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Abstract: Governments are increasingly partnering with the private sector to im-
prove the delivery of education. We contribute to this literature by evaluating a
program that randomly assigned newly-created private schools to underserved vil-
lages in Pakistan. Private operators were given a per-student subsidy to provide
tuition-free primary education in 200 villages, with half of them receiving a higher
subsidy for female students. The program increased enrollment by 30 percentage
points, and test scores by 0.63 standard deviations. Program impacts were similar
across genders, and across the two subsidy treatments. Children enrolled in pro-
gram schools also scored 0.21 standard deviations higher than those enrolled in
(control village) government schools, despite having lower socio-economic status,
suggesting that program school operators are more effective in selecting school
inputs than the centralized government school system. To gain greater insight
into the efficiency with which private providers select school inputs, we estimate
a structural model of schooling demand and education production. This exercise
reveals that program schools selected inputs similar to those of a social planner
who internalizes all the education benefits to society.
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1 Introduction

Despite dramatic improvements in recent years, school enrollment continues to be extremely
low in many low-income countries (UNESCO, 2015a), while average student learning is
often poor even when children are in school (UNESCO, 2014; Pritchett, 2013). In the face
of these challenges, some governments are experimenting with educational models giving
a greater role to private providers (Patrinos et al., 2009). The effectiveness of such an
approach ultimately depends on whether private providers select appropriate school inputs.
Though private entrepreneurs may have greater incentives to reduce cost and innovate than
the public sector, their focus on profits may lead to the under-provision of other socially-
valuable but non-contractible aspects of education (Hart et al., 1997). In this paper, we
provide evidence from a field experiment in rural Pakistan on the effectiveness of publicly-
subsidized private schools. Our results indicate that such schools can be highly effective:
entrepreneurs simultaneously reduced costs while providing high-quality school inputs that
were similar to non-program private schools, and nearly identical to those that the social
planner would have chosen.

Estimating the effectiveness of publicly-subsidized private schools is complicated by the
non-random placement of existing private schools and pervasive student sorting. We leverage
a unique experiment to circumvent these problems, and provide a causally-identified assess-
ment of privately operated schools. We evaluate the Promoting Low-Cost Private Schooling
in Rural Sindh (PPRS) program, which was implemented in the Sindh province of Pakistan.
In this program, publicly-subsidized private schools were randomly assigned to education-
ally underserved villages, with private entrepreneurs given responsibility for creating and
managing these schools, and compensated according to enrollment on a per-child basis. En-
trepreneurs exercised wide latitude in the inputs they provided, including the ability to hire
teachers with lower formal qualifications than required for government teachers. Program
schools have very similar inputs as pure private schools operating in the experimental vil-
lages. In addition, a second treatment arm included a subsidy premium for girls’ enrollment,
incentivizing entrepreneurs to provide inputs that would be attractive to girls.

Since Friedman (1955), a lengthy literature has posited that giving a larger role to pri-
vate education providers would increase school productivity. As discussed in Shleifer (1998),
private schools run by entrepreneurs may have advantages over public schools due to their
stronger incentives to reduce costs, innovate (e.g. tailoring school inputs more closely to
the preferences and needs of their students), and their more direct accountability to the
households they serve.! A substantial empirical literature has sought to assess the effi-

ciency of private schools, generally through cross-sectional comparisons of student outcomes

'In turn, programs based on private schools, such as vouchers, may induce higher competition and general
equilibrium effects (see Hoxby, 2003)



in public and private schools, or evaluations of voucher programs using pre-existing private
schools (Friedman, 1955; Hoxby, 2003; MacLeod and Urquiola, 2012). The empirical liter-
ature includes growing evidence from developing countries (Angrist et al., 2002; Newhouse
and Beegle, 2006; Desai et al., 2009; French and Kingdon, 2010; Bold et al., 2014; Mu-
ralidharan and Sundararaman, 2015; Singh, 2015), and in particular evidence from Pakistan
based on cross-sectional and panel observational data (Andrabi et al., 2010, 2011; Amjad
and MacLeod, 2014).

The PPRS program provides a unique opportunity for assessing the quality of publicly-
subsidized, privately provided education, and the potential for improving educational out-
comes in developing countries through greater reliance on the private sector. First, because
the schools were allocated to villages through a randomized design, we are able to assess the
effectiveness of such schools free from the biases usually present due to endogenous place-
ment. Second, because a large share of villages in our sample had pre-existing government
schools, we are able to assess the relative quality of the privately operated program schools
against that of public schools, using detailed child- and household-level information to ac-
count for child sorting. Finally, because the schools were created at the beginning of the
program, we are able to shed light on how private institutions choose their inputs. For this
purpose, a structural model is used to show how school inputs are determined as an equilib-
rium outcome of the interaction of optimizing producers and consumers, and to disentangle
the supply- and demand-side determinants of school inputs. This model also allows us to
assess how closely program-school operators come to the configuration of school inputs that
would have been selected by a social planner seeking to maximize total societal welfare.

The PPRS program was designed and administered by the Sindh Education Foundation
(SEF), a semi-autonomous organization in the Sindh provincial government. The program
offered qualified local entrepreneurs a set of benefits to establish and run tuition-free, co-
educational primary schools in educationally underserved villages. The benefits included a
per-student subsidy, school leadership and teacher training, and teaching and learning ma-
terials. The per-student subsidy amount was fixed at less than one-half the per-student cost
for public primary and secondary education in the province. The program was randomly as-
signed to 200 out of 263 qualifying villages in eight districts selected for their poor education
outcomes.>

To address the large gender disparity in primary school enrollment in rural Sindh, 100 of

2 After the random assignment was completed, the original evaluation sample was reduced from 263 to
199 villages to correct for errors made in determining whether a given village qualified for the program. The
corrections were orthogonal to the assigned program status of the village. The effective evaluation sample
consisted of 82 villages under the gender-uniform subsidy treatment, 79 under the gender-differentiated one,
and 38 control villages. Mean household and child characteristics in the 199 villages were similar across the
experimental groups in both baseline and follow-up. Follow-up measurement was conducted after program
schools had been in operation for approximately 1.5 school years.



the 200 program villages were randomly assigned to a gender-differentiated subsidy scheme.
Under the latter scheme, program school operators received a higher per-student subsidy
for girls than for boys, with the aim of more strongly incentivizing them to take steps to
attract girls. Girls in developing countries are less likely to enroll in school than boys, es-
pecially among poor, rural, or socially disadvantaged households (UNESCO, 2015b). While
these gender disparities are often attributed to lower household demand for girls’ education,
school supply factors—such as distance and time from home to school, school infrastructural
features and environmental conditions, and teacher characteristics, attitudes, and behav-
iors—have also been documented to play an important role (Lloyd et al., 2005; Burde and
Linden, 2013; Adukia, 2017; Muralidharan and Prakash, 2017).

For the purpose of assessing the quality of the program schools, we explore three counter-
factuals. First, we compare educational outcomes of children in treatment villages to those
in control villages in order to determine the effect of gaining access to the program school
on educational outcomes. This includes both intention-to-treat as well as treatment-on-the-
treated assessment of program-school effects. Second, because nearly half of villages had a
government school at baseline, we compare the performance of children in program schools to
those in government schools (in control villages), in order to compare the quality of program
schools to that of government schools. Finally, we undertake an absolute assessment of the
quality of program schools (given local resources) by comparing program school inputs to
those of a social planner who maximizes social surplus.

The program was highly effective. Comparing treatment and control villages, after 1.5
school years the program increased school enrollment for children aged 6-10, the program’s
stated target age group, by 30 percentage points, and that for children aged 11-17 by 12
percentage points. The program also raised total test scores by 0.63 standard deviations,
and by two standard deviations for children induced by the program to enroll in school.
The gender-differentiated subsidy treatment had similar impacts on girls’ enrollment and
test scores as the gender-uniform one. Program-village households were more likely to voice
aspirations for their boys to become doctors and engineers, rather than security personnel;
and for their girls to become teachers, rather than housewives. Program-village households
also expressed a desire for their boys and girls to attain higher levels of education.

Program schools appears to be more effective than nearby government schools, despite
their far more modest resources. Approximately 47% of both control and treatment villages
had government schools located at a distance of less than 1.5 kms at baseline. In control vil-
lages where government schools were nearby, approximately 60% of young children attended
these schools, while in treatment villages with nearby government schools only 13% of chil-
dren attended these schools. Children in program schools scored 0.21 standard deviations

higher on the exam administered by surveyors than those in government schools in control



villages. This finding is robust to a variety of sample restrictions based on the proximity
of households to the proposed sites of program schools, as well as alternative specifications
including only children for whom enrollment was verified by their observed attendance. It
is also robust to the exclusion of treatment villages with a proximate government school,
which removes biases arising from child sorting across program and government schools in
treatment villages.

Because the comparison of the effectiveness of government and program schools may be
confounded by child sorting—both between school types and between enrollment and non-
enrollment—we compare the characteristics of children across school types and enrollment
status. We show that children enrolled in program schools have lower socioeconomic status
than those in government and private schools (in control villages), and that the characteristics
of children in program schools in fact more closely resemble those of unenrolled children in
control villages. This is likely due to the enrollment in program schools of children who
otherwise would not have been in school, who generally come from households of lower
socio-economic status, as proxied by the education and occupation of the head of household
and the building material of their house.

Finally, we examine the efficiency of the input choices in program schools vis-a-vis the
social planner’s solution, based on structural model estimations of schooling demand and ed-
ucation production. In non-experimental settings using similar data, one would be concerned
that there are correlated unobservables (such as village-level preferences for education) driv-
ing both the educational outcomes being measured, as well as the number and type of schools
present in a village. The experiment allows us to overcome this problem, as it introduces
exogenous variation in the set of schools across villages.

Using information about household choices, we first estimate a demand model for school
inputs. We then use these estimates to bound the costs of school inputs. The intuition is
that for schools which provide a given input, the benefit must have exceeded the cost of the
input, in terms of additional enrollment; while for schools without that input the opposite
must be true. Finally, we estimate an education-production function relating test scores
to school inputs and student characteristics. We compute the optimal set of school inputs
that a social planner would have chosen, combining the input costs incurred by program-
school operators, the deadweight loss from taxes for providing program subsidies, the surplus
accruing to students, and the social benefit of education.

We find that SEF and program-school operators did remarkably well in choosing school
inputs, capturing approximately 90 percent of the total amount of possible surplus. The
main differences between the program schools’ and social planner’s solutions are that the
latter requires schools to have toilets and/or drinking water, and employs less-experienced,

but more-educated, teachers. The social planner also better matches the gender ratio of



teachers with that of children in the village. The program schools are quite similar to pre-
existing private schools in survey villages, consistent with their solving a similar optimization
problem.? Most significantly, teacher characteristics are virtually identical across program
and private schools, and contrast sharply with teacher characteristics in government schools.

In sum, we find that private providers can deliver high-quality education at relatively
low cost. For policy makers seeking to improve education service delivery in developing
countries, government support for local private providers may be a viable alternative to pure
public provision. The challenging context in which the program was implemented suggests
the potential for such an approach to be effective in many other parts of the developing

world.

2 Literature review

Low- and middle-income countries continue to struggle with the related problems of low
enrollment rates and low student achievement (World Bank, 2018). Because public education
is generally seen to be failing in these countries, governments have experimented with new
models giving a greater role to private providers, in order to take advantages of the purported
efficiencies of the private sector. One common model involves providing vouchers to students
for enrollment in pre-existing private schools (for example, Angrist et al., 2002; Muralidharan
and Sundararaman, 2015). Another type of program aims to convert existing public schools
to non-government management (Romero et al., 2017), akin to charter schools in the US.
A third type of program, known broadly as Public-Private Partnerships (PPPs), uses a
contract between the public and the private sectors for service delivery by the latter, generally
specifying aspects of the service to be delivered (Patrinos et al., 2009).4

Most research on PPP models has focused on programs which use existing private schools
to serve students (Kim et al., 1999; Alderman et al., 2001, 2003; Barrera-Osorio and Raju,
2015; Barrera-Osorio et al., 2016; Romero et al., 2017). An alternative approach entails
the creation of new private schools, and is motivated either by the absence of pre-existing
private schools, or the belief that new institutions may be more adaptable to government

reform efforts than incumbent schools. Our paper contributes to the limited evidence on this

3The principal difference between program and private schools is that private schools are larger, both in
terms of the number of students and the number of teachers. This is likely because program schools were
only allowed to enroll children located within the villages to which they are assigned.

4PPPs may enable higher-quality education for beneficiary students through the terms of the contract
between the government and the private sector, with some programs regulating school inputs (including
teachers), and others selecting program schools based on measures of quality. As such, this paper evaluates
a particular policy that shares several characteristics with the generic PPP program: no-user fees; a contract
based on number of enrolled students; external vetting; large freedom in input selection by the provider;
among other characteristics.



alternative approach, with Alderman et al. (2003) being, to the best of our knowledge, the
only existing evaluation of a similar program.®

The program studied here was designed to increase both enrollment and student achieve-
ment. The theoretical motivation for the program comes from the human capital model,
with households investing in education if the present and future benefits are larger than the
costs (Becker, 1962). The most important costs of primary schooling in low-income coun-
tries tend to be school fees and transportation costs, with many children living far from
school. International evidence on the effects of distance from home to school on enrollment
is strong: when schools are introduced into underserved areas, household demand for school-
ing increases, often substantially (Burde and Linden, 2013; Foster and Rosenzweig, 1996;
Duflo, 2001; Berlinski et al., 2009; Carniero et al., 2016).° The international evidence for
the effects of user fees on enrollment is also strong, with enrollment fees associated with
lower enrollment rates (Deininger, 2003; Barrera-Osorio et al., 2007; Borkum, 2012; Lucas
and Mbiti, 2012).

Evidence from demand-side interventions that lower the costs of education—for example,
conditional cash transfer (CCT) programs—shows that bringing children into school does
not guarantee higher student achievement.” In order to improve student outcomes, the
program therefore sought to make use of the potential gains from publicly-subsidized private
schools (Friedman, 1955; Hoxby, 2003; MacLeod and Urquiola, 2012). In addition to a wider
literature on the advantages of private education in developing countries,® this approach was
motivated by research from Pakistan using quasi-experimental methods to show the relative
effectiveness of private schools (Andrabi et al., 2010, 2011; Amjad and MacLeod, 2014).

From a theoretical perspective, Shleifer (1998) describes several economic forces which
may drive private enterprises to be more efficient than their public counterparts: the incen-
tives to reduce costs and innovate are generally higher for private enterprises, while reputa-
tion concerns and local competition induced by school choice may lead to higher incentives

to provide high-quality services. These forces map to our setting along several dimensions.

®Alderman et al. (2003) evaluates a similar program conducted in the Balochistan province of Pakistan
in the 1980s. This program was largely unsuccessful in rural areas, due in part to the low supply of qualified
teachers. In contrast, the PPRS program was able to tap into a fairly large supply of educated females due
to recent advances in rural education.

6Burde and Linden (2013) use experimental evidence to show the relationship between distance and
enrollment. Foster and Rosenzweig (1996), Duflo (2001), Berlinski et al. (2009), and Carniero et al. (2016)
use quasi-experimental evidence to show this relationship.

"Early rigorous evaluations of CCT in different contexts shows zero results in test scores (see Fitzbein
and Schady, 2009; Saavedra and Garcia, 2012). However, more recent evidence of long-term effects shows
more promising results (Barham et al., 2013; Barrera-Osorio and Filmer, 2016).

8The relative effectiveness of government versus private schools on student learning has been the subject
of significant interest in the education-economics literature. The empirical evidence in developing countries
includes (Angrist et al., 2002; Newhouse and Beegle, 2006; Desai et al., 2009; French and Kingdon, 2010;
Bold et al., 2014; Muralidharan and Sundararaman, 2015; Singh, 2015).



First, the entrepreneurs running the program schools are paid on the basis of enrollment,
giving them high-powered incentives to reduce costs while maximizing enrollment. Second,
program schools may enjoy greater local information and ability to adjust to local conditions.
For example, research from India has shown that private schools tailor their curricula more
closely to the preferences of local students (Muralidharan and Sundararaman, 2015). Third,
program schools are potentially more accountable to the households they serve—in contrast
to the indirect accountability of government schools through political processes, which has
proven far less effective (World Bank, 2004). Finally, program schools may face different
factor prices—especially for teachers—and higher flexibility in choosing inputs than public
schools (Hoxby, 2003; MacLeod and Urquiola, 2012). The combination of these forces has

the potential to lower costs while providing higher-quality educational services.

3 Background

3.1 Schooling in Pakistan

School enrollment is low in Pakistan, even when compared to countries with a similar income
level (Andrabi et al., 2008b). At the time the PPRS program was initiated in 2009, the
primary-school net enrollment rate (NER) for children aged 6-10 in Pakistan was 67 percent
(72 percent for boys and 62 percent for girls) (Government of Pakistan, 2009).° In rural
Sindh, where the PPRS program was implemented, the primary-school NER was 56 percent
for children aged 6-10. The gender disparity was even wider, with a primary-school NER of
65 percent for boys and 46 percent for girls (Government of Pakistan, 2009).

Pakistan has witnessed a dramatic growth in private schools.! The number of private
schools increased from around 4,000 in the early 1980s to 36,000 in 2000 to 47,000 in 2005;
much of the expansion in the 1990s and 2000s occurred in villages and poorer urban neigh-
borhoods (Andrabi et al., 2008a). By 2010-11, one-fifth of children aged 6-15 in Pakistan
were enrolled in private school (or one-third of students, given the large share of unenrolled
children) (Nguyen and Raju, 2015). These schools have succeeded both in terms of cost
and quality. At less than $20 in 2000, the mean annual cost of private primary school fees
represented about two percent of mean total household spending (Andrabi et al., 2008a).
Low fees were enabled by few fixed costs, and low operational costs, specifically low teacher
wages. Discussed in section 3, low-cost private schools are also found to produce higher test

scores than government schools in rural Punjab province (Andrabi et al., 2010, 2011).

9The primary school net enrollment rate is defined as the number of children aged 6-10 attending school
in grades 1-5 divided by the number of children aged 6-10.

10These schools are for-profit, fee-based, and secular. They are unregulated in practice, and do not receive
any direct government assistance.



However, large spatial differences exist in private-school enrollment rates across Pakistan.
Thirty percent of primary-school students were in private schools in the country, compared
to only five percent in rural Sindh in 2008-09 (Government of Sindh, 2009). Andrabi et al.
(2008a) find that, as in the rest of the country, private schools in rural Sindh tended to be
found in larger villages with better infrastructure. They argue that the main constraint to
the further expansion of low-cost private schools is the lack of a local supply of women with

secondary education who can be hired as teachers.!!

3.2 PPRS Program

To address the education access, equity, and quality challenges in Sindh, the provincial
government in 2007 initiated the Sindh Education Sector Reform Program (SERP), a multi-
faceted reform of public spending and provision in primary and secondary education. Public-
private partnerships in education, entailing public financing and private provision, was a key
component of SERP, aimed at increasing access to schooling and the quality of education
for socioeconomically disadvantaged children.

Funded by the provincial government, the Promoting Private Schooling in Rural Sindh
(PPRS) program was designed and administered by the Sindh Education Foundation (SEF),
a semi-autonomous organization established in 1992 by the provincial government to under-
take education initiatives targeting less-developed areas and marginalized populations in
Sindh province. The main, stated objectives of the PPRS program were to increase access
to schooling in marginalized areas, to reduce the gender disparity in school enrollment, and
to increase student learning, in a cost-effective manner.

The first phase of the program, which we evaluate in this study, was implemented in eight
(out of, at that time, 23) districts in the province. SEF selected the districts based on how
they ranked in terms of the size of the out-of-school child population, the gender disparity
in school enrollment, and the percentage of households located at least 15 minutes away
from the nearest primary school. The eight poorest-ranked districts were selected, excluding
those that were viewed by the provincial government and SEF as experiencing heightened
law-and-order concerns.'?

Based on a budgetary assessment, SEF supported coeducational, private primary schools
in 200 villages in the selected districts. The main benefits that program-school operators

received included a per-student cash subsidy; free school leadership and teacher training;

1 Andrabi et al. (2013) find that villages with government secondary schools for girls were much more
likely to see low-cost private primary schools arise in later years. They argue that the main channel is the
local supply of women with secondary education. These women can be hired as teachers at low wages, as
they face limited alternative employment opportunities and restrictions on their geographic mobility.

12The district rankings were determined using district-representative data from the 2006-07 Pakistan
Social and Living Standards Measurement Survey (Government of Pakistan, 2007).



and free textbooks, other teaching and learning materials, stationery, and bookbags.!?

Two types of monthly per-student subsidies were provided: a gender-uniform subsidy,
where the school received 350 rupees (approximately $5 in annualized 2008 US dollars) for
each student; and a gender-differentiated subsidy, where the school received 350 rupees for
each male student and 450 rupees ($6.4) for each female student. A total of 100 schools
received the gender-uniform subsidy, and another 100 schools, the gender-differentiated sub-
sidy. All schools received the other benefits.

The subsidy amounts were set at less than one-half of the per-student cost in public
primary and secondary government schools in the province, and were not adjusted for price
inflation over the evaluation period.'* Provided on a quarterly basis, a school’s total subsidy
was linked to the number of children in attendance multiplied by 1.25 to reflect an expected
20-percent student-absence rate. SEF gathered attendance information through periodic,
unannounced monitoring visits to program schools.

Local private entrepreneurs were invited to apply to the program through an open call
in newspapers, and to propose educationally underserved villages in the selected districts
to establish and operate schools. SEF vetted the applications (ultimately, through visits to
shortlisted villages) based on several criteria, including written assent from the parents of at
least 75 children of primary-school ages that they would enroll their children in the school,
should it be established; a school site in the village that was located at least 1.5 kilometers
from the nearest other school; a building of sufficient size; and the identification of teachers
with a minimum of eight years of schooling (middle school completion), with at least two
being female.?

Once in the program, school operators would continue to receive the subsidy and other
benefits as long as they provided free schooling to children and provided and maintained
school infrastructure and the schooling environment consistent with SEF guidelines. SEF
strictly enforced the free-schooling condition, but was more lenient in enforcing the school

infrastructural features and environmental conditions.

4 Data

SEF administered a vetting survey to determine whether proposed villages qualified for the

program. This survey, which we refer to as the baseline survey, was conducted in February

13The subsidies were transferred electronically to the bank accounts of the private entrepreneurs.

4Per-student costs in government schools were based on information from the provincial Education and
Literacy Department’s annual census of government schools and the provincial Finance Department’s records
on recurrent budgets and expenditures toward primary and secondary education.

I5SEF viewed eight years of schooling as sufficiently high that teachers would have the competency to
teach primary school content, but low enough that qualified individuals could be found locally.



2009. Following the baseline survey, 263 villages that qualified for the program were randomly
assigned to the two subsidy treatments, or to the control group. However, after random
assignment, SEF scaled down the original evaluation sample of 263 villages to 199 villages to
correct for errors in determining whether a village qualified for the program. The decisions
taken by SEF were orthogonal to the assigned program status of the village. The effective
evaluation sample consisted of 82 villages under the gender-uniform subsidy treatment, 79
under the gender-differentiated one, and 38 as controls.

Schools were established in summer 2009. Because the new school year normally com-
mences in the spring, program-school students had an abbreviated first school year. A
follow-up survey was conducted in April/May 2011, after the conclusion of the second school
year under the program.

The baseline survey consisted of a village survey answered by village leaders, a school
survey of all schools in the general vicinity of the village, and a household survey of 12
households randomly selected from the list submitted by the entrepreneur of 75 households
that had agreed to send their children to the proposed program school. The household survey
collected information on the household, the household head, and on each child aged 5-9. In
each village, the baseline survey also consisted of a survey of the entrepreneur and proposed
teachers, as well as physical checks by the survey interviewers of the proposed school site
and building. GPS data were collected from all schools, the proposed program-school site,
and surveyed households.

The sampling frame for the followup survey was based on all the households within the
village. To determine which households belonged to the village, at the time of the first
followup (6 months after the commencement of the program) enumerators asked to meet
with a prominent member of the community. They then had this individual take them on a
tour of the village and indicate every household that belonged to the village. The full set of
households in the village was then used as the sampling frame from which households were
(randomly) selected for inclusion in the survey.

The follow-up survey consisted of three instruments: a school survey; a household survey;
and a child survey, which included a test. The household and child surveys, and child tests,
were administered at the child’s home. The household survey was administered to households
with at least one child aged 5-9. In large villages, up to 42 randomly sampled households in
the village were interviewed; in villages with fewer than 42 households, which comprised the
majority, all households in the village were interviewed. The survey was multi-topic, and
had extensive modules on past and current schooling and other activities for children aged
5-17, answered by the household head or another primary adult household member. A child
survey was administered to each child aged 5-9. It asked questions mainly on work activities

performed inside and outside the home, past and current schooling, and aspirations. Each

10



child was then administered tests on language (either Urdu or Sindhi, as preferred) and
mathematics.

The school survey gathered information from interviews of head teachers and all other
teachers, and visual checks by the survey interviewers of school infrastructural and envi-
ronmental conditions. The survey also collected student attendance information through a
headcount, with the attendance lists used during the household survey to verify the child’s
enrollment status reported by the household. GPS data were gathered from all surveyed
households and schools.

Table 1 reports sample sizes of the baseline and follow-up surveys, by treatment status.
The baseline survey interviewed 2,089 households and 5,556 children aged 5-9, and the
follow-up survey interviewed 5,966 households and 17,720 children aged 5-17.

5 Empirical strategy

5.1 Conceptual Framework

Our broad research agenda is to understand how effective private entrepreneurs can be in
setting up schools to provide educational services. In principle, a multitude of interventions
might help to shed light on the various issues relevant to the private provision of education,
among which include: the contractually-specified payoff incentives faced by entrepreneurs,
which educational requirements and school inputs are regulated, where interventions were
held, and so on. While logistical constraints require us to focus on a relatively narrow set
of experimental interventions, our setting allows a particularly clean look at two specific
questions of interest: how do educational enrollment and outcomes change with the presence
of a private school, and how well do private schools do in providing education services?

To answer the first question, we provide estimates from an intention-to-treat analysis to
show how the random presence of private schools changed equilibrium child enrollment and
test scores. Due to the isolation of our rural subject villages, which prevented spillover effects
across treatment and control villages, our interventions approach the ideal experiment for
answering this question. We also show results for additional important outcomes, including;:
the influence of program schools on vocational aspirations, how treatment effects varied with
distance, whether the gender-differentiated interventions had different outcomes, and how
cost-effective the interventions were.

To address the second question, we pose and estimate a structural model, allowing us
to compare how closely the school inputs selected by private entrepreneurs aligned with
those of a benevolent social planner. The intervention studied provides a uniquely clean

setting for answering this question: survey data covering both treatment and control villages
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allows us to estimate demand for schooling with and without the randomly-assigned private
schools, controlling for the presence of competing schools using a discrete choice model.
A key aspect of the program—namely, the latitude enjoyed by entrepreneurs in making
school input decisions—allows us to use a revealed preference approach to infer input costs.
Survey data on enrollment and test scores allows us to then link school choice and school
inputs to educational outcomes. Combining these elements with estimates from the literature
on the social value of education, we explore how demand, cost, and the social value of
educational outcomes would change with different school inputs in each treatment village.
To our knowledge, this type of welfare analysis is novel in the literature, and would be much

more difficult to evaluate without the leverage provided by the experimental intervention.

5.2 Intent-to-treat Estimates

Two of our primary outcomes of interest are child enrollment and test scores. We estimate

the intention-to-treat (ITT) based on the following specification:
Y = Bo + BiT; + B X + €4y, (1)

where Y; is the outcome of interest for child 7, T; is an indicator variable indicating whether
child 7 resides in a village assigned a program school, and X; is a vector of child and household
controls. In other specifications, we examine the differential impacts of the program by
gender, by the two subsidy treatments, and by the two subsidy treatments interacted with
gender. Standard errors are clustered at the village level, j.

Internal validity: The validity of our results depends upon the comparability of popula-
tions across the experimental groups. Because the program was randomly assigned across
villages, treatment status should be orthogonal to household and child characteristics that
might be correlated with the outcomes. Insofar as this holds, it will be sufficient to compare
outcomes across the treatment and control groups to evaluate the impacts of the program.

To assess comparability, we estimate the differences in mean household and child charac-
teristics between program and control villages at baseline and follow-up. In Table 2, columns
(1) and (3) report mean characteristics in control villages, at baseline and follow-up, respec-
tively. Columns (2) and (4) report the differences in mean characteristics between program
and control villages, at baseline and follow-up, respectively.

Differences in means in virtually all household and child characteristics between program
and control villages were small and statistically insignificant. As an exception, the percentage
of girls in program villages was slightly higher (4.2 percentage points and 3.0 percentage
points at baseline and follow-up, respectively).

Analogously structured to Table 2, Appendix Table A.1 reports the differences in
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mean household and child characteristics between villages under the gender-uniform and
-differentiated subsidy treatments. Differences in mean characteristics between the two sub-

sidy treatments were small, and always statistically insignificant.

6 Program impacts

6.1 Enrollment

School enrollment information was collected in two ways. First, the household survey re-
spondent was asked whether the child was enrolled during the just-concluded school term.
Second, the enrollment of the child aged 5-10 in a given school was verified using a student
attendance list compiled through a headcount conducted during the school survey.! We
discuss results based on both reported and verified enrollment measures.

Table 3 reports the pooled-treatment impacts on school enrollment and grade attainment.
Panels A and B report results for young children (aged 5-10) and older children (aged 11—
17), respectively. Columns (1) through (4) report impacts on reported enrollment, with
different sets of controls. Columns (5) and (6) report impacts on verified enrollment and
grade attained, respectively, with the full set of controls. Based on the model with the
full set of controls, the program increased reported enrollment among young children by
31.5 percentage points, and verified enrollment by 29.4 percentage points. In addition, the
program increased attainment by 0.38 grades.

While older children were not the expressed target population for the program, we
nonetheless find significant increases in reported enrollment for them. Based on the model
with the full set of controls, we find that the program increased reported school enrollment
among older children by 11.0 percentage points. We do not find an impact on grade at-
tainment for these children. The reason for this is a combination of the smaller impact on
enrollment, as well as the fact that the older children were enrolling in the grades offered in

program schools, which were at the primary level.

6.2 Test Scores

Table 4 reports the impacts of the pooled treatment on test scores. Test scores are standard-
ized by subtracting the mean score for all children aged 5-9 in control villages and dividing
by the standard deviation (47% and 31%, respectively). Columns (1) through (4) report

16The school surveys were conducted first, so that the school-attendance decision would not be influenced
by the presence of survey interviewers in the communities. Using the attendance sheets collected during the
school survey, the survey interviewers verified the child’s enrollment status reported by the household-survey
respondent.
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impacts, with various sets of controls. Based on the model with the full set of controls,
the program increased total test scores by 0.63 standard deviations. Program impacts were
similar for both subject test scores.

We also estimate the treatment-on-the-treated (TOT) impact of reported and verified
enrollment on test scores (reported in columns (5) and (6), respectively). For these estimates,
we regress the respective enrollment measure on pooled-treatment status in the first stage,
and regress test scores on predicted enrollment in the second stage. The program increased
total test scores by two standard deviations among children induced by the program to
enroll in school. The impacts were similar for both subject test scores. The results suggest
that program schools were highly effective in imparting basic numeracy and literacy skills
to students.

We also report program impacts on test scores taking as the outcome the percent of
test questions answered correctly. Appendix Table B1 reports the results. Columns (2)—(5)
report the ITT estimates, with various sets of controls; and Columns (6) and (7) report the
TOT estimated effects of reported and verified enrollment on test scores, respectively. The
ITT impact on the total test in the model with the full set of controls was 19.7 percentage
points, and the TOT estimate was approximately 60 percentage points.

Appendix Figure B1 shows the distribution of test scores across control and treatment
villages. Though approximately 12% of children in control villages answer no questions
correctly, the distribution is otherwise relatively uniform, indicating that the test score results
are not being driven by floor effects in control villages. There is a clear rightward shift in
the distribution in treatment villages, with more than 70% of children answering more than
half the questions correctly.

We also examine program impacts on test scores by child age (Appendix Table B2) and
the competency being tested (Appendix Table B3). For child age, we report test-score effects
using as the outcome variables both the percent of questions answered correctly (Columns
(3) and (4)) as well as the standardized test score measure (Columns (5) and (6)). For
the results on tested competency, the outcome is percent of questions answered correctly.
The program effects were largely similar across age groups, and were also similar across the

various tested competencies.

6.3 Differential impacts on school enrollment and test scores

We examine the impacts of the two subsidy treatments (Table 5, panel A), the impacts
of the pooled treatment by gender (Table 5, panel B), and the impacts of the two subsidy
treatments by gender (Table 6), based on models with the full set of controls. We do not find
differential impacts by subsidy treatment, by gender, or by subsidy treatment and gender.
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6.4 Distance to school and educational outcomes

The impacts of the program schools were only in part due to the decline caused in the distance
to the nearest school. For villages lacking any proximate non-program school, the creation of
a the program schools was decisive. Even for villages that did possess a non-program school,
however, there was a sharp increase in enrollment in treatment villages.

In Figure 1 we plot the relationship between educational outcomes and the distance to
the nearest school regardless of school type. For control villages we plot this relationship up
to a distance of 1.5 kms. In program villages we plot the relationships up to a distance of
1 km, as there are very few households in these villages located further away. Remarkably,
there is no relationship between the educational outcomes and school distance in treatment
villages. In control villages, in contrast, there is clear gradient between distance and the
two educational outcomes. In addition, even at relatively close distances children in control
villages are less likely to be enrolled, and receive a lower test score, than children in treatment
villages.

There are two likely explanations for the disparity between the importance of distance
in control and treatment villages. First, it may be the case that program schools are per-
ceived to be relatively high quality, and that distance is less important to households under
such circumstances. Alternatively, because the payment scheme is based on the number of
students enrolled, entrepreneurs may have taken measures to maximize enrollment.

Appendix Figures A1l and A2 show the relationship between educational outcomes and
distance to the nearest school, disaggregated by village treatment status and child gender.
In treatment villages, boys and girls have virtually identical enrollment rates and test scores
at all distances. In contrast, in control villages, a substantial gap opens up between boys and
girls in both enrollment rates and test scores above distances of 0.6 kilometers. This finding
resembles that of Burde and Linden (2013), who show that school proximity is a significant

determinant of the educational gender gap.

6.5 Aspirations

Given the impacts on school enrollment and test scores, it is unsurprising that households
may have adjusted their aspirations. In Table 7, panel A reports impacts on aspirations
for each child aged 5-17 conveyed by the household, and panel B, on those conveyed by
each child aged 5-9. Column (1) reports means in control villages, and column (2) reports
the differences in means between program and control villages. We also examine gender-
differential impacts on aspirations. Columns (3), (4), and (5) report regression coefficients
for girls, the program, and the interaction of the two, respectively.

Relative to their counterparts in control villages, program-village households were more
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likely to desire that their boys become doctors (+5.8 percentage points) and engineers (42.6
percentage points), and less likely to desire that they become security personnel (-5.0 per-
centage points). They were also more likely to desire that their girls become teachers (+6.5
percentage points), and less likely to desire that they become housewives (-14.9 percentage
points). Program-village households desired higher attainment for their boys and girls (+1.5
and +1.7 years, respectively). In terms of age of marriage, program-village households had
similar preferences to control-village households, for boys and girls.

Program-village boys were more likely to desire public sector employment (+12.2 percent-
age points). Program-village children did not desire more years of education than control-
village children. However, children in both program and control villages desired more years
of education than was desired by households (11.3 years for children versus 7.4 years for

households, in control villages).

7 Program cost-effectiveness

SEF maintained records of all program costs under detailed accounting heads. Figure 3
depicts the distribution of program cost components in fiscal years 2008-09, 2009-10, and
2010-11. The fiscal year runs from July 1 to June 30. In fiscal year 2008-09, the program
was launched. However, subsidy payments to phase-1 program schools, those under this
evaluation, were only provided in the last quarter of that fiscal year. Consequently, subsidies
represented a small percentage of total program costs in fiscal year 2008-09, while fixed costs
and other variable costs such as those related to administering the first phase of entry into
the program represented large percentages. Costs in fiscal year 201011 are until April 2011,
when the follow-up survey was administered, but two months short of the end of the fiscal
year.

Over the evaluation period, SEF incrementally scaled up the program in phases, which
affected the level and composition of costs. In fiscal year 2009-10, SEF administered a second
phase of entry, with 97 schools added to the program. By the time of the follow-up survey,
SEF had provided eight subsidy payments to phase-1 program schools. As school operators
could not charge any fees, subsidy payments represented the sole source of school revenues.
Subsidy costs for phase-1 (all) program schools evolved from 30 percent (30 percent) of total
costs in fiscal year 2008-09 to 67 percent (72 percent) in 2009-10 to 48 percent (73 percent)
in 2010-11.

The scale-up of the program during the evaluation period also affected how cleanly we
could assign costs to phase-1 program schools. The cost data allow us to distinguish between
subsidy costs for phase-1 and phase-2 program schools, but we could not separate out other

types of costs in the same way. The cost data for fiscal year 2010-11 include early expenses
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for administering a third phase of entry into the program, which we also could not separate
out. Given this, for the cost-effectiveness calculation, we simply treat non-subsidy costs
to be fully assigned to phase-1 program schools. In addition, in July and August 2010,
Sindh experienced major floods, and some schools were damaged or their operations were
disrupted. SEF incurred costs helping to rehabilitate schools and restore school operations.
The assignment of total non-subsidy costs to phase-1 schools raises costs used in the cost-
effectiveness calculation. The natural disaster also raises costs relative to what could be
expected in more normal times. These two factors would work to bias downwards the cost-
effectiveness of the program.

All program costs are calculated in present value terms in 2011 US dollars following the
method proposed by Dhaliwal et al. (2013). SEF conducted its last unannounced monitoring
activity before the follow-up survey in February 2011. In that activity, for phase-1 program
schools, SEF found 28,827 children enrolled based on school registers, and 18,820 children
in attendance based on a head count. Enrollment counts obtained from school registers may
not be reliable if, for example, the registers are not updated regularly or schools perceive it
is in their interest to inflate their enrollment counts. Assuming a 20-percent student-absence
rate in rural, remote Sindh, we estimate an enrollment of 23,525 children, which we presume
to be more accurate. Although the evaluation period runs over three fiscal years, program
schools operated for 1.5 school years over the period. Depending on the year type (fiscal,
school) and child (enrolled, attending), the annual program cost per student ranges from a
low of $77 to a high of $184.

Program impacts on school enrollment and total test scores were roughly 30 percentage
points and 0.6 standard deviations, respectively. Using the low and high values of annual
cost per student, we estimate cost-effectiveness values of 16 to 39 percentage points in school
enrollment and 0.3 to 0.8 standard deviations in total test scores, both per $100 spent.
Program cost-effectiveness values associated with test scores appear to be at the lower end
of the range of similarly estimated cost-effectiveness values for 14 education interventions
reported by Evans and Popova (2016), only superior to a conditional cash transfer program
in Africa.

Since the program impacts are measured with imprecision, following Evans and Popova
(2016), we also estimate cost-effectiveness values at the lower and upper bounds of the
90-percent confidence intervals around the impacts. At the lower bound, we estimate cost-
effectiveness values (associated with the alternative annual cost per student values) of 11 to
27 percentage points in school enrollment and 0.2 to 0.5 standard deviations in total test
scores, per $100 spent. At the upper bound, we estimate cost-effectiveness values of 22 to
52 percentage points in school enrollment and 0.5 to 1.1 standard deviations in total test

scores, per $100 spent.
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While the program had large impacts on school enrollment and test scores, these im-
pacts were accompanied by relatively large expenditures. Both the large impacts and ex-
penditures are arguably due to the type of intervention: introducing new schools. Most
of the other interventions with comparable cost-effectiveness analyses—and with superior
cost-effectiveness results—were those introduced into (communities with) preexisting schools
(Evans and Popova, 2016). SEF has continued to scale up the program, adding more schools
and upgrading some primary schools to middle schools (up to grade 8), which has contributed
to falling annual costs per student, as operating costs associated with such things as program
administration and teacher-training workshops are spread over increasing numbers of schools
and students. However, we do not know how program impacts have evolved in tandem with
the scale-up.

Our program cost-effectiveness results only account for the costs borne by SEF which
subsume all expenditures made by program-school operators. The results do not include
the net costs—including opportunity costs—borne by households in choosing to send their

children to program schools.

8 Program schools

8.1 Characteristics

A variety of schools were present in the program villages other than the program schools.
Appendix Table A.3 reports statistics on school availability and enrollment according to
school type. Control villages were slightly more likely to have a government school at the
time of the survey than were treatment villages (55% and 46%, respectively), though these
imbalances are absent when limiting the sample to schools founded prior to the study pe-
riod.!” Despite the similar availability of government schools, children in treatment villages
are far less likely to be enrolled in government schools.

We next examine some of the differences in mean characteristics between program and
government schools, and between program and private schools (Table 8), as well as between
program schools under the gender-uniform and -differentiated subsidy treatments (Appendix
Table A.2), at follow-up. The means are estimated based on student-school observations.

In Table 8, columns (1) and (4) report mean characteristics for program schools, and
columns (2) and (5) report the differences in mean characteristics between program and
government schools. Columns (3) and (6) report differences in mean characteristics between

program and private schools. We find that program schools were open 0.5 more days per

1"There was a push during these years to (re-)establish schools in villages without operational government
schools.
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week than government schools, indicating that they were generally open six days per week.
Program schools were more likely to use English as the medium of instruction (+31.0 per-
centage points), and less likely to use Sindhi (-37.0 percentage points). The extent of physical
infrastructure was higher in program schools than in government schools, with more having
an adequate number of desks (+14.4 percentage points), drinking water (+30.7 percentage
points), and toilets (+29.1 percentage points).

Based on information from head teachers, we find that program schools were staffed with
more teachers than government schools (41 teachers), with a larger number of teachers being
female (41.5 teachers). A greater number of teachers at program schools had either less than
five years of teaching experience (42.5 teachers) or 5-10 years of teaching experience (+0.4
teachers), and fewer had more than 10 years of teaching experience (-2 teachers).

Based on information from individual teachers, we find that program-school teachers
were more likely to be female (424.3 percentage points); they were younger (-13.6 years),
and received lower monthly salaries (-11,454 rupees). In addition, program-school teachers
had fewer years of teaching experience (-11.3 years). Program-school teachers spent a similar
amount of time engaged in various classroom activities as government-school teachers, save
for an additional 0.9 hours per week testing children, and an additional 0.6 hours per week
teaching small groups.

In contrast to the sharp differences between program and government schools, program
schools were relatively similar to private schools. Most importantly, teacher characteristics
were virtually identical across the program and private schools, with teachers who were
relatively young, more likely to be female, and receiving a lower salary. The most salient
differences are that private schools were more likely to charge tuition, require a uniform, and
have drinking water; and were also substantially larger, with on average 61 more students
and 2.5 more teachers.!®

In Appendix Table A.2, columns (1) and (3) report the mean characteristics in program
schools under the gender-uniform subsidy treatment, and columns (2) and (4) report the
differences in mean characteristics between program schools under the gender-uniform and
-differentiated subsidy treatments. We do not find that program-school operators under the
gender-differentiated subsidy treatment had structured their schools differently from their
counterparts under the gender-uniform one. The absence of differential impacts on girls’
school enrollment and test scores across the two subsidy treatments discussed earlier is in

line with the findings here.

18This is because the program schools were only allowed to enroll children within the villages to which
they were assigned.
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8.2 Quality

One reason for the program’s public-private partnership design was to take advantage of the
potential private-school effect on test scores, for which evidence is found for low-cost private
schools in larger, more-developed villages in Pakistan (Andrabi et al., 2010, 2011). The
operator had flexibility in how to structure and run the program school around guidelines
provided—but applied leniently—by SEF.

To determine whether the private-school effect on test scores exists for program schools,
we compare mean test scores of children enrolled in program schools to those of children
enrolled in proximate government (and private) schools in control villages. In Table 9, column
(1) reports mean test scores for program schools, columns (2) and (3) report differences in
mean test scores between program schools and children enrolled in the indicated school
type in control villages, and column (4) reports p-values from tests of differences in mean
test scores between government and private schools. Children in program schools scored
0.21 standard deviations higher on the total test than those in government schools (0.24
standard deviations higher on the mathematics test, and 0.16 standard deviations higher on
the language test). In contrast, differences in mean test scores between program and private
schools were small (about 0.02-0.05 standard deviations) and statistically insignificant.

These comparisons do not causally identify differences in quality between school types,
as student-composition effects are likely to bias these estimates. If program schools attract
students who would not otherwise have been enrolled, and if these students come from more
socioeconomically disadvantaged backgrounds, the program-school effect on test scores may
be biased downwards. In contrast, if the most talented students in government schools switch
to program schools in treatment villages, the test scores of children in program schools would
overstate their quality.

The evidence is strongly supportive of the former hypothesis, with program schools ap-
pearing to have encouraged the enrollment of socioeconomically disadvantaged students.
Appendix Table A.4 reports differences in household and child characteristics across unen-
rolled and government-school students in control villages (columns 1, 2, 5, and 6); and across
government-school and program-school students (columns 3 and 7). Government-school stu-
dents came from households where household heads had more years of school (41.7 years)
and were less likely to be farmers (-10.9 percentage points). Government-school students
were also less likely to come from households residing in poor-quality dwellings made of mud
or thatch (-19.4 percentage points). These differences are almost perfectly off-set by pro-
gram schools, so that program-school students more closely resemble unenrolled children in
control villages. Appendix Table A.4 also shows the differences across treatment and control
villages for students who were enrolled in government schools (columns 4 and 8). We find

little evidence for sorting, with mean characteristics of government-school students largely
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similar across control and program villages.

As additional evidence against the results’ being driven by selection effects, we compare
test scores under a variety of sample restrictions (Appendix Table A.5). We first restrict the
sample to households within 0.5 kms of the proposed program school site (columns 3 and
4), in order to reduce biases coming from household characteristics that may be correlated
with the household’s location within the village, in particular the demand for education. We
also estimate regressions removing treatment villages that had a government school. The
purpose of the latter is to remove villages where children could select between government
and program schools, and therefore to eliminate biases from school sorting. In Panel B of the
table we include a control for the highest grade that the child has completed, and in Panel C
we restrict the sample of enrolled students to those for whom attendance was verified. The

results are highly robust to these sample restrictions and alternative specifications.

8.3 Efficiency

We assess the efficiency of the input choices made by SEF and program-school operators
by asking whether the social planner could have improved on the program solution, and if
so, by how much and by what mechanism. A simple model shows why SEF- and program-
school operators (hereafter, simply the program-school operator) may have incentives that
are not perfectly aligned with those of the social planner. Consider the following model of
a program-school operator deciding which school inputs to provide. As the program-school
operator is provided a subsidy based on enrollment, let child demand for the school be
denoted by ¢(z) > 0, where z is an input and ¢'(x) > 0. The cost of providing the inputs
is given by a positive increasing function, ¢(z). The social value of providing the inputs is
given by a positive increasing function, h(zx); this function captures both consumer surplus
and broader societal benefits from children receiving an education. The first-order condition

for the program-school operator is:

pq'(z) — () =0, (2)
while the corresponding first-order condition for the social planner is:

pq'(x) — d(x) + W (z) = 0. (3)

19The principal exception is that government-school students in program villages were slightly older (+0.3
years) than their counterparts in control villages. This is presumably because some share of the younger
children who would have otherwise enrolled in government schools absent the program selected program
schools instead, skewing the age distribution slightly upwards.
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The difference between these two first-order conditions is the inclusion of the marginal social
benefit. In our setting, that term is consumer surplus plus the social value of higher test
scores. In general, the program-school operator will fail to provide the socially optimal level
of inputs because it does not capture the complete rents generated by their provision. In
contrast, the social planner will provide inputs if their marginal social benefit exceeds their
cost.

Our exercise consists of four steps. First, we estimate a discrete choice model of household
demand for schools (referred to as “child” demand); it allows us to compute both the ex-
pected distribution of school enrollment, which in turn determines school-operator revenues,
and consumer surplus under both observed and counterfactual school-input configurations.
Second, we estimate the costs of providing school inputs using a simple revealed preference
argument; it allows us to calculate the cost of providing such input configurations. Third, we
estimate an education-production function relating student test scores to school inputs; it
allows us to calculate the counterfactual distribution of student test scores. Finally, we tie it
all together with a calculation of the social value of school-input configurations that accounts
for surplus accruing to students, school-operator input costs, and the broader societal value
of education.

We note that the experiment is vital to conducting this exercise in a credible manner.
In most observational studies looking at similar data, one would be concerned that there
are correlated unobservables (such as village-level preferences for education) that are driving
both the educational outcomes of interest, as well as the number and type of schools present
in the village. Because the experiment exogenously varies the set of schools across villages,
it allows us to estimate the efficacy of (publicly-subsidized) privately-provided without the
biases that would be introduced by endogenous school placement.

We begin by estimating the demand for schooling by children in the villages. In turn, this
allows us to evaluate how that surplus changes with changes in school inputs. We estimate
child demand for schools using a standard logit random utility framework. Each child makes
a single choice from a set of schools, J, where the utility of choice j € J to child 7 is given
by:

uij = Xijf + €ij, (4)

where X;; is a vector of child characteristics and school inputs, 8 is a vector of marginal
utilities, and ¢;; is an idiosyncratic preference shock distributed as Type I Extreme Value.
We normalize the utility of not going to school to zero.

For the demand function estimation, we include a variety of school inputs and child char-
acteristics shown to be important in the education-production literature (Todd and Wolpin,
2003). Child characteristics consist of gender, age, distance from home to the school, and

interactions between the child’s gender and school inputs. School inputs consist of toilets
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and/or drinking water (a single indicator variable); as well as teacher characteristics, such
as gender, teaching experience, frequency of absence from school, and time spent teaching.
We also include interactions of school inputs with an indicator variable for female students,
as a substantial body of research shows the importance of school-supply factors for girls’
enrollment and learning—such as distance and time from home to school, school infras-
tructural features and environmental conditions, and teacher characteristics and behaviors
(Lloyd et al., 2005; Burde and Linden, 2013; Muralidharan and Sheth, 2016; Adukia, 2017;
Muralidharan and Prakash, 2017).

Table 11 reports the demand estimates for schools. Column (1) reports results for a
parsimonious specification; column (4) reports those from our richest specification, which
includes interactions and an indicator variable for government schools. The coefficients
have the expected signs. Looking at column (4), our preferred specification, boys and older
children were more likely to enroll in school. Children were more likely to enroll in school if
it had toilets and/or drinking water, had lower fees, had teachers who had fewer absences,
and was not a government school. The percentage of female teachers has a large, negative
effect on enrollment; however, female students have a positive and statistically significant
demand for female teachers. This is interesting since it implies both boys and girls would
prefer to attend schools with teachers of the same gender.

The demand estimates capture children’s willingness to pay for various school inputs.
To understand the role of program schools in producing learning, we regress student test
scores on the same school inputs to estimate an education-production function. Table 10
reports the results. Column (1) does not control for school type; column (2) includes an
indicator variable for government schools; and column (3) includes an indicator variable for
program schools. The key school inputs that influenced test scores were the percentage of
teachers with less than five years of teaching experience, and the percentage of teachers with
post-secondary education. The positive relationship between low experience and test scores
is in line with research in developing countries showing that less-experience teachers delivers
higher student achievement under extra-teacher policies (Banerjee et al., 2007; Duflo et al.,
2011).

Next, we use the demand curve to estimate bounds on school-input costs. We focus on
those inputs that are most relevant to the education-production function and that were under
the control of the school operator: provision of toilets and/or drinking water, the percentage
of female teachers, the percentage of more-educated teachers, and whether teachers were
frequently absent. We assume that schools will provide an input, such as toilets and/or
drinking water, if its cost did not exceed the additional revenue that it generates through
increased enrollment. Likewise, for schools that did not provide the input, the opposite must

be true. These two inequalities bound the cost of the input. This exercise requires the use of
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a structural model, since we need to recalculate the expected distribution of students across
schools under a counterfactual set of inputs not observed in the data. Our demand model
also corrects for the fact that in areas with competing schools, providing an additional input
may not be as profitable as in other areas.

Table 12 presents the results. As expected, the first input, toilets and/or drinking water,
has a positive cost, as this amenity generates positive demand for all students, although
it is differentially demanded more strongly by females. The next four inputs change the
composition of teachers at the school. The first estimate reflects the cost of replacing a
male teacher with a female teacher. Male students reacted negatively to the presence of a
female teacher, while the opposite was true for female students. In combination with the
number of boys and girls in each village, the sum of these forces implies that enrollment
was lower when program schools substituted a female teacher for a male teacher. This, in
turn, implies that female teachers must have been less costly than their male counterparts.
Evidence for Pakistan is consistent with this finding. Andrabi et al. (2008a) find that female
teachers in private schools earn 33-percent less than their male counterparts, after controlling
for other characteristics. As might be expected, we also find that adding teachers who
were frequently absent or had less than five years of teaching experience were less costly
compared to more reliable and experienced teachers. Surprisingly, our model suggests that
teachers with post-secondary education were also less expensive to hire than less-educated
teachers, which apparently contradicts the higher salaries they receive, although this result
is not statistically significant. This may indicate that these teachers were more efficient, or
provided additional services to the school. In results not shown, we find that post-secondary
educated teachers indeed worked longer hours.

Combining these pieces allows us to address a key question: are program-school oper-
ators providing inputs that maximize child outcomes? To answer this question, we first

parameterize the social welfare function:
W(z)=CV(x)—TC(z) + 7g9(z), (5)

where OV (z) = Y.~ OVi(z) is the sum of the consumer surplus over all children in the
village, TC(x) is the (total) cost incurred in providing inputs and subsidies, and 7¢(x) is the
social value of higher test scores.?? We assume that the social value of education is related
to overall test scores, given by g(x), and a scalar multiplier, 7.

The logit model provides a basis for computing the consumer welfare generated by the

20The profit of the program-school operator has been omitted from the social welfare function, as the
income earned by the operator is a transfer. Although in this case the funds came from international donors,
we compute the social planner’s solution treating these funds as if they had been raised from domestic
sources.
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school. Following Small and Rosen (1981), the compensating variation of choice set under

the logit model is:
CV, = (7+1nexp2(5ij(x)))’ (6)

«

where §;;(x) is the deterministic component of utility of student ¢ choosing school j, « is the
disutility of school fees, and ~ is Euler’s constant. Our estimates above give the cost of each
input, x.

The last piece of the welfare analysis deals with the social benefits of education that are
not internalized in the demand function. Since we do not know exactly the social benefits
of education, we choose to parameterize the social benefit function as h(z) = 7g(z), where
g(x) is the estimated education production function. This specification assumes that the
social benefits of education are only a function of test scores, and 7 captures the marginal
(social) utility of higher test scores. This approach allows us to: first, solve the social
planner’s solution, as total benefits of providing inputs can be consistently compared with
their costs; second, show how the social planner’s solution to providing inputs changes with
7, a parameter for which we do not have measurements; and, third, compute the efficiency
of the observed allocation relative to what the social planner would have done.

The costs incurred in providing education are twofold. First, there is the direct cost of
the inputs provided by program-school operators. Second, there is a deadweight loss due
to the taxes necessary for providing subsidies to program-school operators.?! To estimate
the latter, we assume a deadweight loss of 30 percent, and multiply this by the total annual
subsidy, which is a fixed per-student amount of 4,200 rupees per year under the gender-
uniform subsidy treatment, which rises to 5,400 rupees per year for girls under the gender-
differentiated one.

We define the social value of education as the product of the student’s annual adult income
and a social externality multiplier. To estimate the effect of education on labor earnings,
based on estimates for Pakistan by Montenegro and Patrinos (2014), we fix upper- and lower-
bound wage gains from an additional year of education at 10.8 percent and 6.8 percent,
respectively. In addition, Bau and Das (2017) find that an additional year of education
in rural Punjab, Pakistan is associated with a test-score gain of 0.4 standard deviations.
Combining these two findings, we assume a test-score gain of 0.4 standard deviations to
be equivalent to an additional year of education, and, therefore, to produce wage gains of
10.8 percent and 6.8 percent at the upper and lower bounds, respectively. The wage gain is

calculated as a function of the baseline wage and the labor force participation rate:

zscore(test)

040 ) X percentNwagey, X participationrateg, — (7)

A wageg, = blwage, x (

21Gee footnote 13.
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where the subscript ¢ indicates the gender of the child, and b the upper and lower bound
estimates of wage gains. In rural Sindh, the baseline monthly wage (blwage) for men aged
15-34 is 6,600 rupees, and that for women in the same age group is 2,000 rupees; and labor
force participation rates for the two are 80 percent and 36 percent, respectively.?? We inflate
the term with the multiplier above to account for social externalities.

For each program school in our sample, we solve the following social planner’s problem:
maxW (z). (8)

This problem is non-convex, due to the presence of discrete variables. We solve this problem
by exhaustively computing all outcomes for all possible school-input configurations. This
is computationally feasible since, by construction, there is only one program school in each
village, and our structural model allows us to solve for enrollment, test scores, and costs
for every possible input configuration in program schools. We assume that the inputs of
other schools remained constant as the program school’s inputs adjusted. We think this is
reasonable, as the primary competition for most program schools were government schools,
which were centrally regulated by provincial and district education administrations, and did
not adjust inputs across program and control villages.

Table 13 reports the levels and changes in school inputs across the solutions offered by
program-school operators and the social planner. Program-school operators have proven
remarkably successful at establishing and operating schools that generated most of the pos-
sible surplus in the environment. Assuming a social value of education equal to one, the
social planner’s solution generates gains of slightly less than 10 percent relative to that of
program-school operators. Large variation exists across villages, from a lower bound of a
zero-percent increase (i.e., the program-school operator selected the same set of school in-
puts as the social planner would have) to an upper bound of a 33-percent increase. The
social planner achieves these gains through various changes to program schools. First, under
the social planner, all program schools have toilets and/or drinking water (410 percent-
age points relative to the program-school operator solution). The social planner employs
teachers with post-secondary education only (+52 percentage points), and with less than
five years of teaching experience (+16 percentage points); and requires all teachers to be
absent fewer than two days per month (-37 percentage points). The composition of female
teachers is relatively unchanged, the social planner employing 47 percent female teachers (-3
percentage points), with substantial variation across villages. Differences are driven by the
gender composition of the child population. Specifically, in villages with a relatively large

number of boys, enrollment, and consequently, test scores, will suffer if the school employs

22Estimates are based on data from the 2010-11 Pakistan Social and Living Standards Measurement
Survey (Government of Pakistan, 2011).
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female teachers, while the opposite is true in villages with a relatively large number of girls.

To understand why the social planner chooses these inputs, Table 13 also reports the
changes in consumer surplus, enrollment, input costs, and test scores. On average, the social
planner chooses inputs that lower costs. While total costs decrease, test scores increase
dramatically. This results from higher school enrollment under the social planner, averaging
48 more students; and from higher test scores resulting from the interactions among teachers,
other school inputs, and students. The better match quality between students and schools
is reflected in the gains to consumer surplus, which are large and uniformly positive across
all villages. Finally, higher test scores have substantial income effects, which translate into
higher social welfare.

One of the key parameters in our social planner solution is the social value of education.
This parameter does not come from any empirical or model-based foundation. Therefore, we
are interested in understanding how robust our results are when we vary the social value of
education. In Table 13, columns (3) through (6) report the results when the social planner
places weights of 0, 0.5, 1.5, and 2, respectively, on test scores. The optimal education and
teaching experience of teachers are invariant to the social value of education. In contrast, the
optimal provision of toilets and/or drinking water falls, while the optimal levels of teacher
absence and percentage of teachers who are female increase, as the social value of education
falls to zero. Interestingly, the program configuration generates a social surplus closest to
that achieved by the social planner when a weight of one is assigned by the latter to the
social value of education.

Two aspects of the above calculations deserve emphasis. First, because men have higher
labor force participation and labor earnings than women, factors improving enrollment and
test scores for boys are given greater weight than those that raise them for girls. This can
be seen with respect to female teachers, where increases in the social return to education
lead to a decline in the optimal percentage of female teachers, which is driven by the lower
preference for female teachers by boys. Because the model being used is static, it does
not account for the possibility that female labor earnings and labor force participation may
increase over time, potentially due to the very increases in enrollment and test scores found
in this study. Second, the social planner’s solution is village-specific. Likewise, the model do
not include inter-generational benefits from education. This means that, while the statistics
given in Table 13 ostensibly indicate that program-school operators have provided inputs
similar to those arrived at in the social planner’s solution, the similarity in mean inputs does

not necessarily imply that the village-specific solutions are similarly close.
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9 Conclusion

The program evaluated in this study has proven remarkably effective in increasing school
enrollment and test scores, measured after 1.5 school years. Introduced into educationally
underserved villages, the program increased school enrollment by 30 percentage points, and
total test scores by 0.63 standard deviations. For children induced by the program to enroll
in school, the impact on total test scores was two standard deviations. Program impacts on
school enrollment and test scores did not differ by gender. We do not find that the gender-
differentiated subsidy treatment had larger impacts on girls’ enrollment or test scores than
the gender-uniform one. Program-village households were more likely to express aspirations
that their boys become doctors and engineers, rather than security personnel; and that their
girls become teachers, rather than housewives. Program-village households also voiced a
desire for their boys and girls to attain higher levels of education.

The study also assesses the effectiveness and efficiency of program schools. We find that
program-school students had higher test scores than government-school students, despite
coming from more socioeconomically disadvantaged households. With respect to efficiency,
while program-school operators only captured profits through enrollment, the equilibrium
social surplus is within 10 percentage points of the social planner. Compared to program-
school operators, the social planner adjusts the gender ratio of teachers to better match the
gender ratio of children in the village, ensures toilets and/or drinking water in the school,
and hires less-experienced, but more-educated, teachers. It is remarkable and reassuring that
program-school operators have proven so successful in selecting the most essential inputs for
their schools. Our results contribute to the growing literature on the private provision of
public goods by demonstrating that it is possible for governments to set contracts with

private, local entrepreneurs to provide high-quality, low-cost educational solutions.
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Figure 1: School proximity and educational outcomes
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Notes: Figure 1.1 plots the probability of enrollment against the distance to the nearest school,

disaggregated by treatment status. Figure 1.2 plots the test score against the distance to the nearest
school, disaggregated by treatment status.
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Figure 2: Distribution of program costs over the evaluation period
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Table 1: Evaluation sample sizes

control  treat_p treat_gu treat_gd  total

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

number villages 38 161 82 79 199
Full Census

number households w/young children 1530 7109 3795 3314 8639
number young children 4567 20590 11231 9359 25157

Followup Sample
number households w/young children 1069 4897 2594 2303 5966
number young children 3093 14627 7718 6909 17720

Note: This table reports sample sizes by treatment status. treat_p denotes pooled
treatment; treat_gu, the gender-uniform subsidy treatment; and treat_gd, the gender-
differentiated subsidy treatment.
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Table 2: Balance across program and control villages

baseline followup

treat_p - treat_p -

control control control control

U @ G5 ©

child age 6.859  -0.023 7.359 0.075
(0.071) (0.055)

child female 0.379  0.042%* 0.425  0.030%*
(0.024) (0.017)

child enrolled at baseline 0.261 0.008 0.284  -0.028
(0.046) (0.085)

child of hh head 0.857 0.022
(0.026)

household size 9.858  -0.833 7.221 -0.088
(0.563) (0.290)

number children 3.018 -0.257 4.757 -0.133
(0.166) (0.189)

hh head education 2.571 0.252 2.650 0.111
(0.398) (0.315)

hh head farmer 0.613 0.030 0.562  -0.017
(0.062) (0.067)

total land 4.254 0.890
(1.124)

pukka house 0.057  -0.005
(0.024)

semi-pukka house 0.193  -0.016
(0.065)

kaccha house 0.511 0.084
(0.076)

thatched huts 0.240  -0.064
(0.071)

goats 3.916  -0.052
(0.793)

sunni 0.877 0.034
(0.060)

urdu 0.114 0.044
(0.043)

sindhi 0.664 0.062
(0.071)

(0.071)

Note: This table reports balance in characteristics across pro-
gram and control villages. Columns (1) and (3) report mean
child and household characteristics in control villages at baseline
and follow-up, respectively. Columns (2) and (4) report differ-
ences in mean child and household characteristics in program
villages at baseline and follow-up, respectively. treat_p denotes
pooled treatment. Standard errors, reported in parentheses, are
clustered at the village level. Statistical significance at the one-,
five-, and ten-percent levels c})einoted by *** ** and *, respec-
tively.



Table 3: Program impacts on enrollment

reported verified highest grade
enrollment enrollment attained
U @  ©® @ ) (©)
Panel A: children aged 6-10
treat_p 0.315%** (0.315%*F* (.312%** (.315%** 0.294*** 0.381***
(0.066)  (0.066)  (0.064)  (0.065) (0.041) (0.120)
N 11571 11571 11571 11571 10285 11116
R-squared 0.086 0.087 0.103 0.108 0.103 0.224
Panel B: children aged 11-17
treat_p 0.109*  0.112*  0.108** 0.110** -0.016
(0.057)  (0.058)  (0.049) (0.052) (0.319)
N 5583 5583 5583 5583 5360
R-squared 0.006 0.039 0.097 0.148 0.133
child controls no yes yes yes yes yes
HH controls no no yes yes yes yes
district fixed effects no no no yes yes yes

Note: This table reports program impacts on enrollment and highest grade attained at
follow-up measurement. treat_p denotes pooled treatment. Standard errors, reported in
parentheses, are clustered at the village level. Statistical significance at the one-, five-, and
ten-percent levels denoted by ***, ** and *, respectively.
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Table 4: Program impacts on test scores

TOT
ITT reported verified
) N © N (5) (6
math 0.528%** (0.518*** (.517*** (0.625%**  1.945%*F* 2.015%**

(0.153)  (0.156)  (0.154)  (0.123)  (0.282)  (0.451)

language 0.495%¥% (. AR7HF* () 485¥FFF (5T, ] 795RRK ] gARHk
(0.170)  (0.173)  (0.170)  (0.128)  (0.227)  (0.435)

total 0.530%F* 0.520%%% 0.519%%% 0.626%FF  1.930%%* 2.046%**
(0.164)  (0.167) (0.165)  (0.127)  (0.259)  (0.457)

N 10327 10327 10327 10327 10071 9014
child controls no yes yes yes yes yes
HH controls no no yes yes yes yes
district fixed effects no no no yes yes yes

Note: This table reports program impacts on standardized test scores. Columns (1)
through (4) report the intention-to-treat (ITT) impacts, with various sets of controls.
Columns (5) and (6) report the treatment-on-the-treated (TOT) impacts on test
scores, based on reported and verified enrollment, respectively. Standard errors,
reported in parentheses, are clustered at the village level. Statistical significance at
the one-, five-, and ten-percent levels denoted by *** ** and *, respectively.
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Table 5: Differential impacts by subsidy treatment and by gender

enrollment highest grade test
reported  verified attained scores
(1) (2) (3) (4)
Panel A: subsidy treatments
treat_gu 0.316***  0.266%** 0.369*** 0.609%**
(0.065) (0.045) (0.124) (0.132)
treat_gd - treat_gd -0.001 0.058 0.027 0.038
(0.024) (0.039) (0.067) (0.062)
N 11571 10285 11116 10323
R-squared 0.108 0.106 0.224 0.202

Panel B: gender

treat_p 0.324%*%  ().293%** 0.393*** 0.601***
(0.066) (0.042) (0.130) (0.133)
treat_p X female -0.018 0.005 -0.024 0.060
(0.027) (0.025) (0.065) (0.053)
N 11521 10240 11066 10282
R-squared 0.108 0.103 0.225 0.201

Note: This table reports program impacts on outcomes by subsidy
treatment (panel A), and by gender (panel B), with the full set of
child and household controls and district fixed effects. treat_p denotes
pooled treatment; treat_gu, the gender-uniform subsidy treatment; and
treat_gd, the gender-differentiated subsidy treatment. Standard errors,
reported in parentheses, are clustered at the village level. Statistical
significance at the one-, five-, and ten-percent levels denoted by ***,
** and *, respectively.
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Table 6: Gender differential impacts by subsidy treatment

enrollment highest grade test
reported verified attained scores
(1) (2) (3) (4)
treat_gu 0.332%** (0.261*** 0.410%*** 0.574%***
(0.066)  (0.047) (0.136) (0.136)
treat_gu X female -0.035 0.013 -0.091 0.081
(0.031)  (0.028) (0.081) (0.054)
treat_gd 0.315%** (.329%+* 0.374*** 0.633***
(0.068)  (0.046) (0.135) (0.137)
treat_gd X female 0.000 -0.006 0.049 0.034
(0.027)  (0.031) (0.063) (0.059)
N 11521 10240 11066 10282
R-squared 0.109 0.106 0.225 0.202
HO: treat_gu = treat_gd F-stat  0.544 2.639 0.249 0.895
p-value  0.462 0.106 0.618 0.345
HO: treat_gu + treat_gu X female = F-stat  0.397 1.205 1.779 0.033
treat_gd + treat_gd X female p-value  0.529 0.274 0.184 0.857
HO: treat_gu X female = F-stat  2.831 0.355 4.123 1.276
treat_gd X female p-value  0.094 0.552 0.044 0.260

Note: This table reports gender-differential impacts on outcomes by subsidy treatment, with
the full set of child and household controls and district fixed effects. treat_gu denotes the
gender-uniform subsidy treatment; and treat_gd, the gender-differentiated subsidy treatment.
Standard errors, reported in parentheses, are clustered at the village level. Statistical signifi-
cance at the one-, five-, and ten-percent levels denoted by *** ** and *, respectively.
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Table 7: Program impacts on aspirations

treat_p - treat_p X
control  control female treat_p female
) 2) 3) 4) ©)
Panel A: household aspirations
civil servant 0.127 0.030 -0.060 0.050 -0.027
(0.036) (0.047)  (0.048)  (0.049)
doctor 0.082  0.047*** -0.005 0.058*** -0.025
(0.018) (0.022)  (0.019)  (0.025)
private enterprise 0.024 -0.005 -0.019** -0.009 0.012
(0.012) (0.009)  (0.015)  (0.011)
engineer 0.013  0.025*** -0.016*%*  0.026%** 0.006
(0.007) (0.007)  (0.009)  (0.010)
farmer 0.105 -0.044%* -0.144%%* -0.061 0.056
(0.025) (0.031)  (0.038)  (0.035)
housewife 0.179  -0.048** 0.409%** -0.003  -0.146***
(0.023) (0.043)  (0.010)  (0.049)
laborer 0.028 -0.010 -0.023** -0.004 -0.001
(0.008) (0.010)  (0.010)  (0.011)
landlord 0.013 0.004 -0.017%* 0.004 0.000
(0.006) (0.009)  (0.010)  (0.010)
lawyer 0.004  0.009** -0.007* 0.009* 0.002
(0.003) (0.003)  (0.005)  (0.005)
police/army /security 0.098 -0.031 -0.101***  -0.050* 0.042*
(0.020) (0.022)  (0.026)  (0.023)
raise livestock 0.018 -0.009 0.002 -0.007 -0.008
(0.011) (0.012)  (0.010)  (0.012)
teacher 0.248 0.026 0.027 -0.012 0.077**
(0.028) (0.029)  (0.025)  (0.035)
marriage age 18.496 0.254 -1.019%* 0.331 -0.160
(0.439) (0.413)  (0.456)  (0.448)
education attainment (in years) 7.428  1.537** -0.829**  1.466** 0.242
(0.606) (0.396)  (0.682)  (0.458)
Panel B: child aspirations
army 0.083 -0.031 -0.085 -0.068 0.054
(0.044) (0.060)  (0.098)  (0.066)
doctor 0.224 0.030 -0.027 0.094 0.066
(0.055) (0.093)  (0.074)  (0.108)
farmer 0.019 -0.019 0.011 -0.032 -0.011
(0.013) (0.054)  (0.033)  (0.054)
government 0.028  0.041** 0.000 0.122%**  _0.112%**
(0.021) (0.000)  (0.034)  (0.036)
other 0.068 -0.008 -0.093 0.002 0.064
(0.052) (0.079)  (0.084)  (0.084)
private 0.169 -0.003 -0.007 -0.063 0.083
(0.068) (0.131)  (0.099)  (0.146)
teacher 0.379 -0.002 0.301%** 0.036 -0.241
(0.085) (0.149)  (0.128)  (0.165)
education attainment (in years) 11.258  -0.203 -0.381 -0.262 0.496
(0.376) (0.440)  (0.588)  (0.514)

Note: This table reports program impacts on household-reported as-
pirations for the child (panel A) and child-reported aspirations (panel
B), with the full set of child and household controls and district fixed
effects. Column (1) reports mean aspirations in control villages, and
column (2) reports differences in mean aspirations between program
and control villages. Columns (3), (4), and (5) report coefficients
from a regressions of an indicator variable for girls, program status,
and the interaction of the two. treat_p denotes pooled-treatment.
Standard errors, reported in parentheses, are clustered at the village
level. Statistical significance at the one-, five-, and ten-percent levels
denoted by *** ** and *, respectively.
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Table 8: Characteristics by school type

program - program - program - program -
program govt private program govt private
) ) ) 6 ®) ©
Characteristics from school survey number boys 88.711 18.695 -42.460
days operational 5.118 0.481* 0.326 (11.366) (55.158)
(0.285) (0.572) number girls 71.294  31.715%** -18.743
open admission 0.858 -0.025 -0.075 (5.714) (29.671)
(0.050) (0.074) percent female students 0.448 0.046 0.010
uniform required 0.024 0.024 -0.312%* (0.048) (0.051)
(0.017) (0.181) student-teacher ratio 44.250 0.274 5.935
tuition required 0.000 0.000  -0.441%* (3.967)  (7.623)
(0.000)  (0.180)
medium: sindhi 0.612  -0.370*** -0.028 Characteristics from teacher survey
(0.050) (0.188) days absent/month 0.838 -0.184 0.324
medium: english 0.310  0.310%%*  _0.005 (0.313)  (0.274)
(0.045)  (0.187) female 0.492  0.243%%*  _0.001
number teachers (0.072) (0.182)
total 3.782 0.967*** -2.501 age 24.196  -13.622%** -0.473
(0.332)  (2.009) (1.452)  (1.354)
female 1.986 1.462*%**  .3.407** education 10.642 -0.538 -1.157%%*
(0.198)  (1.654) (0.337)  (0.305)
postsecondary 1.898 -0.426 -1.476%* salary (1000’s rupees) 4.066  -11.454%** 0.254
(0.460)  (0.845) (1.017) (0.551)
<byrs exp 3.132 2.4T4%** 0.945 years teaching 2.784  -11.320%*** -0.676
(0.181)  (0.682) (1.310) (0.773)
5-10yrs exp 0.603 0.405%** -3.092 years teaching same school 1.774 -4.897%** -0.927
(0.122)  (2.355) (0.966)  (0.733)
>10 yrs exp 0.047  -1.954%*** -0.354 hours teaching
(0.301) (0.396) total 25.253 -0.249 -1.630
avg teacher absent > 2 0.396 -0.039 0.129 (2.123) (1.205)
days/month (0.101) (0.168) teaching whole class 5.164 0.132 1.088
(0.776)  (0.753)
building 0.961 0.024 -0.039%* teaching small group 3.925 0.562* 0.125
(0.039)  (0.020) (0.321) (0.728)
number classrooms 3.229 0.501 0.115 teaching individual 3.738 -0.100 0.064
(0.371)  (0.925) (0.382)  (0.661)
sufficient desks 0.756 0.144* 0.173 blackboard/dictation 3.640 0.322 0.828
(0.084)  (0.180) (0.495)  (0.517)
drinking water 0.846 0.307*¥*  _0.154%** classroom management 2.239 -0.124 -0.814%*
(0.105)  (0.037) (0.187)  (0.327)
electricity 0.724 0.063 -0.005 testing 2.438 0.938%** 0.642*
(0.071)  (0.152) (0.336)  (0.383)
toilet 0.788 0.291%%* 0.162 administrative 2.023 -0.316 0.419
(0.109)  (0.178) (0.392)  (0.300)

Note: This table reports differences in mean characteristics between program and government
schools, and between program and private schools. The unit of observation is child-school. Columns
(1) and (4) report means for program schools; columns (2) and (5), differences in means between
program and government schools; and columns (3) and (6), differences in means between program
and private schools. Standard errors, reported in parentheses, are clustered at the village level. *,
** and *** denote statistical significance at the ten-, five-, and one-percent levels, respectively.
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Table 9: Test Scores by school type

govt-enrolled
program-— p-value treatment—
program govt priv govt = priv control

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

math score 0.715 0.236***  0.049 -0.193 -0.053
(0.081) (0.226)  (0.180) (0.087)
urdu score 0.709 0.160***  0.025 -0.189 -0.015
(0.061) (0.125)  (0.117) (0.075)
total score 0.734 0.211%**  0.040 -0.205 -0.040
(0.073) (0.188)  (0.151) (0.080)

Note: This table reports differences in mean standardized test scores ac-
cording to the type of school children are enrolled in, controlling for stu-
dent characteristics and district fixed effects. Column (1) reports mean
test scores for children enrolled in program schools; column (2), differences
in means between program- and government-enrolled children; column (3),
differences in means between program- and private-enrolled children; and
column (4) the p-value for a test of equality of government and private
school coefficients. Column (5) reports the difference in test score across
control and treatment villages for government-enrolled children. Standard
errors, reported in parentheses, are clustered at the village level. *, **,
and *** denote statistical significance at the ten-, five-, and one-percent
levels, respectively.
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Table 10: Education production estimates, total test scores

u__ @ 6
toilets and/or drinking water 0.138 0.148 0.152
(0.102)  (0.106)  (0.110)
female 0.029 0.030 0.039
(0.046)  (0.046)  (0.047)
age 0.103%%* 0.103*** 0.103***
(0.011)  (0.011) (0.011)
tuition required 0.001 0.001 0.000
(0.000)  (0.000)  (0.001)
distance from home to school -0.028 -0.030 -0.027
(0.058)  (0.058)  (0.057)
pct teachers <5yrs exp 0.215%*%  0.243*%F  (.237**
(0.100)  (0.109)  (0.103)
pct teachers postsecondary 0.197*  0.190*  0.187*
(0.102)  (0.102)  (0.106)
pct teachers female 0.088 0.093 0.093
(0.087)  (0.088)  (0.089)
pct time teaching -0.173 -0.178 -0.171
(0.300)  (0.297)  (0.318)
avg teacher absent >2 days/month -0.045 -0.043 -0.044
(0.068)  (0.067)  (0.068)
pct teachers female X female student 0.037 0.037 0.030
(0.045)  (0.045)  (0.045)
distance X female student 0.005 0.003 0.002
(0.023)  (0.023)  (0.023)
toilets and/or drinking water X female student -0.062 -0.063  -0.066
(0.051)  (0.051)  (0.052)
government school 0.058
(0.110)
program school -0.047
(0.099)
R-squared 0.075 0.076 0.075
N 7182 7182 7098

Note: This table reports education production estimates, relating standardized
total test scores to school inputs and student characteristics, controlling for
district fixed effects. Column (1) reports estimates without indicator variables
for program or government schools; column (2), with an indicator variable for
government schools; and column (3), with an indicator variable for program
schools. Standard errors, reported in parentheses, are clustered at the village
level. *, ** and *** denote statistical significance at the ten-, five-, and one-

percent levels, respectively.
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Table 11: Schooling Demand Estimates

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

constant 0.306*** -0.141**  -0.013  1.365%**
(0.091)  (0.080)  (0.067)  (0.141)

toilets and/or drinking water 0.841%***  0.904***  (.882%*** (.567***
(0.062)  (0.065)  (0.087)  (0.095)

student female 0.012 0.030 -0.213%*  -(.232%**
(0.048)  (0.055)  (0.111)  (0.115)

student age 0.037%**  0.041%%*  0.040*** 0.035%***
(0.012)  (0.012)  (0.012)  (0.013)

distance from home to school -0.131%** -0.136%** -0.102*%** -0.051**
(0.033)  (0.030)  (0.041)  (0.031)

pct teachers with <5yrs exp 0.792%**  (.795%**  _(0.133**
(0.067)  (0.073)  (0.074)
pct teachers post-secondary -0.252%*%* _0.252%**  _0.044
(0.054)  (0.060)  (0.064)

pct teachers female -0.461F%%  _0.703*** _0.859***
(0.055)  (0.054)  (0.068)
pct time teaching 0.263*  0.255%F*  -0.047
(0.178)  (0.061)  (0.144)

avg teacher absent >2 days/month -0.113%*% -0.113%** -0.148%**
(0.041)  (0.048)  (0.041)

pct female teachers X female student 0.528%**  (.562%**
(0.070)  (0.105)
distance X female student -0.061 -0.020
(0.057)  (0.050)
toilets and/or drinking water X female student 0.022 0.002
(0.133)  (0.118)

tuition cost per year -0.008*** _0.006*** -0.006*** -0.009%**
(0.001)  (0.001)  (0.001)  (0.001)

govt school -1.473%**
(0.062)

Note: This table reports schooling demand estimates. Columns (1) and (2) exclude and
include an indicator variable for government schools, respectively. Standard errors, reported
in parentheses, are clustered at the village level. *, ** and *** denote statistical significance
at the ten-, five-, and one-percent levels, respectively.
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Table 12: Cost estimates

toilets and/or drinking water 3.604***
(0.265)
teacher female -4.249%**
(0.243)
post-secondary -0.404
(0.377)
<5 yrs experience -1.379%**
(0.483)
avg teacher absent >2 days/month  -1.332%**
(0.234)

Note: This table reports cost estimates. Stan-
dard errors, reported in parentheses, are clus-
tered at the village level. *, ** and *** de-

note statistical significance at the ten-, five-,
and one-percent levels, respectively
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Appendix

Figure A1: Distance and enrollment, by gender

probability of enroliment

0 5 1 1.5
distance non-program school (kms)
control (male)  ————- control (female)
----------- treatment (male) = — — - treatment (female)

Notes: Figure Al plots the probability of enrollment against the distance to the nearest school,
disaggregated by treatment status and gender.
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Figure A2: Distance and test score, by gender

probability of enroliment

5

1 1.5

distaince non-program school (kms)

control (male)
treatment (male)

————— control (female)
— — - treatment (female)

Notes: Figure A2 plots the test score against the distance to the nearest school, disaggregated by

treatment status and gender.
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Table A.1: Balance Across Treatment Groups

Baseline Followup
treat_gu treat_gd- treat_gu treat_gd-
mean treat_gu mean treat_gu
(1) 2) (5) (6)

child age 6.858 -0.044 9.421 -0.064
(0.062) (0.121)

female 0.413 0.015 0.436 0.010
(0.018) (0.012)

child in school 0.275 -0.013 0.292 0.001
(0.042) (0.062)

child of hh head 0.881 0.020
(0.021)

household size 9.202 -0.364 7.294 0.107
(0.438) (0.228)

number children 2.760 0.001 4.793 -0.002
(0.133) (0.140)

hh head education 2.906 -0.169 2.690 0.093
(0.342) (0.291)

hh head farmer 0.648 -0.010 0.556 -0.044
(0.047) (0.047)

total land 5.656 -1.114
(1.366)

pukka house 0.046 0.016
(0.026)

semi-pukka house 0.194 -0.023
(0.056)

kaccha house 0.604 -0.023
(0.065)

thatched hut 0.156 0.030
(0.068)

goats 3.878 0.256
(0.834)

sunni 0.910 -0.012
(0.047)

urdu 0.152 -0.004
(0.046)

sindhi 0.710 0.060
(0.059)

Note:  This table reports balance in char-
acteristics across villages under the gender-
uniform and gender-differentiated subsidy treat-
ments. Columns (1) and (3) report mean child
and household characteristics in villages under
the gender-uniform subsidy treatment at baseline
and follow-up, respectively. Columns (2) and (4)
report differences in mean child and household
characteristics between villages under the gender-
uniform and -differentiated subsidy treatments at
baseline and follow-up, respectively. treat_gu de-
notes the gender-uniform subsidy treatment; and
treat_gd, the gender-differentiated one. Standard
errors, reported in parentheses, are clustered at
the village level. Statistical significance at the one-
, five-, and ten-percent levels denoted by ***, **,
and *, respectively.
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Table A.2: Program-school characteristics by subsidy treatment

mean

1)

treat_gu treat_gd-
treat_gu

(2)

treat_gu treat_gd-
mean treat_gu

(4) (5)

Characteristics from school survey

days operational
open admission
uniform required
tuition required
medium: sindhi

medium: english

number of teachers

total

female
post-secondary
<byrs exp

5yrs< exp<10yrs

>10 yrs exp

avg teacher absent > 2

days/month
building
number classrooms
sufficient desks
drinking water
electricity

toilet

5.088

0.881

0.047

0.000

0.669

0.257

3.654

2.050

1.954

2.963

0.648

0.043

0.455

0.993

3.167

0.812

0.825

0.741

0.766

0.069
(0.246)
-0.046
(0.064)
-0.047
(0.033)

0.000
(0.000)
-0.116
(0.096)

0.108
(0.090)

0.261
(0.324)
-0.132
(0.344)
-0.115
(0.461)

0.345
(0.290)
-0.091
(0.185)

0.008
(0.036)
-0.121
(0.095)

-0.067
(0.040)
0.127
(0.286)
-0.113
(0.086)
0.043
(0.073)
-0.034
(0.091)
0.045
(0.081)

number boys
number girls
pct female students

student-teacher ratio

90.594  -3.786
(9.397)
71.019  0.555
(7.567)
0.445 0.007
(0.031)
44752 -1.010
(3.072)

Characteristics from teacher survey

days absent/month

female

age

education

salary (1000’s rupees)
years teaching

years teaching same school

hours teaching
total

teaching whole class
teaching small group
teaching individual
blackboard /dictation
classroom management
testing

administrative

0.864 -0.053

(0.222)
0.502  -0.020
(0.087)
25.210  -0.081
(0.838)
11.051  -0.171
(0.160)
4.027  0.079
(0.223)
2.604  0.368
(0.247)
1.825  -0.106
(0.175)
25.669  -0.908
(1.445)
5379  -0.464
(0.598)
4.013  -0.188
(0.444)
4.077  -0.736
(0.521)
3.801  -0.542
(0.439)
2.208  0.065
(0.239)
2180  0.557
(0.479)
1.824  0.431
(0.358)

Note: This table reports differences in mean characteristics between program
schools under the gender-uniform and gender-differentiated subsidy treat-
ments. The unit of observation is child-school. Columns (1) and (4) report
means for program schools under the gender-uniform subsidy treatment; and
columns (2) and (5), differences in means between program schools under the
two subsidy treatments. Standard errors, reported in parentheses, are clus-
tered at the village level. *, ** and *** denote statistical significance at the
ten-, five-, and one-percent levels, respectively.
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Table A.3: School proximity and enrollment by school type

pct villages w/school < 1.5km

all founded pre-2007

pct villages w/
any child enrolled

number enrolled
per village

control treatment control treatment

control treatment

control treatment

school type: (1) (2) (3) (4) (5) (6) (7) (8)

Program 0.000  0.944 0.026  0.944 0.105  49.506
Government  0.553  0.463 0.474  0.463 0.632 0253 19211  3.389
Private 0.158  0.056 0.105  0.049 0.184  0.037 6.579  0.549
NGO 0.053  0.043 0.000  0.043 0.053  0.006 1.500  0.025

Note: This table reports the presence of schools and enrollment by school type, disaggregated
by treatment status. Columns (1) and (2) give the percentage of villages with a school of the
indicated type within 1.5 kilometers of the mean sample household; and columns (3) and (4) give
the percentage of villages with schools of the indicated type which were founded prior to 2007.
Columns (5) and (6) give the percentage of villages with any sample child enrolled in a school of
the indicated type. Columns (7) and (8) give the number of sample children enrolled per village
in a school of the indicated type.
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Table A.5: Test scores by school type

program — program — program —
govt priv govt priv govt priv
(1) (2) (3) (4) (5) (6)
Panel A: baseline
math score 0.236***  0.049 0.264*  0.140 0.376*** 0.117
(0.081) (0.226)  (0.138) (0.193) (0.106) (0.196)
urdu score 0.160***  0.025 0.129  0.053 0.252**%*  0.032
(0.061) (0.125)  (0.090) (0.102) (0.082) (0.119)
total score 0.211%**  0.040 0.217*  0.108 0.335%**  0.084
(0.073) (0.188)  (0.122) (0.155) (0.097) (0.167)
Panel B: controling for highest grade
math score 0.259*%**  0.031 0.302*%* 0.119 0.397*%**  0.122
(0.086) (0.230)  (0.140) (0.196) (0.109) (0.191)
urdu score 0.174*%**  -0.007 0.151  0.025 0.271%%* 0.017
(0.064) (0.133)  (0.091) (0.108) (0.085) (0.121)
total score 0.230*%**  0.015 0.248*%*  0.082 0.355%**  0.080
(0.078) (0.193)  (0.123) (0.160) (0.100) (0.165)
Panel C: verified attendance
math score 0.251*%*  (.187 0.480** (0.282%* 0.311%*  0.224
(0.121) (0.208)  (0.187) (0.163) (0.145)  (0.158)
urdu score 0.142 0.070 0.226  0.116 0.163 0.051
(0.092) (0.131)  (0.138) (0.093) (0.111) (0.114)
total score 0.213*  0.138 0.386** 0.215 0.260*  0.153
(0.111) (0.177)  (0.172) (0.133) (0.134) (0.141)
excluding HHs > 0.5 kms from
no no yes yes no no
proposed program school
excluding treatment villages with
no no no no yes yes

government schools

Note: This table reports differences in mean standardized test scores across school types,
controlling for student characteristics and district fixed effects. Columns (1), (3), and (5)
report differences in means between program and government schools; columns (2), (4), and
(6) differences in means between program and private schools. Columns (3)—(6) restrict the
sample to households within 0.5 kms of the proposed program school site. Columns (7)-(9)
exclude treatment villages that had a government school within 1.5 kms. Standard errors,

reported in parentheses, are clustered at the village level.

X ckk
)

significance at the ten-, five-, and one-percent levels, respectively.
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Table A.6: Education production estimates, subject test scores

language test scores

mathematics test scores

) ) ® @ ® ©
toilets and/or drinking water 0.129 0.141 0.158 0.132 0.140 0.158
(0.098) (0.099) (0.111) (0.103) (0.108) (0.111)
female 0.021 0.022 0.034 0.021 0.022 0.034
(0.042) (0.041) (0.054) (0.053) (0.053) (0.054)
age 0.093*%**  0.093*%** (.105%** 0.105%**  0.104%** (0.105%**
(0.010) (0.010) (0.011) (0.011) (0.011) (0.011)
tuition required 0.001 0.001 0.000 0.001 0.001 0.000
(0.001) (0.001) (0.001) (0.000) (0.000) (0.001)
distance from home to school -0.022 -0.024 -0.029 -0.031 -0.033 -0.029
(0.053) (0.053) (0.058) (0.059) (0.060) (0.058)
pct teachers <5yrs exp 0.114 0.148  0.306*** 0.276*%*  0.301*%*  0.306***
(0.088) (0.099) (0.110) (0.108) (0.118) (0.110)
pct teachers post-secondary 0.230%**  (0.221** 0.152 0.167 0.160 0.152
(0.087)  (0.087)  (0.115) (0.111)  (0.111)  (0.115)
pct teachers female 0.061 0.067 0.107 0.099 0.104 0.107
(0.079) (0.079) (0.094) (0.092) (0.094) (0.094)
pct time teaching -0.266 -0.272 -0.085 -0.102 -0.106 -0.085
(0.256) (0.253) (0.342) (0.325) (0.322) (0.342)
avg teacher absent >2 days/month -0.007 -0.005 -0.071 -0.072 -0.070 -0.071
(0.059) (0.059) (0.074) (0.073) (0.073) (0.074)
pct teachers female X female student 0.050 0.050 0.018 0.026 0.026 0.018
(0.043) (0.043) (0.051) (0.051) (0.051) (0.051)
distance X female student -0.000 -0.002 0.005 0.008 0.007 0.005
(0.022)  (0.022)  (0.024) (0.024)  (0.024)  (0.024)
toilets and/or drinking water X female student -0.046 -0.047 -0.061 -0.056 -0.056 -0.061
(0.046) (0.046) (0.059) (0.058) (0.059) (0.059)
government school 0.070 0.052
(0.092) (0.125)
program school -0.062 -0.062
(0.108) (0.108)
R-squared 0.068 0.068 0.069 0.069 0.069 0.069
N 7246 7246 7112 7196 7196 7112

Note: This table reports education production estimates, relating standardized subject test scores to school inputs
and student characteristics, controlling for district fixed effects. Columns (1) through (3) report estimates for
language test scores, and columns (4) through (6), estimates for mathematics test scores. Columns (1) and (4) report
estimates without indicator variables for program or government schools; columns (2) and (5) with an indicator
variable for government schools, and columns (3) and (6) with an indicator variable for program schools. Standard
errors, reported in parentheses, are clustered at the village level. * ** and *** denote statistical significance at the
ten-, five-, and one-percent levels, respectively.
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Appendix

Figure B1l: Treatment and test scores

total test score (pct)
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q- —
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treatment villages

0 2 4 .6 .8
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Notes: Figure Bl shows the distribution of test scores disaggregated by treatment status. Test

scores are measured as the percentage of correct answers.
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Table B1: Treatment and test scores (pct)

control
mean(sd)

v

(1)

reported verified

(6) (7)

math pct correct

urdu pct correct

total pct correct

child controls
HH controls
district fixed effects

0.461
(0.307)

0.487
(0.342)

0.471
(0.310)

0.163%F* 0.160%** (.160%** (.194%+*
(0.047)  (0.048)  (0.048)  (0.038)

0.171%%% (. 168%FF (.167+FF (.202%+*
(0.058)  (0.060)  (0.058)  (0.044)

0.167FF 0.163%% (.163%%* (.197++*
(0.051)  (0.052)  (0.052)  (0.040)

no yes yes yes
no no yes yes
no no no yes

0.603%%* 0.624%%*
(0.087)  (0.140)

0.619%%* (.670%**
(0.078)  (0.150)

0.607%%* (.643%**
(0.081)  (0.144)

yes yes
yes yes
yes yes

Note: This table reports program impacts on test scores measured as the percentage of ques-
tions answered correctly. Column (1) gives the mean percent of correct answers for children
aged 5-9 in control villages, with the standard deviation reported in parentheses. Columns (2)
through (5) report the intention-to-treat (ITT) impacts, with various sets of controls. Columns
(6) and (7) report the treatment-on-the-treated (TOT) impacts on test scores, based on re-
ported and verified enrollment, respectively. Standard errors, reported in parentheses, are
clustered at the village level. Statistical significance at the one-, five-, and ten-percent levels
denoted by ***, ** and *, respectively.
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Table B2: Treatment and test scores, disaggregated by age

child control village test score, ITT first
age enrolment test score percent deviation stage IV (dev)
(1) (2) (3) (4) (5) (6) (7) (8)
5 0.440 0.425 0.114%* 0.180***  (0.413** 0.650***  (.335%** 1.831***
(0.276) (0.055)  (0.031) (0.198)  (0.113) (0.064)  (0.368)
6 0.551 0.439 0.150%**  0.174***  0.489*** (.568***  (.298*** 1.938%**
(0.307) (0.054)  (0.043) (0.176)  (0.139) (0.073)  (0.358)
7 0.555 0.461 0.172%%* (0.212%**  0.557*** 0.686***  0.307*** 2.095%**
(0.309) (0.059)  (0.043) (0.190)  (0.139) (0.074)  (0.333)
8 0.545 0.493 0.175%** 0.207**F  0.556*** 0.659***  (0.335%** 1.961%**
(0.314) (0.054)  (0.046) (0.172)  (0.146) (0.072)  (0.260)
9 0.511 0.474 0.207%%* 0.232%**  0.636*** 0.711***  0.337*** 2.098%**
(0.326) (0.053)  (0.050) (0.164)  (0.155) (0.074)  (0.294)
10 0.557 0.553 0.149%** (0.185***  (0.469*** (0.583***  (.265*** 2.013***
(0.318) (0.055)  (0.048) (0.172)  (0.153) (0.065)  (0.358)
child controls yes yes yes yes yes yes
HH controls yes yes yes yes yes yes
district fixed effects no yes no yes yes yes

Note: This table reports program impacts on test scores and enrolment disaggregated by age.
Column (1) gives the mean enrolment rate in control villages, and column (2) the mean and
standard deviation of the test score. Columns (2) through (6) report the intention-to-treat
(ITT) impacts on test scores, measured as percent (columns 3 and 4) and standard deviations
(columns 5 and 6). Column (7) gives the effect of treatment on enrolment; and column (8)
reports the treatment-on-the-treated (TOT) impacts on test scores measured using the nor-
malized test score. Standard errors, reported in parentheses, are clustered at the village level.
Statistical significance at the one-, five-, and ten-percent levels denoted by *** ** and *,

respectively.

59



Table B3: Treatment and test scores, disaggregated by question type

control TOT

score ITT reported  verified

(1) ) €) ) (%) (6) )

Language
full letter identification 0.576 0.185%**  (0.182%** (.181%** (.222%** 0.681***  (.748***
(0.064)  (0.065)  (0.064)  (0.052) (0.092)  (0.167)
half letter identification 0.458 0.174%*%*  0.172%%*  0.171%%* (0.202%** 0.616*%**  0.666***
(0.058)  (0.059)  (0.058)  (0.044) (0.085)  (0.152)
first letter of objects 0.475 0.168***  (0.165%** 0.165%** (0.195%** 0.596***  0.644%**
(0.053)  (0.055)  (0.053)  (0.043) (0.080)  (0.144)
reading full word 0.434 0.166***  (0.162%** 0.162%** (0.201*** 0.616***  0.652%**
(0.060)  (0.061)  (0.060)  (0.042) (0.085)  (0.151)
reading full sentence 0.407 0.121 0.118 0.118 0.156%*** 0.477***  (0.514%**
(0.077)  (0.078)  (0.077)  (0.044) (0.091)  (0.161)
Numeracy

size comaparison of objects 0.730 0.107***  0.105%*  0.105%** (.138*** 0.428***  (0.443%**
(0.041)  (0.041)  (0.040)  (0.032) (0.070)  (0.111)
number awareness 0.528 0.187***  (0.185%** (.184%** (.217*** 0.681%**  (.711%**
(0.053)  (0.054)  (0.052)  (0.044) (0.094)  (0.144)
number identification 0.457 0.191*¥*  (.188%** (.188*** (.211*** 0.657***  0.695%**
(0.050)  (0.051)  (0.050)  (0.042) (0.086)  (0.151)
number ordering 0.429 0.199%**  0.196%** (0.195%** (.224%** 0.698***  (.718***
(0.044)  (0.045)  (0.045)  (0.038) (0.104)  (0.140)
object counting 0.449 0.186%**  (0.182%** (.182%** (.213%** 0.664***  0.698%**
(0.051)  (0.052)  (0.051)  (0.044) (0.095)  (0.153)
object counting & comparison 0.424 0.186*** (.183%** (.183*** (.216*** 0.664***  0.674%**
(0.048)  (0.049)  (0.048)  (0.041) (0.099)  (0.147)
shape identification 0.418 0.176*¥*  (0.172%%* (.172%¥%% (.212%** 0.660***  0.670***
(0.056)  (0.057)  (0.056)  (0.044) (0.095)  (0.161)
addition 0.429 0.158**  0.155%*  0.155%*  0.200*** 0.628***  (.654***
(0.063)  (0.064)  (0.064)  (0.045) (0.124)  (0.171)
subtraction 0.348 0.144%**  0.141%*%*  (0.142%**  (0.174%** 0.541%**  0.562%**
(0.054)  (0.054)  (0.054)  (0.039) (0.110)  (0.147)
telling time 0.371 0.127*%%  0.123*%*  (0.123**  (0.159*** 0.496***  0.499***
(0.057)  (0.058)  (0.057)  (0.043) (0.112)  (0.155)

child controls no yes yes yes yes yes

HH controls no no yes yes yes yes

district fixed effects no no no yes yes yes

Note: This table reports program impacts on test scores measured as the percentage of questions answered
correctly disaggregated by the type of question. Column (1) gives the mean percent of correct answers for
children aged 5-9 in control villages. Columns (2) through (5) report the intention-to-treat (ITT) impacts,
with various sets of controls. Columns (6) and (7) report the treatment-on-the-treated (TOT) impacts on test
scores, based on reported and verified enrollment, respectively. Standard errors, reported in parentheses, are
clustered at the village level. Statistical significance at the one-, five-, and ten-percent levels denoted by ***,
** and *| respectively.
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