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Education in developing countries

I Education is central to policy agendas globally, including in developing countries

I Prominent in the vision of national governments

I Also prominent in international policy discussions: e.g. MDGs, SDGs, the WDR
2018 on Education

I Education is also central in the research agendas of development economists

I This lecture is a (selective) introduction to the field:

I Why are economists interested in this area?

I What are currently prominent (classes of) questions?

I What are some examples of the best experimental work in the area?
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Economics of Education reflects many strands of econ research

I Important for individual welfare:
I Expanding “capabilities” (Sen, 1998)
I Private returns on e.g. labour market
I Relevant for studying inequality, anti-poverty policy

I Potentially imp for economic growth

I see e.g. macro HK and growth decomposition literature

I Important investments for households and individuals

I links to e.g. intra-household resource allocation

I Core govt function, substantial share of public expenditure

I interesting issues of state capacity and public finance

I Schools are major employers

I issues of personnel economics (contracts, incentives, teams)

I Substantial private sector, esp in developing countries

I major issues of IO such as competition and choice
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I. Enrollment is near universal, years of schooling rising rapidly

The great schooling expansion—and those it has left behind    |    59
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b. Secondary school

East Asia and Pacific
Europe and Central Asia

Latin America and the Caribbean
Middle East and North Africa

South Asia
Sub-Saharan Africa

High-income countries

the share of girls enrolled in basic education reached 
a historic high.8 In primary and secondary schools 
in the developing world, the ratio of girls to boys 
jumped from 0.84 to 0.96 between 1991 and 2007.9 
Indeed, girls outnumber boys in secondary school 
in 38 developing countries (out of 121 for which data 
are available).10 Gender parity, however, has yet to be 
achieved; 62 million girls between the ages of 6 and 
15 years are still out of school,11 with the highest con-
centrations in West and South Asia and Sub-Saharan 
Africa.12 Although many girls start primary school, 
their likelihood of completing it remains low in some 
countries. By 2014 the primary enrollment rate of 
girls in low-income countries was at 78 percent, but 
their completion rate was only 63 percent.13

The strongest schooling expansions have occurred 
at the primary level, leading to a sharp increase in 
the demand for secondary education. Secondary 
enrollment rates have risen above 50 percent in every 
region except parts of Sub-Saharan Africa. But at that 
level there remain big gaps between low- and high-in-
come countries, especially for completion. In 2016 the 
secondary completion rate was 96 percent in high- 
income Organisation for Economic Cooperation and 

Figure 2.1 School�enrollments�have�shot�up�in�developing�countries

Net enrollment rates, by country group (1820–2010)

Source: WDR 2018 team, using data from Lee and Lee (2016). Data at http://bit.do/WDR2018-Fig_2-1.  

Figure 2.2 Most�of�the�world’s�population�with�less�
than�a�primary�education�is�in�South�Asia,�but�rates�
are�similar�in�Sub-Saharan�Africa

Stock of educational attainment (ages 15–64), by country group (2010)

Source: WDR 2018 team, using data from Lee and Lee (2016). Data at http://bit.do/WDR2018-Fig_2-2.
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II. Learning levels are very poor

Overview    |    5

of grade 6 students in Southern and East Africa were 
able to go beyond the level of simply deciphering 
words, and less than 40 percent got beyond basic 
numeracy.14 Among grade 6 students in West and 
Central Africa in 2014, less than 45 percent reached 
the “sufficient” competency level for continuing stud-
ies in reading or mathematics—for example, the rest 
could not answer a math problem that required them 
to divide 130 by 26.15 In rural India in 2016, only half of 
grade 5 students could fluently read text at the level 
of the grade 2 curriculum, which included sentences 
(in the local language) such as “It was the month 
of rains” and “There were black clouds in the sky.”16 
These severe shortfalls constitute a learning crisis.

Although not all developing countries suffer from 
such extreme shortfalls, many are far short of the lev-
els they aspire to. According to leading international 
assessments of literacy and numeracy—Progress in 
International Reading Literacy Study (PIRLS) and 
Trends in International Mathematics and Science 
Study (TIMSS)—the average student in low-income 
countries performs worse than 95 percent of the stu-
dents in high-income countries, meaning that student 
would be singled out for remedial attention in a class 
in high-income countries.17 Many high-performing 
students in middle-income countries—young men 
and women who have risen to the top quarter of 

2010, from 2.0 to 7.2 years.7 By 2010 the average worker 
in Bangladesh had completed more years of school-
ing than the typical worker in France in 1975.8 This 
progress means that most enrollment gaps in basic 
education are closing between high- and low-income 
countries. By 2008 the average low-income country 
was enrolling students in primary school at nearly 
the same rate as the average high-income country.

But schooling is not the same as learning.9 Chil-
dren learn very little in many education systems 
around the world: even after several years in school, 
millions of students lack basic literacy and numeracy 
skills. In recent assessments in Ghana and Malawi, 
more than four-fifths of students at the end of grade 2 
were unable to read a single familiar word such 
as the or cat (figure O.1).10 Even in Peru, a middle- 
income country, that share was half before the recent 
reforms.11 When grade 3 students in Nicaragua were 
tested in 2011, only half could correctly solve 5 + 6.12 
In urban Pakistan in 2015, only three-fifths of grade 3 
students could correctly perform a subtraction such 
as 54 – 25, and in rural areas only just over two-fifths 
could.13

This slow start to learning means that even stu-
dents who make it to the end of primary school do not 
master basic competencies. In 2007, the most recent 
year for which data are available, less than 50 percent 

Figure O.1 Shortfalls in learning start early

Percentage of grade 2 students who could not perform simple reading or math tasks, selected countries

Sources: WDR 2018 team, using reading and mathematics data for Kenya and Uganda from Uwezo, Annual Assessment Reports, 2015 (http://www.uwezo 
.net/); reading and mathematics data for rural India from ASER Centre (2017); reading data for all other countries from U.S. Agency for International 
Development (USAID), Early Grade Reading Barometer, 2017, accessed May 30, 2017 (http://www.earlygradereadingbarometer.org/); and mathematics  
data for all other countries from USAID/RTI Early Grade Mathematics Assessment intervention reports, 2012–15 (https://shared.rti.org/sub-topic/early 
-grade-math-assessment-egma). Data at http://bit.do/WDR2018-Fig_O-1.

Note: These data typically pertain to selected regions in the countries and are not necessarily nationally representative. Data for India pertain to rural areas.
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income countries as well, with disadvantaged stu-
dents greatly overrepresented among the low scorers. 
Costa Rica and Qatar have the same average score on 
one internationally benchmarked assessment (TIMSS 
2015)—but the gap between the top and bottom quar-
ters of students is 138 points in Qatar, compared with 
92 points in Costa Rica. The gap between the top and 
bottom quarters in the United States is larger than 
the gap in the median scores between Algeria and the 
United States. 

Students often learn little from year to year, but 
early learning deficits are magnified over time. Stu-
dents who stay in school should be rewarded with 
steady progress in learning, whatever disadvantages 
they have in the beginning. And yet in Andhra Pradesh, 
India, in 2010, low-performing students in grade 5 
were no more likely to answer a grade 1 question cor-
rectly than those in grade 2. Even the average student 
in grade 5 had about a 50 percent chance of answering 
a grade 1 question correctly—compared with about 40 
percent in grade 2.19 In South Africa in the late 2000s, 
the vast majority of students in grade 4 had mastered 
only the mathematics curriculum from grade 1; most 
of those in grade 9 had mastered only the mathemat-
ics items from grade 5.20 In New Delhi, India, in 2015, 
the average grade 6 student performed at a grade 3 

their cohorts—would rank in the bottom quarter in a 
wealthier country. In Algeria, the Dominican Republic, 
and Kosovo, the test scores of students at the cutoff 
for the top quarter of students (the 75th percentile of 
the distribution of PISA test takers) are well below the 
cutoff for the bottom quarter of students (25th per-
centile) of Organisation for Economic Co-operation 
and Development (OECD) countries (figure O.2). Even 
in Costa Rica, a relatively strong performer in educa-
tion, performance at the cutoff for the top quarter of 
students is equal to performance at the cutoff for the 
bottom quarter in Germany.

The learning crisis amplifies inequality: it severely 
hobbles the disadvantaged youth who most need the 
boost that a good education can offer. For students in 
many African countries, the differences by income 
level are stark (figure O.3). In a recent assessment 
(Programme d’Analyse des Systèmes Éducatifs de la 
Confemen, PASEC, 2014) administered at the end of 
the primary cycle, only 5 percent of girls in Camer-
oon from the poorest quintile of households had 
learned enough to continue school, compared with 76 
percent of girls from the richest quintile.18 Learning 
gaps in several other countries—Benin, the Republic 
of Congo, and Senegal—were nearly as wide. Large 
gaps among learners afflict many high- and middle- 

Figure O.2 In several countries, the 75th percentile of PISA test takers performs below 
the 25th percentile of the OECD average

Performance of 25th, 50th, and 75th percentiles in 2015 PISA mathematics assessment, selected countries

Source: WDR 2018 team, using data from Programme for International Student Assessment (PISA) 2015 (OECD 2016). Data at http://bit.do/WDR2018-Fig_O-2.
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after controlling for the years of schooling completed, 
years of schooling do not predict growth once test 
scores are taken into account (figure 1.5), or they 
become only marginally significant.70 In other words, 
what matters is less the years of education completed 
than the knowledge that students acquire while in 
school. Simulations show that providing all students 
with basic cognitive skills could massively boost eco-
nomic outcomes, especially in developing countries 
(figure 1.6).71 This finding suggests that cross-country 
comparisons of the years of schooling completed—
especially when used to explain economic phenom-
ena—could be misguided if they do not account for 
the differences in skills acquired during those years 
(box 1.3).

At the micro level, too, growing evidence shows 
that skills acquisition determines how much individ-
uals gain from schooling. For example, learning—not 
just schooling—matters in how education affects 
earnings. Across 23 OECD countries, as well as in a 
number of other countries, simple measures of foun-
dational skills such as numeracy and reading profi-
ciency explain hourly earnings over and above the 
effect of years of schooling completed.72 These effects 
extend beyond the labor market. Across 10 low- and 
middle-income countries, schooling improved mea-
sures of financial behavior only when it was associ-
ated with increased reading ability.73 When people 

people need a range of skills—cognitive, socioemo-
tional, technical—to be productive and innovative. As 
parents, they need literacy to read to their children or 
to interpret medication labels, and they need numer-
acy to budget for their futures. As citizens, people need 
literacy and numeracy, as well as higher-order rea-
soning abilities, to evaluate politicians’ promises. As 
community members, they need the sense of agency 
that comes from developing mastery. None of these 
capabilities flows automatically from simply attend-
ing school; all depend on learning while in school.

Research on the benefits of education has begun 
to reflect this distinction between schooling and 
learning. In the past, most empirical research equated 
education with schooling—whether measured by 
school enrollment, number of years of schooling, or 
degrees acquired—in part because of lack of other 
good measures of education. But as the focus on 
learning has grown, some studies have explored the 
effects of the skills that students acquire. The results 
confirm the intuition: skills matter. 

The channel by which schooling accelerates eco-
nomic growth appears to be through boosting learn-
ing and skills.68 Thanks to the growing availability of 
large-scale student assessments, it is now possible to 
explore how learning mediates the relationship from 
schooling to economic growth.69 While the relation-
ship between test scores and growth is strong even 

Figure 1.5 What matters for growth is learning

Annual average per capita growth in GDP, 1970–2015, conditional on test scores, years of schooling completed, and initial GDP 
per capita

Source: WDR 2018 team, using data on test scores from Hanushek and Woessmann (2012) and data on years of schooling and GDP from the World Bank’s World 
Development Indicators (database), 2017. Data at http://bit.do/WDR2018-Fig_1-5.  
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autonomy, and community engagement fails to affect 
what happens in classrooms.47 

Because these quality problems are concentrated 
among disadvantaged children, they amplify social 

fail before they reach classrooms, and even when they 
do make it to classrooms, they often do not enhance 
teaching or learning. In Brazil, a One Laptop Per Child 
initiative in several states faced years of delays. Then, 
even a year after the laptops finally made it to class-
rooms, more than 40 percent of teachers reported 
never or rarely using them in classroom activities.44 

Fourth, poor management and governance often 
undermine schooling quality. Although effective 
school leadership does not raise student learning 
directly, it does so indirectly by improving teaching 
quality and ensuring effective use of resources.45 
Across eight countries that have been studied, a 1.00 
standard deviation increase in an index of manage-
ment capacity—based on the adoption of 20 man-
agement practices—is associated with a 0.23–0.43 
standard deviation increase in student outcomes. 
But school management capacity tends to be lowest 
in those countries with the lowest income levels, 
and management capacity is substantially lower in 
schools than in manufacturing (figure O.10).46 Inef-
fective school leadership means school principals 
are not actively involved in helping teachers solve 
problems, do not provide instructional advice, and 
do not set goals that prioritize learning. School gover-
nance—particularly the decision-making autonomy 
of schools, along with the oversight provided by 
parents and communities—serves as the framework 
for seeking local solutions and being accountable for 
them. In many settings, schools lack any meaningful 

Figure O.8 Socioeconomic gaps in cognitive achievement grow with age—even in preschool years

Percentage of children ages 3–5 who can recognize 10 letters of the alphabet, by wealth quintile, selected countries

Source: WDR 2018 team, using data from Multiple Indicator Cluster Surveys (http://mics.unicef.org/). Data are for 2010 for the Central African Republic, 2010–11 for Kazakhstan, and 2012 
for Tunisia. Data at http://bit.do/WDR2018-Fig_O-8.
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Figure O.9 In Africa, teachers are often 
absent from school or from classrooms 
while at school

Percentage of teachers absent from school and from class on 
the day of an unannounced visit, participating countries

Source: Bold and others (2017). Data at http://bit.do/WDR2018-Fig_O-9. 

Note: “Absent from the classroom” combines absences from school with 
absences from class among teachers who are at school. Data are from the 
World Bank’s Service Delivery Indicators (SDI) surveys (http://www 
.worldbank.org/sdi).
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relative to curricular norms, are even more severe in larger representative samples 
in the states of Madhya Pradesh and Rajasthan, than in our study sample in Delhi.

B. Program Effects (Intent-to-Treat Estimates)

The main treatment effects can be seen in Figure 2, which presents mean test 
scores in the baseline and endline assessments in math and Hindi for lottery winners 
and losers. While test scores improve over time for both groups, endline test scores 
are significantly and substantially higher for the treatment group in both subjects.

We estimate intent-to-treat (ITT) effects of winning the lottery (​β​) using

(1)	​​ Y​iks2​​​  = ​​ α​s​​​ + ​​γ​s​​​ · ​​Y​iks1​​​ + ​​β​s​​​ · ​​Treatment​i​​​ + ​​ϕ​k​​​ + ​​ϵ​iks2​​​,

where ​​Y​ikst​​​ is student ​i​’s test score, in randomization stratum ​k​ , in subject ​s​ at period ​t​ 
(normalized to ​μ​ = 0, ​σ​ = 1 on the baseline test); ​Treatment​ is an indicator variable 
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Figure 1. Assessed Levels of Student Achievement versus Current Grade Enrolled in School

Notes: This figure shows, for treatment group, the estimated level of student achievement (determined by the 
Mindspark CAL program) plotted against the grade they are enrolled in. These data are from the initial diagnostic 
test, and do not reflect any instruction provided by Mindspark. In both subjects, we find three main patterns: (i) there 
is a general deficit between average attainment and grade-expected norms; (ii) this deficit is larger in later grades; 
and (iii) within each grade, there is a wide dispersion of student achievement.

Muralidharan, Singh, and Ganimian (2019)
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typically disadvantage marginalized communities, 
but also that resources are used less effectively there, 
exacerbating the problem. Public policy thus has the 
effect of widening social gaps rather than offering all 
children an opportunity to learn.

Systems are failing schools 
Viewed from a systems perspec-
tive, the low level of learning and 
skills should come as no surprise. 
Technical complexities and polit-
ical forces constantly pull edu-
cation systems out of alignment 
with learning (figure O.11).

Technical challenges:  
Reorienting toward learning is hard
Complex systems and limited management capacity 
are obstacles to orienting all parts of an education 
system toward learning. First, the various parts of 
the system need to be aligned toward learning. But 
actors in the system have other goals—some stated, 
some not. Promoting learning is only one of these, 
and not necessarily the most important one. At times, 
these other goals can be harmful, such as when con-
struction firms and bureaucrats collude to provide 
substandard school buildings for their financial gain. 
At other times, these goals may be laudable, such as 
nurturing shared national values. But if system ele-
ments are aligned toward these other goals, they will 
sometimes be at cross-purposes with learning.

Even when countries want to prioritize learning, 
they often lack the metrics to do so. Every system 
assesses student learning in some way, but many 
systems lack the reliable, timely assessments needed 
to provide feedback on innovations. For example, is 
a new teacher training program actually making 
teachers more effective? If the system lacks reliable 
information on the quality of teaching and the learn-
ing of primary students—comparable across time or 
classrooms—there is no way to answer that question. 

To be truly aligned, parts of the education system 
also have to be coherent with one another. Imagine 
that a country has set student learning as a top prior-
ity and that it has in place reasonable learning metrics. 
It still needs to leap a major technical hurdle, how-
ever: ensuring that system elements work together. 
If a country adopts a new curriculum that increases 
emphasis on active learning and creative thinking, 
that alone will not change much. Teachers need to 
be trained so that they can use more active learning 

inequalities. In low-income countries, on average, 
stunting rates among children under 5 are almost 
three times higher in the poorest quintile than in 
the richest.48 In schools, problems with teacher 
absenteeism, lack of inputs, and weak management 
are typically severest in communities that serve the 
poorest students. It’s not just that spending patterns 

Figure O.10 Management capacity 
is low in schools in low- and middle-
income countries 

Distribution of management scores by sector, participating 
countries

Sources: Bloom and others (2014, 2015); Lemos and Scur (2016), with updates. 
Data at http://bit.do/WDR2018-Fig_O-10.

Note: The underlying distributions for the education data are shown as 
bars; for both sectors, the smoothed distributions are shown as curves. The 
indexes are constructed from the nine items that are comparable across 
sectors. Data on manufacturing are not available for Haiti.

Tanzania

India

Haiti

Italy

Brazil

Mexico

Germany

Canada

United States

Sweden

United Kingdom

1 2 3 4 5

Management score

Education Manufacturing

Problem
dimension 3: 

Deeper causes



Education RCTs

Introduction

Five stylized facts on education in developing countries

Measuring learning outcomes

Other outcomes of interest (e.g., teacher’s time-on-task, classroom observations)

A quick review of classic papers

Final remarks



Education RCTs

Introduction

Five stylized facts on education in developing countries

Measuring learning outcomes

Other outcomes of interest (e.g., teacher’s time-on-task, classroom observations)

A quick review of classic papers

Final remarks



Introduction

I Student learning is a core outcome for all education research

I understanding mechanisms and processes is important but ultimate goal is improving
student outcomes (e.g., earnings and test scores)

I Measuring student achievement is central to education RCTs designs

I What we will cove:

I Objectives in test design

I How we intend to score these tests

I Implications of the above for test design and administration

I Analysis of test scores

I Practical issues in test implementation
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What does a good test look like?
Content Validity

A test is useful only if it is measuring the right things:

I The test content is appropriate to the context

I Major need for piloting, adaptation of instruments

I The test measures what we think it measures

I We want to measure learning, not test-taking skills or speed

I The test is focused on dimensions that we think the intervention might improve

I Requires thinking carefully about what kind of test domains we want to focus on

I Also requires thinking about how the assessment might be ‘gamed’
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What does a good test look like?
Distribution and Discrimination

I The test should give us a continuous well-distributed measure of student
achievement

I No ceiling or floor effects

I The test should not be “too easy”, “too hard” or “too short”

I This Goldilocks zone can often be very hard to achieve!

I The test should be discriminating — i.e., informative at all levels of ability

I Should be able to distinguish differences in absolute achievement around 10th
percentile as well as around median ability

I This is often hard to do:

I PISA, TIMSS etc. not informative at very low achievement levels

I ASER not informative at high achievement levels
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What does a good test look like?
Comparability and benchmarking

I Two different assessments, even measuring the same construct, are not
comparable unless they are designed to be

I An SD of achievement is not the same thing across contexts, test design and
scoring methods!

I We want to ideally target three levels of comparability

I Dynamic comparability: Learning is a cumulative process. Our test measure should
be comparable over different rounds to allow us to study dynamics effectively

I Cross-sectional comparability: Ideally, should be comparable to other studies
(including our own!)

I Benchmarking:Ideally, should be comparable to external metrics, such as TIMSS
and PISA, so that we can benchmark our samples against global distributions.
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Practical implications for test design
Choosing items to administer

I Tests should contain items targeting a wide distribution of achievement

I Grade-appropriate tests particularly inappropriate for our purposes!

I Each item should map into a concrete skill that we want to test

I Requires an item map at the very beginning!

I Subset of items should be repeated across rounds for comparability

I Possible through separate out-of-sample linking but requires additional data
collection

I Subset of items should be drawn from other assessments

I To allow for comparability across tests (although this could fail)
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Practical implications for test design
Choosing how to administer the test

I Tests may be administered in a variety of formats:

I Individually-administered by the interviewer

I Group-oral administration

I Written administration

I There are clear advantages and disadvantages to all of these:

I Individual oral much better for assessing children at young ages but very burdensome
in the field

I Group oral attempts to replicate above at scale but classroom management is very
difficult, answers less precise

I Written tests are ideal for later grades but with a strong possibility of floor effects in
primary grades

I Balancing across these is strongly influenced by fieldwork logistics

I But results of an inappropriate choice will plague for a long time...
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Constructing aggregate test scores

I Tests administer a sequence of single items. Aggregating these into a test metric
involves important choices.

I There are four common ways of seeing test scores reported:

I Binary/Categorical against a benchmark:

I Pass/fail in official exams; ASER/EGRA type categories

I Percentage correct

I Internally normalized standard deviations:

I Typically within-grade and within-test booklet

I Item Response Theory (IRT) linked scale scores with common normalizations across
overlapping assessments

I Probably the most desirable but with much more prepwork needed before and much
analysis after!
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Item Response Theory — A basic introduction

I Item Response Theory (IRT) is a statistical tool for designing, validating and
analyzing tests

I Decades long history in education and psychometrics – GRE, GMAT, SAT, NAEP,
TIMSS

I The basic idea: The focus of IRT is at the item level.

I Models the probability that an individual with given ability will get an item right

I The overall ability estimate (test score) generated by analyzing an individual’s
response to different items each defined by their own characteristics

I Many advantages (see e.g. Das and Zajonc, 2010):

I Most importantly (for me) the ability to link

I But also much better diagnostics for cross-cultural comparisons

I Less arbitrary than summing up correct responses
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Item Characteristic Curve

Item Response Theory
Item Characteristic Curve



3 Parameter Logistic (3PL) Model

Item Response Function:

Pg (θi ) = cg +
1− cg

1 + exp(−1.7.ag .(θi − bg ))

I cg is the pseudo-guessing parameter - with multiple choice questions, even the
lowest ability can get some answers right. Set to zero for non-MCQ to get 2PL
model

I bg is the difficulty parameter - the level at which the probability of getting item
right is 0.5 in 2 PL

I ag is the discrimination parameter - slope of the ICC at b – how quickly the
likelihood of success changes with respect to ability



Item Response Theory — Core Assumptions

1. Unidimensionality - A single latent individual-specific trait determines performance
on the test

2. No Differential Item Functioning: Implicit in ICC, item characteristics are
person-invariant

2.1 particularly important in cross-cultural settings

3. (Conditional) local independence:

3.1 Item responses are independent across individuals (no cheating!)

3.2 Conditional on ability, item responses are locally independent across questions for
the same individual

Under these assumptions, can recover estimates of ability and item characteristics
given matrix of responses by individuals



Item Response Theory — How does linking work?

I Item characteristics are fixed and can be used to link across samples

I Common items serve as ‘anchors’ which bring two assessments on a common scale

I only a subset of items need to be common

I Without sufficient common items:

I Still can do IRT but it’s like having temperature data in Celsius and Fahrenheit
across rounds (and not knowing what the transformation is!)

I You cannot make statements about whether students know more or less than they
knew before!
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When linking works (mostly) well
No Differential Item Functioning (DIF)

When linking works (mostly) well
No Differential Item Functioning (DIF)

0.
2.

4.
6.

81
P

(X
=

1
|T

h
e
ta

)
−5 0 5

Theta

Item 1

0.
2.

4.
6.

81
P

(X
=

1
|T

h
e
ta

)

−5 0 5
Theta

Item 2

0.
2.

4.
6.

81
P

(X
=

1
|T

h
e
ta

)

−5 0 5
Theta

Item 3

0.
2.

4.
6.

81
P

(X
=

1
|T

h
e
ta

)

−5 0 5
Theta

Item 4

0.
2.

4.
6.

81
P

(X
=

1
|T

h
e
ta

)

−5 0 5
Theta

Item 5

0.
2.

4.
6.

81
P

(X
=

1
|T

h
e
ta

)

−5 0 5
Theta

Item 6

0.
2.

4.
6.

81
P

(X
=

1
|T

h
e
ta

)

−5 0 5
Theta

Item 7

0.
2.

4.
6.

81
P

(X
=

1
|T

h
e
ta

)

−5 0 5
Theta

Item 8

0.
2.

4.
6.

81
P

(X
=

1
|T

h
e
ta

)

−5 0 5
Theta

Item 9

0.
2.

4.
6.

81
P

(X
=

1
|T

h
e
ta

)

−5 0 5
Theta

Item 10

0.
2.

4.
6.

81
P

(X
=

1
|T

h
e
ta

)

−5 0 5
Theta

Item 11

0.
2.

4.
6.

81
P

(X
=

1
|T

h
e
ta

)

−5 0 5
Theta

Item 12

0.
2.

4.
6.

81
P

(X
=

1
|T

h
e
ta

)

−5 0 5
Theta

Item 13

0.
2.

4.
6.

81
P

(X
=

1
|T

h
e
ta

)

−5 0 5
Theta

Item 14

0.
2.

4.
6.

81
P

(X
=

1
|T

h
e
ta

)

−5 0 5
Theta

Item 15

0.
2.

4.
6.

81
P

(X
=

1
|T

h
e
ta

)

−5 0 5
Theta

Item 16

Math (8y, 2009)

Ethiopia India

Peru Vietnam



When linking works less well
Clear DIF
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Steps for estimating IRT scores

I I use OpenIRT suite of commands in Stata

I Better than the native IRT commands in Stata 14

I Step 1: Create a pooled dataset across all samples to be linked

I Step 2: Run the OpenIRT commands

I 3 PL models for MCQ, 2 PL for open-ended responses

I Step 3: Generate Item Characteristic Curves

I Do items fit reasonably well?

I Step 4: Generate DIF graphs

I Do items perform similarly across linked samples?

I Step 5: If DIF is found, split items in assessment

I Rerun Step 2-Step 5

I Repeat until satisfactory diagnostics (or give up!)



Distributions of student achievement
When test design and linking provides reasonable results...
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How should we make sense of test score impacts?

I By itself, very little!

I For a normal distribution, gives you a move from the median to the 66th percentile

I But we don’t even know for most studies whether tests are near-normal

I And it depends on the test and the sample

I This is a rant for another time:

I Go Abhijeet Singh’s blog post from a few years ago on Development Impact blog:
https://blogs.worldbank.org/impactevaluations/

how-standard-standard-deviation-cautionary-note-using-sds-compare

-across-impact-evaluations

https://blogs.worldbank.org/impactevaluations/how-standard-standard-deviation-cautionary-note-using-sds-compare-across-impact-evaluations
https://blogs.worldbank.org/impactevaluations/how-standard-standard-deviation-cautionary-note-using-sds-compare-across-impact-evaluations
https://blogs.worldbank.org/impactevaluations/how-standard-standard-deviation-cautionary-note-using-sds-compare-across-impact-evaluations
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Due diligence

I Probably one of the more important things to do: do the test results seem to
make sense?

I Are they well-distributed?

I Do they increase over time?

I Do they display sensible inter-period correlations?

I Do they display sensible inter-subject correlations?

I Do they display sensible correlations with wealth and parental education?

I This is akin to a “sniff test” for your test metrics: if it smells fishy, it deserves
digging deeper!



Ordinality of test scores

I The fundamental problem is that ability has no natural metric

I Test scores are only a proxy and inherently ordinal

I They present only a rank-ordering of individuals and so any rank-preserving
transformation is a valid measure

I Typically ignored in most applied education work but potentially very serious
consequences when looking at inter-group differences and trends

I See e.g. Bond and Lang (2013), Nielsen (2014a, b), Neal (2006)

I What can you do?

I Look at the full distribution (CDFs, kernel densities) in addition to mean

I Look non-parametrically at learning dynamics

I Not guaranteed to give an answer you like, but very powerful when it does
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A quick review

I Spot checks on whether the school is opened (!)

I Spot checks on teacher attendance (paper rosters tend to be wrong)

I Spot checks on student attendance (paper rosters tend to be wrong)

I Household investment in education (financial and time)

I Classroom observations: Measure time on-task (within the class) and pedagogical
practices

I Stalling classroom observation

I TEACH from the world bank
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The role of information in household decision making — Jensen (2010, QJE)

I Starts from a premise that there are high returns to schooling in developing
countries

I Setting: Dominican Republic, 2001

I Secondary school completers earn 41% more than primary school completers

I Implied returns 8% per year, similar to Duflo (2001)

I Makes the crucial point that, for HH investment decisions, what matters are
perceived returns

I And it is not clear that households in dev countries have accurate information

I In that case, providing correct information may lead to substantial changes in edu
investments

I Attractive for policy since this is easily scaleable, low marginal cost
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The experiment — Providing information to middle-schoolers

I Targets male students in Grade 8, the last year of compulsory schooling

I Representative sample from 30 largest towns and cities

I Elicits perceptions of returns to education:

I For the individuals themselves when 30-40, if they completed current school
year/secondary/university

I For adult men between 30-40, if they completed primary/secondary/university

I Intervention:At the end of the survey, each respondent in randomly selected
schools was given info about the mean differences in the earning levels of adult
men with primary/secondary/university

I Collects data for the next 4 years, till 2005, to actually see if students completed
secondary schooling



Do perceived returns predict schooling?
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TABLE II
IMPLIED PERCEIVED RETURNS AND SCHOOLING

Panel A. Round 1 implied perceived returns Panel B. Round 2 implied perceived returns
(control group only) (full sample)

Instrumental variables

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
Returned Returned Finished Finished Years of Years of Returned Finished Years of Returned Finished Years of
next year next year school school schooling schooling next year school schooling next year school schooling

Implied perceived 0.11∗∗∗ 0.083∗∗ 0.14∗∗∗ 0.092∗∗ 0.53∗∗∗ 0.37∗∗ 0.095∗∗∗ 0.088∗∗∗ 0.37∗∗∗ 0.16∗∗ 0.096∗ 0.63∗∗∗
returns (0.030) (0.034) (0.036) (0.038) (0.13) (0.14) (0.21) (0.019) (0.075) (0.071) (0.055) (0.22)

Log (inc. per capita) 0.090 0.25∗∗∗ 0.76∗∗∗ 0.044 0.18∗∗∗ 0.61∗∗∗ 0.023 0.18∗∗∗ 0.52∗∗∗
(0.062) (0.063) (0.24) (0.045) (0.048) (0.17) (0.049) (0.051) (0.17)

School performance 0.015 0.015 0.093∗∗ 0.014 0.021∗∗ 0.087∗∗ 0.013 0.021∗∗ 0.086∗∗
(0.014) (0.011) (0.045) (0.010) (0.008) (0.034) (0.010) (0.008) (0.034)

Father finished 0.036 −0.014 0.045 0.067∗∗ 0.045 0.21∗ 0.066∗∗ 0.045 0.20∗
secondary (0.041) (0.044) (0.16) (0.032) (0.029) (0.12) (0.032) (0.029) (0.12)

Age −0.017 0.006 −0.045 −0.011 0.004 −0.006 −0.011 0.004 −0.003
(0.024) (0.025) (0.093) (0.019) (0.016) (0.066) (0.019) (0.016) (0.067)

R2 .008 .016 .017 .048 .016 .042 .027 .050 .053 .022 .050 .046
Observations 1,003 1,003 1,003 1,003 918 918 1,899 1,899 1,809 1,899 1,899 1,809

Notes. Heteroscedasticity-consistent standard errors accounting for clustering at the school level in parentheses. Data are from a survey of eighth-grade male students, conducted
by the author. Returned next year is measured in Round 2; finished school and years of schooling are measured in Round 3. Implied perceived returns is the difference between own
expected earnings at age 30–40 with primary and with secondary schooling, measured in thousands of 2001 Dominican pesos (RD$1,000). Columns (1)–(6) (Panel A) use Round 1
implied perceived returns as an independent variable and columns (7)–(12) (Panel B) use Round 2 implied perceived returns. Columns (1), (3), and (5) use no other control variables;
all other columns add age, school performance, whether father finished secondary school, and log income per capita as additional controls. School performance is teacher assessment
of the student’s performance, on a scale of 1 to 5 (much worse than average, worse than average, average, above average, much better than average). Age, school performance, and
whether father finished secondary were gathered in the Round 1; income was measured in Round 2. Regressions also include an indicator for whether income data were unavailable
(these household are assigned the median sample income). In columns (10)–(12), implied perceived returns is instrumented using an indicator for having received the treatment.

∗Significant at 10%.
∗∗Significant at 5%.
∗∗∗Significant at 1%.

Downloaded from https://academic.oup.com/qje/article-abstract/125/2/515/1882172 by ITAM user on 20 February 2020



Effect on perceived returns and schooling: Full Sample
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TABLE V
EFFECTS OF THE INTERVENTION ON EXPECTED RETURNS AND SCHOOLING

Full sample Poor households Least poor households

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
Returned Finished Years of Perceived Returned Finished Years of Perceived Returned Finished Years of Perceived
next year school schooling returns next year school schooling returns next year school schooling returns

Treatment 0.041∗ 0.023 0.20∗∗ 367∗∗∗ 0.006 −0.01 0.037 344∗∗∗ 0.072∗ 0.054∗ 0.33∗∗∗ 386∗∗∗

(0.023) (0.020) (0.082) (28) (0.034) (0.026) (0.11) (41) (0.038) (0.031) (0.12) (41)
Log 0.095∗∗ 0.23∗∗∗ 0.79∗∗∗ 29.0 0.054 0.26∗∗∗ 0.69∗∗∗ 188∗∗ 0.047 0.10 0.51 23

(inc. per capita) (0.040) (0.044) (0.16) (47) (0.068) (0.062) (0.23) (87) (0.12) (0.13) (0.45) (133)
School 0.011 0.019∗∗ 0.086∗∗ 0.74 0.001 0.015 0.064 −9.5 0.025∗ 0.024∗ 0.10∗∗ 8.2

performance (0.010) (0.009) (0.034) (14) (0.014) (0.012) (0.048) (13.5) (0.013) (0.012) (0.048) (22)
Father 0.074∗∗ 0.050∗ 0.26∗∗ −24 0.056 0.019 0.16 −29.1 0.096∗∗ 0.096∗∗ 0.36∗∗ −3.8

finished sec. (0.030) (0.030) (0.12) (32) (0.045) (0.043) (0.18) (62) (0.038) (0.038) (0.14) (40)
Age −0.010 0.004 −0.006 −42∗ −0.042 0.002 −0.071 −46 0.005 0.005 0.025 −35

(0.016) (0.015) (0.059) (21) (0.030) (0.019) (0.088) (32) (0.025) (0.035) (0.087) (29)
R2 .016 .040 .049 .090 .007 .019 .014 .094 .020 .020 .029 .090
Observations 2,241 2,205 2,074 1,859 1,055 1,055 1,007 920 1,056 1,056 1,002 939

Notes. Heteroscedasticity-consistent standard errors accounting for clustering at the school level in parentheses. Data are from a survey of eighth-grade male students, conducted
by the author. Returned next year is measured in Round 2; finished school and years of schooling are measured in Round 3. Perceived returns in columns (4), (8), and (12) is the
change between Round 2 and Round 1 in the difference between what students expect to earn themselves with primary and secondary schooling when they are 30–40, measured
in 2001 Dominican pesos (RD$). All regressions also include an indicator for whether income data were unavailable (these households are assigned the median sample income). In
columns (5)–(12), youths are split according to whether they live in a household that is below (poor) or above (least poor) the median household income per capita; households with
missing income data are excluded from both categories. School performance is teacher assessment of the student’s performance, on a scale of 1 to 5 (much worse than average, worse
than average, average, above average, much better than average). Age, school performance, and whether the father finished secondary were gathered in the first round; income was
gathered in the second round.

∗Significant at 10%.
∗∗Significant at 5%.
∗∗∗Significant at 1%.

Downloaded from https://academic.oup.com/qje/article-abstract/125/2/515/1882172 by ITAM user on 20 February 2020



Some further considerations

I The “returns” communicated to students are differences in mean earnings, not
causal estimates

I Also, the average return might not be informative of what I should expect the
return to look like for me

I “essential heterogeneity”: Could be systematic, e.g. by race or location, which
means info might be systematically misleading

I Jensen has very thoughtful responses (see footnotes 22, 23)
I A great example of interpretational issues that crop up in any realistic policy

experiment

I (And the trade-offs needed between simplicity of implementation and an “optimal”
design)

I But clearly, heterogeneous returns could be super-imp: e.g. Munshi & Rosenzweig
(2006, AER), Jensen (2012, QJE)

I Dizon-Ross (2019) follows in the spirit of Jensen (2001) and looks at the
investments in individual children in levels and appropriate investments
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Comparing government and private schools — Muralidharan and Sundaraman (2015,
QJE)

(2 working weeks or 11 days longer per year) and have consider-
ably lower pupil-teacher ratios (around a third lower) than do
public schools. They are also more likely to have drinking
water, functional toilets (as well as separate toilets for girls),
functional electricity, and a computer, with the differences
being quite stark for some of these measures. Public schools are

TABLE III

SCHOOL AND TEACHER CHARACTERISTICS

(1) (2) (3)
Private
schools

Public
schools Difference

Panel A: School characteristics
Total enrollment 296.21 74.04 222.17***
Total working days 229.81 218.66 11.15***
Pupil-teacher ratio 17.62 25.28 �7.67***
Drinking water available 0.99 0.92 0.07***
Functional toilets 0.86 0.68 0.18***
Separate functional toilets for girls 0.77 0.40 0.37***
Functional electricity 0.88 0.61 0.28***
Functional computers 0.52 0.05 0.48***
Functional library 0.80 0.97 �0.18***
Functional radio 0.13 0.81 �0.68***
Observations 289 346

Panel B: Teacher characteristics
Male 0.24 0.46 �0.21***
Age 27.58 40.00 �12.42***
Years of teaching 5.14 14.96 �9.82***
Completed at least college or masters 0.69 0.88 �0.19***
Teacher training completed 0.34 0.99 �0.65***
Come from the same village 0.44 0.13 0.32***
Current gross salary per month (Rs) 2,606.66 14,285.94 �11,679.27***
Observations 2,000 1,358

Panel C: School expenditures
Annual cost per child (Rs/child) 1,848.88 8,390.00 �6,542***
Observations 211 325

Notes. *p< .1; **p< .05; ***p< .01. All standard errors are clustered at the school level. The sample
for Panels A and B are restricted to schools and teachers in control villages across 2008 through 2012. In
cases of multiple observations per school or teacher across different years, variable means are used
(so each teacher/school is one observation). All expenditures are measured in rupees per student per
year, trimmed at the 1st and 99th percentiles to remove outliers. The actual number of observations
for each regression may vary slightly within columns based on the dependent variable. Estimates of
annual cost per child in government schools come from government budget documents for 2010. The
private school figures for Panel C are therefore limited to private schools in control villages in 2010.
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Comparing government and private schools

We find from observations at the teacher level (Table IV,
Panel B) that public school teachers were considerably more
likely to be absent than private school teachers (24% versus
9%) and less likely to have been actively teaching at the point
of observation (35% versus 50%).22 Finally, enumerators also
coded measures of school hygiene based on their observations

TABLE IV

TEACHER AND SCHOOL EFFORT

(1) (2) (3)
Private
schools

Public
schools Difference

Panel A: Measures of classroom activity
Class is engaged in active teaching 0.51 0.34 0.17***
A teacher is present in class 0.97 0.92 0.048***
Teacher is effective in teaching and

maintaining discipline
0.50 0.36 0.14***

Teacher has complete control over class 0.69 0.41 0.28***
Teachers teaching mutliple classes at the

same time
0.24 0.79 �0.55***

Observations 2,738 2,784

Panel B: Measures of teacher activity
Teacher is absent 0.09 0.24 �0.15***
Teacher is actively teaching 0.50 0.35 0.15***
Teacher is in school and not teaching 0.01 0.03 �0.02***
Observations 6,577 5,552

Panel C: Measures of school hygiene
Flies heavily present on premises of the school 0.14 0.19 �0.05**
Stagnant water present on premises of the school 0.18 0.28 �0.10***
Garbage dumped on premises of the school 0.33 0.44 �0.11***
Observations 426 614

Notes. *p< .1; **p< .05; ***p< .01. All regressions include a constant and district fixed effects. All
standard errors are clustered at the school level. The sample for this table is restricted to classrooms,
teachers, and schools in control villages. All data are collected through unannounced surveys of schools
administered during the project (2008 through 2012). The unit of observations are classrooms (Panel A),
teachers (Panel B), and schools (Panel C). The actual number of observations for each regression may vary
slightly within columns based on the dependent variable.

22. The discrepancy between the difference in teacher absence rates (15 per-
centage points) and the difference in the probability that a classroom does not have
a teacher (5 percentage points) is partly explained by the fact that the most common
response to teacher absence in public schools is to combine grades and have all
students taught by the same teacher (as seen in the much higher rate of multigrade
teaching in public schools).
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Experimental design

their school for students from disadvantaged backgrounds, with a
reimbursement of fees by the government (subject to a maximum
of the per child spending in public schools).

If implemented as intended, this provision could lead to India
having the world’s largest number of children attending private
schools with public funding. It may also constitute the most
ambitious attempt at school integration (across socioeconomic
classes) that has ever been attempted (analogous to school deseg-
regation in the United States). Estimating the relative productiv-
ity of public and private schools and the spillover effects of
moving children from public to private schools is therefore espe-
cially policy relevant in this setting.

II.B. Conceptual Overview of Experiment Design

Experimental evaluations of school voucher programs to date
typically feature excess demand for a limited number of vouchers,
which are allocated among applicants by lottery. Such a design
creates four groups of students as shown in Figure I (Panel A):
non-applicants (group 1), applicants who lose the lottery (group
2), applicants who win (group 3), and students in private schools
to begin with (group 4). The lottery is used to estimate the impact
of winning a voucher conditional on applying for it (comparing
groups 3 and 2), and the impact of attending a private school

Panel A: Treatment Villages

Non

Panel B: Control Villages

Non

Group 1T

Non-Applicants in
Public Schools

Group 2T

Applicants in Public
Schools NOT awarded

a Voucher

Group 4T

Non-voucher Students
in Private Schools

Group 3T

Applicants in Public
Schools AWARDED a

Voucher

Group 1C

Non-Applicants in
Public Schools

Group 2C

Applicants in Public
Schools NOT awarded

a Voucher

Group 4C

Non-voucher Students
in Private Schools

Group 3C

Does not exist

FIGURE I

Design of AP School Choice Program
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Impact after 2-4 years

TABLE VI

TEST SCORE IMPACTS

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
Year 2 assessments Year 4 assessments

Telugu
score

Math
score

English
score

Combined
across
tests

Telugu
score

Math
score

English
score

EVS
score

Combined
across
tests

excluding
Hindi

Hindi
score

Combined
across
tests

Panel A: Impact of winning a voucher (intention to treat effects)
Offered voucher �0.079 �0.053 0.185** 0.016 �0.017 �0.031 0.116* 0.083 0.036 0.545*** 0.133***

(0.055) (0.065) (0.079) (0.061) (0.051) (0.052) (0.070) (0.060) (0.048) (0.068) (0.045)
Total observations 4,620 4,620 4,525 13,765 4,385 4,385 4,217 4,243 17,230 1,696 18,926
Treatment observations 1,778 1,778 1,738 5,294 1,674 1,675 1,607 1,628 6,584 867 7,451
Control observations 2,842 2,842 2,787 8,471 2,711 2,710 2,610 2,615 10,646 829 11,475

Panel B: Average treatment on the treated (ATT) effect of attending a private school (scaling up intention to treat effect by inverse of voucher take-up rate)
Voucher recipient in private school �0.156 �0.104 0.364** 0.032 �0.033 �0.061 0.229* 0.164 0.071 1.074*** 0.262***

(0.108) (0.128) (0.156) (0.120) (0.100) (0.102) (0.138) (0.118) (0.095) (0.134) (0.089)
Total observations 4,620 4,620 4,525 13,765 4,385 4,385 4,217 4,243 17,230 1,696 18,926
Voucher recipients 997 997 982 5,294 945 946 911 920 6,584 510 7,451
Nonrecipients 3,623 3,623 3,543 8,471 3,440 3,439 3,306 3,323 10,646 1,186 11,475

Notes. *p< .1; **p< .05; ***p< .01. All regressions control for baseline normalized test scores and include a constant and district fixed effects. All standard errors are clustered at
the village level. All test scores are normalized relative to the distribution of public school students in control villages by subject and grade. Telugu, math, English, and EVS (science
and social studies) test scores are from written end-of-year tests; Hindi test scores are from an individual assessment administered to a representative sample of students. Combined
scores are obtained by running a pooled regression across all test scores in each year, with Hindi test score observations weighted up by the inverse of the sampling probability of a
student being selected to take the test from the universe of students. Controls include indicators for both parents having completed at least primary school, at least one parent having
completed grade 10, and the household being a scheduled caste, as well as the household asset index defined in Table I. Students with a missing value on any control have all controls
coded as 0, and an additional dummy is included in all regressions indicating these students to ensure that no observations are lost due to missing data on any individual control.
Results are unchanged without controlling for these socioeconomic variables. The only result whose significance changes without socioeconomic controls (that improve precision) is the
four-year impact on English that moves from a p-value of .098 (with controls) to a p-value of .113 (without controls). Panel B reports coefficients and standard errors from Panel A
scaled up by the inverse of the year 2 and year 4 voucher take-up rate of 1,005/1,980 (51%).
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Putting results in context — School time-tables

the program account for 70% of the instruction time in public
schools, but for less than 50% of that in the private schools.

Thus, limiting our analysis to these subjects may provide an
incomplete picture of the impact of the voucher. Based on the time
table data, we also conducted tests in EVS and Hindi after four
years of the voucher program.27 Although this still does not

TABLE VII

SCHOOL TIME USE: INSTRUCTIONAL TIME BY SUBJECT (MINUTES PER WEEK)

(1) (2) (3)
Private schools Public schools Difference

Telugu 307.72 511.52 �203.81***
(6.36) (3.60) (6.99)

Math 339.75 500.69 �160.94***
(7.50) (3.36) (8.63)

English 322.68 235.52 87.17***
(7.96) (5.39) (9.69)

Social studies 239.21 173.24 65.96***
(6.29) (6.89) (9.84)

Science 205.52 104.58 100.94***
(9.09) (5.78) (9.44)

Hindi 215.78 0.01 215.77***
(6.08) (0.89) (6.41)

Moral science 16.85 20.11 �3.26
(4.82) (3.20) (5.56)

Computer use 46.7 0.51 46.19***
(6.50) (1.02) (6.80)

Other 311.66 250.29 61.37***
(14.55) (6.70) (16.20)

Total instructional time 2,005.87 1,796.47 209.4***
(13.73) (6.86) (14.46)

Break 461 473.18 �12.18
(9.14) (3.05) (10.58)

Total school time 2,466.87 2,269.65 197.22***
(17.46) (8.25) (19.79)

Observations 325 200

Notes. *p< .1; **p< .05; ***p< .01. All regressions include a constant and district fixed effects. All
standard errors are clustered at the village level. The sample for this table is restricted to schools in
control villages. All numbers are in minutes per week. ‘‘Other’’ includes sports/PE, arts and crafts, and
study hall.

27. Science and social studies are taught jointly under the subject title of envi-
ronmental studies (EVS). Our EVS tests followed the public school curriculum and
were administered in a standard written format. Hindi is not taught in the public
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Summarizing results

I Private schools have little evidence of doing better in Math or Telugu

I Do better consistently in English and Hindi

I Hindi scores are explained by the longer instructional time

I Overall, no sign that private schooling alone will make a big dent in the learning crisis

I Private schools are more productive though

I same achievement delivered in math and Telugu but with lower instructional time

I Delivered at a fraction of per-pupil spending in govt schools

I Rao (2015), shows important effects on social outcomes

I The big open question: Can pvt schools deliver much higher gains at same cost?
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The logic of PPPs - Romero, Sandefur, Sandholtz (AER, 2020)

I Overcome efficiency-equity trade-off:

I Efficiency: Private schools are on average better managed than public schools

I Equity: Fee-charging private schools may increase inequality and sorting

I Overcome financing constraints:

I Governments enter PPPs in large-part to raise capital

I NB: impacts necessarily include resource and efficiency effects

I Contractors have incentives to cut quality on non-contracted/non-monitored
processes/outcomes
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What are “Partnership Schools for Liberia”?

I 93 schools

I free

I non-selective

I staffed by teachers on government payroll

I and managed by 8 private contractors

I with a $50 per pupil subsidy (+ fundraising)



8 Private providers

I 5 are nonprofit

I 3 are local

I 6 contracted through competitive tender



Test scores increased by .18σ

Second wave
(9-10 months after treatment)

ITT ToT

(1) (2) (3)

English 0.17∗∗∗ 0.18∗∗∗ 0.21∗∗∗

(0.04) (0.03) (0.04)
Math 0.19∗∗∗ 0.18∗∗∗ 0.22∗∗∗

(0.04) (0.03) (0.04)
Abstract 0.05 0.05 0.06

(0.04) (0.04) (0.05)
Composite 0.19∗∗∗ 0.18∗∗∗ 0.22∗∗∗

(0.04) (0.03) (0.04)
Controls No Yes Yes
Observations 3,492 3,492 3,492



“Business as usual” learning is .3σ per academic year
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Treatment is roughly ∼0.62 extra years of schooling
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Learning outcomes by provider
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Cost per pupil varies across providers

Ex ante budget per pupil
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Studying educational markets — Andrabi, Das and Khwaja (2017, AER)

I The typical household in many developing countries faces a choice between many
providers of government and private schools

I These schools differ on various characteristics, inputs, and prices charged, which are
set endogenously

I Unlike OECD economies, degree of effective regulation on the private sector is
relatively low

I Household demand responds to external information, income etc.

I An important q is how markets respond to information

I Educational markets are typically islands, especially in rural areas

I Offers interesting possibilities for research more generally

I This is the main focus of Andrabi et al. (2017)

I Also, a good intro to the LEAPS study in Pakistan

I Major research undertaking w/ non-experimental and experimental work

I Also major inputs to policy, advances in measurement
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Setting: rural Punjab (Pakistan)

I 112 villages in 3 districts of Punjab province in Pakistan

I Each village an effectively closed market

I On average, 7.3 schools: 4.4 (sex-segregated) public schools, 2.9 co-ed private
schools

I Annual surveys in these villages from 2004

I Testing of students in all schools

I Teacher and HM interviews

I Parent interviews, hh surveys

I Wide variation in test scores within village, across schools, in fees

I Strong indications that the market is reasonably competitive



The intervention

I Tested all children in Grade 3 in all schools in the sample

I Experimentally allocated one-half of villages (within-district stratification) to
receive report cards on child and school performance

I Reported raw scores for English, math, Urdu for the child on first page with quintile
rank

I Reported scores for all the schools in the village, with quintile rank, and num of
children

I Report cards distributed to schools and parents at a school meeting

I The focus of the paper is on market-level impacts

I Fees, test scores, enrollment and switching

I Heterogeneity in effects across schools/children by baseline characteristics
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Fees and Test score impacts
1549andrabi et al.: test scores AND educational marketsVOL. 107 NO. 6

B. Impact on Market Outcomes

We now examine the impact of report card provision on school fees, test scores, 
and enrollment at the village/market level.

Fees.—Columns 1–3 in Table 3 show that there were substantial changes in pri-
vate school fees due to the provision of report cards (recall public schools are essen-
tially free). Panel A presents the specification without any controls, panel B adds 
baseline values of the dependent variable as a control, and panel C, our preferred 
specification, adds additional village-level controls. Panel C, column 1 shows that 
private schools in treatment villages decreased their annualized fees relative to those 

Table 3—Fee and Test Scores: Impact on Market Outcomes

Village average fees (Year 2) Village average test scores

School report 
Household 

report

Year 2 Year 3

Year 2 
(same 
kids)Basic

Weighted 
by children   Basic

  (1) (2)   (3)   (4)   (5)   (6)

Panel A. No controls
Report card −288.4 −334.1 −193.9 0.128 0.140 0.129

(92.58) (107.9) (99.97) (0.0624) (0.0584) (0.0599)
Observations 104 104 83 112 112 112

R2 0.336 0.473 0.259 0.328 0.292 0.399

Panel B. Baseline control only
Report card −191.8 −194.9 −128.2 0.107 0.122 0.103

(65.18) (55.92) (73.46) (0.0448) (0.0428) (0.0395)
Baseline 0.750 0.799 0.780 0.710 0.648 0.719

(0.104) (0.0865) (0.0859) (0.0628) (0.0742) (0.0603)
Observations 104 104 83 112 112 112

R2 0.719 0.808 0.644 0.687 0.625 0.746

Panel C. Baseline and village controls
Report card −187.0 −175.2 −141.7 0.114 0.123 0.109

(65.91) (62.12) (74.35) (0.0455) (0.0435) (0.0401)
Baseline 0.764 0.842 0.742 0.706 0.644 0.718

(0.104) (0.102) (0.0831) (0.0624) (0.0754) (0.0596)
Observations 104 104 83 112 112 112

R2 0.726 0.816 0.665 0.692 0.631 0.749

Baseline dependent variable (mean) 1,080.699 1,234.479   998.964   −0.032   −0.032   −0.008

Notes: This table looks at the impact of the report card on Fees (columns 1–3) and Test Scores (columns 4–6) at the 
village level. The outcome variables are: Year 2 village average private school fees from school survey data—in lev-
els (column 1); in levels and weighted by children in school (column 2); Year 2 village average private school fees, 
in levels, from household survey data (column 3); Year 2 village average (across all three subjects—math, English, 
Urdu) test scores (column 4); Year 3 village average test scores (column 5); Year 2 village level average test score 
using only those kids tested in years 1 and 2 (column 6). All regressions include district-fixed effects and robust 
standard errors. Panel A considers no additional controls; panel B includes a baseline control of the outcome vari-
able; and panel C includes baseline of the outcome variable and additional village controls, which are the same as in 
Table 2. Columns 1–3 have fewer than 112 observations due to private school closure in Year 2 and missing fee data 
in some villages. Column 3 has 83 villages because we only consider those villages where we can match children 
who attend private school from the household survey to the testing roster. Columns 4–6 are run on all 112 sample 
villages. Baseline dependent variable (mean) displays the baseline mean for the sample for all outcome variables.



Enrollment and switching 1551andrabi et al.: test scores AND educational marketsVOL. 107 NO. 6

as a fraction of children enrolled at baseline in Grade 3).21 As we examine later, the 
lack of an overall impact hides some heterogeneous results across schools.

The lack of evidence of differential switching or dropouts suggests that the test 
score gains were driven primarily by students who remained in the same school. 
In column 4, we restrict the sample to children who were tested in both periods 
(as in Table 3, column 6) but also exclude any children who switched schools. 
The results confirm that the test score gains for these children remain the same as 

21 We cannot examine switching and dropout rates for the entire school as child tracking was only conducted 
for the tested cohort. 

Table 4—Enrollment and Switching: Impact on Market Outcomes

Village enrollment (Year 2)  Village average 
test scores: same 
kids, no switchers 

(Year 2)

Primary 
enrollment 

rate
Switching rate

 (tested cohort only)

Dropout rate 
(tested cohort 

only)
  (1) (2) (3)   (4)
Panel A. No controls
Report card 0.0390 0.009 0.009 0.129

(0.0263) (0.007) (0.006) (0.0608)

Observations 112 112 112 112

R2 0.473 0.0561 0.377 0.397

Panel B. Baseline control only
Report card 0.0351 0.107

(0.0140) (0.0402)
Baseline 0.973 0.711

(0.0470) (0.0595)

Observations 112 112

R2 0.851 0.742

Panel C. Baseline and village controls
Report card 0.0324 0.009 0.007 0.113

(0.0137) (0.0074) (0.0056) (0.0408)
Baseline 1.037 0.711

(0.0690) (0.0587)

Observations 112 112 112 112

R2 0.853 0.083 0.429 0.745

Baseline dependent variable (mean) 0.71 — —   −0.012

Notes: This table examines the impact of the report card on enrollment at the village level. The outcome variables 
are: Year 2 village primary enrollment rate from school survey data (column 1); switching rate and drop out rate at 
the village level for tested cohort only available from child roster data (columns 2 and 3); and Year 2 village aver-
age test score for those kids who did not switch schools between years 1 and 2 (column 4). Columns 2 and 3 are 
available only for the tested cohort where we tracked and verified the status of every child; these data do not exist 
for the children in other grades in a given school. All regressions include district fixed effects and display robust 
standard errors in parentheses. Panel A considers no additional controls; panel B includes a baseline control of the 
outcome variable; and panel C includes baseline of the outcome variable and additional village controls, which are 
the same as in Table 2. Baseline dependent variable (mean) displays the baseline mean for the sample for all out-
come variables. Note that we do not observe baseline rates for switching and dropout. Columns 1–  4 are run on all 
112 sample villages. 

I Not presenting the results on heterogeneity here, but definitely worth taking a look
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Remedial Education with low-cost volunteers
Banerjee et al. (2007, QJE); Design

I Low-cost volunteers used for instruction in groups of 15-20 for 2 hours per day

I RCT in 2 cities, randomized at school*grade level

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

PANEL A: Vadodara
A.1 Balsakhi
Group A Balsakhi No balsakhi No Balsakhi Balsakhi No Balsakhi No Balsakhi
(5,264 students in 49 schools in year 1; 6,071 students in 61 schools in year 2)
Group B No  balsakhi Balsakhi Balsakhi No Balsakhi No Balsakhi No Balsakhi
(4934 students in 49 schools in year 1; 6,344 students in 61 schools in year 2)

A.2 Computer Assisted Learning (CAL)
Group A1B1 No CAL No CAL No CAL CAL No CAL No CAL
(2,850 students in 55 schools in year 2; 2,814 students in 55 schools in year 3)
Group A2B2 No CAL No CAL No CAL No Cal No CAL CAL 
(3,095 students in 56 schools in year 2; 3,131 students in 56 schools in year 3)

PANEL B: Mumbai
Balsakhi
Group C Balsakhi No Balsakhi No Balsakhi Balsakhi No Balsakhi No Balsakhi
(2,592 students in 32 schools in year 1; 5,755 students in 38 schools in year 2)
Group D No Balsakhi No Balsakhi Balsakhi No Blasakhi No Balsakhi No Balsakhi
(2,182 students in 35 schools year 1; 4,990 students in 39 schools in year 2)

Notes: This table display the assignement to schools in  various treatment group in the three years of the evaluation
Group A1B1 and A2B2 were constituted by randomly assigning half the schools in group A and half the schools in group B to the group A1B1 and the remaining shcools to the groups A2B2. 
Schools assigned to group A (resp.B) in 2001-2002 remained in group A (resp. B) in 2002-2003. 12 new schools were brought in the study and assigned randomly to group A and B
Schools assigned to group C (resp.D) in 2001-2002 remained in group C (resp. D) in 2002-2003. 10 new schools were brought in the study and assigned randomly to group C and D

Table I: Sample Design and Time Line

Year 1 (2001-2002) Year 2 (2002-2003) Year 3 (2003-2004)



Remedial Education with low-cost volunteers
Banerjee et al. (2007, QJE); Results

TABLE III
ESTIMATES OF THE IMPACT OF THE BALSAKHI PROGRAM, BY CITY AND SAMPLE

Number of
observations

Dependent variable: test score
improvement

(posttest � pretest)

Math Language Total

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

A: Pooling grades and
locations

Mumbai and Vadodara
together year 1 12,855 0.182 0.076 0.138

(0.046) (0.056) (0.047)
Mumbai and Vadodara

together year 2 21,936 0.353 0.187 0.284
(0.069) (0.050) (0.060)

B: Pooling both grades
Vadodara year 1 8,426 0.189 0.109 0.161

(0.057) (0.057) (0.057)
Vadodara year 2 11,950 0.371 0.246 0.331

(0.073) (0.061) (0.070)
Mumbai year 1

(grade 3 only) 4,429 0.161 0.086 0.127
(0.075) (0.066) (0.067)

Mumbai year 2 9,986 0.324 0.069 0.188
(0.145) (0.081) (0.112)

C: Grade 3
Vadodara year 1 4,230 0.179 0.102 0.152

(0.086) (0.085) (0.085)
Vadodara year 2 5,819 0.418 0.233 0.354

(0.107) (0.089) (0.100)
D: Grade 4

Vadodara year 1 4,196 0.190 0.114 0.166
(0.072) (0.076) (0.073)

Vadodara year 2 6,131 0.307 0.240 0.289
(0.078) (0.068) (0.074)

E: Two year (2001–2003)
Mumbai pretest year 1 to

posttest year 2 3,188 0.612 0.185 0.407
(0.141) (0.094) (0.106)

Vadodara pretest year 1 to
posttest year 2 3,425 0.282 0.181 0.250

(0.094) (0.079) (0.088)

Notes: This table reports the impact of the Balsakhi Program, for different groups and years. Each cell
represents a separate regression of test score improvement on a dummy for treatment school, controlling for initial
pretest score. Standard errors, clustered at the school-grade level, are given in parentheses. Estimates, which
include Mumbai year 2, use intention to treat as an instrument for treatment. Normalized test score gain is the
difference between posttest and pretest for Panels A–D and the difference between posttest in year 2 and pretest
in year 1 for panel E. The total score is the sum of the normalized math and language scores.
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Tracking by ability levels
Duflo, Dupas and Kremer (2011, AER)

I One solution to within-class heterogeneity is to track by achievement level

I e.g. high-performing set and low-performing set

I can allow for optimization of instruction to level of preparation

I commonly used in developed countries, controversial because of labelling effects

I but also because having high-achieving peers might be good, perhaps esp for
low-achieving students

I This is typically less common in developing countries:

I needs more resources, esp teachers and classrooms

I in some settings like India, primary schools also lack the scale to do this

I DDK study this question in a very nice experiment in Kenya

I randomization across schools into tracked and non-tracked Grade 1 classes

I contract teacher assigned randomly to one of two sections



Raises achievement levels for students of all abilities
1758 THE AMERICAN ECONOMIC REVIEW august 2011

students master core skills in grades 1 and 2 and that this may have helped them 
learn more later on.13

Under Proposition 1, this evidence of gains throughout the distribution is incon-
sistent with the special case of the model in which pupils do not affect each other 
indirectly through teacher behavior but only directly, with all pupils benefiting from 
higher scoring classmates.

Table 3 tests for heterogeneity in the effect of tracking. We present the estimated 
effect of tracking separately for boys and girls in panel A. Although the coefficients 
are not significantly different from each other, point estimates suggest that the 
effects are larger for girls in math (panel A). For both boys and girls, initially weaker 
students benefit as much as initially stronger students.

Panel B presents differential effects for students taught by civil-service teachers 
and contract teachers. This distinction is important, since the impact of tracking 
could be affected by teacher response, and contract and civil-service teachers have 
different experience and incentives.

While tracking increases test scores for students at all levels of the pretest distribu-
tion assigned to be taught by contract teachers (indeed, initially low-scoring students 

13 We also find (in results not reported here to save space) that initially low-achieving girls in tracking schools are 
4 percentage points less likely to repeat grade 1. Since the program continued in grade 2, students who repeated lost 
the advantage of being in a small class, and of being more likely to be taught by a contract teacher. Part of the effect 
of tracking after the end of grade one may be due to this. In the companion paper, we estimate the effect of the class 
size reduction program in nontracking schools to be 0.16 standard deviations on average. At most, the repetition 
effect would therefore explain an increase in 0.04 × 0.16 = 0.0064 standard deviations in test scores. Furthermore, 
it is present only for girls, while tracking affects both boys and girls.
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Figure 3. Local Polynomial Fits of Endline Score by Initial Attainment

Notes: Dots represent local averages. The fitted values are from regressions that include a second order polynomial 
estimated separately on each side of the percentile = 50 threshold.
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This overall persistence is striking, since in many evaluations, the test score effects 
of even successful interventions tend to fade over time (e.g., Abhijit V. Banerjee et 
al. 2007; Tahir Andrabi et al. 2008). This indicates that tracking may have helped 

Table 2—Overall Effect of Tracking

Total score Math score Literacy score

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A. Short-run effects (after 18 months in program)
(1) Tracking school 0.139 0.176 0.192 0.182 0.139 0.156 0.198 0.166

(0.078)* (0.077)** (0.093)** (0.093)* (0.073)* (0.083)* (0.108)* (0.098)*
(2) In bottom half of initial −0.036 0.04 −0.091
     distribution × tracking
     school

(0.07) (0.07) (0.08)

(3) In bottom quarter −0.045 0.012 −0.083
     × tracking school (0.08) (0.09) (0.08)
(4) In second-to-bottom −0.013 0.026 −0.042
     quarter × tracking school (0.07) (0.08) (0.07)
(5) In top quarter 0.027 −0.026 0.065
     × tracking school (0.08) (0.07) (0.08)
(6) Assigned to contract 0.181 0.18 0.18 0.16 0.161 0.16 0.16
     teacher (0.038)*** (0.038)*** (0.038)*** (0.038)*** (0.037)*** (0.038)*** (0.038)***

Individual controls No Yes Yes Yes Yes Yes Yes Yes

Observations 5,795 5,279 5,279 5,279 5,280 5,280 5,280 5,280

Total effects on bottom half and bottom quarter
Coeff (Row 1) + Coeff (Row 2) 0.156 0.179 0.107

Coeff (Row 1) + Coeff (Row 3) 0.137 0.168 0.083

F-test: total effect = 0 4.40 2.843 5.97 3.949 2.37 1.411

p-value (total effect for bottom = 0) 0.038 0.095 0.016 0.049 0.127 0.237

p-value (effect for top quarter = effect
  for bottom quarter)

0.507 0.701 0.209

Panel B. Longer-run effects (a year after program ended)
(1) Tracking school 0.163 0.178 0.216 0.235 0.143 0.168 0.231 0.241

(0.069)** (0.073)** (0.079)*** (0.088)*** (0.064)** (0.075)** (0.089)** (0.096)**

(2) In bottom half of initial −0.081 −0.027 −0.106
     distribution × tracking
     school

(0.06) (0.06) (0.06)

(3) In bottom quarter −0.117 −0.042 −0.152
     × tracking school (0.09) (0.10) (0.085)*
(4) In second-to-bottom −0.096 −0.073 −0.091
     quarter × tracking school (0.07) (0.07) (0.07)
(5) In top quarter −0.028 −0.04 −0.011
     × tracking school (0.07) (0.06) (0.08)
(6) Assigned to contract 0.094 0.094 0.094 0.061 0.061 0.102 0.103
     teacher (0.032)*** (0.032)*** (0.032)*** (0.031)** (0.031)** (0.031)*** (0.031)***

Individual controls No Yes Yes Yes Yes Yes Yes Yes

Observations 5,490 5,001 5,001 5,001 5,001 5,001 5,007 5,007

Total effects on bottom half and bottom quarter
Coeff (Row 1) + Coeff (Row 2) 0.135 0.116 0.125

Coeff (Row 1) + Coeff (Row 3) 0.118 0.126 0.089

p-value (total effect for bottom = 0) 0.091 0.229 0.122 0.216 0.117 0.319

p-value (effect for top quarter = effect 
  for bottom quarter)

0.365 0.985 0.141

Notes: The sample includes 60 tracking and 61 nontracking schools. The dependent variables are normalized test scores, with mean 
0 and standard deviation 1 in the nontracking schools. Robust standard errors clustered at the school level are presented in paren-
theses. Individual controls included: age, gender, being assigned to the contract teacher, dummies for initial half/quarter, and initial 
attainment percentile. We lose observations when adding individual controls because information on the initial attainment could not 
be collected in some of the nontracking schools.

*** Significant at the 1 percent level.
  ** Significant at the 5 percent level.
    * Significant at the 10 percent level.



Effect on teacher effort 1765Duflo et al.: Peer Effects and the Impact of TrackingVOL. 101 NO. 5

A. Teacher Effort and the Curvature of the Teacher Payoff Function

Estimates of the impact of tracking on teacher’s effort are presented in Table 6. 
Our measure of teacher effort is whether the teacher was present in school during 
unannounced visits, and whether she was found in class and teaching.

Recall that the model does not yield a clear prediction for whether tracking should 
increase or decrease teacher effort overall. However, the model predicts that the 
effort level might vary across tracks (upper or lower). Namely, proposition 6 implies 
that if teacher payoffs are convex in student test scores, then teachers assigned to 
the top section in tracking schools should exert more effort than those assigned to 
the bottom section. On the other hand, if payoffs are concave in student test scores, 
teachers should put in more effort in the lower section than the upper section.

We find that teachers in tracking schools are significantly more likely both to be in 
school and to be in class teaching than those in nontracking schools (columns 1 and 
2, Table 6).22 Overall, teachers in tracking schools are 9.6 percentage points (19 per-
cent) more likely to be found in school and teaching during a random spot check 
than their counterparts in nontracking schools. However, the negative coefficient on 

22 The specification is similar to equation (E2), though the set of control variables includes teacher age and 
experience teaching.

Table 6—Teacher Effort and Student Presence

All teachers Government teachers ETP teachers Students

Teacher 
found in 

school on 
random

school day

Teacher 
found in class 

teaching 
(unconditional 
on presence)

Teacher 
found in 

school on 
random 

school day

Teacher 
found in class 

teaching 
(unconditional 
on presence)

Teacher 
found in 

school on 
random 

school day

Teacher 
found in class 

teaching 
(unconditional 
on presence)

Student 
found in 
school on 
random 

school day
(1) (2) (3) (4) (5) (6) (7)

Tracking school 0.041 0.096 0.054 0.112 −0.009 0.007 −0.015
(0.021)** (0.038)** (0.025)** (0.044)** (0.034) (0.045) (0.014)

Bottom half × −0.049 −0.062 −0.073 −0.076 0.036 −0.004 0.003
  tracking school (0.029)* (0.040) (0.034)** (0.053) (0.046) (0.057) (0.007)
Years of 0.000 −0.005 0.002 0.002 −0.002 −0.008
  experience 
  teaching

(0.001) (0.001)*** (0.001)* (0.001) (0.003) (0.008)

Female −0.023 0.012 −0.004 0.101 −0.034 −0.061 −0.005
(0.018) (0.026) (0.020) (0.031)*** (0.032) (0.043) (0.004)

Assigned to 0.011
  contract teacher (0.005)**

Assigned to con- 0.004
  tract teacher ×
  tracking school

(0.008)

Observations 2,098 2,098 1,633 1,633 465 465 44,059

Mean in non-
  tracking schools

0.837 0.510 0.825 0.450 0.888 0.748 0.865

F (test of joint
  significance)

2.718 9.408 2.079 5.470 2.426 3.674 5.465

p-value 0.011 0.000 0.050 0.000 0.023 0.001 0.000

Notes: The sample includes 60 tracking and 61 nontracking schools. Linear probability model regressions. Multiple observations 
per teacher and per student. Standard errors clustered at school level. Region and date of test dummies were included in all regres-
sions but are not shown.

*** Significant at the 1 percent level.
  ** Significant at the 5 percent level.
    * Significant at the 10 percent level.

There’s also a lot on both teacher incentives on peer effects in the paper which is
worth looking at.
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Using technology to “Teach at the Right Level”
Muralidharan, Singh and Ganimian (2019, AER)

I One option that excites policy-makers is education technology

I In 2015, we evaluated a blended learning program (Mindspark)

I Developed by a leading Indian education firm over a decade

I Over 45,000 question Item Bank, used by over 400,000 students, administering over a
million questions daily

I Individual, dynamically updated, assessment and content
I Instruction is targeted at children’s actual level of achievement, not the

curriculum-mandated level

I We evaluate the after-school model (Mindspark centers), which provide
supplementary after-school instruction to students six days/week

I 45 mins individual study using CAL software (Mindspark); 45 mins small group
teaching (12-15 students)

I 619 students, individual level randomization, 4.5 months treatment, treated students
received a complete fee waiver

I all students from government secondary schools in Delhi
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relative to curricular norms, are even more severe in larger representative samples 
in the states of Madhya Pradesh and Rajasthan, than in our study sample in Delhi.

B. Program Effects (Intent-to-Treat Estimates)

The main treatment effects can be seen in Figure 2, which presents mean test 
scores in the baseline and endline assessments in math and Hindi for lottery winners 
and losers. While test scores improve over time for both groups, endline test scores 
are significantly and substantially higher for the treatment group in both subjects.

We estimate intent-to-treat (ITT) effects of winning the lottery (​β​) using

(1)	​​ Y​iks2​​​  = ​​ α​s​​​ + ​​γ​s​​​ · ​​Y​iks1​​​ + ​​β​s​​​ · ​​Treatment​i​​​ + ​​ϕ​k​​​ + ​​ϵ​iks2​​​,

where ​​Y​ikst​​​ is student ​i​’s test score, in randomization stratum ​k​ , in subject ​s​ at period ​t​ 
(normalized to ​μ​ = 0, ​σ​ = 1 on the baseline test); ​Treatment​ is an indicator variable 
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Figure 1. Assessed Levels of Student Achievement versus Current Grade Enrolled in School

Notes: This figure shows, for treatment group, the estimated level of student achievement (determined by the 
Mindspark CAL program) plotted against the grade they are enrolled in. These data are from the initial diagnostic 
test, and do not reflect any instruction provided by Mindspark. In both subjects, we find three main patterns: (i) there 
is a general deficit between average attainment and grade-expected norms; (ii) this deficit is larger in later grades; 
and (iii) within each grade, there is a wide dispersion of student achievement.

Source: Muralidharan, Singh and Ganimian (2019)
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for being a lottery winner; ​ϕ​ is a vector of stratum fixed effects; and ​​ϵ​iks2​​​ is the error 
term.15

We find that students who won the lottery to attend Mindspark centers scored 
0.37​σ​ higher in math and 0.23​σ​ higher in Hindi compared to lottery losers after 
just 4.5 months (Table 2, columns 1–2). In columns 3 and 4, we omit strata fixed 
effects from the regression, noting that the constant term ​α​ in this case provides an 
estimate of the absolute value added (VA) in the control group over the course of the 
treatment.16 Expressing the VA in the treatment group (​α + β​) as a multiple of the 
control group VA (​α​), our results indicate that lottery winners made over twice the 
progress in math, and around 2.4 times the progress in Hindi, compared to lottery 
losers. These are ITT results based on an average attendance of about 58 percent 

15 We use robust Huber-White standard errors throughout the paper rather than clustered standard errors because 
of the individual (as opposed to group) randomization of students to treatment status. Common shocks from test day 
and venue effects are netted out by the inclusion of strata fixed effects since all students in the same stratum (both 
treatment and control) were tested on the same day in the same location. 

16 This interpretation is possible because the baseline and endline tests are linked to a common metric using 
Item Response Theory. This would not be possible if scores were normalized within grade-subject-period as is com-
mon practice. Note that treatment effects are very similar (0.38​σ​ in math and 0.23​σ​ in Hindi) when test scores are 
normalized relative to the within-grade distribution in the control group at the endline (online Appendix Table A.2). 
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Figure 2. Mean Difference in Test Scores between Lottery Winners and Losers

Notes: This figure shows mean of test scores, normalized with reference to baseline, across treatment and control 
groups in the two rounds of testing with 95 percent confidence intervals. Test scores were linked within-subject 
through IRT models, pooling across grades and across baseline and endline, and are normalized to have a mean of 
0 and a standard deviation of 1 in the baseline. Whereas baseline test scores were balanced between lottery winners 
and lottery losers, endline scores are significantly higher for the treatment group.

Source: Muralidharan, Singh and Ganimian (2019)
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well (Table 5). The coefficient on the treatment dummy itself is statistically signifi-
cant, but the interaction terms of treatment with the tercile at baseline are typically 
not significant.17

Note, however, that we see considerable heterogeneity in student progress by 
initial learning level in the control group. While students in the top third of the base-
line test-score distribution show significant academic progress between baseline and 
endline, it is striking that we cannot reject the null of no increase in test scores for 
the bottom third of students in the control group over the same period (with coeffi-
cients close to 0 in both subjects) suggesting that lower-performing students make 
no academic progress under the status quo (Figure 4).

Thus, winning a voucher appears to have benefited students at all parts of the 
achievement distribution fairly equally, suggesting that the Mindspark software 
could teach all students equally well. However, since students in the lowest ter-
cile of the within-grade baseline test-score distribution did not make any academic 
progress in the control group on either subject, the relative gains from the treatment 
(measured as a multiple of what students would have learned in the absence of 

17 Point estimates suggest that treatment effects in Hindi were higher for the weakest students, but only one 
of the two interactions (with the middle tercile) is significant, and the coefficient on a linear interaction between 
treatment and within-grade tercile is not significant (not shown). 
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Figure 3. Nonparametric Investigation of Treatment Effects by Baseline Percentiles

Notes: The figures present kernel-weighted local mean smoothed plots which relate endline test scores to percen-
tiles in the baseline achievement, separately for the treatment and control groups, alongside 95 percent confidence 
intervals. At all percentiles of baseline achievement, treatment group students score higher in the endline test than 
the control group, with no strong evidence of differential absolute magnitudes of gains across the distribution.

Source: Muralidharan,
Singh and Ganimian (2019)
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Figure 4. Growth in Achievement in Treatment and Control Groups

Notes: This figure shows the growth in student achievement in the treatment and control groups in math and Hindi, 
as in Table 5. Students in the treatment group see positive value-added in all terciles whereas we cannot reject the 
null of no academic progress for students in the bottom tercile in the control group.

Table 6—Treatment Effect on Items Linked to Grade Levels

Proportion of questions answered correctly

Math Hindi

At or above 
grade level

Below 
grade level

At or above 
grade level

Below 
grade level

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

Treatment 0.0089 0.081 0.063 0.050
(0.032) (0.013) (0.027) (0.014)

Baseline subject score 0.047 0.099 0.13 0.13
(0.022) (0.0069) (0.016) (0.0068)

Constant 0.31 0.49 0.45 0.58
(0.022) (0.0089) (0.019) (0.0100)

Observations 291 511 292 513
R2 0.029 0.346 0.250 0.399

Notes: Robust standard errors in parentheses. The table shows the impact of the treatment (winning a randomly 
assigned voucher) on questions below or at/above grade levels for individual students. The dependent variable is 
the proportion of questions that a student answered correctly. All test questions were multiple choice items with 
four choices. Our endline assessments, designed to be informative at students’ actual levels of achievement, did not 
include many items at grade 8 level and above. Therefore, students in grades 8 and 9 are not included in regressions 
on items at/above grade level. Baseline scores are IRT scores in the relevant subject from the baseline assessment. 
All regressions include randomization strata fixed effects. 

Source: Muralidharan, Singh and Ganimian (2019)
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Further reading

I The economics of education literature is sprawling

I what we’ve covered is selective, even within applied micro dev

I Some themes (out of many) that are worth seeing:

I Access to schooling: CCTs, free schooling, bicycles, scholarships etc.

I ECE; production functions for human capital

I School accountability, governance, political economy

I Incentives and contracts in schooling

I School inputs, school and teacher VA

I Macro HK and growth literature
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