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Abstract

While there is a big literature on the benefits of pre-school education, only little is

known why kindergarten attendance improves later-life outcomes. This is partly

because most studies analyze the effect of complete 2 years pre-school programs.

In order to shed light into the black box of kindergarten education, I am using

the German National Educational Panel Study and regress the level of grammar

skills – a main intelligence component – on the participation in a nationwide-used

language training program and a rich set of conditioning variables. Taking in-

formation on mathematical skills into account, this paper also employs matching

and differences-in-differences methods as well as a combination of both. The esti-

mated effects of participating in a language training program at the kindergarten

on grammar skills range between 11% and 17% of a standard deviation.
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1. Introduction

Since the highly influential contributions by James Heckman at the beginning of the
2000s, the public interest in the effects of early childhood interventions has grown
rapidly. Numerous studies analyzed short- and long-term effects of interventions in
the education of 2- to 4-year-olds. Usually, the treatment, i.e. the educational interven-
tion, is the participation in a comprehensive 2 or 3 years pre-school program. The bene-
fit of the program participation is measured as the outcome difference between treated
and untreated children. Attendance in a pre-school program goes along with sub-
stantially higher levels of cognitive skills, educational achievements, and labor market
outcomes. However, most studies treat pre-school education as a “black box”, i.e. they
do not disaggregate the overall effect into single components. This paper breaks new
grounds by shedding light upon the question how pre-school education affects chil-
dren’s performance. Hence, this study does not only contribute the question “Does
pre-school attendance improve children’s development?” but it also looks at the ques-
tion “How does pre-school education promote performance?” Because a large share of
children already receives facility-based pre-school education, e.g. by visiting a kinder-
garten, the latter question is of rising importance. In the United States, 78% of all
4-year-olds are enrolled in kindergartens; in the United Kingdom, the share is about
67%; and the average of OECD countries is 82% (OECD, 2013). In Germany nearly all
children (96%) visit a kindergarten and since August, 1, 2013 there is a legal right of in-
stitutional child care. In order to guarantee universal access to institutional child care,
the German Federal Ministry of Family Affairs, Senior Citizens, Women and Youth is
going to invest 5.4 billion euros in the pre-school educational infrastructure until the
end of 2014.1 These figures do not only underline the relevance of pre-school education
as a whole but they also show how important the analysis of the mechanisms within
pre-school education is.

Particularly, I analyze the effect of a Child’s participation in a nationwide-used stan-
dardized language training program on its level of verbal intelligence using the Ger-
man National Educational Panel Study (NEPS). The data set includes a battery of
competence tests which measure different kinds of abilities, e.g. grammar and math
skills. These skills refer to distinct components of the widely used Thurstone classi-
fication of intelligence. To assess the level of verbal skills, a German version of the
well-established “Test for Reception of Grammar” which contains 48 items was con-
ducted in the NEPS. The tests take place while the child is at the age of 3 or 4. The
dependent variable is the child’s grammar test score (as level and as difference to the

1For more information see http://www.bmfsfj.de/BMFSFJ/Kinder-und-
Jugend/kinderbetreuung.html.
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math score). Using the contemporary level of skills has the advantage of a lower prob-
ability, that third factors compromising the true effects over the time. Moreover, the
current level of a child’s skills is highly correlated with its level of skills at adolescence
and adulthood. The treatment variable is an indicator whether a child’s kindergarten
has introduced a nationwide-used language training program or not.

To estimate the effect of language training on verbal intelligence, I apply various strate-
gies. The most obvious way to estimate the effect is to compare the grammar scores of
treated and untreated children conditioning on observable factors. However, this sim-
ple differences approach is likely to mirror the correlation between language training
and verbal intelligence, only. This is because neither the kindergarten’s decision to in-
troduce a language training program nor the parents’ decision for a particular kinder-
garten can assumed to be independent from the child’s level of verbal intelligence. In
order to solve this selection problem, I use a differences-in-differences (DiD) strategy.
Instead of the level of verbal intelligence, the outcome variable of the DiD approach is
the difference between verbal intelligence and numerical intelligence. Thus, the DiD
estimator uses the child’s math skills to cancel out the effects of individual-specific
subject-invariant unobservable factors. This approach identifies a causal effect if unob-
servable factors affect verbal and numerical skills in the same way. When conditioning
on observable factors (like mother tongue), the language training participation is more
likely to be independent from the grammar-math score difference than from the level
of grammar skills. Moreover, I apply propensity score matching and semi-parametric
regression-adjusted differences-in-differences matching in order to ensure the compa-
rability of treated and untreated children and to relax the functional form assumption
of the skill formation. The estimated effects of these approaches are similar: children
who participate in a language training program exhibit a 11% to 17% of a standard
deviation higher verbal intelligence.

This paper contributes to the literature in several ways. First, instead of analyzing the
overall effects of a complete 2 or 3 years pre-school education program, it focuses on a
particular measure within pre-school education. This rather narrow focus is of special
interest since most children already receive pre-school education. Second, this study
contributes to the analysis of the determinants of early childhood skill development
in Germany. So far, only a few economic studies use German data and they do not
overcome a selection process in order to address a causal interpretation. Furthermore,
the application of various estimation strategies which rely on distinct identifying as-
sumptions allows a closer investigation of the role of confounding factors.

The paper proceeds as follows. Section 2 briefly summarizes the findings of the previ-
ous literature on the effects of pre-school education. Section 3 presents the different es-
timation strategies and their underlying assumptions. Section 4 introduces the German
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National Educational Panel Study, while Section 5 shows the results of participating in
language programs. Section 6 concludes.

2. Previous Literature

2.1. Psychology

The investigation and classification of skills is subject to psychological research for
over a century. Since a couple of decades the biological transmission and development
of skills is also analyzed by neuroscientists. A widely used classification of distinct
types of skills is Thurstone’s multiple factor approach of intelligence. The overall in-
telligence consists seven “primary mental abilities”: verbal relations, word fluency,
numerical skills, perceptual speed, reasoning, space, and memory (Anderson, 2005).
Using monozygotic and dizygotic twins as well as an environmental variation due to
adoption, it has been shown that about half of the intelligence is determined by her-
itability (Plomin and DeFries, 1998). The other half of one’s intelligence is caused by
the socio-economic environment with a prominent role of early childhood conditions.
An important insight of the psychological research is that “it seems that genes are re-
sponsible for most of the overlap between cognitive skills” (Plomin and DeFries, 1998,
p.66). I.e. the genetic endowment varies over individuals (or, to a lower degree, over
families) but not over specific skills. When analyzing early childhood interventions,
psychological studies often focus on “high-priced model programs operated by uni-
versities” which may not comparable to large-scale public programs (Barnett, 1998,
p.204). Hence, besides the psychological research, there is still a need for an economic
and social science perspective of the development of skills.

2.2. Economics

The first studies with an economic focus based on randomized trials, so-called early
childhood intervention programs. The Head Start intervention programs ran by the
U.S. Department of Health and Human Services in the 1960s are most influential in the
economic literature. These programs cover a wide range of treatment measures, e.g.
pre-school education, nutrition services, health care, and support of parents for disad-
vantaged children (HHS, 2010). In one of the largest Head Start programs, the Perry
Preschool Program for African-American children, treated participants receive 2 years
of pre-school education in the morning and teacher visits in the afternoon (Schwein-
hart et al., 2005). More than 35 years after the participation, Heckman et al. (2010a)
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find longer educational attendance, higher labor market outcomes, and fewer records
of criminal activities due to the program participation. Heckman et al. (2013) show
that cognitive skills and personality traits are drivers of the long-lasting economic out-
comes. The estimated yearly average returns to each Dollar invested range from 7%
(Heckman et al., 2010b) to 17% (Rolnick and Grunewald, 2003). The estimated over-
all returns are up to $13 per $1 invested in early childhood intervention (Belfield et al.,
2006). Moreover, it has been shown that early childhood investments exhibit the largest
returns when followed by later investments in education (Heckman, 2006).

Experimental evidence for early childhood intervention programs is limited to the US
because large randomized trials were not conducted elsewhere. Furthermore, the US
intervention programs had a focus on children from disadvantaged families. The re-
wards of participating in language training may differ for those children. Due to
this rather narrow focus, an increasing number of studies uses field data and quasi-
experimental variations to investigate the effect of early childhood interventions. The
main scope of those studies is the effect of center-based preschool attendance (i.e.
kindergarten care) on children’s development. Because of the limited time horizon
in the data at hand, most studies only estimate short- and medium-term effects. Sylva
et al. (2004) take data from the UK Effective Pre-school and Primary Education project
and identify the gains of low and high quality pre-school education (measured as qual-
ification of teachers) on math and reading skills. Using a value-added approach over
several time periods and socio-economic background controls, the immediate effects
are positive and significant for both pre-school qualities. However, the effect is only
persistent for high-quality pre-schools. Fitzpatrick (2008) uses US state-year variations
in the availability of kindergartens and employs differences-in-differences estimation
in order to identify the effects of pre-school attendance on grade four abilities. Re-
sults suggest significant effects on math and reading test scores. Using propensity
score matching, Warren and Haisken-DeNew (2013) show for Australian data that
intermediate numeracy, reading, spelling, and writing performance increases due to
preschool attendance. For Argentina, Berlinski et al. (2009) use a time-state differences-
in-differences estimator and find a positive effect on third grade math and language
scores. Analyzing Uruguayan data, Berlinski et al. (2008) provide evidence for an in-
creased educational attainment due to pre-school attendance. For Germany, only two
studies analyze the consequences of early childhood interventions. Spiess et al. (2003)
and Landvoigt et al. (2007) estimate educational returns to kindergarten attendance.
However, using a Probit model they “are not able to distinguish entirely between a
selection and a treatment effect” (Spiess et al., 2003, p.261) and “do not interpret our
estimates as causal” (Landvoigt et al., 2007, p.9).
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3. Empirical Strategy

3.1. Simple Differences

In order to identify the effect of language training on verbal intelligence, I employ sim-
ple differences and differences-in-differences estimation as well as (regression-adjusted)
propensity score (PS) matching and combination of these techniques. Starting point is
the linear-in-parameters version of a cognitive abilities production function for gram-
mar skills, e.g. as in Todd and Wolpin (2003):

Sg
ik = β

g
0 + β

g
1Tg

k + β
g
2Kk + β

g
3Bi + β

g
4 Ai + ε

g
ik. (1)

Sg
ik denotes the skills of child i in kindergarten k. The superscript g marks the abil-

ity component, here grammatical skills. The intercept is given by β
g
0. The treatment

indicator Tg
k is 1 if the intervention, i.e. the language training, takes place and 0 oth-

erwise. Since the treatment was assigned on kindergarten level, T has the subscript k.
The treatment effect is β

g
1. Other observable factors which influence grammar skills are

kindergarten characteristics Kk and the family background Bi, their effects are denoted
with β

g
2 and β

g
3 (the bold font marks matrix and vector notation). Beside observable

factors, the level of skills might also be influenced by an unobservable component Ai

with the effect β
g
4. This factor may depict innate abilities or the parent’s emphasis con-

cerning their children’s development. The error term is ε
g
ik.

The simple differences approach regresses the level of grammar skills on the treatment
and the observable confounders. This yields to the estimation of the treatment effect
β̂

g
1 = β

g
1 + β

g
4σA,T, where σA,T is the covariance between the language training partici-

pation and the unobserved factor. The estimator of β
g
1 would be unbiased if either the

treatment participation is independent from unobservable factors (σA,T = 0) or if the
unobservable factor does not affect the grammar skills (βg

4 = 0). In other words, β
g
1

identifies the causal effect if the conditional independence assumption (CIA)

Sg
ik(T

g
k = 1), Sg

ik(T
g
k = 0) ⊥⊥ Tg

k |Kk, Bi, Ai (A-1)

holds.2 The CIA states that, given the covariates, the level of skills either with or with-
out the language training – Sg

ik(T
g
k = 1) and Sg

ik(T
g
k = 0), respectively – is independent

(denoted with “⊥⊥”) form the parents’ choice for a kindergarten and the kindergarten’s
decision to offer a language training program. This assumption is violated if there is
a selection due to the unobservable factor. β̂

g
1 overestimates the true effect of the lan-

guage training e.g. if high-skilled parents with more intelligent offsprings are more in-

2This condition is sometimes also referred to as “unconfoundedness”.
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terested in their child’s development and choose a kindergarten because of the higher
educational quality – including the language program. On the other hand, β̂

g
1 may

underestimate the true effect. This is the case if parents choose a kindergarten with ad-
ditional language training in order to compensate for the child’s low innate skills. I.e.
if Assumption (A-1) fails, it is not even clear whether the simple-differences estimation
of β

g
1 overestimates or underestimates the true effect of the language training.

3.2. Differences-in-Differences Estimation

The rich National Educational Panel Study at hand allows me to estimate a differences-
in-differences (DiD) approach in order to relax the identifying Assumption (A-1). For
this propose, I take the children’s mathematical skills into account, too. The production
function of a child’s mathematical abilities is – analogous to Equation (1) – given by:

Sm
ik = βm

0 + βm
1 Tm

k + βm
2 Kk + βm

3 Bi + βm
4 Ai + εm

ik, (2)

where the superscript m denotes the mathematical component of cognitive abilities in-
stead of grammar. While the effects of the right-hand-side variables on skills may vary
between grammar and math, the factors which influence the skill level can assumed
to be the same. Hence, only the superscript of the coefficients changes compared to
Equation (1). Since the language training is the only intervention and mathematical
skills are supposed to be independent from it, Tm

k equals 0.3 Subtracting Equation (2)
from Equation (1) leads to grammar-math difference:4

∆Sik = Sg
ik − Sm

ik

= (β
g
0 − βm

0 ) + β
g
1Tg

k + (β
g
2 − βm

2 )Kk + (β
g
3 − βm

3 )Bi + (β
g
4 − βm

4 )Ai + (ε
g
ik − εm

ik)

= βd
0 + βm

1 Tm
k + βd

2Kk + βd
3Bi + (β

g
4 − βm

4 )Ai + εd
ik. (3)

The coefficients, now marked with a d, do no longer measure the effect of the respective
factor on either grammar or math skills but give the effect on the difference between
both levels of skills. If one factor, e.g. mother tongue does affect grammar skills more
(less) than math skills, the coefficient has a positive (negative) sign. βm

1 drops in Equa-
tion (3) because of Tm

k = 0, thus the treatment effect is again given by β
g
1. This is the

DiD estimator because it states the difference of the average differences between gram-
mar and math skills of treated and untreated children. Since the child’s math skills are

3This is not an assumption but rather the result of a literature review and careful screening of the
data at hand.

4Where βd
0 ≡ β

g
0 − βm

0 , βd
2 ≡ β

g
2 − βm

2 , βd
3 ≡ β

g
3 − βm

3 , and εd
ik ≡ ε

g
ik − εm

ik in the last line.
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used to control for innate factors that affect the grammar skills, the DiD approach could
also be seen as a child-fixed effects estimation.5

The simple-differences Assumption (A-1) implies that the unobservable factor does
not affect the level of grammar skills and the language training participation simulta-
neously. On the contrary, to achieve a causal estimate of β

g
1 in Equation (3) one only

needs to assume that the unobservable factor does not affect the difference between the
grammar and math skills and the training participation simultaneously:

∆Sg
ik(T

g
k = 1), ∆Sg

ik(T
g
k = 0) ⊥⊥ Tg

k |Kk, Bi, Ai. (A-2)

The estimated DiD effect of the language training is β̂
g
1 = β

g
1 + (β

g
4 − βm

4 )σA,T. The
estimator is unbiased if either (β

g
4 − βm

4 ) = 0 or σA,T = 0. The latter is, again, not
observable and every unlikely to be the case. The assumption that (β

g
4 − βm

4 ) = 0 or
after conditioning on observable factors

E(β
g
4 − βm

4 |Kk, Bi) = 0 (A-3)

is the common trend assumption in terms of the DiD literature. This assumption would
be violated if a child’s innate abilities and its parents’ behavior were not the same to-
ward math and grammar skills. E.g. if parents learn that their child is more talented
in languages and they decide to promote its talent. However, as mentioned in Section
2.1, psychometric studies provide evidence that innate abilities affect all components
of intelligence in the same way (Plomin and DeFries, 1998). Moreover, even if innate
factors affect grammar and math skills in different ways, parents need to observe their
child’s talent. Since most children were enrolled into kindergarten before the age of
3, it is unlikely that parents were able to obverse the child’s talent. Additionally, it
seems not plausible that the parents’ reaction would only be reflected in the choice of
the kindergarten and not in other observable factors like number library visits.

3.3. Propensity Score Matching and Regression-Adjustment

Because the plausibility of Assumptions (A-1) and (A-2) is based on the quality of
the conditioning factors and their implementation, I also employ a propensity score
(PS) matching approach. PS matching compares the outcome variable of treated and
untreated children with the same likelihood of being treated, i.e. participating in the

5The strategy to establish a DiD approach by taking the differences between subjects of skills is also
employed in Jürges et al. (2005) and Jürges and Schneider (2010) as the authors analyze the effect of
central exit exams. By converting the grammar and math skills for each child into separate observation
and adding an indicator for the ability component, one can easily show that Equation (3) is equal to the
“standard” DiD equation where the treatment effect is given by an interaction term.
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language training. As algorithm to assign the best match, I use Epanechnikov ker-
nel matching. Compared to the regression method, PS matching seems to be a more
appropriate way to control for conditioning variables for two reasons. First, children
outside the common support area are not taken into account. Hence, information on
children who are very likely or very unlikely to participate in the language training be-
cause of extreme value in the covariates are neglected. Second, the regression versions
of the simple differences and the DiD approaches presented above rely on the linear-
in-parameter-specification of the skills production functions. PS matching avoids the
assumption of a specific functional form in which the covariates enter the estimation.
This feature makes the PS matching results more robust (Dehejia and Wahba, 2002).

A disadvantage of matching is that the validity is rather sensitive to specification of the
PS. In the application here, it is a priori not clear if the PS only depends on kindergarten
characteristics – since the decision to offer the language training is on kindergarten
level – or if the child’s family background should also be considered when estimat-
ing the PS. To avoid misleading results because of a misspecification of the PS, I use a
three-step procedure called regression-adjusted PS matching. In the first step, I run a
Probit regression of the language training indicator on the full set of covariates.6 I keep
only those untreated observations with a PS equal or greater than the lowest PS of the
treatment group (common support). In a second step, the Epanechnikov kernel algo-
rithm is used to calculate weights according on how close the estimated PS of treated
and untreated children is. The third step is a weighted regression of the outcome vari-
able on the treatment and the observable factors Kk and Bi using the weights of step
two. The regression-adjustment has the advantage that it does no longer solely rely on
the specification of the PS estimation. The results are robust as long as either the PS
estimation or the regression-adjustment is correctly specified. Bang and Robins (2005)
refer this property to be “doubly robust”.

I apply (regression-adjusted) PS matching for both outcome variables – the level of
grammar skills and the grammar-math difference. The method which combines DiD
estimation and PS matching – that is semi-parametric regression-adjusted differences-
in-differences matching – is developed in Heckman et al. (1997, 1998). The method
is semi-parametric due to the use of the kernel algorithm. Recent applications are by
Marcus (2012) and Schmitz and Westphal (2013) in the context of unemployment and
health behavior as well as care giving and health.

All estimators provide the average treatment effect on the treated. That is the aver-
age benefit from participating in the language training program for those how do par-

6The full set of covariates includes kindergarten and teacher characteristics as well as home envi-
ronment and the child’s activities. As a robustness check, I vary the specification of the PS. The results
do not differ.
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ticipate in language training. Because all children within a kindergarten receive the
additional language training, I do not only estimate an intention to treat parameter.

4. Data

4.1. National Education Panel Study

The German National Education Panel Study (NEPS) provides information on the
educational and occupational histories, socio-economic conditions, as well as non-
cognitive and cognitive skills of 83,500 persons of all ages and at all educational stages.
Six so-called starting cohorts cover infants, kindergarten-aged children, children in
grades 5 and 9, university students, and adults (birth cohorts 1944 to 1990). For each
starting cohort the data contain information on competence development, learning en-
vironments, educational decisions, migrational background, and returns to education
(Blossfeld et al., 2011). The data used here are taken from the first two waves of the
kindergarten starting cohort and cover the birth cohorts 2005 (702 children) and 2006
(2,027 children). The data were gathered in 2010/2011 (wave 1) and 2011/2012 (wave
2) and are available for research proposes since 2012 and 2013, respectively.7 For the
kindergarten starting cohort, the NEPS comprises several questionnaires. General in-
formation and information on the family’s socio-economic status are given by either
the mother or the father but concerning both parents. The kindergarten teacher’s ques-
tionnaire asks about the qualification and the work experience of the teacher. A third
questionnaire is answered by the head of the kindergarten. It includes detailed in-
formation on the size of the kindergarten, the share of children from families with a
low socio-economic status, the share of children with migrational background, and
the supply of other child care facilities in the area. The children only answer compe-
tence tests which assess various skills under supervision and instruction of the teacher.
Questions regarding the child’s personality traits were answered by the parent and the
kindergarten teacher. For more information, see Blossfeld et al. (2011).

The final estimation sample contains 1,793 children. Starting with 2,729 observations, I
drop children with missing parent, teacher, or head of the kindergarten questionnaire.
Furthermore, children with missing information on the language training participation
(or with more than one participation) and children who refuse to do the competence
tests are dropped, too. Because my analysis is based on two (competence) test pro-
cedures and three interviews (parent, teacher, and head of kindergarten) the number
of missing information is relatively high. Thus, I follow the approach of Stuart (2010)

7The NEPS release used here is from October 23, 2013 (doi:10.5157/NEPS:SC2:2.0.0).

9



and replace a missing value of a variable with 0 and add an indicator that the specific
information is missing for the child. This procedure allows me to use the large num-
ber of control variables that is necessary to justify the plausibility of the identifying
assumptions presented in Section 3.

4.2. Standardized Language Training Programs

The NEPS focuses on the children’s language usage and their need for language train-
ing. A set of questions in the questionnaire answered by the head of the kindergarten
deals with the existence of nationwide-established language training programs:8

• Does your facility offer a special nationwide-used language program? (yes/no)

• How many times was such a procedure offered? (number)

• Which procedure was offered? (name of the procedure)

214 kindergartens (out of 237) are in the final sample, 82 kindergartens offer one nation-
wide-used training procedure and 7 kindergartens offer more than one program. The
questionnaire contains the four most common language training programs and the
possible answers “other” and “I don’t know”. I define children as “treated” if the
kindergarten conducts one of the programs. I drop children in kindergartens with
more than one program in order to avoid that they drive the results. Table 1 provides
an overview over the programs and their frequency. An example for such a program is
“Kon-Lab”, a software package which teaches the right usage of grammar by carrying
out a picture comparison game. Beside these programs, the NEPS also includes various
other information on educational measures and education improving activities within
the kindergarten and at home, see Section 4.4. Using those information it is possible to
determine whether other educational measure exist which may also affect children’s
abilities. By controlling for all other measures, I am able to isolate the effect of the
nationwide-employed language programs. However, due to the rather low number of
observations for each program, I am not able to run separate estimations.

4.3. Skill Measures

The only part of the NEPS that directly involves participation of the 3- and 4-year-
old children are the competence tests. The kindergarten teacher undertakes tests in
the fields of grammar, vocabulary, and science (wave 1), as well as math and logic

8For the exact questions and the possible answers, see NEPS (2013).
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Table 1: Overview over the language training programs

Intervention Number of Number of
kindergartens children affected

No language program 132 1,127

Participation in one 82 668nationwide used program

where of

DELFIN 4 19 126
Würzburger Sprachprogramm 12 83
Deutsch 240 2 15
Kon-Lab 10 109
Other 31 236
Answer: “Don’t know” 8 99

Participation share (in %) 62.1 59.3

Total 214 1,795

Notes: Own calculation based on NEPS–Starting Cohort 2. Information based on the final
sample used for the baseline regressions.

(wave 2). The duration of the tests varies between 10 and 30 minutes and they were
conducted in an atmosphere which is suitable for children at this age. Moreover, the
NEPS includes also a meta test each competence. This meta test asked about the self-
assessed performance of the children using five different smilies from sad to cheerful.
For more information, see Weinert et al. (2011). As measure for verbal intelligence
I use the grammar competence test. It contains 48 items which based on Fox’s (2006)
German version of the “Test for Reception of Grammar” by Bishop (1989). In this inter-
nationally well-established test procedure, children assign sentences to corresponding
pictures. The procedure takes 10 minutes and tests “semantic, syntactic or morpholog-
ical aspects of understanding grammatical structural forms [...] in a playfully arranged
individual test situation” (NEPS, 2011, p.7). The possible test score ranges between 0
and 48 points. In order to simplify the interpretation, I standardize the mean of the test
score to 0 and the standard deviation to 1. The grammar test score is used as measure
for verbal intelligence for two reasons. First, grammar skills do not directly affect math
skills, while the vocabulary is more likely to affect the math performance. The latter
is because child-appropriate math questions deal with examples and not with solving
equations. The second reason for using the grammar test score is that grammar directly
correspondences to verbal relation. Vocabulary, on the other hand, correspondences to
world fluency – another intelligence component. The second competence used here,
is the math test score. It refers to the mental abilities space and numerical knowledge.
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The math test procedure contains 26 items dealing with quantity, space and shape,
change in relationships, as well as data and chance (NEPS, 2011). The duration of the
test is 20 minutes and the possible score ranges between 0 and 26 points. Again, the
test score was standardized with mean 0 and standard deviation 1.

4.4. Conditioning Variables

As shown in Section 3, the identification relies on the quality of the conditioning vari-
ables. Table A1 in the appendix gives an overview over the variables. To avoid a bad
control problem – that arises when the conditioning variables were affected by the lan-
guage program – only pre-treatment variables should be chosen. Since the pre- and
post-treatment difference is achieved by a comparison of the subjects, pre-treatment
variables could be defined as independent from the child’s participation in the lan-
guage training.

This paper distinguishes between factors which affecting the child at the kindergarten
and those which affect the child at home. The kindergarten variables include informa-
tion on the facility as well as information on the child’s kindergarten teacher. These
factors are likely to be crucial because the decision to conduct a language training pro-
gram takes place at the kindergarten. I control whether the kindergarten is public
organized or belongs to a nonprofit private organization (e.g. the church). The head of
the kindergarten was asked to estimate the share of children within the kindergarten
who belong to families with a low, medium, and high socio-economic status (SES). A
medium SES being the comparison characteristic, it is controlled for the share of chil-
dren with a low and a high socio-economic background. Moreover, the square of both
shares is included. The head of the kindergarten was also asked about the share of
children with migrational background. This share and the squared share are included,
too. I also control for the monthly kindergarten fee and dummy variables indicating
whether the kindergarten has a focus on foreign languages or math. Regarding the
child’s kindergarten teacher, I take indicators for the gender, migrational background,
and a high-school degree into account. Additionally, the number of participation in
further education programs of the teacher is included.

Besides those factors which affect the child at the kindergarten, individual characteris-
tics can assumed to be important as well. A major driver of the cognitive development
is the child’s age. In spite of the fact that all children are aged 3 or 4, there may is
even a variation between the age in month. Therefore, a full set of dummy variables
indicating the age in month is included. Furthermore, it is controlled for the child’s
gender and whether it is born in East Germany. Regarding the home learning envi-
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ronment, the number of siblings, the parent’s years of education (also squared), an
employment indicator, and the monthly family income is considered. A crucial factor
is the child’s mother tongue. This is because the usage and knowledge of language
is likely to affect only the grammar skills but not the math skills. Hence, the effect
of the mother tongue is not canceled out in the DiD framework. The NEPS does not
only include an indicator whether the child’s native language is German but it also
particularly asked for the mother tongue. About 85% of all children are German na-
tive speaker and for a relative large share of children Turkish or the Russian language
is the mother tongue. However, more than 50 different native languages are covered
in the NEPS. In order to make the languages comparable, I summarize then in 3 cate-
gories: the family of Slavic languages, the family of Turk languages, and other (mostly
Germanic) languages. The share of children in the three groups is approximately the
same. Instead of only a mother tongue indicator, I include dummy variables for the
three groups of foreign languages – German is the reference group – in order to control
the language distance. This procedure e.g. covers that Germanic languages are more
related to German than e.g. Turk languages. I apply the same procedure also for the
mother’s and the father’s mother tongue. Furthermore, an interaction term indicat-
ing that both parents are non-native speakers is considered. Since the mother tongue is
highly correlated with migrational background but possible more important, the paper
does not include an indicator for born abroad. The NEPS has also a rich set of infor-
mation on the children’s activities. I control for reading books and fairy tales, writing
letters, playing games including numbers, painting, and library visits (a dummy vari-
able for each factor which is 1 when the activity is done at least daily). These factors
cover the learning environment at home.

5. Results

5.1. Matching Quality

Matching aims at balancing the values of the conditioning variables between treated
and untreated observations. Therefore, the success of the matching can be evaluated
comparing the means of the covariates between the treatment and control group. The
difference is standardized by the percentage of the square root of the average variances
in the treatment and control group. Rosenbaum and Rubin (1985) call this the stan-
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dardized bias. With respect to a successful balancing, it should not excess 5%.9 Table
A2 in the appendix gives the means as well as the standardized bias for each condi-
tioning variable (but the dummy variables for the age in month) before and after the
Epanechnikov kernel matching with bandwidth 0.06. The median standardized bias
was 5.95 before matching and has diminished to 1.80 after matching was conducted.
This suggests that the kernel matching algorithm was successful in balancing treated
and untreated conditioning variables over the groups. Another criterion to evaluate
the matching procedure is to compare the distributions of the estimated PS. In an ideal
scenario, for each treated child there would be a untreated child with the same proba-
bility of receiving the language training. Hence, the treated and untreated distributions
of the PS would be equal. Figure A1 in the appendix shows the share of observations
for every 2% interval of the PS for both groups. Since most PS intervals have a suitable
number of observations in both groups, the usage of PS matching seems justified.

5.2. Baseline Results

Table 2 shows the estimation results for the baseline specifications. Each coefficient is
taken from a different estimation and gives the estimated effect of the participation in
the language training program on skills. Columns with an odd number give the effect
on grammar skills (simple differences approach) while columns with an even number
report the effect of the grammar-math difference (DiD approach). The specification re-
ported in columns (1) to (4) give the results of ordinary least square regression. The
first two columns do not consider control variables, thus the coefficients only reflect
the raw correlation. In column (1) the participation in a language training program is
negatively correlated with the level of grammar skills. This finding underlines the con-
jecture of a selection of children with low grammar skills into language training. Using
the child’s math skills as individual-fixed effect, the negative relationship vanishes in
the specification of column (2). The participation in language training is positively
correlated with the difference of grammar and math skills. Children who participate
in the language training score on average 11.3% of a standard deviation (SD) higher
in grammar than in math.10 However, one can think of factors with affect the gram-

9The exact formula for the calculation of the standardized bias is

Standardized bias(X) = 100× X̄t − X̄c√
1
2 (σ

2
Xt

+ σ2
Xc
)

,

where X̄t is the mean of variable X for the treatment group and X̄c the mean of the control group. σ2
Xt

and σ2
Xc

are the corresponding variances.
10The coefficients can be interpreted as percentage change of a SD because both test scores are stan-

dardized with mean 0 and SD 1.
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mar but not the math skills and the language training participation simultaneously,
e.g. mother tongue. Hence, the correlations in specifications (1) and (2) do not give the
causal effect.

The regressions in columns (3) and (4) are analogous to (1) and (2) but include kinder-
garten and teacher characteristics as well as family background and activities at home
as control variables. When the grammar skills are conditioned on these characteristics
the negative relationship between grammar skills and language training can no longer
be found in column (3). The change in the sign suggests that one can at least partly
control for a selection in the language training because of a higher need by using the
observable factors. Regarding the magnitude, the participation in language training is
associated with an on average 11.1% of a SD higher grammar test score. Due to the
rather large standard error, the coefficient is only significant at the 10% level. When
individual-specific but subject-invariant unobservable effects were canceled out using
the DiD specification in column (4), the effect is 13.7% of a SD and significant at 5%.
The findings of specifications (3) and (4) give a hint that unobservable subject-invariant
factors do not play a role after controlling for observable characteristics.

To overcome the rather strict specification of the abilities production function in the
regression models and to make sure that treated and untreated children are compara-
ble in the covariates at all, I apply Epanechnikov kernel matching with a bandwidth
of 0.06 in columns (5) and (6). Only observations within the common support are
compared. While the coefficient in specification (5) remains unchanged, the standard
error increases which lead to insignificance.11 The DiD coefficient of specification (6)
is with a magnitude of 17.4% higher than the simple differences coefficient of specifi-
cation (5) and significant at 1%. The coefficients in columns (7) and (8) state the results
of regression-adjusted matching as described in Section 3.3. The simple differences
estimator of the effect of language training on grammar skills is in line with the match-
ing estimator of specification (5). However, the standard error is smaller, thus the
effect is significant at 5%. With a point estimator of 16.1% of a SD the semi-parametric
regression-adjusted DiD matching estimator is relatively high and significant at 1%.

All in all, the estimated coefficients in specifications (2) to (8) are in the same range. The
magnitude of the DiD coefficient exceed the simple differences coefficients, however,
the variation is rather small. I would interpret the similarity of the DiD estimate of
specification (2) and the conditioned effect of the simple differences estimate of spec-
ification (3) as a hint, that unobserved factors – captured through the math skills in
specification (3) – do not play a role once it is controlled for observable factors. More-
over, the small variation between regression and matching estimates suggests that the

11This is driven by the choice of clustered standard errors. In the case of robust – however, less
appropriate – standard errors the coefficient would be significant at 5%.

15



Ta
bl

e
2:

Ba
se

lin
e

es
ti

m
at

io
n

re
su

lt
s

R
aw

di
ff

er
en

ce
R

eg
re

ss
io

n
M

at
ch

in
g

M
at

ch
in

g+
R

eg
re

ss
io

n

Si
m

pl
e

di
ff

.
D

iD
Si

m
pl

e
di

ff
.

D
iD

Si
m

pl
e

di
ff

.
D

iD
Si

m
pl

e
di

ff
.

D
iD

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

Es
ti

m
at

io
n

re
su

lt
s

C
oe

ffi
ci

en
t

−
0.

01
4

0.
11

3∗
0.

11
1∗

0.
13

9∗
∗

0.
12

2
0.

17
4∗
∗∗

0.
11

2∗
∗

0.
16

1∗
∗∗

S.
E.

(0
.0

80
)

(0
.0

64
)

(0
.0

58
)

(0
.0

58
)

(0
.0

90
)

(0
.0

68
)

(0
.0

57
)

(0
.0

56
)

C
on

di
ti

on
in

g
va

ri
ab

le
s

K
in

de
rg

ar
te

n
–

–
–

–
X

X
X

X
X

X
Te

ac
he

r
–

–
–

–
X

X
X

X
X

X
Fa

m
ily

–
–

–
–

X
X

X
X

X
X

A
ct

iv
it

ie
s

–
–

–
–

X
X

X
X

X
X

O
bs

er
va

ti
on

s

To
ta

l
1,

79
3

1,
79

3
1,

79
3

1,
79

3
1,

79
3

1,
79

3
1,

79
3

1,
79

3
Tr

ea
te

d
66

8
66

8
66

8
66

8
66

8
66

8
66

8
66

8

N
ot

es
:

O
w

n
ca

lc
ul

at
io

ns
ba

se
d

on
N

EP
S–

St
ar

ti
ng

C
oh

or
t

2.
Ev

er
y

ce
ll

st
at

es
th

e
es

ti
m

at
ed

ef
fe

ct
of

th
e

pa
rt

ic
ip

at
io

n
in

a
na

ti
on

w
id

e-
us

ed
la

ng
ua

ge
tr

ai
ni

ng
pr

og
ra

m
on

th
e

gr
am

m
ar

sk
ill

s
(o

dd
co

lu
m

ns
),

re
sp

ec
ti

ve
ly

,
th

e
gr

am
m

ar
-m

at
h

sk
ill

di
ff

er
en

ce
(e

ve
n

co
lu

m
ns

),
ob

ta
in

ed
by

a
se

pa
ra

te
es

ti
m

at
io

n.
O

ut
co

m
e

va
ri

ab
le

s
ar

e
st

an
da

rd
no

rm
al

iz
ed

w
it

h
m

ea
n

0
an

d
st

an
da

rd
de

vi
at

io
n

(S
D

)1
.T

hu
s

co
ef

fic
ie

nt
s

ca
n

be
in

te
rp

re
te

d
as

pe
rc

en
ta

ge
ch

an
ge

of
a

SD
of

th
e

ou
tc

om
e

va
ri

ab
le

.
C

ol
um

ns
(1

)
an

d
(2

):
or

di
na

ry
le

as
t

sq
ua

re
re

gr
es

si
on

w
it

ho
ut

co
nd

it
io

ni
ng

va
ri

ab
le

s;
co

lu
m

ns
(3

)
an

d
(4

):
or

di
na

ry
le

as
t

sq
ua

re
re

gr
es

si
on

w
it

h
co

nd
it

io
ni

ng
va

ri
ab

le
s;

co
lu

m
ns

(5
)

an
d

(6
):

pr
op

en
si

ty
sc

or
e

(P
S)

m
at

ch
in

g
w

it
h

Ep
an

ec
hn

ik
ov

ke
rn

el
on

th
e

co
m

m
on

su
pp

or
t

w
it

h
ba

nd
w

id
th

0.
06

;
co

lu
m

ns
(7

)
an

d
(8

):
re

gr
es

si
on

-a
dj

us
te

d
m

at
ch

in
g

us
in

g
th

e
PS

as
re

gr
es

si
on

w
ei

gh
ts

.
G

iv
en

se
ts

of
co

nd
it

io
ni

ng
va

ri
ab

le
s

w
er

e
us

ed
fo

r
Pr

ob
it

es
ti

m
at

io
n

of
th

e
PS

an
d

fo
r

re
gr

es
si

on
-a

dj
us

tm
en

t.
M

is
si

ng
va

lu
es

in
th

e
co

nd
it

io
ni

ng
va

ri
ab

le
s

w
er

e
re

pl
ac

ed
w

it
h

0.
Th

e
re

pl
ac

em
en

t
is

in
di

ca
te

d
by

a
du

m
m

y
fo

r
ea

ch
va

ri
ab

le
w

it
h

m
is

si
ng

va
lu

es
.

C
oe

ffi
ci

en
ts

of
th

e
co

nd
it

io
ni

ng
va

ri
ab

le
s

ar
e

no
t

re
po

rt
ed

bu
ta

va
ila

bl
e

on
re

qu
es

t.
K

in
de

rg
ar

te
n-

le
ve

lc
lu

st
er

ed
st

an
da

rd
er

ro
rs

(S
.E

.)
in

pa
re

nt
he

se
s.

Si
gn

ifi
ca

nc
e:
∗ p
≤

0.
1,
∗∗

p
≤

0.
05

,∗
∗∗

p
≤

0.
01

.

16



functional form of the skills production function is of minor importance. Combining
matching and regression does not change the magnitude of the coefficients but their
significance. An explanation for this finding could be that the additional regression
reduces variance and, thus, lead to smaller standard errors. The baseline results of Ta-
ble 2 provide clear evidence that children who participate in language training at the
kindergarten exhibit a higher level of grammar skills in the range of 11% to 17% of
a SD. Given the assumption that unobserved factors affect grammar and math in the
same way, one could interpret the effect of language training causally.

5.3. Robustness Checks

The first robustness check picks up the bad control problem mentioned in Section 4.
The child’s activities at home are may not independent from its participation in the
language training. An increased frequency of reading books could e.g. be caused by
the language training program. To make sure that such a connection does not bias the
results, Table A3 presents the results for the same specifications as in Table 2 but does
not take the child’s activities into account. Because the raw differences are unaffected
by control variables, Table A3 leaves them out. The results are more or less the same.
This indicates that a bad control problem does not occur in the specifications of Table
2.

As pointed out in Section 5.1, the matching results strongly depend on the quality
of balancing of the conditioning variables. To avoid that the results are driven by
the matching algorithm, I employ 5-to-1 nearest neighbor (NN) matching and radius
matching, additionally. While kernel matching uses all untreated observation but as-
signs a different weight to each member of the control group according to the distance
of the PS, 5-to-1 NN matching assigns to each treated observation only those 5 un-
treated observations with the closest PS.12 Column (1) to (4) of Table A4 show the
results of the NN matching. Since NN matching does not use all untreated children,
the number of observations decreases. Using NN instead of kernel matching barely
changes the results, the NN coefficient are even somewhat higher than the kernel co-
efficients. In specification (5) to (8) of Table A4, I apply radius matching. Instead of a
fixed number of observations, radius matching uses all untreated observations within
a given distance. I use a caliper of 0.5% of the PS. This is compromise between a high
matching quality and a sufficient number of observations. Again, the coefficients un-
derline the results of kernel matching.

12Furthermore, the observation is only used if distance between the PS of the treated and untreated
observation is in range of 0.25 SD of the PS.
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Since the choice of the matching algorithms seems to have no effect on the matching
quality, I concentrate on kernel matching in order to keep the analysis as simple as pos-
sible. Table A5 gives the results of further robustness checks. Panels (A) to (C) change
the bandwidth of the kernel matching. A higher bandwidth leads to a better fit of the
estimated and the true density function and, therefore, a smaller variance. However,
the higher bandwidth may smooth underlying features away which increases the risk
of biased estimates as Caliendo and Kopeinig (2008) argue. In application here, the
results are rather robust to the bandwidth choice as Table A5 shows. In panels (D) only
significant variables are used to estimate the PS. For the regression-adjustment, I still
condition on all covariates. The results do not change noteworthy. As argued before,
the child’s mother tongue is very likely to be an important factor. In panel (E), all ob-
servations with missing information on the mother tongue were dropped (instead of
replaced with 0 and indicated by a dummy variable). 200 observation were lost, the
coefficients are, however, in the same range. The analysis in panel (F) compares only
treated and untreated children with the same value for binary mother tongue indica-
tor. In other words, the PS matching algorithm compares only treated and untreated
children within the same German/foreign language cells. For the simple differences
specifications the coefficients drop sharply. The DiD coefficients are smaller but in the
range of the baseline specification of Table 2. This provides evidence that there is a
selection of non-native speaker into the language training. This finding is in line the
negative correlation between language training and grammar skills in specification (1)
of Table 2. Panel (G), the matching procedure matches exact on a German mother
tongue indicator, the gender, and the year of birth. The results do not differ from panel
(F). That underlines the prominent role of the mother tongue.

To reduce the risk of a self-selection bias, I limit the sample to children who visit the
kindergarten for more than 2 years or who were enrolled aged younger than 2.5 years.
The coefficients are in the same range as before; however, the standard errors decrease
due to the smaller sample. The results are also robust to different duration and age
thresholds. The results are available on request.

6. Conclusions

This paper estimates the effect of the participation in a nationwide-used language
training program at the kindergarten on the level of contemporary grammar skills.
While previous studies mostly focus on the effect of complete 2 or 3 year pre-school
programs, this paper sheds light into the question how pre-school education works.
Using the rich German National Educational Panel Study which includes information
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on grammar and math skills, several estimation strategies are applied. The most natu-
ral way to assess the benefits of the language training is to compare the level of gram-
mar skills between treated and untreated children. This simple differences effect is,
however, likely to be biased because of a selection process into the treatment. Such
a selection process could be driven by child-specific but subject-invariant unobserv-
able factors, e.g. a general innate intelligence. To overcome the resulting bias of the
simple difference estimation, the differences between grammar and math skills is used
as outcome variable instead of the level of grammar skills. The resulting differences-
in-differences estimates indicating a positive and highly significant effect of language
training participation on grammar skills. The estimated effects range between 11% and
17% of a standard deviation. Therefore, I conclude, that the content of pre-school edu-
cation is highly relevant for given children a good start. Since most children in OECD
countries already receive kindergarten education, one should focus more on the con-
tent of this education in order to guarantee the efficiency of educational measures.

19



References

Anderson, J. (2005). Cognitive Psychology and its Implications (6 ed.). Basingstoke, UK:
Palgrave Macmillan.

Bang, H. and J. Robins (2005). Doubly Robust Estimation in Missing Data and Causal
Inference Models. Biometrics 61(4), 962–972.

Barnett, S. (1998). Long-Term Cognitive and Academic Effects of Early Childhood
Education on Children in Poverty. Preventive Medicine 27(2), 204 – 207.

Belfield, C., M. Nores, S. Barnett, and L. Schweinhart (2006). The High/Scope Perry
Preschool Program: Cost-Benefit Analysis Using Data from the Age-40 Followup.
Journal of Human Resources 41(1).

Berlinski, S., S. Galiani, and P. Gertler (2009). The effect of pre-primary education on
primary school performance. Journal of Public Economics 93(1-2), 219–234.

Berlinski, S., S. Galiani, and M. Manacorda (2008). Giving children a better start:
Preschool attendance and school-age profiles. Journal of Public Economics 92(5-6),
1416–1440.

Bishop, D. (1989). TROG – Test for Reception of Grammar. Medical Research Council:
Chapel Press.

Blossfeld, H.-P., H.-G. Roßbach, and J. von Maurice (2011). Education as a Lifelong
Process – The German National Educational Panel Study (NEPS). Zeitschrift für
Erziehungswissenschaft 14, Special Issue.

Caliendo, M. and S. Kopeinig (2008). Some practical guidance for the implementation
of propensity score matching. Journal of Economic Surveys 22(1), 31–72.

Dehejia, R. and S. Wahba (2002). Propensity Score-Matching Methods For Nonexperi-
mental Causal Studies. The Review of Economics and Statistics 84(1), 151–161.

Fitzpatrick, M. (2008). Starting school at four: The effect of universal pre-kindergarten
on children’s academic achievement. The B.E. Journal of Economic Analysis & Pol-
icy 8(1), 1–40.

Fox, A. (2006). TROG-D Test zur Überprüfung des Grammatikverständnisses. Idstein:
Schulz-Kirchner Verlag.

Heckman, J. (2006). Skill formation and the economics of investing in disadvantaged
children. Science 312(5782), 1900–1902.

20



Heckman, J., H. Ichimura, and P. Todd (1997). Matching as an Econometric Evaluation
Estimator: Evidence from Evaluating a Job Training Programme. Review of Economic
Studies 64(4), 605–654.

Heckman, J., H. Ichimura, and P. Todd (1998). Matching as an Econometric Evaluation
Estimator. Review of Economic Studies 65(2), 261–294.

Heckman, J., S. Moon, R. Pinto, P. Savelyev, and A. Yavitz (2010a). Analyzing social
experiments as implemented: A reexamination of the evidence from the HighScope
Perry Preschool Program. Quantitative Economics 1(1), 1–46.

Heckman, J., S. H. Moon, R. Pinto, P. Savelyev, and A. Yavitz (2010b). The rate of return
to the HighScope Perry Preschool Program. Journal of Public Economics 94(1-2), 114–
128.

Heckman, J., R. Pinto, and P. Savelyev (2013). Understanding the Mechanisms through
Which an Influential Early Childhood Program Boosted Adult Outcomes. American
Economic Review 103(6), 2052–2086.

HHS (2010). Head Start Impact Study. Final report, U.S. Department of Health and
Human Services (HHS), Administration for Children and Families, Washington, DC.

Jürges, H., Kerstin, and F. Büchel (2005). The Effect Of Central Exit Examinations On
Student Achievement: Quasi-Experimental Evidence From TIMSS Germany. Journal
of the European Economic Association 3(5), 1134–1155.

Jürges, H. and K. Schneider (2010). Central exit examinations increase performance...
but take the fun out of mathematics. Journal of Population Economics 23(2), 497–517.

Landvoigt, T., G. Mühler, and F. Pfeiffer (2007). Duration and Intensity of Kinder-
garten Attendance and Secondary School Track Choice. ZEW Discussion Papers
07-051, ZEW–Zentrum für Europäische Wirtschaftsforschung/Center for European
Economic Research, Mannheim.

Marcus, J. (2012). Does Job Loss Make You Smoke and Gain Weight? SOEPpa-
pers on Multidisciplinary Panel Data Research 432, DIW Berlin, The German Socio-
Economic Panel (SOEP).

NEPS (2011). Starting Cohort 2, Main Study 2010/11 (A12) Children in Kindergarten
– Information on the Competence Test. Data documentaition, National Educational
Panel Study (NEPS) Research Data Center, Bamberg.

NEPS (2013). Starting Cohort 2: Kindergarten (SC2), Wave 1 – Questionnaires (SUF
Version 1.0.0). Data documentaition, National Educational Panel Study (NEPS) Re-
search Data Center, Bamberg.

21



OECD (2013). Education at a Glance 2013: OECD Indicators. Report, Organisation for
Economic Co-operation and Development (OECD), Paris.

Plomin, R. and J. DeFries (1998). The Genetics of Cognitive Abilities and Disabilities.
Scientific American, May, 62–69.

Rolnick, A. and R. Grunewald (2003). Early Childhood Development: Economic De-
velopment with a High Public Return. The Region (2003-12), 6–12.

Rosenbaum, P. and D. Rubin (1985). The Bias Due to Incomplete Matching. Biomet-
rics 41(1), 103–116.

Schmitz, H. and M. Westphal (2013). Short- and Medium-term Effects of Informal
Care Provision on Health. Ruhr Economic Papers #426, Rheinisch-Westfälisches In-
stitut für Wirtschaftsforschung, Ruhr-Universität Bochum, Universität Dortmund,
Universität Duisburg-Essen.

Schweinhart, L., J. Montie, Z. Xiang, S. Barnett, C. Belfield, and M. Nores (2005). Life-
time Effects: The High/Scope Perry Preschool Study Through Age 40. Report,
High/Scope Educational Research Foundation, Ypsilanti, MI.

Spiess, K., F. Büchel, and G. Wagner (2003). Children’s school placement in Germany:
Does Kindergarten attendance matter? Early Childhood Research Quarterly 18(2), 255
– 270.

Stuart, E. (2010). Matching methods for causal inference: A review and a look forward.
Statistical Science 25(1), 1–21.

Sylva, K., E. Melhuish, P. Sammons, I. Siraj-Blatchford, and B. Taggart (2004). The
Final Report: Effective Pre-School Education. Report, The Effective Provision of Pre-
School Education [EPPE] Project, London.

Todd, P. and K. Wolpin (2003). On The Specification and Estimation of The Production
Function for Cognitive Achievement. The Economic Journal 113(485), F3–F33.

Warren, D. and J. P. Haisken-DeNew (2013). Early Bird Catches the Worm: The Causal
Impact of Pre-school Participation and Teacher Qualifications on Year 3 National
NAPLAN Cognitive Tests. Melbourne Institute Working Paper Series 2013-34, Mel-
bourne Institute of Applied Economic and Social Research, Melbourne.

Weinert, S., C. Artelt, M. Prenzel, M. Senkbeil, T. Ehmke, and C. Carstensen (2011).
Development of competencies across the life span. Zeitschrift für Erziehungswis-
senschaft 14, 67–86.

22



A. Appendix

Figure A1: Distribution of the propensity score by treatment status
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Notes: Own calculations based on NEPS–Starting Cohort 2. Observations: 1,793.Epanechnikov kernel,
common support, bandwidth 0.06.
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Table A1: Variables and definitions

Variable Definition

Kindergarten characteristics
Public =1 if public organized
Share low SES Share of children with low socio-economic status (SES)
Share high SES Share of children with high socio-economic status (SES)
Share migration Share of children with migrational background
Monthly fee Kindergarten’s monthly fee in e
Focus: foreign language Head of kindergarten repots focus on foreign language
Focus: math Head of kindergarten repots focus on math

Kindergarten teacher
Female =1 if kindergarten teacher is female
High-school degree =1 if kindergarten teacher has at least high-school degree
Migrational background =1 if kindergarten teacher has migrational background
Number further educ Number of further education programs

Family background
Female =1 if child is female
East-German =1 if child lives in East Germany
Child: mother tongue Slavic =1 if child’s mother tongue is Slavic
Child: mother tongue Turkic =1 if child’s mother tongue is Turkic
Child: other mother tongue =1 if mother tongue is neither German nor Slavic nor Turkic
Parent: mother tongue Slavic =1 if parent’s mother tongue is Slavic
Parent: mother tongue Turkic =1 if parent’s mother tongue is Turkic
Parent: other mother tongue =1 if mother tongue is neither German nor Slavic nor Turkic
Partner: mother tongue Slavic =1 if partner’s mother tongue is Slavic
Partner: mother tongue Turkic =1 if partner’s mother tongue is Turkic
Partner: other mother tongue =1 if mother tongue is neither German nor Slavic nor Turkic
Both parents foreign language =1 if both parents do not speak German as mother tongue
Household income Monthly household income in e 1000
Siblings Number of siblings
Parent: years educ Parent’s years of education
Partner: years educ Partner’s years of education
Parent’s × Partner’s educ interaction term of education years
Parent employed Parent works full-time or half-time
Partner employed Partner works full-time or half-time

Child’s activities at home
Reading (picture) books =1 if child reads (picture) books at least once a day
Writing letters =1 if child writes letters at least once a day
Games including numbers =1 if child plays games including numbers at least once a day
Reading fairy tales =1 if child reads fairy tales at least once a day
Painting =1 if child paints at least once a day
Visiting library (times 100) =1 if child visits a library at least once a day

Notes: Information based on NEPS–Starting Cohort 2.
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Table A2: Means and standardized bias by treatment status

Variable
Treat. group
...... mean

Control group mean Standardized bias (%)

unmatched matched unmatched matched

Kindergarten characteristics
Public+ 0.34 0.28 0.31 13.6 9.5
Share low SES 17.64 14.30 17.51 17.5 0.7
Share low SES squ 725.51 555.24 685.49 13.1 3.0
Share high SES 12.15 13.74 11.89 −9.2 1.6
Share high SES squ 439.22 482.94 415.07 −4.2 2.3
Share migration 26.44 18.42 26.09 33.3 1.5
Share migration squ 1346.70 871.93 1310.40 24.8 1.9
Monthly fee (in e ) 76.61 78.01 74.81 −1.9 2.1
Focus: foreign language 0.07 0.14 0.06 −21.9 2.2
Focus: math 0.20 0.12 0.23 23.2 −6.3

Kindergarten teacher
Female 0.93 0.89 0.94 15.9 −3.1
High-school degree 0.36 0.29 0.35 14.2 0.8
Migrational background 0.12 0.10 0.13 7.2 −1.1
Number further educ 1.96 1.99 1.91 −2.1 2.2

Family background
Female+ 0.50 0.47 0.52 6.2 −4.0
East-German+ 0.09 0.19 0.10 −28.2 −1.1
Child: mother tongue Slavic+ 0.04 0.03 0.04 3.2 −4.6
Child: mother tongue Turkic+ 0.04 0.03 0.04 5.3 1.7
Child: other mother tongue+ 0.05 0.03 0.04 6.9 1.4
Parent: mother tongue Slavic+ 0.08 0.07 0.09 6.2 −0.8
Parent: mother tongue Turkic+ 0.05 0.03 0.04 4.0 2.2
Parent: other mother tongue+ 0.06 0.05 0.05 4.0 2.2
Partner: mother tongue Slavic+ 0.07 0.05 0.08 8.7 −4.1
Partner: mother tongue Turkic+ 0.05 0.04 0.04 6.2 2.8
Partner: other mother tongue+ 0.07 0.06 0.07 2.9 1.0
Both parents foreign language+ 0.14 0.11 0.14 8.2 0.4
Household income (in e 1000) 2.21 2.42 2.17 −8.1 1.4
Household income squ 7.97 16.73 8.03 −8.1 1.4
Siblings 1.02 0.97 0.97 5.4 4.6
Parent: years educ 10.72 11.08 10.48 −6.1 4.0
Parent: years educ squ 151.38 158.87 146.96 −7.7 4.3
Partner: years educ 8.79 9.34 8.76 −8.0 0.5
Partner: years education squ 127.52 138.64 126.35 −10.0 1.0
Parent’s × partner’s educ 122.21 131.54 119.51 −8.7 2.4
Parent employed+ 0.49 0.52 0.50 −6.5 −2.0
Partner employed+ 0.69 0.68 0.69 1.1 −1.1

Child’s activities at home
Reading (picture) books 0.66 0.66 0.66 −1.6 0.1
Writing letters 0.33 0.31 0.34 1.9 −1.8
Games including numbers 0.36 0.34 0.35 4.5 1.1
Reading fairy tales 0.09 0.10 0.10 −5.3 −4.3
Painting 0.22 0.20 0.21 5.7 2.7
Visiting library (times 100) 0.00 0.17 0.00 −0.7 −0.2

Median absolute bias 5.95 1.80

Notes: Own calculations based on NEPS–Starting Cohort 2. Observations: 1,793.Epanechnikov kernel,
common support, bandwidth 0.06. Full set of age in month dummy variables included but not shown.
Dummy variables in the table are marked with “+”, the given mean is the share of 1.
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Table A5: Robustness checks for kernel estimation

Robustness check

Matching Matching+Regression

Simple diff. DiD Simple diff. DiD

Bandwidth of Epanechnikov kernel

(A) Bandwidth = 0.03 0.140 0.181∗∗ 0.123∗∗ 0.168∗∗∗

(0.093) (0.071) (0.058) (0.057)

(B) Bandwidth = 0.09 0.115 0.178∗∗ 0.109∗ 0.156∗∗∗

(0.089) (0.067) (0.057) (0.056)

(C) Bandwidth = 0.12 0.108 0.161∗∗ 0.107∗ 0.151∗∗∗

(0.088) (0.053) (0.056) (0.056)

Change of conditioning variables

(D) Only significant 0.128 0.176∗∗ 0.128∗∗ 0.157∗∗

controls (0.090) (0.076) (0.056) (0.064)

(E) No mother 0.093 0.163∗∗ 0.091 0.150∗∗

tongue missings (0.083) (0.069) (0.058) (0.059)

Exact matching on...

(F) ...German 0.015 0.137∗∗ 0.084 0.127∗∗

mother tongue (0.076) (0.069) (0.058) (0.062)

(G) ...mother tongue, 0.024 0.122∗ 0.079 0.115∗

gender, and birth year (0.077) (0.069) (0.059) (0.061)

Notes: Own calculations based on NEPS–Starting Cohort 2. Information based on the final sam-
ple used for the baseline estimations. Matching algorithm: Epanechnikov kernel matching on
the common support. Panels (A) to (C): bandwidth as given in the table, all other robustness
checks use a bandwidth of 0.06; panel (D): uses only variables significant at the 10% level to
estimate the propensity score (PS), panel (E): observation excluded if mother tongue informa-
tion is missing, 1.593 observations used; panel (F): exact matching on German mother tongue
indicator; panel (G): exact matching on German mother tongue indicator, gender, and year
of birth. Coefficients of the conditioning variables are not reported but available on request.
Kindergarten-level clustered standard errors (S.E.) in parentheses. Significance: ∗p ≤ 0.1,
∗∗p ≤ 0.05, ∗∗∗p ≤ 0.01.
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