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Previous empirical evidence is mixed regarding the impact of universal preschool on cognitive skills. We show that
preschool enrollment can impact test scores positively if it does not lead to earlier school enrollment. We examine
rich student data and use different enrollment cutoff dates in Hungary to separate the beneficial direct effect of
earlier preschool enrollment from a negative indirect effect that may occur through earlier school enrollment. We
find significant direct impacts: 6th-grade reading (math) test scores increase by 9.0 (6.3) percent of a standard

deviation for children who enroll in preschool a year earlier. This impact persists through 10th grade and is
larger among disadvantaged children. The findings support the importance of universal preschool for improving
cognitive skills and equity. They highlight a key consideration for policy evaluation and design and help reconcile
ambiguities in the previous empirical evidence.

1. Introduction

Current policy debates about universal preschool involve propos-
als on historic investments in Early Childhood Education (ECE). In
the United States, the American Families Plan aimed to provide
free preschool to all 3-4-year-olds at a cost of about $200 billion
(White House, 2021). The European Union (EU) set the Barcelona Tar-
get to provide 90% of children from age 3 to school age with high-
quality, affordable preschool, which has been achieved by several coun-
tries, including Denmark, France, Sweden, and Belgium (European Com-
mission, 2018). The United Nations Sustainable Development Goals
(United Nations, 2015) aim for at least one year of quality pre-primary
education for every child in the world by 2030. Proponents argue that
the benefits include increased maternal labor market participation, posi-
tive impacts on children’s human capital and later labor market success,

and a decrease in inequality. However, since preschool expansion (in-
creasing the number of available preschool seats) is costly, it is impor-
tant to assess potential benefits accurately and to consider the factors
that may constrain the beneficial impact.

1.1. The effect of preschool on cognitive skills

Previous studies provide empirical evidence that targeted preschool
programs can have a significant positive impact on cognitive skills mea-
sured by grade point average (Heckman et al., 2010), noncognitive
skills, such as social skills and attitudes towards learning (Zhai et al.,
2014), and on individual success in the longer run, measured by col-
lege attendance or income (Garcia et al., 2020; Gray-Lobe et al., 2021;
McCoy et al., 2017). These targeted programs (such as the Perry
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Preschool Project) focus on disadvantaged children and offer high qual-
ity care, which means they would be prohibitively expensive to extend
to the entire population.

The empirical evidence on the effect of universal preschool on cog-
nitive skills, most often measured by test scores (referred to as the
“preschool effect” throughout this study) is ambiguous, with several
studies pointing to small or insignificant impacts (Apps et al., 2013;
Bernal & Keane, 2011; Gray-Lobe et al., 2021; Kuehnle & Oberficht-
ner, 2017, 2020). Institutional quality (physical resources, staff to child
ratio, curriculum, and pedagogies) and maintaining childcare capaci-
ties for O to 3-year-olds have been discussed as important determinants
(Andrew et al., 2019; Duncan, 2003; Peisner-Feinberg et al., 2001). In
this study, we highlight school starting age - the age at which children
enroll into primary school — as a further key factor to be taken into
account. We assess whether preschool expansion has a positive impact
on cognitive skills if it does not lead to earlier enrollment into primary
school.

Preschool enrollment can impact cognitive skills through multiple
channels. There may be a direct positive impact, as children are ex-
posed to socialization, rules, and knowledge earlier, during a period
shown to be critical in brain development (Brown & Jernigan, 2012).
However, earlier enrollment into preschool may also lead to earlier
enrollment into primary school, which has a potentially negative ef-
fect. Previous studies have shown that earlier school enrollment harms
school outcomes and leads to lower test scores. These generally rely
on within-population variation in school starting age due to enrollment
cutoff dates to estimate the impact (Bedard & Dhuey, 2006; Black et al.,
2010; Elder & Lubotsky, 2009; McEwan & Shapiro, 2008; Puhani & We-
ber, 2008). They highlight that children enrolled in school earlier are
younger at the date of the tests than those who start school later (age
effect); they are also less mature at school starting and may be less able
to cope with school pressures (maturity effect); and they are less mature
compared to their peers (relative maturity effect). The school starting age
channel may therefore lead to a potential negative indirect impact of
earlier preschool enrollment on cognitive skills.

1.2. The role of school starting age in previous estimates of the preschool

effect

A correlation between preschool and school starting ages may arise
because preschool improves school readiness and facilitates earlier
school entry (Cornelissen et al., 2018), or due to capacity constraints
that incent preschools to push children towards earlier school enroll-
ment to free up seats. In line with the latter, this correlation is higher
in countries with low preschool availability (Fig. 1 in the Online Ap-
pendix). Moreover, the correlation is strong in many OECD countries
(Table A5), suggesting that in most settings, the indirect school starting
age channel plays some role.

The overall effect of preschool depends on the relative magnitudes
of the direct positive impact of preschool enrollment and the indirect
negative impact through the school starting age channel. Noting this
can help reconcile some of the ambiguities in the existing empirical evi-
dence. Previous causal estimates rely on two main methodologies: they
use either within-population variation in preschool starting age (due to
eligibility cutoffs) or preschool capacity expansions for the identification
of the preschool effect. The estimates of these two approaches are likely
to differ because the negative school starting age effect is less likely to
play a role in the latter case.

In eligibility cutoff-based studies, the estimated preschool effect de-
pends on the correlation between preschool and school starting age in
the population. Since this correlation is strong in most countries, es-
timates relying on this methodology are likely to include a negative
school starting age effect that dampens the positive direct impact of
preschool. Accordingly, many such studies find small or insignificant
effects (Apps et al., 2013; Bernal & Keane, 2011; Kuehnle & Ober-
fichtner, 2017, 2020). These estimates pertain to the overall impact
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of preschool enrollment, without separating out the indirect impact
through school starting age. Notably, when cognitive skills are measured
prior to school enrollment - when school starting age has not yet had any
influence - the evidence points to a significant, though modest, positive
preschool starting age effect (Cornelissen et al., 2018; Magnuson et al.,
2007).

Studies examining preschool expansions generally refer to a situation
where more children are able to enroll into preschool (or all children en-
roll earlier) without any subsequent change in the timing of their enroll-
ment into primary school. Parents who now have access to (affordable)
preschool do not have an incentive to enroll their children in school
earlier. The pressure also eases on preschool institutions to free up seats
by pushing children into primary school. Consequently, preschool ex-
pansion leads to a positive direct impact without a negative indirect
school enrolment age impact, or possibly even a positive indirect im-
pact (if the expansion leads to an increase in the average age of enroll-
ment into school). In line with this, these studies find more substantial
positive effects of preschool on cognitive outcomes (see Berlinski et al.,
2008; Felfe et al., 2015; Havnes & Mogstad, 2011, 2015). An exception
is Blanden at al. (2016) who examined an expansion in England in the
early 2000s and found no large effects, however, this was due to the fact
rather than a growth in new enrollment, children switched from existing
private preschools to public institutions. These studies also estimate the
overall impact of preschool without separating out the indirect school
starting age impact, however, in their case this is likely to be zero or pos-
itive. This can explain their findings of higher estimates of the overall
preschool effect.

1.3. Present study

In this study we rely on within-population variation to estimate the
overall impact of preschool starting age, similarly to previous studies
in the literature (Apps et al., 2013; Bernal & Keane, 2011; Kuehnle &
Oberfichtner, 2017, 2020). However, we separate out the role of school
starting age, and also estimate the direct impact of preschool without
the indirect school starting age channel.

We use a rich, representative student dataset from Hungary that in-
cludes full cohorts of students for ten years (2008-2017) and measure
the effect of preschool starting age on mathematics and reading test
scores. Our dataset includes test scores and detailed student background
information for three grades of students (6™, 8™ and 10%). The initial
dataset contains over 2.5 million student level observations, which —
after dropping observations with missing values - results in estimation
samples of around 650 thousand students per grade.

We first replicate previous estimates of the overall preschool effect,
relying on a preschool enrollment cutoff. We next document how school
starting age is correlated positively with preschool starting age in Hun-
gary, similarly to many countries. We then test whether the estimated
effect of preschool enrollment includes a negative impact occurring
through school starting age that dampens the beneficial direct impact.
To do so, we utilize a particular aspect of the Hungarian institutional
system: different eligibility cutoff dates for preschool and school enroll-
ment. This allows us to separate the indirect effect of school starting age
from the direct effect of preschool starting age. We rely on instrumental
variables regressions, where expected preschool and school starting age
variables serve as instruments (similarly to Black et al., 2010). Under
certain conditions, i.e. (1) the instruments are correlated with the en-
dogenous explanatory variable (relevance), (2) the instruments do not
have any direct effect on the outcome variable (exclusion restriction),
and (3) the instruments are uncorrelated with the error term (indepen-
dence), we can interpret the findings in a causal way.

We provide an estimate of what the impact of preschool starting
age would be in a setting where school starting age is not affected by
preschool starting age. In order to also provide estimates that are compa-
rable to those examining preschool programs targeted at disadvantaged
children (Carneiro & Ginja, 2014; Currie & Thomas, 1995; Garces et al.,
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Fig. 1. Average Preschool Starting Age (PSA)
and the instruments, EPSA and ESSA (by birth
year and month)

Data source: NABC database. Birth years where
only a part of a cohort is covered by the database
are excluded.

— PSA
ESSA - right axis

Dotted lines: June; January

2002; Moon et al., 2010; Pinto et al., 2010), we further examine the im-
pact of preschool among the subgroup of children with lower-educated
mothers. This allows us to assess the impact of a non-targeted, univer-
sal program on disadvantaged children in particular, which is important
from an equity perspective.

The research questions are as follows:

e What is the overall impact of preschool starting age on later test
scores in a setting where preschool and school enrollment ages are
correlated?

o Is the estimated direct impact of preschool starting age positive once
the indirect impact through school starting age is controlled for?

e Is the impact of universal preschool stronger among children with
disadvantaged backgrounds?

2. Context and method
2.1. Institutional framework

In Hungary, state-subsidized nursery school (bolcséde) is available
from age 5 months to 3 years. This covers around 13 percent of children,
and provides childcare, but no pedagogical content. State-subsidized
preschool (6voda) is available for children aged 3-6, with a coverage
rate of approximately 90 percent. Children are eligible to enroll around
their third birthday, dependent on the birthdate-based eligibility cutoff
and the availability of seats. The enrollment period starts on Septem-
ber 15t. In most places, children who turn 3 in the given calendar year
are admitted. Practically, this means that there is a drop in preschool
enrollment probabilities after birth dates on January 1%t and many chil-
dren born after this date are enrolled in preschool next September, in
compliance with the enrollment regulations. Enrollment in preschool is
compulsory from the age of 5, however, most children enroll at the age
of 3 or 4. Preschools offer pedagogical programs, with a focus on the im-
provement of social competencies, visual and musical arts, drama, basic
mathematics, and physical education.

At the age of 6 or 7, children enroll in Grade 1 of primary school,
without spending any time in Reception Classes. According to the reg-
ulations, children born between January 15t and May 315 are required
to enroll in primary school in September of the same year of their sixth
birthday. Those born between June 1%t and December 315t are required
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to enroll in primary school in the September of the year following their
sixth birthday. However, redshirting (delaying enrollment by one year)
is possible. For those born between June and December, this requires
a parental request for postponing school enrollment to be submitted
and approved by the child’s preschool and the local government De-
velopmental Advisory Board. This process includes a standardized eval-
uation process conducted by developmental experts, which is free of
charge, but imposes time and travel costs on parents. Compared to the
June-December group, children born between January and May face
a smaller administrative barrier to redshirting, as the parental request
only requires the approval of their preschool.

As a result of these primary school enrollment regulations, there are
jumps in primary school enrollment probabilities on January 15 and
June 15, We utilize the variation around these two dates, as well as the
preschool enrollment cutoff date of January 1%, to estimate and com-
pare the direct impact of preschool starting age and its overall impact
including the indirect impact through the school starting channel.

2.2. Data

Our analysis utilizes the Hungarian National Assessment of Basic
Competencies (NABC) data (see Sinka, 2010 for details). The NABC is
administered as a pen-and-paper test. It assesses non-curriculum-based
domains of mathematical and reading literacy. The content framework
of the NABC was first published in 2006, and later revised in 2014
(Balazsi et al., 2006, 2014). Tests are administered annually in May, on
the same day and at the same time for all grades. Tests are then collected
and sent to the Education Authority. Background questionnaires are sent
home with the children, collected by the schools a couple of days later,
and sent to the Education Authority. After the data is recorded, coded,
and cleaned, tests scores are calculated from the test items using item re-
sponse theory (IRT). The NABC covers all students in grades 6, 8 (lower
secondary education), and 10 (upper secondary).

The dataset consists of a rich and comprehensive standard-based as-
sessment of mathematics and reading skills that follows the model of
the Programme for International Student Assessment (PISA). The dataset
used in the current study covers the time period from 2008 to 2017. Due
to missing data for some key variables, the regressions in our analysis
were run on an 87.5 percent sample of the original data. 11.9 percent
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of the original sample was dropped due to missing birthdate, school-,
or preschool starting age information, and a further 0.6 percent of the
sample was dropped due to errors in key variables (see Table 4 in the
Online Appendix). Our initial sample covers over 2.5 million student
year-level observations. The analytical sample exceeds 631,067 in each
estimation for the separate grades (6", 8" and 10th).

We focus on standardized literacy and mathematics test scores as our
main outcome variables. The scores are standardized to have a mean
of 0 and a standard deviation of 1 in each year and each grade. The
NABC dataset includes several further measures of student outcomes:
self-reported plans to continue studies in higher education, class marks
given by the teacher in the last term, and the student’s grade point aver-
age (GPA). At the time of the tests, the students received questionnaires
which were taken home and completed by parents. Based on these ques-
tionnaires, we observe a variety of individual and parental background
characteristics at the time of testing. Matching the data to regional char-
acteristics, we also observed the scarcity of preschool seats, using the
available seats per population of 3-5-year-olds in the given settlement.
Table Al in the Appendix presents the descriptive statistics of all covari-
ates included in our regressions as controls, as well as the main inde-
pendent and dependent variables.

2.3. Analysis

Our goal is to measure the effect of preschool starting age (PSA) on
mathematics and reading test scores in grades 6, 8 and 10, with and
without the impact realized through school starting age. Our identifica-
tion of the impact of PSA relies on individual level variation among the
students in our sample. However, children’s family background, living
conditions, as well as their cognitive and noncognitive traits correlate
strongly with the timing of their preschool enrollment. At the same time,
these factors are also likely to have a strong influence on test scores mea-
sured in school, so our estimates of the impact of PSA may be biased.

To overcome these endogeneity issues, we utilize exogenous varia-
tion in enrollment probabilities that are determined by the institutional
setup (see section 2.1 detailing the institutional framework). The ex-
ogenous variation originates from the variation in birth dates and the
enrollment cutoff date of January 1%t. The children in the sample are
expected to enroll in preschool in September of the calendar year when
they turn 3 years old. We use a two-stage-least-squares (2SLS) model,
where we instrument actual preschool starting age (PSA) with the ex-
pected preschool starting age (EPSA), similar to Black et al. (2010). We
calculate EPSA as 3 + (9 — month of birth)/12, which was in line with
preschool enrollment date of September 1%, and the cutoff date of Jan-
uary 15t. We allow for heterogeneous treatment effects and measure lo-
cal average treatment effects (LATE).

It should be noted that EPSA depends only on birth month but not
the choices of the family. Compliance with the enrollment regulations
(reported in Table A2 in the Appendix) is strong in the first half of the
year. It shrinks somewhat in the later months, which is a consequence
of preschool scarcity in some municipalities, where older children have
priority of enrollment in September. The average PSA decreases until
September and jumps at January 1%t. There is a smaller jump on June
15t, which is related to the school enrollment rules, as discussed in detail
later in this section. Consequently, and as shown more extensively in
Appendix B, EPSA serves as a suitable instrument.

In our first specification we mimic earlier findings in the literature
using a similar methodology, and run a 2SLS regression of the following
form, where any impact realized through school starting age is included
in the estimated PSA effect:

PSA;, =aEPSA 1
where EPSA,;,; denotes the expected preschool starting age for child
i in year y and school s and X is a vector of individual and family
characteristics (see Table A1 in the Appendix for the full list of variables

included). We also include year fixed effects, u,, and school fixed effects,

+7,X;

iys + Hiy + '9ls + 8lin

iys
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9,, to control for time and school-specific unobserved heterogeneity. The
second stage of the 2SLS is the following:

Yiys =" PSAiys + y;Xiys + H3y +'93x + éiys

(@)
where Y, denotes the outcome variables of child i: math and reading
NABC test scores. As further checks, we also estimate impacts on math-
ematics class marks based on administrative information and last term
GPA (alternative cognitive outcomes), and self-reported higher educa-
tion aspirations (noncognitive outcome). We estimate robust standard
errors clustered on the municipality level.

Instrumenting PSA with EPSA should control for endogeneity bias
due to individual background characteristics, and give us a causal esti-
mate of the overall impact of PSA. If PSA and school starting age (SSA)
are correlated, the overall impact includes the negative indirect impact
due to SSA. In our Hungarian individual level dataset, PSA is strongly
correlated with SSA (corr.=0.35), as it is in many OECD countries (Table
A5). This is indicative of capacity constraints, which push children who
enroll earlier into preschool to enroll earlier into primary school as well.
We next estimate what the expected impact of PSA would be in a context
where no such capacity constraints are present, i.e., without an indirect
impact through SSA.

Similarly to the EPSA variable, we define a variable indicating ex-
pected school starting age (ESSA) as:

6+ =10 £ mob < 6
ESSA= 02,0
7+T if mob>6

where mob is month of birth.

Figs. 1 and 2 depict PSA and SSA, as well as their expected values,
EPSA and ESSA, over birth date year and month for the children in our
sample. We can see that both PSA and SSA jump around the cutoff dates
of January 1% and June 1%¢. For PSA, there is a large jump at January
1%, in line with the eligibility cutoff, and a smaller jump at June 1%t. For
SSA, the jump is larger at June 1%t. We can also see that PSA is correlated
not only with EPSA, but also with ESA.

In the second specification, we directly account for the SSA chan-
nel by including SSA as an explanatory variable in the regressions. We
use EPSA and ESSA as instruments for PSA and SSA, since SSA is likely
to be endogenous for the same reasons as PSA. The two instruments are
correlated (the correlation is 0.46), but it is not uncommon to use corre-
lated instrumental variables as long as they are not linear combinations
of each other (J. D. Angrist & Krueger, 1991; see Belloni et al., 2014;
Burgess et al., 2016; Mogstad et al., 2019). Using the two instruments,
we estimate a 2SLS model. The first-stage equations are:

3

PSA;y =811 EPSA + 61, ESSA; + 7 Xiys + iy + 915 + €11y 4)

SSA;y =6 EPSA; ) + 6, ESSA; + yz’Xl-ys + pyy, + 9y + €2iys (5)
The second-stage structural equation is the following:

Yiys = B PS Ay + brSS Ay + yéX,»yS + p3y + 935 + &y 6)

The parameter of interest is f§;, which shows the direct effect of
preschool starting age on the outcome variable, without the impact that
is realized through SSA. g, reflects the impact of school starting age on
student outcomes.

3. Results
3.1. The impact of preschool starting age

The descriptive statistics of the dependent and control variables are
shown in Table Al in the Appendix for grades 6, 8 and 10 respectively.
The average preschool starting age is 3.5, and the average school start-
ing age is 7.04. In Fig.s 1 and 2, we can see that both enrollment timing
variables are correlated with the two instruments, which is also demon-
strated by the strong first stage statistics reported in Table Bl in the
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Fig. 2. Average School Starting Age (SSA) and
the instruments, EPSA and ESSA (by birth year
and month)
Data source: NABC database. Birth years where
only a part of a cohort is covered by the database
are excluded.

Date of birth
—— SSA — = ESSA
----------- EPSA - right axis
Dotted lines: June; January
Table 1
The effect of preschool starting age on test scores — Grade 6

Math test scores Reading test scores

m (2) (€8] )
Preschool Starting Age (PSA) -0.017 -0.063*** -0.038* -0.090***

(0.019) (0.015) (0.018) (0.014)
School Starting Age (SSA) 0.203*** 0.226"**

(0.017) (0.015)

v EPSA EPSA, ESSA EPSA EPSA, ESSA
SSA included as an endogenous variable Yes Yes
School FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Individual covariates Yes Yes Yes Yes
Number of clusters 1602 1602 1602 1602
Number of observations 645277 645277 645441 645441
Adjusted R2 0.171 0.153 0.203 0.185
AIC 1555602.467 1569468.302 1525156.158 1539568.930

*p < 0.05; **p < 0.01; ***p < 0.001.

Notes: Robust standard errors clustered on the municipality level are in parentheses. Test scores are annually standardized to mean 0 and standard deviation
1. The individual covariates include year and school fixed effects, gender, special education needs, entitlement to a cheaper or free meal indicating poor
financial circumstances of the family, whether a student is living with their own family, the mother’s and father’s level of education, employment status,
and age, whether the student’s family has a car, a bathroom with public utilities, an internet connection at home, the number of books at home, whether
the student has their own desk, and whether the family helps the student with their homework. For the full set of results, see the Online Appendix.

Appendix. Our main results shown in Table 1 present regressions with
math and reading test scores as the outcome variables. In the first col-
umn, we report the parameter estimates of the overall impact of PSA,
which includes any impact realized through SSA (Eq. 2). In the second
column, SSA enters the regression in a similar fashion as PSA, as an en-
dogenous explanatory variable, and both are instrumented (Eq. 6). The
table shows the point estimates for the coefficients of PSA and SSA.

The parameter estimates of PSA are close to zero both for math (Col-
umn 1) and reading (Column 3), and weakly significant for reading.
These estimates are in line with the weak effects measured in the pre-
vious literature on the impact of universal preschool programs (e.g.,
Bernal & Keane, 2011; Kuehnle & Oberfichtner, 2020). We hypothesize
that the estimated overall effect of starting preschool earlier includes a
negative impact due to starting primary school earlier, which counter-
acts any positive direct impacts of a lower PSA. We expect that once the
SSA is controlled for, PSA will have a more negative coefficient, i.e., a
lower PSA leads to an improvement in test scores.

282

Using both EPSA and ESSA as instruments and treating PSA and SSA
as endogenous variables produces large and significant negative esti-
mates, as reported in Columns 2 and 4. These estimates of the PSA ef-
fect include only the direct impact, excluding the indirect impact that
may occur due to the correlation between PSA and SSA. These point es-
timates suggest that in the same year and the same school, holding var-
ious demographic variables constant and holding SSA fixed, enrolling
in preschool one year earlier increases reading (math) test scores sig-
nificantly, by 9.0 percent (6.3 percent) of a standard deviation in 6th
grade. The effects are significant at p < .001. This effect size is twice as
large as the effect of a child’s mother having vocational school as their
highest level of education instead of elementary school (see Table 1 col-
umn 3 of the Online Appendix: the difference of the coefficients of
»,Mother’s education: elementary” and ,,Vocational” is 0.029). The co-
efficient estimates of school starting age are in line with the previous
literature, pointing to a large significant positive impact of later school
enrollment.
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Table 2
The effect of preschool starting age on test scores — Grade 6, 8 and 10

Early Childhood Research Quarterly 64 (2023) 278-289

Math test scores

Reading test scores

6 grade 8™ grade 10™ grade 6 grade 8™ grade 10™ grade
Preschool Starting Age (PSA) -0.063*** -0.049*** -0.047*+* -0.090*** -0.075** -0.056***
(0.015) (0.013) (0.010) (0.014) (0.014) (0.010)
v EPSA, ESSA EPSA, ESSA EPSA, ESSA EPSA, ESSA EPSA, ESSA EPSA, ESSA
SSA included as an endogenous variable Yes Yes Yes Yes Yes Yes
School FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Individual covariates Yes Yes Yes Yes Yes Yes
Number of clusters 1602 1602 1602 1602 1602 1602
Number of observations 645277 647704 631067 645441 647959 631323
Adjusted R? 0.153 0.138 0.091 0.185 0.165 0.058
AIC 1569468.302 1561734.770 1371521.113 1539568.930 1538420.011 1349656.960

*p < 0.05; **p < 0.01; “**p < 0.001.

Notes: Robust standard errors clustered on the municipality level are in parentheses. Test scores are annually standardized to mean 0 and standard deviation 1. The individual
covariates include year and school fixed effects, gender, special education needs, entitlement to a cheaper or free meal indicating poor financial circumstances of the family,
whether a student is living with their own family, the mother’s and father’s level of education, employment status, and age, whether the student’s family has a car, a bathroom
with public utilities, an internet connection at home, the number of books at home, whether the student has their own desk, and whether the family helps the student with their

homework. For the full set of results, see the Online Appendix.

Table 2 summarizes the preschool effects estimates that exclude the
impact realized through school starting age (Eq. 6), for grades 6, 8, and
10. These suggest a fairly persistent impact. The effects diminish some-
what in higher grades but are still relatively large and significant. It
is important to note that in Hungary, children sort into vocational or
academic secondary schools after the 8th grade, so the between-school
variation in test scores rises significantly in the 10th grade. Neverthe-
less, within schools, the effect of preschool starting age on test scores
remains relatively high and significant. Starting universal preschool one
year earlier increases reading (math) test scores in grade 10 by 5.6 (4.7)
percent of a standard deviation.

We provide further results using additional student outcomes in
Table A3 in the Appendix. These include self-reported plans to enter
higher education, GPA in the last term, and math grade. The estimated
impacts on math grades are nearly identical to those seen in the case
of math test scores, which supports the robustness of our results. For
the other two outcomes, the effects are somewhat weaker, though more
pronounced for children of low-educated mothers.

3.2. Heterogeneity analysis

A large part of the previous literature focuses on childcare and
preschool programs targeted at disadvantaged children (e.g., Currie &
Thomas, 1995; Moon et al., 2010). Table 3 provides a basis for compari-
son, based on a proxy variable for disadvantage available in our dataset.
It reports the regression results for the children of lower-educated moth-
ers (without a maturity exam passed at the end of grade 12, similar to
a General Educational Development Test), as well as for the children
of higher-educated mothers (with a maturity exam). This allows us to
assess how the impact of a universal program compares to those found
previously in the case of targeted programs.

The point estimates are twice as large for the children of lower-
educated mothers, reaching a 12.4 percent of a standard deviation effect
in both domains in grade 6. By 10th grade, the effect size shrinks to 5.1
percent for both math and reading test scores. In the case of students
with higher-educated mothers, preschool enrollment timing does not
have a significant effect on math scores in the 6th and the 8th grades.
In grade 10, the point estimate is 4.4 percent and significant at p < .01.
The effect on reading test scores is between 5.6 and 6.9 percent and
remains significant throughout all grades. Overall, these results suggest
that, similarly to targeted programs, a universal preschool program can
also improve equity by providing a particularly large benefit to disad-
vantaged children.
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3.3. Robustness

Robustness test results for the main regression results (Eq. 6) are
shown in Table A6 of the Appendix. First, we check whether our IV
strategy results in a quasi-experimental research design. If the indepen-
dence assumption for our IV holds, one would not need to use control
variables at all. To check this, we excluded all exogenous control vari-
ables from the regression. According to Columns 1 and 4, this does not
change the regression results. Some further tests for IV exogeneity are
presented in Appendix B.

In our main specification, we used students born throughout the year
in all months, but as a robustness check, we restricted our sample to
those born close around the two cutoff dates (1st January and 1st June).
Thus, in our second robustness specification, we included only those
born in December, January, May, or June. The results are shown in
Columns 2 and 5 in Table A6 in the Appendix. This specification results
in similar, but slightly larger, point estimates compared to our main
specification.

Finally, students with special education needs (SEN) may drive our
results, so we excluded them from the analysis to determine whether
this is the case. In Columns 3 and 6 in Table A6 in the Appendix, we
present the results after dropping the SEN students. Again, this does not
change our point estimates significantly.

4. Discussion

Our estimates of the effect of preschool starting age on cognitive
outcomes observed in grades 6, 8, and 10 contribute to the literature
by highlighting how school starting age can play a role in this relation-
ship. If preschool and school starting ages are correlated, any positive
direct impacts of preschool (an earlier preschool starting age) may be
cancelled out by a negative impact due to an earlier school starting age.
We demonstrate this using data from Hungary, where such a correlation
exists. We show that, while the overall estimated impact of preschool
starting age is small and insignificant, if we control for school starting
age, earlier preschool enrollment has a positive impact on test scores
in math and reading. Our main results indicate that starting preschool
one year earlier has a significant positive effect on reading and math
test scores measured in 6th grade, with magnitudes of 9.0 percent and
6.3 percent of a standard deviation, respectively. In line with the previ-
ous literature, we find substantively larger effects for children of lower-
educated mothers. These results are in line with the long-run benefits
found by studies focusing on targeted preschool programs for disad-
vantaged children, such as Head Start or the Perry Preschool Project
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Table 3

The effect of preschool starting age on test scores — by mother’s level of education
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Full sample

Lower-educated mother®

Higher-educated mother®

Outcome variable 6™ grade 8™ grade 10™ grade 6 grade 8™ grade 10™ grade 6 grade 8™ grade 10t grade

Reading test score -0.090"* -0.075*** -0.056"** -0.124**+ -0.087*** -0.051* -0.069*** -0.068"** -0.056***
(0.014) (0.014) (0.010) (0.031) (0.025) (0.022) (0.017) (0.016) (0.011)

Math test score -0.063*** -0.049*+* -0.047*+* -0.122% -0.086*** -0.051** -0.030 -0.030 -0.044*
(0.015) (0.013) (0.010) (0.033) (0.025) (0.019) (0.020) (0.015) (0.014)

v EPSA, ESSA EPSA, ESSA EPSA, ESSA EPSA, ESSA EPSA, ESSA EPSA, ESSA EPSA, ESSA EPSA, ESSA EPSA, ESSA

SSA included as an Yes Yes Yes Yes Yes Yes Yes Yes Yes

endogenous variable

School FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Individual covariates Yes Yes Yes Yes Yes Yes Yes Yes Yes

Number of clusters 1602 1602 1602 1602 1602 1602 1602 1602 1602

*p < 0.05; **p < 0.01; ***p < 0.001.

Notes: Robust standard errors clustered on the municipality level are in parentheses. Test scores are annually standardized to mean 0 and standard deviation 1. The individual
covariates include year and school fixed effects, gender, special education needs, entitlement to a cheaper or free meal indicating poor financial circumstances of the family,
whether a student is living with their own family, the mother’s and father’s level of education, employment status, and age, whether the student’s family has a car, a bathroom
with public utilities, an internet connection at home, the number of books at home, whether the student has their own desk, and whether the family helps the student with their

homework.
(a) Lower-educated: mothers without maturity exam.
(b) Higher-educated: mothers with maturity exam.

(Carneiro & Ginja, 2014; Currie & Thomas, 1995; Garces et al., 2002;
Moon et al., 2010; Pinto et al., 2010).

The findings provide new evidence relevant to existing studies on
universal preschool programs (Baker et al., 2019; Cornelissen et al.,
2018; Currie, 2001; Datta Gupta & Simonsen, 2010; Kuehnle &
Oberfichtner, 2020), which thus far provided inconclusive results
(van Huizen & Plantenga, 2018). Our analysis offers an explanation as
to why the previous studies found mixed results. Typically, studies that
use exogenous variations in preschool enrollment when capacities were
fixed (such as variations related to birth date) find very small or no ef-
fects. This can be explained by the fact that in such a context, preschool
and school starting ages are correlated (see Table A5), and the estimated
overall impact of preschool includes a negative impact due to an earlier
school starting age. However, studies that exploit preschool expansion
for identification — where earlier preschool enrollment does not lead to
a decrease in school starting age - estimate large positive impacts. This
is because the indirect school starting age impact is more likely to be
zero or even positive, so the overall impact of preschool starting age is
more positive.

These results hold for other education systems to the extent that
school starting age is an important confounder in other countries as
well. Two conditions determine the magnitude of the negative school
starting age effect, and thereby, the overall effect of preschool starting
age. First, whether school starting age is negatively correlated with test
scores, of which a whole branch of the literature related to redshirting
provides ample evidence for countries across the OECD (e.g., Bedard
& Dhuey, 2006; Black et al., 2010; Elder & Lubotsky, 2009; McEwan &
Shapiro, 2008; Puhani & Weber, 2008). Second, whether school starting
age is correlated with preschool starting age. Table A5 in the Appendix
shows that among OECD countries, this correlation ranges from 0.12
(Russian Federation) to 0.59 (Switzerland), with Hungary situated in the
middle, with a correlation of 0.35. As a result, we suspect that the neg-
ative school starting age effect impacts the overall impact of preschool
starting age in most countries.

4.1. Limitations

While interpreting the results of this study, it should be considered
that the data and the context have some limitations. First, the estimated
impact depends on the quality of preschool in Hungary, and therefore
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the preschool effect may be larger or smaller in countries with higher or
lower preschool quality. Second, we measure the effect of being enrolled
in preschool one year sooner or later around three years of age. The ef-
fect may be different for children of younger ages. Third, we have mea-
sures in the data of some important outcomes such as math and reading
test scores, but we do not observe some other important aspects, such
as emotional and behavioral characteristics of the students. Therefore,
we cannot infer from our data how these latter are affected by earlier
preschool enrollment, despite the high importance of these other out-
comes in shaping the careers and wellbeing of students. Finally, while
our instrumental variables estimates provide causal evidence of the im-
pact of preschool starting age with high internal validity, their external
relevance may be limited in key ways. The estimates are derived from a
country with an existing universal preschool system. Policy recommen-
dations regarding preschool starting age may not be directly applicable
to nations without such a system in place, as bigger policy issues need
to be addressed before the question of optimal starting age becomes
relevant.

4.2. Implications

Our results suggest that enrolling preschool one year earlier can have
a significant and meaningful positive impact on the cognitive skills of
children, as long as it does not lead to earlier primary school enroll-
ment. Well-funded preschool expansions are therefore likely to have
a positive impact on children’s cognitive skills since we do not ex-
pect them to lead to earlier enrollment into primary school. The de-
tails of implementation are key: expansion must involve true capac-
ity increases and funding needs to be sufficient to enable the provi-
sion of high-quality services. Investments need to include funding for
staffing, fair teacher compensation, curriculum requirements, creden-
tial requirements, continuous training, and child assessments. Universal
preschool can also play a key role in increasing equity, since the bene-
ficial cognitive impacts are largest among children with disadvantaged
backgrounds.

Data availability

The authors do not have permission to share data.
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Table Al

The NABC database — mean and standard deviation of the outcome and the control variables
Grade 6 Grade 8 Grade 10
mean sd mean sd mean sd

Average annual number of observations (2008-17) 89434 3935 88704 6533 88785 8852

Standardized math score 0 1 0 1 0 1
Standardized reading score 0 1 0 1 0 1
Plans to enter higher education 0.53 0.5 0.53 0.5 0.55 0.5
Student’s GPA of last term 3.83 0.8 3.92 0.78 3.56 0.79
Mark of last term: mathematics (admin.) 3.26 1.17 3.29 1.15 2.97 1.14
Preschool starting age (PSA) 3.51 0.62 3.51 0.63 3.57 0.67
School starting age (SSA) 7.04 0.40 7.03 0.40 7.04 0.44
Years spent in preschool 3.53 0.66 3.52 0.67 3.47 0.68
Age at testing 12.77 0.50 14.75 0.48 16.82 0.58
Female 0.50 0.50 0.50 0.50 0.50 0.50
Special Education Needs 0.04 0.20 0.04 0.20 0.02 0.16
Entitled for cheap meal 0.23 0.42 0.19 0.40 0.14 0.35
Entitled for free meal 0.22 0.41 0.14 0.35 0.02 0.15
Student receives textbook free in school 0.45 0.50 0.39 0.49 0.32 0.47
Student lives in own family 0.92 0.27 0.86 0.35 0.85 0.36
Number of siblings living together 1.39 1.13 1.33 1.08 1.20 0.99
Mother’s education: elementary 0.16 0.37 0.14 0.35 0.11 0.31
Mother’s education: vocational 0.24 0.43 0.24 0.42 0.24 0.43
Mother’s education: high school 0.28 0.45 0.27 0.44 0.27 0.45
Mother’s education: university 0.23 0.42 0.20 0.40 0.22 0.41
Father’s education: elementary 0.13 0.34 0.11 0.32 0.08 0.27
Father’s education: vocational 0.37 0.48 0.36 0.48 0.37 0.48
Father’s education: high school 0.21 0.40 0.20 0.40 0.20 0.40
Father’s education: university 0.17 0.38 0.16 0.37 0.17 0.38
Age of student’s mother/foster-mother 39.64 5.54 41.12 5.56 42.78 5.53
Age of student’s father/foster-father 42.59 6.78 44.08 6.81 45.74 6.78
At least one car in the HH 0.66 0.47 0.63 0.48 0.65 0.48
At least one bathroom in the HH 0.87 0.33 0.82 0.38 0.82 0.39
At least 150 books in the HH 0.42 0.49 0.41 0.49 0.45 0.50
Internet connection in student’s home 0.78 0.41 0.76 0.43 0.78 0.42
Student has own desk 0.83 0.37 0.79 0.41 0.78 0.41
Mother is employed 0.68 0.46 0.67 0.47 0.69 0.46
Father is employed 0.78 0.42 0.72 0.45 0.71 0.45
Family helps in HW at least once in a week 0.59 0.49 0.34 0.47 0.20 0.40
Large city 0.33 0.47 0.34 0.47 0.55 0.50
City 0.38 0.49 0.38 0.49 0.43 0.49
Small city 0.29 0.45 0.28 0.45 0.02 0.13
Region: Central Hungary 0.26 0.44 0.26 0.44 0.26 0.44
Region: Central Transdanubia 0.11 0.31 0.11 0.31 0.11 0.31
Region: Western Transdanubia 0.10 0.30 0.10 0.30 0.11 0.31
Region: Southern Transdanubia 0.09 0.29 0.09 0.29 0.09 0.29
Region: Northern Hungary 0.13 0.33 0.13 0.33 0.12 0.33
Region: Northern Great Plain 0.17 0.38 0.17 0.38 0.17 0.38
Region: Southern Great Plain 0.13 0.34 0.14 0.34 0.14 0.35
Scarcity of preschool places 1.22 0.40 1.19 0.39 1.14 0.37

Notes: ’Mark of last term’ is given by the teacher and ranges from 1 to 5, where 1 is fail and 5 is the
best mark. GPA is the average of term marks in all subjects.
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Table A2
Compliance of preschool and school enrollment by the month of birth
Preschool enrollment B School enrollment
Average preschool Average school
Early On time Late starting age Early On time Late starting age

January 0.13 0.73 0.14  3.70 0.00 0.67 034 7.01
February 0.10 0.75 0.15 3.66 0.00 0.60 0.40 7.00
March 0.08 0.76 016  3.62 0.00 0.53 0.47  6.99
April 0.06 0.77 0.17  3.56 0.00 0.45 0.55  6.98
May 0.05 0.77 019 351 0.00 0.34 0.66  7.02
June 0.03 0.69 0.28  3.55 0.06 0.91 0.03 7.22
July 0.03 0.67 0.30  3.49 0.03 0.93 004 7.16
August 0.03 0.65 032 343 0.02 0.94 0.04 7.10
September 0.02 0.60 0.38 3.45 0.01 0.92 0.07 7.06
October 0.00 0.55 0.45  3.46 0.00 0.91 0.09  7.00
November  0.00 0.49 051  3.45 0.00 0.88 011  6.94
December 0.00 0.37 0.63 3.49 0.00 0.84 0.16 6.91

Notes: Preschool (school): Early starters: those children who enrolled before turning 2.75 (6). On time: children
who enrolled between the age of 2.75 (6) and 3.75 (7). Late: children who enrolled after the age of 3.75 (7).

Table A3
Additional outcome variables — the effect of preschool starting age
Full sample Low educated mother High educated mother
Outcome variable 6" grade 8" grade 10" grade 6" grade 8™ grade 10" grade 6™ grade 8™ grade  10™ grade
Plans to enter higher education -0.018* -0.026*** -0.025*** -0.024 -0.040*** -0.045*** -0.014 -0.016 -0.013*
(0.008) (0.007) (0.006) (0.014) (0.012) (0.013) (0.010) (0.008) (0.006)
Last term grade point average (GPA)  -0.005 -0.015 -0.015 -0.057* -0.055* -0.034 0.022 0.008 -0.002
(0.014) (0.011) (0.010) (0.024) (0.023) (0.022) (0.016) (0.014) (0.015)
Math grades (administrative) -0.078*** -0.058*** -0.052** -0.166*** -0.107*** -0.083*** -0.029 -0.034 -0.036
(0.019) (0.015) (0.016) (0.042) (0.029) (0.025) (0.026) (0.018) (0.021)

*p <0.05,** p <0.01, *** p < 0.001

Note: Robust standard errors clustered on the municipality level are in parentheses. The individual covariates include year and school fixed effects,
gender, special education needs, entitlement to a cheaper or free meal indicating poor financial circumstances of the family, whether a student is
living with their own family, the mothers and fathers level of education, employment status, and age, whether the students family has a car, a
bathroom with public utilities, an internet connection at home, the number of books at home, whether the student has their own desk, and whether
the family helps the student with their homework. Grades given by the teacher range from 1, standing for the worst, to 5, indicating the best possible
performance. "Higher education plans" is a dummy variable equal to 1 if the student plans to go on with their studies, and 0 otherwise.

Table A4
28LS results for female and male subsamples
Females Males
Subsample 6™ grade 8t grade 10t grade 6™ grade 8t grade 10t grade
Reading test scores -0.098*** -0.087*** -0.063*** -0.096*** -0.080*** -0.062***
(0.017) (0.017) (0.012) (0.023) (0.024) (0.017)
Math test score -0.083*** -0.045* -0.052*** -0.049 -0.052* -0.046**
(0.018) (0.018) (0.013) (0.026) (0.022) (0.018)
v EPSA, ESSA EPSA, ESSA EPSA, ESSA EPSA, ESSA EPSA, ESSA EPSA, ESSA
SSA included as an endogenous variable Y Y Y Y Y Y
School FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
Individual covariates Y Y Y Y Y Y
Number of clusters 1602 1602 1602 1602 1602 1602

*p < 0.05, ** p < 0.01, *** p < 0.001
Note: The robust standard errors clustered on the municipality level are in parentheses. The test scores are annually stan-
dardized to mean 0 and standard deviation 1. The individual covariates include year and school fixed effects, gender, special
education needs, entitlement to a cheaper or free meal indicating poor financial circumstances of the family, whether a student
is living with their own family, the mothers and fathers level of education, employment status, and age, whether the students
family has a car, a bathroom with public utilities, an internet connection at home, the number of books at home, whether the
student has their own desk, and whether the family helps the student with their homework.
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Table A5
PSA and SSA correlations across OECD countries

Early Childhood Research Quarterly 64 (2023) 278-289

Mean school
starting age

Mean preschool
staring age

Within-country
correlation of

Mean school
starting age

Mean preschool
staring age

Within country
correlation of

Country (PSA)® (SsA) ® PSA and SSA Country (PSA) @ (SSA)® PSA and SSA
Russian Federation 2.70 6.64 0.12 New Zealand 2.70 5.04 0.32
Estonia 2.84 6.81 0.13 Belgium 2.60 5.84 0.35
Sweden 2.45 6.53 0.16 Hungary 3.31 6.62 0.35
Iceland 2.24 5.75 0.16 Portugal 3.34 5.96 0.36
Bulgaria 3.28 6.83 0.17 Spain 2.76 5.63 0.36
Finland 3.95 6.71 0.19 Spain (Regions) 2.77 5.65 0.36
Norway 2.37 5.78 0.19 United Kingdom 2.86 4.77 0.37
Denmark 3.17 6.42 0.20 Mexico 3.73 6.08 0.37
Montenegro 3.47 6.19 0.21 Greece 3.77 6.11 0.39
Latvia 3.09 6.70 0.21 Dominican Republic 3.94 5.68 0.39
Lithuania 3.52 6.58 0.23 Hong Kong 2.88 5.97 0.42
Poland 4.45 6.91 0.23 Chinese Taipei 4.07 6.82 0.43
Czech Republic 3.30 6.28 0.24 Australia 3.70 5.31 0.43
Slovenia 2.81 5.93 0.24 Luxembourg 3.64 6.07 0.43
Croatia 3.79 6.67 0.25 USA (Massachusetts) 3.35 5.73 0.43
Israel 2.96 6.05 0.26 Costa Rica 4.87 6.55 0.45
Uruguay 3.42 5.93 0.26 United States 3.48 5.64 0.46
Slovak Republic 3.40 6.31 0.26 Canada 3.77 5.25 0.46
Germany 3.22 6.13 0.28 Qatar 3.82 5.83 0.49
Austria 3.45 6.18 0.29 Thailand 3.87 6.55 0.49
Singapore 3.51 6.60 0.30 Macao 3.01 5.99 0.50
Tunisia 4.31 5.98 0.30 USA (North Carolina) 3.35 5.59 0.50
Turkey 5.37 6.86 0.30 B-S-J-G (China) 3.98 6.66 0.50
Peru 3.60 6.02 0.31 Ireland 3.01 4.70 0.51
France 2.80 5.75 0.31 Chile 4.24 5.96 0.53
Korea 4.29 6.91 0.31 United Arab Emirates 3.59 5.54 0.53
Italy 3.12 5.90 0.31 Colombia 4.37 5.83 0.57
Brazil 3.95 6.78 0.32 Switzerland 4.29 6.41 0.59
Note: authors’ own calculations. Data source: PISA database 2015, available online: https://www.oecd.org/pisa/data/.
(a) ISCED 0
(b) ISCED 1
Table A6
Robustness tests
Math test scores Reading test scores
@™ 2) 3 (€] ) 6)
Preschool Starting Age (PSA) -0.065*** -0.106** -0.062*** -0.091*** -0.139** -0.085***
(0.014) (0.037) (0.015) (0.014) (0.040) (0.014)
v EPSA, ESSA EPSA, ESSA EPSA, ESSA EPSA, ESSA EPSA, ESSA EPSA, ESSA
SSA included as an endogenous variable Y Y Y Y Y Y
School FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
Individual covariates Y Y Y Y
Month of birth 1-12 1,5,6,12 1-12 1-12 1,5,6,12 1-12
SEN students included Y Y Y Y
Number of clusters 1602 1602 1602 1602 1602 1602
Number of observations 809322 214485 618636 809483 214535 618773
Adjusted R2 -0.030 0.145 0.129 -0.031 0.177 0.155
AIC 2130348.915 520626.694 1504839.396 2125382.986 510842.816 1475854.247

*p <0.05 " p<0.01, *** p < 0.001

Appendix B. The validity of the instrumental variables approach

As Angrist and Pischke (2009) explain, for an instrument to be valid,
it needs to meet three essential conditions, and one additional condition
if a local average treatment effect (LATE) is estimated. First, it should
be relevant; that is, the first stage of the 2SLS should have explanatory
power. In Table B1, the first stage F-statistics of the first stage equations
(Equations 4 and 5) are presented along with the relevant coefficients
and significance levels. The F-statistics are sufficiently large, and the
instruments have a large and significant effect on the endogenous vari-
ables in each specification. Additional empirical tests indicate that EPSA
and ESSA serve as strong instruments. In particular, the Kleibergen-Paap
rk Wald F-statistic is high (429.66), as well as the Cragg-Donald Wald
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F-statistic (4666.65). The under-identification test (Kleibergen-Paap rk
LM statistic equal to 51.73) and the Stock-Yogo weak ID test (7.03) do
not signal any issues.

Second, the independence of the instruments should hold, so that
they are as good as random. Buckles and Hungerman (2012) showed
that maternal characteristics, such as level of education, differ for chil-
dren born at different months of the year, so we need to check whether
this holds in our data. The main results without covariates (in Cols 1
and 4 of in Appendix A), were practically the same as those in our main
specification. This is a strong indication for IV independence. Further,
we checked directly whether in our sample, the month of birth has pre-
dictive power regarding the level of education of the mother or the fa-
ther. We regressed various levels of education of the mother and the
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Table B1
First-stage results (Equations 4 and 5)
6™ grade 8™ grade 10™ grade
PSA SSA PSA SSA PSA SSA
Expected Preschool Starting Age (EPSA) 0.221%** 0.174*** 0.245%** 0.182*** 0.279%** 0.197%**
(0.011) (0.006) (0.011) (0.008) (0.012) (0.008)
Expected School Starting Age (ESSA) -0.040*** 0.244*** -0.032%** 0.267*** -0.031%** 0.312%**
(0.009) (0.011) (0.008) (0.013) (0.009) (0.016)
F-stat 231.32 234.37 385.73 748.30 661.50 970.66
Observations 664282 664282 685837 685837 684603 684603

*p < 0.05, ** p < 0.01, *** p < 0.001

Note: Robust standard errors clustered on the municipality level are in parentheses. The individual covariates
include year and school fixed effects, gender, special education needs, entitlement to a cheaper or free meal
indicating poor financial circumstances of the family, whether a student is living with their own family, the
mothers and fathers level of education, employment status, and age, whether the students family has a car,
a bathroom with public utilities, an internet connection at home, the number of books at home, whether the
student has their own desk, and whether the family helps the student with their homework

father as a dependent variable on month of birth dummy variables. The
point estimates are mostly insignificant and less than 0.01 (Table 5 in
the Online Appendix.)

Third, the instrument should impact the outcome merely through the
endogenous variable, and not through any other channel. There exists
some evidence that children slightly differ in their health outcomes at
birth by their season of birth (Bound & Jaeger, 1996). However, we
argue that these slight differences are likely to diminish during the 12
years until grade 6. Additionally, we used Hungarian birth registry data
containing all births in the cohorts included in our estimation sample,
and we tested whether the month of birth has any predictive power for
birth weight in our data. In Tables 6 and 7 in the Online Appendix,
we present the results of our regressions. The probability of being low
birth weight or very low birth weight (<2500 g or <1500 g), and the
month of birth dummies are on the right-hand side. The point estimates
are mostly zero and insignificant and are under 1.5 percent in all cases.
Additionally, in Table 8 in the Online Appendix, we regress month of
birth dummies on birth weight in each year using the same birth registry
data. In most years and birth months, the coefficients are insignificant,
and the point estimates are under 1 percent of the average birth weight.

Since we estimate a LATE model, we have an additional condition to
evaluate: monotonicity. As Mogstad, Torgovitsky, and Walters (2019)
showed in their study, with two instruments, the classical monotonicity
condition can only be satisfied with severe restrictions on choice be-
havior. The partial monotonicity condition they propose is closer to our
case, but still not entirely applicable. Instead, we used simple visual ob-
servation of Figure 1 and Figure 2, which demonstrate how the actual
enrollment ages respond to the instruments.

References

Andrew, A., Attanasio, O., Bernal, R., Sosa, L. C., Krutikova, S., & Rubio-Codina, M. (2019).
Preschool Quality and Child Development (Working Paper No. 26191; Working Paper
Series). National Bureau of Economic Research. 10.3386,/w26191

Angrist, J. D., & Krueger, A. B. (1991). Does compulsory school attendance affect schooling
and earnings? The Quarterly Journal of Economics, 106(4), 979-1014. https://doi.org/
10.2307/2937954.

Angrist, J., & Pischke, J.-S. (2009). Mostly Harmless Econometrics: An Empiricist’s Com-
panion. Princeton University Press [Economics Books] https://econpapers.repec.org/
bookchap/puppbooks/8769.htm .

Apps, P., Mendolia, S., & Walker, I. (2013). The impact of pre-school on adolescents’
outcomes: Evidence from a recent English cohort. Economics of Education Review, 37,
183-199. https://doi.org/10.1016/j.econedurev.2013.09.006.

Baker, M., Gruber, J., & Milligan, K. (2019). The long-run impacts of a universal child
care program. American Economic Journal: Economic Policy, 11(3), 1-26. https://doi.
org/10.1257/pol.20170603.

Balézsi, 1., Balkanyi, P., Ostorics, L., Palincsar, I, Rébainé Szabd, A., Szepesi, L.,
Szip&esné Krolopp, J., & Vadész, C. (2014). Az Orszdgos kompetenciamérés tartalmi
keretei—Szovegértés, matematika, hdttérkérdéivek. Oktatasi Hivatal.

Balazsi, 1., Felvégi, E., Rdbainé Szabd, A., & Szepesi, 1. (2006). Orszdgos kompetenciamérés
2006—Tartalmi keret. suliNova Kht.

288

Bedard, K., & Dhuey, E. (2006). The persistence of early childhood maturity: International
evidence of long-run age effects. The Quarterly Journal of Economics, 121(4), 1437-
1472. https://doi.org/10.1093/qgje/121.4.1437.

Belloni, A., Chernozhukov, V., & Hansen, C. (2014). High-dimensional methods and in-
ference on structural and treatment effects. Journal of Economic Perspectives, 28(2),
29-50. https://doi.org/10.1257 /jep.28.2.29.

Berlinski, S., Galiani, S., & Manacorda, M. (2008). Giving children a better start: Preschool
attendance and school-age profiles. Journal of Public Economics, 92(5), 1416-1440.
https://doi.org/10.1016/j.jpubeco.2007.10.007.

Bernal, R., & Keane, M. P. (2011). Child care choices and children’s cognitive achievement:
The case of single mothers. Journal of Labor Economics, 29(3), 459-512. https://doi.
org/10.1086/659343.

Black, S. E., Devereux, P. J., & Salvanes, K. G. (2010). Too young to leave the nest? The
effects of school starting age. The Review of Economics and Statistics, 93(2), 455-467.
https://doi.org/10.1162/REST _a_00081.

Blanden, J., Del Bono, E., McNally, S., & Rabe, B (2016). Universal pre-school educa-
tion: The case of public funding with private provision. The Economic Journal, 126,
682-723.

Bound, J., & Jaeger, D. A. (1996). On the Validity of Season of Birth as an Instrument in Wage
Equations: A Comment on Angrist & Krueger’s. National Bureau of Economic Research
(Working Paper No. 5835) http://www.nber.org/papers/w5835 .

Brown, T. T., & Jernigan, T. L. (2012). Brain development during the preschool years. Neu-
ropsychology Review, 22(4), 313-333. https://doi.org/10.1007/s11065-012-9214-1.

Buckles, K. S., & Hungerman, D. M. (2012). Season of birth and later outcomes: Old
questions, new answers. The Review of Economics and Statistics, 95(3), 711-724.
https://doi.org/10.1162/REST_a_00314.

Burgess, S., Dudbridge, F., & Thompson, S. G. (2016). Combining information on multiple
instrumental variables in Mendelian randomization: Comparison of allele score and
summarized data methods. Statistics in Medicine, 35(11), 1880-1906. https://doi.org/
10.1002/sim.6835.

Carneiro, P., & Ginja, R. (2014). Long-term impacts of compensatory preschool on health
and behavior: Evidence from head start. American Economic Journal: Economic Policy,
6(4), 135-173. https://doi.org/10.1257/pol.6.4.135.

Cornelissen, T., Dustmann, C., Raute, A., & Schonberg, U. (2018). Who benefits from uni-
versal child care? Estimating marginal returns to early child care attendance. Journal
of Political Economy, 126(6), 2356-2409. https://doi.org/10.1086,/699979.

Currie, J. (2001). Early childhood education programs. Journal of Economic Perspectives,
15(2), 213-238. https://doi.org/10.1257 /jep.15.2.213.

Currie, J., & Thomas, D. (1995). Does head start make a difference? The American Economic
Review, 85(3), 341-364 JSTOR.

Datta Gupta, N., & Simonsen, M. (2010). Non-cognitive child outcomes and universal high
quality child care. Journal of Public Economics, 94(1-2), 30-43.

Duncan, G. J. (2003). Modeling the impacts of child care quality on children’s preschool
cognitive development. Child Development, 74(5), 1454-1475. https://doi.org/10.
1111/1467-8624.00617.

Elder, T. E., & Lubotsky, D. H. (2009). Kindergarten entrance age and children’s achieve-
ment impacts of state policies, family background, and peers. Journal of Human Re-
sources, 44(3), 641-683. https://doi.org/10.3368/jhr.44.3.641.

European Commission. (2018). Barcelona objectives. https://ec.europa.eu/info/files/
report-barcelona-objectives_en

Felfe, C., Nollenberger, N., & Rodriguez-Planas, N. (2015). Can’t buy mommy’s love? Uni-
versal childcare and children’s long-term cognitive development. Journal of Population
Economics, 28(2), 393-422. https://doi.org/10.1007/s00148-014-0532-x.

Garces, E., Thomas, D., & Currie, J. (2002). Longer-term effects of head start. The American
Economic Review, 92(4), 999-1012 JSTOR.

Garcia, J. L., Heckman, J. J., Leaf, D. E., & Prados, M. J. (2020). Quantifying the life-
cycle benefits of an influential early-childhood program. Journal of Political Economy,
128(7), 2502-2541. https://doi.org/10.1086,/705718.

Gray-Lobe, G., Pathak, P. A., & Walters, C. R. (2021). The Long-Term Effects of Universal
Preschool in Boston. National Bureau of Economic Research (Working Paper No. 28756;
Working Paper Series). https://doi.org/10.3386/w28756.


https://doi.org/10.2307/2937954
https://econpapers.repec.org/bookchap/puppbooks/8769.htm
https://doi.org/10.1016/j.econedurev.2013.09.006
https://doi.org/10.1257/pol.20170603
http://refhub.elsevier.com/S0885-2006(23)00048-0/sbref0006
http://refhub.elsevier.com/S0885-2006(23)00048-0/sbref0007
https://doi.org/10.1093/qje/121.4.1437
https://doi.org/10.1257/jep.28.2.29
https://doi.org/10.1016/j.jpubeco.2007.10.007
https://doi.org/10.1086/659343
https://doi.org/10.1162/REST_a_00081
http://refhub.elsevier.com/S0885-2006(23)00048-0/sbref0013
http://www.nber.org/papers/w5835
https://doi.org/10.1007/s11065-012-9214-1
https://doi.org/10.1162/REST_a_00314
https://doi.org/10.1002/sim.6835
https://doi.org/10.1257/pol.6.4.135
https://doi.org/10.1086/699979
https://doi.org/10.1257/jep.15.2.213
http://refhub.elsevier.com/S0885-2006(23)00048-0/sbref0021
http://refhub.elsevier.com/S0885-2006(23)00048-0/sbref0022
https://doi.org/10.1111/1467-8624.00617
https://doi.org/10.3368/jhr.44.3.641
https://ec.europa.eu/info/files/report-barcelona-objectives_en
https://doi.org/10.1007/s00148-014-0532-x
http://refhub.elsevier.com/S0885-2006(23)00048-0/sbref0027
https://doi.org/10.1086/705718
https://doi.org/10.3386/w28756

A. Szabé-Morvai, D. Horn, A. Lovdsz et al.

Havnes, T., & Mogstad, M. (2011). No child left behind: subsidized child care and chil-
dren’s long-run outcomes. American Economic Journal: Economic Policy, 3(2), 97-129.

Havnes, T., & Mogstad, M. (2015). Is universal child care leveling the playing field? Journal
of Public Economics, 127, 100-114. https://doi.org/10.1016/j.jpubeco.2014.04.007.

Heckman, J. J., Moon, S. H., Pinto, R., Savelyev, P. A., & Yavitz, A. (2010). The rate of
return to the HighScope Perry Preschool Program. Journal of Public Economics, 94(1-
2), 114-128. https://doi.org/10.1016/j.jpubeco.2009.11.001.

Kuehnle, D., & Oberfichtner, M. (2017). Does Early Child Care Attendance Influence Chil-
dren’s Cognitive and Non-Cognitive Skill Development?. Institute for the Study of La-
bor (IZA) (No. 10661; 1ZA Discussion Papers) https://ideas.repec.org/p/iza/izadps/
dp10661.html .

Kuehnle, D., & Oberfichtner, M. (2020). Does starting universal childcare earlier influence
children’s skill development? Demography, 57(1), 61-98. https://doi.org/10.1007/
513524-019-00836-9.

Magnuson, K. A., Ruhm, C., & Waldfogel, J. (2007). Does prekindergarten improve school
preparation and performance? Economics of Education Review, 26(1), 33-51. https:
//doi.org/10.1016/j.econedurev.2005.09.008.

McCoy, D. C., Yoshikawa, H., Ziol-Guest, K. M., Duncan, G. J., Schindler, H. S., Magnu-
son, K., Yang, R., Koepp, A., & Shonkoff, J. P. (2017). Impacts of early childhood
education on medium- and long-term educational outcomes. Educational Researcher,
46(8), 474-487. https://doi.org/10.3102/0013189x17737739.

McEwan, P. J., & Shapiro, J. S. (2008). The benefits of delayed primary school enrollment
discontinuity estimates using exact birth dates. Journal of Human Resources, 43(1),
1-29. https://doi.org/10.3368/jhr.43.1.1.

Mogstad, M., Torgovitsky, A., & Walters, C. R. (2019). The Causal Interpretation of Two-
Stage Least Squares with Multiple Instrumental Variables (Working Paper No. 25691;
Working Paper Series). https://doi.org/10.3386/w25691.

Moon, S. H., Pinto, R., Savelyev, P. A., Yavitz, A., & Heckman, J. (2010). The rate of
return to the HighScope Perry Preschool Program. Journal of Public Economics, 94(1),
114-128. https://doi.org/10.1016/j.jpubeco.2009.11.001.

289

Early Childhood Research Quarterly 64 (2023) 278-289

Peisner-Feinberg, E. S., Burchinal, M. R., Clifford, R. M., Culkin, M. L., Howes, C., Ka-
gan, S. L., & Yazejian, N. (2001). The relation of preschool child-care quality to chil-
dren’s cognitive and social developmental trajectories through second grade. Child
Development, 72(5), 1534-1553. https://doi.org/10.1111/1467-8624.00364.

Pinto, R., Savelyev, P., Yavitz, A., & Heckman, J. (2010). Analyzing social experiments as
implemented: A reexamination of the evidence from the HighScope Perry Preschool
Program. Quantitative Economics, 1(1), 1-46. https://doi.org/10.3982/QE8.

Puhani, P. A, & Weber, A. M. (2008). Does the early bird catch the worm?. In
P. C. Dustmann, P. D. B. Fitzenberger, & P. S. Machin (Eds.), The Economics of Ed-
ucation and Training (pp. 105-132). Physica-Verlag HD. https://doi.org/10.1007/
978-3-7908-2022-5_6.

Sinka, E. (2010). OECD Review on Evaluation and Assessment Frameworks for Improving
School Outcomes. HUNGARY. Country Background Report. http://www.oecd.org/
education/school/50484774.pdf

United Nations. (2015). Transforming our world: The 2030 Agenda for Sustain-
able Development. https://www.un.org/ga/search/view_doc.asp?symbol =A/RES/
70/1™Lang=E

van Huizen, T., & Plantenga, J. (2018). Do children benefit from universal early child-
hood education and care? A meta-analysis of evidence from natural experiments.
Economics of Education Review, 66, 206-222. https://doi.org/10.1016/j.econedurev.
2018.08.001.

White House. (2021, April 28). FACT SHEET: The American Families Plan. The White
House. https://www.whitehouse.gov/briefing-room/statements-releases/2021/04/
28/fact-sheet-the-american-families- plan/

Zhai, F., Brooks-Gunn, J., & Waldfogel, J. (2014). Head Start’s impact is contingent on
alternative type of care in comparison group. Developmental Psychology, 50(12), 2572~
2586. https://doi.org/10.1037/a0038205.


http://refhub.elsevier.com/S0885-2006(23)00048-0/sbref0030
https://doi.org/10.1016/j.jpubeco.2014.04.007
https://doi.org/10.1016/j.jpubeco.2009.11.001
https://ideas.repec.org/p/iza/izadps/dp10661.html
https://doi.org/10.1007/s13524-019-00836-9
https://doi.org/10.1016/j.econedurev.2005.09.008
https://doi.org/10.3102/0013189x17737739
https://doi.org/10.3368/jhr.43.1.1
https://doi.org/10.3386/w25691
https://doi.org/10.1016/j.jpubeco.2009.11.001
https://doi.org/10.1111/1467-8624.00364
https://doi.org/10.3982/QE8
https://doi.org/10.1007/978-3-7908-2022-5_6
http://www.oecd.org/education/school/50484774.pdf
https://www.un.org/ga/search/view_doc.asp?symbol=A/RES/70/1&Lang=E
https://doi.org/10.1016/j.econedurev.2018.08.001
https://www.whitehouse.gov/briefing-room/statements-releases/2021/04/28/fact-sheet-the-american-families-plan/
https://doi.org/10.1037/a0038205

	Universal preschool and cognitive skills - the role of school starting age as a moderating factor
	1 Introduction
	1.1 The effect of preschool on cognitive skills
	1.2 The role of school starting age in previous estimates of the preschool effect
	1.3 Present study

	2 Context and method
	2.1 Institutional framework
	2.2 Data
	2.3 Analysis

	3 Results
	3.1 The impact of preschool starting age
	3.2 Heterogeneity analysis
	3.3 Robustness

	4 Discussion
	4.1 Limitations
	4.2 Implications

	CRediT authorship contribution statement
	Supplementary materials
	Appendix A
	Appendix B The validity of the instrumental variables approach
	References


