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Abstract

Despite a long-standing preschool policy and investment in preschool infrastructure in India,
dating back to 1975, a rigorous evaluation of preschools in India remains virtually absent.
Using data from three geographically and economically distinct states in India, the paper
studies the immediate (1 year) impact of attending a preschool before starting primary school
on cognitive, early language and numeracy skills. It additionally studies the heterogeneity in
value-added of preschools by their management type. I find that there is a positive and
significant premium of attending a preschool before starting primary school. However, the
entire effect is driven by children who attend private preschools. There is considerable regional
heterogeneity in the private-public gap in learning levels with Telangana exhibiting the highest
private preschool premium. A descriptive study of the preschool quality by management type
showed that private preschools have lower student-teacher ratios, longer hours of operation and
a focus on formal instructional style of teaching. On the other hand, public preschools conduct
more play-based activities. The results of this paper are particularly relevant in the backdrop
of the new National Education Policy (Government of India, 2020), which stresses the need to
improve foundational literacy and numeracy skills as early as in the preschool years. Given the
findings of this paper, public preschools would need considerable overhaul to be able to deliver
on closing the learning gaps. Moreover, the varying levels at which children start primary
school based on their preschool experience highlight the need for educators to develop
innovative pedagogical tools to effectively address learning heterogeneity within the

classroom.
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1. Introduction

UNESCO (2020) estimates that almost 80 percent of the children who remain unenrolled in
preschools at the age of five are situated in low- and middle-income countries. However, what
sets India apart is that despite being a developing country it boasts a preschool enrolment rate
equivalent to that of high-income developed nations. Among the sample of children in this
study, the preschool enrolment rate is as high as 89 percent for rural households. This is
attributable to India’s preschool policy which first came into play in 1975. In recent years, India
has re-affirmed the importance of preschools in child development in its new National
Education Policy (Government of India, 2020) promising that ‘provisioning of quality early
childhood development, care and education must thus be achieved as soon as possible, and no

later than 2030 (para 1.1).

Despite such a long-standing preschool policy and investment in preschool infrastructure in
India, a rigorous evaluation of preschools remains virtually absent. Singh and Mukherjee
(2017) using Young Lives data from Andhra Pradesh and Telangana, find long-term effects of
private preschool attendance on cognitive skills and subjective well-being at the age of 12.
However, this study does not estimate the impact of having preschool exposure (public or
private) versus none. Moreover, by looking at the impact of preschool exposure at age 12, it
fails to consider the educational participation of the children between ages 6 and 12. A further
limitation is the focus on data from Andhra Pradesh and Telangana; thus the paper fails to
address the question of regional heterogeneity in preschool quality in a country as
geographically diverse as India. For instance, the preschool funding guideline in India is
skewed to benefit economically underdeveloped regions®. While the Central government
contributes 90 percent of the construction and operational costs in these states, in other states
(such as Andhra Pradesh and Telangana), the Central government contributes 75 percent of the

construction cost and 60 percent of the operational cost.

In this paper, I seek to improve on the limited evidence on Indian preschools. I use data from
three geographically and economically distinct states in India to provide a more representative
evaluation of preschools. I study the immediate (1 year) impact of preschool attendance to

minimise the risk of other educational inputs confounding the results. Moreover, I estimate the

3 https://www.wcd.nic.in/sites/default/files/AR%202017-18%20Chapter%203.pdf
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effect of attending a preschool versus having no preschool exposure. I complement this analysis

with a study of private-public gap in learning.

Employing a lagged-score Value Added Model (VAM), I find that there is a positive and
significant premium of attending a preschool before starting primary school on the achievement
test. However, the entire effect is driven by children who attend private preschools. I find that
children who attend public preschools before starting primary school do not have a significant
advantage over children who start primary school with no preschool experience. There is
considerable regional heterogeneity in the private-public gap in learning levels with Telangana

exhibiting the highest private preschool premium.

The uniqueness of the Indian education system lies in the coexistence of two parallel sectors —
a low cost fee-charging private and a free-of-cost public (government) sector. This introduces
a degree of variability in the schooling trajectory followed by Indian children, and hence can

potentially produce variability in learning levels.

Public preschools in India, commonly known as anganwadis/balwadis are part of the bigger
umbrella program — Integrated Child Development Services (ICDS). The ICDS scheme has
been in implementation since 1975 and performs six services — supplementary nutrition,
preschool education, immunisation, health check-up, referral services, and nutrition and health
education to mothers. There are 1.3 million ICDS centres across the country, with the policy
stipulating that there be at least one centre in every village*. Public preschools are expected to
cater to children in the age group 3 to 6 years of age, and contribute to the universalisation of

primary education by providing necessary preparation for primary schooling.

Private preschools, on the other hand, are fee charging institutions, consisting of nursery and/or
kindergarten classes. Their main draw is English language instruction. They are more formal

in their structure and organisation with well-defined curricula and teaching hours.

The quality of public preschool education is often seen as poor, partly due to the Indian
education policy failing to incorporate preschool education formally into its pedagogical

framework. In reality, ICDS centres have come to be seen as health centres for children in early

4 https://www.wcd.nic.in/sites/default/files/AR%202017-18%20Chapter%203.pdf
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years, with the preschool function reduced to a free day care facility. A major shift in this realm
comes with the new National Education Policy (2020), which will bring the preschool function
of ICDS formally into what it terms as ‘school clusters’. This would imply that preschool
education function of ICDS would shift from the Ministry of Women and Child Development
to the Ministry of Human Resource Development®. This anticipated shift will integrate the
preschool years with the rest of the education system in India, allowing the National Council

of Educational Research and Training (NCERT)® to develop preschool curricula and pedagogy.

While variability in learning outcome due to the diverse private and public sector in education
is well documented in India at the primary school level (Muralidharan and Sundararaman,
2015), very little is known at the school entry age or before that. Studies that document the
learning gaps in the private and public sectors have overwhelmingly focussed on primary
school without any knowledge of the early childhood years. One needs a careful assessment of
the learning gap literature in India — whether these are gaps that arise due to primary school
education or whether these are pre-existing gaps decreasing/increasing over time. From the
policy perspective, it is vital to know when and where public spending should be focused to

yield the highest return.

There is widespread recognition of the fact that early childhood factors and environment have
a significant impact on future outcomes, cognitive and non-cognitive. Quality early childhood
education can improve children’s learning skills and help with the transition to primary school
(see Yoshikawa et al., 2013 for a review). Given such evidence, the less than satisfactory
evaluation of preschool education in India is a major limitation. One of the main reasons for
such an omission, is the lack of data in the education sector, and even more so in the preschool
sector. The data set I use for this study is the only large-scale data set I know of which

specifically aimed to collect information on preschools in India’.

The paper also contributes to the wider literature on evaluation of universal preschool

provision. This literature is sparse, even in developed countries and the results continue to be

5> The Ministry of Human resource Development, India oversees all aspects of education — primary, secondary, higher
education, technical and vocational training centres.

S NCERT currently oversees the development of curriculum, pedagogy, teacher training of all primary and secondary education
in India.

7 ASER recently conducted a national survey in 2019 of children’s enrolment status and skills with a focus on early years —
ages 4 to 8. However, the survey does not have any information on the preschools themselves. It is also limited in its
information on households.



mixed. While some studies find that universal preschool education is associated with improved
literacy and numeracy skills at primary school entry age (for US, see Loeb et al., 2007;
Fitzpatrick, 2008; for UK, see Melhuish et al., 2008; for Argentina, see Berlinski et al., 2009),
others find that these positive effects dissipate as early as the end of first grade (for US, see
Magnuson et al., 2007; for Quebec, see Baker et al., 2008).

2. Related Literature

Early years of life are critical for the acquisition of skills and concepts. While positive
experiences are thought to be crucial in determining the formation of cognitive and non-
cognitive skills (Cunha & Heckman, 2008), negative experiences in the form of poverty,
malnutrition, and unstimulating home environment can be detrimental to cognitive, motor, and
socio-economic skill development (Grantham-McGregor et al., 2007). Since skill begets skill
and there is complementarity between inputs applied at various stages of growing up (Cunha
et al., 2006) there is a strong case for intervention in the preschool years. Although certain
socio-emotional functions and health can be observed even before the age of three (preschool
starting age), most successful early childhood interventions begin in preschool years. These

can also be complemented with earlier ‘antenatal investment’ (Doyle et al., 2009).

There is now a large body of literature which documents the effectiveness of early childhood
interventions, particularly in the US (Heckman & Mosso, 2014). In the context of the US, much
of the literature to explain when and why gaps in cognitive (and non-cognitive) achievement
surface has focused on the racial bias (see Fryer & Levitt, 2004, 2006). The second theme in
early childhood intervention research in the US has been to document the persistent positive
impacts of such interventions into adulthood — for example, Perry Preschool Project in the US
(Schweinhart et al., 2005), and Head Start Preschool intervention (Garces et al., 2002). While
the results from these studies are useful, the programmes evaluated involved disadvantaged
children from select cities in the US. The evidence on the impact of universal preschool policy
remains scarce, and the evidence on short-run outcomes is mixed. While some studies find that
universal preschool education is associated with improved literacy and numeracy skills at
primary school entry age (for US, see Loeb et al., 2007; Fitzpatrick, 2008; for UK, see Melhuish
et al., 2008), others find that these positive effects dissipate as early as the end of first grade
(for US, see Magnuson et al., 2007; for Quebec, see Baker et al., 2008).



In developing countries, the evidence on evaluation of universal preschool is even more
limited. Berlinski, Galiani, and Manacorda (2008) study the effect of preschool education on
years of education using a Uruguayan household survey. They use the within household
estimator exploiting the variation in education trajectories between siblings. The authors report
that by the age of 15, children who had attended preschools accumulate 0.8 years of extra

education when compared to their untreated siblings.

In another study from Argentina, Berlinski, Galiani, and Gertler (2009) investigate the impact
of large scale expansion of universal preschool education on subsequent primary school
performance, and find that one year of preschool education increases the average third grade

test scores by 23 percent of the standard deviation.

In Cambodia, Rao et al. (2012) evaluate the effectiveness of the different early childhood
programmes and find that ,while some programmes are more effective than others, some
preschool experience is better than none at all. However, a recent study evaluating the impact
of preschool construction in Cambodia on children’s short-term cognitive and socio-emotional
development finds that there are no impacts of preschool attendance (Bouguen et al., 2018).
Further, they find that there are significant negative impacts of preschool attendance on

children with the longest exposure to preschools.

In urban Ethiopia, Woldehanna (2016) using Young Lives data find that preschool attendance

is correlated with better cognitive performance at the primary school starting age of five.

Other than the above-mentioned studies, there have been smaller sample studies. Mwaura et
al. (2008) study the impact of preschool experience on cognitive achievement in a sample of
423 children in East Africa under a quasi-experimental framework. They find that children who
went to Madrasa type preschools (faith-based organization) performed better than those who
attended non-Madrasa type preschools or none. Moore et al. (2008) design a pre-post
intervention-control framework to evaluate the effect of revised preschool versus a regular
preschool in rural Bangladesh. In their sample of 138 children, they find that after seven
months, children in the revised program performed better than those in the regular program,
although the quality of the regular program had also improved. Most of these studies suffer
from the problem of small sample and focus on comparing different type of preschools rather

than a universal preschool programme.



A related strand of literature from developing countries looks at the impact of quality of
preschools on child outcomes — for instance, the effect of teacher quality (Araujo et al., 2016
in Ecuador; Wolf et al., 2019 in Ghana; Yoshikawa et al., 2015 in Chile) and the effect of

increasing preschool and parent communication (Ozler et al., 2016 in Malawi)

In the context of India, there are two papers that evaluate universal preschool provision. In
Andhra Pradesh and Telangana, Singh and Mukherjee (2017) employ propensity score
matching and find long-term effects of private preschool attendance on cognitive skills and
subjective well-being at the age of 12. However, this study does not estimate the impact of
having preschool exposure (public or private) versus none. Moreover, by looking at the impact
of preschool exposure at age 12, it fails to consider the educational participation of the children
between ages 6 and 12. A further limitation is the focus on data from Andhra Pradesh and
Telangana; thereby, failing to address the question of regional heterogeneity in preschool

quality in a country as diverse as India.

Another study using Young Lives data from Andhra Pradesh and Telangana, India,
demonstrates that test score gaps between children in schools exist even at the school-entry
age, and this gap can in part be attributed to attending a preschool and type of preschool
attended (Singh, 2014). However, the author mentions that drawing causality is beyond the
scope of his paper and is at most able to establish correlations. This paper serves as a valid
starting point for my exercise — once established, that test score gaps exist even before starting
primary school, I attempt to explain such a gap through preschool attendance and the

management type of the preschools.

In this study, I seek to improve on the limited evidence on Indian preschools. First, I use data
from three geographically and economically distinct states in India to provide a more
representative evaluation of preschools. Second, I study the immediate (1 year) impact of
preschool attendance to minimise the risk of other educational inputs confounding the results.
Third, I estimate the effect of attending a preschool versus having no preschool exposure. I

complement this analysis with a study of private-public gap in learning.

The focus on management type of preschools is motivated by the existing literature on the

private-public achievement gap divide in India. The private sector in Indian education has been



growing rapidly in the last two decades (Kingdon, 2007), and it is now well-known that there
are significant gaps in the average achievement scores between private and public schools in
India. Muralidharan and Kremer (2008) find that private unaided low fee-charging schools are
widespread in rural India, particularly in areas where the public system is dysfunctional. This
is a result of both demand-side variables (desire for English medium instruction, smaller
classes, and more accountable teachers) and supply-side variables (availability of educated

unemployed youth).

It has been found that private schools are associated with higher student achievement even after
accounting for pre-existing differences in socio-economic background using a range of
econometric methodologies. French and Kingdon (2010) use family fixed effects and within
household variation to control for selection into private schools. Desai et al. (2009) use
Heckman selection correction model using the existence of private school in the village as an
exclusion restriction. Chudgar and Quin (2012) find positive effects of attending private
primary schools while using regression analysis. However, when they conduct regressions on
matched samples, the private school gain is less consistent across specifications. Muralidharan
and Sundararaman (2015) do not find across the board gains of attending private schools in
their experimental approach (school choice voucher scheme) and claim that private school
children perform better in certain subjects (English and Hindi), but not in others (Telugu, Maths
and Environmental Studies). Singh (2015) shows that private primary schools show significant
positive gains in certain domains and age groups using Value Added Model, and that these
results match up to the estimates of the experimental study of Muralidharan and Sundararaman

(2015).

Most of these studies in India and beyond (with the exception of Singh & Mukherjee, 2017;
Singh, 2014), have focused only on primary schools without any reference to prior preschool
education. Given the widespread recognition of the importance of early childhood factors on

future cognitive outcomes, this omission is a major limitation to the literature as it stands today.

I study the impact of preschool on cognitive achievement, and in particular, the differential
impact of public versus private preschools. Since the question is similar to the literature which
exists for primary schools in India, one could potentially use any one of the empirical strategies
described earlier. However, family fixed effects are not satisfactory as parents can change their

behavior based on preschool experience and it also requires assuming that there is perfect



knowledge of intra-household allocation between siblings. Coming across a valid instrument
which only affects school choice and not educational outcome is also a tall order. The
instrument used by Desai et al. (2009) being, whether the village has a private facility, cannot
satisfy the exclusion restriction. As noted, the presence of private facilities can be driven by
demand side variables like the aspirations of parents and community. This would also affect

the educational outcome.

An alternative identification strategy under-utilized in such research questions is one of lagged
score Value Added Models (VAM). VAMs are used extensively in teacher and class
effectiveness literature, particularly in the US. Overall evidence suggests that lagged score
VAM estimates are valid and consistent, estimating average treatment effects with limited bias
(see Kane & Staiger, 2008; Andrabi et al., 2011; Chetty et al., 2014; Guarino et al., 2015;
Crawfurd & Elks, 2019).

2.1. Sampling
The data for this paper has been provided by ASER, India which had been collected as part of
their 5-year longitudinal study, Early Childhood Education Impact Study®. This paper only
covers two rounds of the data collection — the first round in September-December 2011 and the

second round in October-December 2012.

The data covers three major states of India — Telangana, Assam, and Rajasthan. States were
purposively selected to maximize differences in geographical location as well as demographic,
socio-economic, and educational characteristics. Within each state, two districts were selected
at random for inclusion in the study - Medak and Warangal in Telangana, Dibrugarh and
Kamrup in Assam, and Ajmer and Alwar in Rajasthan. Within each district, a total of 50
villages were selected with a population of between 2000-4000. Given that the primary
objective of this study was to examine the relationship between preschool and learning
outcomes, sampling of villages was deliberately restricted to larger villages in order to
maximize the likelihood of finding different types of preschool facilities (public and private)
within a single village. Systematic random sampling was utilized in order to ensure that at least

one village was included from each block in the district.

8 http://www.asercentre.org/Keywords/p/342.html#br03d
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Within each village, the objective was to select 50 children in the age group 3.5-4.5 years at
the time of the first round (September-December 2011). Integrated Child Development
Services (ICDS) records were used to create a sample of all children in the above-mentioned
age group. These records are maintained by government (Anganwadi) workers in each village.
If the number of children in the required age group exceeded 50, then 50 children were
randomly selected. If this number was less than 50, then all the children in the village were
selected. In theory, at most 2500 children should have been selected for each district. However,
in practice this was not achieved. Table 1 shows the distribution of the sampled children across
the six districts and three states. While 42 percent of the children are in Rajasthan, 31 percent
are in Assam and 27 percent are in Telangana. Moving from Round 1 to Round 2 of the data
collection, the study was able to track 89 percent of the children, with Rajasthan having the
lowest attrition rate. This paper utilises the sample of 8124 children who are present in both

Rounds 1 and 2.

Table 1. Distribution of sample by state and district

Sample Size at Sample Size at

State District Round 1 Round 2 % of Round 1
Telangana Warrangal 1031 931 90.3
Medak 1477 1265 85.6
Assam Kamrup 1662 1450 87.2
Dibrugarh 1163 998 85.8
Rajasthan Alwar 1896 1762 92.9
Ajmer 1892 1718 90.8
Total 9121 8124 89.1

This table presents the sample size in each district surveyed at Round 1 and at Round 2. Round 1 was
conducted in Sept-Dec 2011 and Round 2 was conducted roughly a year apart in Oct-Dec 2012.
2.2. Survey and Questionnaire
During 2011-2012, sampled children were visited four times, approximately once every three
months. The first round of data collection occurred in September-December 2011 and the
second round in October-December 2012. Between Rounds 1 and 2, two tracking visits

occurred. Table 2 shows the information collected in each round.

Table 2. Timeline of survey and information collected

Round 1 Round 2
Sep - Dec Tracking Visit 1  Tracking Visit 2 Oct - Dec
Survey instrument 2011 Feb — Mar 2012 Jul — Aug 2012 2012
Household questionnaire X
Assessment X X
Child tracking X X X X
Preschool questionnaire X X




The household questionnaire includes detailed information on the level of education of the
parents, employment status, religion, caste, consumer durables owned by the household,
sampled child’s learning environment, and questions on parent’s aspirations and expectations
from preschool. The questions on parent’s aspirations and expectations from preschool were

only administered to parents where the child was enrolled in a preschool.

The child tracking was used to only track the enrolment status of the child — whether the

sampled child was going to a preschool, or a primary school.

The preschool questionnaire was conducted for all preschools in the village, irrespective of
whether the sampled child was enrolled in them or not. Key aspects of infrastructure, classroom
teaching observation, and availability of learning materials for children were observed in each
preschool facility visited. However, the data provided for this paper did not link the preschool
to the sampled child. Additionally, no unique preschool identifier was used between Rounds 1

and 2, which implies that I cannot link the preschools from Round 2 with Round 1.

The assessment tool used for this study is the School Readiness Inventory (SRI). It was
administered one-on-one by a trained field investigator to the children at home. The test was
developed by the World Bank in conjunction with Centre for Early Childhood Education and
Development, New Delhi. It is intended to test children’s cognitive skill, and early language
and numeracy skills®. Within these broad categories, the children were administered 24 items.

Appendix A Table A.1 gives detail of the breakdown of the test.

I used a two-parameter logistic (2-PL) model of the Item Response Theory (IRT) to evaluate
the performance of each item in uncovering the latent trait/skill parameter. Based on this model,
I found Items 22 and 23 to perform poorly; and hence, excluded them for calculating the total
score. Appendix A Section A.1 details the methodology used to construct the test score. While
one can use test scores generated by IRT, for ease of interpretation, I do not do so in the main
paper'®. Instead, I assign a point for each of the 22 items administered and calculate the total

test score. This is referred to as the raw score in the paper and ranges from 0 to 22. Second, I

“While most School Readiness instruments administered in early childhood studies also have dimensions on socio-emotional
skills and motor skills (for e.g., see Yoshikawa et al., 2015; Wolf et al., 2019), the SRI tool administered in this study had a
narrow focus on cognitive and language skills.

10 In Appendix A Table A.3 and Table A4, I report the main results using IRT constructed scores.



standardise this test score to have a mean of 0 and standard deviation of 1. This standardised
score is used in all analyses. Children were assessed twice roughly a year apart. I shall refer to
the test score from Round 1 as Lagged test score and the test score from Round 2 as Current

test score.

2.3. Participation status
Table 3 summarises the participation trajectory of the sampled children from Round 1 to Round
2. Only 1.2 percent of the children remain unenrolled by Round 2 and all these children were
from Rajasthan. 89 percent of the children were already attending a preschool at the time of
the first data collection (Round 1). This is unsurprising as enrolment rates have been
consistently high for India in the recent years — for instance, ASER Early Years Report (ASER
Centre, 2020) documents that 84 percent of their nationally representative rural sample of 4-
year old children were enrolled in preschool. Of these children in my data, most continued to
attend a preschool in Round 2. 1861 children started attending a primary school after preschool
- 95 percent of these children were in Rajasthan or Telangana. This is because the school
starting age in Rajasthan and Telangana is 5 years, while it is 6 years in Assam. However, the
slight anomaly, are the children (9 percent of the overall sample) who were already attending
a primary school at Round 1 and continue to do so in Round 2. While officially these children
would be too young to be attending primary school, it is common for the enforcement of formal
school entry regulations to be lax'!. Given the difference in educational norms and trends by
states, I control for village fixed effects in all my analysis. The choice to have village instead

of state fixed effects is to capture the differences in facilities provision by village.

' For example, see Singh (2020) where he documents that there is no regression discontinuity involving official school age
entry for the Indian sample. Also, see ASER Early Years (ASER Centre, 2020) which documents 8 percent of their nationally
representative rural sample at age 4 were enrolled in primary school.



Table 3. Distribution of sample by educational participation

Participation Overall N Overall % Telangana Assam Rajasthan
Never enrolled 100 1.2 0 0 100
Attending a preschool 5402 66.5 1258 2350 1794
From preschool in Round 1 to primary
school in Round 2 1861 22.9 787 98 976
Attending a primary school (with no
preschool exposure) 761 94 151 0 610
Sample size 8124 100 2196 2448 3480

This table presents the sample size by each educational participation category, and also by the states. Attending a
preschool category are children who have been attending a preschool in Round 1 and Round 2 and have not started
primary school. From preschool in Round 1 to primary school in Round 2 are children who started going to a
primary school between the 1-year apart data collection at Round 1 and Round 2. Attending a primary school are
children who have never been to preschool and were attending a primary school in Round 1 and Round 2.

I categorise the children, ‘attending a preschool’, as children who have been to preschool (67
percent of the overall sample). The children ‘from preschool in Round 1 to primary school in
Round 2’ are categorised as children who have been to preschool and school (23 percent of the
overall sample). The children ‘attending a primary school’ are treated as children who have
been to primary school (9 percent of the overall sample) without having ever attended a
preschool. The last category are the children who are never enrolled (1 percent of the overall

sample).

For additional analysis, I also categorise the children by the management type of preschools as
shown in Table 4. 49 percent of those who were attending preschool, attended a private
preschool — majority of these children are from Rajasthan. Children who attended a public
preschool are mostly located in Assam. Most children, who start going to a primary school in

Round 2 after preschool, come from a public preschool.



Table 4. Distribution of preschool goers by management type

Overall Telangana Assam Rajasthan
Attending private preschool 2649 881 451 1317
Attending public preschool 2753 377 1899 477
Attending private preschool and school 623 117 5 501
Attending public preschool and school 1238 670 93 475

The table provides a further breakdown for children who either are or have attended a preschool by
management type. The 5402 children who have been attending a preschool in both Rounds 1 and 2 are
further distinguished into ‘attending a private preschool’ and ‘attending a public preschool’. The 1861
children who were attending a preschool in Round 1 and started going to a primary school in Round 2 are
further distinguished as attending a private preschool and school; and attending a public preschool and
school.

I keep children who have attended both preschool and primary school as a separate category
because the change in test scores from Round 1 to Round 2 is now a function of both preschool
and primary school input. Using the data from tracking visits, I confirm that these 1861 children
would still have had substantial exposure to preschool between Rounds 1 and 2. Table 5 shows
that no child switched to a primary school in February. Most children switch in July — this is
expected because the academic calendar runs from June/July in Rajasthan and Telangana (and
from January in Assam). Based on these tracking visits, I can confirm that these children would
have had at least six months of preschool exposure after Round 1. Hence, it is reasonable to
assume that the value added between Rounds 1 and 2 would be a function of both preschool

and primary school.

Table 5. Switching from preschool to primary school

From preschool in Round 1 to primary school in Round 2 N

Switch occurs at tracking visit 1 (Feb-Mar 2012) 0
Switch occurs at tracking visit 2 (Jul-Aug 2012) 1215
Switch occurs at Round 2 (Sept-Dec 2012) 646
Sample size 1861

This table shows the approximate time when the 1861 children who were attending
a preschool in Round 1 would have switched to a primary school.

2.4. Test scores

Figure 1 presents the distribution of the standardised score at Round 1 and Round 2 by
participation status of the children. I distinguish the preschool goers further by management
type. The test scores are presented by the following categories — never enrolled, going to a
primary school (with no previous preschool exposure), going to a public preschool, going to a
private preschool, going to a public preschool with primary school, and going to a private

preschool with primary school.



Looking at the lagged test score, there emerges a clear hierarchy in selection — children who
are not enrolled performing the worst, followed by children in primary school, then children in
public preschool, and finally children in private preschool. When the children are tested again
after one year in Round 2, all categories see a reduction in the proportion of children scoring
very low. This could be a result of being tested on the same tool and the resulting familiarity
or the effect of age. By Round 2, the primary school sample has caught up with the public
preschool sample, with the two distributions almost overlapping. The public preschool goers
who have started attending a primary school at Round 2 are slightly better off than those with
only public preschool or with only primary school. The biggest gain in test scores come from
the private preschool goers. The private preschool goers who may have attended at most six

months of primary school before Round 2 testing are best performers in the sample.

Figure 1. Distribution of test scores by participation categories
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I present further summary statistics on the test scores by particpation categories in Table 6.
Looking at the raw test score, the average score for the overall sample is quite low at 7.8 (out
of a total of 22) in Round 1 and just about half of the total at 11.8 in Round 2. There is a
substantial proportion of children who score 0 on the test in Round 1 (12 percent of the overall
sample). Most of these children are those who were not enrolled. This proportion drops across

all particpation categories in Round 2. Additionally, while less than 1 percent of the overall



sample score the full total of 22 in Round 1, in Round 2, 2.3 percent of the overall sample

achieve a full score.

Table 6. Summary statistics on test score by participation categories

Private Public

Never  Primary Private Public preschool  preschool

enrolled School  preschool preschool and school and school Total
Round 1
Raw score 4.46 6.36 8.55 7.89 8.26 7.19 7.84
Proportion scoring 0 0.29 0.17 0.11 0.11 0.10 0.14 0.12
Proportion scoring full 0 0.001 0.007 0.004 0.003 0 0.004
Standardised score -0.714  -0.313  0.150 0.0101 0.0883 -0.138 0.0
Round 2
Raw score 6.70 10.79 13.10 10.69 13.47 11.65 11.80
Proportion scoring 0 0.15 0.049 0.016 0.043 0.016 0.031 0.032
Proportion scoring full 0 0.013 0.034 0.015 0.032 0.020 0.023
Standardised score -0.241  0.624 1.112 0.602 1.188 0.805 0.836
N 100 761 2649 2753 623 1238 8124

This table presents different statistics on the test score in Round 1 (lagged) and in Round 2 (current) by the educational
participation categories. The categories are never enrolled, primary school with no preschool exposure, attending a
private preschool in both Rounds 1 and 2, attending a public preschool in both Rounds 1 and 2, attending a private
preschool before starting primary school, attending a public preschool before starting primary school, and the overall
sample. The raw score is sum of correctly answered questions and ranges from 0 to 22. The standardised score is the
raw score standardised using the Round 1 mean and standard deviation.

2.5. Sample characteristics

Table 7 reports the mean (and standard deviation) for the children by the participation
categories. Column 1 reports the summary statistics for never enrolled; Column 2 for children
in primary school (with no preschool exposure); Columns 3 for preschool (private and public)
goers; Column 4 for private preschool goers; Column 5 for public preschool goers; Column 6
for children with both preschool (private and public) and primary school; Columns 7 and 8
differentiate the preschool participation among these children by private and public
management types respectively; and Column 9 reports the summary statistics for the entire

sample'?.

Older children are more likely to be in primary school or to have switched to primary school
from preschool. Within preschools, private preschool goers tend to be marginally older than
public preschool goers. Girls, muslims, scheduled caste, and scheduled tribe are less likely to

have attended a private preschool. Children from scheduled caste and scheduled tribe are more

12 In Appendix A, Section A.6, I present the results of a multinomial logit on choice of educational participation for a more
nuanced exercise of understanding how the observable characteristics affect participation.



likely to attend primary school, while muslims are more likely to not be enrolled.

Parent’s education, wealth index, and consumer durable index are associated with private
preschool attendance. The poorest families are most likely to send their child to a public
preschool. If both parents are employed outside the household, the child is more likely to have
attended a preschool, in particular a public preschool. This might be because public preschool
are more informal in set up and they tend to be used as free créche facilities in villages.
Households having children’s reading material and play material are more likely to send the

child to some educational institute as against not enrolling he child.
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Table 7. Child and household characteristics by participation categories

() (@) 3) “4) (%) (6) @) ®) €
Preschool Mixed
Private preschool Public preschool
Never Enrolled School Total Private preschool Public preschool Total and school and school Full sample
Female 0.490 0.502 0.479 0.427 0.530 0.492 0.427 0.525 0.484
[0.502] [0.500] [0.500] [0.495] [0.499] [0.500] [0.495] [0.500] [0.500]
Age in months 62.681 63.712 62.890 63.132 62.657 63.648 63.893 63.525 63.138
[3.313] [3.185] [3.431] [3.301] [3.537] [3.288] [3.368] [3.241] [3.394]
Years of education - Father 4.960 5.506 6.279 7.747 4.866 5.500 7.398 4.545 6.012
[4.452] [4.546] [4.699] [4.653] [4.293] [4.898] [4.956] [4.582] [4.743]
Years of education - Mother 0.630 1.970 4.180 5.144 3.254 2.794 3.909 2.233 3.612
[1.905] [3.282] [4.412] [4.701] [3.896] [3.792] [4.195] [3.439] [4.244]
Both parents work outside of home 0.040 0.188 0.277 0.277 0.276 0.379 0.169 0.485 0.289
[0.197] [0.391] [0.447] [0.448] [0.447] [0.485] [0.375] [0.500] [0.453]
Muslim (Base category: Hindu) 0.380 0.192 0.168 0.102 0.231 0.114 0.093 0.124 0.160
[0.488] [0.394] [0.374] [0.303] [0.422] [0.318] [0.291] [0.330] [0.367]
Scheduled caste 0.160 0.233 0.136 0.127 0.145 0.228 0.141 0.272 0.167
[0.368] [0.423] [0.343] [0.333] [0.352] [0.420] [0.349] [0.445] [0.373]
Scheduled tribe 0.100 0.129 0.091 0.067 0.114 0.114 0.108 0.118 0.100
[0.302] [0.335] [0.287] [0.250] [0.318] [0.318] [0.310] [0.323] [0.300]
Backward castes 0.540 0.489 0.501 0.589 0.416 0.504 0.551 0.481 0.501
[0.501] [0.500] [0.500] [0.492] [0.493] [0.500] [0.498] [0.500] [0.500]
Wealth index -0.167 -0.167 0.026 0.458 -0.389 0.011 0.298 -0.133 0.002
[0.872] [0.862] [1.031] [0.967] [0.913] [0.936] [0.980] [0.879] [0.995]
Ownership of durables index -0.052 -0.068 -0.011 0.455 -0.459 0.082 0.271 -0.013 0.005
[0.997] [0.924] [1.021] [0.972] [0.852] [0.940] [1.019] [0.883] [0.994]
HH has children's reading material 0.640 0.813 0.812 0.810 0.814 0.747 0.880 0.681 0.795
[0.482] [0.390] [0.391] [0.392] [0.389] [0.435] [0.326] [0.466] [0.404]
HH has toys/games for child 0.140 0.229 0.372 0.440 0.305 0.325 0.379 0.298 0.345
[0.349] [0.420] [0.483] [0.497] [0.461] [0.469] [0.485] [0.458] [0.475]
N 100 761 5402 2649 2753 1861 623 1238 8124

The child’s age is in months at the time of testing in Round 2. Both parents work outside of home is a dummy variable which is 0 when either one of the parent stays at home. Scheduled caste, scheduled
tribe and backward castes are dummy variables with general caste as the base category. The wealth index comprises of household building material (bricks as against mud/straw), having a toilet, piped water,
electricity and using higher grade fuel (LPG as against kerosene or wood or cow dung) for cooking. The durables index comprises of ownership of TV, fan, fridge, cycle, scooter, phone.
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Table 8 provides the summary statistics on additional variables capturing child and parent
motivation. Households are more likely to read a story to the child and help with learning if
the child is in preschool rather than in primary school or never enrolled. However, if attending
a preschool requires more home study, a household may be more likely to enage in such
activities. While all information on these controls come from the Round 1 survey, as seen in
Table 2, the children were already attending an institution in Round 1. Hence, it is likely that
households have changed their input in response to the school/preschool input. Because of this

concern, I do not use these variables in my main regressions, but only as robustness checks.

Additional questions relating to parent and child motivation were only adminitered to children
in preschool. Parents who switch their child to a primary school by Round 2 report lower
probability of engaging with preschool staff in Round 1. The proportion of parents wanting
their child to learn to read and write is highest for children who go to a private preschool with
primary school. Children who went to a private preschool and then a primary school are most
likely to report liking going to a preschool. These additional questions are not used in the main

regressions and only as robustness checks.
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Table 8. Parent’s and child’s motivation by participation categories

1 2 3) 4) (%) (6) Q) (®) ©)
Preschool Mixed
Never Private Public Private preschool Public preschool
Enrolled School Total preschool preschool Total and school and school Full sample
Parent's motivation
Reads story to child 0.040 0.089 0.393 0.308 0.475 0.204 0.199 0.206 0317
[0.197] [0.285] [0.489] [0.462] [0.499] [0.403] [0.400] [0.405] [0.465]
Helps with learning tasks 0.090 0.298 0.629 0.607 0.651 0.467 0.621 0.390 0.555
[0.288] [0.458] [0.483] [0.489] [0.477] [0.499] [0.485] [0.488] [0.497]
Talk to staff about child's learning progress 0.329 0.318 0.339 0.275 0.345 0.239
[0.470] [0.466] [0.473] [0.446] [0.476] [0.427]
Wants child to read/write 0.775 0.760 0.789 0.760 0.827 0.726
[0.418] [0.427] [0.408] [0.427] [0.379] [0.446]
Child's motivation
Child talks about preschool always 0.342 0.301 0.380 0.210 0.246 0.192
[0.474] [0.459] [0.486] [0.407] [0.431] [0.394]
Child talks about preschool sometimes 0.372 0.393 0.351 0.436 0.395 0.457
[0.483] [0.488] [0.477] [0.496] [0.489] [0.498]
Child likes going to preschool 0.610 0.598 0.622 0.538 0.748 0.433
[0.488] [0.490] [0.485] [0.499] [0.435] [0.496]
N 100 761 5402 2649 2753 1861 623 1238 8124

This table presents the mean and standard deviation in parenthesis on child and parent motivation variables by the educational participation categories. While all variables were
administered to children attending preschool in Round 1, only a subset were administered to the full sample of children. All variables reported in this table come from Round 1 survey.
Reads story to the child is a dummy variable which takes the value of 0 if no-one in the household reads story to the child at least once a week. Helps with learning tasks takes the
value of 0 if no one in the household helps the child with homework at least once a week. Talks to staff about child’s learning progress takes the value of 0 if the parent has not spoken
to the staff in the past 3 months. The base category for the child talks about preschool always and sometimes is that the child never talks about the preschool.
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3. Method

3.1. Value Added Model — theoretical derivation
The basis of the value-added model, used in recent literature, is a structural cumulative effects
model developed by Boardman and Murnane (1979). Following Todd and Wolpin (2003) and
Todd and Wolpin (2007), the general functional form is as follows,

Ty = Te[Fi(2), S;(©), X; (V), o, €ic] €Y)
where T;; is a measure of achievement for child i at the end of the t-th year of life, F; , S; and X;
are the family, school and individual based input histories up to age ¢ respectively, p;q is the time

invariant individual endowment'®, and &;; is a time varying error term.

Assuming the function in (1) is additively separable and non-age varying, we arrive at the

cumulative effects model or the distributed lag model.

Tyt = a1 Fie + axFye—1) + -+ acFiy + B1Sie + BoSie-1) + - + BeSin + vaXie +

VoXit—1) + -+ VeXin + ellio + €it(2)
It is important to note that linearity and additive separability are trivial assumptions to ease
computability and interpretation. This is the most commonly used formulation of the cumulative
effects model'®. One can easily test if the functional form is mis-specified by introducing

polynomials or using logarithmic transformation.

Second, non-age varying assumption implies that the impact of any input on achievement varies
within the time period of application of the input and realization of achievement; however, it does
not matter at which age or time period the input is applied. For example, it is assumed that the
effect of a small class size at the age of 6 on achievement score at age 7 is the same as the effect
of small class size at the age of 8 on the achievement score at age 9. This might seem like an

unreasonable assumption, given the evidence for greater returns to investing in human capital in

13 This can be thought of as genetic endowment or ability which is fixed at conception and does not vary over time. This is not to
say that the effect of the endowment is fixed with time. The functional form allows ability to have different effects over time, that
is, it allows for the notion that higher ability children may learn faster.
14 An exception is Harris (2007) who uses a trans-log functional form.
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the early years (see Cunha et al., 2006; Doyle et al., 2009). Although one can easily introduce extra
interaction terms and allow for age varying intercepts, this is not ideal, due to loss of degrees of

freedom and issues of multicollinearity.

It is important to note here that the ;o term in (2) remains untouched by the non-age varying
assumption. The effect of ability can be interpreted in two ways in equation (2). First, ability can
be thought of as fixed at conception, but having varying effects at different ages of the child, which
is what ¢, would capture. Second, ability can be thought of as malleable and changing from the
initial endowment. Given that ability cannot be observed, one cannot estimate the parameter on

ability and observationally, both interpretations of the function of ability will give the same result.

Estimating equation (2) is difficult as data which tracks the child right from birth till current period
and has information on inputs at every stage is impossible to come by. Also, one can easily see lag
terms to be highly correlated with each other, giving little meaningful information to researchers
and policy makers. If one is willing to assume geometric decay of prior inputs, and that this
geometric decay parameter is the same for all prior inputs, we have a; = Aa;_1; fr = APe—1; Ve =

Ay¢—1 where 0 < A < 1. The equation now becomes —

Tit = a1 Fy + Aoy Fipq + -+ A7 g Fy + BiSie + AB1Sice—1y) + -+ A1y Si + vaXie
+ Alei(t—n + et 7\t_1V1Xi1 + Pelbio + Eie 3)

Subtracting AT;_4) from both sides of equation (3), we have,

Tt = ATje—1) + a1 Fit + B1Sie + V1 Xie + (P — APr_1tijo + €ir — Agie—1) (4)

The process described by geometric decay is well documented in literature — Banerjee et al. (2007)
report that the 1-year treatment effect of educational intervention on test scores fade out by the 3™
year; Currie and Thomas (2000) and Lee et al. (1990) also show similar fading out of the Head
Start preschool program, at least on achievement scores. If the effect of initial ability on

achievement changes at a constant rate, then we finally have —

T = /1Ti(t—1) + a1 Fie + B1Sic + Vi Xie + v +1; (5)

where v; = ¢pyo and 1; = & — A&¢-1)
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Equation (5), is commonly known as the lagged score value added model (VAM). This is not the
only specification of VAM in common use. The other two versions are the highly restrictive
contemporaneous VAM which assumes immediate decay of prior inputs or A = 0, and the gain
score specification, which assumes that there is perfect persistence or A = 1. While the former
assumes that inputs in previous years have no impact in current year, the latter assumes that inputs
in previous years have full (the same effect as they would have had in #-1) effect in current year.
Hence, lagged score VAM is the least restrictive. I use the lagged score VAM as my main
specification throughout the paper, while also reporting the results from contemporanecous VAM

and perfect persistence VAM.

3.2. Value Added Model — estimated specification

This paper uses the lagged VAM as the main specification in the analysis.

Tyt = ATit—1) + Bprepreschool;; + Byriprimary school; + Bmixeqpreschool and school;; +

Sqvillage; + a1 Fi; + y1Xir + 14 (6)

where preschool is a dummy variable for having attended only preschool and not yet started
primary school, primary school is a dummy variable for having attended only primary school with
no preschool exposure, and preschool and school is a dummy variable for children who have
started primary school after attending a preschool. The base category is for children who are not
enrolled. The regression controls for village fixed effects (villagei) to ensure that differences in
educational infrastructure provisioning at the village level is controlled for. The standard errors
are clustered at the village level to account for the fact that sampling was not at random;
deliberately choosing larger villages, and for spatial correlation within villages. I report equation
(6) without household (Fir) and child (Xi) controls, and equation (6) with all controls. I also
additionally report the results from contemporaneous VAM (A = 0) and perfect persistence VAM
A=1).

The model in (6) is estimated using Dynamic OLS (DOLS). This estimation may be vulnerable to

bias from two main sources. First, the identification of preschool and primary school effects relies



25

on the assumption that the lagged test score is a sufficient proxy for the unobserved ability (v; in
eq (5)). This assumption may be violated if parents use more information than those captured in
equation (6) while making a decision to send their child to an educational institute. It may also be
violated if the unobserved ability does not decay at the same rate as the lagged achievement or if
it has time varying effects. Since one cannot observe inherent ability, this is akin to saying that
talented children learn faster. Both these cases would lead to an upward bias in our B coefficients
of interest. Following Singh (2015) who uses DOLS estimation of lagged score VAM to study the
differential impact of private and public primary school, I employ a series of robustness checks to

ascertain if indeed there is a potential bias from lagged score being a poor proxy of innate ability.

Second, conditioning on lagged test score may introduce a measurement bias, which would
attenuate the persistence coefficient (1), and consequently bias the  coefficients of interest in an
unknown direction. The precise bias on 3 coefficients will depend on the degree of correlation
with lagged inputs, which are all now a part of the error term. Ideally, one would want to control
for 1Q or mental ability along with test scores (as suggested in Todd & Wolpin, 2003), as this
would circumvent the measurement error. However, I am unable to do so since there is no data on
IQ for my sample. Andrabi et al. (2011) discuss this issue in depth and show how correcting only

for measurement error in their sample results in worse estimates for the variable of interest.

There may be concern around using DOLS estimation with lagged score as the lagged test score
will be correlated with 1; = &; — A&;t_1). However, as long as 4 < 1, the DOLS estimation is
asymptotically consistent. Indeed, the literature on VAM has found the persistence parameter to

be less than 0.5 in most cases (see Andrabi et al., 2011; Kane & Staiger, 2008; Rothstein, 2010).

VAMs have been used extensively in the education literature, mostly in the US teacher value added
empirical work. However, a separate strand studying the effects of different management type of
schools and its impact is closest in application to this paper here. The work on effects of charter
schools (for instance, see Hanushek et al., 2007; Sass, 2006) and the effects of private school (for
instance, see Andrabi et al., 2011; Singh, 2015) have shown that VAMs are indeed a reliable

1dentification tool.
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Additionally, work by Guarino et al. (2015) on comparing different estimators of VAMs have
stressed the superiority of DOLS as an efficient and consistent estimator. They assess the reliability
of different VAMs estimators for recovering teacher effects using simulated data with a variety of
non-random teacher-student assignment structure. They find that DOLS estimator performed
robustly across most scenarios; better than other estimators, namely, Arellano-Bond panel data
estimators, pooled OLS on gain score VAM specification, random effects model on gain score
VAM, fixed effects model on gain score VAM, and average residual approach. They report that
‘the main strength of this (referring to DOLS) estimator lies in the fact that, by including prior
achievement on the right hand side, it controls whether directly or indirectly for grouping and
assignment mechanisms’ (Guarino et al., 2015, p.30). Hence, by allowing the lagged test score and

the variable of interest to be correlated, DOLS takes care of the selection issue.

Andrabi et al. (2011) while studying the impact of private schools on cognitive achievement for
Pakistan report that ‘despite ignoring measurement error and unobserved heterogeneity, the lagged
value-added model estimated by DOLS gives similar results for the private school effects as our
more data intensive dynamic panel methods, although persistence remains overstated. The relative
success of the lagged VAM can be explained by the countervailing heterogeneity and measurement
error biases on persistence parameter and because lagged achievement can also act as a partial

proxy for omitted heterogeneity in learning’ (Andrabi et al., 2011, p.31).

More recently, Crawfurd and Elks (2019) tested the robustness of VAM models to predict school
quality in Uganda and conclude the model to be robust to different specifications and controls.
Moreover, VAMs can be a low-cost way of uncovering how much learning is happening in

schools, particularly in low-income countries.

At this stage, I would like to draw a distinction between technology parameter (ceteris-paribus
effect) and the policy effect (total effect) (Todd & Wolpin, 2003). Since VAMs are not the same
as the cumulative effects structural model (equation (2)), one must remember that we are no longer
estimating the technology parameter in the lagged score VAM. Thus, there is a need for caution as
to which variables are included as controls — for example, one must not control for the channels

through which private preschool choice would have an effect on learning because that would be
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part of the ‘policy effect’. As soon as one controls for current family inputs or children’s behavior,
which might have changed due to the preschool choice, one is no longer calculating the average
treatment effect, but the technology parameter. I will refrain from estimating the latter as there is

not enough data or theory to guide the set of variables to be included.

One of the implications of this distinction, is that much of the criticism around VAM applied to
teacher performance literature, primarily in the US, is due to researchers trying to evaluate teacher
value added without controlling for change in the family input, resulting from being assigned to a
low quality (or high quality) teacher. Since most of the papers engaged in calculating teacher value
added (technology parameter) use school administration data, they have little information on
households. In such a scenario, estimation involves assuming that household effect is time-
invariant. Such an assumption would lead to misclassification of teachers. As shown by Guarino
et al. (2015) and Sass et al. (2014), varying VAM specifications and estimation methods typically
misclassify teachers, even though they provide reliable estimates of the average effect. As such,
the scope of this paper is not to distill the individual preschool fixed effects, but to assess the
average treatment effect of preschool. Thus, most of the criticism around VAM stemming from

the application of this model to teacher value added is not valid for my exercise in this paper.

4. Results

4.1. Preschool value added

In Table 9, I present the results of value added by preschools as compared to not enrolled, primary
school (with no preschool exposure) and both preschool and primary school. Not enrolled serves
as the base category in these estimations. However, as noted in Table 3, only 1 percent of the
sample are not enrolled, and they are all located in Rajasthan. There might be concern over the
reliability of the estimates using this category. In Appendix A Table A.5, I report the regressions
on a sub-sample excluding the not enrolled category. The estimates remain significant and

qualitatively similar to those reported here.

In Table 9, Columns 1 and 2 assume instant decay of input and are the results from

contemporaneous VAM. Columns 3 and 4 assume perfect persistence of past inputs. Columns 5
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and 6 are my preferred specification of the lagged score VAM. Straightaway, we find that our
coefficients of interest are biased upwards in contemporaneous VAM and biased downwards in a
perfect persistence VAM. Columns 1, 3, and 5 have no controls. Columns 2, 4 and 6 have
household and child level controls. The effects of controls are as expected and documented in the
literature — girls and children belonging to socially disadvantaged groups perform worse on the
test; older children, children from more educated parents and richer household perform better on

the test.

Coming to the preferred specification (Column 6), there is a positive and significant effect of going
to a preschool or a primary school or a preschool with primary school vis-a-vis children who are
not enrolled anywhere. Going to a preschool increases the test score by 0.44 SD units, going to a
primary school increases the test score by 0.53 SD units, and going to a preschool with primary
school increases the test score by 0.67 SD units. These effects are large, but expected, as the base

category are the children who have never been enrolled in any educational institute.

The more interesting comparison is children who attended primary school (with no exposure to
preschool) and children who attended preschool. I find that there is no premium on test score of
attending a preschool — in fact, these children perform worse than the children enrolled in primary
school by 0.07 SD unit (significant at 5 percent). However, since teaching in primary school is
more instructional and formal, and children are more familiar with test taking scenarios, it would
be unfair to compare children who are yet to attend primary school with children who have been

attending primary school for a while.

As discussed earlier in Section 3.3, some of the children who attended preschool also start going
to primary school by Round 2. To truly gauge if attending a preschool before starting primary
school has a premium, I compare the group of children with both preschool and primary school
exposure to children with only primary school exposure. Children who attended preschool before
starting primary school have a significant (at 1 percent) premium of 0.14 SD unit over children
with only primary school experience. Hence, while it seems that preschool children lag behind in

achievement tests at first glance, they seem to reap the benefits of their preschool experience when



they enter primary school .

Table 9. Preschool VAM estimates
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) @ 3 “ ®) (6)
Contemporaneous VAM  Perfect persistence VAM Lagged score VAM
Lagged - Standardised score 0 0 1 1 0.276%** 0.225%**
(0.019) (0.017)
Preschool 0.657*%*  0.515%** 0.196** 0.174* 0.530*** 0.438***
(0.081) (0.085) (0.093) (0.095) (0.079) (0.083)
Primary school 0.625%** 0.604%** 0.245%%* 0.257%* 0.520%** 0.526%**
(0.085) (0.088) (0.100) (0.101) (0.083) (0.086)
Preschool and school 0.837%** 0.750%** 0.378*** 0.377*** 0.711%*** 0.666***
(0.084) (0.087) (0.097) (0.098) (0.082) (0.086)
Constant -0.687*** D 249%** -0.240%** -0.392 -0.564%** -1.832%**
(0.079) (0.239) (0.091) (0.279) (0.077) (0.226)
Controls added No Yes No Yes No Yes
Village fixed effects Yes Yes Yes Yes Yes Yes
Observations 8,124 8,124 8,124 8,124 8,124 8,124
R-squared 0.257 0.313 0.244 0.248 0.312 0.348
Preschool=School F-stat 0.411 3.987** 0.961 2.652 0.0413 4.215%*
Preschool=Mixed F-stat 22.32%*%* 44 16%** 22.46%** 26.88%** 25.38%%* 44 21 %**
School=Mixed F-stat 18.38%**  9707*** 5.311%* 4.383%* 15.80%** 9.280***

All specifications control for village fixed effects. Standard errors are clustered at the village level. The table also reports the F-stat
from testing equality of coefficient between preschool and primary school; between preschool and preschool with primary school
(mixed); and between primary school and mixed. The variables of interest are preschool (attending preschool in Rounds 1 and 2 and
not yet started primary school), primary school (attending primary schools in Rounds 1 and 2 with no preschool exposure) and
attending preschool before starting primary school. The base category is not enrolled. Columns 2, 4 and 6 have child and HH level
controls — child’s gender, child’s age in months at Round 2, mother’s education in years, father’s education in years, whether both
parents work outside of home, religion, caste, wealth index, consumer durables index, HH has child’s learning material, HH has
toys/games for child. The wealth index comprises of household building material, having a toilet, piped water, electricity and using
higher grade fuel for cooking. The durables index comprises of ownership of TV, fan, fridge, cycle, scooter, phone.*** p<0.01, **

p<0.05, * p<0.1

4.2. Private preschool value added

There is well-documented evidence of the public-private divide in the Indian context (see French
& Kingdon, 2010; Desai et al., 2009; Chudgar & Quin, 2012). Given the rapidly growing private
sector in the Indian education landscape and the significant gaps in learning due to management

type heterogeneity, I delve deeper into the preschool effect. Instead of looking at just the preschool

variable, I now differentiate the children as going to a public or private preschool.

15 There may be a concern that since the switch from preschool to primary school happens between Round 1 and Round 2, it could
be due to an unobservable shock, which would no longer be captured by the controls and the lagged score. I re-run this analysis
without the mixed (preschool and primary school) sample. The results are reported in Appendix A Table A.9. The results are

qualitatively similar for the coefficients on preschool and primary school.
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Table 10 presents the results of value added by preschool type!S. Columns 1 and 2 assume instant
decay of input and are the results from contemporaneous VAM. Columns 3 and 4 assume perfect
persistence of past inputs. Columns 5 and 6 are my preferred specification of the lagged score
VAM. I find that the coefficients of interest are biased upwards in contemporaneous VAM and
biased downwards in a perfect persistence VAM. Columns 1, 3, and 5 have no controls. Columns

2, 4 and 6 have household and child level controls.

Coming to the preferred specification (Column 6), there is a positive and significant effect of going
to a private preschool. Children from private preschool have a value-added premium of 0.62 SD
units (significant at 1 percent) when compared to children from public preschool. Additionally,
they score 0.13 SD units higher (significant at 1 percent) on the test than children with only primary

school exposure.

On the other hand, attending a public preschool barely has a premium on achievement even when
compared to children who are not enrolled — a insignificant premium of 0.08 SD unit. These
children from public preschool do significantly worse on test scores when compared to their

private preschool counterpart as well as the primary school category.

When one looks at children with both public preschool and primary school exposure, the value-
added coefficient is 0.59 SD unit. This is not significantly different from that of children with only
primary school experience. Hence, the effects of preschool that we saw in Section 5.1, were

entirely driven by children who attend private preschools'”.

16 In Appendix A Table A.6, I report the regressions on a sub-sample excluding the not enrolled category. The estimates remain
significant and qualitatively similar to those reported here.

17 There may be a concern that since the switch from preschool to primary school happens between Round 1 and Round 2, it could
be due to an unobservable shock, which would no longer be captured by the controls and the lagged score. I re-run this analysis
without the mixed (preschool and primary school) sample. The results are reported in Appendix A Table A.9. The results are
qualitatively similar for the coefficients on private preschool, public preschool and primary school.
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Table 10. Private preschool VAM estimates
(M @ ©) “ &) (6)
Contemporaneous Perfect persistence

VAM VAM Lagged score VAM

Lagged - Standardised score 0 0 1 1 0.224%#%*%* 0.198%**
(0.018) (0.017)

Private preschool 0.942%**  0.790%**  (0.339***  (.338%**  0.806***  0.700%**
(0.079) (0.083) (0.097) (0.098) (0.079) (0.083)
Public preschool 0.105 0.116 -0.058 -0.053 0.068 0.083
(0.079) (0.082)  (0.095)  (0.096) (0.078) (0.081)

Primary school 0.674%%%  0.645%*%*  (0.261***  (0.272%*%*  (.581***  (.571%**
(0.083) (0.085) (0.100) (0.101) (0.081) (0.084)

Private preschool and school 1.157*** 1.032%**  (.373%*%*  (.379%** 0.981%** 0.903%**
(0.090) (0.094) (0.105) (0.106) (0.087) (0.091)

Public preschool and school 0.669%**  0.638%**  (.385***  (.399%**  0.606***  (0.59]***
(0.082) (0.085) (0.099) (0.100) (0.082) (0.084)

Constant -0.596%**  _1.947***  _0.203%* -0.228 -0.508***  -1.606%**

(0.074) (0230)  (0.091)  (0.276) (0.074) (0.218)

Controls added No Yes No Yes No Yes
Village fixed effects Yes Yes Yes Yes Yes Yes
Observations 8,124 8,124 8,124 8,124 8,124 8,124
R-squared 0.331 0.356 0.255 0.257 0.367 0.382
Private preschool=School F-stat 32.83%** 10.54%** 2.272 1.517 25.20%%* 8.930%***
Public preschool=School F-stat 105.9%** 97 13%** 20 19*** 30 97.32%*%  9(.52%%*
Private preschool=Public preschool

F-stat 384.9%** 230.1%*% 72 83F** 7 93Fk* 317.8%%* 210.8%**
Private preschool and

school=School F-stat 62.66%** 40.27%** 2.840%* 2.508 47.10%** 31.71%**
Public preschool and school=School

F-stat 0.00927 0.0211 4.019** 4.182%* 0.250 0.169

All specifications control for village fixed effects. Standard errors are clustered at the village level. The table also
reports the F-stat from testing equality of coefficient between private preschool and primary school; between public
preschool and primary school; between private and public preschool; between private preschool with primary school
and primary school only; and between private preschool with primary school and primary school only. The variables
of interest are private preschool (attending preschool in Rounds 1 and 2 and not yet started primary school), public
preschool (attending preschool in Rounds 1 and 2 and not yet started primary school), primary school (attending
primary schools in Rounds 1 and 2 with no preschool exposure), attending private preschool before starting primary
school, and attending public preschool before starting primary school. The base category is not enrolled. Columns 2,
4 and 6 have child and HH level controls — child’s gender, child’s age in months at Round 2, mother’s education in
years, father’s education in years, whether both parents work outside of home, religion, caste, wealth index, consumer
durables index, HH has child’s learning material, HH has toys/games for child The wealth index comprises of
household building material, having a toilet, piped water, electricity and using higher grade fuel for cooking. The
durables index comprises of ownership of TV, fan, fridge, cycle, scooter, phone.*** p<0.01, ** p<0.05, * p<0.1

4.3. Preschool quality
Given that I find such a remarkable difference in test score by the management type of preschool,

the natural line of inquiry is to understand the nature of these preschools. To this end, I use the
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preschool survey conducted in Round 1. A total of 1159 preschools were surveyed across 300
villages in my sample, of which, 76 percent are public preschools'®. Table 11 reports the mean and
standard deviation on selected indicators by management type, as well as the t-test of difference

between these public and private preschool characteristics'®.

Overall, I find that private preschools have better physical infrastructure. Public preschools are
more likely to have a kitchen, and this is due to the government mandated meal scheme in India,
which does not apply to the private education sector. Public preschools are also more likely to have
a building made of bricks rather that mud. This may be because public preschools are seldom
housed together with other arms of ICDS providing facilities such as child nutrition, child

immunisation, child health check-up, and nutrition and health education for mothers.

Private preschools have significantly lower student-teacher ratio than public preschools.

The classrooms in public preschools have better display materials — artwork and alphabet/number
charts. They also are more likely to be equipped with toys and games for children. However, a key
difference is in the variable where teachers were observed to be teaching. It may be the case that
private preschools have more formal instruction akin to primary schools, while public preschools
are more focussed on developing a child’s socio-emotional or motor skills through play-based
activities. Indeed, the National Policy on Education (Government of India, 1986), and the National
Early Childhood Care and Education Policy (Government of India, 2013) have discouraged any
formal instruction of the 3R’s and emphasised play-based learning. This could explain the
difference in the test score between the two management types. It also suggests a need for a more
complete evaluation exercise using data that captures socio-emotional skills in the early childhood

phase.

This difference in learning styles across the two management types is confirmed when I use the

18 Here, I note that this data may be biased for several reasons. Not all preschools would have been surveyed, depending on whether
these were open at the time of the visit and granted access to the investigators to conduct a survey. Private preschools may be more
inclined to not grant such access; and the ones that did, could very well be ‘better’ quality. Indeed, substantially fewer private
facilities were surveyed. See Appendix A, Section A.3 for details.

19 Since the preschool data does not have unique identifier to link with the household survey, I am limited in my exercise and can
only show the average characteristics by management type. I am unable to put these in a child level regression to study which
aspect of preschool quality matters the most for the child’s test score.
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household survey. The household survey asked parents a range of questions on the activities that
happened at the preschools. Again, I find that children in private preschools are more likely to
engage in formal study with reading and writing activities. Children in public preschools are more
likely to engage in play-based activities — artwork, singing songs, playing with toys or puzzles,
and listening to stories. However, this may be set to change with the new National Education
Policy (Government of India, 2020). The policy, while emphasising the use of play-based learning,
posits one of the aims of preschool education as developing early literacy and numeracy. Children
in private preschool also report spending more hours at the facility, on average 4.4 hours as
compared to 3.6 hours in public preschools. The lower number of hours in public preschools is in

violation of the government mandate of 4 hours of educational instruction in public preschools?.

20 While not captured by the survey, it is crucial to mention here that the Government of India allows the hiring of staff with no
experience and no high school diploma as a teacher at public preschool. See https://icds-wcd.nic.in/icds.aspx. There is a route for
these staff to get appropriate training. However, even assuming that this would be done in a timely fashion, the training is for a
mere 26-day period.



https://icds-wcd.nic.in/icds.aspx
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Table 11. Selected characteristics of preschools by management type
1) 2 3) “)
Public preschool  Private Preschool Total t-test (1)-(2)

Preschool Survey

Student teacher ratio 14.226 9.437 13.204 4.789%**
[8.115] [7.648] [8.251]

Building made of bricks/mortar 0.930 0.864 0.915 0.066***
[0.255] [0.343] [0.280]

Has a toilet 0.447 0.733 0.514 -0.286%**
[0.497] [0.443] [0.500]

Has water facility 0.550 0.813 0.612 -0.264%**
[0.498] [0.390] [0.488]

Has boundary wall 0.360 0.718 0.444 -0.358%*%**
[0.480] [0.451] [0.497]

Has a playground 0.749 0.740 0.747 0.010
[0.434] [0.439] [0.435]

Has a kitchen 0.283 0.059 0.230 0.225%**
[0.451] [0.235] [0.421]

Classroom has children's art display 0.542 0.223 0.467 0.318***
[0.499] [0.417] [0.499]

Classroom has learning charts 0.888 0.740 0.853 0.148%**
[0.315] [0.439] [0.354]

Classroom has toys/games/puzzles 0.691 0.542 0.656 0.149%**
[0.462] [0.499] [0.475]

Classroom has books 0.868 0.810 0.854 0.058%*
[0.339] [0.393] [0.353]

Teacher was seen teaching 0.690 0.777 0.710 -0.087%***
[0.463] [0.417] [0.454]

Teacher was seen playing games 0.528 0.176 0.445 0.352%**
[0.499] [0.381] [0.497]

Teacher was seen using books 0.650 0.667 0.654 -0.017
[0.477] [0.472] [0.476]

N(preschools) 886 273 1159

Household Survey

Hours spent at preschool 3.562 4.442 3.959 -0.881%%**
[1.252] [1.053] [1.246]

Child gets food 0.620 0.264 0.460 0.356***
[0.485] [0.441] [0.498]

Child learns to read and write 0.694 0.804 0.744 -0.110%**
[0.461] [0.397] [0.437]

Child plays games 0.537 0.430 0.489 0.107***
[0.499] [0.495] [0.500]

Child draws and colours 0.176 0.105 0.144 0.072%**
[0.381] [0.306] [0.351]

Child sings songs and poems 0.176 0.142 0.161 0.034%**
[0.381] [0.350] [0.368]

Child plays with toys and puzzles 0.039 0.024 0.032 0.016***
[0.194] [0.152] [0.176]

Child listens to stories 0.229 0.191 0.212 0.038%**
[0.420] [0.393] [0.408]

N(children) 3991 3272 7263

The first set of characteristics comes from a preschool survey conducted in Round 1. See Section A.3 for details. The second set of characteristics
comes from the household survey where parents would have answered these questions. The questions from household survey were only
administered to sample of children attending preschool in Round 1. *** p<0.01, ** p<0.05, * p<0.1
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4.4. State heterogeneity in value added
There can be considerable regional heterogeneity in preschool quality and hence, in the learning
premium by the different states in India. This is driven by both, the variation in public preschool
quality, and private preschool quality. Although the public preschools are governed by a central
policy designed and implemented by the Ministry of Women and Child Development, the daily
operation of these preschools is devolved at the state level. Most states are expected to raise at
least 40 percent of the operational cost themselves. This can introduce a degree of variation in the

quality of public preschools across the country.

While this heterogeneity exists even at the primary school level, I am restricted by the state-level
distribution of the participation categories in my data set, and hence, can only explore the
differences in preschools. As noted in Table 3, all children who are not enrolled come from
Rajasthan; there are no children in Assam who attend primary school (without preschool exposure)
and very few children in Assam who have switched from preschool to primary school. This is due
to the primary school starting age being higher in Assam at six years as opposed to five years in
the other states. Thus, in order to have adequate sample size in all three states, I restrict the analysis
sample in this section to children who are attending preschool and have not yet started primary
school. I distinguish these preschool goers by private-public management type, where going to a

public preschool is the base category.

Table 12 presents the results of the lagged score VAM with full set of controls and village fixed
effects for the sub-sample of children who are enrolled in preschool in Round 2 and have not yet
started primary school. Column 1 estimates the value added of private preschool for the overall
sample. Columns 2, 3 and 4 estimate the same specification for Rajasthan, Assam and Telangana
respectively. I find that the private preschool premium is highest in Telangana, followed by Assam,
and, lastly, Rajasthan. The findings here suggest that the limited empirical evidence on Indian
preschools (Singh & Mukherjee, 2017; Singh, 2014) from Telangana, need to be interpreted with

caution as the results from these studies may not hold universally for a country as diverse as India.
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Table 12. State level heterogeneity in value added for only preschool sample
(D @ 3 “
Overall Rajasthan Assam Telangana
Lagged - Standardised score 0.160%** 0.352%** 0.060%%** 0.082%**
(0.018) (0.029) (0.023) (0.030)
Private preschool 0.628%** 0.503%** 0.633%%* 0.744%*%*
(Base category: Public preschool) (0.046) (0.047) (0.093) (0.098)

Preschool (not

Preschool (not

Preschool (not

Preschool (not

started primary started primary started primary started primary
Sample school) school) school) school)
Controls added Yes Yes Yes Yes
Village fixed effects Yes Yes Yes Yes
Observations 5,402 1,794 2,350 1,258
R-squared 0.424 0.481 0.394 0.418

This table runs the lagged score VAM only on the subsample of children who attend preschool in both Rounds 1
and 2 and have not yet started primary school. All specifications control for village fixed effects and child and
household level controls as in Table 9. Standard errors are clustered at the village level. The variables of interest are
private preschool (attending private preschool in Rounds 1 and 2 and not yet started primary school). The base
category is public preschool. *** p<0.01, ** p<0.05, * p<0.1

4.5. Robustness check - Ability bias

In this section, I investigate if VAM estimates suffer from bias due to child heterogeneity following
Singh (2015). As discussed in Section 4.2, if child heterogeneity is left in the error term, it would
cause the coefficient of interests as well the coefficient on lagged test score to be biased upwards.
Child heterogeneity would be left in the error term if talented or motivated children learn faster,
or if lagged test score is not a good proxy for ability. In either case, the lagged score VAM is no

longer identified.

In the household questionnaire, the parents were asked “Does the child speak about his day at the
preschool?” and “If yes, how frequently?”. 1 use the information from these two questions to
construct dummy variables for whether the child speaks of preschool always, sometimes, and never
(base category). Another question was asked to the child “Do you like going to preschool?”. 1
have also used this information as a dummy variable. Both these could serve as a proxy for a
child’s motivation and enthusiasm to learn. Since these questions were asked for the preschool
sample, I can only conduct a check on the validity of my estimates for the subset of preschool
goers (89 percent of the sample) comprising of those who were in preschool at Round 2, and those

who had switched to a primary school after attending preschool.
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Table 13 reports the results of the preferred lagged score VAM specification with full set of
household and child controls and village fixed effects. Column 1 runs the preferred specification
on the subsample of preschool goers where the base category is going to a public preschool.
Column 2 reports the results of the same specification, but additionally controls for child

motivation variables.

Table 13. VAM estimates robustness check with child motivation variables
ey 2
Current score  Current score
Lagged - Standardised score 0.183%** 0.172%**
(0.017) (0.016)
Private preschool 0.623*** 0.619%**
(0.043) (0.043)
Private preschool and school 0.831*** 0.805%**
(0.060) (0.060)
Public preschool and school 0.513*** 0.517%**
(0.048) (0.048)
Child talks about preschool always 0.110%**
(0.035)
Child talks about preschool sometimes 0.126%**
(0.029)
Child likes going to preschool 0.091%**
(0.029)
Sample Preschool Preschool
Controls Yes Yes
Village fixed effects Yes Yes
Observations 7,263 7,263
R-squared 0.383 0.387

This table runs the lagged score VAM only on the subsample of children who are either attending
preschool in both Rounds 1 and 2 and have not yet started primary school or have attended preschool
before starting primary school. All specifications control for village fixed effects and child and
household level controls as in Table 9. Standard errors are clustered at the village level. The
variables of interest are private preschool (attending private preschool in Rounds 1 and 2 and not
yet started primary school); private preschool with primary school and public preschool with
primary school. The base category is public preschool only with no primary school. The base
category for child talks about preschool always/sometimes is child never talks about preschool. ***
p<0.01, ** p<0.05, * p<0.1

I find that while talking about preschool activities and liking to go to preschool has a significant
and positive effect on test score, the coefficient on variables of interest is revised downward only

marginally?!. However, note that the coefficient on lagged test score itself moves downwards on

2! The null hypothesis of equality of the coefficient on private preschool and school from the two columns is rejected at 1 percent.
However, there is no significant difference between the coefficients on private preschool and public preschool with school in
Columns 1 and 2.
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adding child motivation variables in Column 2. Further, in Appendix A Table A.8, I investigate
this bias following Singh (2015). I look at the correlation between the lagged test score and the
child motivation variables and find child motivation variables to be strongly correlated with lagged
test score. This suggests that lagged test score does serve as a proxy for child motivation. Thus,
despite the child motivation variables being significant, the coefficient on the variables of interest

does not change greatly.

4.6. Robustness check - Parent’s Motivation

Another source of bias with regards to VAM is when selection into type of educational institute is
based on more information than those captured by the model. In particular, if the lagged test score
is not a good proxy for this unobserved decision-making conducted in the past, the model would

not be identified, and it would suffer from a positive selection bias.

I use information from the household questionnaire that could serve as indicators for parent’s
motivation and aspirations. I have made use of four variables to capture parental aspirations —
whether parents read stories to the child at least once a week, whether they help him/her with
learning at least once a week, whether they have spoken to a preschool staff about their child’s
learning progress at least once in the past three months, and whether they would like their child to
learn to read and write. While the first two questions were administered to all households, the last

two were only administered to the subset of parents whose children were in preschool in Round 1.

Table 14 reports the results of the preferred lagged score VAM specification with full set of
household and child controls and village fixed effects. Column 1 reports the results of the preferred
specification, which we have seen previously in Table 10. Column 2 reports the results of the same
specification, but additionally controls for two variables capturing parent’s motivation. Column 3
runs the preferred specification on the sub-sample of preschool goers where the base category is
going to a public preschool. Column 4 reports the results of the same specification as in Column
3, but additionally controls for all four indicators of parent’s motivations. In Column 5, I run the
same specification as in Column 3 by only adding indicators on talking to preschool staff and
parents wanting their child to read and write. I do this because the variables ‘reads story to the

child’ and ‘helps with learning’ could be an adjustment in parental inputs in response to the
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educational institute being attended. For example, if private preschools assign homework to
children and in response to this, parents have to help the child with learning, then this variable is
part of the private preschool effect. It becomes a mechanism through which private preschools

have a positive impact. Hence, one would expect the coefficient on private preschool to adjust

downwards, even if there was no selection bias.

Table 14. VAM estimates robustness check with parent’s motivation variables
(1) @) (3) 4) 5)
Current score  Current score  Current score  Current score  Current score
Lagged - Standardised score 0.198%** 0.195%** 0.183%%** 0.177%** 0.178%**
(0.017) (0.017) (0.017) (0.016) (0.016)
Private preschool 0.700*** 0.690*** 0.623*** 0.617*** 0.620***
(0.083) (0.083) (0.043) (0.043) (0.043)
Public preschool 0.083 0.077
(0.081) (0.081)
Primary school 0.571%** 0.569%**
(0.084) (0.084)
Private preschool and school 0.903%** 0.889%%** 0.831%%** 0.813%** 0.817%**
(0.091) (0.091) (0.060) (0.061) (0.060)
Public preschool and school 0.591%** 0.586%** 0.513*** 0.515%** 0.515%**
(0.084) (0.085) (0.048) (0.049) (0.049)
Reads story to child 0.049 0.048
(0.031) (0.032)
Helps with learning tasks 0.059** 0.043
(0.027) (0.029)
Talk to staff about child's
learning progress 0.035 0.044
(0.029) (0.029)
Wants child to read/write 0.075%** 0.083***
(0.029) (0.028)
Sample Full Full Preschool Preschool Preschool
Controls Yes Yes Yes Yes Yes
Village fixed effects Yes Yes Yes Yes Yes
Observations 8,124 8,124 7,263 7,263 7,263
R-squared 0.382 0.383 0.383 0.385 0.384

This table runs the lagged score VAM only on the full sample (Columns 1 and 2) and on the subsample of children
who are either attending preschool in both Rounds 1 and 2 and have not yet started primary school or have attended
preschool before starting primary school (Columns 3, 4 and 5). All specifications control for village fixed effects and
child and household level controls as in Table 9. Standard errors are clustered at the village level. The variables of
interest are private preschool (attending private preschool in Rounds 1 and 2 and not yet started primary school);
public preschool only with no primary school, private preschool with primary school, public preschool with primary
school, and primary school with no preschool exposure. The base category for Columns 1 and 2 is not enrolled. The
base category for Columns 3, 4 and 5 is public preschool only with no primary school. Reads story to the child is a
dummy variable which takes the value of 0 if no-one in the household reads story to the child at least once a week.
Helps with learning tasks takes the value of 0 if no one in the household helps the child with homework at least once
a week. Talks to staff about child’s learning progress takes the value of 0 if the parent has not spoken to the staff in
the past 3 months.*** p<0.01, ** p<0.05, * p<0.1

For the full sample (in Column 2), while ‘helps with learning tasks’ has a positive and significant
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impact, the change in the coefficients of interest is marginal?

. Next when I look at the subsample
of preschool goers only (in Column 4), parents wanting their child to read/write is positive and
significant. However, the coefficient on variables of interest, once again, shows only a marginal
change?. Moving to Column 5, where I do not control for variables that could be assumed to be
parental inputs in response to attending a type of educational institute, I find that parents wanting
their child to read/write to be positive and significant. The coefficients on variable of interest are
not significantly different from those in Column 3. This indicates that the lagged test score is a
sufficient proxy for past inputs including the parent’s decision-making process regarding their

child’s enrolment (also see Appendix A Table A.8, for the significant correlation between the

parent’s motivation and lagged test score).

4.7. Robustness check — Excluding zeroes on test score
As seen in Table 6, 12 percent of the sample scored zero on the test in Round 1. This proportion
reduces to 3 percent in Round 2. A concern arising from this change in the distribution at the lower
end, is that I may be overestimating the value added of preschools. The change could have been
because the children were older and more familiar with the test or less nervous at Round 2. In this
section, I re-run the preferred lagged score VAM with controls and village fixed effects on a sub-
sample of children who did not score zero in Round 1. Table 15 reports the results of this

exercise?*.

Column 1 reports the results as seen in Column 6 of Table 9 for the full sample. Column 2 reports
the results of the same specification but excludes children who scored zero on the test in Round 1.
Column 3 reports the results as seen in Column 6 of Table 10 for the full sample differentiating

preschools by management type. Column 4 reports the results of the same specification but

22 The null hypothesis of equality of the coefficient on private preschool and private preschool with school in Columns 1 and 2 is
rejected at 5 percent. However, there is no significant difference between the coefficients on public preschool, primary school, and
public preschool with school in Columns 1 and 2.

23 The null hypothesis of equality of the coefficient on private preschool in Columns 3 and 4 is rejected at 5 percent. The null
hypothesis of equality of the coefficient on private preschool with school in Columns 3 and 4 is rejected at 1 percent. There is no
significant difference between the coefficients on public preschool with school in Columns 3 and 4.

24 Of the children scoring zero, the majority were not enrolled. Excluding the children who score zero in Round 1, also implies
excluding 29 children from the base category of not enrolled. This means that the estimates are now based on 71 children in the
not enrolled base category. Given this very small sample size, I re-run Table 2.15 excluding children who are not enrolled and
using primary school (with no preschool exposure) as the base category in Appendix A Table A.11. The results are similar to those
discussed here.
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excludes the children who scored zero on the test in Round 1.

While the coefficient on variables of interest moves downwards (except that on preschool), the
results remain significant and qualitatively similar. Thus, the main results are not an artefact of the

test or testing environment but driven by the participation in preschool or primary school.

Table 15. VAM estimates excluding children scoring zero in Round 1
(1) 2) (3) )
Current Score  Current Score  Current Score  Current Score
Lagged - Standardised score 0.225%** 0.240%** 0.198%** 0.209%**
(0.017) (0.019) (0.017) (0.019)
Preschool 0.438%** 0.441%**
(0.083) (0.094)
Primary school 0.526%** 0.507*** 0.571*** 0.553%**
(0.086) (0.100) (0.084) (0.097)
Preschool and school 0.666%** 0.656%**
(0.086) (0.096)
Private preschool 0.700%** 0.694%%**
(0.083) (0.094)
Public preschool 0.083 0.076
(0.081) (0.095)
Private preschool and school 0.903*** 0.883%***
(0.091) (0.102)
Public preschool and school 0.591*** 0.575%**
(0.084) (0.095)
Excluding Excluding
zeroes on zeroes on
Sample Full lagged score Full lagged score
Controls Added Yes Yes Yes Yes
Village fixed effects Yes Yes Yes Yes
Observations 8,124 7,162 8,124 7,162
R-squared 0.348 0.348 0.382 0.383

This table presents the results of Table 2.9 (Column 1) and Table 2.10 (Column 3) for the full sample
of children. In Columns 2 and 4, it re-runs the same specifications for the sub-sample of children
excluding children who scored 0 on the tests in Round 1. All specifications control for village fixed
effects and child and household level controls as in Table 2. 9. Standard errors are clustered at the
village level. The variables of interest are private preschool (attending preschool in Rounds 1 and 2
and not yet started primary school), public preschool (attending preschool in Rounds 1 and 2 and
not yet started primary school), primary school (attending primary school in Rounds 1 and 2 with
no preschool exposure), attending private preschool before starting primary school, and attending
public preschool before starting primary school. The base category is not enrolled. .*** p<0.01, **
p<0.05, * p<0.1

5. Conclusion

In this paper, I investigated the extent of value added of preschool attendance using data from three
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geographically and culturally distinct states in India. I find that children who attend preschool
before starting primary school have a significant premium of 0.14 SD units in cognitive test scores
as compared to children who attend primary school without any preschool exposure. On further
investigation into the management type of the preschool, I find that this result is driven by those
who attended private preschool. Children who attend public preschool before starting primary
school are no better off than those who start primary school directly. I conduct a series of
robustness checks to asses if lagged score VAM are sufficient proxies for child’s and parent’s
motivation; if the results are an artefact of the test itself or testing environment, and find the results

remain qualitatively similar in magnitude and significant.

I provide a descriptive study of the preschool quality by management type to understand the private
preschool premium. Private preschools have lower student-teacher ratio, longer hours of operation
and a focus on formal instructional style of teaching. On the other hand, public preschools conduct
more play-based activities. While this may explain the difference in test scores, it stresses the

importance of undertaking a more comprehensive evaluation of preschools in India.

The test used in this paper has a narrow focus on cognitive skills, early literacy and numeracy.
However, empirical evidence shows that one of the main benefits of early childhood education lies
in nurturing of a child’s non-cognitive or socio-emotional skills (see Barnett, 1995, 2011, for a
review). In this light, there is need to supplement the findings of this paper with outcome measures
on non-cognitive skills. The play-based activities used in public preschools may nurture soft-skills,
and it would be incorrect to conclude that they have no effect on child development based only on

the results of this paper.

However, this paper contributes to the current literature on the private-public learning gap in India,
which has so far neglected the effect of preschools on primary school performance. Additionally,
the limited empirical evidence which exists on preschools in India is based on data from Telangana.
I find that the private preschool premium displays considerable state level heterogeneity with
Telangana adding the highest private preschool premium on test score and Rajasthan adding the
least. Not only is the preschool funding guideline in India skewed to benefit economically

underdeveloped regions, most states are expected to raise at least 40 percent of the operational
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costs themselves. This would imply a variation in public preschool quality depending the state’s
revenue generating capacity. States may also exhibit a variation in attitudes and norms around
educational attainment which would in turn be another source of variation in the quality of
educational institutions. As such, one needs to adopt caution to not interpret results from a single
region in India to hold true for the entire country. More research is required using nationally

representative data on preschools.

This study also contributes to the literature on evaluation of universal preschool provision. This
literature is sparse, even in developed countries and the results continue to be mixed. While some
studies find that universal preschool education is associated with improved literacy and numeracy
skills at primary school entry age (for US, see Loeb et al., 2007; Fitzpatrick, 2008; for UK, see
Melhuish et al., 2008; for Argentina, see Berlinski et al., 2009), others find that these positive
effects dissipate as early as the end of first grade (for US, see Magnuson et al., 2007; for Quebec,
see Baker et al.,2008).

The results of this paper are particularly relevant in the backdrop of a rapidly changing education
policy in India. The new National Education Policy (Government of India, 2020) sees an important
shift towards early years and stresses the need to improve foundational literacy and numeracy skills
as early as in the preschool years. Given the findings of this paper, public preschools would need

considerable overhaul to be able to deliver on closing the learning gaps.

The policy acknowledges that with lack of preschool exposure, a large proportion of children fall
behind in learning levels, within a few weeks of starting Grade 1 (National Education Policy,
Government of India, 2020, para 2.5), a concern that is reiterated in the findings of this paper.
However, the policy fails to recognise that this gap in learning at school starting age is not as much
due to lack of preschool exposure as it is due to lack of ‘quality’ preschool exposure. 89 percent
of the sample in this paper attend some form of preschool. Hence, the bigger focus for policy is to
improve the quality of public preschools in India. Further, the varying levels at which children
start primary school based on their preschool experience, highlights the need for educators to
develop innovative pedagogical tools that target children with lower levels of learning. ‘Teaching

at the Right Level’ is one such pedagogical innovation developed by Pratham NGO which has
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been shown promising results (Banerjee et al., 2017; Banerji & Chavan, 2020).
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A. Appendix (Do preschools add ‘value’? Evidence on achievement

gaps from rural India)

A.1. School Readiness Inventory Test score construction

Table A.1 lists the 24 items administered to the children in Rounds 1 and 2. The classification of
each item as per the competency has been provided by the developers of the tool (the World Bank

in conjunction with Centre for Early Childhood Education and Development, New Delhi).

Table A.1. Description of test administered

Competency Assessment activity ITEM No.
Given pictures of four apple trees, children were asked
Pre-number concept . . 1,2
to point to the one with the least and most apples.
Given two illustrations of children and houses, children
Space Concept were asked to point to the one in which the child was 3
behind the house.
4 Children were shown illustrations of water filling up a
o . s .
Y Sequential thinking bucket and were asked to determine the correct 4
§ sequence for the pictures.
3 . Children were asked to classify six creatures as either
=2 Classification . . 5
= birds or animals.
< Number/object Children were asked to match three numbers with 8910
'ED matching pictures showing the same number of objects. "
o
© . L Children were asked to identify three different
Picture Identification . 11,12,13
pictures.
. Children were asked to repeat and complete a pictorial
Pattern making 18,19
pattern.
. . Children were asked to point to a number (among 9, 3,
Relative comparisons 24
7, 8) that was less than the number 5.
Following Children were asked to raise their hands. Next, the child 6 7
03 instructions was asked to pick up an object and bring it to someone. ’
% ‘3 Reading readiness, | Children were asked to identify the beginning sound of
g § identifies beginning | words and to match the two words with the same | 14,15,16,17
% 8 | sound beginning sound.
L,% . Children were asked to describe four photographs in | 20, 21, 22,
Sentence making
complete sentences. 23

Tused Item Response Theory (IRT) to assess the performance of each of the 24 items in uncovering

the latent ability parameter. The terminology ‘ability’ used in IRT is not the same as inherent




52

ability, but only used to mean the skill or trait that the test intends to measure. Based on the
observed probability of answering an item correctly in the data, the IRT estimates the difficulty
and discrimination parameters for each item and hence, the latent ability for each individual. IRT
models have been extensively used in the education literature, for example, in the construction of

test score in international assessments such as TIMSS and PISA.

I used both the one-parameter logistic (1-PL) model and two-parameter logistic (2-PL) model to
assess the reliabilty the test score. The 2-PL model is given by the following functional form, also
known as the Item Characteristic Curve (ICC) —

1

Pq(Xiq B 1|6i) B 1+ exp[—1.7aq(9i — bq)]

Where the probability of an individual i with ability 6; to correctly answer a question ¢ is given
by two parameters — the difficulty parameter b,, and the discrimination parameter a,. The
difference between 2-PL model and 1-PL model is that 1-PL model assumes that the discrimination

parameter is constant across items, that is, a, = a.

q
The discrimination parameter measures how well an item differentiates between high and low
ability individuals. A positive discrimination parameter implies that higher ability individuals have
a higher probability of answering the item correctly. A negative discrimination parameter would
imply that a higher ability individual has a lower probability of answering the item correctly. Thus,
in assessing the validity of an item, one would like the discrimination parameter (a) to be positive
and high. Holding the discrimination parameter as constant across all items, as in the 1-PL model,

implies that all ICCs have the same slope.

The difficulty parameter tells us how difficult an item is. Ceniza and Cereno (2012) provide the
interpretation of the values of the difficulty parameter (b): Very Easy = Less than -2, Easy =-0.50
to -2.00, Average = -0.49 to 0.49, Difficult = 0.50 to 2.00 and Very Difficult = Greater than 2.00.

Using maximum likelihood estimator, I retrieve the difficulty and discrimination parameters for
each of the 24 items on the test. I ran the IRT models on the combined Round 1 and 2 data. Table
A.2 presents the results of these parameters from 2-PL and 1-PL model. First, the 2-PL model
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represents a better fit for the test as seen by the lower log likelihood value. However, even for the
1-PL model, the constant discrimination parameter is high and positive at 1.91. From the 2-PL
model, I find that all values of discrimination parameter are positive. These results assure me that
the test was reliable in differentiating between low and high ability children. Looking at the
difficulty parameter, most items ranged from average to difficult levels. However, items 22 and
23 have very high values of difficulty parameter and low values on discrimination. Values higher
than 3 on the difficulty parameter are mostly seen as suspicious and invalid. Hence, I drop items

22 and 23 from the test score construction.

Table A.2. Results of IRT 2 parameter and 1 parameter logistic model

2-PL 1-PL
Log likelihood -157713 -165719

Item No. Discrimination  Difficulty Discrimination  Difficulty
1 1.55 0.39 1.91 0.34
2 1.57 0.34 1.91 -0.30
3 1.78 -1.16 1.91 1.11
4 1.69 0.56 1.91 0.53
5 1.30 1.19 1.91 0.97
6 2.08 1.23 1.91 1.28
7 1.39 0.34 1.91 -0.27
8 5.76 0.71 1.91 0.96
9 5.00 0.61 1.91 0.79
10 6.14 0.67 1.91 0.90
11 1.86 0.55 1.91 0.54
12 1.76 0.81 1.91 0.77
13 2.37 0.76 1.91 0.85
14 3.31 1.38 1.91 1.74
15 3.60 1.41 1.91 1.82
16 3.46 1.40 1.91 1.79
17 2.62 1.66 1.91 1.92
18 2.30 0.45 1.91 0.51
19 1.64 1.52 1.91 1.42
20 1.72 0.58 1.91 0.55
21 2.50 0.75 1.91 0.86
22 0.12 17.79 1.91 1.64
23 0.38 7.37 1.91 2.08
24 3.04 0.96 1.91 1.16

In Figure A.1, I graph the ICCs and the observed probability of answering an item correctly, to
visually check the fit provided by the IRT 2-PL model. As is evident, suspiciously low proportion
of children answered items 22 and 23 correctly, which leads to the IRT model predicting large

values for the difficulty parameter.
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Figure A.1.Item characteristics curves and observed probability
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For simplicity, I used the standardised sum of scores over 22 items in my main analyses. In Figure
A.2, I present the latent ability parameter using the IRT 2-PL model and how it compares with the
standardised test scores used in the main paper. The latent ability parameter was also standardised
to have a mean of 0 and standard deviation of 1. As we can see, the two distributions are similar.

The current IRT score displays a bimodal tendency, and this is common when items are binary.



Figure A.2. Distribution of standardised test score and IRT estimated score

Density

Density
2

4

2

4

55

Lagged test score

4 2 0 2 4
Lagged test score
Current test score
T T
4

Current test score

Test score

IRT test score




56

In Table A.3, I re-run the analysis from Table 2.9 using IRT constructed scores. The estimates

using IRT scores are qualitatively similar to those using the standardised score in the main paper.

Table A.3. Preschool VAM estimates using IRT scores

&) 2 3 “ () (0)
Contemporaneous Perfect persistence
VAM VAM Lagged score VAM
Lagged - IRT score 0 0 1 1 0.253%** 0.208%#%**
(0.017) (0.016)
Preschool 0.643***  (.510%** 0.164 0.146 0.522%**  (0.434%**
(0.088) (0.091) (0.103) (0.104) (0.085) (0.089)
Primary school 0.610%**  (.589*** 0.202* 0.215%* 0.507***  Q.511%**
(0.092) (0.095) (0.108) (0.109) (0.089) (0.092)
Preschool and school 0.812%** (. 720%** 0.325**%  (.688%** 0.645%**
(0.090) (0.093) (0.107) (0.087) (0.091)
Constant 0.130 -1.412%%*%  (0.599%*** 0.517* 0.249***  _1.011%**
(0.086) (0.232) (0.100) 0.277) (0.083) (0.220)
Controls added No Yes No Yes No Yes
Village fixed effects Yes Yes Yes Yes Yes Yes
Observations 8,124 8,124 8,124 8,124 8,124 8,124
R-squared 0.231 0.288 0.224 0.227 0.286 0.323

All specifications control for village fixed effects. Standard errors are clustered at the village level. The variables of
interest are preschool (attending preschool in Rounds 1 and 2 and not yet started primary school), primary school
(attending primary schools in Rounds 1 and 2 with no preschool exposure), attending preschool before starting
primary school. The base category is not enrolled. Columns 2, 4 and 6 have child and HH level controls — child’s
gender, child’s age in months at Round 2, mother’s education in years, father’s education in years, whether both
parents work outside of home, religion, caste, wealth index, consumer durables index, HH has child’s learning
material, HH has toys/games for child. The wealth index comprises of household building material, having a toilet,
piped water, electricity and using higher grade fuel for cooking. The durables index comprises of ownership of TV,
fan, fridge, cycle, scooter, phone.*** p<0.01, ** p<0.05, * p<0.1
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In Table A.4, I re-run the analysis from Table 2.10 using IRT constructed scores. The estimates

using IRT scores are qualitatively similar to those using the standardised score in the main paper.

Table A.4. Private preschool VAM estimates using IRT scores

(1 (@) 3 “4) ®) (0)
Contemporaneous
VAM Perfect persistence VAM Lagged score VAM
Lagged - IRT score 0 0 1 1 0.207%** 0.184%**
(0.016) (0.016)
Private preschool 0.912%*% (. 771%*%*  (.205%** 0.297*** 0.784*** 0.684***
(0.086) (0.089) (0.105) (0.106) (0.084) (0.088)
Public preschool 0.122 0.132 -0.065 -0.060 0.083 0.097
(0.086) (0.089) (0.104) (0.105) (0.084) (0.087)
Primary school 0.656***  (0.627*** 0.215%* 0.229%* 0.565%** 0.554***
(0.090) (0.092) (0.108) (0.108) (0.087) (0.090)
Private preschool and school L.109***  0.991***  (.296*** 0.305%*** 0.940%** 0.865%***
(0.094) (0.098) (0.113) (0.113) (0.090) (0.094)
Public preschool and school 0.656**%  (0.625%**  (.34]1*** 0.356%** 0.591%** 0.576%**
(0.088) (0.090) (0.107) (0.108) (0.087) (0.089)
Constant 0.216***  -1.126%%*  (.632%*** 0.665%* 0.302%**  -0.796%**
(0.081) (0.222) (0.100) (0.274) (0.080) (0.212)
Controls added No Yes No Yes No Yes
Village fixed effects Yes Yes Yes Yes Yes Yes
Observations 8,124 8,124 8,124 8,124 8,124 8,124
R-squared 0.306 0.330 0.233 0.235 0.341 0.357
Private preschool=School F-stat 30.81%**  10.44%** 2.190 1.520 24 .27x** 8.982%**

Public preschool=School F-stat 02.32%*%  B4.06%**  2]1.57¥**%  22.63*** 84.83*** 78 55%**
Private preschool=Public preschool

F-stat 354.1%*% 230 3%*%*  65.28%F*  6]1.89%*¥*  304.3%k*  208.5%**
Private preschool and

school=School F-stat 58.53%**  37.80%** 1.439 1.277 43 81%** 29 5]***
Public preschool and

school=School F-stat 2.09¢-06  0.00126 3.779* 3.893** 0.286 0.212

All specifications control for village fixed effects. Standard errors are clustered at the village level. The variables of
interest are private preschool (attending preschool in Rounds 1 and 2 and not yet started primary school), public
preschool (attending preschool in Rounds 1 and 2 and not yet started primary school), primary school (attending
primary schools in Rounds 1 and 2 with no preschool exposure), attending private preschool before starting primary
school, and attending public preschool before starting primary school. The base category is not enrolled. Columns 2,
4 and 6 have child and HH level controls — child’s gender, child’s age in months at Round 2, mother’s education in
years, father’s education in years, whether both parents work outside of home, religion, caste, wealth index, consumer
durables index, HH has child’s learning material, HH has toys/games for child. The wealth index comprises of
household building material, having a toilet, piped water, electricity and using higher grade fuel for cooking. The
durables index comprises of ownership of TV, fan, fridge, cycle, scooter, phone.*** p<0.01, ** p<(0.05, * p<0.1




58

A.2. VAM excluding ‘not enrolled’

Since only 100 children are not enrolled and are all located in Rajasthan, I re-run the lagged score
VAM excluding the not enrolled children and use children who attended primary school with no
exposure to preschool as the base category. In Table A.5, I first report the lagged score VAM
estimates on the full sample without controls (Column 1) and with controls (Column 2). In
Columns 3 and 4, I report the lagged score VAM estimates on sample excluding the 100 not
enrolled children. The coefficients on the variables of interest change marginally (by

approximately 0.001 SD unit) and remain qualitatively similar.

Similarly, in Table A.6, I report the lagged score VAM estimates by management type excluding
the not enrolled children. Columns 1 and 2 run the same lagged score VAM as reported in Table
10. The only difference is that I use primary school with no preschool exposure as the base
category, instead of not enrolled. Columns 3 and 4 report the estimates on the sample excluding
the 100 not enrolled children. The coefficients on the variables of interest change marginally and

remain significant.
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Table A.5. Preschool VAM estimates excluding never enrolled

(M

Current Score

“)

Current Score

Lagged - Standardised score

Not enrolled

(Base category: Primary school only)
Preschool

(Base category: Primary school only)
Preschool and school

(Base category: Primary school only)
Constant

Controls added
Village fixed effects

Sample

Observations

R-squared
Preschool=Mixed F-stat

0.276%**
(0.019)
-0.520%**
(0.083)
0.009
(0.046)
0.190%**
(0.048)
-0.043
(0.040)

No
Yes

Full
8,124
0.312

25.38***

2 3)
Current Score  Current Score
0.225%** 0.275%**
(0.017) (0.019)
-0.526%%*
(0.086)
-0.088** 0.012
(0.043) (0.046)
0.140%** 0.190%**
(0.046) (0.048)
-1.306%** -0.041
(0.226) (0.040)
Yes No
Yes Yes
Excluding not
Full enrolled
8,124 8,024
0.348 0.304
44 21%** 24.65%**

0.224%%%
(0.017)

-0.087%*
(0.043)
0.139%%+
(0.046)
1.3
(0.227)

Yes
Yes
Excluding not
enrolled
8,024
0.342
43.54%**

All specifications control for village fixed effects. Standard errors are clustered at the village level. The variables
of interest are not enrolled, preschool (attending preschool in Rounds 1 and 2 and not yet started primary school),
attending preschool before starting primary school. The base category is attending primary school with no
preschool exposure. Columns 2, and 4 have child and HH level controls — child’s gender, child’s age in months
at Round 2, mother’s education in years, father’s education in years, whether both parents work outside of
home, religion, caste, wealth index, consumer durables index, HH has child’s learning material, HH has

toys/games for child. The wealth index comprises of household building material, having a toilet, piped water,
electricity and using higher grade fuel for cooking. The durables index comprises of ownership of TV, fan,

fridge, cycle, scooter, phone.*** p<0.01, ** p<0.05, * p<0.1



60

Table A.6. Private preschool VAM estimates excluding not enrolled

3)

Current Score

“4)

Current Score

Lagged - Standardised score

Not enrolled

(Base category: Primary school only)
Private preschool

(Base category: Primary school only)
Public preschool

(Base category: Primary school only)
Private preschool and school

(Base category: Primary school only)
Public preschool and school

(Base category: Primary school only)
Constant

Controls added
Village fixed effects

Sample

Observations

R-squared

Private preschool=Public preschool F-stat

1) 2
Current Score  Current Score
0.224%%* 0.198***
(0.018) (0.017)
-0.581*** -0.571%**
(0.081) (0.084)
0.225%** 0.129%**
(0.045) (0.043)
-0.513%*%%* -0.488***
(0.052) (0.051)
0.400%** 0.332%**
(0.058) (0.059)
0.024 0.019
(0.048) (0.047)

0.073* -1.035%%*%*
(0.038) (0.220)
No Yes
Yes Yes
Full Full
8,124 8,124
0.367 0.382
317.8%** 210.8%**

0.224%%x
(0.018)

0.228%*+
(0.045)

-0.510%**
(0.052)

0.400%%*
(0.058)

0.024

(0.048)
0.076**
(0.038)

No
Yes

Excluding not

enrolled
8,024
0.360

316.7%**

0.197#**
(0.017)

0.130%**
(0.043)
-0.486%%*
(0.051)
0.33]%%*
(0.059)
0.019
(0.047)
-1.039%**
(0.221)

Yes
Yes
Excluding not
enrolled
8,024
0.376
208.5%**

All specifications control for village fixed effects. Standard errors are clustered at the village level. The variables of
interest are not enrolled, private preschool (attending preschool in Rounds 1 and 2 and not yet started primary school),
public preschool (attending preschool in Rounds 1 and 2 and not yet started primary school), attending private preschool
before starting primary school, and attending public preschool before starting primary school. The base category is
primary school with no preschool exposure. Columns 2, and 4 have child and HH level controls — child’s gender, child’s
age in months at Round 2, mother’s education in years, father’s education in years, whether both parents work outside
of home, religion, caste, wealth index, consumer durables index, HH has child’s learning material, HH has toys/games
for child. The wealth index comprises of household building material, having a toilet, piped water, electricity and using
higher grade fuel for cooking. The durables index comprises of ownership of TV, fan, fridge, cycle, scooter, phone.***

p<0.01, ** p<0.05, * p<0.1
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A.3. Preschool survey

The data presented in Section 5.3 comes from the preschool survey conducted in Round 1. Not all
preschools would have been surveyed, depending on whether these were open at the time of the
visit and granted access to the investigators to conduct a survey. Private preschools may be more
inclined to not grant such access, and the ones that did, could very well be ‘better’ quality.
Additionally, if a preschool was located outside the village, the facility would not have been
surveyed. This is more likely to be a private preschool which would be located outside a village in

order to cater to the catchment area of several nearby villages.

In Table A.7, I present the information on number of preschools surveyed by state. As suspected,
on average, the study surveyed three public preschools per village and only one private preschool
per village. In Assam, on average, four public preschools were surveyed per village, the highest
among the three states. This is expected as the current funding guidelines for North-eastern states
(of which Assam is one) is that the Central government would contribute to 90 percent of the
construction and operational costs®*. Compare this to the guideline for Rajasthan and Telangana
where the Central government contributes to 75 percent of the construction cost and 60 percent of

the operational cost.

While, one would assume that the number of private facilities to be lower than public facilities in
each village, there is an element of bias introduced by the survey itself. For instance, the data
shows that one village in Assam and four villages in Rajasthan had no public preschool. This
cannot be true as the household survey clearly indicates that children in these village were going
to a public preschool. Additionally, the government mandate is to have at least one public
preschool in an area of 800 children under the age of six years, or a ‘mini’ public preschool in an

area of 150-300 children under the age of six years?®.

Second, according to the preschool survey, 10 villages in Rajasthan, 68 villages in Assam, and 64

25
26,

www.icds-wcd.nic.in/icds.aspx
www.icds-wcd.nic.in/icds.aspx
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villages in Telangana have no private preschool. However, from the household survey, I find that
in all the 10 villages in Rajasthan, in 45 out of the 68 village in Assam, and in 58 out of the 64
villages in Telangana , children are enrolled in private preschools. Thus, the preschool survey was

neither a census of the preschool facilities in the village, nor representative of these facilities.



Table A.7. Preschools surveyed per village
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(1 () 3) 4)
Rajasthan Assam Telangana Total
Ayerage number of preschools surveyed per 4136 4.406 3163 3902
village
[1.627] [2.499] [1.266] [1.930]
Avergge number of public preschool surveyed 2972 3.990 2745 2083
per village
[1.021] [2.231] [1.169] [1.711]
Average number of private preschool surveyed 1 864 0417 0418 0.919
per village ’ ' ' ’
[1.221] [0.706] [0.608] [1.127]
Village has at least 1 public preschool surveyed 0.961 0.990 1.000 0.983
[0.194] [0.102] [0.000] [0.129]
Village has at least 1 private preschool surveyed 0.903 0.323 0.357 0.535
[0.298] [0.470] [0.482] [0.500]
Number of villages 100 100 100 300
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A.4. Lagged test score proxy for motivation

Table A.8. Regression of lagged test score on controls, child motivation and parent’s motivation

(M 2 3 4
Lagged score  Lagged score  Lagged score  Lagged score

Reads story to child 0.118*** 0.071* 0.062 0.029
(0.040) (0.043) (0.038) (0.041)
Helps with learning tasks 0.293%** 0.186%** 0.183%%*%* 0.106%**
(0.032) (0.035) (0.031) (0.035)
Talk to staff about child's learning progress 0.108%** 0.068**
(0.032) (0.031)
Wants child to read/write 0.100*** 0.095%**
(0.032) (0.031)
Child talks about preschool always 0.193%** 0.165%**
(0.040) (0.040)
Child talks about preschool sometimes 0.120%** 0.108%**
(0.031) (0.030)
Child likes going to preschool 0.153%** 0.141%**
(0.032) (0.031)
Female -0.105%** -0.097%**
(0.020) (0.021)
Age in months 0.024%#*x* 0.023%**
(0.003) (0.003)
Years of education - Father 0.005%* 0.005%*
(0.002) (0.003)
Years of education - Mother 0.015%** 0.014%**
(0.003) (0.003)
Both parents work outside of home -0.087** -0.080%**
(0.037) (0.037)
Muslim (Base category: Hindu) -0.129%** -0.118**
(0.048) (0.053)
Scheduled caste -0.167*** -0.172%%*
(0.050) (0.054)
Scheduled tribe -0.256%** -0.222%%%*
(0.059) (0.063)
Backward castes -0.137%** -0.128%**
(0.041) (0.044)
Wealth index 0.023 0.022
(0.017) (0.017)
Ownership of durables index 0.056%%** 0.052%**
(0.014) (0.016)
HH has children's reading material 0.069** 0.025
(0.031) (0.034)
HH has toys/games for child 0.054* 0.036
(0.032) (0.034)
Constant -0.200%** -0.398*** -1.584%** -1.663%**
(0.018) (0.032) (0.221) (0.231)
Sample Full Preschool Full Preschool
Controls No No Yes Yes
Village fixed effects Yes Yes Yes Yes
Observations 8,124 7,263 8,124 7,263
R-squared 0.290 0.300 0.318 0.324

All specifications control for village fixed effects.

p<0.05, * p<0.1

Standard errors are clustered at the village level. *** p<0.01, **
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A.5. Results for sub-sample without mixed (preschool and primary school)

category — only non-switchers

Table A.9. Lagged score VAM estimates excluding mixed category sub-sample
(1) (2) 3) “

Current score ~ Current score ~ Current score  Current score

Lagged - Standardised score 0.266%** 0.212%** 0.213%** 0.186%**
(0.019) (0.018) (0.019) (0.018)
Preschool 0.524%** 0.435%**
(0.082) (0.086)
Primary school 0.482%** 0.495%** 0.549%** 0.542%**
(0.087) (0.091) (0.085) (0.088)
Private preschool 0.810%** 0.704%**
(0.082) (0.085)
Public preschool 0.073 0.089
(0.079) (0.083)
Female -0.083*** -0.049%*
(0.021) (0.021)
Age in months 0.020%** 0.017***
(0.004) (0.004)
Years of education - Father 0.015%** 0.011***
(0.003) (0.003)
Years of education - Mother 0.018*** 0.014%**
(0.003) (0.003)
Both parents work outside of home -0.079* -0.058
(0.040) (0.039)
Muslim (Base category: Hindu) -0.120%* -0.061
(0.058) (0.058)
Scheduled caste -0.183*** -0.100%*
(0.049) (0.049)
Scheduled tribe -0.080 -0.011
(0.066) (0.063)
Backward castes -0.050 -0.025
(0.039) (0.038)
Wealth index 0.039%* 0.009
(0.017) (0.016)
Ownership of durables index 0.071%** 0.047%**
(0.017) (0.017)
HH has children's reading material 0.022 0.020
(0.031) (0.031)
HH has toys/games for child 0.048 0.028
(0.030) (0.029)
Constant -0.544*** -1.775%%* -0.474%%* -1.552%%*
(0.079) (0.260) (0.076) (0.249)
Sample No mixed No mixed No mixed No mixed
Village fixed effects Yes Yes Yes Yes
Observations 6,263 6,263 6,263 6,263
R-squared 0.341 0.380 0.401 0.417
Preschool=School F-stat 0.729 1.748
Private preschool=School F-stat 28.45%** 12.04***
Public preschool=School F-stat 74.52%** 70.30%**
Private preschool=Public preschool F-stat 300.5%** 193.3*#*

This table reports the results of Table 2.9 and Table 2.10 excluding the children who switch from preschool to
primary school between Rounds 1 and 2. All specifications control for village fixed effects. Standard errors are
clustered at the village level. The variables of interest are private preschool (attending preschool in Rounds 1 and 2
and not yet started primary school), public preschool (attending preschool in Rounds 1 and 2 and not yet started
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primary school), and primary school with no preschool exposure. The base category is not enrolled. The child’s age
is in months at the time of testing in Round 2. Both parents work outside of home is a dummy variable which is 0
when either one of the parent stays at home. The base category for scheduled caste, scheduled tribe and backward
castes is general caste. The wealth index comprises of household building material, having a toilet, piped water,
electricity and using higher grade fuel for cooking. The durables index comprises of ownership of TV, fan, fridge,
cycle, scooter, phone.*** p<0.01, ** p<0.05, * p<0.1

A.6. A discussion of choice

I run a multinomial logit model on the choice of educational participation. The categories of
participation are — never enrolled, going to a primary school only, going to a public preschool only,
going to a private preschool only, going to a public preschool with primary school, and going to a
private preschool with primary school. The model includes full set of child and household level
controls available for the entire sample. It includes state dummies (base category being Rajasthan)

to capture the difference in educational norms and trends by state.

In Table A.10, I report the probability of selecting a participation category for each covariate,
instead of the log odds ratio or relative risk ratio. Both, odds ratio and relative risk ratio, are
conditional on the base category, making interpretations between categories difficult. For direct

comparisons, I present the average marginal effect of covariates on each participation category.

The results confirm the patterns that emerged from the descriptive statistics reported in Section
3.5. Girls, Muslims, and children from socially disadvantaged groups (lower caste categories) are
less likely to attend a private preschool. Older children are more likely to be in primary school or
to have switched from preschool to primary school. Older children are also more likely to be in a

public preschool.

Parent’s education, wealth index and consumer durable index are positively associated with private
preschool attendance. If both parents are employed outside the household, the child is more likely

to attend a public preschool and less likely to attend a private preschool.

Households having reading material at home is negatively associated with public preschool
attendance and positively with primary school attendance. Parents are also more likely to help the

child with learning tasks at home if the child attends private preschool.



67

Children in Assam and Telangana are less likely to attend primary school than children in
Rajasthan. Children in Assam are more likely to attend public preschools, while in Telangana ,

they are more likely to attend private preschools.

Table A.10. Average marginal effects on educational participation estimated from multinomial

logit model
(6] 2 3 “ (%) (6)
Public Private
Never Primary Public Private preschool preschool
enrolled school preschool preschool and school  and school
Female 0.008 0.012* 0.025%** -0.059%** 0.022%** -0.007
(0.006) (0.006) (0.009) (0.011) (0.008) (0.004)
Age in months -0.001 0.002%** -0.009%** -0.001 0.005%** 0.003***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Years of education - Father -0.001%* 0.000 -0.003%** 0.006*** -0.003%** 0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Years of education - Mother 0.002* -0.002 -0.008*** 0.012%*** -0.004%** 0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Both parents work outside of
home 0.002 0.000 0.042%*** -0.064*** 0.026** -0.005
(0.011) (0.011) (0.012) (0.015) (0.010) (0.011)
Muslim  (Base  category:
Hindu) 0.010 0.025%** 0.095%** -0.118%** 0.026*** -0.037%%*
(0.007) (0.008) (0.010) (0.009) (0.009) (0.009)
Scheduled caste -0.009 0.033*** 0.091*** -0.132%%** 0.055%** -0.039%**
(0.010) (0.010) (0.014) (0.014) (0.015) (0.009)
Scheduled tribe -0.009 0.031** 0.070*** -0.101%** 0.018 -0.010
(0.011) (0.012) (0.017) (0.015) (0.018) (0.009)
Backward castes 0.004 0.002 0.032%** -0.024** 0.006 -0.021%**
(0.008) (0.007) (0.012) (0.010) (0.013) (0.006)
Wealth index 0.003 -0.018%**  -0.039*** 0.060*** -0.011%* 0.005
(0.004) (0.004) (0.005) (0.006) (0.005) (0.003)
Ownership of durables index -0.003 -0.01 1#** -0.009 0.031*** 0.002 -0.01 1#**
(0.003) (0.004) (0.006) (0.006) (0.005) (0.003)
HH has children's reading
material -0.028%**  (.037*** -0.029%** -0.004 -0.011 0.035%**
(0.008) (0.008) (0.010) (0.011) (0.009) (0.008)
HH has toys/games for child 0.009 0.010 -0.050%%** 0.006 0.010 0.014%%**
(0.007) (0.007) (0.010) (0.010) (0.009) (0.005)
Reads story to child 0.001 -0.024** 0.013 -0.004 0.018* -0.004
(0.009) (0.010) (0.012) (0.012) (0.010) (0.007)
Helps with learning tasks -0.021%* -0.015%* -0.036%** 0.043*** -0.021%* 0.049%**
(0.009) (0.006) (0.010) (0.011) (0.010) (0.007)
Assam 0.031***  -0.158%%** 0.577*** -0.194#%** -0.103%** -0.153%**
(0.010) (0.009) (0.010) (0.011) (0.009) (0.009)
Telangana -0.007 -0.087*** 0.002 0.078*** 0.106*** -0.092%**
(0.011) (0.013) (0.011) (0.020) (0.015) (0.012)
Observations 9,121 9,121 9,121 9,121 9,121 9,121

The table reports the marginal effects post running a multinomial logistic regression on the educational participation
categories. Standard errors were bootstrapped and clustered at the village level. The child’s age is in months at the time
of testing in Round 2. Both parents work outside of home is a dummy variable which is 0 when either one of the parent
stays at home. The base category for scheduled caste, scheduled tribe and backward castes is general caste. The wealth
index comprises of household building material, having a toilet, piped water, electricity and using higher grade fuel for
cooking. The durables index comprises of ownership of TV, fan, fridge, cycle, scooter, phone.*** p<0.01, ** p<0.05,
* p<0.1
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A.7. Robustness check — excluding zeroes and not enrolled

Table A.11. VAM estimates excluding children scoring zero in Round 1 and not enrolled

3) C)) @) (®)
Current Score Current Score Current Score Current Score

Lagged - Standardised score 0.224%** 0.239%%** 0.197%** 0.209%%**

(0.017) (0.019) (0.017) (0.019)
Private preschool 0.130%*** 0.140%**
(Base category.: Primary school only) (0.043) (0.048)
Public preschool -0.486%** -0.477*%*
(Base category: Primary school only) (0.051) (0.056)
Private preschool and school 0.331%** 0.330%%**
(Base category: Primary school only) (0.059) (0.062)
Public preschool and school 0.019 0.020
(Base category: Primary school only) (0.047) (0.051)
Preschool -0.087%* -0.066
(Base category: Primary school only) (0.043) (0.047)
Preschool and school 0.139%** 0.148***
(Base category.: Primary school only) (0.046) (0.050)

Excluding not Excluding not
enrolled and enrolled and
children scoring children scoring
Excluding not  zero on lagged  Excludingnot  zero on lagged

Sample enrolled score enrolled score
Controls added Yes Yes Yes Yes
Village fixed effects Yes Yes Yes Yes
Observations 8,024 7,091 8,024 7,091
R-squared 0.342 0.342 0.376 0.378

This table presents the results of Table 2.9 (Column 1) and Table 2.10 (Column 3) for sub-sample of children
excluding not enrolled. In Columns 2 and 4, it re-runs the same specifications for the sub-sample of children
excluding children who scored 0 on the tests in Round 1. All specifications control for village fixed effects and
child and household level controls as in Table 2. 9. Standard errors are clustered at the village level. The variables
of interest are private preschool (attending preschool in Rounds 1 and 2 and not yet started primary school), public
preschool (attending preschool in Rounds 1 and 2 and not yet started primary school), attending private preschool
before starting primary school, and attending public preschool before starting primary school. The base category
is primary school with no preschool exposure. .*** p<0.01, ** p<0.05, * p<0.1
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