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Abstract

We develop a unified empirical framework for child development which nests
the key features of two previously parallel research programs, the Child De-
velopment literature and the Education Production Function literature. Our
framework allows for mis-measured cognitive and non-cognitive skills, class-
room effects, parental influences, and complementarities/interactions. We val-
idate our estimated model with an “out-of-sample” prediction exercise, where
the models replicates the observed skill distribution by excluded race and fam-
ily income variables. Although both family and school are important to de-
velopment over the kindergarten year, we estimate that differential parental
investments are the more important source of end-of-kindergarten inequality
than classroom quality. Higher quality classrooms and home investments have
a larger effect on children entering kindergarten with skill deficits, a negative
complementarity.



1 Introduction

The wide dispersion of measured human capital in children and its strong relationship
with later-life outcomes has prompted a renewed interest in understanding the de-
terminants of skill formation among children (for a recent review, see Heckman and
Mosso, 2014). This paper develops a framework to analyze the key determinants
of child developments during an important transition for many American children:
entering formal schooling at kindergarten. For many children, this stage of their
development represents a substantial increase in interactions with caregivers other
than family. We analyze how the two crucial environments children face during this
period —home and school- affect the formation of children’s skills.

Our paper unifies two largely separate and parallel research programs. First,
research in the Child Development (CD) literature (such as work by Cunha and
Heckman, 2007; Cunha et al., 2010; Agostinelli and Wiswall, 2022; Attanasio et al.,
2019, 2020) uses survey data on measures of children’s cognitive and non-cognitive
skills to assess the importance of parental investments on the development process.
This analysis is largely silent on the role of schools, and how the heterogeneity of
school quality across children affects child development. In contrast, the Education
Production Function (EPF) literature, much of it using large scale administrative
data from particular school systems (such as work by Rivkin et al., 2005; Krueger,
1999; Chetty et al., 2014a,b; Carneiro et al., 2019), focuses on estimating the value-
added of classrooms and teachers.

The starting point for our research is to develop a unified empirical framework
that nests the key features of these two research programs. We incorporate influences
from both the home and school environments, treating both as latent, fundamentally
unobserved, inputs with no perfect measure. For the home influences, we follow the
latent factor structure of Cunha et al. (2010) by using a number of proxies for parental
investments. For the latent school influences, we follow the education literature, and
treat the school influences, at the classroom level, as a latent fixed effect, which is
identified using data on multiple children in the same classroom.

Our model of child development follows Cunha et al. (2010) in allowing for both
cognitive and non-cognitive skills, and follows the education literature in separating
cognitive skills into mathematics and reading skills.! We model skill development in
each of these domains via a technology of skill formation, which defines the dynamics

IThere is relatively little work using administrative school data to track non-cognitive skill
development. One recent exception is Jackson (2012), which estimates teacher value-added models
using North Carolina administrative data and absences and suspensions for 9th grade students as
a proxy for non-cognitive outcomes.



of children’s skills through kindergarten. Each of the three types of skills is produced
by the child’s skills at kindergarten entry, and the inputs children are exposed to
during kindergarten from their home and school/classroom environments. We follow
the child development literature in allowing for complementarities between existing
skills and current investments, implying that home and school environments can have
heterogeneous effects on children.

Our work builds upon influential papers by Todd and Wolpin (2003, 2007), some
of the first work in economics to consider both home and school environments jointly
determining cognitive achievement in children. Todd and Wolpin (2007) estimate
a technology of cognitive skills that includes both home quality and school quality.
As in this paper, home quality in that paper is measured using survey data on the
home environment and parental activities with their children. But unlike in this
paper, school quality is measured using county level average pupil-teacher ratios and
state level average teacher salaries. Our paper generalizes this approach in several
key ways, including: (i) rather than use particular observable aggregate variables
such pupil-teacher ratios or teacher salaries as proxies of quality, our data, with
multiple children observed per classroom, allows us to follow the education literature
and use a flexible classroom level grouped fixed effect specification where we infer
classroom quality from value added in children’s outcomes; (ii) we allow skills to be
multi-dimensional, and each skill is allowed to affect differently the evolution of other
skills; and (iii) we allow for several interactions, including complementarity of skills
with both home quality and school quality.?

Identification of our model requires solving two key challenges. The first challenge
comes from the fact that we do not perfectly observe children’s skills and parental
investments in the data. Instead, we observe arbitrarily scaled measures which in-
clude measurement error. Previous research has shown that the estimates of the skill
formation technology can suffer substantial bias if this issue is ignored (see Cunha
et al., 2010; Agostinelli and Wiswall, 2022). For this reason, we implement a latent
factor model to recover the empirical distribution of math, reading, and non-cognitive
latent skills for children from multiple test scores and measures, and use a similar
model for the distribution of latent parental investments.

The second identification challenge comes from the selection bias: children may
be systematically exposed to classrooms and parental investments based on their un-

2Given we focus our analysis only on development during the kindergarten year, unlike Todd
and Wolpin (2003, 2007) we do not model dynamic development beyond this period. This is an im-
portant area for future work. We do estimate the relationships between the kindergarten outcomes
we analyze here and outcomes in later grades (1st, 3rd, and 5th), as much as our longitudinal data
allows.



observable characteristics, and this selection on unobservables would jeopardize our
attempt to identify separately the school and home impacts on child development.
We approach this issue in two ways. First, our rich data — including information
on both parental and school environments — and the generality of our model incor-
porating this information allows us to base our empirical strategy on a relatively
weak assumption of the exogeneity of latent investment, conditional on child’s latent
cognitive and non-cognitive skills and other features of the environment. This is a
weaker assumption relative to either of the previous research programs: we use our
data with measures of prior skills, home, and school investments to “fill-in” in many
of the key variables that would otherwise be unobserved. We generalize the standard
EPF approach by allowing for non-cognitive skills, mis-measured skills, and home
investments. And, we also generalize the standard CD approach by allowing for
unobserved classroom inputs.

Second, we look for any remaining bias using validation tests. We show that
residual variation from our estimated model (both across all households and within-
classroom groups) is uncorrelated with excluded observable family characteristics,
such as family income. And relatedly, we show that that our estimated model can
replicate patterns of end-of-kindergarten skill distributions by parental income and
racial groups (between classrooms and groups), even though these are excluded vari-
ables from our model. As in Chetty et al. (2014a), this suggests that our models are
approximately “sufficient,” and remaining bias is minimal.?

Because of the generality of our model, we face additional technical issues. First,
because we allow for various interactions and complementarities (motivated by past
work in the CD literature), we cannot simply difference-out the classroom level fixed
effects, and derive a consistent estimator of the remaining parameters, as in the
standard fixed effects case. Instead we turn to the grouped fixed effect estimator
(Bonhomme and Manresa, 2015). We assume a finite number of groups or types of
classrooms, and let the data determine group membership rather than assuming it
based on observable classroom characteristics. We adapt the multiple-step iterative
(Bonhomme and Manresa, 2015) estimator to our model, and follow Agostinelli and
Wiswall (2016) to use an instrumental variable estimator at each step to consistently
estimate parameters given measurement error.*

3This exercise would be uninformative if classrooms in our estimating sample were completely
segregated by race or income. In that case, the model prediction would fit exactly the race patterns
by construction via the classroom effects. As we show in Figure B-8, classes in our estimating
sample are not fully segregated, but instead have some non-trivial variation in classroom race and
income composition.

4In a previous version of our paper (Agostinelli et al., 2019), we used an alternative estimator
allowing for an unrestricted classroom fixed effect distribution, adapting the Arcidiacono et al.



We find that both home and classroom investments are important inputs to child
development during kindergarten. A 1 standard deviation increase in classroom qual-
ity has 0.323, 0.391, and 0.523 standard deviation impacts on end-of-kindergarten
mathematics, reading, and non-cognitive skills, respectively, after accounting for
other inputs and measurement error. In contrast, the effects of a 1 standard devia-
tion change in home environment has effect sizes that are between 17% and 40% lower
than for classroom quality, suggesting the greater importance of schools. However,
as we show in a series of decomposition exercises, the quality of home environments
are more closely related to household income than classroom environment (although
of course high income households have higher quality in both), and therefore reme-
diating income gaps in home environments has a larger impact on skill development
than remediating gaps in classroom environments. Focusing on the gaps in skills be-
tween the 90th and 10th percentiles of the household income distribution, providing
all children the classroom quality of what the high income, 90th percentile house-
holds receive, would decrease the skill gap between the 10th and the 90th percentile
at the end-of-kindergarten by between 20 and 40 percent of a standard deviation.
But, if we instead provide children what the high income 90th percentile households
provide in home investments, the 90-10 gap closes by substantially more, between 43
and 57 percent of a standard deviation. Our finding of the importance of home envi-
ronments to skill gaps by income echoes recent findings that long-term gaps in test
scores by SES have failed to close in the United States, despite substantial increases
and re-distribution of public school funding (Hanushek et al., 2019a,b).

Another important finding is that classroom quality has larger effects on the
children entering kindergarten with low skills, indicating heterogeneous “treatment
effects” of school quality in an important systematic direction. The effect of class-
room investments on children are two or three times higher for children in the lowest
decile of initial skills than for high skill top decile children. This finding indicates
that there are substantial gains in re-distributing classroom resources to target dis-
advantaged children.

Finally, we assess the importance of methodology to our conclusions, to provide
some guidance for future research on the importance of the generalities we allow.
We find that, in general, not correcting for measurement error biases estimates sub-
stantially, although the sign of the bias varies across parameters given the general,
non-linear model we estimate. In general, we find that importance of classroom (rel-

(2012) estimator. As pointed out by a referee, that estimator as implemented may not yield
consistent estimates and may suffer from substantial bias. Our new estimator assuming some
limited parametric structure on the unobserved classroom quality distribution resolves this issue.
Our results in this paper and in the previous one are quite similar.

4



ative to home) is upwardly biased in models without measurement error corrections
and in models not allowing for complementarities/interactions.

2 Model and Estimation Framework

This section presents our general framework for child development. Our goal is a
general enough model of skill formation that it can nest the key components of the
previous research, and therefore generalize both the Education Production Function
(EPF) and the Child Development (CD) literature. We discuss various conditions for
identification of the model given the data at hand, and close the section by developing
a practical multi-step estimator that we can take to the data.

2.1 Skill Development

At each age t = 0,1,...,T children are characterized by a set of J skills. Let 6,,, be
child ¢’s stock of skill j at age t. The collection of J skills for child ¢ is represented
by the vector ©;; = {61, ...,0,:}. Skills include both cognitive and non-cognitive
skills. Skill j in the next period is produced according to this technology:

9j,z‘,t+1 = fj,t(@i,ta Hj,i,t7 Cj,z’,ta Uj,i,t) (1)

where Hj;, is a vector of investments from home and Cj ;; is a vector of investments
from the classroom the child attends.® The investments and skill stocks are all strictly
positive. The child development function in equation (1) is indexed by j and t to
emphasize that the technology itself is heterogeneous across skills and over ages. The
unobserved shock in skill formation is defined as 7, ;, and we return to its properties
below.

Investment from home represents all child development activities outside of school.
This need not be solely from interactions with parents, but could involve non-parental
caregivers such as after-school care. Investment from the classroom can be from any
interaction during the school day, including from teachers, other schools staff, and
peers at school. In our empirical specifications we allow for classroom specific invest-
ment, which can expose children within the same school to different classroom level

5This formulation of the skill technology specifies skills as a first order Markov process. This
is consistent both with the education value-added literature and the models developed in the child
development literature (see for example Cunha and Heckman, 2007; Cunha et al., 2010). The
formulation rules out direct longer lagged persistence as in Todd and Wolpin (2003).



environments.®

In the CD literature (see for example Heckman and Masterov, 2007), equation
(1) is typically labeled a “skill production technology.” In the EPF literature (see for
example Rivkin et al., 2005; Krueger, 1999), equation (1) is labeled as an “education
production function.” In the former case, the skills typically include cognitive and
non-cognitive skills measured in survey data, and the investments from parents are
the focus of the analysis. In the latter case, reading or mathematics skills are typically
assumed to be directly measured via standardized tests administered in schools, and
the productivity of school inputs (teachers and other classroom attributes) is the
focus. Our specification nests both of these frameworks.

2.2 Measurement

Our skill development/education production function (1) is written in terms of la-
tent variables. We recognize that children’s skills and the various investments in a
child’s skills from parents and classrooms are unobserved and likely only imperfectly
measured in data. For this reason, we consider a measurement system which can
incorporate several previous approaches to this issue.

First, we allow for multiple measures of some latent variables, and following
Cunha and Heckman (2007); Cunha et al. (2010), we conceptualize each measure M
as imperfect and including measurement error. More formally, let w;; be a generic
latent variable, e.g. w;; = 0;;; or w;; = H;;;. For each latent variable, we have
m=1,2,..., K, measures. The number of measures can vary across latent variables
and periods, and depends on the available data. Each scalar measure is denoted
M, i +m and takes the form:

Mw,i,t,m - bw,t,m(wi,t7€w,i,t,m>7 (2)

where €, ¢, i the measurement error for measure m and b, ¢, is the measurement
function. One of the key identification issues is then how the measurement error e
relate to the latent variable w. In much of the previous education literature, it is
simply assumed that there is no measurement error at all, and the particular measures

6 Another key feature of our model is that investments have both a quality and a quantity
dimension. All else being equal, investment from classrooms increases with the time children spend
in school, and investment from home correspondingly decreases. Using child level data on time spent
at school, below we attempt to ascertain how much of the heterogeneity in classroom investments
is due to quantity of school time relative to quality for a fixed amount of time.



at hand are exact measures of the associated latent variable: M, ;¢m = w;y. Our
framework generalizes this approach.

A second measurement issue concerns the latent classroom investments. One
could take a similar approach with classroom inputs. In particular, we could assume
that observed classroom characteristics, such as class size or teacher experience,
are imperfect measures of classroom quality (see for example Bernal et al., 2016;
Todd and Wolpin, 2007). In that case, we could implement the same measurement
system as in (2) to recover latent classroom investments. Instead, we take a different,
and more general, approach, and treat classroom quality in line with the education
literature, as latent fixed effects. Exploiting the clustered survey design of our data,
which surveyed multiple students per classrooms, we estimate the distribution of
classroom quality, along with the other model parameters, as detailed below.

2.3 Parametric Specification

The model presented above provides some of the general concepts of our empirical
specification. Next we present specific functional forms, identification assumptions,
and our estimation strategy, which we can take to data. We start with the specifi-
cation of the production technology (1). Following Agostinelli and Wiswall (2022),
we specify the skill development function for each skill j (1) as

J
In 9j,i,t+1 =In Ajﬂg + Z V1,5, In Hk,i,t + 2,5 In Cjﬂ',t + 3,5 In Hm—l—
k=1
J J
Z Yajk Ok InCji ¢ + Z Vs, Ok i g In Hy g + 1504 (3)
k=1 k=1

where the set of parameters <{71,j,k}g:1 V2,55 V3.5 A V45 ks 757j7k}2:1 ,) together repre-

sent the elasticities of next period skills (6;,,4+1) with respect to the various inputs
of child development. We focus on a single type of parental investment (H;;) and
for this reason we dropped the index ”j”7. The TFP term In A,, is the intercept of
the model, and in the empirical analysis will also be a function of the child’s observ-
able characteristics like gender and age. In this model, the elasticity of classroom
investments is heterogeneous and it depends on child ¢’s skills:

J
=2, + Z Vajohe 10 O i r- (4)

Ok,i,t,Cj 5,6, Hi 15,4t k=1

Oln 9j,i,t+1
Oln Cj,i,t



where 74, < 0 implies a higher return to classroom investment for children with
lower initial skills £ or with lower parental investments, respectively. The sign of this
parameter is a key ingredient determining how policy interventions (e.g. improved
classroom quality) should be targeted to maximize skill development. Similarly, the
elasticity of home investments is heterogeneous, and also depends on the child’s
initial stock of skills:

Oln 9j,i,t+1

J
Oln Hj,i,t V345 T Z V5,5,k N Ukt ( )

Ok,i,t:Cj 5,6, Hi 15,4t k=1
We note that an alternative form of the production function, a Constant Elasticity
of Substitution (CES) function,

J
Ogiver = A kb, + 725C50, + v, Hi) Y7 exp(nji),

k=1

with standard parameter restrictions, implies that each input is a weakly positive
29. .

complement: e.g. agfo_]’—za’t;_?
7,1,tYY5,1,t
tivity of investments targeted to higher skill children would be larger than if targeted
to lower skill children. Our specification relaxes this restriction.

As in much of the previous literature, we consider a linear (or log-linear) system
of measures for the latent skills stocks. For each latent variable in the two periods
wio € {9171'70, R ,9J7i70, H@o} and w1 € {9171'71, o ,0J7i71}, we have m = 1, 2, R ,Kw
measures given by

> 0. This forces, by functional form, that the produc-

Mw,z’,t,m = Hwtm + Aw,t,m In Wit + €witms (6)

IAERS)

where M, ; ¢ m is the mth specific measure, €, represents the measurement error,
and i, ¢, and A, ;. are the measurement parameters. f, ¢, and A, provide the
location and scale of the measure m. The parameter A, ¢, is the factor loading for the
latent factor w;; and measure m. Given the inclusion of the intercept, we normalize
the measurement error to be mean-zero without loss of generality: E(e,s.m) = 0 for
all w,t,m. In our data, the set of measures for each type of children’s skills and
parental investments is a combination of available assessments and test scores, as we
discuss in more detail below.



2.4 Identification of Parametric Specification

Next, we describe the identification of the model. The model is identified up to
some initial normalization given that latent skills and latent parental investments
(generically indexed by w) and classroom inputs (C') are not directly observed and
have no particular location or scale. We normalize all of the initial period (¢ = 0)
latent variables to be mean 0 and variance 1:

Normalization 1 Initial period (t = 0) normalizations:
(7,) E(lnww) = E(h’l ijo) =0
(ZZ) V(lnwi’o) = V(ID Cj,i,O) =1

for all w;p and j.

With these normalizations, we treat all latent variables symmetrically, imposing the
same normalizations on each in order to ease the interpretation of the estimates.” The
normalization resolves the arbitrariness of the measures, i.e. any positive monotonic
transformation of the measure would also be a valid measure.

One normalization that appears non-standard relative to the prior literature is
that we write the classroom effect as 7, ;In C}; o, because of the scale normalization
in Normalization (1). That is, given the normalization that V(InC,,¢) = 1, the
standard deviation of the classroom quality distribution is equal to the parameter
72,5 This normalization of the classroom effects implies that all of the technology
parameters in (3), which represent the productivity of each factor in producing a
child’s skills, can easily be compared.

Next we move to the identification analysis. Given the normalizations on the loca-
tion of the latent skills and latent parental investments, the measurement intercepts
are identified from the mean of the observed measures:

Hw,0,m = E(Mw,z',o,m) for all w; € {91,1‘,0, 0540, Hi,O}- (7)

We cannot identify the scaling parameters for the initial period, Ay o, without
further restrictions on the measurement errors. We consider the following indepen-
dence assumptions, commonly used in this literature (e.g. Cunha et al., 2010), that
the measurement errors are independent of each other and of the latent variables:

"Note that we do not impose any restrictions on the latter period (¢ > 0) latent variables, for
example the stock of latent skills in periods ¢ > 0. See (Agostinelli and Wiswall, 2016) for an
analysis the potential biases caused when latent variables are normalized in all periods of dynamic
model.



Assumption 1 Measurement model assumptions:
(1) €witm L €wirm for allt, m #m', and latent variable w
(11) €witm L € itm for allt, m, and latent variable w # W'
(111) €witim L €wipm for allt #1', all m and m', and latent variable w
(1) €pitm L W for allt, m, and latent variables (w,w")
(V) €witm L InCjit for allt, m, w, and j

Assumption 1 (i) is that measurement errors are independent contemporaneously
across measures. Assumption 1 (i) is that measurement errors are independent
contemporaneously across different measures of different factors. Assumption 1 (iii)
is that measurement errors are independent over time. Assumption 1 (iv) is that
measurement, errors are independent of the latent children skills and latent parental
investments. Finally, Assumption 1 (v) is that measurement errors are independent
of the latent classroom quality. Although these assumptions are strong in some sense,
they are common in the current literature.® And, our tests of the model specification,
provide a joint test of any bias imposed by the parametric skill production and
measurement models.”

Under these assumptions, the initial period (¢ = 0) scaling factors are identified
from ratios of covariances between the measures:

COU(MUJ,OJTH Mw,O,m’)COU(Mw,O,ma Mw,(),m”) (8)
COU(Mw,O,m’, Mw,O,m”)

/\w,(],m -

for any three measures m # m’ # m/”.1% Given the identification of the measurement
parameters for the initial period, we identify latent variables up to the measurement
erTors:

In Wi o = b\ - N = Mw,i,O,m -
w,0,m w,0,m

Mw,i,O,m — Mw,0,m €w,i,0m AT €w,i,0,m (9)
)\w,O,m

8 Assumptions 1 (i) and (ii) may be the most controversial. These assumptions rule out the
“barking dog” issue whereby there are correlated measurement errors due to some unobserved
factor.

90ur assumption of full independence is sufficient, but not necessary, for at least some of our
identification analysis. In some cases, weaker assumptions, allowing for some forms of dependence
among measures and among measures and latent variable, can be used for identification. In cases of
parametric production functions and parametric measurement system, we can relax that assumption
with weaker conditions, for example assuming zero correlation.

10As we show in the Appendix, in the presence of at least two latent skills, the identification of
the measurement systems is possible with only two measures for each latent skill. This relies on
the independence of measurement errors across latent variables.
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where ]/\\/[Jwao,m is the transformed measure using the identified measurement param-
eters.

To analyze the identification of the skill development function (3), we substitute
the transformed measures for both periods t = {0, 1} skills (9) into (3), and after
some algebra, the empirical analog of the technology of skill formation can be written
as:

J
Mjixm =tj1m + NjamInAjo+ Njim E Y15k Mii0m + Ajim¥e; M Chio+ Aj1m¥3,Mui0m
k=1
J J
+ Aj1m E YajkMii0m I Ciio + Aj1m E V5.5 Mri,0m Mui0m + Kiiom
k=1 k=1

(10)

where the residual &, ; ., consists of both structural errors  and measurement errors
€. Note that, at this point, we have not identified the measurement parameters for
period 1 (ft;1,,m and A;1,,), only those for period 0. We do not want to impose any
restrictions on both periods because these would generally imply restrictions on the
skill development or measurement process (Agostinelli and Wiswall, 2016).

The equation in (10) can be re-written in “reduced form” as

J
M;i1m =B, + E B1,jkMiiom + B2 InCjii0 + B3 M i0m
k=1

J J
+ § BajeMyiomInCjio+ § Bs.jkMiomMuiom + Kjiom — (11)
k=1 k=1

J J
where the set of reduced form parameters (80,5, { 1,5k} y > 82,55 B3> 1B4jks B5.5k o)
are functions of both structural (production function) and measurement parameters:

11



/807j = Kj1,m + )\j’17m In Aj70
Brik = Namyik VEe{l,...,J}

Baj = Aj1m2,

B35 = Aj1m7s.j

Bujk = NamVage Yk e{1,...,J}

55,], j,l,m75,],k Vk € {1 RN J}
(12)

We assume that the measurement parameters are age-invariant (as in Agostinelli
and Wiswall, 2022), and they do not change from period to period. This assumption
implies that the measurement parameters are now identified from the previous period
(t.1.m = Hj.0m a0d Aj1m = Ajom), allowing us to identify the structural parameters
(7s) from the reduced-form parameters (5s) in (12). We argue that this assumption
is justified because the measures at the beginning and end of kindergarten are de-
signed for comparability and are separated by less than a year, implying that the
measurement parameters are likely unchanged.

However, the identification of the reduced-form parameters (fs) still faces two
potential problems. The first issue is measurement error. In (11), the right-hand
side measure of children’s skills and parental investments M are correlated with the
residual error k because x includes the measurement error e associated with M. Even
ignoring the unobservability of the classroom fixed effect, the OLS estimator would
be biased by measurement error.!!

The second identification challenge comes from selection bias with respect to
the structural component n of the residual . If children systematically sort into
classrooms based on unobserved characteristics/inputs 1, we would confound the
classroom effect on child development with these baseline characteristics. Similarly,
a bias would exist if children’s skills at entry or home environments are correlated
with the unobservable characteristics 7.

UTn the simplest linear case with no other covariates, the OLS estimator would be attenuated
toward 0. In this specification, with the inclusion of classroom fixed effects and additional variables,
we may not be able to sign the bias.

12



Because of the generality of our model, identification of this model requires a
weaker assumption than used in much of the previous literature. Formally, we state
this assumption as

Assumption 2 Mean-independence of the production function shock:

EM;iolbhios---107i0Hio, Cjio) =0.

In particular, this assumption implies a weaker condition than in the Child De-
velopment literature because we assume mean-independence holds only within each
classroom, not more strongly across classrooms and schools. As in the standard fixed
effects case, this assumption therefore allows for unrestricted sorting into classrooms
and schools based on child skills {0;%0},{:1 and parental investments H; (say disad-
vantaged children with low parental investments also attend low quality classrooms).
In addition, our identifying assumption is weaker than that used in much of the Ed-
ucation Production Function literature because we allow for skills to be latent, allow
for multiple skills including latent non-cognitive skills, and allow for latent parental
investments.'?

In an attempt to further validate this assumption, we use information on family
income, a variable that is omitted from our model but that is found to be an im-
portant factor in explaining differences in outcomes and parental behavior (see for
example, Dahl and Lochner, 2012; Agostinelli and Sorrenti, 2021). First, we test
for the presence of correlation between our model’s residuals and family income, an
omitted variable and a proxy for other unobserved family inputs. The presence of
within-classroom correlation between family income and the model’s residuals could
point toward a violation of our exogeneity assumption. Second, we test the “out
of sample” properties of the model in predicting the race and income gradients of
end-of-kindergarten skills. The estimated model passes both of the validation tests
(see Section 5 for further details).

Under Assumption 2, the reduced-form parameters (s are identified using the
multiple excluded measures as instrumental variables to adjust for measurement
error (see Agostinelli and Wiswall, 2022). Note that because the model is not linear,

2Tt should be noted that in cases where plausible instruments for home investments or school
investments are available, then even weaker conditions are possible. See Attanasio et al. (2019,
2020) for examples using village level price and parental wage variation as instruments for home
investments (child goods and parental time) in applications outside the US. These papers do not
include school investments. On the other side, Araujo et al. (2016) estimate classroom effects in a
sample of kindergarten students within a randomized control trial in Ecuador. But that paper is
silent on the influences of parents.

13



we cannot use standard within classroom differencing to eliminate the classroom
effect. We specify the exact estimator and provide validation tests of our identifying
assumptions, as much as the data allows, in later sections.

2.5 Estimation

We conclude this Section by developing an algorithm for estimating the generalized
technology of skill formation (3). The general concept of the estimation algorithm
applies to several other versions of the model we estimate. The main estimation
challenge is that the data contains only imperfect measures of skills and home invest-
ments, and we assume classroom quality has no direct measures at all and is inferred
from observing multiple students per classroom. In addition, although we treat the
classroom effect as a general fixed effect (allowing correlation with other included
variables), the simple within classroom transformation cannot be used because the
classroom effects enter the model non-linearly (interacted with latent variables). For
this reason, we take a different approach, and develop an estimation algorithm that
accounts for both measurement error and interactions between the fixed effects and
latent variables.

Our estimator follows the grouped fixed-effects estimator developed in Bonhomme
and Manresa (2015), while also accounting for measurement error. The estimation
algorithms takes three recursive steps. In the first step, we identify the optimal
group assignment (g € {1,...,G}) for each classroom, following the algorithm in
Bonhomme and Manresa (2015). In the second step, given the group assignment, we
recover the group-specific latent classroom quality (Cj;0(g) Vg € {1,...,G}) for a
given set of remaining technology parameters. In the third step, we estimate a new set
of technology parameters given the updated distribution of grouped latent classroom
quality from the first steps. We repeat this three-step sequence until convergence to
a fix point for the parameters. The algorithm is described more formally as follows:

Algorithm 1 We start with an initial n = 0 guess for the parameters:

(A0 {0ty 985 A by IRt - {CO0(@) o).

For each iteration n € {0,1, ...}, we compute the following steps in sequence:

e Step 1. Given the current parameter guess n, the assignment step for each
classroom of each student i follows the following minimization problem:

ntl
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where c(i) is the set of children in the classroom that child i attends.

Step 2. Given the current grouping from Step 1, and the cur'rent parameter

gquess n, we estimate the fixed effect for each group ({g] jol} ) as the average

within-group residual in skills at the end of kindergarten zmplzed by the model:

Mjir 1 m — lnA] O Zk 1 '71 s kMk i’,0,m '737jMH,i’,0,m_
Zl egn+1
n+1l; n+1 310 Zk 175]kMkZOmMH10m
lanlO(gj’LO>
Zi’eg}”jé [7273' + Zk:l '7’4,j,kMk,i/,0,m]
Step 3. Given the distribution of latent classroom effects In C’J":rol (gj"jé) from

Step 2, we estimate the following empirical analogue of the technology in (3)

J
Mjim =In AT3" + > VM 0m + Yot I O (g7 0) + 7 Mg om+
k=1

J
§ n+1 n+1 n+1 E : n+lr AT
747‘7 k‘Mk i 0 m ]'n C ’L 0 gj 7 0 + ,}/5 j,]{}Mkvi707mMH7i70’m + ,ijyi)07m

where Kj;o0m ts the error term, which includes both the structural shock n;; o
as well as all the measurement errors for the measures of skills and home in-
vestments. As discussed above, OLS estimation of the Step 3 equation, even
with the classroom effects known, would produce an inconsistent estimate of the
remaining parameters. We estimate the parameters using 2SLS using the multi-
ple excluded measures of skills and parental investments ( M ;o0.m/, M io0m:, for
somem’ #m) as instmmem‘al variables. This produces the n- th—|—1 iteration of
parameters (In AT5Y {77 b qpttaptt fyme sy fyntdyl fomel (o)
which can be used for Steps 1 and 2. The iteration procedure stops when all of
the parameters converge. Otherwise we return to Step 1 with an updated set of
parameters.

All standard errors and statistical tests are computed using a clustered nonpara-

metric bootstrap over the classroom and student data, maintaining the classroom
and panel data structure of the original data. For each bootstrap repetition, we
repeat all of the estimation steps (initial conditions, measurement parameters, and
the iterative production function estimation). Our inference procedure therefore
accounts for the clustering of the data and the multi-step estimation.
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3 Data

Our data is from the Early Childhood Longitudinal Study-Kindergarten Class of
1998-99 (ECLS-K). The ECLS-K surveys a US nationally representative cohort of
children who enter kindergarten in 1998-99. Importantly for our analysis, the ECLS-
K employed a multi-stage, cluster sampling design. For each sample school, the
ECLS-K included multiple classrooms (when there were multiple classrooms) and
multiple students per classroom. The ECLS-K links each student to their classroom,
to their sampled classmates within that classroom, and to the classroom teacher.
Each student in the ECLS-K was interviewed twice during their kindergarten year,
once at the beginning of the year in the Fall, and again toward the end of the aca-
demic year in the Spring. Building on existing psychometric work, the ECLS-K
fielded their own extensive assessments of the children in various domains at each
survey period. In addition to assessing the students, the ECLS-K also surveyed the
classroom teacher and the parents. From the parent survey, the ECLS-K devel-
oped extensive measures of the child’s home life and parental interactions with their
children. We discuss each of these measures in more detail below.

3.1 Skill Measures

The child interview component of the ECLS-K included an individually administered
assessment of the child consisting of cognitive (reading and mathematics) and non-
cognitive domains.

3.1.1 Cognitive Skills

The ECLS-K cognitive assessment battery has three subject areas: language and
literacy, mathematical thinking, and general knowledge. We use the language and
literacy assessments as our reading measures, and the mathematical thinking as-
sessments as our mathematics measures. For each subject area, it has a two-stage
design, a first-stage routing test, and based on the routing test score, an appropriate
second-stage form, consisting of a subset of the total questions. This common setup
is designed so that for a finite test taking time, children do not waste time answering
questions that are too easy or too difficult. For the common routing test given to all
children, the ECLS-K provides a raw score, a count of the number of items a child
answers correctly. For the second stage test, ECLS-K provides an Item Response
Theory (IRT) score, an estimate of the number of items that the child would answer
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correctly if she were to take all of the questions on all forms.'® From the first wave
Fall testing and the second wave Spring testing, the assessments were designed to be
comparable across periods allowing researchers to track learning across time.

3.1.2 Non-Cognitive Skills

We use the teacher ratings of each student’s non-cognitive skills derived from three
measures: approaches to learning, self-control, and interpersonal skills. Each of these
measures is the average of multiple items/questions. Teachers’ responses to each
item were on a 4 point scale. The approaches to learning scale measures behaviors
that relate to the child’s interaction with the learning environment, and includes
six items that rate the child’s attentiveness, task persistence, eagerness to learn,
learning independence, flexibility, and organization. The self-control scale includes
four items that indicate the child’s ability to control behavior by respecting the
property rights of others, controlling temper, accepting peer ideas for group activities,
and responding appropriately to pressure from peers. The five interpersonal skills
items rate the child’s skill in forming and maintaining friendships, getting along with
people who are different, comforting or helping other children, expressing feelings,
ideas, and opinions in positive ways, and showing sensitivity to the feelings of others.

3.2 Home Investment Measures

The home investment measures derive from the parent interview component of the
ECLS-K. One parent per child (typically the mother) was interviewed, and the data
collected included information on family structure and demographics, parental edu-
cation and household income, and various aspects of the child’s home environment
and parent and child interactions. Our home investment measures are a combina-
tion of mother’s education, number of books available to the child, and whether a
computer is available.

In the Appendix, we show descriptive statistics for 20 different potential measures
of home quality, and their relationship with parental income, both unadjusted (raw)
and adjusted for the child’s age (in months). In general, these measures are increasing

13We can view the IRT score as some parameterized function of the child’s answers to the
second stage items, where the parameters of this function are estimated. Any estimation error in
the construction of the IRT score would then be part of the measurement error of our model. The
two tests for each subject—routing and IRT—do not share common questions. And, although the
routing test determines where a child starts on the second stage assessment, the child can go up or
down in question difficulty from this initial placement.
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in parental income. The relationship with income is particularly strong for the
reading and computer availability measures.

3.3 Sample

We include all classrooms that have at least five children who have at least two
non-missing mathematics, reading, and non-cognitive assessments at the beginning
and at the end of the kindergarten year, and two measures of home investment
during the kindergarten year. We drop students who switch schools or classroom
during the kindergarten year because we cannot assign them a unique classroom.
These criteria select 8,656 children within 1,118 classrooms and 637 schools. The
Data Appendix shows the characteristics of our sample relative to the full ECLS-
K sample. In general, our sample of children with complete information is more
socio-economically advantaged relative to the full sample, as indicated by the higher
household income in our sample of about $68,226 (2017 USD) in Table 1 compared
to $62,432 in the full sample.

Table 1 presents descriptive statistics for our sample. At kindergarten entry, the
average age of children is 5.68 years. Sixty-eight percent of the children are white,
non-Hispanic, 14 percent are black, non-Hispanic, 9 percent are Hispanic, and 9
percent are of an other race/ethnicity. Sixty-nine percent of the children are living
with both biological parents. Their mothers are on average 34 years old, have an
average of 13.88 years of schooling, and work an average of 26.13 hours per week.

Examining the kindergarten classrooms and schools, the average class size is
about 20 students.!* Some of the kindergarten classes are half-day, and others full-
day. This implies that the average instructional time across all classrooms is 24 hours
per week, lower than for later grades. The kindergarten teachers are overwhelmingly
female. They have an average of 9.53 years of experience in teaching kindergarten,
and 35 percent of them have at least a master’s degree.

Finally, about 31 percent of the schools in the sample are non-public schools,
including secular and religious private schools. This distinguishes our sample (from
a nationally representative survey) from other work relying on administrative records
from public schools (see for example Krueger, 1999; Chetty et al., 2014a,b; Jackson,
2012). We return to how these characteristics relate to classroom and school quality
in later sections. Given this survey design, it is important to note that our estimated
distribution of classroom quality includes both private and public schools.

14The ECLS-K did not survey all students in each classrooms. The reported class size is the
actual class size, not the average number of children in our sample per classroom.
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3.4 Child Development during Kindergarten

We briefly motivate our analysis by first summarizing patterns in child development
during the kindergarten period. Figure 1 displays the average scores on the mathe-
matics, reading, and non-cognitive assessments at the beginning and at the end of the
kindergarten year, by the level of child’s household income. In this Figure, each score
is normalized using its respective mean and standard deviation at kindergarten entry
to facilitate interpretation. The Figure reveals the wide dispersion of mathematics,
reading, and non-cognitive scores at kindergarten entry across income deciles. At
entry, the gap in average mathematics, reading, and non-cognitive scores between
children at the lowest and the highest income decile is 1.1, 1.0, and 0.5 standard
deviations, respectively.

Figure 2 plots the change in average scores between the beginning and the end
of the kindergarten year. The Figure indicates that, by the end of kindergarten,
the dispersion of average mathematics and non-cognitive scores widens by 0.1 of a
standard deviation, while the dispersion in reading score remains unchanged.'® That
the skill gaps by income do not fall through the kindergarten year, and for two
domains actually increase, suggests that allocation of school and home investments
is actually exacerbating the degree of inequality. Understanding the source of these
patterns motivates our analysis.

4 Estimates

This section presents our estimates of the measurement model and production func-
tion components of the model. The initial conditions—the sorting of children to class-
rooms and distributions of home investments—we describe in a later section. Also in
later sections, we provide validation tests for the model, and interpret the estimates
in a series of decomposition and counterfactual exercises.

4.1 Measurement Parameters

Table 2 presents the estimates of the measurement parameters for our measures of
4 latent variables: mathematics, reading, and non-cognitive skills, and home invest-
ments. (The fifth latent variable—classroom quality—has no particular measures.) The

15The gap in average mathematics, reading, and non-cognitive scores between 10th and 90th
percentiles at the end of the kindergarten are 1.2, 1.0, and 0.6 of a standard deviation, respectively.
Information on the measures, and figures for additional measures are available in the Appendix:
the patterns are similar across the several other measures available.
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location and scale of each measure and latent variable is arbitrary and is determined
by the initial period normalization: each latent variable is normalized to be mean 0
and standard deviation 1. As described above, the location of a measure, given this
initial normalization, is the mean value of the measure. For the mathematics routing
test measure, a location of 5.11 indicates that, at the beginning of kindergarten,
children score on average 5.11 on that test. Similarly, the measurement scale (some-
times referred to as the “factor loading”) is identified from the correlation among the
measures for that latent variable. Given the normalization that each latent variable
has standard deviation 1, the scale can be interpreted as the effect of 1 standard
deviation change in the latent variable. A value of 2.84 for the mathematics routing
test indicates that an increase of 1 standard deviation in the latent factor predicts
an average increase of 2.84 in this measure.

Table 2 also reports the signal-to-noise ratio for each measure at kindergarten
entry. The signal-to-noise ratio is the fraction of the variance of the measure that
is explained by the latent variable. A higher signal-to-noise ratio indicates that the
measure is more informative about the latent variable. The signal-to-noise ratio is
identified from the correlation of the measures: a higher correlation across measures
implies lower noise. Table 2 shows that the signal-to-noise ratios are high for our
measures of mathematics and reading skills. For example, the signal-to-noise ratio of
0.93 for the mathematics routing test indicates that 93% of the measure’s variation
is due to the latent factor, while only 7% of the variance of the measure comes from
noise.

The signal-to-noise ratio is lower for the non-cognitive measures, and in particular
for the home investment measures. For the non-cognitive measures, this is perhaps
not surprising. The non-cognitive measures are based on teacher observations, and
perhaps more error prone than direct, test-based, student assessments of mathemat-
ics or reading. The home investment measures have signal-to-noise ratios ranging
from 0.24 to 0.38. This too is perhaps not surprising given the difficulty of capturing
all aspects of the home environment in a limited set of survey items. But even for
these measures, the estimate of 25 percent signal provides some indication that these
measures are certainly not entirely noise. We return to the issue of whether our
measures of the home environment are sufficient to capture relevant investments in
a series of validation checks. In general, we find that our model is sufficiently rich
enough to capture the influences of family income and other demographic variables
without directly using these variables in the model.

That the measures have non-trivial error components is the main motivation for
pursuing our measurement error correction procedure. We directly assess how mea-
surement error biases estimates of the child development process below, by estimating
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models with and without the measurement error correction.

4.2 Production Technology
4.2.1 Model 1: Baseline Model

Table 3 presents the estimates of the baseline technologies (see the Appendix for the
full list of models). These are the simplest and most restricted models we estimate,
and we provide estimates of several more general models next. The OLS panel of the
Table shows the estimates not corrected for the measurement error, and the IV panel
shows the estimates corrected for measurement error. Recall that our correction for
measurement error is implemented using alternative measures as instruments for the
main measure used.'®

Productivity of Prior Skills Focusing on our preferred IV measurement error
corrected estimates first (we discuss the importance of measurement error later), Ta-
ble 3 indicates that all skills measured at kindergarten entry are important in the
production of each of the skills at exit, but the magnitudes vary substantially. The
estimate of 0.738 indicates that a 1 standard deviation increase in (log) mathemat-
ics skills at kindergarten entry produces (log) mathematics skills of 0.738 standard
deviations. Note that the magnitude of this estimate depends on the initial normal-
ization we chose: all initial period latent variables are normalized to be mean 0 and
standard deviation 1. Given the log-log interpretation for the production technology,
this estimate can also be interpreted as an elasticity: a 1 percent increase in latent
mathematics skills at entry leads to a 0.738 percent increase in mathematics skills
at exit.!” Reading and non-cognitive skills at entry have non-zero productivity in

16In ‘the empirical exercise, we use as measurement-error contaminated variables at kindergarten
entry (M; r0,m) the scores for approaches to learning, math routing test, and reading routing test,
respectively for non-cognitive, math, and reading skills. We use the number of books for home
investments. We use as instruments the remaining measures at kindergarten entry, with the ex-
ception of interpersonal skills because it contains fewer observations, and household characteristics,
such as whether a computer is available and the mother’s years of education. We use as outcome
variables at the end of kindergarten (M; j 1) the scores for approaches to learning, math routing
test, and reading routing test, respectively for non-cognitive, math, and reading skills. We estimate
separate models for each of the three latent skills at kindergarten exit, mathematics, reading, and
non-cognitive.

I7In practice, in these translog functions, the log transformation of skills plays little role here
except to make the model adhere to traditional production function concepts in which outputs and
inputs are strictly positive. As in the previous literature employing factor models in this context,
we assume the measures in the data, which in general can range over the whole real line, measure
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producing mathematics skills at exit, but the magnitude in each case is less than
0.1, indicating a strong specificity in skill. The remaining IV /measurement error
corrected columns show a similar pattern, with stronger own-skill productivity than
cross-skill productivity.

Classroom Quality In addition to kindergarten skills at entry, these baseline
models also include a classroom component, treated as a classroom specific fixed
effect. As discussed above, we normalize the classroom effects to be mean 0 and
standard deviation 1, as with all of the right-hand side latent variables. Therefore,
there is a free parameter to be estimated associated with the classroom effect 7, ;, and
given the normalization, this parameter can be interpreted as the standard deviation
of the classroom effects: V' (v2,;InCji0) =73 ;.

Table 3 indicates that classrooms have a sizable effect on the production of the
kindergarten skills. For example, the elasticity of end-of-kindergarten mathematics,
reading, and non-cognitive skills with respect to classroom investments, after the
measurement error correction, are 0.319, 0.379, and 0.513, respectively. These are
sizable effects, as they are 43, 70, and 70 percent the corresponding elasticity of end-
of-kindergarten skills with respect to initial mathematics, reading, and non-cognitive
skills, respectively. This suggests that higher classroom investment can remediate
a substantial fraction of the skill gaps at kindergarten entry. We return to this
issue later, and directly compute a series of counterfactual re-sorting students to
classrooms, in order to quantify the importance of classrooms.

4.2.2 Model 2: Including Home Investment

We next turn to a second, and more general model, of skill development, including
home/parental investments. We approach home investments in the same way as
skills at kindergarten entry, and estimate models with and without measurement er-
ror corrections. As with all of the latent variables, home investments are normalized
to be mean 0 and standard deviation 1. Table 4 shows that home investments have a
significant effect on child development, while the rest of the elasticities on prior skills
remain unchanged. Focusing first on the measurement error corrected /IV estimates,
the elasticities of end-of-kindergarten mathematics, reading, and non-cognitive skills
with respect to parental investments are 0.128, 0.088, and 0.090, respectively. These
elasticities are approximately between 17% and 40% of the elasticities with respect
to classroom investments, indicating the relatively higher productivity of the kinder-
garten classroom over the home investment. We emphasize that this is the difference

log inputs and outputs, rather than levels.
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in the relative productivity, and show below, in a series of counterfactual decomposi-
tion exercises, that the disparities in home environments by family income are more
important than in those in school environments.

4.2.3 Model 3: Including Complementarities

Table 5 shows the estimates for a third model, which includes a potential complemen-
tarity between the child’s stock of skills and both classroom and home investments.
This is a special case of the model in equation 3.¥ Complementarity in these types
of skill development models imply heterogeneity in the “treatment effect” of both
classroom investments and home investments: depending on the initial stock of skill
entering kindergarten, children will experience different “returns” from a higher qual-
ity classroom or home environment.?

Heterogeneity by Initial Skills Table 5 indicates a megative complementarity
between initial skills and both classroom investments and home investments: class-
room and home investments are more productive for children with low initial skills
relative to children with high initial skills. All of the interaction terms are statis-
tically different from zero at standard levels. Our result here is in contrast to the
typical positive complementarity assumption in which investments are more produc-
tive for higher skill children (see for example Cunha and Heckman, 2007; Cunha
et al., 2010; Attanasio et al., 2017, 2020).2°

To better interpret the heterogeneity of the classroom effects in children, we graph
the implied distribution of elasticities of classroom investments with respect to the
initial stock of a child’s skills in Figure 3. The Figure demonstrates that the elas-
ticities of classroom investments are decreasing in the child’s skills at kindergarten

18Estimates for even more general models are available in Tables B-3-B-4 in the Appendix. These
include models where we allow for interaction between “cross-skills” and classroom, and classroom
and the home investments. We find that these cross-elasticities are imprecisely estimated in the
fully interacted version. The main results are similar, and in particular, all the specifications show
that the productivity of both home investments and classroom investments is higher for lower skill
endowed children. In Table B-7 we report the estimates of a model that includes home investments
and complementarities, but it ignores school inputs. Similar models have been often considered
in the child development literature. The results are in line with the results from our preferred
specification in Table 5.

9The results are robust to different alternatives in terms of “error-contaminated” and alternative
instruments.

20 As described above, the CES technology with constant return to scale imposes a weakly positive
zero cross-partial derivative between inputs.
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entry. For example, a 1 standard deviation increase in classroom investments in-
creases end-of-kindergarten mathematics, reading, and non-cognitive skills of a child
in the lowest decile of initial math skills by approximately 0.45, 0.45, and 0.62 stan-
dard deviations, respectively, whereas the same change in the classroom investments
increases the skills of a child in the highest decile of initial math skills by 0.07, 0.22,
and 0.39 standard deviations. The heterogeneity of home effects with respect to ini-
tial math, reading and non-cognitive skills display a similar pattern (see Figure 4).

Heterogeneity by Family Income Figure 3 and Figure 4 also show the het-
erogeneity of both classroom and home quality with respect to household income.
Household income is not directly part of the model, but it is positively correlated
with the initial stock of a child’s skills (as described more fully below), as well as
with parental investments and classroom assignment. In this Figure, we compute
the heterogeneous treatment effects conditional on income (Y'), where average skill
J at exit for a household with income level Y = y is given by

E(ln 0j,i,1|Y = y) = / E(hl 9j7i71|@0, Ho, CQ) dF(@O, Ho, C()|Y = y),
©0,Ho,Co

and F'(Oo, Hy, Cy|Y = y) is the conditional distribution of the vector of latent initial
skills, parental investments and classroom quality with respect to income.

We estimate that a 1 standard deviation increase in classroom investments in-
creases average end-of-kindergarten mathematics, reading, and non-cognitive skills
of a child in the lowest decile of household income by 0.37, 0.43, and 0.57 percent,
respectively, whereas the same increase in the classroom investments increases skills
of a child in the highest decile of household income by 0.23, 0.31, and 0.47 percent,
respectively. These estimates suggest that targeting low income students with im-
proved classroom quality would produce a higher effect on end-of-grade kindergarten
skill development than the same investments given to students from high income
households. The same conclusion follows if we target low income students with im-
proved home quality (see Figure 4).

4.2.4 Importance of Measurement Error

The other key take-away from Tables 3-5 is the importance of measurement error.
The comparison in our preferred specification in Table 5 between the OLS and the IV
estimates shows that correcting for the measurement error increases own productivity
(diagonal elements), but it decreases cross-elasticities (off-diagonal elements). For

24



example, the elasticity of end-of-kindergarten mathematics skills with respect to
initial mathematics skills increases from 0.606 to 0.741, while the elasticities with
respect to initial reading and non-cognitive skills decrease from 0.128 and 0.131
to 0.067 and 0.070, respectively. The pattern for home investments is similar. The
OLS estimates suggests that the elasticities of end-of-kindergarten skills with respect
to home investments are 0.018, 0.002, 0.009 for math, reading and non-cognitive
production technology, respectively. Once we correct for measurement error, we find
that the elasticities of end-of-kindergarten skills with respect to home investments
are 0.083, 0.068, 0.080 for math, reading and non-cognitive production technology,
respectively.

These are sizable changes in the magnitudes of the productivity estimates, even
with relatively high signal-to-noise measures, and suggest the importance of correct-
ing for measurement error. We return to the importance of measurement error again,
when we describe how correcting for measurement error affects the counterfactual
decomposition results we present below.

5 Testing and Validating the Model

In this section, we test our estimated model using various validation exercises. The
intuition of these validation tests is that if our model is sufficiently rich enough to
capture the key sources of child development, then the model should be able to
make valid out-of-sample type predictions, and its residuals should be uncorrelated
to omitted family characteristics. In particular, we show that our model can match
patterns of child development by family income and race, even though our model does
not include these variables. Our model is able to fully explain income and race gaps
in child development using information about skills measured at kindergarten entry,
parental investments, and kindergarten classroom quality. These results provide a
kind of validation of the estimated model, and give us some confidence that the
results from the estimated model do not suffer from serious omitted variable bias.

5.1 Validation I: Selection on Unobservables

The main assumption for our estimation exercise is essentially a model “sufficiency”
one: our model, including children’s skills entering kindergarten in 3 domains, home
investments, and latent classroom quality, is rich enough to capture the key deter-
minants of child development, so that the remaining unobservable dimensions are
“ignorable.” The threats to validity are the standard ones: that the included la-
tent variables for initial skills, home, and school investments are correlated with any
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omitted aspects of child development.

We follow Chetty et al. (2014a) and use the rich set of “omitted” variables in
our dataset—which are likely strongly correlated with any unobserved dimensions of
child development—as the basis of a validation test. Strictly, the mean-independence
assumption discussed above is untestable. But, as in Chetty et al. (2014a), we use
household income as a proxy for these unobservable dimensions. As demonstrated
in Figures 1-2, household income is strongly correlated with child skills at the end of
kindergarten. However, household income is not included in our model, and therefore
the variation from household income is a kind of out-of-sample variation we can use
for testing.

We perform this test by regressing household income on the estimated residuals
from our preferred, and most general, production function specification (estimates
reported in Table 5). Table 6 shows that household income is unrelated with the
residual variation of child development from our model, in each of the three domains
(math, reading, and non-cognitive). We estimate the same regression both with
and without group-specific fixed effects. Across these specifications, we see that
an increase of $100,000 (in 2017 USD) in annual household income (an enormous
change) is associated with very small changes in end-of-kindergarten residual skill
development. For example, an estimated coefficient of 0.03 (the highest estimated
coefficient) implies that an increase of $100,000 in household income is associated
with an increase of 0.03 standard deviations in skills. These estimates are very small
in magnitude, as the unconditional income gradient estimated via OLS for math,
reading and non-cognitive skills is at least 20 times larger, at 0.78, 0.63 and 0.60,
respectively. Moreover, the estimates are jointly not statistically different from zero.
We interpret this result as a failure to reject the null hypothesis of no omitted variable
bias.

5.2 Validation II: Out-of-Sample Predictions

In a related second test, we assess whether our estimated model is able to predict
the observed variation in end-of-kindergarten scores by household income and race,
variables which we omitted from the model. This idea is essentially the same as
testing whether the estimated model can predict “untargeted” moments—an exercise
commonly performed with structural or model based estimation. In this case, we
are testing whether our model’s specification based only on heterogeneity in chil-
dren’s initial skills, parental investments, and classroom quality is able to explain
achievements gaps across socioeconomic groups.

Figure 5 shows the results for household income. The close match between our
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model prediction and the data indicates that the income gradient of children’s skills is
well explained by our model. And, Figure 6 shows similar results by the child’s race—
another variable excluded from our model. This close match provides confidence that
our model is not omitting important determinants of the child development process.

6 Decomposition Analysis of School and Family
in Child Development

In this section, we interpret our model estimates in a series of decomposition ex-
ercises. We focus on a central question: quantifying the contribution of classroom
and home investments in closing the achievement gaps between children from low
and high income families. We begin our analysis by describing the baseline: the
estimated initial (at kindergarten entry) joint distribution of latent classroom qual-
ity, home investments, and skills—the initial “sorting” of children to classrooms and
home environments. We then examine sorting by family income, which is not di-
rectly part of the model, but we estimate its relationship with the distribution of
initial conditions. We conclude with an exercise in which we manipulate the initial
conditions and decompose the contribution of these re-allocations in the formation
of the observed (at kindergarten exit) inequality in skills among children.

It is important to note that our decomposition exercises do not take into account
for the possible feedback effects of parental investments responses to changes in school
inputs nor endogenous classroom quality responses to changes in home investments.
For example, modeling school inputs as an unobserved fixed effect has the advantaged
of abstracting from the specific determinants of school investments, but it ignores
the possible endogenous responses of classroom quality with respect to changes in
other inputs (e.g., changes in peer quality due to responses in parental investments
as in Agostinelli, 2018; Agostinelli et al., 2020). A similar issue arises with respect
to household investments as parents may change their investments in response to
school quality (e.g. Greaves et al. (2019)). These types of feedback effects imply
that realistic policy effects of improving schools or home environments could be either
lower than our decomposition results imply (as in the case where improved schools
crowds-out parental investment) or higher (as in the case where improved home
environments have a multiplier effect on school quality through improved peers).
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6.1 Baseline Classroom, Home, and Initial Skills at Kinder-
garten Entry

we first use our estimated model to describe the baseline “initial conditions” of the
skill development model: the joint distribution of latent classroom quality, home
investments, and latent kindergarten skills at entry. It is important to note that
these patterns cannot be directly examined using just descriptive correlations of data
variables. The latent distributions we compute are “corrected” for measurement error
using all of the available measurement data, and, in the case of the latent classroom
quality, which has no direct measure, are inferred from outcomes given estimated
model parameters.

Table 7 presents the estimates of the variance-covariance matrix of initial (at
kindergarten entry) latent variables. Because the standard deviation of all inputs
are normalized to one, covariances are equal to correlations. The estimates are de-
rived from our most general model including latent skill and investment interactions,
reported in Table 5.2

Table 7 shows that all three skill domains are positively correlated at kindergarten
entry. Children who enter kindergarten with high mathematics skills also tend to
have high skills in reading and in non-cognitive domains. Similarly, home investments
received by the children during the school year are positively correlated with their
initial skills, suggesting that there are “permanent” aspects of the home environment
that give rise to highly developed children at entry and persist through kindergarten,
reinforcing initial skill advantages.

Turning to the estimated sorting of students to classrooms, characterized by the
estimated latent classroom effect or value-added, we see a much weaker positive, and
in some cases a weak negative, correlation between initial skills and classroom quality.
Recall that we estimate classroom quality in each skill domain separately, allowing us
to distinguish among classroom quality in mathematics, reading, and non-cognitive
domains. Table 7 indicates that children with high mathematics and reading skills
at entry have a slightly higher chance of receiving better quality classrooms in those
domains. But that higher skill children at entry, across all domains, have a slightly
lower chance of receiving a higher non-cognitive skill classroom.

We can also estimate the relationship between classroom quality and latent home
investment. Table 7 indicates that home and classroom quality are negatively cor-

2INote that in our framework, we impose no particular parametric assumption on this distribu-
tion, in contrast to much of the prior literature which imposes that the marginal distribution of
latent variables is Normally distributed or some low dimensional mixture of Normal distributions.
Our estimate of the full joint distribution, beyond the correlations we report here, is available on
request.
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related: children who attend a low quality classroom tend to have higher home
investments. This provides some suggestion that home investments are compensat-
ing for lower quality classroom investments or vice versa.?> Greaves et al. (2019),
for example, find similar results in the context of England. The authors find that
improving (perceived) school quality causes parents to decrease the time investment
into their children.

We can also decompose the between and within school variance in the unobserved
classroom quality estimated in our preferred grouped fixed effect specification (Table
5). Table B-6 shows the results. We find that between 65 and 80 percent of the
total variation in classroom quality is between different kindergarten schools, while
the remaining variation is within schools.

Finally, how long-lasting are these classroom effects? While our estimated model
only covers the kindergarten period, we can use the longer-term longitudinal data
in the ECLS-K dataset to provide some suggestive evidence. We estimate that the
unobserved kindergarten classroom quality have a lasting impact on children’s out-
comes, although our results suggest that the effects fade-out throughout the end of
middle school (Table B-8).

6.2 Decomposition Analysis

We next quantify the importance of the various elements of the model through a
decomposition analysis.

Unrestricted Model Panel A in Table 8 shows the effects for our main specifi-
cation (see Table 5). The first two columns show the average math, reading and
non-cognitive latent skills at the end of kindergarten for children from low-income
families (10th percentile of the income distribution) and high-income families (90th
percentile of the income distribution), respectively. The third column shows the
achievement gap between the two rich and poor sub-groups (the difference between
Columns 2 and 1). The 90-10 gaps are between about 0.71 and 0.98, with respect to
the initial latent distributions, normalized to have standard deviation 1. These gaps
are in terms of latent skills, and as shown previously, our model estimates closely
match the data distribution of observed skill measures.

22This negative association between home investments and classroom quality is not driven by a
mechanical relationship : because some kindergarten classrooms are all-day, rather than half-day,
and these classrooms would tend to therefore have higher “investment,” classroom investments may
therefore be directly crowding out home investment. We repeat the results in Table 7 by controlling
for the type of kindergarten: morning classes, afternoon classes and all-day classes. The results are
unchanged. The results of this additional specification are available upon request.
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In Columns (4) and (5), we simulate changes in the initial conditions of the model.
Column (4) shows the achievement gaps predicted if all children were provided the
average classroom quality of the high-income children, and everything else remains
the same. Column (5) shows the counterfactual achievement gaps predicted from the
model if the low-income children were provided with the average parental investments
of the high-income children, and everything else remains the same.

Our results indicate that both classroom and home environments play an im-
portant role in explaining differences in a child development. Improving classroom
quality closes between 20 and 40 percent of a standard deviation in the skills gap,
while improving parental investments closes the gap between 43 and 57 percent
of a standard deviation. This suggests that parental investments play a relatively
more important role in explaining skills gaps between children from different socio-
economic backgrounds. It is important to contrast this finding with the findings
discussed above that latent classroom quality has a larger effect-size on child skill
formation than home investments. Home investments explain more of the income
gap because home investments are more highly correlated with household income
(i.e. more unequally distributed) than classroom quality, so that a counterfactual
change in home investments is a larger investment change.?3

No Measurement Error Correction The previous results in Panel A were for
our preferred model. Panel B in Table 8 shows the effects for a restricted version of
the model, a linear model (without complementarities) where we do not correct for
measurement error (see Appendix for the list of models). Columns (4) and (5) show
the decomposition results for this model. In this case, we find the opposite result as
in Panel A: classroom quality is relatively more effective in reducing skills inequality.

The difference in the results between Panel A and Panel B suggests the impor-
tance of our model generality. In particular, it highlights the importance of: (i)
addressing the measurement error problem; and (ii) modeling heterogeneous class-
room effects via our general interactions model. Only with the more general model
do we see the importance of home environment as a key mechanisms in explaining
developmental differences during kindergarten.

230Qur decomposition results should not be interpreted as evidence that the public school system
exacerbates inequality in skills. Our model is not well equipped to analyze the counterfactual
scenario of educational outcomes without a public school system. This exercise is beyond the scope
of our paper. In addition, it is possible that when all children have access to school quality at a high
level, then some richer parents will demand and utilize even better private schools or use tutoring
to provide their children with some advantage. These types of endogenous household responses are
beyond the scope of the present paper as well.
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Simple Value-Added Model Panel C estimates a third model, a special case
imposing a simple VA specification (see Appendix for the list of models), replicating
a common specification in the prior education production function literature. In this
specification, we omit non-cognitive skills, complementarities, and home investments,
and do not correct for measurement error (i.e. a simple linear model with lagged math
and reading scores as covariates and classroom fixed effects, which we estimate using
OLS). In this simple VA model we find that the classroom component is considerably
smaller than in our preferred estimates in Panel A, reducing gaps between 0.15 and
0.23 percent of a standard deviation.

Achievement Gaps and Within-School Reassignment Panel D in Table 8
shows the results of a similar exercise as in Panel A, where we now reassign the 90th
percentile of both classroom and family inputs within a school to the most disadvan-
taged children of that school (10th percentile). This exercise helps us highlight the
role of within-school inequality in inputs. Our results suggest two main messages: (i)
the within-school variation in classroom quality contributes little in the dispersion
of children’s outcomes; and (ii), the within-school variation in family inputs predicts
a sizable reduction in the inequality of math, reading and non-cognitive skills.

7 Conclusion

We develop an empirical framework that is general enough to nest many of the key
features of two previously separate and parallel research programs, the Child Devel-
opment literature and the Education Production Function literature. Our framework
allows for both classroom and parental influences in child development, imperfect
measures of both skills and inputs, cognitive and non-cognitive skills, and comple-
mentarities between children’s skills and investments from home and school. We
find that investments from classrooms and from home are important determinants
of children’s skills at the end of kindergarten. In addition, we document a negative
complementarity between children’s skills at kindergarten entry and both invest-
ments from classrooms and investments from home, implying that low-skill children
benefit the most from an increase in the quality of schools and home environment.
The counterfactual scenarios show that providing all children with the 90th percentile
of either classroom investments or home investments would substantially reduce the
90-10 skill gap, with greater effects for home investments because high quality home
environments are more unequally distributed than school environments. Finally, we
use the validated model to show that the estimated classroom effects in the class of
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value-added models (widely used in the education literature) are biased because of
relevant omitted information about parental investments and children’s non-cognitive
skills that drive the selection into classrooms.
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Figure 1: Cognitive and Non-cognitive Scores by Income Deciles
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Source: ECLS-K:1998-99.

Notes: The Math and Reading scores are raw scores. The non-cognitive score is the ap-
proaches to learning score evaluated by the teacher. The scores are standardized using
the mean and the standard deviation of scores at k-entry. Let M;; denote a score for
child ¢ in round ¢t = 0,1 (0 is entry, 1 is exit), then the child’s standardized score is
Mm = (M; — po)/oo, where pg is the estimated sample mean at k-entry, and o is the
estimated standard deviation at k-entry. The average household income in 10,000 2017USD
by deciles of the household income distribution are: 1=1.2, 2=2.8, 3=4.1, 4=5.2, 5=6.3,
6=7.4, 7=8.6, 8=10.1, 9=11.6, and 10=13.4.
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Figure 2: Change in Cognitive and Non-cognitive Scores During Kindergarten by Income Deciles
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Source: ECLS-K:1998-99.

Notes: The Math and Reading scores are raw scores. The non-cognitive score is the ap-
proaches to learning score evaluated by the teacher. The scores are standardized using
the mean and the standard deviation of scores at k-entry. Let M;; denote a score for
child 7 in round ¢ = 0,1 (0 is entry, 1 is exit), then the child’s standardized score is
Mi’t = (M, — po)/00, where g is the estimated sample mean at k-entry, and og is the
estimated standard deviation at k-entry. The change is the difference between k-exit and k-
entry standardized scores (M” — Mi,o)- The average household income in 10,000 2017USD
by deciles of the household income distribution are: 1=1.2, 2=2.8, 3=4.1, 4=5.2, 5=6.3,
6=7.4, 7=8.6, 8=10.1, 9=11.6, and 10=13.4.
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Figure 3: Elasticities of Classroom Investments
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Notes: This figure shows the estimated heterogeneity in the elasticities of skills with respect
to classroom investments. In particular, we plot the elasticity of children’s skills 6;; +41

with respect to classroom investments conditioning either on the initial level of skills k
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model with complementarities (see Table 5).
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Figure 4: Elasticities of Home Investments
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Notes: This figure shows the estimated heterogeneity in the elasticities of skills with
respect to home investments. In particular, we plot the elasticity of children’s skills
0;,i.++1 with respect to home investments conditioning either on the initial level of skills
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Figure 5: Model Validation: Out-of-Sample Fit of Average Skills by Income
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Source: ECLS-K:1998-99.

Notes: This figure displays the results for the validation exercise with respect to family
income. Each bar represents the mean children’s skills (math, reading or non-cognitive) by
income deciles in the data (grey) and predicted by the estimated model in Table 5 (black),
respectively. Family income is not an included variable in the estimated model; model
predictions for family income are therefore outside of the model.
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Figure 6: Model Validation: Out-of-Sample Fit of Average Skill by Child’s Race
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Source: ECLS-K:1998-99.

Notes: This table displays the results for the validation exercise with respect to the child’s
race/ethnicity: White (non-Hispanic), Black, Hispanic, Asian, Native American and Others.
Each bar represents the mean children’s skills (math, reading or non-cognitive) by the child’s
race/ethnicity in the data (grey) and predicted by the estimated model in Table 5 (black),
respectively. Race/ethnicity is not an included variable in the estimated model; model
predictions for race are therefore outside of the model.
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Table 1: Descriptive Statistics at Kindergarten Entry

Variable Mean Std. Dev.
A: Characteristics of Child

Number of children 8,656

Age 5.68 0.36
Fraction male 0.51

Fraction White, Non-Hispanic 0.68

Fraction Black, Non-Hispanic 0.14

Fraction Hispanic 0.09

Fraction other Race/Ethnicity 0.09

Fraction living with both biological parents 0.69

Fraction living with one biological parent 0.27

Fraction living with no biological parent 0.04

Fraction having no sibling 0.17

Fraction having one sibling 0.45

Fraction having two siblings 0.26

Fraction having three or more siblings 0.12

B: Characteristics of Household

Mother’s age 33.89 6.36
Father’s age 36.77 6.69
Mother’s years of schooling 13.88 2.23
Father’s years of schooling 14.13 2.56
Mother’s hours worked 26.13 19.01
Father’s hours worked 46.05 13.91
Household income (2017 USD) 68,226 35,480
C: Characteristics of Classroom

Number of classrooms 1,118

Class size 20.11 4.65
Instructional time (hours/week) 24.03 9.26
Fraction of Female Teachers 0.99

Teacher’s age 42.23 9.79
Teacher years of experience teaching kindergarten 9.53 7.88
Fraction of teachers having at least a master’s degree 0.35

D: Characteristics of School

Number of schools 637

School year length (days) 178.25 3.13
Fraction public school 0.69

Fraction of students receiving free or reduced price lunch  0.26 0.27

Source: ECLS-K: 1998-99.

42



Table 2: Estimates of Measurement Parameters at Kindergarten-Entry

Latent Location Scale Signal to Noise Ratio
Math Skills Math (Routing) 5.11 2.84 0.93
Math (IRT) 27.56 8.84 0.92
Reading Skills Reading (Routing) 6.25 3.94 0.98
Reading (IRT) 36.28 9.51 0.83
Non-cognitive Skills Approach to Learning 3.04 0.50 0.58
Self Control 3.11 0.53 0.76
Interpersonal Skills 3.01 0.56 0.81
Home Investment Number of Books 84.77  29.49 0.24
Computer is Available (Y/N) 0.63 0.25 0.27
Mother’s Years of Education 13.88 1.38 0.38

Source: Model estimates using a sample of ECLS-K data.

Notes: The estimates are for the initial period (¢ = 0). For each measure M, ; »,, of latent w at time ¢, the location
IS fte t,m, the scale is A, ;.m, and the signal-to-noise ratio is 1 — var(€w, i,m)/var(My t.m). See the measurement
equation 6 for more details.
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Table 6: Selection on Observables

Residuals In 9]\/[71 In GM,l In 6‘R71 In 9371 In 9]\771 In 91\771

Family Income (10k $) -0.000  0.000  -0.000  -0.000  0.003  0.003
(0.001) (0.001) (0.001) (0.001) (0.002) (0.002)

Group F.E. v v v

Source: ECLS-K:1998-99.

Notes: Each entry is the estimate from a separate regression of the model residuals on family income,
which was not included in the model. Odd columns show the pooled results, while even columns show
the results with group-specific fixed effects. Standard errors are in parenthesis. Results pertain to
the model with complementarities (see Table 5). The unconditional income gradient for skills— esti-
mated via OLS by regressing children’s skills at the end of kindergarten on family income — (in 10,000
2017USD) for math, reading and non-cognitive skills is 0.078, 0.063 and 0.060, respectively.
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Table 7: Initial Conditions

H @ B @ 6 6 O

mbyo (1) 1.00

IHQR’O (2) 0.69 1.00

InH, (4 053 042 033 1.00

InCpyp (5) 0.02 0.03 -0.02 -0.03 1.00

InCgro (6) 0.01 0.04 -0.02 -0.07 0.05 1.00
InCyo (7) -0.04 -0.03 -0.01 -0.11 0.01 0.02 1.00

Source: Model estimates using a sample of ECLS data.

Notes: This table shows the variance-covariance matrix of skills, class-
room quality and home quality. The variance of skills, classroom quality
and home quality are normalized to one.
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Appendices
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A Identification of Measurement System

The identification of the location parameter is the same for all the measures for every type of
skills or parental investments. It is based on the normalization of the location of the latent
variables during the first period:

E[M0m] = tw,om for all w0 € {Ori0,0r,0,0n,0, Hio} (A-1)

where {010, 0r.i0,Oni0, Hio} represents a child’s math skills, reading skills, non-cognitive skills
and parental investments, respectively.

The identification of the factor loading requires few more algebraic steps. Let’s start with
the non-cognitive skills, the case in which we have three different measures and we identify the
factor loading as:

C M maM m/ C M maM m/
)\Mo,m_\/ ov(Mpp, No.m)Cov(Mp o, N0, )Vm (A-2)

COU(MN,O,m’, MN,O,m”)

where (m, m', m") are three different measures for the child’s non-cognitive skills.
We now identify the rest of the loading factors using only two different measures for each
type of skill. In the case of math skills 6, we have

Cov(Mar0.ms Marom ) Cov(Muro.m, My om)
Cov(Mz0,m', Mno,m)

)\M,(],m : >\M,0,m’ : VCLT(QM) : )\M,O,m : )\N,O,m : COU(QM, 9N)
=1
)\M,O,m’ : )\N,O,m : COU(HM, 9N)

)\?\/[707,71 = )\M,O,m vm )
which shows that we only need two different measures (m, m’) for math to identify its mea-

surement parameters once we have at least two skills. Identification of measurement parameters
for reading skills (fg) and parental investments (H) is similar.
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B Supplementary Tables and Figures
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Figure B-1: Home Investments in the Year of Kindergarten over Income Deciles
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Source: ECLS-K:1998-99.

Notes: This figure shows the distribution of various parental investment measures over the
household income deciles in our data.
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Figure B-2: Home Investments in the Year of Kindergarten over Income Deciles
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Notes: This figure shows the distribution of various parental investment measures over the

household income deciles in our data.
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Figure B-3: Home Investments in the Year of Kindergarten over Income Deciles
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Notes: This figure shows the distribution of various parental investment measures over the

household income deciles in our data.
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Figure B-4: Home Investments in the Year of Kindergarten over Income Deciles: Age Adjusted
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Notes: This figure shows the distribution of various parental investment measures over the
household income deciles in our data. Each parental investment measure is age adjusted,
, it is the residual variation after controlling for children’s age (in months).
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Figure B-5: Home Investments in the Year of Kindergarten over Income Deciles: Age Adjusted
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Notes: This figure shows the distribution of various parental investment measures over the
household income deciles in our data. Each parental investment measure is age adjusted,
i.e., it is the residual variation after controlling for children’s age (in months).
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Figure B-6: Home Investments in the Year of Kindergarten over Income Deciles: Age Adjusted
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Notes: This figure shows the distribution of various parental investment measures over the
household income deciles in our data. Each parental investment measure is age adjusted,
i.e., it is the residual variation after controlling for children’s age (in months).
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Density
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Figure B-7: The Distribution of Class Size

.05

O_

10 15 20 25 30

Class Size

Source: ECLS-K:1998-99.
Notes: This figure shows the empirical distribution of classroom size in our estimating

sample.
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Figure B-8: Distribution of Racial Composition between Classrooms
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Notes: This figure shows the empirical distribution of racial composition between classrooms

in our sample.
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Table B-1: Children’s Scores and Home Investments at Kindergarten-Entry

Obs Mean SD Min Max

Math Skills:

Math (Routing) 8656 5.11 294 0.00 16.00
Math (IRT) 8656 27.56 9.22 10.51 96.04

Reading Skills:

Reading (Routing) 8656 6.25 3.97 0.00 20.00
Reading (IRT) 8656 36.28 10.45 21.45 138.51

Non-cognitive Skills:

Approach to Learning 8656 3.04 0.66 1.00  4.00
Self Control 8656 3.11  0.61  1.00 4.00
Interpersonal Skills 8430 3.01 0.62 1.00  4.00

Home Investments:

Number of Books 8656 84.77 60.30 0.00 200.00
Computer is Available (Yes/No) 8656 0.63 0.48 0.00  1.00
Mother’s Years of Education 8656 13.88 2.23  8.00  20.00

Source: ECLS-K:1998-99.

Notes: The math and reading routing scores are a count of the number of items a child
answers correctly on the routing test. The math and reading IRT score are an estimate
of the number of items that a child would have answered correctly had she taken all
of the questions on all forms. Non-cognitive scores are rated by the teacher on a scale
of 1 to 4: 1=Never, 2=Sometimes, 3=0ften, 4=Very Often. See the Data Section for
more information.
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Table B-2: Descriptive Statistics at Kindergarten Entry; Full ECLS-K Data

Variable Mean Std. Dev.
A: Characteristics of Child

Number of children 21,409

Age 5.66 0.37
Fraction male 0.51

Fraction White, Non-Hispanic 0.55

Fraction Black, Non-Hispanic 0.15

Fraction Hispanic 0.18

Fraction other Race/Ethnicity 0.12

Fraction living with both biological parents 0.66

Fraction living with one biological parent 0.30

Fraction living with no biological parent 0.04

Fraction having no sibling 0.18

Fraction having one sibling 0.42

Fraction having two siblings 0.26

Fraction having three or more siblings 0.14

B: Characteristics of Household

Mother’s age 33.21 6.63
Father’s age 36.23 6.99
Mother’s years of schooling 13.36 2.38
Father’s years of schooling 13.64 2.69
Mother’s hours worked 25.01 19.50
Father’s hours worked 44.81 14.25
Household income (2017 USD) 62,432 35,820
C: Characteristics of Classroom

Number of classrooms 5,224

Class size 20.27 4.41
Instructional time (hours/week) 23.90 8.91
Fraction of Female Teachers 0.98

Teacher’s age 41.34 10.12
Teacher years of experience teaching kindergarten 8.76 7.70
Fraction of teachers having at least a master’s degree 0.37

D: Characteristics of School

Number of schools 1,591

School year length (days) 178.31 3.14
Fraction public school 0.79

Fraction of students receiving free or reduced price lunch  0.31 0.28

Source: ECLS-K: 1998-99.
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Table B-5: Analysis of Classroom Quality

(1) (2) (3) (4) () (6) (7) (8) (9)
Math Classroom Quality Reading Classroom Quality Noncognitive Classroom Quality
Instructional Time (hours/day) 0.028%**  0.019 0.018 0.062*%**  0.080***  0.080***  -0.006 0.017 0.018
(0.006) (0.032) (0.032) (0.008) (0.025) (0.025) (0.010)  (0.042) (0.042)
Instructional Time (days/week) 0.044 -0.038 -0.034 0.139***  -0.011 -0.012 0.059 0.142 0.139
(0.033) (0.045) (0.043) (0.034) (0.090) (0.090) (0.043)  (0.221) (0.222)
Class Size -0.002 0.007 0.007 -0.003 -0.014* -0.014* 0.009**  0.006 0.006
(0.002) (0.007) (0.007) (0.003) (0.008) (0.008) (0.004)  (0.015) (0.015)
Teacher’s Age 0.002* -0.001 -0.001 0.004** 0.002 0.002 0.002 -0.001 -0.001
(0.001) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)  (0.004) (0.004)
Years of Experience at the current school — -0.004***  -0.004 -0.004 -0.004** -0.002 -0.002 -0.000  -0.003 -0.003
(0.002) (0.003) (0.003) (0.002) (0.003) (0.003) (0.003)  (0.005) (0.005)
In Hy -0.004*** -0.004*** -0.007***
(0.001) (0.001) (0.002)
In 60 -0.001 0.002 -0.007
(0.003) (0.003) (0.006)
Inbro 0.009*** 0.002 0.000
(0.003) (0.003) (0.006)
Infn o -0.004 0.003 0.004
(0.003) (0.003) (0.005)
N 7546 7546 7546 7546 7546 7546 7546 7546 7546
School F.E. No Yes Yes No Yes Yes No Yes Yes

Source: the ECLS-K.

Notes: this table shows how the estimated latent classroom quality is associated with classroom, teachers’ and children’s characteristics. Results pertain to the model with

complementarities (see Table 5).



Table B-6: Variance Decomposition of Unobserved Classroom Quality

Var(InCyp ) Var(InCpr) Var(InCpy )

Between Schools Variance (%) 70.7 80.6 64.8
Within School Variance (%) 29.3 19.4 35.2
Source: Model estimates using a sample of ECLS-K data.

Notes: The table shows the within/between school variance decomposition of the estimated la-
tent classroom quality.
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