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THE  PRODUCTIVITY  OF  PUBLIC  AND  PRIVATE  

PRESCHOOLS  (AND  SCHOOLS):  EVIDENCE  FROM  INDIA∗

Petter Berg, Mauricio Romero and Abhijeet Singh 

We study the relative productivity of private and public institutions at the preschool and primary school 
levels using panel data from 215 villages in Tamil Nadu. Private preschools show higher test score value- 
added in math and language ( ∼0 . 59–0 . 74 σ) and outperform government providers in nearly all villages. This 
productivity difference explains 60% of the socioeconomic test score gap before school entry. These results 
contrast starkly with primary schooling, where we find no evidence of a private-sector premium in math 
and negative effects in local language. Test score value-added is positively correlated between private and 
government options in a village, both at the preschool and primary school levels. Quality is also correlated 
across levels; villages with more productive primary schools also tend to have more productive preschools. 
Our findings inform debates on achieving universal foundational skills and highlight the need to improve the 
quality of preschools available to lower-income families. 
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rivate providers account for a substantial share of education services in low- and middle-income
ountries (LMICs). They are particularly important in preschool services where, globally, they
ccount for ∼37% of children enrolled in pre-primary institutions, compared to 19% of enrolment
t the primary level in LMICs (UNESCO, 2021 ; 2022 ). Yet, evidence comparing the productivity
f private to public preschools using broad samples remains scarce. This omission is in stark
ontrast to numerous studies on private primary school effects (Crawfurd et al. , 2024 ), and is
specially surprising given broad recognition of the importance of early childhood education
Elango et al. , 2015 ; Holla et al. , 2021 ), the relative importance of private providers in the
ector and international policy targets to universalise quality preschool services (see Sustainable
evelopment Goals Target 4.2). 
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In this paper, we focus on understanding the relative productivity of private and public
reschools using a new child-level panel dataset of ∼19,000 children aged 3–10 years in 215
illages in the Indian state of Tamil Nadu. Importantly, the data include tests of student achieve-
ent in math and the local language (Tamil), using age-appropriate tests administered at home,

s well as multiple measures of socioeconomic status and educational inputs; the test scores are
ertically equated using item response theory models to be comparable over time and across ages.
lthough preschool is not compulsory in the setting we study, nearly all children are enrolled at

ge four. Primary school enrolment is compulsory and near-universal by age six. In our setting,
rivate providers account for roughly one-third of enrolment at preschool age and one-quarter in
rimary schooling. 

We use these data to conduct three exercises. First, following early studies of private schooling
n South Asia (Andrabi et al. , 2011 ; Singh, 2015 ), we estimate the average private institution effect
t the preschool and primary school stages using value-added models of student achievement. In
ddition to providing novel estimates at the preschool level, we can benchmark these estimates
o primary school effects in our sample and to previous work. Second, we assess the extent to
hich the differential productivity of private institutions, combined with differential enrolment in

hese institutions by socioeconomic status (SES), can explain SES gaps in cognitive achievement.
his reflects longstanding concerns about unequal access to quality early childhood education
nd preschooling. Finally, following recent evidence of substantial heterogeneity within and
cross markets in primary schooling (Andrabi et al. , 2025 ), we then allow the estimated private
nstitution value-added to vary across villages and levels. This allows us to understand variation
n the quality of public and private educational provision across villages. 

We document three sets of results. The first of these focuses on the premium of the average
rivate institution. Compared to public options, the private preschool premium in test score
alue-added is substantial, at 0.74 and 0.59 SDs ( σ ) of the test score distributions in math and
amil language. This premium is roughly double the (cross-sectional) achievement difference

n language between three- and four-year-olds enrolled in public preschools, and roughly four
imes the equivalent difference in math. These effects exceed those typically achieved by early
hildhood development interventions documented in the literature (e.g., Attanasio et al. , 2014 ;
022 ; Andrew et al. , 2024 ). In contrast, we find no evidence of a positive effect for private primary
chools: value-added in private schools is indistinguishable from that of government options in
ath and significantly lower in the local language (by ∼0 . 17 σ ), results that are similar to those

eported by Muralidharan and Sundararaman ( 2015 ) and Singh ( 2015 ) in neighbouring states. 1 

Second, we quantify the extent to which greater private-sector enrolment for students from
ealthier households explains the test score gap between them and students from poorer house-
olds. Students from households in the top socioeconomic quartile are 35 percentage points more
ikely to attend private preschools and 39 percentage points more likely to attend private primary
chools than students in the bottom quartile. This differential private-sector enrolment accounts
or approximately 60% of the SES test score gap at preschool ages, but, reflecting the absence of
verage private school effects in primary schools, does not explain SES gaps at later ages. 

Third, focusing on village-specific estimates, the value-added in government preschools is
ominated by that of private options in virtually all villages. In both subjects, there is very
imited common support in the distributions of value-added between government and private
reschools. This is consistent with prior evidence that government care centres typically provide
The Author(s) 2026.

1 The negative effect in the local language likely reflects a greater focus on English over the local language in private 
rimary schools (Muralidharan and Sundararaman, 2015 ; Singh, 2015 ). 
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ittle structured cognitive stimulation (Ganimian et al. , 2024 ), whereas private preschools focus
uch more on early childhood education (Singh, 2014 ; Dean and Jayachandran, 2019 ). In

ontrast, there is near-complete overlap in value-added in math and substantial overlap in Tamil
t the primary school level. Public- and private-sector value-added estimates are positively
orrelated within villages: an increase of 1 σ of student achievement in the value-added of
ublic preschools in a village predicts 0.61–0.80 σ higher private-sector productivity; in primary
chooling, this correlation is between 0.88 and 0.99. Value-added estimates are also positively
orrelated across levels in the same sector in a village—i.e., higher value-added in government
private) preschools also predicts higher value-added in government (private) primary schooling.

Taken together, our analyses provide a unified treatment of the productivity of private and
ublic options, and their link to socioeconomic inequality, over an extended span of education
rom preschool to the completion of primary schooling. These empirical results contribute to
ultiple distinct strands of economics research. 
First, they contribute to an active literature that focuses on the development of cognitive skills

n early childhood. Estimates suggest that over 250 million children under five, mostly in LMICs,
o not fulfil their cognitive potential (Engle et al. , 2007 ; Grantham-McGregor et al. , 2007 ;
ehrman et al. , 2014 ; Black et al. , 2017 ). In response, much of the economics literature has,
ppropriately, focused on evaluating novel interventions to address these deficits. 2 In contrast,
e aim to identify differences in productivity between the options currently used by millions
f children. This provides useful complementary information about the institutions where novel
nterventions may be most needed (in our context, public preschools), as well as the potential for
chieving cognitive gains through reallocation of children across providers in the same village
e.g., through vouchers). 

Second, these results contribute to a substantial literature examining the private sector in
ducation. 3 This literature has mostly focused on primary schools; we contribute by examining
reschools, a shift in focus that is particularly important in the Indian context. Existing estimates,
hich we confirm in our data, suggest that average private school effects in foundational math

nd local language are small at the primary level (Muralidharan and Sundararaman, 2015 ; Singh,
015 ). In contrast, we show that the private-public margin is more consequential at the preschool
evel. These results are directly informative for current policy initiatives aimed at ensuring
niversal foundational literacy and numeracy in childhood, both in India and globally (see, e.g.,
orld Bank, 2017 ; Muralidharan and Singh, 2021 ). 
Relatedly, we contribute to the literature on socioeconomic inequality in early childhood

ognitive skills. This primarily descriptive stream of research has documented the existence and
volution of disparities in the cognitive skills of young children from more- and less-advantaged
ackgrounds. 4 While differential access to effective preschools is a plausible contributor to these
© The Author(s) 2026.

2 See, for example, evaluations of programs to support parents (e.g., Attanasio et al. , 2014 ; 2022 ; Andrew et al., 2024 ), 
o improve public preschools (e.g., Evans et al. , 2024 ; Ganimian et al., 2024 ) or to send children to private preschools 
e.g., Dean and Jayachandran, 2019 ; Bjorvatn et al., 2025 ). 

3 See Crawfurd et al. ( 2024 ) for a recent review in LMICs. Influential studies from LMICs include multiple studies 
sing the LEAPS dataset in Pakistan (Andrabi et al. , 2011 ; 2024 ; 2025 ; Carneiro et al. , 2024 ), as well as studies by 
uralidharan and Sundararaman ( 2015 ) and Singh ( 2015 ) in the state of Andhra Pradesh, India, and evaluations of 

rivate-public partnership initiatives in Pakistan (Barrera-Osorio et al. , 2022 ) and Liberia (Romero et al. , 2020 ; Romero 
nd Sandefur, 2021 ). 

4 See, e.g., Engle et al. ( 2011 ); Fernald et al. ( 2012 ); Elango et al. ( 2015 ); Rubio-Codina et al. ( 2015 ); Schady et al. 
 2015 ) and Reynolds et al. ( 2017 ). The analogous literature in the United States studies racial disparities (Fryer and 
evitt, 2004 ; 2006 ; 2013 ), as well as the income-achievement gap (Reardon, 2011 ; 2021 ; Nielsen, 2023 ). Our findings 
re consistent with evidence from high–income settings showing that SES gaps emerge before formal schooling (e.g., 
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isparities, drawing a conclusive link has been difficult. Our main contribution here is to show
hat differential access to private preschools, which offer higher value-added, is a substantial
river of the socioeconomic disparities in achievement observed before school entry age. 

Finally, our results also contribute to the literature on education markets. Specifically, our
esults on the near-universal productivity advantage of private preschools over public alternatives
cross villages (unlike in primary schools), as well as market-level correlations in the productivity
f providers across sectors and educational stages, are both novel in the context of LMIC education
ystems. Although data limitations constrain us from attempting a comprehensive analysis of
reschool markets—we do not observe provider-specific quality, prices, attributes and actions
n these villages—these results suggest that understanding both the demand and supply sides of
ducational markets is as important for preschool services as it has been for our understanding
f primary schooling in LMICs. 5 

. Context and Data 

.1. Context 

ur study is based in rural areas of Tamil Nadu, a large south Indian state with an estimated
opulation of 74 million and an education system that serves 13 million children annually
Government of India, 2019 ). While Tamil Nadu’s public early childhood education system is
onsidered high performing within India, substantial quality gaps remain: fewer than 10% of
hildren can read individual words when they enter primary school, and 60% cannot recognise
ndividual letters (Pratham, 2022 ). 

Primary education in India is mandatory, and enrolment is nearly universal (Pratham, 2022 ).
he official school starting age is six, though many children (including in Tamil Nadu) begin
rade 1 at age five. Government primary schools are free and provide in-kind benefits, including
idday meals, textbooks and uniforms. Instruction is usually in the state’s official language

Tamil in Tamil Nadu). In contrast, private primary schools charge fees and often use English
s the medium of instruction, and there is substantial heterogeneity in quality and costs (Singh,
014 ; Kingdon, 2020 ). In 2022, private providers accounted for roughly one-quarter of primary
chool enrolment in rural areas nationally; this figure was similar in rural Tamil Nadu, where
hey accounted for ∼24% of enrolment (Pratham, 2022 ). 

Preschool education (ages 3–5) is not compulsory. The main public option is the network of
nganwadi centres under the Integrated Child Development Services (ICDS) program. ICDS
nganwadis constitute the world’s largest early childhood program, offering free pre-primary
ducation alongside nutrition and health services to roughly 36 million children aged 3–6 at
.35 million centres nationwide (Ganimian et al. , 2024 ). 6 Enrolment is non-selective and free
f charge. Anganwadis are typically staffed by a single anganwadi worker (and a helper) per
entre, who is responsible for delivering a mix of preschool instruction, child nutrition and health
The Author(s) 2026.

art and Risley, 1995 ; Lee and Burkam, 2002 ; Noble et al., 2005 ; Fernald et al. , 2013 ), although a large share in our 
etting is accounted for by the type of preschool attended. 

5 For influential examples of such work in LMICs in primary schooling, see, e.g., Andrabi et al. ( 2017 ), Allende 
 2019 ), Neilson ( 2021 ) and Bau ( 2022 ). 

6 Throughout this paper, we refer to all forms of structured pre-primary enrolment as preschooling. We are only 
nvestigating differences across sectors (public/private), rather than across individual providers or facilities. Hence, we 
re unable to account for the potential differences within sectors, such as between anganwadi centres and formal, public 
reschools (which account for 2% of enrolment of four-year-olds; Pratham, 2022 ). To avoid introducing additional 
erminology, we therefore refer to these simply as ‘preschools’. 
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onitoring services. Anganwadi centres in Tamil Nadu typically operate for about 4 hours each
orning, of which 2 hours are nominally allotted to pre-school education. In practice, however,

nly 38 minutes are devoted to instruction per day due to staff constraints (Ganimian et al. , 2024 ).
Private preschools, on the other hand, charge fees and focus on pre-primary instruction in nurs-

ry and kindergarten classes, often as part of or attached to private primary schools. These private
re-schools tend to emphasise early academic skills, have more structured instructional time
nd frequently introduce English (Dean and Jayachandran, 2019 ). Overall, in India, preschool
nrolment has been rising (and reached 80% for four-year-olds in 2022; Pratham, 2022 ), but
aries widely by state, with Tamil Nadu having nearly every four-year-old enrolled (over 99%)
n some educational facility. 7 Private providers account for roughly 20% of preschool enrolment
ationally (and 36% in Tamil Nadu). 

The annual per-child expenditure differs both across sectors and levels. In 2021, private schools
n our study districts charged an average annual fee of INR 7,100 ( ∼96 USD) at the preschool
evel and INR 8,460 ( ∼114 USD) at the primary school level. 8 Per-pupil expenditure in public
lementary schools is much higher ( ∼INR 29,000 ( ∼391.5 USD) in 2019–20; Bordoloi et al.,
020 ). The cost in public preschools per child per year was ∼76 USD ( ∼5,630 INR) across all
f India in 2020 (UNESCO, 2020a , b , c , d , e , f ). These differences in per-child public expenditure
cross primary school and preschool reflect substantially lower salaries paid to anganwadi helpers
ompared to public school teachers and constrained resources in the public preschool sector. 

.2. Data 

.2.1. Sample 
ur data cover 215 villages in four districts of Tamil Nadu (see the map in Online Appendix Figure
.1 ). These districts were selected using probability-proportional-to-size sampling to ensure

epresentativeness of rural Tamil Nadu. In these communities, we administered comparable
chievement tests to students aged 3–10 in early 2022 (baseline) and 2023 (endline). Our core
nalysis sample includes the set of children aged 4–10 in 2023 for which we have access to
aseline assessments ( N = 19,021). 9 Although these villages were not randomly selected (the
ample only includes blocks with two or more government preschool centres ( anganwadis ) co-
ocated with middle schools), our sample is similar in observable characteristics to the state’s
ural population, though slightly less wealthy in terms of asset ownership (see Online Appendix
able A.1 ). 10 

Our sampling strategy involved enumerating every household located within approximately
 km of the village anganwadi , designated as the reference point for data collection. Villages
© The Author(s) 2026.

7 Near universal enrolment is not unique to Tamil Nadu: rates of non-enrolment among four-year-olds are under 2% 

n several other states, including Andhra Pradesh, Telangana and Karnataka in South India, and Maharashtra, Jharkhand 
nd Odisha in other parts of the country (Pratham, 2022 ). 

8 These estimates average fees across private preschools in the four study districts using from data from the Tamil 
adu Private Schools Fee Determination Committee ( https://tnfeecommittee.com/). We use 0.0135 USD/INR as the 

xchange rate, which was the average rate in 2021. 
9 Attrition between survey rounds was ∼25%, but does not vary by SES or test scores (see Online Appendix B ). The 

urvey waves were administered slightly more than a year apart. Since we only have data on age in completed years (and 
ot months), we measure attrition for children aged 3–9 in 2021/2022. All our results are robust under specifications 
sing inverse probability weighting (see Online Appendix B.3 ). 

10 These data were originally collected for an experimental evaluation of a government program to improve preschool 
ducation. The intervention and the evaluation were cancelled due to the COVID-19 pandemic and subsequent preschool 
nd school closures. See https://doi.org/10.1257/rct.5599 for more details. We continued to collect data to study the 
earning loss during the pandemic and the pace of recovery afterward (Singh et al. , 2024 ). 
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ypically consist of multiple distinct clusters of households and, in practice, either an entire
luster was included in the sample or not. Online Appendix Figure A.2 illustrates the sample in
our villages to provide a sense of the coverage of this sampling strategy in practice. In most
illages, we enumerated all households. As a result, while we claim that our villages provide
xamples of disjoint markets, with complete enumeration in sampled geographical areas, we do
ot claim to have a full enumeration of all students and providers in these markets. 11 

.2.2. Assessments 
he learning assessments were designed to capture student achievement across the preschool
nd primary populations. Children were tested in math and Tamil (the local language) using age-
ppropriate booklets and overlapping items. For preschoolers (ages 3–4), the tests captured oral
omprehension, letter recognition, quantitative comparisons, number recognition and counting; at
ges five and six, they also included word recognition, more complex counting and basic addition;
or children aged 6–10, the tests additionally included more complex arithmetic computation and
ord problems in math and passage comprehension and reading exercises in Tamil. 
Our focus on foundational math and local language skills closely reflects the targets of the

ational Initiative for Proficiency in Reading with Understanding and Numeracy (NIPUN), the
ational educational policy on early childhood education (Ministry of Education, 2020 ). Online
ppendix Figure A.3 provides an overview of skills that are targeted by the policy at different ages

rom preschool through to early primary grades. Our assessments, thus, map directly to stated
olicy goals while also including broader competences that were either included in Ganimian
t al. ( 2024 ) or are standard in evaluations of early primary education in this context. 

Test booklets included common items across waves and ages, which allows us to link achieve-
ent on a common metric using item response theory (IRT) models (Das and Zajonc, 2010 ).
e estimate these scores by pooling all test observations across rounds, separately for math

nd Tamil. We standardise test scores to have mean zero and an SD of one in the sample of
hildren aged five in the 2022 survey wave. The test scores display, as expected, a shifting
n the distribution of achievement with age (indicating skill acquisition over time; see Online
ppendix Figure G.7 ) and no evidence of differential item functioning by age or by round (see
nline Appendix Figures G.8 –G.29 ). See Online Appendix G for more details on the test and

he validation exercises we conduct. 12 

.2.3. Household survey 
e collected extensive household data about their socioeconomic status and children’s education

n both survey waves. We use detailed information on household ownership of various assets
n 2022 to construct a socioeconomic status index using principal component analysis (PCA).

e use a household’s percentile rank in this index as the primary measure of SES (see Online
The Author(s) 2026.

11 In very dispersed villages, our sampling strategy omits clusters that are distant from the reference school. More 
enerally, in this setting, an education market can span several villages. In data from 2019, ∼20%–25% of children, even 
t preschool level, go to school using school vans and, in 2023, nearly a quarter report attending school further than 2 km 

way. Our estimates are, therefore, best interpreted as the productivity of educational institutions accessed by children in 
ur sample geographies, rather than only those providers located within the boundaries of our enumeration area. 

12 In 2022, we divided the sample into two randomly assigned groups within villages that administered the tests in 
 staggered manner between December 2021 and April 2022 (Singh et al. , 2024 ). We administered the tests with a 
imilar staggering and the same assigned groups in 2023 to maintain a similar gap between assessments. In 2023, we 
bserved signs of ceiling effects for school-age children in the first round of testing. We remedied this by adjusting the 
est booklets for the second (randomly assigned) testing round, retaining common items for linking (see Online Appendix 
igures F.1 –F.4 ). No results are sensitive to only using the second round (see Online Appendix Table F.1 ). 
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ppendix C for details). We also use maternal and paternal education information as additional
easures of SES and control for them in our regressions. 

.2.4. Strengths and limitations of the data 

ur dataset has several important strengths. The most important of these is the availability of panel
ata on achievement for children over the full span of preschool and primary school ages across
 large number of spatially disjoint education markets. A related strength is the comparability of
easurement over time and across ages: datasets with vertically linked IRT scores are uncommon

n low- and middle-income countries, but are crucial to our goals of expressing preschool and
rimary school productivity on a common scale. The final strength is the complete enumeration of
ouseholds in sampled geographical areas: this prevents the attrition typical in many school-based
urveys due to student absence on the day of testing. 13 

However, the expansiveness of the dataset also imposes some trade-offs that limit our analysis.
ost importantly, we can only provide sector-specific estimates for a village as a whole, rather

han estimates for each facility separately. This issue arises for a combination of reasons. First,
atching children to centres generates substantial measurement error since we only collected

acility names (which are hard to map to individual facilities, especially government facilities
hat do not have distinctive names). Second, because the total number of children in each facility
s often very small, any individual facility estimates would be very noisy even with complete
atching. Finally, in large villages, we restricted our censuses to a radius of ∼2 km from a

eference point (the anganwadi); this does not affect our interpretation of each village as a
istinct market, but does affect our ability to interpret our survey as a complete enumeration of
he full market. 

Second, since we did not collect detailed facility surveys, we only have information about
hether a child attends a private or public preschool, but no other characteristics, such as

taffing, fees or instructional practices. This prevents us from decomposing the sources of any
rivate/public advantage (as in, e.g., Angrist et al., 2013 for Charter schools)—note, however,
hat even with extensive data on school inputs and characteristics, Andrabi et al. ( 2025 ) could
nly explain 5% of the heterogeneity in value-added across private schools in Pakistan. Finally,
ince our data collection focused on foundational math and local language skills, the explicit
argets of government policy, we did not administer tests for English language skills (an important
ifferentiator for private schools). 

. Pre- and Primary School Choices and Value-Added 

he first part of our analysis focuses on selection into and average productivity differences across
ifferent schooling options. 

.1. Selection and Educational Trajectories 

e investigate enrolment patterns and child characteristics by age in Table 1 . Virtually all children
 ∼96% ) are enrolled in private preschools or public care centres ( anganwadis ) at age four. At
© The Author(s) 2026.

13 For instance, ASER reports indicate that student absence ranges from 10% to 45% in different states of India 
Pratham, 2022 ). This absence-induced attrition is non-random: it is typically higher in the public sector and for children 
ith lower test scores and from poorer households. 

https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueaf089#supplementary-data
https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueaf089#supplementary-data
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Table 1. Child and Household Characteristics by Age and Enrolment Status. 

Preschool Primary school 

No school Public Private Diff. Public Private Diff. 

Panel A: age 4 

Female 0 .55 0 .48 0 .45 −0 .03 0 .43 0 .65 0 .21 
Mother educ.: < Gr. 9 0 .26 0 .24 0 .16 −0 .08∗∗∗ 0 .27 0 .12 −0 .15 
Mother educ.: ≥Gr. 12 0 .29 0 .35 0 .60 0 .25∗∗∗ 0 .46 0 .53 0 .07 
SES percentile 49 .11 47 .20 65 .60 18 .40∗∗∗ 55 .78 66 .18 10 .39 
Math IRT score in 2022 −1 .34 −1 .27 −1 .10 0 .17∗∗∗ −0 .73 −0 .65 0 .07 
Tamil IRT score in 2022 −1 .55 −1 .36 −1 .18 0 .17∗∗∗ −0 .50 −0 .67 −0 .17 
Share of students 0 .04 0 .61 0 .33 0 .02 0 .01 
Observations 87 1,349 726 37 17 

Panel B: age 5 

Female 0 .46 0 .51 0 .46 −0 .05 0 .51 0 .50 −0 .01 
Mother educ.: < Gr. 9 0 .28 0 .23 0 .16 −0 .07∗∗∗ 0 .25 0 .15 −0 .10∗∗∗
Mother educ.: ≥Gr. 12 0 .40 0 .34 0 .57 0 .24∗∗∗ 0 .31 0 .56 0 .25∗∗∗
SES percentile 43 .98 45 .25 67 .74 22 .49∗∗∗ 43 .87 66 .58 22 .71∗∗∗
Math IRT score in 2022 −0 .99 −1 .04 −0 .66 0 .38∗∗∗ −0 .81 −0 .36 0 .45∗∗∗
Tamil IRT score in 2022 −1 .07 −1 .08 −0 .68 0 .41∗∗∗ −0 .85 −0 .36 0 .49∗∗∗
Share of students 0 .02 0 .24 0 .20 0 .39 0 .15 
Observations 50 683 592 1,132 434 

Panel C: ages 6–10 

Female 0 .44 0 .40 0 .34 −0 .06 0 .51 0 .44 −0 .07∗∗∗
Mother educ.: < Gr. 9 0 .26 0 .00 0 .12 0 .12 0 .31 0 .15 −0 .16∗∗∗
Mother educ.: ≥Gr. 12 0 .21 0 .20 0 .52 0 .32∗∗ 0 .24 0 .51 0 .27∗∗∗
SES percentile 46 .87 44 .47 68 .45 23 .98∗∗∗ 42 .66 63 .25 20 .60∗∗∗
Math IRT score in 2022 0 .29 −0 .30 −0 .44 −0 .14 0 .62 0 .92 0 .30∗∗∗
Tamil IRT score in 2022 0 .19 −0 .17 −0 .48 −0 .32 0 .71 0 .83 0 .12∗∗∗
Share of students 0 .00 0 .00 0 .00 0 .73 0 .26 
Observations 39 15 67 10,465 3,797 

Notes: This table reports average differences in child and household characteristics by type of enrolment, separately by 
age, in three panels. The types of enrolment are no school and private/public pre-/primary school. Columns 4 and 7 show 

the difference between children in the private and public sectors, respectively. Virtually all children attend preschool at 
age four. At age five, children start transitioning into primary school. Between the ages of six and ten, virtually all are 
enrolled in primary school. ∗∗∗ p < .01, ∗∗ p < .05. 
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ge five, roughly half of all children begin enrolling in primary school. 14 Between the ages of six
nd ten, primary school enrolment becomes nearly universal. 

Private operators serve a significant portion of the market in both pre- and primary schools. At
ge four, a third of all children are enrolled in a private preschool. The market share of private
roviders reduces to one-quarter in primary school. 

There is a significant SES gap in private enrolment. Private school children are about 25%
ore likely to have mothers with completed secondary education. The average child in private

reschool ranks 18 percentiles higher in the socioeconomic distribution compared to children in
ublic preschools. In primary school, this gap increases to around 21 percentiles. Additionally,
The Author(s) 2026.

14 This pattern, of a substantial fraction of students already choosing to enrol in Grade 1 at age five (although the 
fficial age to start formal schooling is supposed to be six years), is common in most Indian states (Pratham, 2022 ). 
he ubiquity of this empirical pattern motivates our attempt to understand the relative productivity of the four types of 

nstitutions—public and private preschools and primary schools—on a comparable scale, since each of these is a viable 
hoice for students between 4–6 years old, and especially so for five-year-olds. 
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here is a clear gender gap in private enrolment at the primary school level, amounting to 7
ercentage points in favour of boys. 

We also document a substantial gap in test scores, as measured in our baseline assessments,
etween children from private and public schools. For students aged four in 2023, this gap
mounts to 0.17 σ in the previous year’s test score distribution in both math and Tamil. At age
ve, the gap increases to around 0 . 45 σ in both subjects. During the main primary school ages
6–10), the gap in Tamil reduces to 0 . 12 σ , but remains large in math ( 0 . 3 σ ). 

.2. Estimating Value-Added by Sector 

e rely on conventional value-added models to measure test score improvements from attending
 private pre- and primary school. Specifically, test scores are regressed on school characteristics
e.g., private/public indicators) while conditioning on lagged scores and student sociodemo-
raphic characteristics to account for student selection (see, e.g., Todd and Wolpin, 2003 ; 2007 ).

For each subject (math and Tamil), we estimate the equation 

y2023 
iv = λy2022 

iv + β P rivatei + �X iv + εiv , (1) 

here i denotes a child and v a village. The variable yt 
iv denotes student i’s test score in a

articular subject in year t , λ is the coefficient on lagged test scores (i.e., a persistence parameter)
nd P rivatei is an indicator for whether student i attended a private preschool or primary school
etween the assessment waves. Here Xiv is a vector of additional controls, including village
xed effects, deciles of the SES wealth index, paternal and maternal education levels and the
hild’s gender. The coefficient of interest is β, which captures the effect of attending a private
reschool/school on test scores. This benchmark specification is similar to the dynamic OLS
pecifications used by Andrabi et al. ( 2011 ) and Singh ( 2015 ), the two most closely related
apers on private formal schooling in South Asia. 

We estimate this equation separately for children aged 4, 5 and 6–10 years. This choice reflects
ultiple distinct concerns. Most importantly, given the enrolment patterns in Table 1 , estimates of
at ages 4 and 6–10 can be interpreted as the private school premia at the preschool and primary

chool levels; at age five, in contrast, β represents a weighted average of the private premia
t the two levels. 15 Second, this allows the coefficient on lagged achievement to differ across
he preschool and schooling stages; this is potentially important because both true persistence
n achievement and measurement error in test scores may plausibly differ for children at very
oung ages. In Section 2.4 below, we further relax the assumption of a common persistence
arameter ( λ), allowing λ to differ for every age, and find similar results. Finally, by allowing
he coefficients on all variables in Xiv to differ across ages, this also provides flexibility in case
he nature of selection across sectors, influenced by factors such as parental education or wealth,
iffers across levels of education. 

The causal interpretation of β relies on a conditional exogeneity assumption: our estimates
ill be unbiased only if our controls are rich enough to account for the selection of children

nto private versus public operators. In other settings, both in the United States and in LMICs,
imilarly estimated value-added measures appear to agree closely compared to estimates using
dentification from design-based experimental or quasi-experimental variation (Andrabi et al. ,
© The Author(s) 2026.

15 A few children ( N = 54) at age four are recorded as attending primary school (Table 1 ). This likely reflects response 
rrors, and we do not exclude these children in our analyses. Excluding them has very little impact on any of the main 
esults. The same holds for children aged six and above recorded as attending preschool ( N = 82). 



2026] the productivity of public and private preschools (and schools) 1263

©

Table 2. Private School Value-Added in Preschool and Primary School. 

Age 4 Age 5 Ages 6–10 

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

Panel A: math 

Private school 0.807∗∗∗ 0.737∗∗∗ 0.322∗∗∗ 0.180∗∗∗ 0.125∗∗∗ −0.005 
(0.047) (0.051) (0.044) (0.048) (0.022) (0.019) 

Math IRT score in 
2022 

0.177∗∗∗ 0.242∗∗∗ 0.306∗∗∗

(0.028) (0.026) (0.010) 

Panel B: Tamil 

Private school 0.640∗∗∗ 0.588∗∗∗ 0.160∗∗∗ 0.053 −0.098∗∗∗ −0.172∗∗∗
(0.052) (0.054) (0.045) (0.047) (0.023) (0.022) 

Tamil IRT score in 
2022 

0.199∗∗∗ 0.207∗∗∗ 0.338∗∗∗

(0.027) (0.024) (0.011) 

Controls Village FEs All Village FEs All Village FEs All 
Observations 1,839 1,839 2,841 2,841 14,344 14,344 

Notes: Robust SEs, clustered at the village level, are reported in parentheses. Columns (1), (3) and (5) show raw means 
by private school attendance within villages. Columns (2), (4) and (6) include lagged scores, village fixed effects, and 
controls for deciles of the SES wealth index, paternal and maternal education and child gender. Test scores refer to 
equated IRT scores, standardised with respect to children aged five in the 2022 assessments. ∗∗∗ p < .01. 
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011 ; 2025 ; Singh, 2015 ; 2020 ; Angrist et al. , 2017 ; 2023 ). 16 Thus, although the nature of
election may differ across settings, the value-added estimates in our data likely reflect true
roductivity differences rather than selection effects. Furthermore, we examine the potential for
ias through two (related) strategies in Section 2.4 below. First, analogously to the investigation
f bias in teacher value-added estimates in Chetty et al. ( 2014 ), we show that our estimates are
nvariant to the inclusion of multiple additional controls. Second, we report sensitivity analyses
ollowing Cinelli and Hazlett ( 2019 ) to examine the strength of the unobserved confounding
eeded to overturn our results. 

.3. The Private Premium in Preschool and Primary School 

able 2 reports the estimated private premium ( β) from ( 1 ), separately for children aged 4
preschool), 5 (transition) and 6–10 (primary school). Columns (1), (3) and (5) report differences
n test scores by private school attendance conditional only on village fixed effects; columns (2),
4) and (6) further condition on lagged scores and covariates as specified in ( 1 ). 

Raw differences in academic achievement by private school attendance are substantial at the
reschool level, amounting to 0.81 SDs of the baseline test score distribution ( σ ) in math and
 . 64 σ in Tamil (column (1)). Most of these gaps reflect stark productivity differences between
ectors: conditional on lagged test scores and socioeconomic characteristics, the average private
The Author(s) 2026.

16 Since our identifying assumption does not require assignment to individual school units to be random, it is weaker 
han the assumption underpinning school value-added models validated across multiple contexts (Angrist et al. , 2024 ; 
ndrabi et al. , 2025 ). Imagine a village with two public schools A and B and two private schools X and Y. Typical school 
alue-added models require enrolment into each of these options to be conditionally ignorable; our specifications only 
equire sector-level enrolment to be conditionally ignorable (i.e., enrolment in either of school A or B versus school X or 
, but not the choice of school within sector). 
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remium in the preschool market is 0 . 74 σ in math and 0 . 59 σ in Tamil (column (2)). 17 This is
quivalent to almost twice the raw difference in Tamil achievement between children aged three
nd four in public preschools in our endline assessments, and four times the difference in math. 18 

These patterns differ substantially at the primary school level (columns (5) and (6)). The
rivate premium in math is virtually zero (column (6)). In Tamil, the ‘premium’ at the primary
evel is negative, which likely reflects a greater focus on English teaching in private schools.
atterns in both subjects are similar to previous estimates of private primary school effects in
ndia (Muralidharan and Sundararaman, 2015 ; Singh, 2015 ). 19 

We examine these value-added estimates semi-parametrically in Figure 1 , following Cattaneo
t al. ( 2024 ). Specifically, we adjust for the full set of covariates in ( 1 ) and allow the relationship
etween lagged achievement and subsequent test scores to vary non-linearly. 20 We plot these
emi-parametric estimates separately for students in private and public sectors in each of the
hree age categories in Table 2 . In each sub-figure, the distance between the estimated fits for the
rivate and government sectors provides an analogue to the estimated private school premium
or students in that segment of the achievement distribution. In both subjects, the private school
remium at age four is present across most of the achievement distribution and not substantively
ifferent in magnitude for students with differing achievement levels. In contrast, and reflecting
he results in Table 2 , for ages 6–10, there is no premium across the baseline achievement
istribution in math, and a negative one in Tamil. Figure 1 shows that the estimated premia in
able 2 are not sensitive to controlling for lag scores more flexibly or a potential lack of common
upport in achievement between the public and private sectors. 21 

Our core analyses identify the difference in productivity between public and private options;
etermining their absolute levels would require comparing them to no enrolment. The latter
argin is less relevant in Tamil Nadu, as preschool enrolment is nearly universal, but remains
© The Author(s) 2026.

17 Since children aged five are a mix of pre- and primary school students, their private premium is positive, but muted, 
ompared to their younger peers. If we focus on children aged five—of which around half will have started primary 
chool—and allow private school effects to differ at the pre- and primary levels, we obtain very similar estimates as for 
hildren aged 4 and 6–10 (see Online Appendix Table A.2 ). 

18 In Online Appendix Tables A.3 and A.4 , we divide items by competencies being assessed. In math, private pre- 
chools increase the proportion correct on test items by 19–33 percentage points, relative to public school averages of 
9%–58%. In Tamil, this figure is 10–22 percentage points, relative to public school averages of 36%–50%. These effects 
re largest, both in absolute and relative terms, in competencies where public preschool children are particularly weak. 

19 We also estimated the private premium separately for each age within primary grades (see Online Appendix Figure 
A.4 ). The premium is zero across all ages for math, except for nine-year-olds, for whom it is positive and statistically 
ignificant. For Tamil, the point estimate for the premium is negative for all ages, but closer to zero and statistically 
nsignificant for nine- and ten-year-olds. The similarity between the results for six-year-olds and the overall primary 
ample (ages 6–10) is reassuring. Older cohorts faced substantial educational disruptions and learning losses due to 
OVID-19 (Singh et al. , 2024 ), which could potentially affect relative sectoral productivity if private schools coped with 

hese disruptions more (or less) effectively than public schools. However, disruptions were less severe for six-year-olds; 
et, their estimated private premium closely matches that of the full primary sample, suggesting limited bias from 

andemic-related disruptions. 
20 We use within-age percentiles of lagged achievement in 2022 to ensure an even distribution of the sample. 
21 Even with significant mean differences, there is full common support between the distribution of prior achievement 

n the two sectors ( Online Appendix Figure D.1 ). This is important because, if segments of the achievement distribution 
ere unique to each group then controlling for baseline achievement would have involved extrapolation rather than 

omparison of observationally similar students. To address further concerns around the common support of covariates 
ther than baseline test scores that predict private enrolment (e.g., socioeconomic status), we also estimate the private 
remium restricted to a sample of observationally similar children. In particular, we first estimate the probability of 
ttending a private institution using a probit regression, separately by age groups, on the full set of value-added controls 
sed in the main analysis. We then estimate the private premium when restricting the sample only to children within 
, 10 and 15 percentage points of the age-specific median probability of private enrolment ( Online Appendix Tables 
.1 –D.3 ). These estimates yield results that are similar to those of the main analysis, and we cannot reject the equality 

t conventional levels of statistical significance. 
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Fig. 1. IRT Scores in 2023 by Percentile Scores in 2022 and Sector. 
Notes: These plots relate the IRT score of a student in the 2023 assessment to that of his or her within-age 

percentile rank in the 2022 assessment, separately by private/public enrolment. These semi-parametric 
estimations condition on village FEs, deciles of the SES index, child gender and parental education, using 
the approach of Cattaneo et al. ( 2024 ). The data are shown in five equally sized bins, and fitted lines are 

piecewise, quadratic polynomials with a smoothness parameter of 2, generated using the binsreg 
package in Stata. 
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elevant in many Indian states, such as Uttar Pradesh, where only 33% of children enrol in
reschool (Pratham, 2022 ). In our sample, only ∼4% of four-year-olds ( N = 67) are not enrolled
n any level. Estimating the value-added of both public and private preschool facilities at age
our, relative to the baseline of no enrolment, suggests that attending public care centres leads to
The Author(s) 2026.
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earning gains of 0 . 24 σ and 0 . 29 σ in math and Tamil, respectively—roughly a quarter to a third
f private preschool value-added ( Online Appendix Table A.5 ). 

Reflecting domestic and international policy targets, our data collection and analyses focus
nly on foundational numeracy and literacy in the local language. A resulting limitation is the
bsence of measures for English language proficiency, where prior research indicates that pri-
ate primary schools significantly outperform public schools (Muralidharan and Sundararaman,
015 ; Singh, 2015 ). Consequently, we likely underestimate the full private-sector premium in
reschools and schools. Similarly, public or private preschools may place greater emphasis on
ocioemotional skills that are unmeasured in our data; our analysis is unable to estimate their
ifferential productivity in these domains, which remain topics of independent interest. 

.4. Robustness of the Private Premium 

he principal threat to our results is that our parsimonious specification of the value-added model
see ( 1 )), with a limited set of covariates and a linear control for the subject-specific lagged
core, does not fully account for selection into the two sectors. We examine the robustness of our
stimates to these concerns in several ways. 

First, we report results from richer specifications that include a battery of additional covariates,
ontrol for lagged achievement non-linearly and examine the stability of our estimated coefficient
f the private school premium; this procedure is similar to validation exercises reported by Chetty
t al. ( 2014 ). The additional covariates are quadratic polynomials in lagged scores in both math
nd Tamil; fixed effects at the level of survey month in 2022, 2023 and their interactions; controls
or caste groups and educational inputs measured at baseline from our survey, including whether
he child had recently received educational content via internet, TV or books. At the preschool
evel, the private premium is similar across specifications (0.72–0 . 74 σ in math and 0.57–0 . 59 σ

n Tamil; see panel A of Table 3 ). Likewise, at the primary level, coefficients are stable across
pecifications, remaining close to zero in math and consistently negative in Tamil (between −0 . 17
nd −0 . 19 σ ; see panel B of Table 3 ). 

To explicitly quantify the sensitivity of our estimates to potential omitted variable bias, we
urther report robustness values (RVs) and bounds following Cinelli and Hazlett ( 2019 ) (see
able 3 ). 22 This procedure considers a potential omitted variable Z that predicts both private
nrolment and test scores. Robustness values RV and RVα= 0 . 05 measure how much of the
esidual variation in both test scores ( Y ) and private enrolment ( D), after controlling for all other
ncluded covariates, needs to be explained by Z to (i) reduce the private premium to zero ( RV ) or
ii) make it statistically insignificant ( RVα= 0 . 05 ) . These values range from 20% to 24% for Tamil
nd from 28% to 31% in math at the preschool level. To evaluate whether such a confounder Z
s plausible, we consider the extreme scenario where Z is as powerful a predictor of Y and D,
espectively, as our SES index, baseline test scores, parental education and child gender taken
ogether. Even a confounder Z as strong as these covariates combined would explain at most

7% of remaining test-score variation and ∼16% of private enrolment variation, well below
he threshold required to eliminate or substantially weaken our results. Hence, we view such an
mitted variable as highly unlikely. For further details on the implementation of this exercise,
ee Online Appendix D . 
© The Author(s) 2026.

22 This procedure serves a similar purpose as Oster ( 2019 ) bounds, but offers a more intuitive approach to assessing 
he role of unobserved confounders. 

https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueaf089#supplementary-data
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Table 3. Robustness of the Private School Premium. 

Math Tamil 

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

Panel A: age 4 

Private school 0 .737∗∗∗ 0 .736∗∗∗ 0 .724∗∗∗ 0 .724∗∗∗ 0 .588∗∗∗ 0 .585∗∗∗ 0 .565∗∗∗ 0 .573∗∗∗
(0 .051) (0 .051) (0 .051) (0 .051) (0 .054) (0 .054) (0 .054) (0 .056) 

RV 0 .31 0 .31 0 .31 0 .30 0 .24 0 .24 0 .23 0 .24 
RVα= 0 . 05 0 .28 0 .28 0 .27 0 .27 0 .20 0 .20 0 .20 0 .20 
R2 

Y∼D| X 0 .12 0 .12 0 .12 0 .12 0 .07 0 .07 0 .07 0 .07 
R2 

Y∼Z | D ,X 0 .06 0 .02 0 .02 0 .02 0 .07 0 .02 0 .02 0 .02 
R2 

D ∼Z | X 0 .16 0 .15 0 .15 0 .13 0 .16 0 .15 0 .15 0 .13 
Observations 1,839 1,839 1,839 1,802 1,839 1,839 1,839 1,802 

Panel B: ages 6–10 

Private school −0 .005 0 .012 0 .012 0 .014 −0 .172∗∗∗ −0 .192∗∗∗ −0 .192∗∗∗ −0 .178∗∗∗
(0 .019) (0 .019) (0 .019) (0 .020) (0 .022) (0 .022) (0 .022) (0 .023) 

RV 0 .00 0 .01 0 .01 0 .01 0 .08 0 .09 0 .09 0 .08 
RVα= 0 . 05 – – – – 0 .06 0 .07 0 .07 0 .06 
R2 

Y∼D| X 0 .00 0 .00 0 .00 0 .00 0 .01 0 .01 0 .01 0 .01 
R2 

Y∼Z | D ,X 0 .25 0 .03 0 .03 0 .02 0 .32 0 .07 0 .07 0 .06 
R2 

D ∼Z | X 0 .18 0 .17 0 .18 0 .15 0 .17 0 .17 0 .17 0 .14 
Observations 14,344 14,344 14,344 13,932 14,344 14,344 14,344 13,932 

Core controls � � � � � � � � 

Lagged, squared 
Tamil & math scores 

� � � � � � 

Survey month 2022 
× 2023 FEs 

� � � � 

Caste & home inputs 
in 2022 

� � 

Notes: Robust SEs, clustered at the village level, are reported in parentheses. This table shows regression of IRT scores 
in 2023 on having attended a private rather than public preschool or primary school during the previous school year. 
Column (1) reports estimates of this private premium in our core specification (see ( 1 )). Column (2) adds controls for 
baseline (2022) scores quadratically in both math and Tamil. Column (3) further includes fixed effects for the month in 
which the baseline and endline surveys were conducted, as well as their interactions. Finally, column (4) adds controls for 
caste and several educational inputs measured at baseline: whether the child had recently received educational content via 
(1) internet, (2) TV or (3) books at home. These measures are missing 37 (412) children at age 4 (6–10). Robustness values 
and partial R2 under extreme scenarios of potential confounders are computed as described in Online Appendix D.1 . 
∗∗∗ p < .01. 
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As a final robustness check, we iteratively allow the coefficients on each of the covariates
ncluded in the main specification to vary one at a time by village. This addresses concerns about
election patterns being very different across villages. The estimated private premium changes
ery little when allowing for such interactions, both at the pre- and primary school levels (see
nline Appendix Figure D.2 ). 

.5. Socioeconomic Learning Gaps 

oncerns that private education might exacerbate inequality are central to public debates sur-
ounding education policy (UNESCO, 2021 ). These concerns may be empirically grounded, as
rivate-sector institutions disproportionately enrol students from higher-SES families (Table 1 )
nd, at the preschool level, also have significantly higher productivity (Table 2 ). Therefore,
The Author(s) 2026.
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e directly examine the contribution of differential productivity across sectors to SES gaps in
chievement at early ages. 

We focus on the gap in achievement between students from households in the top and bottom
uartiles of socioeconomic status (omitting the middle half of the SES distribution). Specifically,
e regress student test scores in 2023 on a dummy indicating whether the child belongs to the

op SES quartile, and then sequentially condition on lagged achievement and a dummy variable
or attending a private institution. As in our previous analyses, we estimate this separately for 4-,
- and 6–10-year-olds (see Table 4 ). 

Raw test score gaps between high- and low-SES students, at age four, are large ( 0 . 43 σ and
 . 36 σ in math and Tamil, respectively). Differences in baseline achievement explain only around
%–10% of this gap (columns (1) and (2)), but approximately 60% of it can be attributed to
rivate preschool attendance (columns (2) and (3)). These patterns differ for primary school
hildren. At ages 6–10, differences in baseline achievement account for around 30% of the test
core gap in both subjects (columns (7) and (8)); private enrolment explains little of the SES gap
n math and widens it in Tamil (columns (8) and (9)), which aligns with our previous findings on
he primary private premium. Conditional on private preschool enrolment and lagged test scores,
he remaining SES gap in test scores is relatively stable across age groups. 

Overall, high-SES children enter primary school with substantially stronger academic achieve-
ent compared to their low-SES peers, a disparity that persists at later stages. These early gaps

re primarily driven by differences in private preschool enrolment. 

. Spatial Variation in the Private Premium 

he previous section estimated the average productivity differential across sectors. Yet, these
verages likely conceal substantial heterogeneity across villages. Furthermore, within educational
arkets, the productivity of private and government preschools/schools is likely to interact;

educing productivity differentials to a sample-wide average restricts us from investigating such
elationships. In this section, we investigate these market-level associations. 

.1. Estimating Village-Level Value-Added 

ur empirical approach to estimating village- and sector-specific school productivity extends
he value-added framework described in Section 2.2 . We estimate test score gains for each
evel-sector-village cell, where level refers to pre-/primary schooling and sector to public/private
perators. We define θslv as a set of dummy variables that indicate attendance at a private or
ublic option s at the pre- or primary level l in village v . To improve precision, we pool all
hildren aged 4–10 (adding subscript a for age) in the same regression and estimate the equation 

y2023 
i as lv = λa y2022 

i as lv + θslv + �X i as lv + εi as lv . (2) 

he coefficient on the lagged score λa is allowed to differ by child age a. The vector Xi as lv 

ontains controls for deciles of the SES wealth index, as well as paternal and maternal education,
he child’s age and gender. The public preschool sector of one of the villages is left out as the
mitted category. 

In this model, θslv captures the improvement in test scores between 2022 and 2023 for a child
n a particular sector, level of schooling and village after controlling for baseline test scores and
ackground characteristics. The difference in θslv across sectors allows us to identify the private
© The Author(s) 2026.



2026] the productivity of public and private preschools (and schools) 1269

© The Author(s) 2026.

Ta
bl

e 
4.

 
D

ec
om

po
si

ti
on

 
of

 
th

e 
SE

S 
G

ap
 
(T

op
/B

ot
to

m
 
25

%
) 

in
 
20

23
 
Te

st
 
Sc

or
es

: 
P

re
sc

ho
ol

 
an

d 
P

ri
m

ar
y 

L
ev

el
s.
 

A
ge

 
4 

A
ge

 
5 

A
ge

s 
6–

10
 

(1
) 

(2
) 

(3
) 

(4
) 

(5
) 

(6
) 

(7
) 

(8
) 

(9
) 

Pa
ne

l A
: 

m
at

h 

To
p 

25
%
 
SE

S 
0 .

43
4∗

∗∗
0 .

41
2∗

∗∗
0 .

16
9∗

0 .
30

7∗
∗∗

0 .
25

0∗
∗∗

0 .
14

3∗
0 .

23
8∗

∗∗
0 .

16
4∗

∗∗
0 .

15
5∗

∗∗
(0
 .0

72
) 

(0
 .0

72
) 

(0
 .0

81
) 

(0
 .0

56
) 

(0
 .0

55
) 

(0
 .0

65
) 

(0
 .0

29
) 

(0
 .0

26
) 

(0
 .0

26
) 

Pr
iv

at
e 

sc
ho

ol
 

0 .
68

0∗
∗∗

0 .
24

9∗
∗

0 .
02

4 
(0
 .0

80
) 

(0
 .0

75
) 

(0
 .0

26
) 

Pa
ne

l B
: 

Ta
m

il
 

To
p 

25
%
 
SE

S 
0 .

35
6∗

∗∗
0 .

32
9∗

∗∗
0 .

13
5 

0 .
14

7∗
0 .

08
6 

0 .
05

4 
0 .

09
9∗

∗
0 .

05
3 

0 .
10

5∗
∗∗

(0
 .0

68
) 

(0
 .0

67
) 

(0
 .0

69
) 

(0
 .0

61
) 

(0
 .0

63
) 

(0
 .0

67
) 

(0
 .0

30
) 

(0
 .0

27
) 

(0
 .0

30
) 

Pr
iv

at
e 

sc
ho

ol
 

0 .
54

1∗
∗∗

0 .
07

4 
−0

 .1
42

∗∗
∗

(0
 .0

81
) 

(0
 .0

73
) 

(0
 .0

31
) 

L
ag

ge
d 

sc
or

e 
co

nt
ro

l 
�
 

�
 

�
 

�
 

�
 

�
 

O
bs

er
va

tio
ns

 
91

4 
91

4 
91

4 
1,

36
0 

1,
36

0 
1,

36
0 

6,
87

3 
6,

87
3 

6,
87

3 

N
ot

es
: 

R
ob

us
t S

E
s,
 
cl

us
te

re
d 

at
 
th

e 
vi

lla
ge

 
le

ve
l, 

ar
e 

re
po

rt
ed

 
in
 
pa

re
nt

he
se

s.
 
V

ill
ag

e 
fix

ed
 
ef

fe
ct

s 
an

d 
co

nt
ro

ls
 
fo

r 
ch

ild
 
ge

nd
er
 
ar

e 
in

cl
ud

ed
 
in
 
al

l r
eg

re
ss

io
ns

. T
es

t s
co

re
s 

re
fe

r 
to
 
th

e 
IR

T
 
E

A
P 

sc
or

es
, s

ta
nd

ar
di

se
d 

w
ith

 
re

sp
ec

t 
to
 
ch

ild
re

n 
ag

ed
 
fiv

e 
in
 
th

e 
20

22
 
as

se
ss

m
en

ts
. T

he
 
SE

S 
in

de
x 

is
 
ba

se
d 

on
 
qu

es
tio

ns
 
re

ga
rd

in
g 

th
e 

av
ai

la
bi

lit
y 

of
 
ho

us
eh

ol
d 

am
en

iti
es
 
an

d 
co

m
pu

te
d 

w
ith

 
PC

A
. T

he
 
om

itt
ed

 
ca

te
go

ry
 
co

nt
ai

ns
 
st

ud
en

ts
 
in
 
ho

us
eh

ol
ds

 
w

ith
 
an

 
SE

S 
in

de
x 

be
lo

w
 
th

e 
25

th
 
pe

rc
en

til
e.
 
H

ou
se

ho
ld

s 
w

ith
 
an

 
SE

S 
in

de
x 

be
tw

ee
n 

th
e 

25
th
 
an

d 
75

th
 
pe

rc
en

til
es
 
ar

e 
ex

cl
ud

ed
 
fr

om
 
th

e 
re

gr
es

si
on

s.
∗∗

∗
p 

<
 
.0

1,
∗∗

p 
<
 
.0

5,
∗

p 
<
 
.1

. 

D
ow

nloaded from
 https://academ

ic.oup.com
/ej/article/136/676/1254/8266829 by guest on 31 M

ay 2026



1270 the economic journal [may

p

T  

e  

a  

e  

a  

s
 

s  

g  

u  

m  

f  

a  

m  

s  

c
 

e  

a  

s  

a  

h  

s
 

i  

a  

w  

T  

i  

a  

v  

	  

(  

b  

t

s
h
b
c
d

B

D
ow

nloaded from
 https://academ

ic.oup.com
/ej/article/136/676/1254/8266829 by guest on 31 M

ay 2026
remium at the level of schooling l and village v: 

βlv = θ1 lv − θ0 lv . 

o interpret βlv causally, we require selection into the private relative to the public sector in
ach village to be accounted for by our set of included controls. This is stronger than the
ssumption in Section 2.2 only in that this conditional ignorability assumption is imposed for
ach village individually (rather than the sample as a whole); it is weaker than the standard
ssumption underlying school value-added models wherein the choice of each school in the
ample is assumed to be conditionally ignorable. 

Our principal aim in this section is to compare the productivity of available options in the
ame market and estimate the distribution of the private premium across markets and levels. This
oal is similar to Andrabi et al. ( 2025 ), who established the validity of school-level value-added
sing alternative sources of (within-village) identification. Like other applications of value-added
odels across many dispersed markets (see, e.g., Andrabi et al., 2025 ; Einav et al., 2025 ), we

ocus on reallocations only within the same market. 23 When we correlate estimated productivity
cross sectors in the same villages, we only interpret these as associations: positive correlations
ay be informative about spatial inequality, but could arise from institutional effects (e.g., through

chool competition) or through the effect of village-level unobservables not proxied for by our
ovariates. 

The value-added estimates in θslv will be measured with uncertainty, introducing measurement
rror in both the individual parameters and, potentially, the private premium βlv . This presents
 challenge for several parts of our analysis. First, individual value-added estimates may be
everely biased even under the assumption that our approach yields unbiased estimates on
verage . Second, the estimated slope in a regression that has value-added estimates in the right-
and side (e.g., private on public value-added, a core object of interest in our analysis) will be
ubject to attenuation bias due to measurement error. 

We address this in two ways. We rely on empirical Bayes estimates of value-added when
nvestigating individual productivity parameters. Our empirical Bayes procedure shrinks value-
dded estimates toward their level and sector averages proportionally to the uncertainty with
hich they are estimated (for details and the impact of shrinkage, see Online Appendix E.1 ).
his shrinkage procedure is suitable when the goal is to improve unit-specific forecasts. However,

t does not allow us to appropriately investigate moments of the value-added distribution—such
s the covariance between private and public value-added (Walters, 2024 ). 24 Denoting the within-
illage covariance matrix of θsl jv across sectors s, levels l and subjects j as 	θ , we estimate

θ directly following Angrist et al. ( 2025 ), which corrects for bias due to estimation noise
for details, see Online Appendix E.2 ). In the results, we visually illustrate the relationships
etween our raw value-added estimates, and report both the unadjusted and bias-corrected slopes
hroughout. 
© The Author(s) 2026.

23 Comparing value-added estimates across villages is, however, much more complicated due to the possibility of 
patial unobservables (e.g., neighbourhood effects, as in Chetty and Hendren, 2018 ). The relevant thought experiment 
ere would be to move a child from, say, a private school in village A to a public school in village B; this would only 
e valid if village A or B themselves did not have an independent effect on student outcomes, beyond that proxied by 
ovariates. We are not aware of results in any setting that validate value-added models against experimental or regression 
iscontinuity estimates for this purpose. 

24 While the variance of the raw value-added estimates will be inflated due to estimation error, the shrunken empirical 
ayes estimates will, in general, understate the variance of the true value-added parameters (Walters, 2024 ). 
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Finally, by pooling children aged 4–10 in the same specification, we also assume that (age-
arying) lagged scores and background characteristics can address selection into early primary
chooling (i.e., the timing of the transition, not just the sector). This is consequential for five-
ear-olds, around half of whom are enrolled in primary school (Table 1 ). The alternative strategy
s to omit five-year-olds ( Online Appendix Figure E.3 ), to which our results are robust. 

.2. Value-Added across Markets, Sectors and Levels 

e now present the results of estimating the specification from ( 2 ), which yields four measures
f test score gains for each village: the average value-added in private and public options at the
reschool and primary levels. 25 The variation in test-score gains is slightly larger in the private
ector compared to the public one, both at the pre- and primary school levels. We focus, first, on
he difference in value-added between the public and private sectors (e.g., the private premium)
cross different markets, and then turn to within-market correlations of these estimates. 

Figure 2 orders villages by their average value-added in the public sector, as estimated by
he empirical Bayes method, along the horizontal axis. Circles (triangles) denote the average
alue-added in the public (private) sector for each village. The top panels show preschool results,
eparately by subject, and the bottom panels show primary school results. 

No village has a public preschool sector that, on average, performs better than its private sector
n math—with few exceptions, the same is true for Tamil. 26 The average private premium is
 . 72 σ in math and 0 . 57 σ in Tamil, which is very similar to the results in Section 2.3 . While
roductivity differences vary across markets, they are substantial almost everywhere. This pattern
s very different at the primary school level. While the average private productivity premium is
ssentially zero in math and negative in Tamil, as noted previously, the magnitude of these
ifferences remains modest across all villages. 

Next, we investigate the association between value-added estimates across sectors and levels
ithin villages. We show binned scatter plots of raw value-added estimates in Figure 3 . As
entioned above, these relationships are likely subject to attenuation bias due to estimation noise

n the value-added estimates. Hence, we report both raw and bias-corrected slopes throughout
see Online Appendix E.2 for details on the bias correction approach). 

We identify a positive correlation between the value-added of the private and public sectors.
egressing raw private on public preschool value-added yields a coefficient of 0.45 in math
nd 0.36 in Tamil (the top panel of Figure 3 ). These slope coefficients are biased towards zero:
orrecting for estimation error increases these slopes to 0.80 in math and 0.61 in Tamil. These
ectoral correlations are higher in primary school, with slopes of 0.88 in math and 0.99 in Tamil
after correcting for bias). However, the difference in slopes at the pre- and primary levels is
nly statistically significant in Tamil ( p = . 48 in math, p = . 02 in Tamil). These associations
n productivity across sectors are consistent with potential ‘multiplier effects’ in which, due
o market-level incentives and competition, an increase in public-sector quality also leads to
mprovements in the private sector—Andrabi et al. ( 2024 ) presented experimental evidence of
The Author(s) 2026.

25 Online Appendix Figure A.5 presents density plots of these estimates, together with bias-corrected variances of the 
alue-added distributions. For fifteen villages, we are unable to estimate village-level value-added in all combinations of 
ubjects, sectors and levels. In most cases, this is because too few children are enrolled in private preschools. This leaves 
s with 200 villages for which we have complete value-added estimates. 

26 This is not primarily a consequence of empirical Bayes shrinkage. Focusing on raw (unshrunk) value-added 
stimates, only 7% (14%) of villages have a public preschool sector that outperforms its private sector on value-added in 
ath (Tamil), despite raw value-added being estimated with a significant degree of noise ( Online Appendix Figure E.4 ). 
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Fig. 2. Village-Level Average Value-Added of Private and Public Options. 
Notes: These plots show village-level average school value-added by sector (public/private) and level 

(preschool/primary) using empirical Bayes measures, as described in Online Appendix E.1 . Villages are 
ordered along the x axis by their average value-added in government schools. The regression specification 

generating these estimates is given by ( 2 ). 
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uch a mechanism at work in primary schooling markets in Pakistan, although we are not aware
f similar evidence at the preschool level. In short, villages with particularly low-quality public
chools also tend to have weaker-performing private schools than other villages, and this pattern
s stronger in primary relative to preschool markets, at least in Tamil. 
© The Author(s) 2026.
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and level (preschool/primary school). In the bottom panel, we show correlations between preschool and 

primary school value-added, separately by subject and sector. Raw and bias-corrected slopes and p -values 
associated with a test of zero slopes are shown in the plots; robust SEs are used for inference (see Online 

Appendix E.2 for details on the bias-correction procedure). 
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We also investigate the within-sector correlation of value-added between pre- and primary
chools within the same markets (bottom panel of Figure 3 ). In both the public and private sectors,
roductivity is clearly correlated across levels of schooling. On average, an increase of one SD
f preschool value-added predicts an increase of roughly half a SD of primary school value-
dded. This correlation is not surprising in the private sector since private preschools are often
ertically integrated with private schools. Government preschools, on the other hand, are managed
y a parallel administrative set-up separate from the School Education Department (which
versees primary schools), but appear to display similar correlations. 27 As such, productivity
ifferences across markets appear to be relatively persistent throughout early childhood and
dolescence. 

Turning to market shares at the preschool level, we find that private preschool enrolment does
ot increase with the size of the private premium (see Online Appendix Figure A.6 ). At the
rimary school level, in contrast, we do find that market shares reflect differences in the private
remium. In math, a one-SD increase in the village-level private premium is associated with a
5-percentage-point increase in private enrolment. In Tamil, the correlation is essentially flat,
hich is not unsurprising, given that many households opt for private primary schools precisely
ecause of their focus on English rather than the local language. 28 

Importantly, market shares are equilibrium outcomes. Thus, the lack of association between
rivate preschool premia and market shares is consistent with distinct explanations. For example,
t is possible that (i) households do not value cognitive skill production for very young children
nd/or (ii) higher-quality preschools also charge higher prices (which we do not measure), or
iii) higher-quality preschools want to keep enrolment low to maintain quality. Since market
hares appear to respond at the primary level to value-added in math (which is emphasised in
oth public and government schools), explanations for this pattern are likely to be specific to
reschools. 

We provide further analyses of the correlates of village-level value-added in the Online
ppendix , which reveal three additional findings. First, value-added is highly correlated across

ubjects ( Online Appendix Figure A.7 ): within a village, private and public preschools that pro-
ide high value-added in math also tend to do so in Tamil. Second, private premia across markets
re largely uncorrelated with market size, measured as the number of children aged 4–6 in each
illage, and village-level SES at any level of schooling ( Online Appendix Table A.6 ). If anything,
illages with weaker socioeconomic composition tend to have larger private premia compared to
hose with stronger composition. 

. Conclusion 

his paper provides new insights into the study of public-private differences in education systems
n LMICs. In nearly all villages in our sample, private preschools exhibit a substantial advantage in
est score value-added over public options, which accounts for nearly two-thirds of socioeconomic
nequality at the school entry age. This is in stark contrast to the (small) differences in productivity
© The Author(s) 2026.

27 Public preschools are run by the Ministry of Women and Child Welfare at the national level, not the Ministry of 
ducation (which runs primary schools). Staffing, pay, management and overall capacity all differ between these two 
tructures. 

28 As shown in Chen ( 2024 ) and discussed in Walters ( 2024 ), using shrunken empirical Bayes estimates when 
orrelating value-added with market shares may be inappropriate if the precision and magnitude of the value-added 
stimates are correlated. We address this issue by adopting an alternative empirical Bayes procedure that is robust to such 
recision dependence (Chen, 2024 ) and find similar results (see Online Appendix E.5 ). 
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etween public and private schools at the primary school level. Within villages, we document a
ositive correlation between the value-added of educational options, suggesting spatial inequality
n access to educational opportunity (akin to neighbourhood effects in other settings; see, e.g.,
hetty and Hendren, 2018 ). 
Why does the public sector underperform private alternatives so starkly at the preschool level,

ven while producing similar value-added at the primary school level? Our household-based
ataset lacks the information on time use, pedagogical practices or other facility-based inputs
eeded for a structured analysis of this question. A likely explanation is that private preschools
edicate more instructional time to cognitive stimulation. In their control group, in the same
istricts, Ganimian et al. ( 2024 ) documented only 38 minutes of preschool instruction per day
n anganwadis. Doubling this, using a part-time worker, led to gains of 0.28 σ for children
ho attended the treatment centres. It is likely that, at the preschool level, private institutions

ffectively provide more instructional time than even the treatment group of Ganimian et al.
 2024 ), which rationalises the large private preschool premia we find. 29 This limited instructional
ime in anganwadis , potentially combined with low productivity of such instruction, is a problem
cross Indian states. 30 

A potential explanation for our results is that, despite the stated importance given to early
hildhood cognition in policy documents, preschool instruction has been less central to angan-
adi centres than their role as daycare centres or supplementary nutrition centres. Our results

cknowledge this possibility, but also highlight that the ICDS system is (i) the principal govern-
ent intervention at the preschool stage, (ii) the largest such system globally and (iii) explicitly

ntended to be part of the system-wide pivot towards achieving universal literacy and numeracy
y Grade 3. Providing quality preschool to all children, as targeted by the Sustainable Develop-
ent Goals and the National Education Policy, is unlikely to be feasible without improving the

alue-added of anganwadis in the skills related to functional literacy and numeracy. 
Our results suggest that scaling effective interventions targeting learning in public preschools,

eyond effects on achievement, could also improve socioeconomic equality. Promising
nganwadi-based interventions include, for example, additional staffing in Tamil Nadu
Ganimian et al. , 2024 ) and WhatsApp-based instructional materials for anganwadi workers
nd parents (Keskar et al. , 2025 ). That we find positive correlations between private and public
alue-added also potentially suggests that these improvements might even have multiplier effects
hrough market-level interactions (such as demonstrated by Andrabi et al., 2024 at the primary
chool level). Developing, validating and scaling such interventions should, given our results, be
n important priority for research and policy. 

Our results also suggest that substantial gains may be possible from vouchers that enable
hildren to attend private preschools. Dean and Jayachandran ( 2019 ) showed the effects of such
 policy in India, finding gains of as much as 0.8 σ for students induced to attend a particular
The Author(s) 2026.

29 Put differently, it is possible that public preschools could achieve similar gains as private preschools if they provided 
nstruction of equivalent duration. That they are unable to do so reflects, at least in part, inadequate resources and staffing 
Ganimian et al. , 2024 ). See Singh et al. ( 2024 ) for an example of sharp learning gains in response to government 
nvestments after COVID-19 in this setting. 

30 See, for instance, descriptive findings reported in the India Early Childhood Education Impact Study (Kaul and 
hattacharjea, 2019 ) and the FOCUS report (CIRCUS, 2006 ). Indeed, in the FOCUS report, anganwadis in Tamil 
adu were highlighted as being better functioning than in other states, suggesting that our results might understate the 
ifferential with private-sector preschools. De facto, preschool education has not been prioritised by the government: 
his is evident, for example, also in budgetary allocations, staffing and the social status of preschool workers compared 
o primary school teachers. 
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rivate preschool provider using a randomised voucher. Our value-added estimates are remarkably
imilar on average; however, we also observe significant differences in the private premium across
illages. Voucher policies to move students to private preschools are also, de facto, already at
cale: Romero and Singh ( 2022 ) showed that the principal effect of private-sector quotas in India’s
ight to Education Act 2009 on enrolment is to move some students from public preschools or no
nrolment into private preschools. Understanding the effects of these policy-induced moves on
kill acquisition, which has not been done outside of the COVID-19 pandemic, as well as ways
o target the policies to make them more effective, are clearly avenues where further research
ould be productive. 31 

More generally, both in India and elsewhere among LMICs, there is remarkably little evidence
n the organisation of preschool markets. Understanding the distribution of productivity among
ndividual providers, the preferences and information sets of parents, constraints on the provision
f quality instruction, and the nature of competition and market interactions between providers
re all topics of substantial importance for academic research. We hope that the observational
esults presented in this paper will spur further work in this area, including interventions to
mprove the functioning of these markets. 

tockholm School of Economics, Sweden 
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