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Abstract

In this paper, we examine the heterogeneous treatmentsaffea universal
child care (preschool) program in Germany by explgitthe exogenous
variation in attendance caused by a reform that led targe staggered
expansion across municipalities. Drawing on novel adtnative data from
the full population of compulsory school entry examradi, we find that
children with lower (observed and unobserved) gaires maore likely to
select into child care than children with higher gaiftss pattern of reverse
selection on gains is driven by unobserved familackground
characteristics: children from disadvantaged backgroaneidess likely to
attend child care than children from advantaged baakgte but have larger
treatment effects because of their worse outcome when rallednn child
care.
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1. Introduction

Preschool and early childhood programs are genetaliysidered effective means of
influencing child development (see, e.g., Currie @ithond, 2011; Ruhm and Waldfogel,
2012) both because many skills are best learnt whengy@ug., Shonkoff and Phillips, 2000)
and because the longer pay-off period makes suchingamore productive (Becker, 1964).
There may alsde important “dynamic complementarities” of early learning with acquisition
of human capital at later stages (Cunha and Heckman, 20@kmida, 2007; Aizer and
Cunha, 2012). In recognition of these benefits, masbean countries, including the U.K.,
France, Germany, and all Nordic nations, offer puplisfovided universal child care (or
preschool)programs aimed at promoting children’s social and cognitive development. In the
U.S., which offers no nationwide universal preschoaigpam, an important goal of the
previousObama administration’s Zero to Five Plan is to create similar initiatives.

Yet despite enormous policy interest, evidence of thectafeness of child care (or
preschool) programs is scarce and far from uniffeok example, proponents of child care
programs often cite targeted programs like Head Start oPéhg Preschool Project, which
have generated large long-term gains for participariisidence on the effectiveness of
universal child care programs targeted at all childrertherother hand, is mixed, with effects
ranging from negative to positiveOne important reason why targeted child care programs
yield larger returns than large scale universal prograray be treatment effect heterogeneity;

that is, the former target children from disadvantageddrackds who may benefit more from

! State-level programs (often referred to as pre-K) are currenplace in Georgia, Florida, New Jersey;,
New York, and Oklahoma, and have been enacted ondggan recent years in Alabama, Michigan, Minnesota,
and Montana. A subsidized universal child care progrsm exists in the Province of Quebec, Canada.

2 See, for instance, the papers by Currie and Thomas (16@8Jes, Currie, and Thomas (2002), Carneiro
and Ginja (2014), Heckman, Moon, Pinto, Savelyev, daditz (2010a,b), and the synthesis in Elango, @arci
Heckman and Hojman (2016).

% For example, whereas Berlinski, Galiani, and Gertler $208Berlinski, Galiani, and Manacorda (2008),
Havnes and Mogstad (2011), and Felfe, NollenbergerRaatiguez-Planas (2015) find positive mean effects of
an expansion in pre-elementary education in Argantifrugay, Norway, and Spain, respectively; Baker, Gruber
and Milligan (2008, 2015) report negative mean impa€tkighly subsidized universal child care in Quebec on
behavioral and health outcomes in the short and tonge Datta Gupta and Simonsen (2010) also find no
evidence that enrollment in center-based care at3ameDenmark improves child outcomes, and Magnuson,
Ruhm, and Waldfogel (2007) find mixed effects of pre-Kratsmce in the U.S., including positive short-lived
effects on academic skills, and negative and morespensieffects on behavioral outcomes. Baker, 2011, and
Elango et al., 2016, provide extensive reviews oflitésature.
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attending child care programs than the average chuldjnstance because they experience
lower quality care in the untreated state (i.e., a worse hemveonment), but a similar
environment in the treated state (because child care preguanof similar qualityf.

In this paper, we assess treatment effect heterogeneityniversal preschool or child care
program aimed at 3- to 6-year-olds in Germany. Our godb better understand which
children benefit most from the program and whether treatneffect heterogeneity can help
reconcile the divergent evidence on targeted and univelnsldl care programs. Specifically,
we apply the marginal treatment effects (MTE) framewarkoduced by Bjérklund and
Moffitt (1987) and generalized by Heckman and Vytlac99, 2005, 2007), which relates the
heterogeneity in the treatment effect to observed and enais heterogeneity in the
propensity for child care enrollment. Such a framewmdduces a more complete picture of
effect heterogeneity than the conventional IV analysis &figiadopted in the literature.

The study context offers two key advantages: First, it allosvio exploit a reform during
the 1990s that entitled every child in Germany to a heauilysidized half-day child care
placement from the third birthday to school entry. While reform somewhat increased
attendance rates of 4-year-olds who attend child carmvtoyears, it mainly affected the share
of children who start child care at age 3 and attendadmié for 3 years (an increase from 41%
to 67% on average over the program rollout perid® .therefore define our baseline treatment
as attending child care for (at least) 3 years (whichefer to as‘early attendance”), but also
show results that explicitly take into account the multiedl nature of our treatment and
distinguish between attending child care for 1, 2 oe&y.The expansion in publicly provided
child care was staggered across municipalities, cgeatmiation in the availability of child
care slots (our instrument) not only across space lbatacross cohorts. It thus permits a

tighter design for handling nonrandom selection intodcbédre than is typical in the related

4 In line with this argument, a recent excellent sgsth of the literature on early childhood education by
Elango et al. (2016) concludes that high-quality pnograargeted to children from disadvantaged backgrounds
(including Head Start) have positive effects when theceffemeasured against the counterfactual of home care,
but that the effects of universal programs are more ambgyand crucially depend on the alternative settiag th
they are substituting for.
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literature that estimates marginal treatment effects. Secopnéfeis the unique feature that
prior to school entry at age 6, all children must undesgmpulsory school entry exams
administered by pediatricians. We have obtained rareingstrative data from these school
entry examinations for the entire population of childreone large region, providing us with a
measure of overall school readiness (which determinesthehthe child is held back from
school entry for another year), as well as measuresaibr skills and health, including
information on overweight. These indicators are impanteedictors of academic success and
health later in life (e.g., Grissmer et al., 2010; Wangl., 2011).

Unlike many previous studies that use administrative dataldld outcomes, we also
observe individual child care attendance, which iciafuto our implementation of the MTE
framework® We match the examination data with survey data on thedbdelcare supply in
each municipality and base our instrument on chang#seifocal availability of child care
capturing only arguably exogenous changes in sufgolgditional on municipality and cohort
effects).

We find substantial heterogeneity in returns to early atalee attendance with respect to
both observed and unobserved characteristics. Childfeimmigrant ancestry (hereafter
referred to as “minority children™) are less likely to attend child care early but experience
higher returns in terms of overall school readiness tative children, which points to a
reverse selection on gains based on observed thigstcs. The selection on unobserved
characteristics reinforces this finding: for our prisna@utcome of overall school readiness,
children with unobserved characteristics that predispose them to early child care entry (“low
resistance children”) benefit the least from early child care attendance, wherease theast
likely to enter (“high resistance children”) benefit the most. As a consequence, the effect of

treatment on the untreated (TUT) exceeds the average traagfifiect (ATE), which in turn

® Most papers exploiting child care reforms focus omiia-to-treat effects, partly because information on
individual child care attendance is unavailable (seg, Baker, Gruber, and Milligan, 2008; Havnes anddtad,
2011, 2015; Felfe, Nollenberger, and Rodriguez-Plan@s5R Without information on individual treatment
status, however, it is impossible to determine whietieéerogeneity in intentioto-treat effects is caused by the
differential take-up of children or by heterogeneous resgmno child care attendance. For example, larger
intentionto-treat effects at the bottom or middle part of the outedstribution found by Havnes and Mogstad
(2015) may either be driven by differences in child ¢ake up, or by differences in the impacts of uptake.
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exceeds the effect of treatment on the treated (TT), with Beifig strongly positive and
statistically significant and TT being negative. We confanpattern of reverse selection on
gains when modelling treatment as an ordered choiceesiding child care for either 1, 2 or 3
years rather than as a binary decision of attendiild) chre for 3 or lesghan 3 yearsBecause
conventional IV methods typically estimate one overall afféghey do not detect such
important treatment effect heterogeneity

By digging deeper into the reasons for these findimgs show that the higher returns to
treatment for high versus low resistance children areediby worse outcomes in the untreated
state—which in the German context is almost exclusively familyecy either parents or
grandparents-whereas outcomes in the treated state are more homogemeties with the
relatively small quality differences between child cpregrams in our contexfhus, formal
child care acts as an equalizer. Our results alsoestigigat high resistance children are more
likely to come from more disadvantaged backgrounds.

What, then, explains the pattern of reverse selectipgains revealed in this paper? One
important reason could be that parental decisions abddtadre arrangements are based not
only on the child’s welfare but also the parents’ own objectives. For instance, although well-
educated parents could provide their children with a bighlity home environment, they may
opt for child care because of their own career corscand labor market involvement. On the
other hand, mothers from disadvantaged or minority ¢packnds not only face higher relative
child care costs but may also have lower incentivesattigipate in the labor market. They
may also have a more critical attitude toward publictyvided child care, or underestimate the
returns to investment in their children (see Cunha, &t @ulhane, 2013). At the same time,
the home environment may deprive the children of sypoto peers and the learning activities

provided in child care, thereby delaying developnfeltoreover throughout the expansion

® The positive correlation between parental inputs aagdental socioeconomic background is well
documented. For example, Guryan, Hurst, and Kearngd8j2frovide evidence for a positive relation between
maternal education and time spent with children fohbwinworking and working mothers. Hart and Risley
(1995) and Rowe (2008) also report that low SES motleksléss and use less varied vocabulary during
interaction with their children than high SES motherith the latter hearing approximately 11,000 utterargces
day compared to 700 utterances for the children of lo& 8Bthers (Hart and Risley, cited in Rowe, 2008).
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periad, child care decisiong/ere not only made by parents, but in case of excessadd also
by child care centers. The allocation mechanism addptezenters, which in addition to the
child’s age as the primary admission criterion was based on mothers’ employment status and
time on the waiting list, may have faearmajority and advantaged childrersince majority
and high-skilled mothers are more likely to participatéhm labor marketral also likely to be
better informed about the specific admission psstigan minority and low-skilled mothers.

In addition to highlighting the importance of heterogeneitpaoth the‘resistancé to child
care enrollment and ithildren’s responses to child care attendance, our findings also reéenci
the seemingly contradictory results of positive effeotspgrograms targeted at disadvantaged
children but mixed effects for universal programstdms of relevant policy implications,
they suggest that parental choices may differ from thogethbachildren themselves would
make, potentially supporting the claim that state involvenmerihé early child care market
may “[...] mimic the agreements that would occur if children were capable of arranging for
their [own] care” (Becker and Murphy, 1988,p. 1). Our results also imply that policies which
successfully attract high resistance children not cuyr@mitolled in early child care may yield
large returns. Further, programs targeted at minority asabdantaged children are likely to
be more cost effective and beneficial than univesisadl care programs.

Our paper makes several important contributions. Thesepasearch on heterogeneity in
returns to child care typically focuses on treatmengdogieneity in observed characteristics, or
estimates quantile treatment effects (QTE) rather than nadtgeatment effects, as we do. For
example, consistent with our findings, Cascio and Sdrdverh (2013) show that the
universal preschool programs in Georgia and Oklahoenmoved test score outcomes of
children from low-income families as late a8 @ade, but had little impact on children from
high-income families. In a similar veildavnes and Mogstad (201%y estimating quantile
treatment effects and local linear regressions by faimiyme, show that children of low

income parents benefit substantially from the child capaesion studied, whereas earnings of



upper class children may have suééf Bitler, Hoynes, and Domina (2016) identifyeth
strongest distributional effects for the Head Start prognarong children in the lower part of
the outcome distribution. The MTE approach adopted insbudy allows us to not only
uncover treatment heterogeneity in observed characterfgicemn Cascio and Schanzenbach,
2013), but also in unobserved characteristics. In madiit has a number of advantages over
the QTE approach adopted by Havnes and Mogstad (2015Bided Hoynes, and Domina
(2016} While identifying distributional changes without additibnassumptions, QTE
identifies the distribution of individual-level treatmeeffects only under a rank invariance
assumptiof. Moreover by relating treatment effects to the participation denisMTE is
informative about the nature of selection into treatmendt @lows various treatment effects
like TT and TUT to be computed.

The only two recent studies we know of that use an MTE dvaonk to estimate
heterogeneity in returns to early child care attendancd wespect to unobserved
characteristics are Kline and Walters (2016) and FelfeLative (2015). The former evaluates
atargeted child care program (Head Start) with an empbasisultiple untreated states (i.e.,
home care vs. other subsidized public child care),redsethe latter examines a younger
population of mostly 1 and 2-year old children. Wegcontrast, study a universal child care
program in which the untreated state is almost exclusiv@iyencare, and concentrate on 3- to
4-year old children who are at the heart of the currelitypdebate in the U.S. and Europe.

Our study also contributes to the growing literature that estgnmarginal treatment
effects in different contexts, most of which has focusedeturns to schooling at the college

(see, e.g., Carneiro, Heckman, and Vytlacil, 2011,tlfer U.S.; Balfe, 2015, for the U.K,;

" Using a similar approach, Kottelenberg and Lehrer (26ih6)substantial heterogeneity in distributional
effects for the Quebec Family Policy.

8 The rank invariance assumption (or rank preservati@nE$engo et al., 2015) is necessary to interpret the
QTE as the treatment effect of the individual at theggantile of the outcome distribution in the untreatede
and implies, as discussed by Chernozhukov and H488€%), that a common unobserved factor determines the
ranking of a given person in both the treated and uettestate. The MTE approach, in contrast, allows
unobserved factors to differently affect outcomes in tret@ceand untreated states.

% In line with our findings and consistent with Bitléfpynes, and Domina (2016), Kline and Walters (2016
uncover a pattern of reverse selection on gains for Heatleé®tendance when the nontreated state is home care
Felfe and Lalive (2015), in contrast, do not find genexé@dlence for reverse selection on gains, possiblgussc
they study the effects of child care attendance foruager group of children than we do.
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Nybom, 2014, for Sweden and Kauffmann, 2014, for M&xar secondary school level (e.g.,
Carneiro, Lokshin, Ridao-Cano, and Umapathi, 201§pjcally producing evidence for a
strong self-selection into treatment based on net d&isir findings, in contrast, show that
when someone other than the treatment subject (e.g., theésparesm administrator) decides
on enrollment (the intervention), the relation betweenctele and gains may be reversed so
that individuals with the highest enroliment resistance fitanest from the treatmerit.

We deviate from the existing MTE literature in the fieldedfication by adopting a tighter
identification strategy that exploits variation in the instent not only across areas (the main
variationused in existing studies) but also across cohorts, thusliegals to control for time-
constant unobserved area characteristics. An addititnealgth is that the exogenous variation
from a strong, sustained expansion of child care slestes common support in the estimated
(unconditional) propensity score over virtually the fuhit interval. While rare in MTE
applicationsthis is crucial to compute the TT and the TUT, which hgawgtight individuals
at the extremes of the treatment propensity distribution owitihaving to extrapolate out of
the common suppott

The paper proceeds as follows. Section 2 outlinesrtiprieal framework and the method
for estimating the marginal returns to child care attandaSections 3 and 4 describe the data,
the main features of the German public child care sysaachthe child care reform. Section 5
reports our main findings on treatment effect heterogeragity its relation to the pattern of

selection into treatment. Section 6 then offers a p@ssibplanation for the main pattern of

10 An important exception (in a context other than eaHijd care attendance) is Aaakvik, Heckman, and
Wytlacil (2005) who find evidence in line with the rese selection on gains in context of a vocational
rehabilitation program in Norway. As in our context, tfecision whether to enroll in the program is a joint
decision by the case-worker and the individual. Thexpected pattern of reverse selection may be erpldin
cream-skimming of individuals into training by caserkars on the basis of their employability rather thaiir the
marginal gains from training.

11 The MTE framework has also been applied to measurenttiginal treatment effects of foster care on
future outcomes (Doyle, 2007), heterogeneity in the atspaf comprehensive schools on long-term health
behavior (Basu, Jones, and Rosa Dias, 2014), and heteitygm the effects of disability insurance receipt on
labor supply (Maestas, Mullen, and Strand, 2013; FrandhSong, 2014).

12 For instance, the common support in French and $0i¢) ranges from 0.45 to 0.85 (as depicted by
French and Taber (2011), while that in Felfe and Lal@815) ranges only between 0 and 0.5. Carneiro,
Heckman, and Vytlacil (2011), in contrast, achieverlyetull common support by combining four different
instruments.
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findings and discusses policy simulations. Sectiaoffcludes the paper with a discussion of

policy implications.

2. Estimating marginal returnsto child care attendance

2.1 Baselinemode set up (Binary treatment)

We assess the extent and pattern of treatment effect heteitggenth respect to both
observed and unobserved characteristics using the Nargefvork (Bjorklund and Moffift
1987; Heckman, 1997; and Heckman and Vytlacil, 199952Q007). We us&,; andY;; to
denote the potential outcome (from the school entrance exdoms)ndividual i in the
nontreated versus the treated state, respectively @yith 1 denoting treatment). We model

the potential outcomé; as a function of the observed control variadgge.qg., child gender,
age, and minority status) and dummies for municipakty énd examination cohoff;(:

Yi =XBj+ Ria+Tt+U;,  j=01. (1)

Following Brinch, Mogstad, and Wiswall (2016we interpret equatiof (L) as a linear

projection ofY; on (X,R,T), which implies that by definitionl/; is normalized toE[Ule =
x,R=rT= t] =0.13

For selection into treatmen®; (defined in our baseline specification as childeca
attendance for at least 3 years), we use the followingt lsgex model:

D{ =ZiBs -V

D; =1if D =0, D; = 0 otherwise, (2)
whereZ = (X,R, T, Z), implying thatZ includes the same covariat€®, R, T) as the outcome
equation (1) and an instrumefitexcluded from the outcome equatidrin our applicationZ

is local child care supply as measured by the clitd coverage rate 3 years prior to the school

¥ The coefficient vector, defined a®; at)’ = [(X,R,T) '(X,R,T) 1"*(X,R,T) 'Y;, should therefore be
interpreted in terms of partial correlations rather thaa aausal or structural parameter. Other studies, sich a
Aakvik, Heckman, and Vytlacil (2005 Carneiro et al. (2011) and Carneiro et al. (2015) idsteaoke

independence aiX, R, T) andU;, in which case(ﬁj a r)' andU; are defined as structural or causal.

14 As Vytlacil (2002) points out, additive separabilligtweenZ;8, and V; in the latent index model in
equatiof (7)) implies monotonicity (or more appropriatehformity): a change of the propensity score from P(2)
to P(Z’) either shifts all individuals into treatment or out of treatment.
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entrance examination. Because the error t&nenters the selection equation |(2) with a

negative sign, it embodies the unobserved characterietanake individuals less likely to
receive treatment. We thus labef‘unobserved resistance” or “distaste” for treatment.

Equation (1) implies that the individual treatment effeitte (difference between the
potential outcomes in the treated and untreated states) is givBn b Yy, = X;(B; — Bo) +
U;; — Uy;. Treatment effect heterogeneity may thus result from lobgerved (differences
betweenX; B, andX;B,) and unobserved characteristics (differences betwigeandU,;).*° A
key feature of the MTE approach is that it allows the weoled gain from treatment/{; —
Uy;) to be correlated with unobserved characteristics thattafédection i(;). In the remainder
of the exposition, we drop the i index to simplify notatio

In the MTE literature, it is customary to trace out the treatreffect against the quantiles
of the distribution ofV rather than against its absolute values, in line with tllewing

transformation of the selection rule in equa[ior B —-V=206 2,2V ©0(ZB,) =

@ (), with @ denoting the c.d.bf V (in our application, a standard normal distribufiofhe
term ®(ZpB,), also denoted b (ZB,;) = P(Z), is the propensity score (the probability that an
individual with observed characteristic will receive treatment), and(V), denoted
by ®(V) = Up, represents the quantiles of the distribution of uncleserresistance to
treatmentV. The marginal treatment effect as a function of thesentdesm can then be
expressed as

MTE(X = x,Up = up) = E(Y; —Yo|X =x,Up = up),
where MTE is the gain from treatment for an individwith observed characteristics = x
who is in theup-th quantile of theV distribution, implying the individuals indifferent to
receiving treatment when having a propensity s&g#) equal tou,.

We impose the following assumptions. First, there mestabfirst stage in which the

instrumentZ (the child care coverage rate in the municipality) caussfation in the

15 Because the municipality and year dummies are resfrigi having the same effect in the treated and
untreated outcome equations, they have no influendbetreatment effect. We allow all other covariateX to
have different effects in treated versus untreated casepte®r a set of birth month dummies.

10



probability of treatment after controlling fq¥, R, T). This relation does indeed exist in our

application (see Sectipn $.1 and Table 4). Secdmiust be independent of the unobserved

component of the outcome and selection equation conalitmm the observed characteristics
and the municipality and cohort dummies; thatZid, (Uy, U;,V) | (X,R,T). This assumption
requires that the instrument be as good as randomlygnasisconditional or(X, R, T). It also
embodies the exclusion restriction that the child caverage rate in the municipality 3 years
prior to the school entry examination must not directfecfthe examination outcome
conditional onD; and(X, R, T). It further implies that the way in whidi, andU, depend oY
(i.e., the MTE curve) must not dependnNe present evidence supporting the validity of our

instrument in Sectijn 4.3. Third, following Brinch, Mdéad, and Wiswall (2016), we assume

that the marginal treatment effect is additively sdplarinto an obseed and an unobseed
component:
MTE(x,up) = E(Y; —Yo|X =x,Up = up)

= x(B1—Fo) +EU—UplUp=up), ®)

obsered component unobserved component

Accordingly, the treatment effect heterogeneity resultiognfthe observed characteristi¥'s
affects the intercept of the MTE curve as a functiombut its slope inu, does not depend
on X. This separability is a common feature of empiricalBMapplications because it
considerably eases the data requirements for estinthgn§ITE curve® Most importantly, ti
allows identifying the MTE over the unconditional suppdrtPgdZ), jointly generated by the
excluded instrument and the covariates, as opposed supipert ofP(Z) conditional on X=x

(Carneiro, Heckman and Vytlacil, 2011

2.2 Estimation

We estimate the MTE using the local instrumental variabtienator, exploiting the fact that

the model described in Section [2.1 produces thewwllp outcome equation as a function of

18 The existing literature typically invokes the strangssumption of full independence between (X, R7)T,
and (U,, Uy, UD); for example, Aakvik, Heckman, and Vytlacil, 2005;r@aro, Heckman, and Vytlacil, 2011;
Carneiro, Lokshin, Ridao-Cano, and Umapathi, 2015).
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the observed regressors X and the propensity stdfe = E[D = 1|Z] (cf. Heckman, Urzua,
and Vytlacil, 2006; Carneiro, Heckman, and Vytlacil, 2011):
ElYIX=x,R=7,T=t,P(Z)=p]l =XBy +Ra+ Tt + X — Bo)p + K(p),

whereK (p) is a nonlinear function of the propensity score. Asnghby Heckman, Urzua, and
Vytlacil (2006) and Carneiro, Heckman, and Vytlacil (2)1the derivative of this outcome
17

eqguation with respect to delivers the MTE foX = x andUp, = p:

JE[Y|X = x,P(Z) = p] B 0K (p)
- =X (b~ Bo) +

= MTE(X = x, U, = p).

We implement this approach by first estimating the treatrselection equation |n () as a

probit model to obtain estimates of the propensity sﬁo#eCD(Zﬁd) and then modeling (p)

as a polynomial ip of degreek and estimating the outcome equation:

K
Y = XBy + Ra + Tt + X(By — Bo)D + Z @ Pt + €. )
k=2

The MTE curve is then the derivative of equation (4hwespect tg). We assume a second

order polynomial inp (K=2) in our baseline specification, but generally fswhilar results for
K=3, K=4 and a semiparametric specificationofp). To assess whether treatment effects
vary with the unobserved resistance to treatment, we runftedise joint significance fothe
second and higher order terms of the polynomial the.q;, in equation (4))®

The MTE can be aggregated oviég in different ways to generate several meaningful
mean treatment parameters, such as the effect of treatmehe dreated (see Heckman and
Vytlacil, 2005, 2007). In this paper, we compute the unitom@l treatment effects by

aggregating the MTE in equation (3) not only oW but also over the appropriate

17 The derivative of the outcome with respect to theepkesl inducement into treatment (the propensity
score) vyields the treatment effect for individuals atvamipoint in the distribution of the unobserved resist to
treatment Up) because of the following. First, given a propensitgrecwith the specific value b = p,,
individuals withUp, < p, are treated while individuals witli, = p, are indifferent. Ifp is increased frormp, by a
small amountdp, previously indifferent individuals witl/, = p, are shifted into treatment with a marginal
treatment effect of MTH(, = py). Outcome Y then increases by the share of shiftedithdils times their
treatment effect, dY=dp* MTEf, = p,), and the derivative of Y with resped ¢tip normalizesdY by dp (the
change in the explanatory variable), dYdp= MITEE po). The derivative of the outcome with respect to the
propensity score thus yields the MagU, = p.

18 We estimate the model using our own modified andradéd version of the Stataargte command (see
Brave and Walstrum, 2014).
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distributions of the covariates (see Cornelissen, Dustnfaaate and Schoénberg, 2016 for a
description of the weights). We report bootstrapped staretands throughout with clustering

at the municipality level.

3. Data

Our main data source is a set of 199d06 administrative records for one large region in
West Germany, the Weser-Ems region in Lower-SaXdrese records, which represent an
unusually wide array of results for the school reaginexamination administered by licensed
pediatricianscover the full population of school entry aged childife combine these data
with data on the local supply of child care slots obtainech our own survey, as well as with
data on sociodemographic municipality characteristicslacal child care quality measures,
both computed from social security records. This comatibn of different data sources

produced an extremely rich, high quality data set thatavailable for other countries.

3.1 School entrance examination

A unique feature of the German school system is that inydes before entering
elementary school, all children undergo a compulsohpaicentry examination designed to
assess their school readiness and identify any dewelotal delays or health problems needing
preventive treatment in the future. Typically administered mearby elementary school in the
child’s municipality between the February and June before Awsghsol entry, the 45-minute
test, conducted by government pediatricians, includestarview with the child, as well as a
battery of tests of motor skills and physical developmidatce, a major important advantage
of our outcomes is that they represent standardized as=@ssby health professionals rather
than subjective assessments by parents, which may betprameimber of sources of bids.

Our main variable is an indicator variable equal tbthhe pediatrician assesses the child as

ready for school entry in the fall. Because the padiatrs base such recommendations on all

19 The region is mostly rural and the two largest cites home to 270,000 and 160,000 inhabitants,
respectively.

20 Heckman and Kautz (2014) and Baker, Gruber, and Mill{@@08) provide a detailed discussion on this
issue, and Sandner and Jungmann (2016) show thanbizaternal ratings of early child development istesla
to socio-economic status.
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school entry tests and general observations of the dhilthg the examination, this outcome
serves as a summary measure of all readiness ams#ss According to official guidelines,
delayed school entry is recommended in the case @rmphysical, cognitive, or emotional
developmental delays and if any therapeutic or speemdls measures will not generate school
readiness before the start of school. Similar indicatsesl to assess school preparedness in the
U.S. have proven to be important predictors for later ewérl success (e.g., Duncan et al.,
2007; Grissmer et al., 2010; Pagani et al., 2010). Sraents and schools almost always
comply with the pediatrician’s recommendation, deferment from school entry also leads to
significant earnings losses later in life through dedagatry into the labor markét. For
example, Dustmann, Puhani, and Schoénberg (2016) shawinhGermany, delayed school
entry by one year leads to 2.3% lower earnings betw€ean8 45. Likewise, our own
calculations based on the earnings profiles of all bwn between 1961 and 1964, discounted
to age 3 using a discount factor of 0.97, suggest thayete school entry lowers lifetime
carnings by €16,878 ($22,397) in 2010 prices?

In addition to our central measure of school readine@ssnvestigate further more specific
examination outcomes: a diagnosis of motor skill probl@mased on balancing, jumping, and
ball exercise tests for body coordinatiGf}he logarithm of the child’s body mass index (BMI)
and a binary indicator for overweight, as two importamdpmtors of adult health (Ebbeling,
Pawlak, and Ludwig, 2002; Wang et al., 2011); and a iplays recommendation for
compensatory sport when the child shows any posturaoordination problems, lack of
muscular tension, or psychosomatic developmental prablBor child overweight, we follow
the official German pediatric guidelines of a BMI abdfie 90" percentile of the age- and

gender-specific BMI distribution (see Kromeyer-Haustlei al., 2001). Our data also include

21 |n 2005, the actual deferment rate in our region wagy@lentical to the deferment rate recommended by
the pediatrician (author calculations based on data fiherhower Saxony State Office of Statistics, 2005).

22 Available evidence from the US and Norway is broadigsistent with the findings for Germany. For
example, Deming and Dynars¢008) conclude that “there is substantial evidence that entering school later ...
depresses lifetime earnings (by delaying entry into the job market” (page 72). Black, Devereux and Salvanes
(2011) examine the effect of school starting age for Npraval show that delaying school entry leads to fowe
earnings until about age 30.

23 In our data, motor skill problems take four values dejpey on the severity of the abnormality. As very
severe levels are a rare outcome and the multivaluenmbime variable lacks a meaningful cardinal scale (see
Cunha and Heckman, 2008), we have transformed therhimaoy outcome variables.
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the number of years a child has spent in public ctdlce (information rarely available in
administrative data sources) but only contain parental bachkgd information (e.g. education)
from 2001 onward. Therefore we only exploit the lattean auxiliary analysis.

From this data set, we sample all children examined ®®ffitkt time between 1994 and

2002, which are the school entry cohorts most affectethéychild care program expansion

(see Section 4|2). We further restrict the sample to cipaiities for which we have data on

available child care slots (see Section 3.2 below), whielils a baseline sample of 135,906
children in 80 municipalities. As Table 1, panel A wi8p51% of the children in this final
sample attended child care for at least 3 years (aseline treatment variabl&).Children of
immigrant ancestry make up about 12% of our sampléhoibh 91% of all the children
examined were assessed as ready for immediate schig, e€onsiderable individual
heterogeneity is observable in this measure: based omlat pegression using the same
covariates as in our baseline specification, predictedadecbadiness ranges from 0.31 to 1 and
Is less than 0.79 for 10% of children. It should bé&ed that these numbers capture individual
heterogeneity in school readiness based on obsertedacteristics only: individual
heterogeneity based on unobserved characteristics Ig tixebe even larger. Regarding the
other outcomes, 85% of the children showed no lack abmskills, 82% had no need for
compensatory sport, and only 8% of the children couldlassified as overweight.

We provide additional information on minority childrém Panel B of Table 135% of
minority children are ethnic Germans from the formeri&oMnion whose parents arrived i
Germany mostly in the early 1990s after the breakdown eotEthstern European communist
regimes. Children of Turkish descent form the seclamgest minority group, making up
roughly 30% of minority children in our sample. While both mingrgroups come from less
educated family backgrounds than German childrendreml of Turkish origin are more

disadvantaged and are less likely to speak German at ivimeat least one family member

24 Only 5.6% of the children in our sample attendeddcbilre for longer than 3 years, so the vast majority
(88%) of treated children attended child care for 3 years.
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than children from the former Soviet Union, even thotigh Turkish arrived in Germany

predominantly in the 1960s and 1978s.

3.2 Data on child careslots

We supplement the school entrance examination data wiahmafion on the number of
child care slots available in each year and municipatityiected individually from regional
youth welfare offices for lack of a central sourcer #@ handful of municipalities that could
not provide us with such information, we successfullptaoted all child care centers in the
municipality via email and telephone interviews. Overall, weewale to gather detailed
information on child care provision during 192003 for 81 of the 118 municipalities in our

data set, encompassing around 77% of all the childrenierd.

3.3 Sociodemographic municipality char acteristics and local child care quality

We also supplement the examination information with lyeadata on local
sociodemographic and child care quality charactesisti@asured at the municipality level.
Municipality characteristics include the number of inkeatis, median wage, and the share of
individuals with medium and tertiary education in the forde, as well as the share of
immigrants and women in the workforce obtained either ftbenstatistical office of Lower
Saxony or computed from social security records omah and women covered by the social
security system in the region. Local child care qualiticators are derived from social
security records on all child care teachers employedthé region with a focus on two
characteristics identified as central to child care pragsaccess (cf. Walters, 2015): class size
and teacher education (see, e.g., Chetty et al., 204 )Jalso consider the presence of male
child care teachers, which is allowed to affect outcomiésreintly by gender. The summary

characteristics of the child care quality measures, teghar Table 1, panel C, reveal a median

%5 See Casey and Dustmann, 2008, for additional evidendanguage usage of minority groups in Germany.
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child-to-staff ratio of 9.4, an average share of 9% of chéddecteachers with a university

degree, and a male staff share of $%.

4. Background

4.1 Child careprovision in Germany

To facilitate interpretation of our findings, we first brietbutline the main elements of
formal child care provision for 3- to 6-year-olds Germany, which is almost exclusively
public. As in other countries, the German universal cbdce program is a half-day program
with strict nationwide quality standards: the student-teadt® must not exceed 25 children
per 2 teachers and teachers must have completed at leastyaamstate-certified vocational
program followed by a one-year internship as a child teacher. Other regulations govern the
space provided for each child, and learning goalssyed by the centers. Overall, these
standards lead to a relatively homogenous child careoement compared to, for example,
the U.S.

In terms of quality standards, Germany occupies an inteateegosition in the
international context: the 12.5:1 student-teacher ratio lies batiire 8:1 ratio for 3- to 7-year-
olds in U.K. center-based programs, the maximum ratid®i in the U.S. Head Start
program, and the 25:1 ratio in French programs (OEQD6R As of 2002, the estimated
annual expenditure per child in Germany was $4,998 peoable to that of other continental
European universal child care programs (e.g., $4ibF2ance; $4,923 in the Netherlands) but
well below high quality intensive programs like Head Start,ctvhinvests about $7,200 per
child (OECD 2005, 2006).

As in most universal child care programs, the majorityclofdren in Germany (over
90%Y" attend child care part time for 4 hours in the magnMost children start child care in

August with the start of the new “preschool year”, and once enrolled, nearly all children remain

26 Child care teachers in Germany mostly have a voatidegree, which is equivalent to a community
college degree in the U.S. University degrees amoild) care workers are less common, so the 9% of staff with
a university degree are likely to be center managers.

%" This calculation is based on data from the StaistReport on Child Care Institutions from the Lower
Saxony State Office for Statistics (Niedersachsischeddsamt fur Statistik, 2004, p. 19).
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in child care until school entry at the age of 6. As sidgl for the age group considered,
learning is mostly informal and play oriented, andriedrout in the context of dayp-day
social interactions between children and teachers. LikeUl& HighScope (Ypsilanti)
program or U.K. Early Years Foundation Stggee Samuelsson, Sheridan, and Williams,
2006, and the Department for Education, 2014 for descrigjpothe programs emphasize as
their main learning goals personal and emotional I[dpweent, social skills, the development
of cognitive abilities and positive attitudes toward l@agn physical development, creative
development, and language and communication skills.important additional element of
German formal child care (and similar programs) is mamication with parents to inform
them about their children’s developmental and learning progress and provide them with

educational guidance.

4.2 Thechild care expansion policy

In Germany, child care for children aged 3 to 6 isvilgasubsidized, with parental fees
covering on average only about 10% of the overall dale costs and the remainder shared by
the municipality and state government. Until the early 1980wever, legal definitions of how
the state and local municipalities should share child gareision responsibilities were vague
and subsidies for the creation of formal child cdogsswere limited. As a result, such slots
were severely rationed and existing slots were alwaysifiWaiting lists existed at all child
care centers and were long. At this time, open slots wareaply allocated according to the
child’s age—so 3-year-olds were the most affected by the rationingl the mother’s labor
force status, with children of working mothers given priootyer children of non-working
mothers. In case two children were of the same agethardmothers were both working, the
application date and time on the waiting lists were thestlecfactors. Then, in August 1992,
after the burden imposed on families by low child carglability had dominated the political
discussion for well over a year, the federal goverrtniginoduced a legal mandate that by
January 1, 1996, every child would be guaranteed aidszdxd 4-hour slot from the third

birthday until school entry. Although slot provision woullte the responsibility of the
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residential municipality, the state would provide generowstial aid for the construction and
running of child care facilities. Municipalities wittelatively lower child care coverage rates
would be eligible for the highest subsidies. Despite tisedsidies, however, creating child
care slots imposed too many constraints on municipglitso the introduction of the legal
mandate by January 1, 1996, was no longer conside&sibfe. Consequently, the state
government of Lower Saxony allowed exceptions until Deaarh, 1998.

Overall, between 1992 and 2002, around 11,000 new chile slots were created for
children aged 3 to 6 in the 80 municipalities in camgple (an increase of close to 40%)tRPa
of Figure 1 depicts a box plot of the evolution of thédccare coverage rate, computed as the
number of available child care slots in a municipalityy&ars prior to the school entry
examination (i.e., when the child was approximately &)edivided by the number of 3- to 6-
year-old children living in that municipality at that time. eksge coverage across
municipalities increases strongly from 0.59 slots @lgible child in the 1994 examination
cohort to just over 0.8 slots for those in the 2002 ematiin cohort. The box plot also shows
that there i@ substantial range of cross-sectional variation in tweiage rate of around 3@
percentage points around the annual means. Acrossagadl, tee overall coverage rate ranges
from below 40% at the start of the expansion to clos&00% at the end of the expansion
period Pat B of Figure 1 plots the proportion of children whoeatted child care for 1, 2 or
(at least) 3 years for the 192D02 examination cohorts. The figure reveals that tharesipn
in child care slots mostly increased the 3-year attecd rate (i.e., enrolment at age 3) and
reduced the 2-year attendance rate (i.e., enrolmeneat)agas we would expect since prior to
the expansion preference was given to older childremvdemand was excessive. Among
children in the 1994 examination cohort (who would herntered child care at the earliest in
1991 before child care expansion), around 41% atteride the full 3 years. For children
examined in 2002, who benefited fully from the child caxtension, the 3-year attendance rate

rose to 67%, an increase of nearly 63% compared 9d.1®Bhis observation motivates our

19



decision to define treatment in our baseline specifinatis attending child care for 3 years (or
“attending child care early”).

Although the expansion in child care slots primarilyftedi children from attending child
care for 2 years to attending child care for 3 yepasiel B also reveals a drop in the 1-year
attendance rate, froh5% for the 1994 examination cohort to 6% for the 2002n@ration
cohort. Therefore, the expansion also induced soriltrex to attend child care for 2 (or more)
years rather than 1 year orffyIn Section 5.6, we explicitly take into account the rualtied

nature of our treatment and distinguish between attendifdgaare for 1, 2 or 3 years.

4.3 Exogeneity of the child care expansion

Because the child care expansion was staggered acrassanidh municipalities, in the
empirical analysis we are able to exploit sharp shfthe supply within municipalities across
nearby cohorts. Specifically, we use the child care remee rate in t-3 (3 years before the
school entry exam at approximately age 3 when parentdedtx enroll their child in early
child care) as an instrument for early child carenalé@ce conditional on municipality and
cohort dummies, thereby accounting for time-constaneér@iffces across municipalities (such
as residential sorting). This identification strategyighter than typically adopted in the MTE
literature on returns to schooling, which mainly employdiapaariation in instruments.

For the instrument to be valid, the timing and intensityhefchild care expansion must be
as good as random (cf. the second assumption discus&=ction 2.1). In column (1), Table
2, we obtain an initial picture of which municipalities onir sample experienced an above-
average 1994002 expansion in child care slots by regressing thenge in child care
coverage between 1991 and 1999 (i.e., from our 1994 [oldest] cohort’s child care attendance in
t-3 to our 2002 [youngest] cohort’s attendance) on the initial coverage rate in 1991. As
expected, the change in child care supply is stronglyatively related to its baseline

availability, reflecting both the higher state subsidieseireed by municipalities with lower

8 The non-attendance rate, in contrast, remained rowghistant, suggesting that the expansion did rifit sh
children into child care who previously had not radieed at all.
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initial coverage rates and the greater political presthey felt to expand availability relative
to municipalities with higher initial coverage ratesem, in column (2), we add a number of
baseline (1990) municipality characteristics, includithg median wage and the shares of
medium and highly skilled individuals in the workford@eassuringly, only one of these
baseline characteristics helps to predict the size aofhiiié care expansion in the municipality
(either individually or jointly). Further, the initial cexage rate remains strongly correlated
with the expansion intensity. However, even if the munidipalharacteristics at baseline did
predict child care expansion in the municipality, it wouldt generally invalidate our
identification strategy because these characteristics afifgsnostly reflect time-constant
differences, which are accounted for by the inclusidnmanicipality dummies in our
estimation.

In addition to exploiting across-municipality variatiam expansion intensity, we also
investigate whether the timing of the creation of chilke cdots is quasi-random. To do so, we
regress the child care coverage rates per 3- to 6-yeéand-3, our instrument, on socio-
demographic municipality characteristics measured # (i-e., one year prior to the
measurement of child care availability, to account ferftct that the effect of socio-economic
characteristics on the expansion is unlikely to be instaote)ewhile conditioning on
municipality and cohort dummieés Table 3 shows, none of the municipality characteristics
is statistically significant, and changés the municipality’s socioeconomic characteristics
appear to be uncorrelated with changes in the child sigpply. Hence, the results in both
Table 2 and Table 3 support our identifying assumptti@t both the intensity and timing of
new child care slot creation are plausibly exogendlevertheless, as a robustness check, we
also report results from a specification that exploifelgwariation across municipalities in the

intensity, but not the timing, of child care slot creatisee(Sectijn 55).

Another threat to identification is the possibility that clofite expansion could crowd out
other public expenditure or reduce household incontéch might negatively affect child

outcomes. Two factors limit this concern: because incomestare set on the federal level,
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municipalities could not increase them to finance ittezeased child care expenditure, and
because social and unemployment benefits are reguéteithe federal level, they are
independent of local government finances. An additidhedat is that child care expansion
might negatively change child care quality, affectirag only children pulled into child care by
the creation of new slots but also those whose chile adgendance is unaffected. To assess
this possibility, in our baseline specification, we citind on the child care quality measures
available in our data, including child-teacher ratio, teadducation, and teacher gender. We

find that excluding the child care quality measures itdes ¢ffect on our results (see Section

5.5)). A final threat is endogenous mobility: familiegshastrong preferences for early child care

attendance may move to municipalities with a largemplupf child care. In our sample,
however, this bias is unlikely to be a concern, not drdgause only 4.4% of the families
moved to a new municipality in the 2 years prior to éxamination but also because the

mobility rate is uncorrelated with changes in municiplcccare availability?®

5. Results

5.1 First-stage selection equation

We display the parameter estimates for the first-stagetmelection equation (2) in the
first column of Table 4° To allow for the possibility that at high levels of cowsrawhen
excess demand eases, the likelihood of filling an aohditi slot may decrease, we use as
instruments not only the child care coverage rate (cenéeoeshd its mean) in the municipality
3 years prior to the examination, but also its square fWkher interact our instruments with

individual child care characteristics (minority status, dggn and age) to allow for the

29 Regressing the share of families that moved to a newicipality during the previous 2 years on the
number of available child care slots as measured bycolerage rate (our instrument) yields a small and
statistically insignificant coefficient. Specificallhe point estimate suggests that a 10% increaseindverage
rate decreases the mobility rate by 0.4% (standard er28€4), providing no evidence of selective migration
based on child care availability. Results when usimgnges in the number of 0-3 year old children in &2ua
alternative dependent variable are very similar.

30 We additionally control for a quadratic in age at exetion; dummies for year, municipality, and birth
month; time-variant municipality characteristics (needivage, educational shares, number of inhabitamse s
of immigrants, share of women in the workforce) in t-4d ahild care quality indicators (above-median child to
staff ratio, share of university graduates among child staff, male staff share interacted with child gendet) in
3.
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possibility that the expansion primarily draws in chifdref a particular observed type. Our
results remain largely unchanged when we do not interactinstruments with individual
characteristics, or only use the coverage rate in the aipaiiiy, but not its square, as an
instrument (see columns (2) and (3) of Tabénd Section 5.5).

To ease interpretation, we report in the table marginattsfienly for the non-interacted
terms of the coverage rate (referring to a German b@verage age), and we illustrate the
effects of the interaction terms by plotting the predictedgldity of selection into early child
care (i.e., the propensity score) as a function of lthild care coverage rate by minority status
and gender in Figure 2. The child care coverage satestrong predictor of early child care
attendance and, as expected, the coefficients on ttze Aimel squared terms of the instrument
reveal a concave relation between the child care suppihedime the child care decision was
made and the decision to enroll eatly.

The heterogeneity in the first stage by gender and minstéitus depicted in Figure 2
shows that differences by gender are comparativellsmith girls having a slightly higher
propensity to attend child care early but few noticegpeleder differences in the slope of the
curve. There are, however, strong differences by ntynstatus. At all levels of the coverage
rate, minority children have a 280 percentage points lower propensity for early chila car
attendance. Moreover, at lower values of the coveiage the curve for minority children has
a steeper slope, implying that the expansion of availelbild care initially shifted minority

children into child care more strongly than it did migyochildren. In contrast, at higher values

31 Since the coverage rate used in Table 4 is censgeoeohd its mean, the coefficients of the quadraticen th
coverage rate in column (1) of Table 4 suggest a turpoigt at .75 (.331/(2*.22)) above the mean of the
coverage rate of 0.68. The turning point after whichtamldil child care slots shift children out of early drghre
therefore occurs at 1.43 (.75+.68), which is out of thmpert of the coverage rate in our sample. It should éurth
be noted that the concave shape of P(Z) in Z doesvintdte the monotonicity (or more appropriately, as
suggested by Heckman, Urzua and Vytlacil (2006), umity) assumption. The IV uniformity assumption
requires that for a given pair of valuesaml 7> of the instrument, the effect on the treatment probability of
changing the instrument from z to z’ has the same sign for all individuals whose participation decision is affected
by that change. It is thus a condition across inltigis at fixed pairs of values of the instrument, andamo
assumption on the functional form of P(2) in Z acrodsies of Z. We find little evidence to suggest that th
expansion has shifted individuals out of the treatnterdiny important extent. When predicting the marginal
effect of Z on P(2) at the individual covariate valudseach individual in the sample, marginal effects are
negative only for 1.6% of individuals in the sample.
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of the coverage rate, additional increases in child skts have no effect on minority children,
although they still have a moderate effect on majority aénldr

The first stage generates a large common support for rdpemsity score P(Z) which
ranges from 0.01 to 0.96 (Figure *3)The figure shows the unconditional support jointly
generated by variation of both the instruments and tharietes, which is sufficient to identify
the MTE under the assumption commonly made in MTE egfitins that the shape of the
MTE curve does not vary with covariates (see equatioh (Bonsider Figure 2 for an
illustration. The figure shows that the instrument alonaiged variation in the propensity
score P(Z) between 0.35 to 0.65 for majority childrerd between 0.1 and 0.35 for minority
children. Therefore, the joint variation of minorityatis and of the instrument can alone
account for variation in P(Z) between .1 and .65. fdmaining support (up to the full range
from 0.01 to 0.8) is generated by additional joint variation of the instemt and the other

covariates.

5.2 Treatment effect heter ogeneity in observed child characteristics

In column (2) of Table 4, we report estimates, baseedqration (4), for the effects of
early child care attendance on our main outcome afadaleadiness. The results point to an
equalizing effect of early child care attendance ondattomes of children with different
observed characteristics. Most important, in the untreated staterity children are about 12
percentage points less likely than majority children toabsessed as ready for immediate
school entry (see the coefficient on minority, whickerefto, in equation (4)). At the same
time, their treatment effect is about 12 percentage pogtehthan that of majority students
(see the minoritxpropensity score coefficient, which refers(f§ — £,) in equation (4)). This
latter observation implies that attending child camdyelaelps minority children to catch up
fully with majority children in terms of school readinegs.similar pattern emerges with

respect to gender. When attending child care for feélam 3 years, boys are less likely than

32 The large common support is not due to using theregee rate squared as an additional instrument, nor is
it driven by the interactions with our instruments #mel covariates. The unconditional support does namgsh
when only the coverage rate is used as an instrusemtigure Al in Appendix A.
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girls to be assessed as ready for school. This casdage disappears for those who attend
child care for at least 3 years.

In columns (3) and (4) of Table 4, we further allow thé&ea$ of early child care
attendance to differ between the two main minority graopsur sample: children of Turkish
descent and children from the former Soviet Union. Bwtimority groups are about 20
percentage points less likely to attend early child caar thajority children (column (3)). In
the untreated state, both minority groups are more distayeth in terms of school readiness
than majority children, but are fully able to catch up wittjamitg children if they attend child
care early. Interestingly, the initial disadvantage la@idce the catch-up is larger for children of
Turkish origin, who also come from less educated fatmickgrounds and are less likely to
speak German at home with a family member than chilfiicen the former Soviet Union (see
Panel B of Table 1).

In sum the overall results in Table 4 show that groups thatfitenere from early child
care attendaneethat is, boys and particularly minority childreshave a lower propensity to
enroll in child care early. This observation pointsatpattern of reverse selection on gains in

terms of observed characteristics.

5.3 Marginal treatment effects and summary treatment effect measures

Part A of Figure 4 provides evidence of a similar regeselection on gains in terms of
unobserved characteristics. The figure shows the MTecdescribed by equation (2) for
mean values of X in our sample, and relates the unadxseomponents of the treatment effect
on school readiness; — Uy, and the unobserved component of treatment chtjgeBecause
higher values ot/;, imply lower probabilities of treatmentl, can be interpreted as resistance
to enrolling early. The MTE curve increases with thasistance, mimicking the pattern of
reverse selection on gains found for observed chiddacteristics. Thus, based on unobserved
characteristics, children who are most likely to enrolthild care early appear to benefit the

least from early child care attendance, a pattern terbgeneity (slope of the MTE curve) that
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is statistically significant at the 5% level (see the p-vatuettie test of heterogeneity at the
bottom of column (2), Table 4).

Interestingly, for the 40% of children who are most likelyattend child care for 3 years or
more Up < 0.4), the returns to child care in terms of school readirzee negative albeit not
statistically significant (see Figure 4, part A). In casty children with a higher resistance to
enrolling in child care early show returns that areordy positive but statistically significant
for the 30% of children with the highest resistance to treatr@/,, > 0.7).

In column (1) of Table 5, based on the same spatifin as used in Figure 4, p#A, we
derive the standard treatment parameters ATE (average treagéffiect), TT ( effect of
treatment on the treated), and TUT (effect of treatmenthenuntreated) by appropriately
aggregating over the MTE curve. The ATE off®0computed as an equally weighted average
over the MTE curve in Figure 4, gaA, evaluated at mean values of X, implies that for alchil
picked at random from the population of children, radteg child care early raises the
probability of being recommended for elementary scherance without delay by 5.9
percentage points. The estimated paranigtéowever, not significantly different from zero.

To compute the TT and TUT, respectively, we aggregatetbedViTE curves evaluated at
the Xs of the treated and untreated (see equaB)rafid accompanying text in Cornelissen et
al., 2016 for a derivation of the weights). The MTE euat the Xs of the untreated lies above
the MTE curve at th&'s of the treated (depicted in Figure 4, part B), reflgctime reverse
selection on gains based on observed child charstiterdocumented in Table 4. The figure
also displays the weights applied to these curves to compait€Ttrand TUT, respectively.
Whereas the TT gives most weight to low value®/gf(since individuals with low resistance
to treatment are more likely to be treated), the TUT gives megiht to high values ol
(because individuals with high resistance to treatmenhare likely to be untreated).

Our findings for the TT suggest that for the average trechéd, treatment results in a 5
percentage point lower probability of a recommendatiomtereschool without delay.ike the

ATE, however, this effect is not statistically differenbrfr zero. For the average untreated

26



child, in contrast, attending child care for 3 yearsnwore increases the probability of
immediate school entry readiness by over 17 percentaigéspan effect that is statistically
significant at the 5% level. This sizable effect is apprately equal to a move from th& ®

the 50" percentile of the school readiness distribution ptedicfrom the observed

characteristics (the percentiles reported in Table 1).

5.4 1V estimates

As Heckman and Vytlacil (1999, 2005, 2007) demonstrategdifnates can, like ATE,
TT, and TUT, be represented as weighted averages oveVMTRecurve, with the weights
dependent on the type of individuals who change tredtstatus in response to changes in the
instrument. We plot these weights in Figurepdit C, which also displays the MTE curve
evaluated at the covariate values for children who chatrgatinent status in response to
changes in the instrument (see equatid) h Cornelissen et al., 2016 for exact calculations).
The IV estimator gives the largest weight to children with meztiate resistance to early child
care attendance. When applying these weights to the M ,cwe obtain a weighted effect
of .06 (dotted horizontal line in paC), which is close to the linear IV effect of .07 (degh
horizontal line) obtained from the 2SLS estimation. Thisehess of results is reassuring and
can be considered a specification check for the eshafp the MTE curve. However,
conventional IV estimates, in addition to masking cogrsille heterogeneity in the response to
treatment, are difficult to interpret due to the continuousraattithe instrument, especially in

a differencein-difference setting like ours.

5.5 Robustness checks
The basic pattern of reverse selection on gains dau@sh@bove is robust to a number of

further alternative specifications. First, we relax thsuagption, implied by a linear MTE

33 As explained in detail in Cornelissen et al. (2018 2SLS estimator may be viewed as a weighted
average of Local Average Treatment Effects acrosspairs, when group indicator dummies &e used as
instruments. The overall IV estimate is therefore reptasea for compliers at all values of the instrumenthwi
different weights attached to the groups of compliedifégrent pairs of values. In a differenaedifference-1VvV
setting like ours, deChaisemartin (2013) and de Chaisemartin and D’Haultfoeuille (2016) show that strong
restrictions on treatment effect heterogeneity are requiredentify a well-defined average of the underlying
heterogeneous treatment effects.
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curve, that returns to treatment either increase or decreasotonically with resistance to
enrollment in treatmentAccordingly, in Figure 5, we depict MTE curves based o
specifications that include a cubic and quartic ofghegensity score in equation (4), enabling
richer patterns such as a U-shaped MTE curve. Ttieses also increase monotonically with
resistance to early child care enrollment, with a shapeigtgenerally similar to our baseline
linear MTE curve. A monotonically risihng MTE curve ialso observable usin@g
semiparametric approacfhHence, the basic shape of the MTE curve is a robustgshenon
independent of the particular functional form.

In Table 5we report additional robustness checks that assumeaa NMATE curve like that
in our baseline specification. In column (2), werdd interact the child care coverage rate in
the municipality with covariates in the first stage regressaod in column (3) we further omit
the quadratic term of the child care coverage rate. Innuol@), we report results when
estimating the first stage semi-parametricallyThis is an important robustness check since
misspecification in the estimated propensity score ead to bias in the MTE curv&.Our
findings remain unchanged. In column (5), the instotms the initial child care coverage rate
in 1991 (when the oldest cohort in our sample was 3sye#t) interacted with cohort
dummies. This specification thus only uses the tianain child care supply across
municipalities and over time which can be explainedh®ypredetermined degree of rationing
at baseline, a key predictor of municipal child catpamsion (Table 2). In column (6), on the
other hand, we discard the intermediate examination years 996 to 2000 and employ only
the variation between the pooled examination years 19%@ 2001/02, thereby exploign
solely variation across municipalities in the intensityf not the timing, of child care slot

creation. In both specifications the pattern of regeselection on gains remains statistically

3% To estimate the semiparametric MTE curve, we folloes phocedure detailed in Heckman, Urzua, and
Vytlacil (2006, Appendix B.2) using local quadratic resgien to approximate K(p).

3 We classify the child care coverage rate Z into l4aky sized bins (each with a width of 0.05) and
aggregate the X’s into a linear index x’b predicted from a linear probability model for the treatmaatision and
classify x’b into 20 equally sized bins. The semiparametric estimation of P(Z) then consists of a regression of the
treatment dummy on the full set of interactions of2Bebin dummie of x’b and the 14 bin dummies of Z. The
resulting propensity score is highly correlated withloaseline propensity score (r=0.987) and mirrors its concave
shape in Z, suggesting that our baseline first stpgmaimates P(2) sufficiently flexibly.

38 We thank an anonymous referee for pointing this out.
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significant at the 10% level (see p-value in penultimmate of columns (5) and & In column
(7), we make the sample more homogenous in age byctiag the sample to children born in
the first half of the calendar year, thereby ensurireg &l children are examined in the year
they turn 6. Estimates in column (8) are based on theamnple but control more flexibly for
age at examination, replacing the quadratic in age bwtmy age dummies. Again, both
specifications lead to a similar pattern of treatmergot$f and confirm an upward slope of the
MTE curve. Our findings also remain largely unaffectdten we eliminate the controls for
child care quality (see column)j9

In sum, the overall pattern of reverse selection ansgfr the unobserved characteristics

in the selection and outcome equations for school resglisea robust phenomenon.

5.6 Multivalued treatment: generalized ordered choice Roy model

So far, we have collapsed the years of child care ateredinto a binary treatment
variable of attending child care for (at least) threageldext, we explicitly take into account
the multivalued nature of treatment. Specifically, we nha@dection as an ordered choice
model, distinguishing between being enrolled in chddedor 1, 2 or 3 years (or entering child
care at age 5, 4 or 3), and estimate two transitionfsp®&ETE curves: one for the decision to
attend for2 years versus 1 year, and one for the decision tocafn3 versus 2 years (as in
Heckman and Vytlacil 2007, Heckman, Urzua and VytlaciQ8)0We now use as additional
instruments the child care coverage rate in the mutitgipa t-2 (2 years prior to the school
entry examination at approximately age 4) and its sqbaib, interacted with minority status,
gender and age, as in the baseline model. First stagés from a generalized ordered probit
model, which allows the instruments and covariates to diff@lly affect the decisions to
attend child care for 2 or more years and to attemd3fyears, show that the child care
coverage rate at2-strongly predicts the probability of starting child cateage 4, while the
child care coverage rate at t-3 is a strong determinfa@hmlling in child care at age 3, as

expected (see Appendix A, Table A1 and Appendix B fodehdetails).
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To obtain more precise estimates, we then estimate an outguagon assuming joint
normality between the errors in the selection and outcequations (see Appendix B for
details). We report results in Table 6. As in our basdpecification, the results show that
minority children are disadvantaged relative to majasitydren in terms of school readiness if
they attend child care for one year only (coefficient on “minority”). This disadvantage
decreases if minority children attend child care fgedrs (by 4.2 pp), and nearly disappears if
minority children enroll in child care early at age $ 42+4.6 pp). A similar pattern emerges
for gender, in line with our baseline specificatioinc® minority children and boys are less
likely to attend child care at both the 2-year and the&-ynargin (Appendix Table Al), the
results from the generalized ordered probit model thezefonfirm a reverse selection on
gains based on observed characteristics.

Figure 6 provides evidence in support of a reverse selectiongains based alson
unobserved characteristics. In the figure, we plot thesitian-specific MTE curves implied by
the estimates in Table 6. Both MTE curves are upwardngagnd, as rows (vii) and (viii) of
Table6 show, both slopes are highly statistically significihThe associated ATEs are about
0.01 for attending 2 versus 1 year of child care, @@b8 for attending 3 versus 2 years
suggesting that earlier interventions may be particuldidcve. The higher ATE at the 3 vs 2
year margin is also compatible with the notiofi“skills begetskills” as emphasized for
instance by Cunha and Heckman (2007).

Modelling treatment as an ordered choice of attendirig chre for either 1, 2 or 3 years
rather than as a binary decisimu(baseline definition) therefore does not qualitative lgrae

our main findings.

37 Define p;, p, andps as the correlation coefficients between the three ougtagrror terms and the selection
error term. As we detail in Appendix B; — p, andp, — p; can be interpreted as the slopes of the two transitio
specific MTE curves of attending child care for 3 versyg&rs, and of attending child care for 2 years versus 1
year, respectively. While the slopes are significim, levels of both MTE curves are insignificant in theer
part ofUp, but become significant in the upper part, from appratéty U, > 0.8.
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5.7 Other outcomes and child care quality char acteristics

Having focused so far on school readiness as an index for the pediatrician’s overall
assessment of the child’s physical and behavioral development, we now assess four additional
outcomes linked to the school readiness examination: nmaior skill problems, no
compensatory sport required, and two measures relatiBd/l (for which smaller effects are
“better”). The summary treatment effects based on our baseline specification that defines
treatment as attending child care for 3 years are teghar Table 7, panel A. The results reveal
the same selection pattern for all outcomes, with the neostflzial effects of child care being
found for untreated children. As indicated by the reportedhlpes, selection based on
unobserved gains is not statistically significant for makills and no compensatory sport (a
zero slope of the MTE curve cannot be rejected). For tleeweight indicator (BMI>9t)
percentile), reverse selection on unobserved gamsignsficant at the 10% level, while for log
BMI significance falls just short of thE5% level

Turning to the sign and magnitude of treatment effecesestimated ATE and TUT for no
compensatory sport are sizable and statistically sagmifi implying that entering child care
ealy improves physical health for the average child &rdthe currently untreated child. The
point estimates further suggest that child care attendarareases BMI and the risk of
overweight for the currently treated child; however, theytaceimprecisely estimated to be
statistically significantly different from zer8.

Panel B of Table 7 reports the results related to child quality characteristics, which, in
line with recent findings (e.g., Walters, 2015, for evide on Head Start), generallyos/ no
strong treatment effecten the different outcomes for either chiiostaff ratio or staff
education. Interestingly, however, they do provide sowideace that having male staff
improves treatment effects across all outcomes for bogisaéso increases motor skills and
reduces the potentially harmful effects of early childecaitendance on BMI and overweight

for girls. This effect could result from male teachems/img as role models for boys, involving

%8 |In the U.S. context, Herbst and Tekin (2010, 2012 ntegizable increases in BMI and overweight because
of subsidized child care.
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them in activities they like, and being generally mokelji than female staff to engage

children in activities conducive to physical exercide

6. Interpretation and implications

6.1 Theroleof family background

Given our finding that, in terms of both observed and sapked characteristics, childre
with the lowest resistance to early child care enrolimenefiiehe least from early child care
attendance, we now attempt to throw more light on thesewgelection on gains it implies. To
this end, we first investigate whether the increasing gam® freatment by resistance to
treatment (i.e.E (U; — Uy|Up = up) in equation (3)) are driven by differences in thécome
when untreated (i.eE (U,|Up = up)) or by the differences in outcome when treated (i.e.,
E(U,|Up = up)). Specifically, adopting the procedure proposed byndBr Mogstad, and
Wiswall (2016) based on the control function estimatascdeed in Heckman and Vytlacil
(2007), in Figure 7, part A, we plot the separate cufoed/; andU, for our main outcome
variable of school readiness. The pattern is strikinggrads the curve in the untreated staje
is falling, it is nearly flat in the treated stalig. This pattern not only implies that the larger
treatment effect on school readiness among high vérauegesistance children can be entirely
explained by the former’s lower school readiness in the untreated state (falling U,) but also that
early child care attendance serves as an equalizeaslthast removes the intergroup difference
in school readines§flat U;). The nearly flat curve in the treated state further iraptieat
guality differences between child care centers are snaéliéctingthe relatively homogenous

guality of child care centers in Germany (see Sectibn 4.

This latter observation makes us wonder what type odl daife arrangements families in
Germany use when their children are not enrolled ity ezild care. In Table 8 we compile

data from the German Family Survey on child care atterelaalternative child care

39 The evidence in the school literature on the effetteacher gender is mixed. For example, whereas Dee
(2006) finds that teacher gender has a notable effettteote st performance of a sample §fgaders, Bertrand
and Pan (2013) identify no effect of teacher gender ogapen behavioral problems between boys and girls. We
are unaware of any evidence of teacher gender effects ahilld care context.
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arrangements, and maternal labor force participatioB-gear-olds residing in West Germany
in 1994 and 2000. The table shows that the alternative noafochild care is almost
exclusively family care, either by parents or grandpts. Care outside the family by a child
minder or nanny is extremely rare and used by fewasr 8% of families’’ This finding stands
in contrast to the U.S., where childhood interventions mbt ceplace family care but also
partly crowd out other forms of center-based child c&idef, Hoynes, and Domina, 2016
Elango et al. 20L,&line and Walters, 2016; Walters 2015).

Another feature of our setting is that mothers’ labor force participation rates-31% in
1994 and 39% in 2008are much lower thatheir offspring’s child care attendance rates.
Thus, even though early child care attendance isehifgir the children of working mothers, it
is also common for those whose mothers do not work.

We are also curious to know how families with low earlyo#ment resistance differ from
those with high resistance. To this end, in parts B to Eigidire 7, we again plot separate
curves forU; and U, (as in pa A) but using family background characteristics as the
dependent variable. Once we net out the effects ofiereed characteristics included in the
prior analysesU; and U, must be interpreted as the unobserved components ofyfamil
background characteristics. In parts B and C, the rdbp# variables are equal to 1 if the
parents attended routine medical postnatal checkups theerhild was under 3 (i.e., prior to
early child care attendance) and presented the cheekapdrat the school entry examination.
Both variables are strongly positively associated withoaenfiavorable family background and
represent the only family background-related data availalér our entire sample peritd.
According to the figure, regardless of the childarly care enroliment status, parents with low
resistance to enrollment are more likely than those with hagiistance to have attended
routine checkups and brought the checkup record textamination.

In parts D to F of the figure, we confirm a similar pattesing more standard family

background characteristics, such as parental educaecause such variables are only

40 Even among highly educated mothers, the share oseg types of informal care was only 4% in 2000.
41 For instance, for the examination cohorts 2001-2008 &% of mothers without any schooling degree
presented the checkup record vs. around 93% of motlittranvapprenticeship qualification (or higher).
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included in our data from 2001 onward, however, theastititions refer to the 2062003
time period when the child care expansion was almospletenand the analysis is thus based
on a less stringent identification strategy than prewoublevertheless, it still provides
interesting insights into the differences between low amh hesistance children. First,
regardless of the child enrollment status, the parents of low resistance (verghgésistance)
children are more likely to be college educated (partan@ D), and the mothers of low
resistance children are more likely to have only ondd qlpiart F). Overall, therefore, the
findings reported in Figure 7, parts B to F, suggest thidren with high resistance to early
child care enrollment come from a more disadvantagmdyfdbackground than those with low
resistance, which explains why the former face worse owdsothman the latter when not
enrolled (sepat A).

These observations give rise to two questions: Firstngive potentially large benefits to
the children, why are disadvantaged children not emwkalte early child care more oftén
Conversely, why do advantaged children attend chilé eary even when there are no
apparent benefits? One important reason for these dexisiay be that when choosing their
children’s care arrangements, parents maximize a welfare function that includes a combination
of their own utility and the child’s utility (see also Havnes and Mogstad, 2015). Thus, although
advantaged parents could provide their children with & Qigality home environment, they
may nevertheless opt for child care because of thvair labor market involvement or their
own preferences for leisure consumption, which may gedinem to enroll their child into
early care even when not working.

A second important reason is that prior to and througlh@uéxpansion period, enrolment
decisions were, in case of excess demand, not oatyerby parents, but also by child care
centes. The typical allocation mechanism adopted by centers, which besides the child’s age as
the primary admission criterion was based on mothers’ labor force status and time on the
waiting list, likely favored advantaged mothers who arearikely to work aml who are also

likely to be better informed about the admission protieas disadvantaged mothers.
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Yet, even after the expansion of child care slots has be@pleted and child care slots are
principally available for all applicantsearly child care attendance rates of disadvantaged
minority children lag behind those of advantaged majocityldren. Besides lower labor
market participation rates of disadvantaged minority methéhis could be because
disadvantaged mothers are not as well informed aboubehefits of public child care as
advantaged mothers (e.g., Elango et al., 2016; Cundianel Culhane, 2013), or are generally
more critical toward early child care for cultural @ligious reason® In addition, despite
heavy subsidies, disadvantaged families may face higfikel care costs (relative to income)
than advantaged familiegwhich may deter them from early child care enrollmentibse they
cannot borrow against their child’s future income. In contrast, access to child care facilities,
measured as the walking time to the nearest centallyharies between disadvantaged and

advantaged childret?.

6.2 Policy simulations

The higher returns to treatment for children with highsusrlow resistance to early child
care enrollment imply that policies which succeed in etitrg high resistance children into
child care have large benefits. We therefore quatiige benefits for four different policies
with a focus on our main outcome variable of schodliresss. To do so, we compute policy-
relevant treatment effects (PRTE, see Heckman and Vy@xil, 2005; Carneiro, Heckman
and Vytlacil, 2011) as a weighted average over the MTizecwith the weights reflecting the
population of individuals shifted by the policy (se@iatipn @9) in Cornelissen et al., 2016 for

a formal definition).

42 Schober and Stahl (2014), using data fromltiernational Social Survey for West Germany, show that
negative attitudes toward child care (measured by agreement with such statements as “family members should be
the main care providers for children not attending school yet”) are negatively correlated with individuals’
education and more common among non-German respondsntsgards the latter, a recent study by the Expert
Council of German Foundations on Integration and Migra{ji2015) finds in addition to cultural factors like
different child-rearing beliefs (love and care by the moih&tead of fostering early independence), a focus®n t
German language and absence of multilingualism il cf@ire are important reasons that minority children are
less likely than majority children to be enrolled amlg child care.

43 According to data from the 1994 German Family SurveWw$lest Germany, 80% of women with high
secondary schooling lived within 15 minute walkidigtance to child care center vs. 75% of women with lo
secondary schooling. Data for West Germany from the Ge®o&io-Economic Panel for 1994 shows that 55%
of children of immigrant origin resided within 10 minutealking distance to a child care facility vs. 51% o
children of majority origin.
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We first simulate a policy that brings the average eargndtince rate (or equivalently the
propensity score) from its 2002 level of .67 to a lexe.9, as advocated by the European
Union in its Barcelona targets (European Union, 20&&hilar to Carneiro, Heckman, and
Vytlacil (2011), we model the increase in the propersityre in two different ways: by adding
the same constant to each child’s 2002 propensity score to produce an average of 0.9 and by
multiplying each score by the same constant. We setatoy esulting propensity scores that
would be larger than one. Both procedures give venylai results (see Table 9, rows (1) and
(2)) and show large and statistically significant PRTHEsplying an increase in school
readiness 0i6-17 percentage points per child shifted.

Modelling a policy by direct manipulation of the propiéy score, however, says nothing
about how to actually draw more highly resistant childrea early child care. Because one
intuitive solution is to create more child care slotgomws (3) and (4) of Table 9, we simulate
two policies that directly manipulate the child care cogereate (our instrument) and thus
affect the propensity score indirectly through the nemtf available child care slots. In the
first policy (row (3)), we simulate the effect of increagthe2002 cohort’s coverage rate (i.e.,
the coverage rate measured in 1999, when the 2002 cwlasrt3 years old) to 1 for
municipalities in which it is below 1. In the secondipol(row (4)), we simply add a constant
of 0.4 to the2002 cohort’s coverage rate. Both these policies shift children wigh lieatment
effects from unobserved characteristics into treatmentehigeincreasing the probability of
school readiness by 12.3 and 14.1 percentage paasisectively, per child shifted, which in
the latter case is statistically significant at the 10% leMelertheless, despite the sizable
expansion in child care slots, these policies ontyeiase early child care attendance b¥ 4
percentage points, and induce no change in the ealfty cdre attendance rate of minority
children (who experience particularly large improesns in school readiness from early child
care). We attribute this minimal effect to the concavityhef relation between the child care
supply and the propensity to early child care attendamdeth majority and (particularly)

minority children (see Table 4 and Figure 2). Thiasgings emphasize that creating additional
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child care slots alone is not enough to attract moifdreh (and specifically minority children)
into child care. Thus, to achieve attendance rates%f&0advocated by the European Union,
the expansion in child care slots should be complésderby other policies such as

informational campaigns or free access to child aareisadvantaged and minority families.

7. Conclusions

In this paper, we assess the heterogeneity in the effectsiversal child care on child
development at the age of school entry by estimating imargeturns to early child care
attendance. Building on a tighter identification strateggnttadopted in the related MTE
literature, and using novel administrative data on chiltcaues in a context in which all
children undergo standardized and mandatory schoty esxaminations, we document
substantial heterogeneity in the returns to early child e#tendance with respect to both
observed and unobserved child characteristics. Fomaim outcome of school readiness, we
find that when attending child care lateinority children are 12 percentage points less likely
to be ready for school than majority childrenttefding child care early, however, nearly
eliminates the differences between minority and majoritidien. Yet despite these larger
returns from treatment, minority children are substantlabg likely than majority children to
enter child care early, pointing to a pattern of revesskection on gains based on these
observed child characteristics. We document a simiattern for unobserved child
characteristics: children with unobserved characteristiat rttake them least likely to enter
child care early benefit the most from early childecattendance. We also provide evidence
that these children may be disproportionally drawn fdisadvantaged family backgrounds.

Overall, our results show not only that heterogeneity in children’s responses to early child
care attendance and parental resistance to child enrolareikey when evaluating universal
child care programs but also that parents’ choices on behalf of their children may differ from
those that the children themselves would make. Theyedudhggest that the universal child
care program which we study disproportionally subsslavantaged families whose children

have the least to gain from early child care attendaAtethe same time, it does not
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sufficiently reach minority and disadvantaged families séhohildren would benefit the most
from the program.

These observations raise the question of what type l@igsocould be implemented to
draw these hartb-reach children into early child care? One importarst fstep (recently
enacted by some German states) may be to make childrearér disadvantaged families
while eliminating, or at least reducing, subsidies to athged families, thereby possibly
improving child outcomes without increasing public spegdBuch a policy, however, does
not address the informational deficits and the culturaletigious concerns that may make
disadvantaged and minority families resistant to enrolinrenqublic child care and prevent
them from fully appreciating its advantages. Hencecjgalthat inform disadvantaged families
about the benefits of early child care ought to take account of cutteterogeneity. They should
carefully address culturally or religiously motivated concerns of parents adtilely supporting

their children’s enrollment in programs to improve the take-up rate of hai@reach children.

References

Aakvik, Arild, James J. Heckman, and Edward J. Vytlacil. 2005. “Estimating Treatment
Effects for Discrete Outcomes when Responses to Treatmemyt ¥a Application to
Norwegian Vocational Rehabilitatiorrdgrams.” Journal of Econometrics 125(2): 15-51.

Aizer, Anna and Flavio Cunha. 2012. “The Production of Child Human Capital: Endowments,
Investments anddttility. ” Working Paper 18429. National Bureau of Economiceaesh.

Baker, Michael. 2011. “Innis Lecture: Universal Early Childhood Interventions: Whaths

Evidence Bse?” Canadian Journal of Economics/Revue canadienne d’économique 44(4):
1069-1105.

Baker, Michael, Jonathan Gruber, and Kevin Milligan. 2008. “Universal Child Care, Maternal
Labor Supply, and Family WeBeing.” Journal of Political Economy 116(4): 70815.

Baker, Michael, Jonathan Gruber, and Kevin Milligan120“Non-Cognitive Deficits and
Young Adult Outcomes: The Long-Run Impacts of a Unive@ald Care Prograrii NBER
Working Paper 21571. National Bureau of Economic Rebe

Balfe, Cathy. 2015. “Heterogeneity, Selection and Advantage in the Graduate and Non-
Graduate Labour MarkétUnpublished Manuscript, University College London.

Basu, Anirban, Andrew M. Jones, and Pedro Rosa Dias. 2014. “The Roles of Cognitive and
Non-Cognitive Skills in Moderating the Effects of Mixed-ilMy Schools on Long-Term
Health” NBER Working Paper 20811. National Bureau of EcoicdResearch.

38



Becker, Gary S. 1964. Human Capital: A Theoretical Bngirical Analysis, with Special
Reference to Education. Chicago: University of Chicags$

Becker, Gary S., and Kevin M. Murphy. 1988. “The Family and the State.” Journal of Law and
Economics 31 (1):-118.

Berlinski, Samuel, Sebastian Galiani, and Marco Marte@008. “Giving Children a Better
Start: Preschool Attendance and Schagé-Profiles.” Journal of Public Economics 92-():
1416-40.

Berlinski, Samuel, Sebastian Galiani, and Paul Gerfled9. “The Effect of Re-primary
Education on Primary Schootformance.” Journal of Public Economics 93@): 219-234.

Bertrand, Marianne, and Jessica PAX3. “The Trouble with Boys: Social Influences and the
Gender Gap in Disruptive Behavior.” American Economic Journal: Applied Economics 5(1):
32-64.

Bitler, Marianne P., Hilary W. Hoynes, and Thurstomiioa. 2016 “Experimental Evidence
on Distributional Effects of Head StartUnpublished Manuscript, University of California,
Davis.

Bjorklund, Anders, and Robert Moffitt. 1987. “The Estimation of Wage Gains and Welfare
Gains in SelfSelection Models.” Review of Economics and Statistics 69(1)-42

Black, Sandra E., Paul J. Devereux, and Kjell G. Salsa011“Too Young to Leave the
Nest? The Effects of School Starting Age.” Review of Economics and Statistics 93 (2):-455h

Brave, Scott, and T. Walstrum. 2014. “Estimating Marginal Treatment Effects Using
Parametric and Semiparametriethbds.” Stata Journal 14(1): 19217.

Brinch, Christian N., Magne Mogstad, and Matthew Wiswdl1& “Beyond LATE with a
Discrete Instrumerit.Journal of Political Economy, forthcoming.

Carneiro, Pedro, and Rita Ginja014. “Long-Term Impacts of Compensatory Preschool on
Health and Behavior: Evidence from Head Start.” American Economic Journal: Economic
Policy 6(4): 13573.

Carneiro, Pedro, James J. Heckman, and Edwaldytlacil. 2011. “Estimating Marginal
Returns ¢ Education.” American Economic Review 101(6): 2754 81.

Carneiro, Pedro, Michael Lokshin, Cristobal Ridag¥@aand Nithin Umapathi. 2015.
“Average and Marginal Returns to Upper Secondary Schooling in Indonesia.” Journal of
Applied Econometrics, forthcoming.

Casey, Teresa, and Christian Dustmann. 2008. “Intergenerational Transmission of Language
Capital and Economic Outcomes.” Journal of Human Resources 43(3): 6687.

Cascio, Elizabeth and Diane Whitmore Schanzenbach..mea Impacts of Expanding
[Access to High-Quality Preschool EducatjorBrookings Papers on Economic Activity
Economic Studies Program, The Brookings Institutioh(2}:127-192.

Chernozhukov, Victor, an@hristian Hansen. 2005. “An IV Model of Quantile Treatment
Effects.” Econometrica 73 (1): 2451.

39


http://ideas.repec.org/a/bin/bpeajo/v47y2013i2013-02p127-192.html
http://ideas.repec.org/a/bin/bpeajo/v47y2013i2013-02p127-192.html

Chetty, Raj, John N. Friedman, Nathaniel Hilger, Emman8akz, Diane Whitmore
Schanzenbach, and Danny Yaganll. “How Does Your Kindergarten Classroom Affect
Your Earnings? Evidence from Project Star.” Quarterly Journal of Economics 126(4): 1593
1660.

Cornelissen, Thomas, Christian Dustmann, Anna Raute, and Uta Schonberg. 2016. “From
LATE to MTE: Alternative Methods for the Evaluation oblRy Interventims.” Labour
Economics. 4147-60.

Cunha, Flavio, Irma Elo, and Jennifer Culhad@l3. “Eliciting Maternal Expectations about
the Technology of Cognitive Skill Formation.” Working Paper 19144. National Bureau of
Economic Research.

Cunha, Flavio, and Jamékckman. 2007. “The Technology of Skill Formation.” American
Economic Review 97 (2): 347.

Cunha, Fl&io, and James J. Heckman. 2008. “Formulating, Identifying and Estimating the
Technology of Cognitive and Noncognitive Skill Formation.” Journal of Human Resources
43(4): 738-782.

Currie, Janet, and Douglas Almond. 20tHuman Capital Development Before Agéve.”
Chap. 15n Handbook of Labor Economics, Volume 4, Part B, edDhyid Card and Orley
Ashenfelter. Amsterdam: Elsevier.

Currie, Janet, an@uncan Thomas. 1995. “Does Head Start Make a Difference?” American
Economic Review 85(3): 34B64.

Datta Gupta, Nabanita, and Marianne Simongem0. “Non-cognitive Child Outcomes and
Universal High Quality Child &re.” Journal of Public Economics 94(Q): 30-43.

De Chaisemartin, Clement. 2013. “A Note on the Assumptions Underlying Instrumented
Difference in Offerences.” Unpublished Manuscript, University of Warwick.

De Chaisemartin, Clement, and Xavier D’Haultfoeuille. 2016 “Fuzzy Differencesn-
Differences’ Unpublished Manuscript, University of California at &aBarbara.

Dee, Thomas S. 2006. “The Why Chromosome: How a Teacher’s Gender Affects Boys and
Girls.” Education Next 6(4): 6&5.

Deming, David, and Susan Dynarski. 2008. “The Lengthening of Childhood.” Journal of
Economic Perspectives 22 (3)-BR.

Department for Education. 2014. Early Years Foundatidages Profile: Handbogk
availableathttps://www.gov.uk/government/uploads/system/uploads/attachdeenffile/301 |
[256/2014 EYFS_handbook.pdf.

Doyle, Joseph J. 2007. “Child Protection and Child Outcomes: Measuring the Effects of Foster
Care” American Economic Review 97 (5): 158%10.

Duncan, Greg J., Chantelle J. Dowsett, Amy Claessens, KahBtagnuson, Aletha C.
Huston, Pamela Klebanov, and Linda S. Paga&07. “School Readiness and Later
Achievement.” Developmental Psychology 43(6): 142846.

40


https://www.gov.uk/government/uploads/system/uploads/attachment_data/file/301256/2014_EYFS_handbook.pdf
https://www.gov.uk/government/uploads/system/uploads/attachment_data/file/301256/2014_EYFS_handbook.pdf

Dustmann, Christian, Patrick Puhani, and Uta Schonberd. 2@he Long-Term Effects of
Early Track Choic&.Economic Journaforthcoming.

European Union. 2002. Presidency ConclusidBarcelona European Council 15 and 16
March, availablat http://www.consilium.europa.eu/uedocs/cms_data/docs/pressdatdzen

1025.pdf.

Ebbeling, Cara B., Dorota B. Pawlak, and David S. Ludwig. “Childhood Obesity: Public
Health Crisis, Common Sense€.” Lancet 360 (9331): 47382.

Elango, Sneha, Jorge Luis Garcia, James J. HeckmarArahrds P. Hojman. 2016Early
Childhood Education.” Forthcoming in Economics of Means-Tested TransfagRams in the
United StatesVolume 2, ed. by Robert A. Moffit. Chicago, IL: Uniggty of Chicago Press.

Expert Council of German Foundations on Integration angradilon. 2015. Hurdenlauf zur
Kita: Warum Eltern mit Migrationshintergrund ihr Kind ltemer in die fruhkindliche
Tagesbetreuung schicken, available at: http://www.svr-migration.de/wp-
content/uploads/2014/11/SVR_FB_Kita Web.pdf.

Felfe, Christina, and Rafael Lalive. 20X®oes Early Child Care Help or Hurt Children’s
Development?” Unpublished Manuscript, University of St. Gallen.

Felfe, Christina, Natalia Nollenberger, and Nuria RodagRlenas. 2015. “Can’t Buy
Mommy’s Love? Universal Childcare andh{idren’s LongTerm Cognitive [@velopment.”
Journal of Population Economics 28(2): 3932.

French, Eric, and Christopher Tab26.11. “Identification of Models of the Labor Market.”
Chap. 6m Handbook of Labor Economics, .da/ Orley Ashenfelter and David Card, 4, Part
537-617. Amsterdam: Elsevier.

French, Eric, and Jae Song. 2014. “The Effect of Disability Insurance Receipt on Labor
Supply.” American Economic Journal: Economic Policy 6(2)1-2887.

Garces, Eliana, Duncan Thomas, and Janet Currie. 2002. “Longer Term Effects of Head Start.”
American Economic Review 92(4): 998012,

Grissmer, David, Kevin J. Grimm, Sophie M. Aiyer, Williawh Murrah, and Joel S. Steele.
2010.“Fine Motor Skills and Early Comprehension of the Wofldo New School Readiness
Indicators” Developmental Psychology 46 (5): 1608.

Guryan, Jonathan, Erik Hurst, and Melissa Kearney. 2008. “Parental Education and Parental
Time with Children.” Journal of Economic Perspectives 22 (3):43

Hart, Betty, and Todd R. Risley. 1995. Meaningful Difeces in the Everyday Experience of
Young American Children. Baltimore, M[Paul H. Brookes Publishing Co.

Havnes, Tarjei, and Magne Mogstad. 2011. “No Child Left Behind: Subsidized Child Care and
Children’s Long-Run Outcomes.” American Economic Journal: Economic Policy 3(2)=-97
129.

Havnes, Tarjei, and Magne Mogsta15. “Is Universal Child Care Leveling the Playing
Field?” Journal of Public Economics, 127 (July): 2004.

41



Heckman, James J. 1997. “Instrumental Variables: A Study of Implicit Behavioral
Assumptions Used in Making Program Evaluations.” Journal of Human Resources 32(3): 441
462.

Heckman, James J. 2007. “The Economics, Technology, and Neuroscience of Human
Capability Formation.” Proceedings of the National Academy of Sciences (884 13256
13255.

Heckman, James J. and Kautz, Tim. 2014. "Fostering arasWiag Skills: Interventions that
Improve Character and Cognition," In The Myth of Acleiment Tests: The GED and the Role
of Character in American Life, ey J.J. Heckman, J.E. Humphries, and T. Kautz. Chicago,
IL: University of Chicago Press. pp. 293-317.

Heckman, James J., and Edward J. Vytlacil. 1999. “Local Instrumental Variables and Latent
Variable Models for Identifying and Bounding Treatmenffe&s.” Proceedings of the
National Academy of Sciences 96(8): 473034.

Heckman, James J., and EdwaVWytlacil. 2001. “Policy-Relevant Treatment Effects.”
American Economic Review 91(2): 1aIr11.

Heckman, James J., and Edward Vytlacil. 2005. “Structural Equations, Treatment Effects, and
Econometric Policy Evaluation.” Econometrica 73(3): 66938.

Heckman James J., and Edward J. Vytlacil. 2007. “Econometric Evaluation of Social
Programs, Part II: Using the Marginal Treatment EffecOtganize Alternative Econometric
Estimators to Evaluate Social Programs, and to Foreastifiects in New Environments
Chap.71 in Handbook of Econometrics, edhy James J. Heckman and Edward E. Leamer.
Amsterdam: Elsevier.

Heckman, James J, Sergio Urzua, and Edward Vytlacil. 2006. “Understanding Instrumental
Variables in Models with Essential Heterogeneity.” Review of Economics and Statistics 88(3):
389-432.

Heckman, James J., Seong Hyeok Moon, Rodrigo Pinter ReSavelyev, and Adam Yavitz.
2010a. “The Rate of Rturn to the HighScope Perry Preschool Program.” Journal of Public
Economics 94(1-2): 11428.

Heckman, James, Seong Hyeok Moon, Rodrigo Pinto, Petezhy®v, and Adam Yavitz.
2010b. “Analyzing Social Experiments as Implemented: A Reexamination efBEkidence
from the HighScope Perry Preschool Program.” Quantitative Economics 1(1):-46.

Herbst, Chris M.,and Erdal Tekin. 2010. “Child Care Subsidies and Childhood Obesity.”
Review of Economics of the Household 9 (3): -33E8.

Herbst, Chris M., and Erdal Tekin. 2012The Geographic Accessibility of Child Care
Subsidies and Evidence on the Impact of Subsidy Beoai Childhood Obesity Journal of
Urban Economics 71 (1): 332.

Imbens, Guido W., and Joshua D. Angrist. 1994. “Identification and Estimation of Local
Average Treatment Effects.” Econometrice2 (2): 467475.

42



Kaufmann, Katja M 2014. “Understanding the Income Gradient in College Attendance in
Mexico: The Role of Heterogeneity in Expected Returns.” Quantitative Economics 5 (3): 583
630.

Kline, Patrick, and Christopher Walters. 2016. “Evaluating Public Programs with Close
Substitites: The Case of Head Start.” Quarterly Journal of Economic$31 (4): 17951848.

Kottelenberg, Michael J., and Steven F. Leh@#rl6. “Targeted or Universal Coverage?
Assessing Heterogeneity in the Effects of Universal Childcare.” Journal of Labor Economics
forthcoming.

Kromeyer-Hauschild, Katrin, Martin Wabitsch, Diana L. kenFrank Gellert, Hans Christian
Geil3, V. Hesse, Albrecht von Hippel, Uwe Jaeger, Davido@Binsen, Wolfgang C. Korte, K.
Menner, and Gerhard J. Miiller. 2001. “Perzentile fiir den Body-mass-Index fur das Kindes-
und Jugendalter unter Heranziehung verschiedener deutscher Stichproben.” Monatsschrift
Kinderheilkunde 149(8): 86:B18.

Lower Saxony State Office for Statistics.020 “Einrichtungen und Personal der Jugendhilfe
2002.” Statistische Berichte Niedersachsen, Niedersachsistheslesamt fir Statistik,
Hannover.

Lower Saxony State Office for Statistic®005. “Tabelle D11.1: Anteil der vorzeitig bzw.
verspatet eingeschuit Kinder.”|https://www.bildungsmonitoring.de/bildung/onlin@ccessed
May 13, 2015).

Maestas, Nicole, Kathleen J Mullen, and Alexander Stradd3.“Does Disability Insurance
Receipt Discourage Work? Using Examiner Assignment tonBte Causal Effects of SSDI
Receipt’” American Economic Review 103 (5): 179829.

Magnuson, K. A., C. Ruhm, and J. Waldfogel. 2007. “Does Prekindergarten Improve School
Preparation and Performance?” Economics of Education Review 26(1)-33.

Nybom, Martin. 2014 The Distribution of Lifetime Earnings Returns to Collégéournal of
Labor Economics, forthcoming.

OECD. 2005. Education at a Glance 2005, OrganisatiorEémnomic Co-operation and
Development, Paris.

OECD. 2006. Starting Strong I, Organisation for Ecormf@o-operation and Development,
Paris.

Pagani, Linda S., Caroline Fitzpatrick, Isabelle Archamtbaand Michel Janosz. 2010.
“School Readiness and Later Achievement: A French CanadiaricRemh and EKtension.”
Developmental Psychology 46(5): 9894.

Phillips, Meredith, Brooks-Gunn, Jeanne, Duncan, Gre¢l@banov, Pamela, and Jonathan
Crane. 1998. “Family Background, Parenting Practices, and the Black-Whist $eore Gp.”

In The Black-White Test Score a@, ed. by Christopher Jencks and Meredith Phillips,
Brookings Institution Press: Washington, Dip. 102-145.

Rowe, Meredith L. 2008. “Child-Directed Speech: Relation to Socioeconomic Status,
Knowledge of Child Development and Child Vocabula®ilS’ Journal of Child Language
35: 185-205

43


https://www.bildungsmonitoring.de/bildung/online/

Ruhm, Christopher J., and Jane Waldfogel. 2012. “Long-Term Effects of Early Childhood Care
and Educatior? Nordic Economic Policy Review 2012 (1): ZA..

Samuelsson, Ingrid Pramling, Sonja Sheridan, and Pia Williams. 2006. “Five Preschool
Curricula—Comparative Brspective.” International Journal of Early Childhood 38(1):-B0.

Sandner, Malte, and Tanja Jungmad@l6. “How Much Can We Trust Maternal Ratings of
Early Child Development in Disadvantaged Samples?” Economics Letters 141 (April): 736.

Schober, Pia S., and Juliane F. Stahl. 20Y#ends in Der Kinderbetreuung :
Sozio6konomische Unterschiede Verstarken Sich in Ost Usst , VIDIW Wochenbericht No.
40, available abttp://www.diw.de/sixcms/detail.php?id=diw 01.c.483741.de.

Shonkoff, Jack P., and Deborah A. Philipps. 2000. Fidearons to Neighborhoods: The
Science of Early Childhood Development. National Acagé@mress: Washington, D.C.

Walters, Chritopher. 2015. “Inputs in the Production of Early Childhood Human Capital:
Evidence from Head StditAmerican Economic Journal: Applied Economics 7 {4:102.

Wang, Claire Y., Klim McPherson, Tim Marsh, Steveartmaker, and Martin Brown. 2011.
“Health and Economic Burden of the Projected Obesityenlls in the USA and the UK.”
Lancet 378: 81.525.

44



Figure 1: Evolution of Child Care Coverage and Child Care Attendance

A: Child care coverage rate B: Distribution of years of child care attendance by cohort
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Notes : Part A shows the evolution of the child care coverage rate (our instrument) computed as the number of available child care places in a
municipality three years prior to the school entry examination (i.e., at approximately age 3 of the child), divided by the number of 3- to 6-
year-old children living in that municipality at that time. The figure shows the annual mean (connected line), median (horizontal bar), 25th
and 75th percentiles (edges of the boxes), as well as 5th and 95th percentiles (whiskers), all computed at the individual child level

(population-weighted). Part B shows the accompanying changes in the distribution of the years of child care attendance by cohort.

Data Sources : Child care coverage rates: Own calculations based on a) data on child care slot availability by year and municipality obtained
from own data survey and b) number of 3- to 6-year-olds living in the municipality provided by Statistical Office of Lower Saxony. Attendance
rates: Main data source: School Entry Examinations, Weser Ems, 1994-2002.
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Figure 2: The propensity score P(Z) as a function of the child care coverage rate (Z) by gender and
minority status

P(Z)

Maijority, male
Minority, male

————— Majority, female
—  — - Minority, female

Notes : The graph displays, based on the same specification as in Column (1) of Table 4, the propensity
score predicted from a probit regression as a function of the child care coverage rate (Z) by minority
status and gender, holding all other control variables at mean values.

Main data source: School Entry Examinations, Weser Ems, 1994-2002.



Figure 3: Common Support

_ 3
[ \ A
LRGN INCR LN
LY ERT LR TR
f\y" 1 -

1000 1500

Absolute Frequency
500
|

0 2 4 6 .8 1
Propensity score

Treated=0 @ ————- Treated=1

Notes : The figure plots the frequency distribution of the propensity score by
treatment status. The propensity score is predicted from the baseline first-
stage regression in Column (1) of Table 4.

Main data source: School Entry Examinations, Weser Ems, 1994-2002.



Figure 4: MTE curves for School Readiness

A: MTE curve at average values of the covariates
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Notes: Part A depicts the MTE curve for school readiness based on the specification in Columns (1) and (2) in Table 4 and
evaluated at mean values of the covariates. The 90% confidence interval is based on bootstrapped standard errors clustered
at the municipality level. Part B displays the MTE curves evaluated at covariate means for treated and untreated individuals,
and the associated weights to compute the treatment effects on the treated and on the untreated (see Section 4.4 in
Cornelissen et al., 2016). Part C plots the MTE curve evaluated at covariate means of those children who are shifted into early
child care in response to changes in the instrument, and the associated weights to compute the IV effect (see Appendix C in
Cornelissen et al., 2016). The two horizontal lines refer to the IV (2SLS) effect estimated from our data (dashed line) and
aggregated over the MTE curve (dotted line).

Main data source : School Entry Examinations, Weser Ems, 1994-2002.



Figure 5: MTE curves - functional form robustness checks
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Notes : The figure displays MTE curves for the outcome of school readiness, evaluated at mean values of the
covariates. The solid MTE curve refers to our baseline specification where the propensity score and its square is
included in equation (4), implying a linear MTE curve. The figure also shows three additional MTE curves which
allow for richer patterns such as a U-shaped MTE curve: one curve obtained from a semiparametric approach, and

two curves based on specifications which include a cubic and quartic of the propensity score in equation (4).
Main data source : School Entry Examinations, Weser Ems, 1994-2002.



Figure 6: MTE curves from ordered selection model for one, two and three years of child care
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Notes: The figure displays separate MTE curves for the effects of moving from 1 year of child care to 2
years of child care (solid line) and moving from 2 years of child care to 3 years (dashed line) for the
outcome of school readiness based on a normal selection model with a generalized ordered probit
selection equation (see Appendix B for a description of that model). The curves are evaluated at mean
values of the covariates. Both curves are statistically significantly upward sloping pointing towards a
selection pattern of reverse selection on gains.

Main data source : School Entry Examinations, Weser Ems, 1994-2002.



Figure 7: Unobserved component of outcomes as a function of resistance
to treatment, by treatment state
A: School Readiness B: Attendance at routine postnatal checkups
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Notes : Part A plots, for our main outcome of school readiness, the unobserved component of the outcome against

Untreated ————- Treated ‘ ‘ Untreated ————- Treated ‘

the unobserved resistance to treatment U_D, separately for the treated (i.e., E(U_1 |U_D=u_D ), solid line) and
untreated (i.e., E(U_O |U_D=u_D ), dashed line) state, following Brinch, Mogstad and Wiswall (2016). Panels B to F
repeat the exercise, but use indicator variables for: whether the child attended the first four routine postnatal
medical checkups before entry into child care (Part B); whether the postnatal checkup book is present at the
examination (Part C); whether the mother or father hold a college degree (Panels D and E); and whether the child is a
single child (Part F) as dependent variables, to learn about how families with a low resistance to enroll their child in
early child care differ from families with a high resistance.

Main data source : School Entry Examinations, Weser Ems, 1994-2002.



Table 1: Descriptive statistics

Panel A: Individual characteristics

Treatment variable
Child care attendance for at least 3 years 0.51

Selected Covariates

Minority 0.12
Female 0.49
Age at examination in months 74.68
Outcomes
School Readiness 0.91
Predicted School Readiness
Minimum 0.31
5th percentile 0.74
10th percentile 0.79
25th percentile 0.87
50th percentile 0.93
75th percentile 0.97
90th percentile 0.98
Motor Skills 0.85
No Compensatory Sport Required 0.82
BMI 15.61
Overweight (BMI > 90th percentile) 0.08

Panel B: Characteristics of minority / majority groups

Mother has no post-secondary education

Majority (German origin) 0.07
former Soviet Union (35% of minority children) 0.28
Turkish (31% of minority children) 0.57
Mother has college degree

Majority (German origin) 0.37
former Soviet Union 0.34
Turkish 0.15

German spoken with at least one family member (Family Survey)
former Soviet Union 0.44
Turkish 0.38

Panel C: Child care quality indicators

Child to staff ratio (median) 9.44
Share of high educated among staff 0.09
Share of male staff 0.02

Notes: Panel A reports sample means of early child care attendance (our treatment
variable), of selected child characteristics, and of child outcomes in our sample. Panel B
compares sample means of maternal education between majority children and children of
Turkish origin and from the Soviet Union. In addition it reports the share of children of
Turkish origin and from the Soviet Union origin who speak primarily German with at least
one family member, based on data from the Children Longitudinal Survey. Panel C displays
sample means of child care quality indicators at the municipality level, referring to when the
child was 3 years old.

Data Sources : Panel A: School Entry Examinations, Weser Ems, 1994-2002. Panel B: School Entry
Examinations, Weser Ems, 2001-2003 and information of German spoken with at least one family
member (father, mother or grandparents) from the Special Survey on Russian and Turkish children
for Children Longitudinal Study from the German Youth Institute (DJI), Munich, 2003. The sample
refers to 8- and 9-year old children of former Soviet Union (N=262) and of Turkish origin (N=256) in
2003. Panel C: Social Security Records, Weser-Ems, 1990-1998, 18-65 year olds.



Table 2: Determinants of the child care expansion

(1) (2)

Initial coverage rate -0.437** -0.478**
(0.175) (0.190)

Median wage level 0.000

(0.002)

Share of high educated 0.010
(0.011)

Share of medium educated 0.003
(0.003)

Number of inhabitants in 1000 0.0001
(0.000)
Share of immigrants in workforce 0.014**
(0.007)

Share of women in workforce -0.0002
(0.002)

Constant 0.172*** (0.202***
(0.016) (0.026)
p-value for joint significance of other covariates

S 0.1855
(excluding initial coverage rate)

Notes: The table investigates the determinants of the expansion in child care slots in
the municipality, by regressing the change in the child care coverage rate in the
municipality between examination cohorts 1994 and 2001 on the initial coverage rate
for the 1994 cohort (Column (1)), and baseline municipality characteristics (Column (2)).
The child care coverage rate is measured 3 years prior to the school entry examination
(i.e., when the cohort is approximately aged 3). In municipalities where information for
1994 or 2001 was missing, we use the adjacent cohort. The last row reports the p-value
for the hypothesis that municipality characteristics at baseline are jointly equal to zero.
All coefficients on shares refer to one-percentage point changes in these shares.
Bootstrapped standard errors clustered at the municipality level are reported in
parentheses. *Statistically significant at 0.10 level, ** at 0.05 level, *** at 0.01 level.

Data Sources : Child care coverage rates: Own calculations based on a) data on child
care slot availability by year and municipality obtained from own data survey and b)
number of 3-6 year olds living in the municipality provided by Statistical Office of Lower
Saxony. Median wage, educational shares, share of immigrants and women in

workforce: Social Security Records, Weser-Ems, 1990-1998, 18-65 year olds. Number of
inhabitants: Statistical Office of Lower Saxony.



Table 3: Balancing tests

child care coverage rate

Age -0.00001
(0.0001)
Age Squared 0.0000
(0.0020)
Female -0.0003
(0.0002)
Minority child -0.00003
(0.0005)
Median wage level 0.002
(0.001)
Share of high educated 0.009
(0.011)
Share of medium educated -0.002
(0.002)
Number of inhabitants in 1000 0.000
(0.003)
Share of immigrants in workforce 0.003
(0.006)
Share of women working 0.004
(0.003)
Municipality dummies Yes
Cohort dummies Yes
p-value for joint significance of covariates 0.254

Notes: The table reports coefficients from regressions of the instrument (the
child care coverage rate) on individual and municipality-level covariates
measured in the previous period, conditional on municipality and cohort
dummies. The child care coverage rate is measured 3 years prior to the school
entry examination (i.e., when the cohort is approximately aged 3). The last
row reports the p-value for the hypothesis that the covariates are jointly
equal to zero. All coefficients on shares refer to one-percentage point changes
in these shares. Bootstrapped standard errors clustered at the municipality
level are reported in parentheses. *Statistically significant at 0.10 level, ** at
0.05 level, *** at 0.01 level.

Data sources : Child care coverage rates: Own calculations based on a) data on
child care slot availability by year and municipality obtained from own data
survey and b) number of 3-6 year olds living in the municipality provided by
Statistical Office of Lower Saxony. Individual characteristics: School Entry
Examinations, Weser Ems, 1994-2002. Median wage, educational shares,
share of immigrants and women in workforce: Social Security Records, Weser-
Ems, 1990-1998, 18-65 year olds. Number of inhabitants: Statistical Office of
Lower Saxony.



Table 4: Selection Equation and School Readiness Outcome Equation

Selection Eq. Outcome Eq. Selection Eq. Outcome Eq.

Child care School Child care School
>=3 years Readiness >=3 years Readiness
(1) (2) (3) (4)
Child care coverage rate  0.331*** 0.331%**
(0.043) (0.042)
Child care coverage rate squared -0.220** -0.220**
(0.108) (0.108)
Female 0.014%*** 0.092%*** 0.014*** 0.092***
(0.003) (0.009) (0.003) (0.009)
Minority ~ -0.198%*** -0.120%**
(0.011) (0.020)
Turkish -0.207*** -0.199%**
(0.019) (0.031)
Ethnic Germans (Former Soviet Union) -0.213%** -0.073%**
(0.015) (0.024)
Other Minorities -0.178*** -0.144%**
(0.010) (0.028)
Propensity Score -0.135 -0.170
(0.115) (0.131)
Propensity Score squared 0.215** 0.205*
(0.099) (0.105)
Female * Propensity Score -0.086*** -0.085%**
(0.014) (0.015)
Minority * Propensity Score 0.117***
(0.035)
Turkish * Propensity Score 0.201***
(0.065)
Ethnic Germans (Former Soviet Union) * 0.063
Propensity Score (0.043)
Other Minority * Propensity Score 0.143%***
(0.041)
Chi-squared for test of excluded instruments 56.83 72.71
p-value for test of excluded instruments 0.0000 0.0000
p-value for test of heterogeneity 0.029 0.051
N 135,906 135,906 135,906 135,906

Notes: Columns (1) and (3) report average marginal effects from probit selection models where the
dependent variable is equal to 1 if the child attends public child care for at least three years (“first
stage”). The child care coverage rate (our instrument) is measured relative to its overall mean. The
instrument in the probit selection equation is interacted with individual characteristics (age, gender,
ethnic minority status); interaction terms are not shown to save space, but the heterogeneous effect by
minority status and gender is depicted in Figure 2. The coefficients on the child care coverage rate refer
to a German boy of average age. Columns (2) and (4) display estimates from the outcome equation (see
equation (4) in the text) where the dependent variable is an indicator variable for school readiness.
Coefficients of regressors not interacted with the propensity score measure effects on the outcome in
the untreated state (i.e., B0 in equation (4)), whereas coefficients of regressors interacted with the
propensity score measure the difference of the effects between the treated and the untreated state (B1-
BO in equation (4)). In columns (3) and (4) we further allow the effects of early child care attendance to
differ between the two main minority groups in our sample: children of Turkish descent and children
from the former Soviet Union. Further included controls not displayed in the table are age and age
squared and time-varying municipality sociodemographic characteristics in t-4 as well as child care
quality indicators in t-3, each interacted with the propensity score, as well as cohort dummies,
municipality dummies and birth month dummies (not interacted with the propensity score).
Bootstrapped standard errors clustered at the municipality level are reported in parentheses.
*Statistically significant at 0.10 level, ** at 0.05 level, *** at 0.01 level.

Main data source : School Entry Examinations, Weser Ems, 1994-2002.



Table 5: Robustness checks

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Non- Semi- Initial ) )
. Non- . ) Long Birth months . No quality
Baseline ) interacted, parametric  coverage rate ) Age dummies
interacted i ) difference Jan -Jun controls
linear first stage v
ATE 0.059 0.050 0.045 0.033 0.130 -0.005 0.114 0.048 0.073
(0.072) (0.069) (0.072) (0.031) (0.105) (0.084) (0.092) (0.073) (0.072)
1T -0.051 -0.070 -0.071 -0.063 0.008 -0.152 -0.020 -0.053 -0.072
(0.080) (0.085) (0.092) (0.047) (0.109) (0.118) (0.128) (0.084) (0.082)
TUT 0.173** 0.176** 0.165** 0.134%*** 0.251** 0.160 0.219** 0.154* 0.223***
(0.085) (0.083) (0.082) (0.042) (0.120) (0.113) (0.106) (0.093) (0.082)
p-value for test of
. 0.029 0.031 0.054 0.014 0.028 0.074 0.119 0.092 0.008
heterogeneity
N 135,906 135,906 135,906 135,906 146,522 56,942 66,865 135,906 135,906

Notes: The table reports, for our main outcome variable of school readiness, the average treatment effect (ATE), the treatment effect on the
treated (TT), treatment effect on the untreated (TUT) and the p-value for a test of essential heterogeneity for various alternative specifications.
Column (1) refers to the baseline regression from column (2) in Table 4. In column (2), the instrument is not interacted with covariates in the
selection equation, and in column (3) the instrument is not interacted and the quadratic term of the instrument is dropped. In Column (4), the first
stage is estimated semi-parametrically. This is done by creating 14 dummies to indicate 5-percentage-point bins of the instrument and 20 dummies
indicating 5-percentile bins of a linear index in the covariates, and regressing the treatment indicator on the full set of interactions among all of
these dummies. In Column (5), the instrument is the initial child care coverage rate (for the oldest cohort in our data) interacted with cohort
dummies (and gender, minority status and age, as in our baseline specification). Column (6) only exploits variation across municipalities in the
intensity of the child care expansion and restricts the analysis to the (pooled) oldest and youngest examination cohorts 1994/95 vs. 2001/02. In
Column (7), the sample is restricted to children born in the first half of the calendar year, and in Column (8), monthly age dummies instead of a
guadratic in age are included as controls. In Column (9), child care quality controls are not included in the regressions. The reported p-value for a
test of heterogeneity is a test for a non-zero slope of the MTE curve (see also Section 2.2). Bootstrapped standard errors clustered at the
municipality level are reported in parentheses. *Statistically significant at 0.10 level, ** at 0.05 level, *** at 0.01 level.

Main data source : School Entry Examinations, Weser Ems, 1994-2002.



Table 6: Outcome equation of generalized normal ordered choice roy model

School Readiness

(i) Female 0.081***
(0.0095)
(ii) Minority -0.107%***
(0.0268)
(iii) Childcare >= 2 * Female -0.023%**
(0.0084)

(iv) Childcare >= 2 * Minority 0.042**
(0.0163)
(v) Childcare >= 3 * Female -0.020%**
(0.0046)

(vi) Childcare >= 3 * Minority 0.046***
(0.0097)

Test for upward sloping MTE curves

(vii) P3 -P> 0.030**
(0.0120)

(viii) P, -P1 0.046**
(0.0194)

Implied ATE

(ix) 2 versus 1 years 0.0098
(0.0453)

(x) 3 versus 2 years 0.0574
(0.0386)

Notes: The table presents results from the outcome equation of a generalized normal ordered choice roy model,
modelling three treatment states (attending child care for less than 2 years, for 2 years, or for 3 years or more).
The model is described in more detail in Appendix B, and the first stage results are shown in Appendix Table Al of
Appendix A. The outcome equation is estimated by including Heckman-type selection correction terms for all
three treatment states generated from the first stage model and by interacting all covariates with dummies for at
least 2 years and at least 3 years of child care. For minority children, for example, the coefficients on the
interaction terms Childcare >= 2 * Minority and Childcare >= 3 * Minority in Rows (iv) and (vi) show that minority
children have a higher treatment effect for both moving from 1-2 years of child care and moving from 2-3 years of
child care. p1, p2, and p3 are the correlations of the outcome error terms in each of the three states (U1, U2, and
U3) with the error term of the selection equation V. The differences p3 -p2 and p2 -p1 are reported in Rows (vii)
and (viii) of the table and are informative on the pattern of selection, with positive values for the difference
indicating reverse selection on gains (a rising MTE curve). Transition-specific ATEs (at mean values of covariates)
are reported in rows (ix) and (x) in the table, and the corresponding transition-specific MTE curves are depicted in
Figure 6. Bootstrapped standard errors clustered at the municipality level are reported in parentheses.
*Statistically significant at 0.10 level, ** at 0.05 level, *** at 0.01 level. Number of observations: 131,845.

Main data source : School Entry Examinations, Weser Ems, 1994-2002.



Table 7: Other Outcomes

N
School Motor Com e:sator Overweight Log BMI
Readiness Skills P Y & 8
Sport
Panel A: Conventional Treatment Effects

ATE  0.059 0.018 0.203** 0.017 0.025

(0.072) (0.088) (0.092) (0.034) (0.023)

TT  -0.051 0.001 0.099 0.052 0.045

(0.080) (0.118) (0.119) (0.045) (0.028)

TUT 0.173** 0.035 0.308*** -0.019 0.003

(0.085) (0.103) (0.115) (0.037) (0.027)

p-value for test of heterogeneity ~ 0.029 0.767 0.214 0.071 0.152

Panel B: Effects of child care quality characteristics

Above-median child to staff ratio 0.005 0.041 -0.044 -0.016 -0.008

* Propensity Score  (0.031) (0.034) (0.045) (0.019) (0.010)

Share of high educated among staff ~ 0.025 0.465* -0.229 -0.003 0.035
* Propensity Score  (0.258) (0.267) (0.406) (0.113) (0.075)
Share of male staff * Male child 0.013**  0.028*** 0.033** -0.008** -0.005**

* Propensity Score  (0.007) (0.007) (0.014) (0.004) (0.002)

Share of male staff * Female child 0.008 0.015** 0.009 -0.009***  -0.006***
* Propensity Score  (0.007) (0.008) (0.012) (0.003) (0.002)

Notes: Panel A reports the average treatment effect (ATE), the treatment effect on the treated (TT),
treatment effect on the untreated (TUT) and the p-value for a test of essential heterogeneity for
five outcomes: our main outcome of school readiness; no motor skill problems; no compensatory
sport required; overweight, measured as the BMI above the (age- and gender-specific) 90th
percentile; and the log BMI. Panel B displays coefficient estimates of the interaction terms between
child care quality indicators and the propensity score; these terms measure how child care quality
influences the returns to early child care attendance. Further included controls not displayed in the
table are age and age squared and time-varying municipality sociodemographic characteristics as
well as child care quality indicators (interacted with the propensity score) as well as cohort
dummies, municipality dummies and birth month dummies (not interacted with the propensity
score). Coefficients on the interaction terms of share of male staff refer to a one-percentage point
change in this share. Bootstrapped standard errors clustered at the municipality level are reported
in parentheses. *Statistically significant at 0.10 level, ** at 0.05 level, *** at 0.01 level.

Main data source : School Entry Examinations, Weser Ems, 1994-2002.



Table 8: Child care arrangements for 3-year-olds, 1994 and 2000

1994 2000

public child care 41.2% 75.8%

only family care (parents and other relatives) 58.3% 22.7%
exclusively maternal care 39.3% 18.8%

informal care (nanny, other non-relatives) 1.2% 1.5%
Maternal labour force participation (3-year-olds) 31.2% 38.7%
public child care, children of working mothers 42.9% 81.5%
public child care, children of non-working mothers 40.5% 72.2%

Notes: The table provides, for the years 1994 and 2000, information on child care
arrangements of 3-year-olds, distinguishing between public child care; only family care by
parents or grandparents; only maternal care; and care by a child-minder or nanny. The table
also reports labor force participation rates of mothers of 3-year-olds, as well as public child

care attendance rates of 3-year-olds separately by the mother’s labor force status.

Data source : Own calculation based on Family Survey from the German Youth Institute (DJI),
Munich, 2nd and 3rd wave (1994 and 2000). The sample refers to 3-year-olds in West
Germany and consists of 262 children in 1994 and 354 children in 2000.



Table 9: Policy-relevant treatment effects

(1) (2) (3)

Propensity score

PRTE Baseline Policy

(i) Bring 2002 P(Z) to .9 by adding .275 0.160* 0.67 0.90
(0.085)

(ii) Bring 2002 P(Z) to .9 by multiplying 1.5 0.165* 0.67 0.90
(0.087)

(iii) Lift 2002 cohort's coverage rate (Z) to 1 if <1 0.123 0.67 0.71
(0.077)

(iv) Add 0.4 to 2002 cohort's coverage rate (Z) 0.141* 0.67 0.72
(0.086)

Notes: The table reports in Column (1) policy-relevant treatment effects (PRTE) per net child shifted for four
different policies. In Rows (i) and (ii), we simulate a policy which brings the average early attendance rate (or
equivalently the propensity score) from its 2002 level of .67 to a level of .9, by adding a constant of 0.275 to
each child’s 2002 propensity score (Row (i)), or by multiplying each child’s 2002 propensity score by a constant
of 1.5 (Row (ii)). In Rows (iii) and (iv), we instead directly manipulate the 2002 cohort's child care coverage
rate (i.e., the coverage rate measured in 1999, when the 2002 cohort was 3 years old—our instrument). In Row
(iii), we set the coverage rate to 1 for municipalities in which it is below 1; in Row (iv), we instead add a
constant of 0.4 to the coverage rate, allowing for coverage rates greater than 1 in some municipalities.
Columns (2) and (3) show the increase in the propensity score which each policy induces. Estimates refer to
our baseline specification displayed in Columns (1) and (2) of Table 4 and Panel A of Figure 4. Bootstrapped
standard errors clustered at the municipality level are reported in parentheses. *Statistically significant at 0.10
level, ** at 0.05 level, *** at 0.01 level.

Main data source : School Entry Examinations, Weser Ems, 1994-2002.



Figure Al: Common support of propensity score - instrument not interacted with covariates

A: Quadratic specification of the instrument
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B: Linear specification of the instrument
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Notes: The figure plots the frequency distribution of the propensity score by treatment status. Part A of the figure is based on a quadratic
specification in the instrument in the selection equation (as in the robustness check in Column (2) of Table 5), while Part B is based on a linear
specification in the instrument (as in the robustness check of Column (3) in Table 5).

Main data source: School Entry Examinations, Weser Ems, 1994-2002.
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Table A1l: First stage of normal ordered selection model

Marg. Effects on Marg. Effects on
P(Childcare >=3) P(Childcare >=2)

Child care coverage rate 0.224*** 0.103**

(0.0649) (0.0422)

Child care coverage rate squared -0.1726 -0.204*
(0.1908) (0.1145)

Child care coverage rate * Minority 0.314** 0.1115
(0.1447) (0.0792)

Child care coverage rate squared * Minority -0.5938 0.0022
(0.4929) (0.2414)

Female 0.015%** 0.006**

(0.0037) (0.0026)
Minority -0.214*** -0.177***

(0.0156) (0.0076)

Notes: The table presents the first stage results from the ordered normal selection
model in Table 6. The model is described in more detail in Appendix B. The child
care coverage rates are measured relative to their overall mean. In the first column
(marginal effects on the probability of child care of at least 3 years), the child care
coverage rate refers to t-3 (the year in which a child that wants to attend for three
years would typically enter child care). In the second column (marginal effects on
the probability of child care of at least 2 years), the child care coverage rate refers
to t-2 (the year in which a child that wants to attend for two years would typically
enter child care). The marginal effects are computed after estimation of a
generalized ordered probit model, in which all covariates and instruments are
allowed to have varying effects on the thresholds. All covariates that are also in our
baseline specification in Table 4 are included, but not reported to save space.
Bootstrapped standard errors clustered at the municipality level are reported in
parentheses. *Statistically significant at 0.10 level, ** at 0.05 level, *** at 0.01
level. Number of observations: 131,845.

Main data source : School Entry Examinations, Weser Ems, 1994-2002.



APPENDIX B: Normal Generalized Ordered Choice Roy Model

We extend our baseline analysis to multiple treatment séagsssociated outcomes by
implementing a Generalized Ordered Choice Roy Model Kien and Vytlacil 2007,
Heckman, Urzua and Vytlacil, 2006) based on joint natynaf the errors in the selection and
outcome equations. Instead of the binary choice mofi@)jnve now have an ordered choice
model:

Slzllf Zi)/—ViSKl
Si=2if ki <Zyy—-V; <k,
Sl=3lf K2<Zl')/—Vl',

in which S; is the multivalued treatment variable (1, 2, or 3 yedrshild care attendance)
Z;y — V; is a latent linear index, and andk, are two threshold parameters. For simplicity we
write the thresholds as constants, but in our empiricalysisawe allow the thresholds to
depend on the regressdrs.

There are three potential outcon¥gs= Xg; + Uj; for j = {1,2,3}, and the observed
outcome is equal tg, = Zlel(si = j)Y;;, wherel () is the indicator function.

Assume joint normality o€U, ;, U,;, Us;, V;) and define
my =P(5;>1) =PV < Zjy — k1) = P(Ziy — K1),

m, =P(S; >2)=P(V; < Z;y — k) = ®(Z;y — k5), and
pj = Corr(Uj;, V;).

The expectations df,;, U,; andU;; conditional on the treatment state in which each of
them is observed can then be expressed as

dZy—rx)  ¢(P7'(my)
11—¢(Zi]/_’€1)_p1 1-m
a1 _ ¢ (Ziy — k3) — ¢(Ziy — K1)
E[Uy|S; = 2] = E[Uyi|Ziy — ko < Vi < Ziy — k4] = p2 D (Zy —xy) =y —1y)
) P (D71 (1)) — p(® (1))
2

T — T

E[Uy;|S; = 1] = E[UylZiy — k1 < Vil =p

—p(Pp~1 )
o, P(D7(,))

E[U3;|S; = 3] = E[U3;|V; £ Ziy — k3] = -
2

The ratios on the right hand side of these expressagsHeckman-type selection
correction terms. We construct them based on predictbmsg andm, from the first stage
generalized ordered probit model and include thentaaeection terms into the outcome
eguation. The associated coefficients provide estimates, f@,, andp;. We obtain standard
errors by bootstrapping, including both the first antbsd stage into the bootstrap loop.

The transition-specific MTE curves, which we depict a&ams of the covariates in Figure
6, have the following representation that directly followsmfrahe joint normality of

(Uri, Uz, Uy, Vy):

! Given the normality assumption, the model in whitle thresholds depend on the regressors is a
generalized ordered probit model, which we estimag&tdta based on the command goprobit by Stefan Boes.



AYTE(x,ug) = x(B, — B1) + (p2 — p) P (ug)
Ag/ng(x, ug) = x(Bs — B2) + (p3 — p2) @ (uy)





