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Abstract

Worldwide, affirmative action policies are implemented as a means to promote

social equity. India’s Right to Education Act (RTE), one of the largest affirmative

action policies in the world, mandates all private schools to reserve 25% of in-

coming seats at entry-level grades for low socioeconomic status students. Despite

being in existence for more than a decade, the effectiveness of this policy remains

largely understudied. In this paper, I estimate the causal impact of RTE’s 25%

quotas on children’s learning outcomes using a combination of rich administra-

tive and survey data in a large state in India. I leverage the lottery-based alloca-

tion of oversubscribed schools to identify the causal impact of being a beneficiary

under this policy. I find that the policy improves children’s English test scores

by 0.18 SD via beneficiaries attending significantly better schools, and investing

more time in educational activities. Furthermore, while the policy allocates chil-

dren to private schools, there exists a large variation in school quality within the

private sector. Motivated by the existence of this within-sector heterogeneity in

quality, I uncover the distribution of effects within the private sector, and find that

higher quality private schools boost English test scores by 0.5-0.7 SD, relative to

their lower quality counterparts. My findings are from a context when all learning

is remote, and indicate that private schools, especially the ones at the upper end of

the quality distribution, do a better job at adapting to, and implementing remote

educational technologies, and in doing so, they also enhance children’s learning.
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1 Introduction

Governments across the world implement affirmative action policies as a means to
promote social equity. Such policies aim to redress long histories of discrimination
against historically disadvantaged groups. The majority of such policies typically fo-
cus on later life stages of individuals, such as college admissions, or the workplace.
However, how might individuals’ life trajectories change if such disparities are re-
duced early in life? A growing literature suggests that reducing disparities early in
life is important for the formation of cognitive skills and that later life interventions
may be too late to achieve this in a cost-effective way, for example, Cunha, Heckman
and Schennach (2010). As one of the world’s largest affirmative action policy that
targets children of school entry age, India’s Right to Education Act (RTE) provides a
unique opportunity to study this question.

The RTE mandates all private schools in India to reserve seats for disadvantaged chil-
dren at entry level grades, with the goal of reducing segregation within classrooms.
The scale of the policy is huge - in 2018-19 alone, the policy benefited approximately
4 million children, and has the potential to impact about 16 million children, if imple-
mented nationally (Indus Action, 2019; Romero and Singh, 2023). As a direct effect,
the policy improves accessibility to private schools for economically disadvantaged
classes. Thus, a first order question is to study the effectiveness of this policy, or in
other words, the impact of attending a private school under the policy.

In addition, the private schooling sector in India has been steadily growing and ac-
counted for 45% of the primary grade enrollment in 2020.1 Given the rapid growth
in the market share of fee-charging private schools, both at the upper and lower end
of the quality distribution, private school effectiveness is likely to vary within the pri-
vate sector. This in turn, necessitates the importance of examining the distribution of
effects within the private sector.

Hence, in this paper I study two main questions. First, I ask: does being a beneficiary
under the RTE quotas improve disadvantaged children’s educational outcomes? Sec-
ond, do the effects of this policy vary by the quality of private schools that beneficiaries
attend?

I study the impact of this policy in the context of Maharashtra, the second most pop-
ulous state in India. Under the policy, private schools are mandated to reserve up to
25% of the incoming seats at entry-level grades for disadvantaged children. Allocation
of private school seats to applicants under the policy is based on a lottery mechanism
which ensures that applicants who submit the same school preferences, and live in the

1World Bank data (2020)
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same neighborhood, have an equal chance of winning a seat at any given school that
they listed in their application. Those who win entry to private schools under this pol-
icy are eligible to get tuition-free education from these schools until they finish grade
8, with the government reimbursing the schools up to a cap. The outside option for
those who lose under the policy, is to either attend private schools of their choice as
a fee-paying student, attend government schools (which are free of cost, but often of
lower quality), or remain out-of-school. I use the feature of lottery-induced allocation
of oversubscribed private school seats to estimate the causal impact of the RTE pol-
icy on children’s educational outcomes within an instrumental variables framework.
Methodologically, I follow the recent methods by Abdulkadiroğlu et al. (2017) and
utilize the within-variation in lottery outcomes of applicants who had a similar sim-
ulated ex-ante probability of winning the private school lottery under the allocation
mechanism, which takes into account the school preferences submitted at the time of
application.

To do this I use the administrative data of the population of children who applied for
grade 1 private school lotteries under RTE’s 25% quotas, in the 2020-21 school year. I
supplement this with data from a phone survey which I designed and administered
with a sample of applicant households, to collect detailed information on children’s
education, schooling, and performance on phone-based assessments in English and
Math.2 This gives me a sample of 2329 applicant households for whom I have a rich
data on household characteristics, children’s schooling, their performance on phone-
based assessments, their time-use, parental investments, and school inputs.

The data, however, corresponds to the period of COVID-19 induced school closures.
Like many low- and middle-income countries, pandemic induced school closures lasted
for a long time in India. While schools were closed for in-person instruction, the major-
ity of schools transitioned to various forms of remote instruction (both asynchronous
and synchronous) at some point during the 2020-21 school year. Since the majority of
current evidence on private school effectiveness is from in-person learning contexts,
this setting provides me a unique opportunity to study whether private schools are
effective when learning is remote. Thus, the findings in my paper are most relevant to
the context of remote learning, however, it is worth noting that my results align closely
with past evidence in comparable interventions, where the mode of instruction is in-
person. I discuss this in more depth in the subsequent paragraphs.

My findings suggest that the RTE policy led to significant improvements in educa-
tional outcomes of children. One and a half years after exposure to RTE, I find that
quota children who won the private school lottery were significantly more likely to

2This assessment was adapted from the phone-based learning instruments used by Romero and
Singh (2023) and Angrist et al. (2020).
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be enrolled in school in the two academic years 2020-21 and 2021-22.3 The effect sizes
are substantive - for compliers, the likelihood of being enrolled at any school increases
by 13.3 and 4.6 percentage points, in 2020-21 and 2021-22, respectively. Given that
primary school enrollment is near universal in India, these increases in enrollment
largely reflect that the RTE was useful in insuring disadvantaged children against the
risk of non-enrollment during a period of massive disruptions to learning. The gains
however, are not just limited to enrollment, but also translate to gains in test scores of
children - for the compliers, being a quota student at private schools improves perfor-
mance in English by 0.18 SD (p-value < 0.05). There is evidence of suggestive gains
in Math (by 0.14 SD), however, the impact on Math is not statistically significantly
distinguishable from zero. Even though my findings come from a remote learning
context, they are strikingly similar to prior estimates of private school effectiveness
when learning happens in-person. Muralidharan and Sundararaman (2015) find gains
of 0.12 SD units in English, but none in Math, for winners of private school vouchers
in India after 4 years.4 This suggests that private schools are effective not just during
in-person settings, but also when learning is remote.

In order to interpret these results, it is helpful to learn about the composition of the
counterfactual group. While treated compliers are a homogeneous group who attend
private schools under the RTE quotas, the same is not true for the control compliers,
since they have multiple outside options to choose from, such as, attending private
schools as a fee-paying student, attending government schools, or being out of school.
Looking at the extensive margin of the type of school being attended, I find that for
compliers, the quota receipt increases the likelihood of attending a private school by
20 percentage points. However, this is over a base of 79% private school enrollment
in the control group comprising non-quota students, which suggests that the outside
option for those who lose is not necessarily to attend government schools. Following
Abdulkadiroğlu et al. (2014), an analysis of counterfactual destinies for control compli-
ers highlights that about 65% of lottery losers end up at private schools as fee-paying
students, and only about 20% end up at government schools. The fact that attending
private schools as fee-paying students happens to be the fallback option for the major-
ity of lottery losers, highlights the aspect of regressive selection within eligible groups

3Applications for private school admissions under the RTE 25% quotas were made for the 2020-21
academic year, and I conducted phone-surveys with a sample of these applicants during the middle of
the following academic year i.e., 2021-22. This allows me to study their enrollment decision in these
two academic years.

4Singh (2015) finds effect sizes of similar magnitudes using value-added estimates in Andhra
Pradesh, India. Romero, Sandefur and Sandholtz (2020) study the impact of allocating private man-
agement bodies to existing government schools in Liberia, and find gains of 0.13 SD in language. Using
data from a different state in India (Chhattisgarh), and in an earlier version of their paper, Romero and
Singh (2023) look at the impact of being RTE quota student on test scores and find gains of 0.19 SD in
foundational numeracy and literacy skills.
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and inframarginality in program spending (Romero and Singh, 2023).5

Next, I explore three broad mechanisms to understand the channels through which
gains in children’s outcomes are realized - school inputs, parental inputs, and chil-
dren’s own time use. I find that school inputs, and children’s own time use are the
main channels that explain these gains. There is some evidence of parental monetary
and time investments increasing as a result of winning the lottery, however, the ef-
fect sizes are small, suggesting that parental inputs explain only a small part of the
story. Explaining the mechanisms in detail, I find that conditional on being enrolled in
school, quota students are more likely to receive remote instruction from their school
in both the academic years - by 7 and 3 percentage points in 2020-21 and 2021-22, re-
spectively. The magnitude of these effects reflect that the schools attended by treated
compliers were more efficient in adapting to remote learning during the period of
school closures. In addition, they were more likely to receive synchronous online
modes of instruction (by 13.6 percentage points), relative to the non-quota students
who were more likely to receive asynchronous modes like text-based communication
via WhatsApp, and pre-recorded audio and video clips. While these outcomes are
more reflective of school characteristics that might specifically matter during the pe-
riods of remote instruction, I also examine the impact of winning the RTE private
school lottery on the overall quality of the school being attended, which is reflective
of quality in business-as-usual settings. I create a school quality index using Princi-
pal Component Analysis (PCA) that combines information on school infrastructure,
digital facilities, and teacher qualifications, and find that relative to the non-quota stu-
dents, quota students attend schools that are 0.6 SD units better in their overall school
quality index. Quota students are also more likely to be enrolled in schools that have
English as the primary language of instruction, teach more number of subjects, and
have a longer school week (by 3 hours/week).

Next, I uncover heterogeneity within the private sector to examine if there are gains
from attending higher quality schools within the private sector. I start with a simple
case of defining schools as elite or budget based on two alternate measures of school
quality. Focusing on the group of beneficiaries who won the RTE private school lot-
tery, I leverage the randomization in lottery offers at elite private schools to compare
the outcomes of ex-ante similar children who had a similar ex-ante probability of win-
ning at elite private schools, but face a randomization in winning the lottery at elite
versus budget private schools. Like before, I implement this using an IV-2SLS frame-

5Using RTE applications data from the state of Chhattisgarh in India, Romero and Singh (2023) find
evidence of regressive selection under RTE by relatively better-off households among eligible groups.
They find that 50% of the applicants who lose the RTE lottery for their top choice private school, end up
attending the same school as a fee-paying student. They show that only 7.4% of the program spending
under RTE quotas accrues to the bottom socioeconomic quintile, compared to 24.3% in the top quintile.
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work which uses lottery offers at elite schools as an instrument for enrollment at elite
schools as a quota student, and utilizes the within-variation in lottery outcomes of
children who have a similar simulated ex-ante propensity of winning the elite private
school lottery, given their school preferences (Abdulkadiroğlu et al., 2017). The first
measure of school quality or school eliteness is created using administrative data on
each school’s annual fee (that it charges to fee-paying students), and the second mea-
sure builds on a PCA based school quality index that I create using a variety of school
characteristics. The two measures of school quality show substantial positive correla-
tion suggesting that schools that are elite based on the fee-measure are also likely to
be elite based on the PCA-index measure. I find that attending an elite private school
significantly improves English test scores by 0.48 SD (when eliteness is defined us-
ing school fee), and by 0.69 SD (when eliteness is defined using school quality index).
However, as before there are no statistically significant impacts on Math.

As before, I examine potential mechanisms and find that while elite and budget pri-
vate schools were equally likely to provide remote instruction, elite schools were more
likely to provide synchronous online instruction (by 0.10 - 0.18 percentage points), and
provide longer hours of class instruction (by 2.1 - 3.1 hours/week). Relative to budget
private schools, elite schools are no more likely to teach conventional subjects (Math,
English, etc.) but they are significantly more likely to teach additional subjects like
general knowledge, arts/crafts, music and dance. In order to further understand why
remote learning might be more effective for elite schools, I compare baseline char-
acteristics of elite and budget schools, and find that elite schools are equipped with
better digital technologies (for instance, access to internet; higher per-pupil quantities
of laptops, desktops, and digital boards), employ teachers with higher qualifications,
and have more number of teachers trained in computers. Another stark difference is
in the caste composition of students attending elite and budget private schools. Elite
schools are likely to have a significantly less diverse student composition, and are
likely to have significantly lesser proportion of children from disadvantaged caste cat-
egories. These differences provide additional evidence of heterogeneity within the
private schooling sector, which might further explain differences in school effective-
ness across elite private and budget schools, especially during periods of remote learn-
ing.

Taken together, my findings indicate that private schools attended by quota students
were more effective in the delivery of remote schooling inputs, and enhanced chil-
dren’s learning during the period of school closures. They increased students’ ac-
countability by holding regular synchronous classes, providing student-teacher inter-
action, and keeping them engaged with school activities for more hours per week. In
addition, I find evidence of substantial heterogeneity within the private sector. Elite
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schools that levy high annual fees, and that have better overall school characteris-
tics, are significantly better in providing remote instruction and increasing student test
scores. This is in line with recent evidence from Andrabi, Bau, Das and Khwaja (2022),
who find similar evidence of within-sector heterogeneity in Pakistan, in the context of
in-person learning. Furthermore, the results that look at the impact on school qual-
ity suggest that private schools are likely to be effective not just during the time of
remote instruction, but also in business-as-usual settings, when learning is in person.
Given that my data correspond to the period of remote learning, I am unable to test
this formally, however prior evidence of private school effectiveness provides findings
in support of this, e.g., Muralidharan and Sundararaman (2015); Romero and Singh
(2023).

My contributions to the literature are threefold. First, I contribute to the literature on
affirmative action in education. There is a large literature on affirmative action that
looks into targeting, the mismatch hypothesis, short-term and long-term impacts on
the beneficiaries, and cost-benefit analysis, however, most of this work focuses on af-
firmative action in college admissions.6 I add to this literature by studying one of
the world’s largest affirmative action policies that targets children of school entry age,
when issues surrounding academic mismatch and fairness in admissions criteria are
less of a concern (Romero and Singh, 2023). While this policy has been around for
more than a decade, there is very little evidence on its effectiveness, partly because
of the recent shift toward centralized admissions, which in turn has facilitated proper
record keeping, and access to data. The only other papers that have studied the im-
pact of the RTE quotas on children’s outcomes include Damera (2018) and Romero
and Singh (2023). I add to this literature by examining a host of mechanisms such
as, school quality, parental monetary and time investments, and children’s time use
(both on the extensive and intensive margin) that might better explain the channels
behind gains in children’s outcomes. I also contribute by conducting a detailed anal-
ysis of the counterfactual destinies of the control compliers, which is useful for the
interpretation of the causal effects. Finally I provide evidence from the state of Maha-
rashtra, where the policy implementation rules around the allocation mechanism are
very different from the allocation mechanisms implemented in most other states. This
is important because the welfare effects of school choice also depend on the allocation
mechanism.

Second, I contribute to the extensive literature on school choice, private schools, vouch-
ers, public-private partnerships in education, and education policies in general.7 In the

6Some examples of this comprise works by Arcidiacono and Lovenheim (2016); Bagde, Epple and
Taylor (2016); Bertrand, Hanna and Mullainathan (2010); Bleemer (2022); Card and Krueger (2005); Dil-
lon and Smith (2020), and Khanna (2020).

7Glewwe and Muralidharan (2016) provide a review that synthesizes research on education policies
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US, a vast majority of research on school choice focuses on studying the effectiveness
of charter schools, which have been found to improve learning outcomes of disadvan-
taged students, e.g., Cohodes, Setren and Walters (2021). In low- and medium-income
countries, the debate surrounding private schools revolves around concerns of eco-
nomic stratification and weakening of public schools caused by fee-charging private
schools, and potential ways to curtail this, for example, by promoting voucher-like
models using public-private partnerships (Glewwe and Muralidharan, 2016). Litera-
ture on the relative impact of public and private schools provides mixed evidence.8

I contribute to this literature by studying lottery-based admissions to private schools
through India’s RTE policy. My paper provides one of the first estimates from a remote
learning context, which offers a unique opportunity to understand private school ef-
fectiveness in the context of remote learning, since most of what we know so far about
private school effectiveness is from in-person learning contexts.9 I provide evidence
on the distribution of effects within the private sector in the Indian context, and the
closest study to do this in a similar context is by Andrabi, Bau, Das and Khwaja (2022)
who use value-added models and find substantial heterogeneity within the private
and public schooling sectors, in Pakistan.10

Third, I contribute to the growing literature on learning loss due to school closures,
and ways to mitigate these losses using remote education and technology interven-
tions. A growing number of studies have estimated large learning losses among school
going children, as a result of the pandemic induced school closures, and recommend
post-emergency programs (Azevedo, Hasan, Goldemberg, Geven and Iqbal, 2021; Guar-
iso and Björkman Nyqvist, 2023). Another set of studies look at remote technology
interventions on mitigating learning loss (Angrist, Bergman and Matsheng, 2020; Car-
lana and La Ferrara, 2021; Mukherjee, Beam and Navarro-Sola, 2021). One such study
is by Singh, Romero and Muralidharan (2022), who study a government-run after-

combining various developing country contexts.
8With the exception of null impacts of private school vouchers on children’s learning in Chile

(Hsieh and Urquiola, 2006), most other studies find positive impacts of private schools on learning -
PACES program in Columbia (Angrist, Bettinger, Bloom, King and Kremer, 2002; Angrist, Bettinger and
Kremer, 2006), private school vouchers in Andhra Pradesh (Muralidharan and Sundararaman, 2015),
school value-added in Andhra Pradesh (Singh, 2015). Specifically in the context of India, Muralidharan
and Sundararaman (2015) find that private schools achieve these gains at a substantially lower cost per
student making it more cost-effective.

9A related paper is by Crawfurd, Evans, Hares and Sandefur (2023), who randomize primary school
students in Sierra Leone to receive phone tutoring calls from public or private school teachers during
the period of COVID-19 school closures. The teachers supplemented government provided radio in-
struction, but the intervention did not increase children’s test scores, whether provided by private or
public school teachers. They attribute this non-impact to limited take-up by children.

10Prior evidence on heterogeneity within schooling sectors from other country contexts provides
mixed evidence - Pop-Eleches and Urquiola (2013) and Kirabo Jackson (2010) find positive impacts
of attending a better school in Romania, and Trindad and Tobago, respectively. In contrast, Abdulka-
diroğlu, Angrist and Pathak (2014); Dobbie, Fryer et al. (2011) and Cullen, Jacob and Levitt (2006) find
no additional gains on test scores as a result of attending elite and high performing schools in the US.
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school remedial program in Tamil Nadu, India, and find that it was successful in re-
covering two-thirds of the learning loss in primary school-aged children. I add to this
literature by providing evidence of how well-implemented affirmative action policies
can act as a safety net for the disadvantaged, during times of severe economic dis-
ruptions. In particular, I provide evidence that the policy insured vulnerable children
against the risk of non-enrollment, maintained grade progression, and at the same
time improved their learning outcomes.

The rest of this paper is structured as follows. Section 2 describes the policy and con-
text (RTE quotas in Maharashtra, and the lottery algorithm); Section 3 describes the
data sources (administrative data, and primary data collection) and sampling strat-
egy; Section 4 describes the empirical strategy and also talks about balance, attrition,
and external validity; Section 5 discusses results and mechanisms; Section 6 discusses
the within-private sector heterogeneity; and Section 7 talks about robustness checks,
followed by Appendix tables and figures at the end.

2 Background and Policy

The Right to Education (RTE) Act was enacted by the Indian government in 2009,
and made education a fundamental right of every child aged 6-14 years. I focus on
a specific Clause 12(1)(c) of this act under which all private schools in India are man-
dated to reserve at least 25% of the seats in entry-level grades for children belonging to
low socioeconomic (SES) families.11 Children who get admitted to private schools un-
der this policy are eligible to get free education from the respective schools until they
complete grade 8. The government reimburses private schools to cover the school’s
tuition fee for children admitted under the quota. Children admitted under this quota
are also eligible to get free textbooks and uniforms from the respective schools but the
enforceability of this varies across states and schools. These quotas were motivated
in part due to the rapid increase in fee-charging private schools. Fee-charging private
schools accounted for a total of 5.8% enrollment in rural India in 2002 (Kingdon, 2007),
and in more recent years, this has shot up to about 31% primary school enrollment
in rural areas, and 50% in urban areas (Pratham, 2019). Due to the rapid growth in
demand, there were growing concerns about the rise in segregation within classrooms
with the well-off moving to private schools, and the relatively worse-off being in the
government schools (which are free of cost). Thus, one of the goals of these quotas is
to desegregate classrooms on the basis of socioeconomic status and improving access
to quality schooling for all. The quota requirement has been met with restraint across

11Religious and linguistic minority schools are exempted under the RTE Act. Entry level grades
comprise grade 1 and pre-primary grades (for example, nursery or kindergarten).
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states, and while it was adopted by several states over the years, the policy remains
unimplemented in several states (Romero and Singh, 2023).

2.1 RTE quotas in Maharashtra: context and lottery mechanism

2.1.1 Private school quotas in Maharashtra

I study the impact of this policy in the context of the second most populous state in
India, Maharashtra. Maharashtra adopted this policy in 2010 and the eligibility crite-
ria includes children from historically disadvantaged caste groups, low income back-
grounds, and children with disabilities.12 The government reimburses schools for each
child who is enrolled under this policy by sponsoring the school fee up to a certain
limit and schools are not allowed to charge any fee to the quota students.13

2.1.2 Online applications

Maharashtra adopted a centralized online application system under this policy, in the
academic year of 2017-2018. The online application to apply to schools under this pol-
icy begins in the month of February and is open for a month, following which the
allocation of students to schools begins based on a centralized lottery algorithm. The
majority of schools in the state follow the June to April school year.14 The process of
online application includes filling out the child’s details along with household char-
acteristics, for example the child’s name, date of birth, gender, and household char-
acteristics like religion, caste and income (if applying under the low income quota).
The most important information that is filled out is the house address details, after
which the system generates a list of all private schools available under the policy, in
the child’s neighborhood in three distance bins - all schools available within 1 km
radius of the house address, within 1-3 km of the house address, and beyond 3 km
of the house address (within the district). This is an important detail of the applica-
tion process, which I come back to in my estimation strategy. Parents are allowed to
choose a maximum of ten schools combining all three distance bins, but they cannot

12Historically disadvantaged castes include Scheduled Castes, Scheduled Tribes, and Other Back-
ward Classes (OBC). Low income families are defined as those earning less than INR 100,000 per an-
num ($4746 in PPP). In my administrative data for the year 2020-21, the majority of applications were
received under the low income and disadvantaged caste category. Applications received under the
disability category comprised 0.6% of the total applications.

13The reimbursement received by schools is equal to the value determined using the smaller of the
these two amounts: school fee charged to fee-paying students, or the upper cap set by the government
based on per-pupil expenditure in government schools in the state. The reimbursements have to be
borne by centre and state governments in a 60:40 ratio. The policy has been slightly controversial since
private schools may choose not to comply with RTE quotas if their fee levels exceed the reimbursement
limits. As of year 2020-21, the per child reimbursement under RTE in Maharashtra was capped at INR
17,640 per annum (approximately 213 USD).

14A small number of schools follow the May to March school year.
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rank schools in order of their preference. They are also required to indicate the eligi-
bility criteria which could be any one of these: low income category, disadvantaged
caste category, or child disability category. Finally, parents sign an online declaration
which says that in the event of winning a seat, parents are required to show a proof of
house address (which must match the address reflected in the online application) and
a valid proof that establishes their eligibility criteria under this policy. According to
the rules, admission at allotted schools is guaranteed conditional on the house address
documentation and other eligibility proofs being valid.15 Importantly, the declaration
states that the documents must be genuine, and in the case that any documents are
found to be false or counterfeit, it may lead to monetary penalties and cancellation of
the admission offer.16 Since the policy is targeted towards disadvantaged households,
help centers are organized during the weeks of the online application window (often-
times in schools, and community centers) to specifically assist interested households
with filling out the online application and answer questions. Similarly, in the weeks
leading up to the start of the online application, the policy is advertised through noti-
fications and billboards outside school premises, community centers, and local news-
papers.

2.1.3 Lottery algorithm

States have considerable autonomy in how they implement the RTE quotas. Thus,
the lottery mechanism that determines the allocation of students to schools under this
policy also varies across states. In Maharashtra, it is designed such that each school as-
signs the highest priority to applicants who reside and applied in the nearest distance
bin of the school (within 1 km radius of school, henceforth, distance bin 1), followed
by those who reside and applied in the next distance bin (within 1-3 km radius of
the school, henceforth, distance bin 2), followed by those who reside and applied in
the farthest distance bin (beyond 3 km radius of the school, henceforth, distance bin 3).
Hence, the overarching goal is to allocate applicants to schools which are closer to their
house address. Importantly, parents are not allowed to submit rank ordered lists and
can choose a maximum of ten schools. The lottery mechanism is a two-part process
where the first part involves determining applicants who end up winning at a school,
and the second part involves determining applicants who end up being waitlisted at a
school. Applicants who are neither winners, nor waitlisted by the end, are those who
lost at each and every school they applied to. The end result is that each applicant has
one final lottery outcome which is tied to a unique school - they are either a winner

15This could be an income certificate, caste certificate, or disability certificate based on whether the
eligibility condition chosen is low income category, disadvantaged caste category, or disability category.

16In the administrative data I see that 0.6% of the admission offers were cancelled ex-post, due to
false or improper documentation.
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at a unique school, or, waitlisted at a unique school (with a waitlist priority), or, have
lost everywhere. In other words, if an applicant is a winner then they only won at one
unique school; if they are waitlisted, then they did not win anywhere, but were wait-
listed at one unique school; if they are neither a winner, nor waitlisted, then they lost
at each and every school they applied to. Appendix Section B.1 provides even more
detail about the mechanism.

2.1.4 RTE School lotteries in Maharashtra, 2020-21

My administrative data corresponds to the universe of applications made under the
RTE Act, for private school admissions in the academic year of 2020-21. Private school
lotteries in the state were extremely competitive in the 2020-21 academic year. A total
of 8848 private schools across the state participated in RTE quota admissions, and
received applications from 291,365 children. Of these applicants, 35% won, 39% lost
and 26% were waitlisted. Most applications were made under the disadvantaged caste
category (63.5%), followed by the low income category. Since the applications under
the RTE school lotteries were open only till the end of February 2020, the decision
to apply to these school lotteries was made before the COVID-19 pandemic hit India
(early March, 2020). However, the decision to take admission (in the event of winning
a seat) is likely to have been disrupted due to the nationwide lockdown which was
imposed in mid-March and thus unexpectedly coincided with the time when schools
were offering admissions.17

3 Data

My data comes from four sources. First is the administrative data, which gives me
details of the universe of children who applied to private school lotteries for grade 1
under the RTE quotas, in the entire state of Maharashtra, for the academic year of 2020-
2021. Second is the phone survey data, which I collected during the months of Nov-
Dec 2021, by contacting a sample of households who applied to these lotteries (using
the phone number provided by the household in their RTE application).18 Third, I use
the U-DISE (Unified District Information System for Education) data which contains
the administrative data of school characteristics of the population of schools in India. I
use data from the 2019-2020 school year as that contained the most recent information
on school characteristics prior to the RTE applications. Finally, I use the administrative

17Because of the nationwide COVID-19 lockdown beginning 24 March 2020, RTE admissions contin-
ued to be open through the month of December, 2020. Parents were offered the flexibility to complete
the admission formalities either remotely or in-person.

18The administrative data on the population of applicants under this policy contained phone numbers
of the child’s parents which allowed me to conduct phone surveys with applicant households.
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data on the annual school fee for all RTE private schools in the state of Maharashtra
from the 2019-2020 school year.

3.1 Administrative data of RTE quota applications

This data provides the details of the universe of applicants who applied for grade 1
private school lotteries in the state of Maharashtra for the academic year of 2020-2021.
These were publicly available at the Maharashtra’s Education Department website.
This gives me detailed information on the children who applied to these lotteries and
for each child who applied, there was information about the child’s name, child’s date
of birth, parents’ name, parent’s contact number, house address, religion, caste, house-
hold income, list of private schools chosen by the applicant in the three distance bins
(within 1km, 1-3km, beyond 3km), and the distance of each school to the house ad-
dress of the applicant. For each child who applied, there was detailed information
about their lottery outcome and how it evolved over time. To be precise, for every
child who applied, there was data on the initial status of the application - whether
their application was selected, wait-listed, or not-selected anywhere. Each child could
only have one of these statuses to begin with.

To explain this in further detail, if a child’s application status was declared as selected,
then it meant that they had won a seat at one of their preferred schools (if they win,
they only win at one school and are excluded from all other schools that they had indi-
cated); if the application status was wait-listed, then it meant that their application was
wait-listed at just one of their preferred schools, and they were in the consideration set
for admission to this school if a previously selected candidate gave up their seat (each
wait-listed child would get a wait-list priority number such that a priority number of
1 would mean that this child would be the next in line for admission, if a vacancy
was created at this school. This child was also excluded from all other schools if they
had applied to multiple schools); if a child’s application was not-selected anywhere,
then it meant that they were neither selected, nor wait-listed at any school that they
had indicated in their application. Over time, the status of the application of a child
evolves, and for each selected application, there is data on whether the child formally
secured admission to the private school that was allotted to them and the correspond-
ing date on which admission was secured (some students forgo their admissions and
this creates vacancies for wait-listed children); for each wait-listed child, whether this
child was finally admitted to the school that wait-listed them and if so, when did they
secure admission to the respective school.19

19The status would evolve over time and the website put a notice of the deadlines by which selected
candidates must approach their allotted schools to secure admission after which their admission would
be null and void. Similar notices were put for the waitlisted candidates along with their priority num-
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3.2 Primary survey data collection

I conducted phone surveys with a sample of applicants during the months of Nov-Dec
2021, to collect a rich data on children’s outcomes, and household characteristics. A
total of 4259 applicant households were contacted during this period, and successful
interviews were completed with 2329 households (response rate of 55%). For each
successful interview attempt, I also conducted a short interview with the applicant
child to collect data on their learning outcomes in English and Math.20 Among the
full sample, a total of 695 households provide data on children’s learning outcomes.21

Response rates among winning and non-winning applicant households was about
57.7% and 52.4%, respectively. I discuss attrition and non-response bias in Section 4.2
and find that my results are robust to differential attrition, using inverse probability
reweighting.

3.2.1 Sampling strategy

To select the sample of applicant households for conducting phone-surveys, I desgin
a sampling strategy. It is carefully designed to select a sample of comparable win-
ners and losers under the policy, who are otherwise ex-ante similar in their household
location and the school preferences that they listed in the RTE application.

The ideal comparison would involve comparing winners and losers who had the same
school preferences by each distance bin, to begin with (as indicated at the time of sub-
mitting the online application). However, full stratification of applicants based on
their distance bin-specific school preferences eliminates many schools and students
from consideration (Abdulkadiroğlu, Angrist, Narita and Pathak, 2017).22 In order to
remedy this, I pick my sample such that the applicants who win and lose the private
school lottery are comparable to one another to the extent that they made the same
school choices in the nearest distance bin, i.e., schools chosen within 1 km radius of the
house address; or, in other words, had chosen the same school vector in the nearest

bers, and the process would continue to extend admission to candidates with lower priorities, until all
seats were filled. Candidates were also sent SMS notifications about the deadlines on their registered
contact numbers.

20The questions to test children on phone-based assessments come from Romero and Singh (2023)
and Angrist, Bergman and Matsheng (2020) and are designed to capture foundational language and
numeracy skills. The exact questions administered to children are showed in Figure A3 in the Appendix.

21To minimize non-response bias, the following rule was followed for calling households - each
household was attempted to be called up to five times before discarding that number. The protocol
was to attempt to call each household once during: the morning, afternoon and evening of a weekday;
once on a Saturday, and once on a Sunday.

22The most ideal comparison would involve comparing children who differ in their lottery outcome
but indicated the same school choice in each of the three distance bins, as this takes care of their endoge-
nous choice of schools, household location, and their ex-ante likelihood of winning entry into schools
as determined by the lottery algorithm. However, implementing this is difficult in practice given the
high dimensionality of possible school choices over the full population of applicants.

14



distance bin.23 This in turn facilitates the comparison of winners and losers under
the policy, who were ex-ante similar in their school preferences in the nearest distance
bin and resided in the same geographic location. An important point to note is that
the sampling strategy is designed to take into account only those schools which were
oversubscribed, i.e., schools that conducted lotteries to admit applicants, and those ap-
plicants who were subjected to lotteries. This is a limitation in studies that rely on
lottery-based designs since oversubscribed schools may differ from undersubscribed
schools, which in turn makes it hard to generalize the findings. The strategy is ex-
plained in detail in Appendix Section B.2, and a schematic flowchart for the same is
given by Appendix Figure B2.

3.2.2 Summary statistics

Table A1 summarizes the characteristics of applicants in the phone survey and also
shows the key variables associated with the applicants and their household character-
istics. The average applicant is about 7.6 years old at the time of interviews, slightly
more likely to be male, and applied to about 5 schools in the RTE application. Some
instances of non-enrollment exists in both the academic years, however, there is im-
provement in enrollment rates in 2021-22, with the easing of pandemic-related restric-
tions. Conditional on school enrollment, there is variation in the likelihood of schools
providing instruction. Several other variables are summarized, such as monetary and
time investments in children, their time use, and performance in phone-based assess-
ments, these comprise my outcome variables.

3.3 Administrative data of school characteristics

To get at the characteristics of the school being attended by each child in the sample,
I use publicly available data on school characteristics from U-DISE for the 2019-2020
school year. This data covers the population of all private and public schools in India
and has rich information on schools. I use this data to construct one of my two mea-
sures of school quality. I create a school quality index using Principal Components
Analysis (PCA) using data on school infrastructure details, digital facilities, teacher
quality, and peer composition. I explain this in more detail in Section 6.1.

3.4 Administrative data of school fee

I use administrative data on school fees for all the RTE private schools in the state
which participated in the RTE lotteries in the 2020-21 year. The data comes from the

23Throughout the paper, I frequently use the term school vector to refer to a unique combination of
schools chosen in distance bin 1.
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official website of the State Department of Education, Maharashtra and reflects school
fees for the 2020-21 year. This data is used in creating the second measure of school
quality, where I define schools to be elite based on the annual fee charged. I explain
this in more detail in Section 6.1.

4 Empirical Strategy

Using the administrative data of applicants who applied for private school admis-
sions for grade 1 under the RTE quotas in the academic year of 2020-21, my goal is to
estimate the impact of enrolling in a private school as a quota student on children’s
educational outcomes. The treatment group comprises the beneficiaries under the
policy i.e., those who are enrolled as RTE quota students in private schools and the
control group comprises non-quota students who may be attending private schools
(as fee-paying students), or government schools (free of cost), and those not enrolled
anywhere.

There are two endogeneity concerns here, and I address both of them. First, schools
selected at the time of submitting the application are endogenous, and second, con-
ditional on winning, the decision to enrol as a quota student is also an endogenous
choice. Both these choices might correlate with unobserved household characteristics
which might be simultaneously correlated with children’s outcomes. I address both
these concerns by using a conditional instrumental variables strategy. The idea is that,
given the lottery algorithm, conditional on the school choices listed in the application,
winning the lottery to a private school is random.24While conditioning on the school
choices listed in the application solves the endogeneity in unobserved preferences for
schools, the second endogenity problem is solved by instrumenting quota enrollment
with the indicator of winning the lottery, which in turn is random conditional on con-
trolling for the school choices that were listed in the application. Thus, I estimate the
local average treatment effect of being enrolled as a quota student on children’s out-
comes in an instrumental variables framework.

As I explain in the previous section, given the high dimensionality of school prefer-
ences, my sampling strategy is designed such that I can condition for the vector of

24This follows from the lottery algorithm which satisfies the Equal Treatment of Equals (ETE) prop-
erty (Abdulkadiroğlu, Angrist, Narita and Pathak, 2017). ETE is satisfied when students with the same
preferences and priorities have the same chance of getting allocated at any given school. If the object of
interest is winning a lottery at a school chosen in distance bin 1, then ETE is satisfied each time there is
a group of applicants who had listed the exact same schools in distance bin 1. If the object of interest is
winning a lottery at a school chosen in distance bin 2, then ETE is satisfied each time there is a group
of applicants who had listed the exact same schools in distance bin 1, and distance bin 2. Finally, if the
object of interest is winning a lottery at a school chosen in distance bin 3 or, winning a lottery at any
school in any of the three distance bins, then ETE is satisfied each time there is a group of applicants
who had listed the exact same schools in each of the three distance bins.

16



schools chosen in bin 1 and compare applicants who are similar to the extent that they
had the same school preferences in bin 1. Conditioning on the vector of schools chosen
in bin 1 is one way of addressing the endogeneity in school preferences listed at the
time of the application. However, note that given the lottery algorithm and the ETE
property, the relevant instrument to be used in such a case is winning the lottery in
distance bin 1, which in turn means that the causal effect is estimated for compliers,
defined by those who attend private schools as quota students because of winning the
lottery in bin 1, and those who don’t because they lost lotteries at bin 1 schools. On the
other hand, if the instrument is winning the lottery in any distance bin, that leads to
a much more heterogeneous composition of compliers, i.e., those who are quota stu-
dents because of winning the lottery in any bin, and those who are not quota students
because of losing the lottery in all bins.

Such an estimation can be executed by conditioning on the simulated ex-ante propen-
sity scores of winning the private school lottery (Abdulkadiroğlu, Angrist, Narita and
Pathak, 2017). This strategy is useful because it helps reduce the dimensionality of
preferences and does not require me to explicitly control for the school preferences
made at the time of application. The idea is the following - taking the distance-bin-
specific school preferences of applicants as given, one can simulate the lottery algo-
rithm a large number of times to arrive at the simulated ex-ante likelihood of winning
the private school lottery, for each applicant. Since the simulated likelihood or propen-
sity scores take into account the school preferences that were listed by the applicant,
controlling for these propensity scores essentially performs a similar function as is
achieved by explicitly controlling for the full set of schools chosen at the time of ap-
plication. Since the goal is to estimate the LATE of being enrolled as a quota student
under the RTE policy, the identifying assumption in this estimation strategy is that
winning the lottery to a private school is conditionally exogenous after controlling for
the ex-ante propensity scores of winning the lottery. Below I discuss the implementa-
tion of this strategy, which is my preferred specification.25,26

Following Abdulkadiroğlu, Angrist, Narita and Pathak (2017), my preferred estima-
tion strategy involves controlling for the vector of dummies of narrow bins of ex-ante
propensity scores of winning a lottery in any distance bin.27 This strategy relies on

25I discuss the calculation of these propensity scores in Appendix Section B.3. I also show the distri-
bution of these ex-ante propensity scores (Appendix Figure A2). Appendix Table B1 shows the detailed
distribution of simulated propensity scores for the full population, and the sample.

26This strategy is powerful to deal with issues of stratification and sampling such as the one caused
by fully stratifying applicants on the basis of their distance-bin-specific school preferences. It relies on
comparing winners and losers who had a similar ex-ante likelihood of winning and does not require
them to have chosen the exact same set of schools, thus bypassing some of the power issues which may
occur if comparisons are based on controlling for school fixed effects.

27In the Appendix, I present results that condition on the school vector chosen in bin 1, and compare
these results to the case which conditions on the simulated ex-ante propensity of winning in bin 1.

17



comparing the winners and losers of private school lotteries, who had a similar ex-
ante propensity of winning the lottery to an RTE private school (in any distance bin).
This exploits the within-variation that results from comparing winners and losers who
had a similar ex-ante propensity of winning any private school lottery, and does not
require them to have chosen overlapping sets of schools. I estimate this using a two-
stage least squares (2SLS) procedure, where the first stage is the effect of a random
assignment of a private school seat on enrollment, and the second stage estimates the
impact of quota enrollment on student outcomes.

I estimate the following equations via 2SLS:

RTE_Enrolledi = α1WinningLotteryAnyBini + X′
iα2 +

100

∑
x=1

γxdi(x) + ϵi (1)

Yi = β1 ̂RTE_Enrolledi + X′
i β2 +

100

∑
x=1

γxdi(x) + ei (2)

where, di(x) are dummies taking a value of 1 if child i’s estimated propensity score
of winning a lottery at a private school in any bin lies in the respective 0.01 wide
probability bin, Xi is the vector of child and household characteristics like sex and
age of child, dummy of father’s and mother’s education being greater than the mean,
dummy of low income quota applicant, SES index, dummies of caste categories, and
religion. These covariates are added only to increase the precision of my estimates
and the results are robust to excluding them. The coefficient of interest is given by
β1, which captures the LATE of attending a private school as a quota student on child
outcomes, for the compliers. The compliers are those who attend private schools as
quota students because they won the lottery to a private school (in any bin), and those
who are without a quota because they lost the lottery at all schools that they listed
in their application, and may be attending private schools as fee-paying students, or
government schools (or may be out-of-school).

For some of the surveyed households, responses on certain conditioning variables are
sometimes missing. Instead of a listwise deletion of observations that have missing
values for covariates variables, I re-code missing values of covariates to their mean
value in the sample and control for these re-coded covariates, and include a sepa-
rate missing value indicator in all the specifications. Listwise deletion of observations
missing any of the conditioning variables would mean non-randomly dropping a sub-
stantial fraction of the sample (King, Honaker, Joseph and Scheve, 2001; Black, Smith
and Daniel, 2005).

Tables A9, A10, A11 show the results for the main outcomes. The two specifications produce very
similar results thus providing confidence in the fact that conditioning on simulated ex-ante propensity
scores performs a similar function as is achieved by conditioning on the school fixed effects.
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4.1 Balance

I test for balance across winning and non-winning applicants to examine if they are
similar on baseline observed characteristics. Table A2 presents the results, condition-
ing on the ex-ante propensity of winning at any bin. The majority of the characteris-
tics are balanced across the two groups, with some exceptions - for example, father’s
education, religion, and household SES index. This suggests that the winners and
non-winners are modestly balanced on baseline observed characteristics.

4.2 Attrition

A concern that could potentially bias estimates is whether there is selection into who
agrees to be a part of the phone surveys. For example, if winners were more likely
to participate in the survey, and at the same time also benefited from the quota seat,
then this could bias the effect sizes in the upward direction. Table A3 shows whether
there is selection into participation in phone surveys based on observable characteris-
tics of households at baseline, after conditioning on the ex-ante propensity of winning
in any bin.28 The table shows this for household’s participation in phone surveys, and
for household’s participation in phone-based assessments with the applicant child,
conditional on being part of the phone surveys. As can be seen from Panel A, attri-
tion is slightly unbalanced - winning applicants were 5.7pp more likely to agree to
be interviewed relative to the non-winning applicants. However, there is no system-
atic attrition by winning status, on participation in child assessments, conditional on
survey participation. I test for robustness of my results on the main outcome (phone-
based assessments), using inverse-probability reweighting to account for differential
attrition (Table A19).

4.3 External validity

My results are based on a lottery-based research design. While lottery-based estimates
help in removing selection bias, there are several challenges with this design. First,
these estimates are specific to oversubscribed schools, which might be different from
undersubscribed schools. For example, oversubscribed schools might be overrepre-
sentatitve of urban areas, relative to rural areas.29 Second, it relies on applicants who

28Results are robust to conditioning on school vector fixed effects of winning in bin 1 or the ex-ante
propensity of winning in bin 1.

29Romero and Singh (2023) compare the lottery based estimates to a random sample of applicants
who are always assigned to a private school and find that the lottery-based sample of students is mod-
erately better off than the sample of students with a guaranteed private school allocation. They point
out that this might be a function of urban areas being over-represented in their core sample, which
have more oversubscribed schools. This has also been observed in charter school lotteries in the US
(Cohodes, Setren and Walters, 2021).
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faced lotteries to get admitted to schools, a group that may differ from nonapplicants
(Angrist, Cohodes, Dynarski, Pathak and Walters, 2016). Third, the LATE identifies
a treatment effect only for compliers which is a very specific sub-population of the
treated (Black, Joo, LaLonde, Smith and Taylor, 2022). Nevertheless, Kline, Rose and
Walters (2022) show that LATE is the policy-relevant parameter in case of a marginal
increase in the number of available seats among lottery applicants (Angrist, Hull and
Walters, 2022). I discuss the issue of external validity in more detail in Section 4.3.1,
where I discuss complier characteristics - these can provide a partial guide to exter-
nal validity in the context of lottery-based IV estimates (Angrist, Hull and Walters,
2022).

4.3.1 Characterizing Compliers

The instrumental variables strategy identifies a unique causal parameter, which is spe-
cific to the sub-population of compliers for that instrument. Different valid instru-
ments for the same causal relation therefore estimate different things, because the com-
pliers are essentially different based on the instrument (Angrist and Pischke, 2009).
Since the IV identifies the average treatment effect for the compliers, it is a useful exer-
cise to learn more about the characteristics of the compliers. Another important reason
to study complier characteristics is that they can provide insights about external va-
lidity of a set of lottery-based IV estimates (Angrist, Hull and Walters, 2022).

I use Angrist et al. (2022)’s implementation of the methods discussed in Abadie (2002),
to compute complier characteristics. Table A4 shows the differences in baseline char-
acteristics of the compliers, always- and never-takers in Maharashtra’s RTE lottery.
The table shows the mean of baseline characteristics for each of these groups (see Ap-
pendix Section C.1 for details on implementation). Untreated and treated compliers
are very similar across all characteristics as shown in columns (1) and (2). Colums
(3) and (4) show the mean characteristics for always- and never-takers. Relative to all
other groups, always-takers are slightly more likely to be low income quota applicants,
Muslims, and households with mothers having finished primary education. Relative
to the other two groups, the average complier is slighlty more likely to be Hindu, and
less likely to be from Scheduled castes. However the magnitude of the differences
are small indicating that overall group characteristics are quite similar across groups.
Overall, this suggests that compliers are representative of the full sample of applicants
and that the external validity of the LATE extends to always- and never-takers.
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5 Results

5.1 First stage

Table 1 shows the first stage which captures the relationship between lottery offers and
enrollment as a quota student. The endogenous variable of interest, i.e., enrollment
in a private school as a quota student is instrumented by the indicator of winning the
lottery at a private school, under the RTE policy. The instrument is random conditional
on controlling for the narrow bins of simulated ex-ante propensity scores of winning.
The results show that winning the lottery is strongly and positively correlated with
enrollment as a quota student. The first-stage estimates are smaller than one because
of non-compliance among lottery winners - some lottery winners choose to opt out of
the quota seat at allotted schools as they may prefer other schools.30 Another reason
for the reduced estimate of the first stage is that some applicants who did not win any
lotteries in the beginning, received an offer through the waitlist (at a later date).31

Table 1: First stage of winning the RTE lottery on enrollment as a RTE quota student
Enrolled as RTE student

(1)

Instrument = Winning the Lottery (any bin) 0.792***
(0.013)

Outcome mean 0.44
Control mean 0.08
Observations 2,329
R2 0.66
Pscores of winning Yes
Controls Yes

Notes: This table shows the first stage effects of winning the RTE private school lottery in any distance bin on enrollment as an
RTE quota student in a private school. This first stage corresponds to the 2SLS regression where the outcome of interest is school
enrollment. Control variables include sex and age of child, dummy of father’s and mother’s education being greater than the
respective means, indicator of low income quota applicant, household’s SES index, indicator of caste categories, and religion.
Simulated ex-ante propensity scores of winning the lottery in any distance bin are controlled. Results are robust to increasing the
number of propensity score bins. Robust standard errors in parentheses.

5.2 Primary outcomes

There are two primary categories of outcomes of interest. First, enrollment in the two
academic years and second, performance on phone based assessments. Table 2 shows
statistically significant gains in enrollment in both academic years for treated compli-
ers. Gains in enrollment are approximately three times higher in 2020-21 relative to

30Some of this non-compliance may also stem from the fact that the timing of seeking admissions at
allotted schools under the RTE policy coincided with the COVID-19 lockdown. However, the extent of
COVID-19 induced non-compliance among lottery winners was reduced to some extent, as a result of
schools allowing admission formalities to be completed over phone.

31The first stage estimates differ across outcomes due to changes in sample composition - for example,
the phone-based assessments are for a sub-sample of the surveyed households and some outcomes have
missing responses leading to a reduced sample.
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2021-22 suggesting that some of the children who were out of school during the first
year of the pandemic (in 2020-21), are enrolled in schools in the following year (2021-
22), with easements in restrictions surrounding the pandemic. Column (3) sheds light
on another important aspect which is that RTE quota students were more likely to be
able to maintain the right grade-for-age trajectory following their timely enrollment.

Table 2: LATE of being a RTE quota student on enrollment
Enrollment Enrollment Grade 2 and above
(2020-21) (2021-22) (2021-22)

(1) (2) (3)

Enrolled as RTE student 0.141*** 0.048*** 0.194***
(0.016) (0.009) (0.017)

First stage F-stat 3,911.06 3,938.19 3,934.19
Outcome mean 0.89 0.97 0.86
Control mean 0.84 0.94 0.78
Observations 2,328 2,328 2,327
R2 0.10 0.07 0.15
Pscores of winning Yes Yes Yes
Controls Yes Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment
effect of attending a private school as a quota student on children’s enrollment. The outcomes in columns (1) and (2) measure the
indicator of school enrollment in the two academic years. Column (3) measures the indicator for whether the child is in grade 2
or grade 3 in the 2021-22 academic year. Controls include sex and age of child, dummy of father’s and mother’s education being
greater than the mean, dummy of low income quota applicant, SES index, dummies of caste categories, and religion. Simulated
ex-ante propensity scores of winning the lottery in any distance bin are controlled. Results are robust to increasing the number of
propensity score bins. Robust standard errors in parentheses.

Being a quota student not only increases the likelihood of being enrolled and being
enrolled in a higher grade, but also leads to gains in performance on phone-based
assessments. As can be seen in Table 3, there is a 0.18 SD unit increase in English
performance for the treated compliers. Although, the effect on Math is statistically
indistinguishable from zero (at conventional levels), it is quite similar in magnitude to
English.

Another thing to pay attention to, is to understand the composition of compliers, since
the causal impact of interest is relevant to this group. In particular, while the treated
compliers comprise a homogeneous group of students (enrolled as quota students be-
cause of winning the lottery), the same is not true for the control compliers. The latter
group comprises fee-paying students at private schools, students who go to govern-
ment schools, and students who are out of school. Thus, it is helpful to characterize the
distribution of enrollment status across these various sectors (Angrist, Hull and Wal-
ters, 2022). Abdulkadiroğlu, Angrist and Pathak (2014) and Chabrier, Cohodes and
Oreopoulos (2016) refer to this as counterfactual destinies. Table A5 shows the coun-
terfactual destinies for control compliers - 65% of the lottery losers end up enrolling
in private schools as fee-paying students, 20% in government schools and about 5%
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Table 3: LATE of being a RTE quota student on phone based assessments
Test score (standardized)

English Math

(1) (2)

Enrolled as RTE student 0.187** 0.144
(0.089) (0.091)

First stage F-stat 1,129.88 1,129.88
Outcome mean -0.00 -0.00
Control mean -0.10 -0.09
Observations 695 695
R2 0.17 0.13
Pscores of winning Yes Yes
Controls Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment effect
of attending a private school as a quota student on children’s performance on phone-based assessments. Outcomes measure
children’s standardized test scores on English and Math. Controls include sex and age of child, dummy of father’s and mother’s
education being greater than the mean, dummy of low income quota applicant, SES index, dummies of caste categories, and
religion. Simulated ex-ante propensity scores of winning the lottery in any distance bin are controlled. Results are robust to
increasing the number of propensity score bins. Robust standard errors in parentheses.

are out of school.32 Aside from the caveat that the control compliers are not a ho-
mogeneous group, and that these gains in test scores reflect differences in the mean
outcomes of treated compliers relative to control compliers (who might vary in their
enrollment status on the extensive margin, and type of school in the intensive mar-
gin), the effect sizes are similar to those observed in Muralidharan and Sundararaman
(2015) who estimate the intent-to-treat (ITT) effects of being awarded vouchers to pri-
vate schools. After 4 years of program implementation, they find that winners of pri-
vate school vouchers perform 0.12 SD units better on English in the state of Andhra
Pradesh, India. Similar to my findings, they find null impacts on Math. Their mech-
anisms show that these effects are primarily driven by the differences in instructional
time spent across subjects.

In the next section, I investigate multiple mechanisms that might cause these gains.
One mechanism that stands out and might explain gains in English, is the increase in
likelihood of attending English medium schools - Table 4 shows that treated compliers
are approximately 9 percentage points more likely to be in English medium schools
relative to control compliers.33 However, other channels, such as, instructional time
spent across subjects, and quality of instruction, may also play a role in explaining
these effects. While my survey does not collect data on instructional time per subject,
it contains other rich information on school-specific instruction that I talk about in the
next section.

32Among lottery losers, there are some children for whom the school name and the official school
code could not be matched with the administrative data on the population of schools. Thus, for these
children, the school sector – private, government, or out of school – is missing. It is for this reason that
the counterfactual destinies don’t add up to one.

33In India, English medium schools refer to schools where the primary language of classroom instruc-
tion is English. English-medium instruction is also perceived to have large labor market returns, see,
e.g., Azam, Chin and Prakash (2013).
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The majority of existing evidence of private school effectiveness is in the context of
in-person learning. More recently, since the COVID-19 pandemic, there has been a
growing interest in understanding the impact of remote instruction on children’s ed-
ucational outcomes, but we know relatively little about how schools adapt to changes
in learning environments, and how this varies by school sectors, and whether private
schools are still differentially effective in the context of remote learning.34 If private
schools are seen to be effective in remote learning environments, then this might be
especially relevant in developing country contexts where private school penetration
is low or skewed. While constructing schools to provide uniform access to quality
schooling might be the long term goal of governments, a short term cost-effective solu-
tion could be to increase access to private schools through remote learning. My results
suggest that virtual learning can be effective, and that private schools do a better job
at adapting to, and implementing, remote educational technologies, and in doing so,
they also enhance children’s learning.

5.3 Mechanisms

Children’s cognitive achievement and human development is considered to be a cu-
mulative process that depends on the history of family and school inputs, and on
children’s innate ability (Becker and Tomes, 1976; Todd and Wolpin, 2003). Follow-
ing that, I explore the various mechanisms that might explain these improvements in
test scores. In particular I study three channels - school inputs, parental inputs, and
children’s own time use and educational effort.

5.3.1 School inputs

First, I discuss the channel of school inputs and school quality. Table 4 looks at school
characteristics that might matter in children’s educational production function. The
first two columns look into the outcomes of attending a private school and whether
the school’s primary language of instruction is English. Being enrolled as an RTE quota
student increases the likelihood of both these outcomes, for the compliers. A notable
observation is the magnitude of these effects - the likelihood of attending a private
school increases only by 20 percentage points. However, it is not surprising to see a
small effect size, given the evidence of gradual exodus of children from government
schools as a result of the increased affordability and demand for private schools (King-
don, 2020). In the control group (non-quota students), about 79% of the children are

34A related paper is by Crawfurd, Evans, Hares and Sandefur (2023), who randomize primary school
students in Sierra Leone to receive phone tutoring calls from public or private school teachers during
the period of COVID-19 school closures. The teachers supplemented government provided radio in-
struction, but the intervention did not increase children’s test scores, whether provided by private or
public school teachers. They attribute this non-impact to limited take-up by children.
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enrolled in private schools, suggesting that for many applicant households, the RTE
policy might just be a way of upgrading to a better or a more expensive school within
the private sector - a finding that Romero and Singh (2023) investigate in greater detail
in the context of RTE lotteries in the state of Chhattisgarh, India. This also points to
the fact that there is substantial variation in the quality of schools within the private
sector, and that this might matter in determining children’s educational outcomes - I
investigate this point in further detail in Section 6.

Table 4: LATE of being a RTE quota student on school inputs
School type School instruction School instruction modality

Private English Provides Provides Synchronous Recordings shared Activity plans
medium instruction instruction (online) (audio/video) (WhatsApp/SMS)

(2021-22) (2021-22) (2020-21) (2021-22) (2021-22) (2021-22) (2021-22)

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

Enrolled as RTE student 0.199*** 0.089*** 0.072*** 0.030*** 0.136*** -0.034* -0.066**
(0.016) (0.013) (0.017) (0.007) (0.021) (0.018) (0.026)

First stage F-stat 3,856.22 3,859.05 3,472.00 3,877.71 3,788.83 3,788.83 3,788.83
Outcome mean 0.88 0.94 0.89 0.98 0.77 0.14 0.55
Control mean 0.79 0.89 0.85 0.97 0.70 0.15 0.57
Observations 2,249 2,250 2,083 2,255 2,210 2,210 2,210
R2 0.16 0.08 0.11 0.05 0.15 0.08 0.10
Pscores of winning Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment
effect of attending a private school as a quota student on school inputs. Columns (1) and (2) show the indicator of a child being
in a private school, and the school having English as the primary language of instruction. Columns (3) and (4) show outcomes
for whether the school provides instruction in the two academic years. Columns (5) - (7) show the type of instruction modality
offered at the child’s school in the 2021-22 academic year. The question was: in the past month, what were the types of instruction
offered by child’s school (select all that apply) - (i) online classes with teacher, other students (ii) pre-recorded lectures were sent
(audio/video) (iii) written learning activity plans were shared via Whatsapp/SMS (iv) other, specify. This question was asked
only to children who were enrolled in school in 2021-22, and whose school was providing instruction. Controls include sex and
age of child, dummy of father’s and mother’s education being greater than the mean, dummy of low income quota applicant,
SES index, dummies of caste categories, and religion. Simulated ex-ante propensity scores of winning the lottery in any distance
bin are controlled. Results are robust to increasing the number of propensity score bins. Robust standard errors in parentheses.

Table 4 also shows that conditional on being enrolled, treated compliers were more
likely to be enrolled in schools that were actively providing instruction in the two
academic years (columns (3) and (4)). The magnitude of the effect size is larger in the
2020-21 academic year (7 percentage points), relative to the 2021-22 academic year (3
percentage points). This indicates that RTE schools were especially more effective in
providing remote instruction during the year that coincided with pandemic-induced
school closures, and that this effect size was reduced by about half in the following
academic year. The reduction might be coming from a combination of these channels
- schools being attended by control compliers might be getting better at providing
remote instruction over time, and the extent of being out of school is falling among
control compliers.

Finally, in the last three columns I look at the modality of instruction being offered at
the school, conditional on being enrolled. Treated compliers are 13.6 percentage points
more likely to be enrolled in schools that offer synchronous (online) classes, whereas
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control compliers are more likely to be in schools that offer recordings of lectures and
share text-based activity plans (via WhatsApp or SMS).

Another outcome of interest is how winning the school lottery improves the overall
quality of the school that a child attends. This is of specific interest in the context of
school choice in the US where school quality is defined using peer achievement and/or
peer socioeconomic composition etc. Appendix Table A6 shows the impact on being a
quota student on school quality, conditional on enrollment. In the absence of data on
peer achievement, I measure school quality by creating indices of specific broad cate-
gories of school-level characteristics using principal component analysis (PCA). I find
that quota students are more likely to be enrolled in schools that have better infrastruc-
ture facilities, digital facilities, teacher quality, and have a less diverse student compo-
sition. Interestingly, comparing the magnitudes across specific indices suggests that
digital and teacher indices increase more than infrastructure, suggesting that gains in
performance of children are likely to be driven more because of school characteristics
that actually matter for remote instruction, rather than infrastructure facilities which
are less likely to directly matter for remote instruction.

Finally, Table A7 shows the LATE of winning the lottery on the likelihood that school
teaches any given subject, after conditioning on enrollment. Relative to the non-quota
students, quota students are significantly more likely to be in schools that teach En-
glish, Hindi, Environmental studies, Computers, General knowledge, Arts, Music and
Dance. However, they are no more likely to teach Math. A caveat is that this informa-
tion comes from parental responses, and not from the school, so there could be mea-
surement error in the data. But with that caveat aside, these estimates suggest that
gains in English could be driven through a combination of reasons. Firstly, schools
are more likely to teach English. Secondly they teach more subjects, and since the pri-
mary language of instruction is English it is likely to further complement students’
understanding of the English language.

Overall, these results suggest that treated compliers are likely to end up in schools
that were more likely to provide instruction and also provide synchronous modes of
instruction - which is arguably more effective and holds both teachers and students
more accountable, by offering real-time interaction. Furthermore, these schools are
likely to be better equipped with digital facilities and have teachers with more qual-
ifications, both of which might matter for augmenting children’s learning during the
period of remote instruction.
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5.3.2 Parental inputs

Second, I explore the channel of parental investments in children as receipt of a quota
seat may also change household inputs into education (Das et al., 2013; Pop-Eleches
and Urquiola, 2013). If parental investments change as a result of quota receipt, then
the LATE of attending a private school as a quota student on test scores reflects an
overall effect of school inputs and home inputs on children’s achievement (Becker and
Tomes, 1976; Todd and Wolpin, 2003). Recent research in this literature attempts to
understand whether public investments in children encourage or crowd out parental
investments - knowledge of this can inform policy and improve the targeting of pub-
lic funds towards school inputs that encourage parental effort (Rabe, 2020). I test the
extent to which parents adjust their time and monetary investments in children in re-
sponse to winning the quota seat. I find that parents increase their investments in
winners, however the effect sizes are small, indicating that even though parental in-
puts are increasing, they only explain a small part of the story.

Table 5: LATE of being a RTE quota student on parental investments
Time investments Monetary investments

Receives help Hours of help Any expense Expenditure
with homework (hrs/week) (past year) (past year)

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

Enrolled as RTE student 0.020 0.543* 0.065*** -90.182
(0.013) (0.308) (0.014) (158.303)

First stage F-stat 3,915.91 3,915.91 3,822.52 3,822.52
Outcome mean 0.93 9.50 0.93 3,462.86
Control mean 0.92 9.31 0.91 3,467.37
Observations 2,329 2,329 2,227 2,227
R2 0.08 0.06 0.06 0.06
Pscores of winning Yes Yes Yes Yes
Controls Yes Yes Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment effect
of attending a private school as a quota student on parental time and monetary investments in children - both on the extensive
and intensive margins. Column (1) measures the extensive margin of whether the child receives any help with educational
activities in the household, and column (2) measures the intensive margin of the number of hours of help. The survey questions
were: "Does the child receive any help with educational activities from any members of the household?" followed by details
of each person who helps and their relationship with the child. Next, it was asked: "Among all those who help, who is the
person who most often helps the child with educational activities?", followed by details about number of hours per day of help
on a typical day, and number of days of help per week in the past week, to calculate weekly hours of help coming from the
main helper. Hence, data on hours of help are collected only for the main helper. Column (3) measures the extensive margin
of any educational expenses in the child in the past one year (on curriculum books, notebooks, and stationary), and column (4)
measures the intensive margin of the amount of expenditure incurred on child’s education in the past one year. There are some
missing values for the monetary investment questions due to item non-response. Controls include sex and age of child, dummy
of father’s and mother’s education being greater than the mean, dummy of low income quota applicant, SES index, dummies
of caste categories, and religion. Simulated ex-ante propensity scores of winning the lottery in any distance bin are controlled.
Results are robust to increasing the number of propensity score bins. Robust standard errors in parentheses.

I collect detailed data on parental monetary and time investments which help me in
studying both the extensive and intensive margin impacts. Table 5 shows that while
there is no statistically significant impact on the extensive margin of children receiving
household help with educational activities, there is evidence on the intensive margin
as treated compliers are likely to receive a little more help per week with educational
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activities (approximately 30 mins more per week), relative to the control compliers.
Further analyzing this, I find that among all the household members, mothers are the
ones who are statistically significantly more likely to help children with educational
activities (Table A8). Turning to monetary investments, I find that parents of lottery
winners are 6 percentage points more likely to spend on the educational needs of chil-
dren in the past year (on curriculum books, and stationary). However, there is no
impact on the intensive margin.

Together, these results suggest that parents respond to the receipt of the RTE quota
seat by reinforcing investments in children, however the effect sizes suggest that this
channel represents only a small part of the story.

5.3.3 Children’s time use

Third, I explore the channel of children’s own effort by looking at children’s time use.
Table 6 shows the LATE of being a quota student on children’s time use in educational
activities, and I find that being a quota student statistically significantly increases chil-
dren’s time use in educational activities. Treated compliers spend 3 more hours per
week doing school-related activities, and approximately 20 more minutes per week
doing homework. I don’t find any statistically significant differences in time spent on
private tutoring (after school classes) and in non-educational activities. Overall, chil-
dren seem to significantly increase their educational effort as a result of winning the
lottery and this might also contribute to gains in their educational outcomes. These
findings are also consistent with Muralidharan and Sundararaman (2015), who find
no impact of winning private school vouchers on home study- and play-habits except
increased time spent in school for voucher winners.

6 Winning in Elite versus Budget RTE private schools

The results so far provide evidence that winning entry to RTE private schools statis-
tically significantly improves children’s learning outcomes. The mechanisms suggest
that school’s mode of instruction, and children’s effort in educational activities play
an important role in achieving these gains. However, even among the class of RTE
private schools attended by winners, there might be variation in school quality that
makes some private schools better relative to others. Private schools that levy a high
yearly school-fee are likely to have highly qualified and motivated teachers with high
teacher salaries, and thus offer higher quality of education, better resources, and as
a result might have a higher value-added.35 In contrast, private schools that charge

35Previous literature has used school fees as a proxy for school quality. Rao (2019) defines elite schools
as those charging a fee greater than 2000 INR per month, in New Delhi. Andrabi et al. (2022) find a
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Table 6: LATE of being a RTE quota student on children’s time use
Educational activities Non-educational activities

School Tuition Homework Playing Television House chores
(hrs/week) (hrs/week) (hrs/day) (hrs/day) (hrs/day) (hrs/day)

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

Enrolled as RTE student 2.945*** -0.405 0.262*** -0.099 -0.073 -0.006
(0.400) (0.315) (0.038) (0.062) (0.047) (0.021)

First stage F-stat 3,915.91 3,915.91 3,915.91 3,909.99 3,938.97 3,915.91
Outcome mean 12.12 4.67 1.40 2.45 1.10 0.39
Control mean 10.79 4.92 1.31 2.50 1.15 0.40
Observations 2,329 2,329 2,329 2,328 2,322 2,329
R2 0.13 0.08 0.06 0.05 0.09 0.06
Pscores of winning Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment effect
of attending a private school as a quota student on children’s time use in educational and non-educational activities. School hours
are set equal to zero for those who report being not enrolled in any school. Tutoring hours (differs from formal schooling, typically
happens after school) are also set equal to zero for those who report being not enrolled in any private tuition. The question for
homework hours is not always zero for not enrolled children, as the question asked - "how much time does child spend doing
homework, or any educational activities after school?". There are some missing values for playing and watching television due
to item non-response. All time use data are winsorized at the 99th percentile. Controls include sex and age of child, dummy
of father’s and mother’s education being greater than the mean, dummy of low income quota applicant, SES index, dummies
of caste categories, and religion. Simulated ex-ante propensity scores of winning the lottery in any distance bin are controlled.
Results are robust to increasing the number of propensity score bins. Robust standard errors in parentheses.

a lower fee might have fewer teachers (and thus larger class sizes) with fewer quali-
fications, and as a result have lower value-added. Thus, even among the set of RTE
winners who benefit from a quota seat at private schools, school quality is likely to dif-
fer, which may lead to differences in children’s achievement. But do these differences
in school quality matter during periods of remote learning?

There is no evidence on the how the distribution of private school effectiveness varies
within the private sector (Romero and Singh, 2023). The only such evidence from
a similar context is from Punjab in Pakistan, by Andrabi et al. (2022). Using value-
added models (VAMs), they find evidence of substantial within-village variation in
school quality within the private schooling sector. Contrary to the existing literature
that has largely focused on a single private school premium, their findings suggest a
range of causal estimates of the private school premium, resulting from a substantial
within-sector variation in school quality. If there exists variation in quality within pri-
vate schools, then it might be misleading to focus on a single estimate of the private
school premium. The next question that arises is how should one arrive at a reliable
measure of school quality? In this section, I uncover the impacts of relative differences
in private school quality on children’s educational outcomes by using two alternative
measures of school quality which I discuss in detail in Section 6.1. The next paragraph
briefly summarizes how the literature defines school quality.

positive correlation between school value-added (SVA) and school fees in Pakistan. Romero and Singh
(2023) analyze the impact of winning a quota seat under RTE on the market price of the school being
attended, in the state of Chhattisgarh, India, and find that quota students are enrolled in costlier schools.
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The idea of school quality is a latent concept, and the literature has looked at various
ways of measuring the true school quality. The bulk of the literature on school quality
in the US focuses on achievement-based measures of quality, and more recently on out-
comes other than student achievement, for example, crime, employment, earnings and
non-cognitive outcomes (Angrist et al., 2022).36 Several papers use peer ability and so-
cioeconomic composition of peers as proxy for school quality (Abdulkadiroğlu et al.,
2014; Pop-Eleches and Urquiola, 2013; Dobbie and Fryer Jr, 2013). Greaves et al. (2023)
use school inspection ratings as a source of information on school quality in the context
of England. School management interventions that improve the quality of leadership
practices have also been utilized to get at measures of school quality.37 Specific dimen-
sions of school inputs have also been used to measure school quality, such as class size
(Datar and Mason, 2008; Fredriksson et al., 2016) or school resources (Houtenville and
Conway, 2008; Das et al., 2013). Another important and related strand of literature is
on college quality, where the goal is to study the educational and labor market effects
of the quality of college that individuals attend. Black and Smith (2006) discuss the
issues with using a single proxy of college quality (such as the average SAT score of
the entering class) as it leads to substantial measurement error in the quality measure,
and propose several solutions. One of the proposed solutions is to create a quality
index that combines multiple individual quality measures (or proxies) via factor anal-
ysis. The larger the number of quality variables, the less is the measurement error in
the index (Black, Smith and Daniel, 2005). I take inspiration from them to define one
of my school quality measures in a similar way, and I discuss this in more detail in the
next section.

6.1 Two alternate measures of school quality and eliteness

In absence of panel data on standardized test scores across schools, and school level
peer achievement, I consider two ways of defining school quality - one that uses school
fees, and another that uses data on a rich set of school-level characteristics.38 I start

36Angrist et al. (2022) provide a useful review of this literature by summarizing the various econo-
metric strategies for estimating school effectiveness - school lotteries using the instrumental variables
approach, regression-discontinuity approach where students are admitted based on a cutoff score, cen-
tralized school assignment where school allotment happens via conditional randomization based on
rank ordered lists submitted by parents, and finally value-added models (VAMs) which control for
lagged outcomes and covariates by making use of panel data of student test scores.

37Anand et al. (2023) conduct a meta analysis of the impact of school management interventions on
student learning using data from multiple evaluations, and provide a systematic review of this litera-
ture.

38The school fees based measure is in the spirit of previous literature that uses fees to define school
eliteness and quality, such as Rao (2019); Romero and Singh (2023) and Andrabi, Bau, Das and Khwaja
(2022). The school-quality-based measure is in the spirit of the college quality literature that uses mul-
tiple college characteristics to create an index of college quality, such as Black, Smith and Daniel (2005)
and Black and Smith (2006).
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with a simple case of categorizing schools as elite or budget, based on two measures of
quality.39 The first measure uses administrative data of schools’ annual fee to catego-
rize each school as elite or budget. Figure A4 shows the distribution of annual school
fee for private schools in the state using the administrative data of annual school fee
charged by RTE private schools in the state. As the figure shows, most of the pri-
vate schools are concentrated on the lower end of the fee distribution suggesting that
most private schools are low-fee. This is in line with Kingdon (2020), who documents
that the vast bulk of private schools in India are low-fee schools, when benchmarked
against the state per capita income and daily wage laborer’s incomes. The author also
points out that this increase in affordability has led to a rapid migration of students
towards private schools, and an emptying of government schools. Taking the distri-
bution of annual school fee for all the RTE private schools in the state, I define a school
as elite if the annual school fees exceeds the 75th percentile in the distribution of fees
of all private schools in the state, and budget, otherwise.40

The second measure of school eliteness is based on a school quality index that I con-
struct using Principal Component Analysis (PCA). The data for this analysis comes
from UDISE, which allows me to make use of a rich dataset on school characteristics
– infrastructure details, digital facilities, teacher qualifications, and peer SES composi-
tion – which might matter in determining the overall school quality. The complete list
of variables that are used for creating this index is shown in Table A5 in the Appendix.
I use the first component of the PCA to create the quality index. The table also shows
the factor loadings on each of the variable - it shows that all these different types of
school inputs are positively associated with school quality.

These two measures of school quality display a strong and positive correlation - Table
A13 shows the results from OLS estimates of a simple linear model where I regress
school fees on school’s PCA based quality index.41 While both measures capture

39Note that, while both my measures of quality are continuous measures of quality, the discretization
of schools into elite and budget is done following the identification strategy which relies on the within-
variation in lottery outcomes of children with similar ex-ante propensities of winning the lottery at
elite schools. This in turn requires that each school that was chosen during the time of application, be
categorized as a binary of either elite or not-elite to get at the simulated ex-ante propensity score of
winning at an elite school. Black and Smith (2006) discuss that such discretization leads to a loss of
information and in turn causes researcher-induced measurement error in the quality index.

40I vary the bar of eliteness by lowering and increasing the threshold to the 50th and 90th percentiles,
respectively. In the sub-sample of lottery winners, only 2% of the children attend elite schools but not
as an RTE student. In the sub-sample of lottery winners (which is the relevant sample for this exercise),
approximately 4% of the children attend government schools. I assume that government schools (free
of cost) are budget schools. Most of the government schools being attended by the non-compliers
among the lottery winners are zilla parishad schools (state-run schools which are established, funded
and supervised by the district councils of India), which lie at the lower end of government school quality
distribution.

41Tabulating schools on these two measures of eliteness shows that majority of the schools are con-
sistent in the elite definition across the two measures (Figure A6). About 65% of the schools are elite on
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school quality, I prefer the fee-based measure to the PCA index. The reason for this
is that school fee is likely to encapsulate various dimensions of school quality - both
observed and unobserved - which may not be apparent in the school characteristics
data that are used to construct the PCA index. The school characteristics data is useful
to the extent that it provides information about observed characteristics of the school.
The fee on the other hand is a measure that is likely to take into account all the aspects
about schools which may be hard to quantify.42

6.2 Estimating the impact of attending elite private schools as a quota

student

For the group of lottery winners, what is the impact of attending elite private schools
as a quota student, relative to attending budget private schools? I estimate this using
two-stage least squares framework on the sub-sample of lottery winners:

RTE_Enrolled_Elitei = α1WinningLotteryEliteAnyBini + X′
iα2 +

50

∑
x=1

γxdi(x) + ϵi (3)

Yi = β1 ̂RTE_Enrolled_Elitei + X′
i β2 +

50

∑
x=1

γxdi(x) + ei (4)

where, RTE_Enrolled_Elitei is the indicator that child i attends an Elite private school
as a quota student, WinningLotteryEliteAnyBini is the indicator that child i won the
lottery at an Elite school in any bin, Xi is the vector of child and household character-
istics, di(x) are dummies taking a value of 1 if child i’s estimated propensity score of
winning a lottery at an elite private school lies in the respective 0.02 wide probabil-
ity bin. As before, identification comes from within variation in lottery offers at elite
or budget schools for groups of applicants who are otherwise similar in their ex-ante
propensity of winning at elite schools.43

both measures, about 25% of the schools differ in classification of eliteness across the two measures, the
rest have missing data on one of the two measures.

42Note that using a fee-based measure as a quality measure assumes that schools don’t increase fees
in response to the policy. The government reimburses schools up to a cap of INR 17,640 per pupil per
annum, an amount that might fall short of the actual fee for some schools. Intuitively, it is plausible
that high-fee charging schools that charge in excess of what the government reimburses them, might
increase their fee levels further, to compensate for the lost revenue per quota seat by extracting more
revenues from the fee-paying students, keeping in mind the price elasticity of the fee-paying students.
However, I cannot test this in the data. However, I do not think that schools increase their fee indis-
criminately, in response to the policy - this is corroborated to some extent by the regression of school
fees on the PCA index of school quality, which shows a strong positive correlation between the school
quality index and school fees.

43The detailed step by step process of calculating these ex-ante propensities of winning at elite schools
is explained in Appendix Section B.3.
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Table 7: First stage of winning the RTE lottery at elite school on enrollment at an elite school
RTE student at Elite school

Elite (PCA) Elite (Fee)

(1) (2)

Won RTE lottery at Elite school 0.880*** 0.869***
(0.027) (0.028)

Outcome mean 0.39 0.51
Control mean 0.00 0.00
Observations 1,019 973
R2 0.85 0.82
Pscores of winning at elite Yes Yes
Controls Yes Yes
Avg quality (Elite=1) 4.37 43046.62
Avg quality (Elite=0) 2.34 12320.27

Notes: This table shows the first stage effects of winning the RTE private school lottery at an elite school on enrollment at an
elite school as a quota student. The sample is restircted to lottery winners. Eliteness is defined using the 75th percentile cutoff.
Control variables include sex and age of child, dummy of father’s and mother’s education being greater than the respective
means, indicators of low income quota applicant, household’s SES index, indicator of caste categories, and religion. Simulated
ex-ante propensity scores of winning the lottery in any distance bin are controlled. Results are robust to increasing the number of
propensity score bins. Robust standard errors in parentheses.

6.2.1 First stage

Table 7 shows the first stage - winning the lottery at an elite school, defined as schools
lying above the 75th percentile of the quality distribution, increases the likelihood of
attending one, by 87pp - 88pp depending on the quality measure. The dependent
mean shows the proportion of children enrolled at elite schools under the quota - this is
39% based on the PCA index measure, and 51% based on the fee-based measure. These
differences stem from each measure identifying a different aspect of school quality
and relatedly the fact that the same school might be categorized as elite based on one
measure, but as budget on the other. It is also informative to learn about the average
quality of schools that are categorized as elite versus those categorized as budget.
Table 7 shows this for both the quality measures - the mean school fee for elite schools
is about 3.5 times higher than that for budget schools, and this ratio is about 1.8 for the
PCA index.44

6.2.2 Primary outcomes

Table 8 shows the LATE of attending an elite school on children’s performance on
phone-based assessments, using both measures of school quality. Treated compliers
are children who attend elite private schools under the RTE quota because they won
the lottery to an elite private school, and control compliers are those who do not at-
tend elite schools under the quota because they lost the lottery to all the elite schools.
Results show that elite schools increase English test scores on both the quality mea-
sures, however, there are no statistically significant gains in Math. As before I explore

44Appendix Table A15 shows how results vary when the percentile cutoff is changed to the 50th and
90th percentile.
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Table 8: LATE of attending elite schools on performance on tests
English Math English Math

Elite (PCA) Elite (Fee)

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

RTE student at Elite school 0.699*** 0.370 0.485** 0.138
(0.270) (0.267) (0.242) (0.240)

First stage F-stat 590.47 590.47 389.43 389.43
Outcome mean 0.06 0.04 0.06 0.05
Control mean 0.03 -0.05 -0.18 -0.20
Observations 318 318 303 303
R2 0.14 0.13 0.20 0.17
Pscores of winning at elite Yes Yes Yes Yes
Controls Yes Yes Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment effect
of attending elite RTE private schools as a quota student, on children’s performance on phone-based assessments. The sample
is restricted to lottery winners. As before, the number of observations is smaller here because the phone-based assessment on
English and Math is available only for a subsample of lottery winners. Control variables include sex and age of child, dummy of
father’s and mother’s education being greater than the respective means, indicators of low income quota applicant, household’s
SES index, indicator of caste categories, and religion. Simulated ex-ante propensity scores of winning the lottery in any distance
bin are controlled. Results are robust to increasing the number of propensity score bins. Robust standard errors in parentheses.

several mechanisms below.

6.2.3 Mechanisms

My survey data allows me to explore several school inputs such as, school’s instruc-
tional modality, subjects taught and other school characteristics, and children’s time
use as potential mechanisms. I discuss these in depth in the subsequent paragraphs.

6.2.3.1 School inputs

While elite schools are no more likely to provide instruction in the two academic years
(as measured on the extensive margin), they are however more likely to provide bet-
ter instruction modalities. Table 9 shows that treated compliers are more likely to
report receiving synchronous online classes (between 10 - 18 percentage points, based
on the PCA and the fee-based measure, respectively), and less likely to receive text-
based instruction (by 17 pp, on fee-based measure) during the period of remote in-
struction.

Table A12 shows the differences in characteristics of elite and budget schools, and
helps in understanding key differences across these schools. Controlling for the vil-
lage fixed effects, elite schools are consistently more likely to have internet, more dig-
ital boards per pupil, more likely to be English medium, have a higher proportion of
teachers trained in computers, a higher proportion of teachers with Bachelor’s in Edu-
cation degrees, and a higher proportion of general caste category students. The mag-
nitude of differences in Bachelor’s in Education degree is substantive, at 20 percentage
points, suggesting that elite schools are significantly more likely to hire teachers who
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Table 9: LATE of attending elite schools on school instruction
Synchronous Recordings Text-based Synchronous Recordings Text-based

classes shared activity plans classes shared activity plans
(online) (audio/video) (WhatsApp/SMS) (online) (audio/video) (WhatsApp/SMS)

Elite (PCA) Elite (Fee)

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

RTE student at Elite school 0.102* 0.024 -0.064 0.180*** -0.036 -0.174**
(0.060) (0.054) (0.077) (0.051) (0.048) (0.069)

First stage F-stat 1,151.81 1,151.81 1,151.81 1,129.44 1,129.44 1,129.44
Outcome mean 0.83 0.13 0.53 0.83 0.13 0.53
Control mean 0.77 0.15 0.59 0.69 0.17 0.60
Observations 1,005 1,005 1,005 959 959 959
R2 0.09 0.05 0.12 0.18 0.08 0.13
Pscores of winning at elite Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment effect
of attending elite RTE private schools as a quota student, on school’s instruction modality and children’s time use in educational
activities. Control variables include - sex and age of child, dummy of father’s and mother’s education being greater than the
respective means, indicator of low income quota applicant, household’s SES index, indicator of caste categories, and religion.
Simulated ex-ante propensity scores of winning the lottery in any distance bin are controlled. Results are robust to increasing the
number of propensity score bins. Robust standard errors in parentheses.

have specifically trained to pursue a school teaching career.45 These patterns suggest
that the relative effectiveness of elite schools in remote instruction is likely to be a func-
tion of teachers being more qualified and also being more adept at dealing with digital
technologies. In addition, these results are also robust to changing the elite cutoff to
the 50th and the 90th percentile of annual fee (Table A18 in Appendix), which provides
a consistent story that elite schools were doing better in terms of providing instruction
during the period of remote instruction.

Another channel that might explain gains in English relates to differences in the qual-
ity of English instruction, and differences in instructional time spent across subjects,
across elite and budget schools. Appendix Table A14 shows that while elite school go-
ers are no more likley to be taught the conventional subjects (Math, English, Marathi
and Hindi), they are more likely to have other subjects in their curriculum, such as
General Knowledge, Arts, Music and Dance. These other subjects are taught in En-
glish (as suggested in balance table A12 which shows elite schools being more likely
to be English medium,) and this in turn might indirectly increase children’s exposure
to English thereby improving their test scores.

6.2.3.2 Children’s time use

Finally, studying the impacts on children’s time use (Table 10), I find that elite schools
are provide more hours of instruction per week (2.1 - 3.1 hours/week) relative to bud-
get private schools.

45In the Indian context, Bachelors in Education is degree program that is specifically designed for
those who aspire to become school teachers. It is typically a two-year program that one pursues after a
three/four year undergraduate degree program, in order to become a school teacher.
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Taken together, these channels suggest some of the plausible mechanisms which might
be at play and might matter for children’s performance. While the lack of data on in-
structional time by subject precludes me for testing the role of that channel in explain-
ing the results, the results on differences in school characteristics, in terms of their
baseline digital facilities, teacher quality, overall time spent in school, and likelihood
of studying specific subjects provides some understanding of why elite schools were
more effective in providing remote instruction and also enhancing children’s learn-
ing.

Table 10: LATE of attending elite schools on children’s time use
School Tuition Homework School Tuition Homework

(after school) (after school)
(hrs/week) (hrs/week) (hrs/day) (hrs/week) (hrs/week) (hrs/day)

Elite (PCA) Elite (Fee)

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

RTE student at Elite school 3.185*** -1.936** 0.007 2.181** -0.314 -0.140
(1.176) (0.957) (0.113) (1.066) (0.869) (0.103)

First stage F-stat 982.18 982.18 982.18 937.84 937.84 937.84
Outcome mean 13.58 4.43 1.51 13.57 4.49 1.52
Control mean 12.98 4.91 1.51 12.38 5.00 1.48
Observations 1,019 1,019 1,019 973 973 973
R2 0.10 0.09 0.04 0.11 0.09 0.03
Pscores of winning at elite Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment effect
of attending elite RTE private schools as a quota student, on school’s instruction modality and children’s time use in educational
activities. Control variables include - sex and age of child, dummy of father’s and mother’s education being greater than the
respective means, indicator of low income quota applicant, household’s SES index, indicator of caste categories, and religion.
Simulated ex-ante propensity scores of winning the lottery in any distance bin are controlled. Results are robust to increasing the
number of propensity score bins. Robust standard errors in parentheses.

7 Robustness checks

I perform a number of robustness checks to validate my findings.

7.1 Excluding applicants who are age-eligible to re-apply for RTE

The eligibility to apply for grade 1 admissions under the RTE in 2020-21 was that one
had to be born no earlier than July 2013, and no later than October 2014. This means
that the eligibility criteria to apply for grade 1 applications in the following academic
year of 2021-22 was that one had to be born between July 2014 and October 2015.
Hence, the age-eligibility to apply under the RTE policy for grade 1 spans more than
a year, which implies that the very young applicants who applied for grade 1 lotteries
in 2020-21, would be age-eligible to apply again under the policy, in the following
year (academic year 2021-22). Appendix Figure A8 shows the distribution of the birth
year-months in the population of the applicants.

36



Figure A8 shows that my sample of surveyed applicants contains some children who
are eligible to re-apply under the policy in the following academic year of 2021-22 -
these are the applicants who were born between July 2014 and October 2014. This
leads to two concerns. The first concern is that among the young applicants (who are
age-eligible to re-apply) those who lost the lottery, can wait to try again next year,
however those who won the lottery in the first year, might accept and enroll. This is
concerning because such applicants can cause selection bias and also affect the com-
position of the control group. Since the control group comprises non-quota children,
the presence of such applicants might lead to the control group having some children
who became quota beneficiaries in the following year.46 The second worry is that these
young applicants might be different from relatively older applicants (age-ineligible to
re-apply) on unobservable dimensions, for example, parental motivation to apply or
child ability, which might be simultaneously correlated with children’s performance
on tests, and might bias estimates. Thus, I address these issues by limiting my analysis
to the subsample of those who are age-ineligible to re-apply in the following year. I
find that the results on phone-assessments are robust to excluding young applicants.
Results are shown in Table A20.

7.2 Using school level values to measure outcomes

My results use survey data from household level reports on children’s outcomes.
However, some of these variables could be measured with error. For example, cer-
tain variables correspond to school-level information, like - does the child’s school
provide instruction; what is the modality of instruction at child’s school; frequency of
classes at child’s school etc. The ideal scenario would be to obtain administrative data
from schools on these school-level variables, however, since such data is not avail-
able/collected by schools, I rely on household-level reports for these school-related
variables. It is possible that the household-level responses to school-level variables
might have measurement error such that there are inconsistencies in how children at-
tending the same exact school might respond to any given question about the school,
which in turn might lead to biases in the estimates.47 I attempt to address this poten-
tial noise in the household level responses, by creating a new variable that captures the
school-level unique responses to these questions. I do this by coding the value of the
new variable as the response that was most frequently chosen by students attending

46I define my treatment as enrollment as a RTE quota student where the quota receipt is based on the
2020-21 school year.

47For instance, consider a scenario where a total of five children attend school A, and of these five chil-
dren, four children respond by reporting yes to the question that asks whether school A was providing
instruction in the previous academic year, while one child responds no to this question. This would
be problematic in the regression where the outcome measures the binary indicator of school providing
instruction.
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the same school with the goal that these new variables have less noise.48

Results based on this cleaning of school level variables are shown in Appendix Table
A21. I see that the results are still robust - RTE schools are still statisically significantly
more likely to provide school instruction in the academic year of 2021-22, they are still
more likely to provide synchronous and live classes. The standard errors on the esti-
mates have also shrunk which is a mechanical result due to a decrease in the variation
in the new outcome variable. These robustness check strengthen the validity of the
main results.

7.3 Varying the ex-ante propensity scores of winning

The identification in my estimates comes from using the within-variation in children
who had a similar ex-ante likelihood of winning the RTE lottery but varied in their
final lottery outcome. To do this I control for narrow bins of ex-ante propensity scores
of winning by simulating the lottery algorithm. I show that my results are robust to
increasing the number of narrow bins of these ex-ante propensities, or in other words
reducing the bin width. Reducing the bin-width would lead to stricter within compar-
isons, comparing children who had a very similar ex-ante likelihood of winning under
the lottery. Appendix Table A7 shows this in a coefficient plot which shows how the
LATE coefficient on test scores changes as the bin-width is reduced.

8 Conclusion

Affirmative action policies are implemented to promote social equity. While most poli-
cies target late-life equality (in higher education and the workplace), some focus on
early-life equality. Policies implemented earlier in life have the potential to mitigate
disparities that tend to amplify over time, thus diminishing structural disadvantages.
This paper studies the impact of India’s Right to Education Act, an affirmative action
policy that targets children of school entry age, on children’s educational outcomes.
Given that India has one of the world’s largest schooling systems, the scale of the pol-
icy is huge and impacts millions of disadvantaged children.

I leverage the lottery-based allocation of students to schools to estimate the causal
impact of attending a private school as a beneficiary under this policy on children’s
educational outcomes. The context is that of remote learning during the period of
pandemic induced school closures, and I find that being a beneficiary under the pol-
icy significantly insured disadvantaged children from the risk of non-enrollment, and

48I clean this by making a new clean variable at the school level based on whether the proportion of
children who answer yes to the question at a given school exceeds half. This is under the assumption
that the reports of more than 50% of the students are less likely to be incorrect.
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thereby helped with grade progression and maintaining the right grade-for-age trajec-
tory. I find that these gains in enrollment translated into gains in performance in En-
glish and improvements in children’s English test scores by 0.18 SD units. Exploring
mechanisms, I find that relative to the non-beneficiaries, beneficiaries are more likely
to attend private schools of higher overall school quality, where the main language of
instruction is English, that are more effective in providing synchronous remote educa-
tion technologies, and have a longer school week.

Next, given that the private schools themselves are differentiated in quality, I focus
on the beneficiaries to estimate the causal impact of attending elite or higher quality
private schools, relative to budget, or lower quality private schools, by leveraging the
randomization in offers to elite schools. As before, I find statistically significant gains
in English as a result of attending elite schools, which suggests that a single estimate of
private school premium might be misleading. As before, the mechanisms point to elite
schools being better at providing remote instruction and having a longer school week.
Baseline differences in school characteristics further show that elite schools have better
digital technologies, have higher proportion of teachers with better qualifications, and
higher proportions of teachers trained in computers, all of which may matter in mak-
ing remote learing more effective. Overall, my results suggest that private schools,
and especially those at the upper end of the quality distribution, are effective in adapt-
ing to, and providing remote learning and in doing so they also enhance children’s
learning.

While the policy is successful in delivering these gains, however, there are concerns
about whether the applicant pool is representative of the eligible groups in the popu-
lation. Given that the fallback option for the majority of lottery losers (about 65% of
control compliers) is to enroll as fee-paying students in private schools, this points to
the concerns of regressive selection among eligible groups. Romero and Singh (2023)
focus on the aspect of mistargeting and regressive selection in RTE and find that var-
ious constraints (information, documentation, application complexity) prevent poor
households from applying under the RTE policy, despite them having a high demand
for private schools. Thus, this points to the neccessity of improving targeting under
the policy such that the benefits can percolate to the ones who most need it.
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A Appendix: Figures and Tables

Figure A1: Timeline of events
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Figure A2: Distribution of school vector fixed effects and ex-ante propensity scores of
winning

Notes: This is a histogram showing the distribution of school vector fixed effects (chosen in bin 1), and
the simulated ex-ante propensity scores of winning the school lottery (in distance bin 1, and in any
distance bin). The sample comprises surveyed applicants. In the sample of surveyed applicants, there
are a total of 204 unique school vectors that are chosen in bin 1. A total of 193 school vectors out of these
204 vectors contribute to the identifying within-vector variation, i.e., they have at least one winner and
at least one loser within bin 1. Distribution of simulated ex-ante propensity score bins in distance bin 1,
and in any distance bin is also plotted. Here the propensity score bins are 0.01 interval wide.
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Figure A3: English and Math questions asked during phone based assessments

Notes: This table shows the list of questions asked to children during phone-based assessments. For
all questions, the question was said in Hindi, but the key phrases/numbers were said in English. For
example, the following things were said in English - the phrase in quotes "What is your name" and
"What is your gender" (for question 1); English Alphabet (for question 2); the words "Boat" and "Swim"
(for question 3, 4); numbers like 9 chocolates, 20 chocolates etc. (for questions 5-9).
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Figure A4: Distribution of annual school fee for RTE private schools

Notes: This histogram shows the distribution of annual school fee (in INR) for all the RTE private
schools in Maharashtra. The data comes from the official website of the State Department of Education,
Maharashtra.
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Figure A5: Factor loadings from first component of PCA

Notes: This shows the factor loadings on each of the variable that is used in the construction of the
school quality index using principal component analysis. The first component explains 18% variation
in the data.
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Figure A6: Tabulating eliteness across fee and PCA index measure

Notes: This provides a cross-tabulation of schools chosen by lottery winners, based on whether the
school is categorized as elite or budget as per the PCA index measure and the school fee measure.
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Figure A7: Robustness: LATE of being a RTE quota student on phone-based assess-
ments

Notes: This figure plots the LATE of enrolling as an RTE student on children’s performance in English
and Math. It shows how the LATE changes as the number of bins of ex-ante propensity scores of
winning are increased. The within comparisons become stricter as the number of propensity score
bins are increased. The number of propensity score bins vary from 10, 15, 20, ..., 100. This utilizes the
within variation resulting from comparison of treated and control students who have a similar ex-ante
propensity of winning.
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Figure A8: Robustness: Histogram of birth year and month

Notes: This figure shows the histogram of birth year-months for applicants to grade 1 private school
lotteries under RTE policy in the 2020-21 school year. The left panel shows the distribution for the pop-
ulation and the right panel shows it for the sample. Some missing values exist. Birth year-months given
by 2012-11 and 2013-06 are pertaining to only disability quota applicants and only appear in the popu-
lation histogram. Disability quota is chosen very rarely and constitutes only 0.6% of the applications in
the population. My sample does not contain any disability quota applicants. The majority of applica-
tions for grade 1 in 2020-21 school year can be seen as coming from those born in July 2013 and October
2014. Among these, applicants born between July 2014 and October 2014 are age-eligible to re-apply
for grade 1 in the following year i.e., during the 2021-22 RTE lotteries. In one of my robustness checks,
I remove these applicants who were still age-eligible to re-apply for the RTE lotteries in the 2021-22
school year, and find that my results are robust to removing them.
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Table A1: Summary statistics
Variable N Mean SD Min Max
Characteristics of applicants in Phone Survey
Winner (distance bin 1) 2,329 0.44 0.50 0 1
Winner (any distance bin) 2,329 0.45 0.50 0 1
Waitlisted (any distance bin) 2,329 0.26 0.44 0 1
Loser 2,329 0.29 0.46 0 1
Age 2,329 7.62 0.33 7.05 8.34
Male 2,329 0.55 0.50 0 1
Number of schools chosen (RTE application) 2,329 4.86 2.89 1 10
Applied under low income quota 2,329 0.28 0.45 0 1
Schooling details for applicants
Academic year: 2020-21
School enrollment 2,329 0.89 0.31 0 1
School provides instruction 2,083 0.89 0.31 0 1
Academic year: 2021-22
School enrollment 2,329 0.97 0.18 0 1
School provides instruction 2,255 0.98 0.14 0 1
School is Private 2,255 0.88 0.32 0 1
School is English medium 2,255 0.94 0.25 0 1
Instructional days at school 2,255 5.30 1.42 0 7
Number of subjects taught 2,107 5.93 1.85 1 12
Monetary investments in applicants
Any educational expense (in the past year) 2,227 0.93 0.26 0 1
Annual educational expenses (INR; in the past year) 2,227 3,514 3,234 0 24,000
Time investments in applicants
Child gets help with homework in the household 2,329 0.93 0.26 0 1
Hours of household help with homework (hours per week) 2,329 9.50 5.91 0 49
Time use of applicants
Attending school (hours per week) 2,329 12 7.98 0 36
Attending tuition (hours per week) 2,329 4.67 6.10 0 21
Doing homework (hours per day) 2,329 1.40 0.73 0 3.30
Playing (hours per day) 2,328 2.45 1.18 0 6
Watching Television (hours per day) 2,322 1.10 0.91 0 4
Helping with household chores (hours per day) 2,329 0.39 0.40 0 2
Performance on phone assessments by applicants
English score (standardized) 695 -0.00 1.00 -1.56 1.92
Math score (standardized) 695 -0.00 1.00 -1.81 1.91
Parental education
Mother’s education > primary 2,329 0.62 0.49 0 1
Fathers’s education > primary 2,329 0.54 0.50 0 1
Household characteristics
Number of household members 2,329 5.14 2.10 2 20
Number of siblings of applicant child 2,329 0.88 0.57 0 5
General Caste 2,329 0.26 0.44 0 1
Scheduled Caste 2,329 0.25 0.43 0 1
Scheduled Tribe 2,329 0.04 0.19 0 1
Other Backward Class (OBC) 2,329 0.46 0.50 0 1
Hindu 2,329 0.81 0.39 0 1
Muslim 2,329 0.09 0.29 0 1
Buddhist 2,329 0.09 0.29 0 1
Other religion 2,329 0.01 0.09 0 1
Household SES index (PCA) 2,329 0.00 1.21 -2.51 6.23
Annual household earnings (INR 1000) 2,001 180 132 2.40 1,200

Notes: This table shows the summary statistics of survey participants who comprise the sample. Most of the data in this table
comes from phone-survey data conducted during the months of Nov-Dec 2021 (18 months after RTE results came out). Char-
acteristics of applicants, religion, and caste information comes from the administrative data of RTE applications. Some of the
variables are conditional on other variables, such as indicator of whether school provides instruction, and other variables under
schooling details, are conditioned on school enrollment. Monetary investments are asked for the past year i.e., 2020-21, and in-
cludes expenses on child’s education on stationary, books etc. (excluding school fee). Time investments by parents and household
members is calculated by asking about time spent helping child with educational activities on a typical day of the week in the
past week (along with number of days). Applicants’ time use is calculated by asking about time spent on each activity on a typical
day in the past week, and additionally, number of days per week for variables that measure weekly hours. English and Math
scores are standardized - the English assessment had four questions, the Math assessment had five questions. Household SES
index is created using Principal Components Analysis using data on asset ownership of television, air conditioner, two-wheeler,
and four-wheeler.
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Table A2: Balance in baseline characteristics
(1) (2) (3)

Variable Non winners (any bin) Winners (any bin) Difference ((2)-(1))
Age of applicant (as on 1st Nov 2021) 7.622 7.611 -0.014

(0.326) (0.329) (0.014)
Male 0.545 0.560 0.012

(0.498) (0.497) (0.021)
Schools chosen overall (RTE application) 4.935 4.759 -0.094

(2.905) (2.877) (0.113)
Applied under low income quota 0.288 0.275 -0.015

(0.453) (0.447) (0.019)
Mother’s education > primary 0.871 0.890 0.022

(0.336) (0.313) (0.014)
Father’s education > primary 0.822 0.849 0.030*

(0.383) (0.359) (0.016)
Number of household members 5.130 5.149 0.028

(2.119) (2.078) (0.089)
Number of siblings of applicant 0.881 0.874 -0.011

(0.586) (0.544) (0.024)
General Caste 0.261 0.251 -0.012

(0.439) (0.434) (0.018)
Scheduled Caste 0.259 0.233 -0.023

(0.439) (0.423) (0.018)
Scheduled Tribe 0.038 0.034 -0.006

(0.191) (0.181) (0.008)
Other Backward Classes 0.442 0.482 0.042**

(0.497) (0.500) (0.021)
Hindu 0.795 0.823 0.030*

(0.404) (0.382) (0.017)
Muslim 0.097 0.086 -0.011

(0.296) (0.280) (0.012)
Buddhist 0.098 0.086 -0.014

(0.298) (0.280) (0.012)
Other religion 0.010 0.006 -0.004

(0.100) (0.076) (0.004)
Household SES index (PCA) 0.057 -0.071 -0.117**

(1.250) (1.145) (0.051)
Annual income from survey (INR 1000) 189.750 163.519 -25.531***

(127.564) (105.862) (5.405)
Observations 1,291 1,038 2,329

Notes: This table shows the balance in baseline characteristics across non-winning and winning applicants (in any bin). The
differences in column (3) control for the fixed effects of ex-ante propensity of winning the lottery in any bin such that the compar-
isons across winners and losers are for ex-ante similar applicants. Columns (1) and (2) contain the mean and standard deviation of
the variables for non-winners and winners. Column (3) contains the coefficient in front of the dummy of being a winner from the
regression of the outcome variable (displayed in the rows) on the dummy of winning, after controlling for the ex-ante propensity
of winning in any bin (propensity score bins are 0.01 wide). Column (3) shows standard errors in parentheses.
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Table A3: Attrition: participation in the phone survey
Panel A: Sample includes everyone who was ever called for phone surveys

(1) (2) (3)
Participation, Participation, Difference ((2)-(1))

Survey = 0 Survey = 1
Winner (any distance bin) 0.394 0.446 0.057***

(0.489) (0.497) (0.016)
Age of applicant (as on 1st Nov 2021) 7.639 7.617 -0.022**

(0.335) (0.328) (0.011)
Male 0.523 0.547 0.027*

(0.500) (0.498) (0.016)
Schools chosen overall (RTE application) 4.753 4.857 0.055

(2.928) (2.893) (0.065)
Applied under low income quota 0.296 0.282 0.010

(0.457) (0.450) (0.013)
General Caste 0.265 0.257 0.016

(0.441) (0.437) (0.013)
Scheduled Caste 0.250 0.248 0.002

(0.433) (0.432) (0.013)
Scheduled Tribe 0.033 0.036 -0.002

(0.179) (0.186) (0.006)
Other Backward Classes 0.452 0.459 -0.016

(0.498) (0.498) (0.015)
Hindu 0.794 0.807 0.020*

(0.404) (0.395) (0.012)
Muslim 0.102 0.092 -0.008

(0.303) (0.289) (0.008)
Buddhist 0.093 0.093 -0.008

(0.290) (0.290) (0.009)
Other religion 0.011 0.008 -0.003

(0.104) (0.090) (0.003)
Observations 1,930 2,329 4,259

Panel B: Sample includes everyone who agreed to participate in surveys
(1) (2) (3)

Participation, Participation, Difference ((2)-(1))
Phone Assessments = 0 Phone Assessments = 1

Winner (any distance bin) 0.437 0.466 0.026
(0.496) (0.499) (0.024)

Age of applicant (as on 1st Nov 2021) 7.610 7.635 0.029*
(0.332) (0.316) (0.016)

Male 0.575 0.479 -0.099***
(0.494) (0.500) (0.024)

Schools chosen overall (RTE application) 4.765 5.072 0.147
(2.881) (2.913) (0.094)

Applied under low income quota 0.285 0.275 -0.015
(0.452) (0.447) (0.019)

General Caste 0.260 0.249 -0.012
(0.439) (0.433) (0.019)

Scheduled Caste 0.242 0.260 0.002
(0.429) (0.439) (0.020)

Scheduled Tribe 0.035 0.039 -0.001
(0.184) (0.193) (0.009)

Other Backward Classes 0.463 0.452 0.011
(0.499) (0.498) (0.022)

Hindu 0.810 0.800 -0.014
(0.392) (0.400) (0.018)

Muslim 0.091 0.095 0.005
(0.287) (0.293) (0.012)

Buddhist 0.091 0.098 0.011
(0.287) (0.297) (0.013)

Other religion 0.009 0.007 -0.003
(0.092) (0.085) (0.004)

Observations 1,634 695 2,329

Notes: This table shows the balance across survey respondents and non-respondents. The sample comprises all the applicants
who were ever called for phone-surveys. Column (2) comprises those who agreed to be interviewed and with whom interviews
were successfully conducted and column (1) comprises those who did not agree to be interviewed and with whom interviews
were not conducted. Columns (1) and (2) contain the mean and standard deviation of the variables for non-participants and
participants. Column (3) contains the coefficient in front of the dummy of participation from the regression of the outcome
variable (displayed in the rows) on the dummy of participation. The regressions control for the fixed effects of ex-ante propensity
of winning in any bin. Column (3) shows standard errors in parentheses. Winner is a dummy that takes value = 1 for those
who won the lottery to a school in any bin. Winning households are slightly more like to participate in the survey relative to the
non-winning households.

58



Table A4: Characteristics of lottery compliers, always- and never-takers in Maharashtra’s RTE
Compliers

Variable Untreated Treated Always-takers Never-takers
(1) (2) (3) (4)

Male 0.545 0.560 0.561 0.540
(0.019) (0.017) (0.010) (0.010)

Low income quota applicant 0.295 0.276 0.300 0.248
(0.017) (0.015) (0.009) (0.009)

Caste quota applicant 0.704 0.723 0.699 0.751
(0.017) (0.015) (0.009) (0.009)

General caste 0.274 0.258 0.263 0.201
(0.017) (0.015) (0.009) (0.008)

Scheduled Caste 0.245 0.216 0.299 0.302
(0.017) (0.014) (0.009) (0.009)

Scheduled tribe 0.043 0.035 0.019 0.016
(0.007) (0.006) (0.002) (0.002)

Other caste 0.437 0.489 0.417 0.480
(0.019) (0.017) (0.010) (0.010)

Hindu 0.796 0.833 0.796 0.773
(0.015) (0.013) (0.008) (0.009)

Muslim 0.096 0.082 0.106 0.094
(0.011) (0.009) (0.006) (0.006)

Buddhist 0.094 0.077 0.096 0.123
(0.011) (0.009) (0.006) (0.007)

Mother education > primary 0.868 0.897 0.903 0.849
(0.013) (0.010) (0.006) (0.007)

Father education > primary 0.822 0.859 0.752 0.846
(0.015) (0.013) (0.009) (0.008)

Mother works 0.233 0.212 0.230 0.260
(0.016) (0.014) (0.009) (0.009)

Father works 0.943 0.946 0.949 0.967
(0.008) (0.007) (0.004) (0.003)

Share of observations .81 .07 .12

Notes: This table reports the estimates of average baseline characteristics of compliers, always-takers, and never-takers among
lottery applicants to private schools under Maharashtra’s RTE quotas. Means are computed from 2SLS and OLS regressions
that control for lottery risk set indicators (or,ex-ante propensity scores of winning the lottery), as described in Abadie (2002) (see
Appendix Section C.1 for details on implementation). Robust standard errors in parentheses.
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Table A5: Counterfactual densities for Maharashtra’s RTE Compliers
RTE Private school

Destiny Z=0

(1)

Fee-paying student at RTE Private school 0.564
(0.019)

Fee-paying student at Non-RTE Private school 0.112
(0.013)

Government school 0.191
(0.015)

Out-of-school 0.052
(0.009)

At school (but can’t match school) 0.087
(0.011)

Pscores of winning Yes

Notes: This table reports the share of untreated (Z=0) compliers enrolled at particular fallback school types among applicants to
Maharashtra’s RTE private school lotteries. Means are computed from 2SLS regressions that control for the ex-ante propensity
scores of winning the lottery, as described in Abadie (2002). I describe the implementation of this in Appendix Section C.1.
Among lottery losers, there are some children for whom the school name and the official school code could not be matched
with the administrative data on the population of schools. Thus, for these children the school sector – private, government, or
out-of-school – is missing. It is for this reason that the counterfactual destinies don’t add up to one. Robust standard errors in
parentheses.
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Table A6: LATE of being a RTE quota student on school quality index
Joint Infrastructure Digital Teacher Peer SES
index index index index index

(1) (2) (3) (4) (5)

Enrolled as RTE student 0.613*** 0.329*** 0.434*** 0.411*** 0.219***
(0.050) (0.053) (0.052) (0.052) (0.048)

First stage F-stat 3,608.10 3,608.10 3,608.10 3,608.10 3,608.10
Outcome mean -0.00 0.00 0.00 0.00 -0.00
Control mean -0.27 -0.15 -0.15 -0.21 -0.11
Observations 2,086 2,086 2,086 2,086 2,086
R2 0.20 0.10 0.14 0.14 0.28
Pscores of winning Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment effect
of attending a private school as a quota student on school quality, when the instrument is winning the lottery in any bin. Controls
include - sex and age of child, dummy of father’s and mother’s education being greater than the mean, dummy of low income
quota applicant, SES index, dummies of caste categories, and religion. Simulated ex-ante propensity scores of winning the lottery
in any distance bin are controlled. Results are robust to increasing the number of propensity score bins. Robust standard errors
in parentheses.
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Table A7: LATE of being a RTE quota student on subjects taught
Math English Marathi Hindi Science Environmental studies

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

Enrolled as RTE student 0.017 0.028** -0.001 0.112*** 0.021 0.113***
(0.014) (0.014) (0.019) (0.022) (0.020) (0.026)

First stage F-stat 3,877.71 3,877.71 3,877.71 3,877.71 3,877.71 3,877.71
Outcome mean 0.92 0.93 0.84 0.78 0.18 0.53
Control mean 0.91 0.92 0.84 0.73 0.17 0.48
Observations 2,255 2,255 2,255 2,255 2,255 2,255
R2 0.07 0.06 0.05 0.09 0.05 0.10
Pscores of winning Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes

Computers General knowledge Art/craft Music Dance Physical education

(7) (8) (9) (10) (11) (12)

Enrolled as RTE student 0.136*** 0.096*** 0.108*** 0.067*** 0.049*** -0.000
(0.024) (0.024) (0.024) (0.013) (0.012) (0.011)

First stage F-stat 3,877.71 3,877.71 3,877.71 3,877.71 3,877.71 3,877.71
Outcome mean 0.29 0.32 0.31 0.07 0.05 0.95
Control mean 0.23 0.27 0.27 0.04 0.03 0.96
Observations 2,255 2,255 2,255 2,255 2,255 2,255
R2 0.08 0.08 0.09 0.08 0.08 0.06
Pscores of winning Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment effect
of attending a private school as a quota student on the subjects taught at school when the instrument is winning the lottery in
any bin. Outcomes measure the indicator of whether school teaches a particular subject. Controls include - sex and age of child,
dummy of father’s and mother’s education being greater than the mean, dummy of low income quota applicant, SES index,
dummies of caste categories, and religion. Simulated ex-ante propensity scores of winning the lottery in any distance bin are
controlled. Results are robust to increasing the number of propensity score bins. Robust standard errors in parentheses.
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Table A8: Time investments in children by household members: Extensive Margin
Mother Father Grandparents Siblings Uncle/Aunt Neighbors

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

Enrolled as RTE student 0.056*** 0.026 0.010 -0.014 0.000 -0.005
(0.020) (0.023) (0.006) (0.016) (0.010) (0.004)

First stage F-stat 3,916.37 3,916.37 3,916.37 3,916.37 3,916.37 3,916.37
Outcome mean 0.81 0.28 0.01 0.11 0.04 0.01
Control mean 0.79 0.26 0.01 0.11 0.04 0.01
Observations 2,329 2,329 2,329 2,329 2,329 2,329
R2 0.12 0.10 0.04 0.05 0.07 0.02
Pscores of winning (any bin) Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment effect
of attending RTE private schools as a quota student on the indicator of whether a specific household member helps the child with
educational activities. The outcome variables capture the extensive margin of whether child gets any help from mom, dad, and
grandparents. Controls include - sex and age of child, dummy of father’s and mother’s education being greater than the mean,
dummy of low income quota applicant, SES index, dummies of caste categories, and religion. Simulated ex-ante propensity
scores of winning the lottery in any distance bin are controlled. Results are robust to increasing the number of propensity score
bins. Robust standard errors in parentheses.
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Table A9: First stage of winning the RTE lottery (in bin 1) on enrollment as a RTE quota
student

Enrolled as RTE student

(1) (2)

Instrument = Winning lottery in Bin 1 0.790*** 0.787***
(0.013) (0.013)

Outcome mean 0.44 0.44
Control mean 0.09 0.09
Observations 2,329 2,329
R2 0.66 0.64
School vector FE (bin 1) Yes No
Pscores of winning (bin 1) No Yes
Controls Yes Yes

Notes: This table shows the first stage effects of winning the RTE private school lottery in distance bin 1, on enrollment as an RTE
quota student in a private school. Control variables include - sex and age of child, dummy of father’s and mother’s education
being greater than the respective means, indicator of low income quota applicant, household’s SES index, indicator of caste
categories, and religion. Column (1) controls for the fixed effects of school vector chosen in bin 1, and Column (2) controls for the
ex-ante propensity of winning the lottery in bin 1. Results are robust to increasing the number of propensity score bins. Robust
standard errors in parentheses.

64



Table A10: LATE of being a RTE quota student (in bin 1) on enrollment
Enrollment Enrollment Grade 2 and above
(2021-22) (2021-22) (2021-22)

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

Enrolled as RTE student 0.130*** 0.140*** 0.045*** 0.047*** 0.186*** 0.194***
(0.015) (0.016) (0.009) (0.009) (0.017) (0.017)

First stage F-stat 3,589.78 3,751.65 3,617.60 3,776.54 3,611.65 3,772.53
Outcome mean 0.89 0.89 0.97 0.97 0.86 0.86
Control mean 0.84 0.84 0.94 0.94 0.78 0.78
Observations 2,328 2,328 2,328 2,328 2,327 2,327
R2 0.20 0.11 0.13 0.08 0.20 0.15
School vector FE (bin 1) Yes No Yes No Yes No
Pscores of winning (bin 1) No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment effect
of attending a private school as a quota student on children’s enrollment when the instrument is winning the lottery in bin 1. The
outcomes measure the indicator of school enrollment in the two academic years. Controls include - sex and age of child, dummy
of father’s and mother’s education being greater than the mean, dummy of low income quota applicant, SES index, dummies
of caste categories, and religion. Odd numbered columns control for the fixed effects of school vector chosen in bin 1, and even
numbered columns control for the ex-ante propensity of winning the lottery in bin 1. Results are robust to increasing the number
of propensity score bins. Robust standard errors in parentheses.
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Table A11: LATE of being a RTE quota student (in bin 1) on test scores
Test score (standardized)

English Math

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

Enrolled as RTE student 0.169** 0.178* 0.093 0.135
(0.085) (0.091) (0.090) (0.093)

First stage F-stat 947.07 1,194.62 947.07 1,194.62
Outcome mean -0.00 -0.00 -0.00 -0.00
Control mean -0.10 -0.10 -0.09 -0.09
Observations 695 695 695 695
R2 0.41 0.16 0.33 0.11
School vector FE (bin 1) Yes No Yes No
Pscores of winning (bin 1) No Yes No Yes
Controls Yes Yes Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment effect
of attending a private school as a quota student on children’s performance on phone-based assessments when the instrument is
winning the lottery in bin 1. Outcomes measure children’s standardized test scores on English and Math. Controls include - sex
and age of child, dummy of father’s and mother’s education being greater than the mean, dummy of low income quota applicant,
SES index, dummies of caste categories, and religion. Odd numbered columns control for the fixed effects of school vector chosen
in bin 1, and even numbered columns control for the ex-ante propensity of winning the lottery in bin 1. Results are robust to
increasing the number of propensity score bins. Robust standard errors in parentheses.
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Table A12: School characteristics in Elite and Budget schools
Fee PCA

Variable Budget Elite Difference Budget Elite Difference
(1) (2) (3) (4) (5) (6)

Proportion functional toilets (boys) 1.000 0.988 0.000 0.994 0.996 -0.000
(0.000) (0.101) (0.000) (0.079) (0.030) (0.000)

Proportion functional toilets (girls) 0.995 0.988 0.012 0.990 0.996 0.009
(0.059) (0.101) (0.015) (0.095) (0.030) (0.015)

School building is privately owned 0.437 0.602 0.172 0.356 0.870 0.464***
(0.498) (0.492) (0.108) (0.480) (0.339) (0.100)

School building has pucca boundary 0.778 0.971 0.009 0.812 0.986 0.142**
(0.417) (0.169) (0.068) (0.392) (0.120) (0.067)

School has library 0.937 0.981 0.016 0.938 1.000 0.100*
(0.245) (0.139) (0.058) (0.243) (0.000) (0.058)

School has playground 0.905 0.981 0.051 0.925 0.971 0.062
(0.295) (0.139) (0.062) (0.264) (0.169) (0.063)

School has computer lab 0.143 0.350 0.125 0.156 0.420 0.265***
(0.351) (0.479) (0.078) (0.364) (0.497) (0.076)

School has internet 0.849 1.000 0.139** 0.881 1.000 0.161**
(0.359) (0.000) (0.065) (0.325) (0.000) (0.065)

Laptops per pupil 0.003 0.005 0.004 0.003 0.005 0.005*
(0.005) (0.013) (0.003) (0.007) (0.014) (0.003)

Desktops per pupil 0.025 0.037 0.007 0.023 0.046 0.025***
(0.028) (0.034) (0.008) (0.026) (0.037) (0.008)

Printers per pupil 0.004 0.005 0.001 0.004 0.005 0.002*
(0.003) (0.004) (0.001) (0.003) (0.005) (0.001)

Digiboards per pupil 0.002 0.008 0.007*** 0.002 0.011 0.008***
(0.005) (0.011) (0.002) (0.005) (0.012) (0.002)

School is English medium 0.849 1.000 0.169** 0.881 1.000 0.166**
(0.359) (0.000) (0.071) (0.325) (0.000) (0.072)

Prop. of teachers trained in computer 0.449 0.628 0.255*** 0.511 0.571 -0.013
(0.386) (0.367) (0.088) (0.386) (0.388) (0.092)

Prop. of teachers who are graduates 0.736 0.859 0.074 0.759 0.867 0.079
(0.292) (0.197) (0.055) (0.281) (0.186) (0.055)

Prop. of teachers with Bachelors in Education 0.421 0.682 0.200*** 0.462 0.716 0.213***
(0.282) (0.192) (0.057) (0.281) (0.167) (0.058)

Prop. of full time teachers 0.673 0.759 0.005 0.725 0.680 -0.157*
(0.417) (0.362) (0.095) (0.394) (0.397) (0.094)

Prop. of contract teachers 0.316 0.232 0.011 0.268 0.303 0.149
(0.415) (0.364) (0.093) (0.392) (0.403) (0.093)

Prop. of part-time teachers 0.011 0.009 -0.016 0.007 0.017 0.008
(0.065) (0.027) (0.015) (0.047) (0.060) (0.015)

Prop. of teachers < 55 years 0.953 0.965 0.009 0.951 0.975 0.049**
(0.107) (0.068) (0.021) (0.106) (0.038) (0.020)

Prop. of teachers not involved in non-teaching tasks 0.859 0.919 -0.015 0.855 0.959 0.068
(0.295) (0.234) (0.059) (0.302) (0.159) (0.060)

Teachers per pupil 0.037 0.040 0.010 0.037 0.042 0.010
(0.029) (0.019) (0.006) (0.027) (0.021) (0.006)

Prop. of general caste category students 0.273 0.527 0.097*** 0.334 0.512 0.075***
(0.283) (0.271) (0.025) (0.296) (0.290) (0.026)

Observations 126 103 229 160 69 229

Notes: This table shows the balance in school characteristics for elite and budget schools, where eliteness is defined using the two
measures: school fee and PCA index. Schools lying above the 75th percentile value in the distribution of fee and PCA index of all
the private schools in the state are classified as elite schools, and classified as budget, otherwise. The sample comprises schools
being attended by lottery winners. Columns (1), (2), (3), and (4) show the mean and standard-deviations of the characteristics for
budget and elite schools based on the two quality measures. Columns (3) and (4) contain the coefficient on the indicator of "school
is elite" from the regression of the outcome variable (dispalyed in rows) on the indicator of school being elite, after controlling for
the geography fixed effects at the village level (standard errors in parentheses).
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Table A13: Correlation between fee-based school eliteness and PCA-based school eliteness
School Fee

(log)

(1)

School quality index (standardized) 0.272***
(0.015)

Outcome mean 9.51
Observations 4,019
R2 0.51
Village FE Yes

Notes: This table shows the regression of the log of school fee on the school quality index on the population of RTE schools for
whom there is non-missing data on school fee.
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Table A14: LATE of attending an elite schools as a RTE quota student on subjects taught
Math English Marathi Hindi Science Envt Comp- General Art/ Music Dance Phys

studies uters knowledge craft ed

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Panel A: Elite based on Fee
RTE student 0.014 0.029 -0.043 -0.020 -0.111** 0.033 0.054 0.241*** 0.145** 0.138*** 0.085** -0.013
Elite school (0.036) (0.033) (0.051) (0.054) (0.055) (0.070) (0.067) (0.067) (0.069) (0.041) (0.036) (0.032)

F-stat 1,090 1,090 1,090 1,090 1,090 1,090 1,090 1,090 1,090 1,090 1,090 1,090
Outcome mean 0.93 0.94 0.85 0.83 0.18 0.59 0.35 0.36 0.36 0.10 0.08 0.95
Control mean 0.92 0.93 0.84 0.79 0.18 0.52 0.26 0.28 0.32 0.03 0.02 0.95
Observations 965 965 965 965 965 965 965 965 965 965 965 965
R2 0.08 0.08 0.08 0.08 0.07 0.08 0.12 0.12 0.06 0.17 0.16 0.10
Pscores Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Panel B: Elite based on PCA
RTE student 0.039 0.025 0.072 0.015 -0.057 0.153* 0.117 0.182** 0.041 0.121** 0.126*** 0.004
Elite school (0.042) (0.038) (0.058) (0.061) (0.063) (0.078) (0.076) (0.076) (0.077) (0.047) (0.042) (0.035)

F-stat 1,099 1,099 1,099 1,099 1,099 1,099 1,099 1,099 1,099 1,099 1,099 1,099
Outcome mean 0.93 0.94 0.84 0.82 0.19 0.58 0.35 0.36 0.36 0.10 0.07 0.95
Control mean 0.92 0.93 0.85 0.80 0.20 0.53 0.31 0.33 0.36 0.07 0.06 0.96
Observations 1,011 1,011 1,011 1,011 1,011 1,011 1,011 1,011 1,011 1,011 1,011 1,011
R2 0.07 0.08 0.07 0.07 0.05 0.08 0.08 0.09 0.07 0.09 0.05 0.10
Pscores Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment effect
of attending elite RTE private schools as a quota student, on the subjects taught at child’s school. The sample is restricted to lottery
winners. Envt studies refers to Environment studies, and Phy Ed refers to Physical Education. Control variables include - sex and
age of child, dummy of father’s and mother’s education being greater than the respective means, indicator of low income quota
applicant, household’s SES index, indicator of caste categories, and religion. Simulated ex-ante propensity scores of winning the
lottery in any distance bin are controlled. Results are robust to increasing the number of propensity score bins. Robust standard
errors in parentheses.
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Table A15: First stage (varying the elite cutoff)
RTE student at Elite school

Elite (PCA) Elite (Fee)

(1) (2)

Panel A: Eliteness defined at 50th pctile
Won RTE lottery at Elite school 0.878*** 0.881***

(0.032) (0.031)

Outcome mean 0.67 0.65
Control mean 0.00 0.00
Observations 1,019 973
R2 0.70 0.72
Pscores of winning at elite Yes Yes
Controls Yes Yes
Avg quality (Elite=1) 3.79 37143.46
Avg quality (Elite=0) 1.56 10292.29

RTE student at Elite school

Elite (PCA) Elite (Fee)

(1) (2)

Panel B: Eliteness defined at 90th pctile
Won RTE lottery at Elite school 0.865*** 0.850***

(0.022) (0.026)

Outcome mean 0.10 0.31
Control mean 0.00 0.00
Observations 1,019 973
R2 0.89 0.86
Pscores of winning at elite Yes Yes
Controls Yes Yes
Avg quality (Elite=1) 4.96 54733.34
Avg quality (Elite=0) 2.71 16090.5

Notes: This table shows the first stage effects of winning the RTE private school lottery at an elite school on enrollment at an elite
school as a quota student. Here, I present the results with two different percentile cutoffs of eliteness - at 50th and 90th percentile in
panel A and B, respectively. The sample is restricted to lottery winners. Control variables include - sex and age of child, dummy
of father’s and mother’s education being greater than the respective means, indicator of low income quota applicant, household’s
SES index, indicator of caste categories, and religion. Simulated ex-ante propensity scores of winning the lottery in any distance
bin are controlled. Results are robust to increasing the number of propensity score bins. Robust standard errors in parentheses.
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Table A16: LATE of attending elite schools on performance on tests
(varying the elite cutoff)

English Math English Math

Elite (PCA) Elite (Fee)

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

Panel A: Eliteness defined at 50th pctile
RTE student at Elite school 0.083 0.256 0.189 0.241

(0.252) (0.250) (0.217) (0.220)

First stage F-stat 229.44 229.44 333.36 333.36
Outcome mean 0.04 0.06 0.05 0.06
Control mean -0.12 -0.08 -0.18 -0.19
Observations 318 318 303 303
R2 0.12 0.15 0.16 0.18
Pscores of winning at elite Yes Yes Yes Yes
Controls Yes Yes Yes Yes

English Math English Math

Elite (PCA) Elite (Fee)

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

Panel B: Eliteness defined at 90th pctile
RTE student at Elite school 0.219 0.510 0.024 -0.094

(0.421) (0.422) (0.308) (0.309)

First stage F-stat 1,821.94 1,821.94 567.59 567.59
Outcome mean 0.04 0.06 0.05 0.06
Control mean 0.02 0.02 -0.07 -0.02
Observations 318 318 303 303
R2 0.11 0.12 0.14 0.17
Pscores of winning at elite Yes Yes Yes Yes
Controls Yes Yes Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment
effect of attending elite RTE private schools as a quota student, on children’s performance on phone based assessments. The
results correspond to the 50th and 90th percentile cutoffs of eliteness in panel A and B, respectively. The sample is restricted to
lottery winners. As before, the number of observations is smaller here because the phone-based assessment on English and Math
is available only for a subsample of lottery winners. Control variables include - sex and age of child, dummy of father’s and
mother’s education being greater than the respective means, indicator of low income quota applicant, household’s SES index,
indicator of caste categories, and religion. Simulated ex-ante propensity scores of winning the lottery in any distance bin are
controlled. Results are robust to increasing the number of propensity score bins. Robust standard errors in parentheses.

71



Table A17: LATE of attending elite schools on school instruction
(varying the elite cutoff)

Synchronous Recordings Text-based Synchronous Recordings Text-based
classes shared activity plans classes shared activity plans
(online) (audio/video) (WhatsApp/SMS) (online) (audio/video) (WhatsApp/SMS)

Elite (PCA) Elite (Fee)

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

Panel A: Eliteness defined at 50th pctile
Quota student at Elite school 0.195*** -0.021 -0.162** 0.244*** -0.110** -0.194***

(0.050) (0.046) (0.068) (0.046) (0.045) (0.066)

First stage F-stat 788.37 788.37 788.37 864.10 864.10 864.10
Outcome mean 0.83 0.13 0.53 0.83 0.13 0.53
Control mean 0.73 0.13 0.55 0.65 0.18 0.60
Observations 1,005 1,005 1,005 959 959 959
R2 0.16 0.07 0.09 0.23 0.07 0.11
Pscores of winning at elite Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes

Synchronous Recordings Text-based Synchronous Recordings Text-based
classes shared activity plans classes shared activity plans
(online) (audio/video) (WhatsApp/SMS) (online) (audio/video) (WhatsApp/SMS)

Elite (PCA) Elite (Fee)

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

Panel B: Eliteness defined at 90th pctile
Quota student at Elite school 0.108 -0.005 0.257* 0.196*** -0.018 -0.128

(0.103) (0.092) (0.139) (0.063) (0.058) (0.083)

First stage F-stat 1,453.58 1,453.58 1,453.58 1,326.33 1,326.33 1,326.33
Outcome mean 0.83 0.13 0.53 0.83 0.13 0.53
Control mean 0.81 0.13 0.52 0.77 0.15 0.58
Observations 1,005 1,005 1,005 959 959 959
R2 0.08 0.04 0.04 0.11 0.06 0.11
Pscores of winning at elite Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment effect
of attending elite RTE private schools as a quota student, on school’s instruction modality. The results correspond to the 50th and
90th percentile cutoffs of eliteness in panel A and B, respectively. Control variables include - sex and age of child, dummy of
father’s and mother’s education being greater than the respective means, indicator of low income quota applicant, household’s
SES index, indicator of caste categories, and religion. Simulated ex-ante propensity scores of winning the lottery in any distance
bin are controlled. Results are robust to increasing the number of propensity score bins. Robust standard errors in parentheses.
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Table A18: LATE of attending elite schools on children’s time use
(varying the elite cutoff)

School Tuition Homework School Tuition Homework
(after school) (after school)

(hrs/week) (hrs/week) (hrs/day) (hrs/week) (hrs/week) (hrs/day)

Elite (PCA) Elite (Fee)

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

Panel A: Eliteness defined at 50th pctile
Quota student at Elite school 2.874*** -0.405 0.091 3.272*** -0.825 -0.006

(0.985) (0.815) (0.095) (0.988) (0.810) (0.095)

First stage F-stat 725.95 725.95 725.95 750.79 750.79 750.79
Outcome mean 13.58 4.43 1.51 13.57 4.49 1.52
Control mean 12.60 4.30 1.45 12.18 4.49 1.45
Observations 1,019 1,019 1,019 973 973 973
R2 0.13 0.09 0.06 0.13 0.10 0.06
Pscores of winning at elite Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes

School Tuition Homework School Tuition Homework
(after school) (after school)

(hrs/week) (hrs/week) (hrs/day) (hours/week) (hrs/week) (hrs/day)

Elite (PCA) Elite (Fee)

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

Panel B: Eliteness defined at 90th pctile
Quota student at Elite school 2.885 -2.674 0.312 0.528 0.040 -0.290**

(2.053) (1.650) (0.194) (1.304) (1.047) (0.124)

First stage F-stat 1,331.97 1,331.97 1,331.97 985.43 985.43 985.43
Outcome mean 13.58 4.43 1.51 13.57 4.49 1.52
Control mean 13.38 4.58 1.50 12.86 4.58 1.51
Observations 1,019 1,019 1,019 973 973 973
R2 0.07 0.08 0.04 0.08 0.09 0.03
Pscores of winning at elite Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment
effect of attending elite RTE private schools as a quota student, on children’s time use. The results correspond to the 50th and
90th percentile cutoffs of eliteness in panel A and B, respectively. Control variables include - sex and age of child, dummy of
father’s and mother’s education being greater than the respective means, indicator of low income quota applicant, household’s
SES index, indicator of caste categories, and religion. Simulated ex-ante propensity scores of winning the lottery in any distance
bin are controlled. Results are robust to increasing the number of propensity score bins. Robust standard errors in parentheses.
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Table A19: Robustness to Attrition using Inverse-Probability Reweighting
English Math

(1) (2)

Enrolled as RTE student 0.332*** 0.293**
(0.126) (0.119)

Total observations 695 695
Treatment observations 324 324
Control observations 371 371

Notes: This table shows the results for the LATE of attending private schools as a quota student on children’s test scores, by using
inverse probability weighting to account for the differential probability of attrition or non-response based on baseline observables.
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Table A20: Robustness: Excluding young applicants to estimate LATE of being a quota stu-
dent on test scores

Test score (standardized)

English Math

(1) (2)

Enrolled as RTE student 0.169* 0.180*
(0.097) (0.103)

First stage F-stat 1,054.22 1,054.22
Outcome mean -0.01 -0.01
Control mean -0.10 -0.11
Observations 590 590
R2 0.14 0.08
Pscores of winning Yes Yes
Controls Yes Yes

Notes: This table shows the results for the LATE of attending private schools as a quota student on children’s test scores, by
excluding young applicants from the sample who are age-eligible to apply again under RTE in the year 2021-22.
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Table A21: Robustness: LATE of being a quota student on school instruction
School provides Synchronous Recordings shared Text based activity plans

instruction (online) (audio/video) (WhatsApp/SMS)
(2021-22) (2021-22) (2021-22) (2021-22)

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

Enrolled as RTE student 0.020*** 0.152*** -0.069*** -0.085***
(0.005) (0.019) (0.015) (0.025)

First stage F-stat 3,562.84 3,557.02 3,557.02 3,557.02
Outcome mean 0.99 0.80 0.10 0.57
Control mean 0.98 0.75 0.13 0.59
Observations 2,255 2,238 2,238 2,238
R2 0.05 0.18 0.10 0.11
Pscores of winning Yes Yes Yes Yes
Controls Yes Yes Yes Yes

Notes: This table reports the estimated coefficient βLATE from the 2SLS regression that estimates the local average treatment effect
of attending a private school as a quota student on school instruction and school modality. This table uses a new variable which
is generated such that it is unique at the school level, and captures a unique response to each school being attended in the sample.
To do this, I recode the new variable equal to the value that is reported by the majority of the applicants (at least 50%) attending
that school. For example, if more than 50% children attending school A say that school was providing instruction, then I code
the variable to reflect that school A was providing instruction (for each child who is enrolled at that school, regardless of their
original response). Column (1) looks at the dummy of whether school provides any instruction in the 2020-21 academic year,
and columns (2), (3), and (4) look at the instructional modality offered by school. Thus, the outcome here is recoded such that
there is a unique value associated with each school. Controls include - sex and age of child, dummy of father’s and mother’s
education being greater than the mean, dummy of low income quota applicant, SES index, dummies of caste categories, and
religion. Robust standard errors in parentheses.
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B Appendix: Lottery Algorithm, Sampling, and Simula-

tion of Algorithm

B.1 Lottery algorithm

Here I explain the lottery algorithm that is implemented for RTE 25% quotas in the
state of Maharashtra.

Part 1: Direct offer of admission to winners

1. Schools are arranged in the descending order of total applications received under
the policy in the previous year. Based on this rank ordering, each school gets their
turn to do the allotment of students in the current year.

2. There are three rounds in which the allotment happens. Each round corresponds
to one of the three distance bins in which schools receive applications.

Round 1- schools that receive applications in bin 1.

3. The first round comprises each school that received non-zero applications from
students who applied to the school in distance bin 1 and allotment is done only
for students who applied to these schools in bin 1.

4. The top school (as determined by the rank ordering of schools) allocates seats by
lottery if the count of applications received in bin 1 > seats at the school. The
school allocates seats to all bin 1 applicants without any lottery if the count of
applications received in bin 1 ≤ seats. Within the bin, all applicants are treated
equally and thus have the same ex-ante probability of being selected in the lot-
tery.49 All the applicants who are matched to this school are removed from
the consideration set and only unmatched applicants are considered for further
matching. The school is removed from further matching if it has exhausted all
its vacancies.50

5. Revised bin-level demand is calculated for all the remaining schools. The previ-
ous step is repeated for the next school based on the rank ordering list of schools.
The school conducts a lottery based admission if the revised demand by bin 1 ap-
plicants exceeds the number of vacancies at school. This process is iterated over
all the schools, while maintaining the same initial rank ordering.

49This mechanism satisfies the Equal Treatment of Equals (ETE) property following Abdulkadiroğlu,
Angrist, Narita and Pathak (2017). ETE is said to satisfy when students with the same preferences and
priorities have the same chance of getting allocated at any given school.

50If a school conducts a lottery to admit children in round 1 (i.e., for those who applied in the nearest
distance bin), then this means that the school will not admit students who applied in the other two
distance bins.
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6. After the end of round 1, all applicants have been considered at all their bin 1
school choices and all schools have tried to allot any available seats by offering
them to their respective bin 1 applicants.

Round 2- schools (with vacancies) that have applications from unalloted applicants in bin 2

7. Next is the second round. The second round comprises schools which have non-
zero vacancies and have non-zero applications from those who applied here in
bin 2, based on revised bin-level demand at the end of round 1. In this round,
allotment is only done for applicants who (i) failed to get a seat in round 1 and
had applied somewhere in bin 2, and (ii) applicants who only applied to bin 2
schools.

8. The allotment process is same as before. The top school (based on the same initial
rank ordering of schools) allots seats by lottery if the count of revised applica-
tions in bin 2 > seats. School allots seats to everyone who applied here in bin 2
without a lottery if the count of revised applications in bin 2 ≤ seats.

9. Revised bin level demand is calculated for all the remaining schools, and the
previous step is iterated over all the remaining schools, following the same initial
rank ordering of schools.

10. At the end of round 2, all applicants who were remaining to be matched after
round 1 and were bin 2 applicants somewhere, plus applicants who only ap-
plied to schools in bin 2 have been considered at all their bin 2 school choices,
conditional on the fact that these school still had seats to offer.

Round 3- schools (with vacancies) that have applications from unalloted applicants in bin 3

11. Next is the third round. The idea is same as before. Schools which feature here
are those that still have vacancies after rounds 1 and 2. Hence round 3 considers
applicants who are (i) remaining to be matched after the end of round 2 and had
applied somewhere in bin 3, and (ii) applicants who only applied to schools in
bin 3.

12. The allotment process is same as before. The top school (based on the same
initial rank ordering of schools) allots seats via lottery if the count of revised
applications in bin 3 > vacant seats. School allots seats to everyone who applied
here in bin 3 without a lottery if the count of revised applications in bin 3 ≤
vacant seats.

13. This marks the end of direct offer of admissions to winners.

Part 2: Waitlist determination

78



Even after the previous steps described in Part 1, there are many applicants who are
yet to be matched. These applicants are either waitlisted at a unique school or are
rejected from all the schools. There are 3 rounds in which the waitlist determination
happens. The process is exactly similar to Part 1 and is explained as follows:

1. Schools are arranged in the same initial rank ordering as before and take turns
to do the allotment based on this rank ordering. The rule is that the maximum
number of waitlisted students at a school is equal to the number of winners at
the school (where the number of winners per school is established in Part 1).

Round 1- schools that have applications from unalloted applicants in bin 1

2. Round 1 comprises schools which have unmatched applications from those re-
siding in bin 1 (these are applicants who did not get matched in Part 1).

3. The top school provides offers of waitlist by lottery if the count of unmatched ap-
plications in bin 1 > seats available under waitlist. Within the bin, all applicants
are treated equally in the event of a lottery. Each matched applicant is assigned a
waitlist priority at the school which determines the ordering in which they will
be called for admission in the event that any winner at this school forgoes their
seat.51 All matched applicants are removed from the consideration set and the
school is removed from any further matching if it has exhausted all its vacancies.
Revised bin-level demand is calculated for all remaining schools. This process is
iterated for all the remaining schools, following the same initial ranking.

Round 2- schools (with vacancies) that have applications from unalloted applicants in bin 2

4. Round 2 comprises schools which have unmatched applications from those re-
siding in bin 2 (these are applicants who did not get matched either in Part 1 or
round 1 of waitlist). Similar as before, step 3 is iterated at each eligible school,
taking into account unmatched applications received in bin 2.

Round 3- schools (with vacancies) that have applications from unalloted applicants in bin 3

5. Round 3 marks the final round. This comprises schools which have unmatched
applications from bin 3 students (these are applicants who did not get matched
either in Part 1 or in round 1, and 2 of the waitlist determination). Step 3 is iter-
ated at each eligible school, taking into account unmatched applications received
in bin 3.

6. At the end of Round 3, there are still some applicants who are remaining to be
matched anywhere. These are the applicants who are not selected anywhere and
I refer to them as overall lottery losers.

51The waitlist priority assigned to applicants at each school is randomly generated.
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Figure B1: Schematic flowchart explaining the lottery algorithm

Notes: This flowchart explains the lottery algorithm which the state of Maharashtra uses to allocate
schools to applicants under the RTE 25% reservation policy at private schools. The allocation mecha-
nism is a two part process, starting with determining the winners (Part 1, as shown in the left panel),
followed by determining the waitlisted candidates (Part 2, as shown in the right panel).
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B.2 Sampling strategy

1. I focus on the districts for whom I have the most complete administrative data
(Mumbai, Nagpur, Pune, and Thane), and focusing on these districts I make a
list of all unique combinations of schools chosen by applicants in the nearest
distance bin (henceforth, bin 1). This gives me all the unique school vectors that
were chosen in bin 1. By virtue of this, some school vectors consist of a single
school, and some consist of multiple schools.

2. For each school vector chosen in bin 1, I compute the count of winners who win
at any school in the vector (given by the sum of winners at each school in the
vector) and count of non-winners who did not win at any school they listed in
bin 1.

3. Thus, non-winners for a given school vector comprise applicants who might be:
(a) winners at a school that was chosen in distance bin 2 or 3, (b) waitlisted at a
school that was chosen in distance bin 1, 2, or 3, and (c) overall losers who lost
their chance at each and every school that they listed in each distance bin.52

4. Next, I focus on those school vectors which meet the following criteria:

(i). Count of winners in the vector is at least 4.

(ii). Count of overall losers in the vector is at least 4.

(iii). Share of overall losers (among non-winners) in the vector is at least 0.75.

As an aside - The rule about count of winners and overall losers being at
least 4, was imposed taking into account the possibility of low response
rates at the time of phone surveys.

5. Finally, from each school vector which satisfies the above three criteria, I per-
form a stratified random sampling where the two strata are winners and non-
winners corresponding to a given school vector chosen in bin 1. Furthermore,
the sampling is done such that the count of applicants sampled per school vector
= min(winners, non-winners, 25)* 2.53

52This stratification based on the school vector chosen in distance bin 1, satisfies the Equal Treatment
of Equals (ETE) property following Abdulkadiroğlu, Angrist, Narita and Pathak (2017). The ETE prop-
erty is satisfied as all applicants who chose the exact same combination of schools in bin 1 are treated
equally at the time of each school’s randomization. They are subjected to the same randomization at
each school which is listed in the vector, until they get matched at a school. Thus, on average the
winners and non-winners who chose the same school vector in bin 1, are comparable to each other.

53I restrict the maximum count of applicants per vector in order to maximize the count of unique
school vectors in my sample. Based on all these criteria, the minimum number of applicants selected
per school vector is equal to 8. Importantly, when the school vector consists of multiple schools chosen
in bin 1, I make sure to sample a non-zero count of winning applicants (among winners) from each
school in the vector.
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Figure B2: Schematic flowchart explaining sampling strategy
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B.3 Calculation of ex-ante propensity scores of winning under the

lottery mechanism

Below, I explain the step-by-step process for calculating the simulated ex-ante propen-
sity scores of winning under Maharashtra’s lottery mechanism for RTE.

1. I conduct a large number of simulations of the lottery mechanism as explained
in Section 2.1 (N ∼ 10,000).

2. For each simulation, I record the school allotted to each child.

Then for each child, I compute:

1. Simulated ex-ante probability of winning at each school that the child listed in
application. I do this by averaging across simulations, the probability of winning
at that school.

2. Simulated ex-ante probability of winning in bin 1. This is given by the sum of
simulated ex-ante probability of winning at each school that the child listed in
bin 1. The individual simulated probabilities for each chosen school are com-
puted in the previous step.

3. Simulated ex-ante probability of winning in any bin. This is given by the sum of
simulated ex-ante probability winning at each school that the child listed (com-
bining bin 1, bin 2, bin 3).

4. Simulated ex-ante probability of winning at elite schools. I have two measures of
elitness - PCA based index and school fee-based measure.

i. For each child in the sample, and correspondingly for each RTE school that
they listed in their application, I make an indicator of whether the school is
elite or budget, based on the percentile cutoff. I code the indicator variable
= 1 if the school lies above the respective percentile cutoff value, and I code
it = 0 if the schools lies below the respective percentile cutoff value. The in-
dicator variable is assiged a missing value in the case where there is missing
data on PCA index or fee for the school.

ii. Next, I compute the simulated ex-ante propensity of winning at elite schools.
To do this I simply take the sum of the simulated ex-ante propensities for
each school that is coded to be elite based on the respective percentile cutoff.

5. Note that this is always satisfied: simulated probability ∈ [0,1]

6. Next, I divide these into 100 bins of width = .01 each (for some estimations I
reduce the number of bins to 50, in which case the width becomes .02, respec-
tively).
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7. Finally, I create dummies of narrow bins of simulated ex-ante propensity scores.
In the case where I have 100 bins of propensity scores, this creates 100 dummies
of narrow bins: [0,0.01] , (0.01,0.02], ..., (0.99, 1], such that only one of these 100
dummies gets activated for each applicant child.

8. In the estimations I control for dummies of narrow bins of ex-ante propensities
of winning, as this facilitates the within-comparison between ex-ante similar ap-
plicants who vary in their lottery outcome.
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Table B1: Distribution of simulated ex-ante propensity scores of winning

Panel A: Population
Variable N 10th pctile 25th pctile 50th pctile 75th pctile 90th pctile 95th pctile 99th pctile
NAGPUR
For winners 6,330 0.20 0.31 0.51 0.80 1 1 1
For waitlisted 5,913 0.03 0.16 0.30 0.45 0.58 0.67 0.81
For losers 9,974 0 0 0.06 0.18 0.27 0.33 0.45
PUNE
For winners 15,198 0.25 0.42 0.65 0.94 1 1 1
For waitlisted 13,606 0 0.12 0.30 0.47 0.62 0.71 0.86
For losers 13,385 0 0 0.01 0.15 0.26 0.32 0.43
THANE
For winners 8,041 0.42 0.75 1.00 1 1 1 1
For waitlisted 3,756 0 0.09 0.28 0.47 0.64 0.77 0.93
For losers 1,392 0 0 0.00 0.17 0.27 0.32 0.42
MUMBAI
For winners 4,721 0.33 0.55 0.94 1 1 1 1
For waitlisted 2,776 0 0.16 0.33 0.48 0.65 0.73 0.89
For losers 1,727 0 0 0.08 0.19 0.27 0.36 0.45

Panel B: Sample
Variable N 10th pctile 25th pctile 50th pctile 75th pctile 90th pctile 95th pctile 99th pctile
NAGPUR
For winners 584 0.14 0.20 0.27 0.35 0.48 0.55 0.62
For waitlisted 318 0.17 0.25 0.33 0.41 0.49 0.56 0.62
For losers 396 0.12 0.16 0.22 0.29 0.34 0.38 0.53
PUNE
For winners 275 0.10 0.15 0.20 0.33 0.52 0.57 0.68
For waitlisted 154 0.12 0.16 0.22 0.38 0.56 0.58 0.68
For losers 228 0.08 0.11 0.16 0.21 0.26 0.30 0.38
THANE
For winners 134 0.22 0.26 0.30 0.39 0.46 0.71 1
For waitlisted 108 0.22 0.25 0.34 0.40 0.44 0.52 0.64
For losers 43 0.21 0.22 0.28 0.31 0.39 0.44 0.45
MUMBAI
For winners 45 0.21 0.26 0.36 0.42 0.56 0.64 1
For waitlisted 28 0.25 0.26 0.39 0.53 0.62 0.63 1
For losers 16 0.19 0.20 0.25 0.26 0.27 0.39 0.39

Notes: This table shows the distribution of simulated ex-ante propensity scores of winning under the
lottery mechanism.
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C Appendix: Estimating Complier Characteristics and

Counterfactual Destinies

C.1 Estimation

I follow the Angrist et al. (2022)’s implementation of methods used in Abadie (2002) to
compute complier characteristics and counterfactual destinies for untreated compliers.
Below I discuss the steps as mentioned in Angrist et al. (2022).

The notation is as follows: Zi ∈ {0,1} is the instrument which denotes whether i wins
the RTE private school lottery. Di(1) and Di(0) refer to potential treatments, indicating
i’s RTE enrollment status as a quota student, when Zi = 1 and Zi = 0, respectively.
Yi(0) and Yi(1) denote the potential outcomes for individual i as a function of RTE
enrollment.

The following assumptions are made:

Assumption 1. Independence/exclusion: (Yi(0), Yi(1), Di(0), Di(1)) ⊥ Zi.

Assumption 2. First stage: E[Di|Zi = 1] > E[Di|Zi = 0].

Assumption 3. Monotonicity: Di(1) ≥ Di(0) ∀ i.

Angrist et al. (2022) explain the process of backing out complier characteristics, which
I discuss next. While individual compliers are not coded in any data, complier char-
acteristics can be described using methods of Abadie (2002). The monotonicity as-
sumption implies that the population contributing to the IV analysis only consists of
always-takers, never-takers, and compliers. Some of the always and never takers can
be identified by the following cells of the data: Di = 0 and Zi = 1 are always-takers
while, Di = 1 and Zi = 0 are never-takers. The other cells of the data contain mixtures
of compliers with the other two groups: Di = 0 and Zi = 0 contain compliers and
never-takers, while Di = 1 and Zi = 1 contain compliers and always-takers. The size
of the compliers is given by the first stage. The data also helps in infering the share of
never-takers and always-takers as these correspond to the proportion of those who re-
ject the offer of enrollment as a quota student, and the proportion of those who choose
to enroll as a quota student when not offered.

Like them, I estimate the following system of equations via 2SLS

g(Xi, Yi)× 1{Di = d} = πd + γd1{Di = d}+ vid (5)

1{Di = d} = ϕd + βdZi + eid, d ∈ {0, 1} (6)

, where g(Xi, Yi) is a function of student baseline characteristics (Xi) or post-lottery

86



outcomes (Yi). Complier characteristics for the treated are obtained by setting d = 1
which amounts to using Zi as the instrument for Di where the outcome in the second
stage is given by g(Xi, Yi) multiplied by Di. Similarly setting d = 0, estimates the
complier characteristics for the untreated which means using Zi as an instrument for
(1-Di) where the outcome in the second stage is g(Xi, Yi) multiplied by (1-Di).

Estimating complier characteristics: Setting g(Xi, Yi) = Xi yeilds the average com-
plier characteristics for baseline covariates. Estimating equations (5) and (6) as ex-
plained in the previous paragraph (along with ex-ante propensities of winning) pro-
duces the columns (1) and (2) for Table A4. Column (3) shows always-taker means
which are computed by regressing XiDi(1 − Zi) on Di(1 − Zi) (with ex-ante propensi-
ties), column (4) shows never-taker means which are computed by regressing XiDiZi

on (1 − Di)Zi (with ex-ante propensities).

Estimating counterfactual destinies: Table A5 shows the distribution of enrollment
across sectors for lottery losers. Lottery losers could be enrolled at private schools
as fee-paying students, government schools, or remain out-of-school. I first create
dummies of enrollment at a particular school sector. Next, I estimate (5) and (6) by
setting d=0, for a total of four times (since there are four outside options), each time
setting g(Xi, Yi) as the dummy for enrollment at that specific outisde option.
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