separable and assuming that the parameters are
not varying with age, equation (1) reduces to:
(2)

𝑌𝑖𝑐𝑠𝑡 = 𝛽0 + 𝛽1 𝑌𝑖𝑐𝑠𝑡−1 + 𝛽2 𝑿𝒊𝒄𝒔𝒕 +𝜌𝑠 + 𝜆𝑐𝑠 +𝜀𝑖𝑐𝑠𝑡
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where, 𝑌𝑖𝑐𝑠𝑡−1 captures previous family, school and individual factors as well as genetic endowments.
𝜌𝑠 is the effect of the school such as skills of the principal etc. 𝜆𝑐𝑠 is the effect of being in a specific
classroom and thus 𝜆𝑐𝑠 is an estimate of the increase in learning attributable to a specific classroom
and teacher. The variation in these classroom effects is then interpreted as the variation in teacher
quality.
3.2 Empirical Strategy
(i) Classroom effects
We start our analysis by estimating classroom effects using the “lagged-score” value added
model presented in equation (2).10 In order to estimate 𝜆𝑐𝑔𝑠𝑡 , two issues arise: First, in our data
teachers are perfectly nested within schools as we do not have any teachers that switch schools in our
sample. Therefore we cannot separate out the classroom effect from the school effect by including
school fixed effects. Second, the error term 𝜀𝑖𝑡 is likely to include individual heterogeneity such as
learning speed. While 𝑌𝑖𝑐𝑔𝑠𝑡−1 captures innate ability, more able children may also learn faster and if
not controlled for will be captured by the error term. In effect, we estimate the following partially
controlled equation:
(3)

𝑌𝑖𝑐𝑔𝑠𝑡 = 𝛽̂0 + 𝛽̂1 𝑌𝑖𝑐𝑔𝑠𝑡−1 + 𝛽̂2 𝑿𝒊𝒄𝒈𝒔𝒕 +𝜆̂𝑐𝑔𝑠𝑡 + 𝜁𝑔 + 𝜏𝑡 + 𝜐̂𝑖𝑐𝑠𝑡

(4)

𝜐̂𝑖𝑐𝑔𝑠𝑡 = 𝜌𝑠 +𝜃𝑖 + 𝜀𝑖𝑐𝑠

where

𝜆̂𝑐𝑔𝑠𝑡 is estimated as a classroom fixed effect and is our coefficient of interest. To allow for
interdependence within classrooms, we cluster the standard errors at the classroom level.
There are three factors potentially threatening the identification of our estimated classroom
effects 𝜆̂𝑐𝑔𝑠𝑡 in equation (3). First, there may be school effects that covary with true classroom
effects, 𝜆𝑐𝑔𝑠𝑡 , such as school management, resources or other things that can influence school choice.
Second, there may be individual effects that covary with true classroom effects, such as sorting of
students to teachers based on parental influence or other unobserved characteristics. Third, sampling
error. The estimated classroom effects are the sum of the true classroom effects and the estimation
error that arises from the fact that we have small samples of students, thus:

10

Using a lagged score model allow classroom assignments to depend on previous achievement which might occur
in our data cf. section 2.2.
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(5)

1
𝑁𝑐𝑠
𝜆̂𝑐𝑔𝑠𝑡 = 𝜆𝑐𝑔𝑠𝑡 + 𝑁 ∑𝑖=1
𝜀𝑖𝑐𝑠 ,
𝑐𝑠

where Ncs is the number of students per class. As the sample gets small (fewer students tested per
class) the sampling error gets large. This sampling error could overwhelm the signal, causing a few
very low or very high performing students to strongly influence the estimated classroom effects,
𝜆̂𝑐𝑔𝑠𝑡 .
We address each of these three potential threats to identification in turn in the following sections.
After accounting for these issues we go on to describe how we estimate teacher effects, which we
define as the stable part of the classroom effects.

(ii) Within-school variation
When estimating equation (3) we use both within- and between-school variation which means
that the estimated 𝜆̂𝑐𝑔𝑠𝑡 picks up both classroom effects and school effects that covary with the
classroom effects, 𝜆̂𝑐𝑔𝑠𝑡 = (𝜆𝑐𝑔𝑠𝑡 + 𝜅𝜌𝑠 ). To overcome this problem we rescale the classroom effects
𝜆̂𝑐𝑔𝑠𝑡 to be relative to the school mean and thereby only consider the within-school variation in the
classroom effects. This means that the rescaled classroom effects become:
𝐶𝑠

(6)

̂

∑
𝑁𝑐𝑠 𝜆𝑐𝑠
𝛾𝑐𝑔𝑠𝑡 = 𝜆̂𝑐𝑔𝑠𝑡 − 𝑐=1
𝐶𝑠
∑𝑐=1 𝑁𝑐𝑠

where 𝛾𝑐𝑔𝑠𝑡 is the demeaned classroom effect, Cs is the total number of classrooms within the school s
and Ncs is the total number of students in classroom c and school s. This approach nets out all school
level factors and thereby provide a lower bound to the degree of variation.

(iii) Sorting of students to teachers
Our empirical strategy to estimate classroom effects relies, in part, on the fact that students were
randomly assigned to teachers in 2013 and 2016. One threat to the validity of this approach would be
if students systematically switched classrooms during the year, or if student attrition was correlated
with teacher ability. In 2014 and 2015 students were not randomly assigned to teachers, so we cannot
rule out that the classroom effects are biased due to sorting of students to teachers. Including prior
test scores as controls reduces this concern, but does not eliminate it: we would not expect prior test
scores to be a fully comprehensive measure of ability and other unobserved characteristics.
11

To assess the degree of bias due to non-random assignment we follow Kane and Staiger (2008),
Chetty et al. (2014a) and others, and test whether the estimated classroom effects from non-random
can accurately predict the mean test scores of the students who are randomly assigned to the
classrooms. For this we use data from 2015 and 2016 as these are the years where we are able to
match most teachers. In practice, we purge the 2016 endline test scores of observed characteristics
and obtain the residuals:
(7)

𝑌𝑖𝑐𝑠 = 𝛽0 + 𝛽1 𝑌𝑖𝑐−1𝑠 + 𝛽2 𝑿𝒊𝒄𝒔 +𝜌𝑠 + 𝜖𝑖𝑐𝑠

where 𝑌𝑖𝑐𝑠 is the end-of-year test score. 𝑌𝑖𝑐−1𝑠 is the beginning-of-year test score, 𝑿𝒊𝒄𝒔 is a vector of
student characteristics including age and gender, 𝜌𝑠 is a vector of school indicators and 𝜖𝑖𝑐𝑠 is the
error term. Then we regress these residuals, 𝜖𝑖𝑐𝑠 on the estimated classroom effects from 2015.
(8)

𝜖𝑖𝑐𝑠 = 𝛼𝜆̂𝑐𝑠 + 𝜗𝑖𝑐𝑠

If we are unable to reject the hypothesis that α equals one, it suggests that the value-added measure is
unbiased: the difference in test scores under random assignment equals the difference in the valueadded measure.

(iv) Sampling variance
As described above, the estimated variance of the classroom effects is the sum of the true
variance and the sampling variance. This is particularly problematic when we have a small number of
student test scores in each class. To address this problem we analytically adjust the variance of the
classroom effects following the approach suggested by Araujo et al. (2016).11 For the within-school
1

classroom effects we estimate the variance of the measurement error as 𝐶 ∑𝐶𝑐=1 {

𝐶

𝑠 𝑁 )−𝑁 ]
[(∑𝑐=1
𝑐𝑠
𝑐𝑠
𝐶

𝑠 𝑁 )
𝑁𝑐𝑠 (∑𝑐=1
𝑐𝑠

𝜎 2 },

where 𝜎 2 is the variance of the residuals, 𝜀𝑖𝑐𝑠 from equation 3. Ncs is the number of students in
classroom, c in school, s, Cs is the number of classrooms in school, s and C is the overall number of
classrooms. Then we subtract that from the estimated variance of the classroom effects:
(9)

1
𝑉̂𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 (𝜆𝑐𝑠 ) = 𝑉(𝜆̂𝑐𝑠 ) − 𝐶 ∑𝐶𝑐=1 {
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𝐶

𝑠 𝑁 )−𝑁 ]
[(∑𝑐=1
𝑐𝑠
𝑐𝑠
𝐶

𝑠 𝑁 )
𝑁𝑐𝑠 (∑𝑐=1
𝑐𝑠

𝜎2}

The procedure is analogous to the Empirical Bayes approach. The difference is that the procedure proposed by
Araujo et al. (2016) explicitly accounts for the fact that the classroom effects are demeaned within each school and
that the within school mean may also be estimated with error. See the online appendix D of Araujo et al. (2016) for
details.
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For the classroom estimates that also use between-school variation this expression reduces to:
(10)

1
1
𝑉̂𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 (𝜆𝑐𝑠 ) = 𝑉(𝜆̂𝑐𝑠 ) − 𝐶 ∑𝐶𝑐=1 {𝑁 𝜎 2 }
𝑐𝑠

3.2.2 Teacher effects
When we have more than one year of data for the same teacher, under some circumstances it is
possible to separate the teacher effect from the classroom effect. The idea is that the classroom effect
can be decomposed into a permanent teacher component and a transitory classroom component. If we
assume that sorting of students to teachers does not continue year after year, meaning that the
characteristics of the students in a teacher’s class in year t is uncorrelated with the characteristics of
the students in the teacher’s class in year t+1, then the bias in the classroom estimates will be
uncorrelated from one year to the next. Then the variance of the permanent component, 𝛼𝑐 , between
teachers can be estimated from the auto-covariance of 𝜆𝑐𝑡 as:
(11)

𝑐𝑜𝑣(𝜆𝑐𝑡 , 𝜆𝑐𝑡+1 ) = 𝐸[𝜆𝑐𝑡 𝜆𝑐𝑡+1 ] = 𝐸[𝛼𝑐2 ] + 𝐸[𝜐𝑐𝑡 𝜐𝑐𝑡+𝑡 ] + 𝐸[𝛼𝑐 𝜐𝑐𝑡 ] + 𝐸[𝛼𝑐 𝜐𝑐𝑡+1 ]

where the three last terms are zero by the assumptions made above. If classroom assignments are
correlated between years then the covariance between 𝜐𝑐𝑡 and 𝜐𝑐𝑡+𝑡 will be different from zero and
thereby bias the estimate of the teacher, 𝛼𝑐 . In practice, we estimate the standard deviation of the
teacher effects as √𝑐𝑜𝑣(𝜆𝑐𝑡 , 𝜆𝑐𝑡+1 ) (McCaffrey et al.(2009); Hanushek and Rivkin (2012)).

3.2.3 Heterogeneous teacher effects
Does increased training and support make the quality of teachers more uniform, by offsetting
some of their pre-existing differences, or does it increase these differences because some teachers are
more able to take advantage of the program? Our third set of analyses investigates heterogeneous
teacher effects across the different treatment groups. We begin by running each of our analyses
separately for each arm of the study and comparing the teacher effects across study arms.
In order to shed light on the characteristics that determine how strongly teacher responds to the
NULP intervention, we estimate the following equation:
(12)

̅ 𝑐𝑠 + 𝛼4 𝑇𝑠 + 𝛼5 𝑇𝑠 𝑪𝑐𝑠 + 𝛼6 𝑇𝑠 𝑩𝑐𝑠 + 𝜀𝑖𝑐𝑠𝑡
𝑌𝑖𝑐𝑠 = 𝛼𝑠 + 𝛼1 𝑌𝑖𝑐−1𝑠 + 𝛼2 𝑿𝒊𝒄𝒔 +𝛼3 𝑿

where 𝑌𝑖𝑐𝑠 is the end of year test score, 𝑌𝑖𝑐−1𝑠 is the beginning of year test score, 𝑿𝒊𝒄𝒔 is a vector of
̅ 𝑐𝑠 is a vector of classroom is leave-self-out
student characteristics including age and gender, 𝑿
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average characteristics of the peers in the classroom. 𝑇𝑠 is a dummy variable indicating the treatment
group that the school was assigned. 𝑪𝑐𝑠 is a vector of teacher characteristics such as years of
schooling, age, gender, if the teacher lives in the same village, marriage status and score on Ravens
Progressive Matrices. 𝑩𝑐𝑠 is a vector of teacher behaviors.

5.

Results

Table 3 presents our main results, showing several estimates of the value-added measures. These
estimate classroom effects are summarized in terms of standard deviations of student performance on
the endline exams. The first four columns show the results of summarizing the classroom effects by
year and the last column summarizes all the teacher effects both within and across years. Our
preferred estimate comes from Panel B of the table, which purges the school effects by subtracting
the school mean from the teacher value-added estimates. It suggests that a 1-SD increase in teacher
ability leads to a gain between 0.27 and 0.46 SDs in student performance. If we treat these estimates
as capturing teacher effects, then moving from a 10th-percentile teacher to a 90th-percentile one would
mean a gain in student learning of 0.69 SDs for our lower estimate, and 1.18 SDs for the higher
one.12
In Table 4, we assess the potential bias stemming from non-random assignment of students to
teachers. In particular, the table shows the results from estimating equation 8 separately for the “raw”
classroom effects (column 1) and the classroom effects only including within school variation
(column 2). We see that the estimate in column 2 is very close and statistically indistinguishable from
one, suggesting that sorting of students to teachers is not a significant problem in this setting.
As widely recognized classroom effects are not the same as teacher effects. Specifically,
classroom effects also include year-to-year fluctuations in classroom learning such as peer dynamics,
disturbances on the testing day etc. Having multiple years of data enable us to separate the stable part
of the classroom effect from the transitory part, which we in turn interpret as the teacher effect. We
use data from 2015 and 2016 where we have the largest proportion of teachers that are matched
between years to calculate the auto-covariance of the classroom effects and then interpret the square
root of this covariance as the teacher effect. The results are seen in Table 5, where columns 1 and 2

12

These calculations assume the teacher effects are normally distributed, and hence use the standard normal
distribution to compute that a move from the 10th to the 90th percentile of the distribution is a 2.564-SD change
in teacher ability.
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report the standard deviation of the classroom effects for 2015 and 2016, respectively (only including
teachers that are teaching in both years) and column 3 report teacher effects. Comparing the
estimates across columns we see a large part of the classroom effect is due to transitory shocks. To
further investigate the stability of the classroom effects we assess the stability of the ranking of the
classrooms between years. In practice, we rank the classroom effects in each year and split the
ranking into quartiles. Then we calculate the proportion of teachers in each between-year quartile
combinations, table 6 shows the results. If the classroom effects are highly stable we expect to see a
high proportion of teachers pile up at the diagonal of table 6. However, this is not the case and in
particularly not for the teachers at the ends of the distribution. Almost 40 percent of the teachers
ranked in the lowest quartile in 2015 were ranked in the highest quartile in 2016. A similar pattern is
seen at the other end of the 2015 distribution. This adds to the previous evidence that the classroom
effects are highly volatile.
In Table 7, we show how our estimates of classroom value-added are affected by the introduction
of the NULP. Column 1 shows the results for the group of schools that did not get the program and
thus these estimates are the most comparable to previous studies. We see that the within school
estimates (panel B) vary from 0.05 to 0.19 SDs which is comparable with other teacher value-added
estimates. The results in columns 2-3 and in Panel B reveal that the program greatly increases the
variance of teacher effects. Since the program leads to gains in student performance on average, this
suggests that the impact of the program was largest for the highest-quality teachers. This in turn
suggests an added benefit of improving teacher quality in low-resource African contexts: better
teachers can make other interventions even more effective.
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Table 1: Sample

Panel A: Students
# Children
# Children x year

All teachers
Reducedcost
Full-cost
Control program program
7065
7784
7420
10983
12120
11999

Same teacher in 2015 and 2016
Reducedcost
Full-cost
Control program
program
2979
3994
3629
3241
4432
4142

Panel B: Teachers
# Teachers

238

241

243

56

72

69

Panel C: Schools
# Schools
# Classrooms

42
238

44
241

42
243

35
56

38
72

39
69
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Table 2: Descriptive statistics
All teachers

Same teacher in 2015 and 2016
Reducedcost
Control
program
Full-cost program

Control

Reduced-cost
program

Full-cost
program

P1
# Children
Age
Female (%)
Baseline score
Endline score

6597
7.57
49.81
0.00
0.33

7242
7.60
51.60
-0.01
0.56

6946
7.61
49.70
0.01
0.81

1980
7.78
48.94
0.00
0.38

2476
7.80
51.78
0.00
0.54

1968
7.78
49.75
0.00
0.70

P2
# Children
Age
Female (%)
Baseline score
Endline score

2400
8.81
48.71
0.00
0.23

2630
8.83
50.34
0.20
0.81

2745
8.84
49.54
0.43
1.37

1044
8.79
46.93
-0.01
0.24

1497
8.80
50.63
0.28
0.99

1694
8.82
49.29
0.48
1.44

P3
# Children
Age
Female (%)
Baseline score
Endline score

1758
9.83
49.66
0.00
0.39

1905
9.85
49.66
0.36
1.02

2035
9.83
49.24
0.72
1.67

187
9.48
52.94
0.20
0.53

453
9.81
47.24
0.10
0.50

476
9.76
52.52
0.67
1.74
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Panel A: All teachers
SD of classroom effects
Corrected SD of classroom
effects
Children
Teachers
Schools
Panel B: School FE
SD of classroom effects
Corrected SD of classroom
effects
Children
Teachers
Schools

Table 3: Classroom Effects
2013
2014
2015
0.56
0.49
0.55

2016
0.57

Pooled
0.56

0.47

0.45

0.49

0.52

0.50

1335
73
38

9160
180
127

10152
366
127

13160
440
128

33810
676
128

0.39

0.31

0.41

0.50

0.43

0.33

0.27

0.35

0.46

0.37

1272
70
35

4180
106
53

10070
363
124

13150
439
127

28672
654
127
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Table 4: Bias
(2)
(1)
0.991
2015 Classroom effects
0.651
(0.032)*** (0.061)***
T-test (𝜆̂𝑐𝑠 == 1)
School FE
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0.000

0.881

NO

YES

Table 5: Teacher Effects
Panel A: All teachers
SD
Corrected SD

Classroom effects
2015
2016
0.59
0.52
0.53
0.47

Teacher effects
.16

Children
Teachers
Schools

5399
195
112

6102
195
112

6102
195
112

Panel B: School FE
SD
Corrected SD

0.42
0.36

0.38
0.33

.029

Children
Teachers
Schools

3026
104
52

3472
104
52

3472
104
52
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Table 6: Changes in Teacher Rankings between 2015 and 2016, by quartile
Quartile in 2016
Quartile in
2015
1
2
3
4
1
16.57
20.12
24.26
39.05
2
10.65
30.18
30.18
28.99
3
35.50
23.67
24.26
16.57
4
37.28
26.04
21.30
15.38
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Table 7: Heterogeneity of the classroom effects by treatment group
Reducedcost
Full-cost
Panel A: All teachers
Control program
program
SD of classroom effects
0.26
0.36
0.46
Corrected SD of classroom effects
0.18
0.27
0.37
Children
Teachers
Schools

10606
225
42

11593
225
44

11611
226
42

Panel B: School FE
SD of classroom effects
Corrected SD of classroom effects

0.19
0.05

0.26
0.13

0.33
0.19

Children
Teachers
Schools

8167
214
41

9862
216
44

10643
224
42
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Appendices
Appendix Table 1: Results of Principal Component Analysis

Eigenvalue
Component
First
Second
Third
Fourth
Fifth
Sixth

3.21
0.87
0.80
0.59
0.34
0.19

Difference
from
Next-Largest
Eigenvalue
2.33
0.07
0.22
0.25
0.15
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Proportion
of Variance
Explained

Cumulative
Variance
Explained

0.53
0.15
0.13
0.10
0.06
0.03

0.53
0.68
0.81
0.91
0.97
1.00

