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Abstract

This paper studies the determinants of children’s scores on tests of cognitive achievement
in math and reading. Using rich longitudinal data on test scores, home environments, and
schools, we implement alternative specifications for the production function for achievement
and test their assumptions. We do not find support for commonly used restrictive models
that assume test scores depend only on contemporaneous inputs or that assume conditioning
on a lagged score captures all the effects of past inputs. Instead, the results show that both
contemporaneous and lagged inputs matter in the production of current achievement and
that it is important to allow for unobserved child-specific endowment effects and endogeneity
of inputs. Using a specification that incorporates these features, we study the sources of
test score gaps between black, white and Hispanic children. The estimated model captures
key patterns in the data, such as the widening of minority-white test score gaps with age
and differences in the gap pattern between Hispanics and blacks and between boys and girls.
We find that equalizing home inputs at the average levels of white children would close the

black-white test score gap by about 25% and close the Hispanic-white gap by about 30%.
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1 Introduction

It is well documented that scores on cognitive tests taken during adolescent years are corre-
lated with adult labor market outcomes, such as educational attainment and earnings.! Even
scores on tests taken as early as age seven have been shown to be correlated with measures
of labor market success.? These findings have led many researchers to assign a large role to
"premarket factors" in explaining earnings inequality, where premarket factors are broadly
interpreted to represent endowed ability, the effects of family background and the influence
of schools.

Premarket factors are also considered an important part of the explanation for racial

3 While it is conceivable

differences in test score performance and labor market outcomes.
that test score gaps could arise from differential investment in children based on expectations
about future labor market returns (a post market rather than a premarket factor), Carniero,
Heckman and Masterov (2002) argue that this is an unlikely explanation for gaps observed
for children at the ages of school entry. Test score gaps between white and black children
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emerge at early ages and tend to widen with age.” Overall, the average test score gap between

whites and minorities has narrowed substantially since the 1970’s, but black children still
score about 15-25% lower than whites on average and Hispanic children about 10% lower.’

The belief that eliminating racial differences in test score performance would reduce

!See e.g. Leibowitz (1974), Murnane, Willett and Levy (1995), Neal and Johnson (1996), Keane and

Wolpin (1997), and Cameron and Heckman (1998).
2 For example, Robertson and Symons (1996) find that age seven test scores predict occupational choices;

Currie and Thomas (1999) document their correlation with adult educational and labor market outcomes.
Hutchinson, Prosser and Wedge (1979) observe that test scores at age seven are highly correlated with scores
at age 16. All of these studies are based on data gathered by the British National Child Development

Survey, which has been following a cohort of Children born during one week in March, 1958.
3Neal and Johnson (1996).
4See Carniero, Heckman and Masterov (2002), Levitt and Fryer (2002), Phillips, Crouse and Ralph (1998),

and section 3 of this paper for evidence on the widening of cognitive achievement scores by age. There is,
however, some debate over whether test scores widen as children progress through school grades (Ludwig

(2003)). Carniero and Heckman (2003) discuss gap patterns by age in noncognitive test score measures.
%See Jencks and Phillips (1998), Cook and Evans (2000) for a discussion of trends in scores on NAEP

(National Assessment of Educational Progress) tests. Hedges and Nowell (1998, 1999) analyze data from six
surveys that include EEO (Equal Educational Opportunity Data), National Longitudinal Study of the High
School Class of 1972, High School and Beyond, National Longitudinal Survey of Youth (1979), National
Education Longitudinal Study of 1988, and NAEP.



inequality in labor market outcomes is an important motivation for an extensive, multidis-
ciplinary literature aimed at understanding the determinants of children’s test scores. One
branch of the literature studies the role of parental characteristics and the early home envi-
ronment in producing early cognitive skills. Another branch examines the influence of school
characteristics on children’s test scores.

In both literatures, there have been debates over which inputs increase children’s achieve-
ment and to what extent. For example, many child development studies consider the question
of whether early maternal employment is detrimental for children’s achievement. There is
wide variation in reported empirical estimates, even for studies based on the same data.® In
studies of school effects, there are disagreements over whether inputs such as pupil-teacher
ratios, teacher experience and teacher salaries matter in producing cognitive skills.” A
leading candidate for explaining why studies reach such different conclusions is that the sta-
tistical models used to estimate relationships between inputs and outcomes are misspecified.
(Krueger, 2003, and Todd and Wolpin, 2003)

Ideally, in analyzing cognitive achievement of children, it would be useful to have access
to data on all past and present family and school inputs as well as information on children’s
heritable endowments. No dataset is that comprehensive, so researchers have had to con-
front problems of missing data and imprecisely measured inputs. Datasets used in studies of
early childhood development often have information on family inputs but lack information
on schools.® Datasets used in studies of school effects often contain information on contem-
poraneous school inputs, but have limited or no information on the home environment and
on historical school inputs.

Confronted with what are sometimes severe data limitations, researchers have pursued
a variety of estimation strategies to overcome them. One approach explicitly recognizes

the presence of omitted variables and develops estimators that allow for them. For example,

6For example, estimates range from maternal employment being detrimental (Baydar and Brooks-Gunn,
1991; Desai et. al., 1989; Belsky and Eggebeen, 1991), to its having no effect (Blau and Grossberg, 1992) to

its being beneficial (Vandell and Ramanan, 1992).
"For example, Krueger (1998) and Hanushek (1998) both analyze data on National Assessment of Edu-

cational Progress (NAEP) test scores, with Krueger concluding that increases in per pupil expenditure have
led to modest gains and Hanushek concluding no effect. Also, see a summary of the issues in the debate

surrounding the impact of school quality on achievement and earnings in Burtless (1996).
8For example, Baharudin and Luster (1998) and Crane (1996) analyze effects of family inputs on cognitive

achievement of school-age children without taking into account the contribution of schools.



Murnane, Maynard and Ohls (1981) use school fixed effects to address the problem of missing
school inputs, under the assumption that children within the same school receive the same
inputs. Rosenzweig and Wolpin (1994) and Altonji and Dunn (1996) address the same
problem using sibling fixed effects. An alternative approach that is commonly taken when
the data lack information on historical input measures, is to adopt a value added specification,
which assumes that a previous test score serves as a sufficient statistic for the influence of
historical inputs. Another remedy to the missing data problem is to use one or more proxy
variables that are not considered direct inputs into cognitive achievement, but are included
in the analysis under the presumption that they alleviate omitted variables bias given their
correlation with omitted inputs. Variables such as family income or race could be considered
such proxy variables.’?

This paper studies the determinants of children’s scores on tests of cognitive achievement
in math and reading. Specifically, we estimate a production function for achievement that is
consistent with theoretical notions that child development is a cumulative process depending
on the history of family and school inputs and on heritable endowments. We base our
analysis on rich data containing longitudinal information on both family and school inputs.
These data enable implementation of more general models and allow testing of many of the
modeling assumptions commonly invoked in the literature. Our work builds in some ways
on Boardman and Murnane (1979), who were the first to formalize a cumulative model of
the cognitive achievement production function and to discuss its implementation in cross-
section and panel data settings.!° This paper also builds on Todd and Wolpin (2003),
which surveyed various approaches in the literature to estimating the cognitive achievement
production function.!'!

This paper has two main goals: to quantify the impact of home inputs and school in-
puts on children’s achievement and to analyze the contribution of home and school inputs
in accounting for racial test score gaps. Our analysis is based on data from the National
Longitudinal Surveys of Labor Market Experience - Children Sample (NLSY79-CS) merged
together with school data obtained from three sources: the Common Core Data (CCD), the

9See Todd and Wolpin (2003) and section four below for a discussion of potential biases associated with

the use of proxy variables.
10We recently became aware of this insightful but overlooked paper.
HFor each method, they presented the identifying assumptions, the data requirements, and conditions

under which assumptions of the estimation method could be tested.



School and Staffing Survey (SASS) and the American Federation of Teachers (AFT). The
NLSY79-CS data contain detailed longitudinal information on children’s home environments
and on child achievement as measured by scores on tests that are administered biannually.
Although these data are also deficient in some respects, they come closest to the ideal for
estimating cognitive achievement production functions. Using these data, we implement al-
ternative specifications and perform a number of model specification tests aimed at assessing
the importance of missing data on inputs, endogenous inputs and unobserved heterogeneity,
all of which we find to be empirically relevant. Evidence based on a specification that allows
for these features of the data finds both current and past home inputs to be significant de-
terminants of test score outcomes. The effects of the school input variables on test scores are
usually not precisely measured in the specifications that allow for unobserved heterogeneity.

We use our estimates of the cognitive achievement production function parameters to
examine the extent to which home and school input differences can account for racial dispar-
ities in test scores among African American, white and Hispanic children. Our work differs
from earlier studies, in part, because our specification allows for unobserved endowment ef-
fects, potentially endogenous input choices, and for the cumulative effects of lagged inputs.'?
The empirical results show that equalizing home input levels at the average level observed
for white children would close about 25% of the black-white test score gap (in both math
and reading) and 30% of the Hispanic-white test score gap. We also find that the estimated
cognitive achievement production function fits well the pattern of rising black-white test
score gaps with age as well as differences in test score gap patterns between girls and boys.

Our finding that home input gaps are important in accounting for racial test score gaps
contrasts with findings reported in Levitt and Fryer (2004). That paper argues that home
input gaps cannot account for black-white test score gaps, because home input gaps remain
roughly constant over time whereas test score gaps widen with age. Their observation
is based on a specification in which test scores depend on current home inputs. In this

paper, we show that a specification that allows test scores to depend on both current and

2For example, Cook and Evans (2000) decompose test score differences into components due to changing
relative levels of parental education, changing levels of school quality, and a narrowing of within school
gaps, using data from NAEP (National Assessment of Educational Progress). The NAEP dataset has the
advantage of being a large representative sample with multiple observations per school, but it contains little
information on childrens’ home environments and is not longitudinal. Also, see Fuchs and Reklis (1994) for

an analysis of the sources of racial math test score differences using state-level NAEP data.



historical home inputs can explain why black-white test score gaps widen with age, because a
constant home input gap over time implies a widening cumulative gap. In a recent working
paper, Levitt and Fryer (2005) appear to dismiss the cumulative specfication as a potential
explanation for the widening test score gap based on a finding that the estimated coefficients
associated with current home inputs do not change much when lagged inputs are included in
the specification.!> However, this finding really has no bearing on whether home inputs can
account for the widening of the gap, which depends not on whether the estimated current
input effect is changed but rather on whether lagged inputs matter in the specification.
This paper proceeds as follows. Section two of the paper proposes a conceptual frame-
work for modeling the cognitive achievement production function and considers its empirical
implementation. Section three describes our data sources and the variables used to represent
home and school inputs into the production process. Section four presents estimates of the
cognitive achievement production function obtained under alternative specifications. Our
specification tests reject all of the more restrictive specifications in favor of one that allows
for endogenous inputs and unobserved endowments. Section five uses the estimated cognitive
achievement production function to evaluate the sources of racial disparities in test scores.

Section six concludes.

2 Alternative Approaches to Modeling and Estimating

the Production Function for Achievement

2.1 A General Framework

In this section, we lay out a general framework for modeling the cognitive achievement pro-
duction function. Let T}, be a test score measure of achievement for child ¢ residing in
household j at age a. We conceive of knowledge acquisition as a production process in which
current and past inputs are combined with an individual’s genetic endowment of mental

capacity (determined at conception) to produce a cognitive outcome.' We distinguish be-

B3Levitt and Fryer (2005), p. 17.
4The production function framework was first formally modeled by Ben Porath (1967) in the context of

an individual decision-maker choosing the level of (time and money) resources to devote to human capital
investments. It has since served as the basis for much of the literature on skill acquisition in economics.

Leibowitz (1974) was the first to extend this conception to home investments in children.



tween two kinds of inputs into the production function: inputs that are endogenous and
reflect choices made by parents (such as how often parents read to the child or the charac-
teristics of the school the child attends) and inputs that are exogenous and not subject to
parental choice (such as a random illness or the quality of the teacher the child is assigned
to within the school).

Denoting the vector of parent-chosen inputs at a given age as Y¢

ija’
e
as Y%,

and exogenous inputs
and the vectors of their respective input histories as of age a as Y3(a) and Y(a),
and also denoting a child’s endowed mental capacity (“ability”) as ji,;, the achievement

production function is given by

Tijo = T(Y5(a), Yi5(a), tijo, €iga) (1)

where ¢;;, represents measurement error.'?

As described in the introduction, the empirical implementation of (1) is difficult for three
reasons: (i) heritable endowments are unobservable; (ii) data sets on inputs are incomplete
(i.e. have incomplete input histories and/or missing inputs) and; (iii) inputs may be chosen
endogenously with respect to unobserved endowments and/or prior realizations of achieve-

ment.

2.2 The Contemporaneous Specification

Suppose that the dataset only contained information on contemporaneous input measures
and all historical data were missing, as is typical with cross-section data. In this case, one
option is to adopt a contemporaneous specification, which relates an achievement test score

measure solely to contemporaneous measures of inputs:

T;;ja = T(}/z;a’

Y;;a) + E‘:;ja’ (2)

where ¢/, is an additive error and where, for now, we assume that all of the contemporane-

ija
ous inputs are observed.!® The following assumptions on the production technology and on

the input decision rules would justify the application of (2) as a way of estimating (1).

15The T(-) function is assumed not to differ depending on the age of the child. See Todd and Wolpin

(2003) for a discussion of the case where it may vary.
16The problem of missing data on inputs will be considered below.



(i) Only contemporaneous inputs matter to the production of current achievement.

or

(ii) Inputs are unchanging over time, so that current input measures capture the history
of inputs.

and, in addition to (i) or (ii),

(iii) Contemporaneous inputs are unrelated to (unobserved) endowed mental capacity.

/
ija

In a contemporaneous specification, the residual term €. includes any omitted factors—
the history of past inputs, endowed mental capacity—as well as measurement error. The
assumptions necessary to consistently estimate the impact of contemporaneous inputs, the
only observable data, are obviously quite severe.

In particular, assumption (iii)~that inputs and endowed ability are uncorrelated—is in-
consistent with economic models of optimizing behavior. Economic models in which parents
care about a child’s cognitive development imply that the amount of resources allocated
to the child, in the form of purchased goods and parental time, will be responsive to the
parent’s perception of a child’s ability. Thus, while the contemporaneous specification has

weak data requirements, strong assumptions are required to justify its application.!”

2.3 The Value-Added Specification

An alternative specification that is sometimes adopted when data on input histories are not
available is a wvalue-added model. In its most common form, this specification relates an
achievement outcome measure to contemporaneous school and family input measures and a
lagged (baseline) achievement measure. The baseline achievement measure is taken to be a
sufficient statistic for input histories as well as for the unobserved endowed mental capacity.
Evidence based on the value-added specification is generally regarded as being better (more
convincing) than that based on a contemporaneous specification. (See, e.g., Summers and
Wolfe, 1977, Hanushek, 1996).

Let X;j, denote the vector of inputs that are observed in the data and v;;, the inputs
that are not observed. The conventional value-added specification assumes that equation
(1) can be written as an additively separable function only of a previous period baseline test

score and observed contemporaneous inputs (inputs applied between the baseline measure

1"The test score specification estimated in Fryer and Levitt (2002) can be viewed as a form of the contem-
poraneous specification. It relates current test scores to contemporaneous measures describing the child’s
home and school environment, without allowing for endogeneity of inputs or for the effects of unobserved

endowments.



and a current measure):'®

Tija = Xija@ + YTija—1 + Nija- (3)

As first shown in Boardman and Murnane (1979), a value-added specification imposes

severe restrictions on the coefficients of the cumulative model.!?

In our context, consider
the regression analog of (1), where test scores can depend on both observed and unobserved

contemporaneous and historical inputs and on unobserved endowments:

Tija = Xijaon + Xjje—100 + ... + Xjji04 +
Battijo + {Vijapy + Vija—1pg + - + Viji1py + Eija)
= Xijao1 + Xjja—100 + ... + X104 + ﬁaﬂijo + €ija- (4)

Here, €;j, is an error term that includes the effect of the history of unobserved inputs and
measurement error, so €;;, would be expected to be serially correlated. Subtracting v7;;,-1

from both sides of (4) and collecting terms gives,

Tijo = Xijao1 + Va1 + Xija—1(aa —yoq) + ... + Xiji (o — yaa—1) (5)
+(Ba = VBa—1)HMijo + {€ija — V€ija—1}

where €54 — V€ij0—1 = Vijapy + Uija71<p2 —yp1) + .+ Uijl(pa — VPa—1) + Eija — VEija—1- For
(5) to reduce to (3), three conditions suffice:

(i) Coefficients associated with observed inputs geometrically (presumably) decline with
distance, as measured by age, from the achievement measurement and the rate of
decline is the same for each input, (i.e. o; = ya;_; for all j).

(ii) Condition (i) also holds for omitted inputs (p; = yp,_; for all j) and the contemporane-
ous omitted input v;j, is uncorrelated with included inputs and with the baseline test
score; or omitted inputs (current and lagged) are uncorrelated with included inputs
and with the baseline test score.

(iii) The impact of the endowment geometrically declines at the same rate as input effects,
i'e'a 6a = 75@—1‘

For the ols estimator of a; to be consistent, ¢;;, must also be serially correlated and the

degree of correlation must exactly match the rate of decay of input effects (so that n,;, =

18 A more restrictive specification sometimes adopted in the literature sets the parameter on the lagged

achievement test score to one (v = 1) and rewrites (3) as
Tija — Tija—1 = Xija® + Njjq,

which expresses the test score gain solely as a function of contemporaneous inputs.
19See also Todd and Wolpin (2003).



€ija — V€ija—1 = VijaP1+ €ija — VEija—1 is an iid shock). If this condition is not satisfied, then
baseline achievement, Ti;,—1,will be correlated with 7;;,. (Baseline achievement is necessarily
correlated with its own measurement error (¢;;,—1) and may also be correlated with omitted
inputs v;jq.)

If we drop the assumption that the impact of the mental capacity endowment declines at
the same rate as the decay in input effects (given above by (iii)), then the error in (3) would
include the endowment, i.e., assuming that 3, — v8, ; = /3’ is a constant independent of
age, yields

Tija = Xija + YLija-1 + B'1ijo + Mijas (6)
instead of (3).

Estimation of (6) by ols is problematic. As with the contemporaneous specification, one
requirement for ols to be consistent is that contemporaneous inputs and unobserved mental
capacity be orthogonal. However, even if that orthogonality condition were satisfied, ols
estimation of (6) would still be biased, because baseline achievement must be correlated
with endowed mental capacity. If the endogeneity is not taken into account, then the re-
sulting bias affects not only the estimate of v, but may be transmitted to the estimates of
all the contemporaneous input effects. Thus, the value-added specification does not easily

accommodate the presence of unobserved endowment effects.

2.4 The Cumulative Specification

When data are available on historical inputs, it is possible to consider direct estimation of
the cumulative specification (4). In the discussion that follows, we assume that any omitted
inputs and measurement error in test scores are uncorrelated with included inputs. Under
this assumption, the challenge in estimating (4) is that behavior in the choice of inputs may
induce correlations between the observable inputs and unobserved child endowments. A
class of estimators used to “control” for permanent unobservable factors in estimating (4)
makes use of variation across observations within which the unobservable factor is assumed
to be fixed. Two such “fixed effect” estimators prominent in the literature use variation that
occurs within families (across siblings) or within children (at different ages).

Within-family estimators exploit the fact that children of the same parents have a com-
mon heritable component. In particular, assume that endowed mental capacity can be
decomposed into a family-specific component and may have a child-specific component, de-
noted as ,ug and p. Thus, siblings have in common the family component, but have their

own individual-specific child components. Rewriting (4) to accommodate this modification



yields
ﬂja = Xijaal + Xija,1a2 + ...+ Xileéa -+ ﬁa,U/{jO + Baljlz?j[) -+ €ija- (5,)

Now, suppose that longitudinal household data on achievement test scores and on current
and past inputs are available on multiple siblings, as in the NLSY79-CS data that we use
in the empirical work We distinguish between two types of data. In the first case, data are
available on siblings at the same age.?’ In the second case, data are available on siblings in

the same calendar year, which generally means that they will differ in age.

Consider the estimator in the case of two siblings, denoted by 7 and ' observed at the

same age a. Differencing (4) yields
Tija — Tija = (Xijo — Xirja)oa + ... + (Xij1 — Xij1) o + [5a(/v‘fj0 - Nf'jo) + €ijo — €ija)  (7)

In estimation the residual term will include all the terms within the square brackets. Con-
sistent estimation of input effects by ols, therefore, requires that inputs associated with any
child not respond either to the own or sibling child-specific endowment component.

Furthermore, given that achievement is measured for each sibling at the same age, the
older child’s achievement observation (say child i) will have occurred at a calendar time
prior to the younger sibling’s observation. Thus, the older sibling’s achievement outcome
was known at the time input decisions for the younger child were made, at the ages of
the younger child between the older and younger child’s achievement observations. Thus,
consistent estimation of (7) by ols also requires that input choices are unresponsive to prior
sibling outcomes (otherwise the realizations of ¢;;, will affect some of the inputs to sibling i’).
In essence, this estimation procedure is justified when intra-household allocation decisions
are made ignoring child-specific endowments and prior outcomes of all the children in the
household (Rosenzweig, 1986).

Within-child estimators are feasible when there are multiple observations on achievement
outcomes and on inputs for a given child at different ages.”® Consider differencing the

achievement technology at two ages, a and a — 1,
Tija — Tijar = (Xija — Xija—1)a1 + (Xijao1 — Xija2)a2 + ... + (8)
(Xij2 — Xiji) a1 + Xiji

+[Ba — ﬁa']/v‘ijo + €ija — €ija—1-

20Notice that unless the siblings are twins, the calendar time at which achievement measures are obtained

must differ.
21The within-family estimator based on siblings of different ages can be viewed as a special case of the

within-child estimator based on test scores of the same child measured at different ages.
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The parameters of (8) can be consistently estimated under the following assumptions.
The first is that the impact of the capacity endowment on achievement must be independent
of age (8, = B,), in which case differencing eliminates the endowment from (8). In that
case, orthogonality between input choices and capacity endowments need not be assumed.
However, because any prior achievement outcome is known when later input decisions are
made, it is necessary to assume that later input choices are invariant to prior own achievement
outcomes.

Consider relaxing the assumption that input choices do not respond to prior realizations
of achievement. If the shocks in (8) result from unforeseen exogenous factors (e.g., a random
illness or randomly drawing a bad teacher) and if the impact of these factors on achievement
has limited persistence, then input levels prior to the earlier achievement observation can
serve as instrumental variables for the differenced inputs in estimating (8). For example, if
the achievement tests used in the differenced estimation procedure are taken at ages 8 and
7, then the set of inputs at ages earlier than 3 could serve as instruments. However, there
are more parameters in (8) than instruments—at least as many as the number of measured
inputs—so identification cannot be achieved with these orthogonality conditions alone. We
can augment the set of instruments to include inputs associated with the child’s siblings
applied at a time sufficiently prior to the earliest observation used to implement the within-
child estimator.?? This is the strategy taken in section 4 where we implement both within-
sibling and within-child estimators, with and without controlling for endogeneity of input
choices.

Finally, none of the IV approaches are valid if omitted inputs are not orthogonal to
the included ones, because omitted inputs that are correlated with observed input choices
(presumably because they also reflect choices) are also likely to be correlated with the in-
strumental variables. It is therefore important that the data contain a large set of inputs
spanning both family and school domains to make plausible the required assumption that

omitted inputs are exogenous.

3 Data

As described in section two, the data requirements for implementing the cumulative specifi-
cation of the cognitive achievement production function are demanding. A researcher needs a

complete history of inputs, beginning at the child’s conception, including both those that are

22This kind of informational constraint was used by Rosenzweig and Wolpin (1988, 1995) to estimate birth

weight production functions.
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subject to parental choices and that are exogenous. In addition, to account for unobserved
endowments one needs multiple observations on achievement measures, either for siblings at
the same ages or for the same child at different ages. Although there does not exist a data set
that satisfies all these requirements, the NLSY79 Child Sample (NLSY79-CS) comes closest
to the ideal.

The NLSY79-CS is a sample of all children ever born to the women respondents of
the NLSY79. The NLSYT79 is itself a nationally representative sample of individuals who
were age 14-21 as of January 1, 1979, with significant oversamples of blacks and Hispanics.
The survey collects extensive information about schooling, employment, marriage, fertility,
income, assets, alcohol and drug use, participation in public programs and other related
topics, many as event histories. For example, employment events are known up to the week,
marriage and fertility events to the day and school enrollment to the month. This enables the
researcher to create an almost complete life history for each respondent for many important
events dating back to age 14.

Beginning with the 1986 interview, a separate set of questionnaires were developed to
collect information about the cognitive, social and behavioral development of the children of
the NLSY79 respondents. Questionnaires were administered to the women (cum mothers)
of the children as well as to the children themselves. These interviews have been conducted
biannually since 1986. By 2000, the most recent survey data publicly available, over 11,000
children were interviewed. Approximately 28 percent of the children in 2000 were African

American, 19 percent Hispanic and the rest mostly white.

Cognitive Achievement Measures Our analysis restricts attention to two cognitive
tests that were administered to all children starting at age five: the Peabody Individual
Achievement Test in mathematics (PIAT-M) and the Peabody Individual Achievement Test
in reading recognition (PIAT-R). The PIAT tests are designed to measure academic achieve-
ment. They were administered each year of the survey, and many of the children in the
sample have two or more scores. Completion rates for the PIAT’s have been around 90
percent.

Table 1 shows the average PIAT Math and Reading scores by race/ethnicity. In our
work, we use raw test scores rather than age-adjusted or normed percentile scores, because
we want an absolute measure of achievement that captures gains over time as additional
input investments are made in a child. The average raw scores for African American and
Hispanic children are about 5 points lower than the average score for white children, a gap
of 12%.

12



Figures 1la and 1b plot the average PIAT Reading and Math test scores by age, by gender
and by race/ethnicity. The lower panel shows the black-white and Hispanic-white gap. At
age six, there is only a one point gap in reading scores for black children, which is smaller
than the two point gap observed for Hispanic children. However, the gap widens over the
first two years of school and, by age eight, the black-white reading gap is 6 in comparison
with a gap of 4 for Hispanic children. The gap continues to grow through age 12, although
more slowly. As seen in the plots for boys and girls, the widening of the black-white test
score gap is most pronounced for boys. The white-Hispanic gap also widens, but to a lesser
extent, and reaches a peak of 5.5 at age 12. For both the black and Hispanic children, there
is some evidence of convergence in the reading score gap between ages 12 and 13.

The patterns for PTAT-math scores are similar, also exhibiting a widening gap that is
especially pronounced for black boys. A major difference between the reading and math
score patterns is that the gap emerges at an earlier age for math, but stabilizes after age
eight. At age six, minority children already have on average a 4 point lower math score. As
seen in the figure, the black-white gap tends to be smaller for black girls than for black boys

but similar by gender for Hispanics.

Home Input Measures The NLSY79-CS includes a battery of questions about the
home environment of the child called the Home Observation Measurement of the Environment-
Short Form (HOME-SF).?> The HOME-SF consists of four different instruments that de-
pend on the age of the child: ages 0-2, 3-5, 6-9 and 10 and above. The instrument is
(self-administered) to the mother of the child. A second version is filled out by the inter-
viewer. Researchers can use either the answers to individual items or scales provided in the
public use files. The total raw score is a simple summation of responses (modified so each
has a {0,1} domain}) of individual items.

Some of the items in the home can be directly linked to cognitive achievement in the sense
that they are related to learning-specific skills. For example, mothers of children under the
age of 10 are asked how often they read stories to their child, and mothers of children between
the ages of 3 and 5 are asked whether they help their child to learn numbers, the alphabet,
colors or shapes and sizes. Other items are not so easily tied to cognitive achievement, but
may be thought of as creating an environment conducive to learning. For example, mothers

are asked how many books the child has, whether the family encourages the child to start

23 As the name suggests, the short form is a modification of a version that is about twice as long. The
HOME was created by Caldwell and Bradley (1984). Some parts of the shortened version used in the
NLSY79-CS were created by them and all were reviewed by them. The HOME (-SF) is widely used and

there exists considerable research on the validity and reliability (see the citations in the 1996 Users Guide).
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and keep doing hobbies, and whether the family takes the child to museums and/or theatrical
performances.

In the empirical work reported below, we use the home scale provided in the public use
files as our measure of the home input. As described in section two, we consider both current
home inputs and historical home inputs as potential determinants of current test scores. The
variables we use are shown in Table 1. Current Home Score gives the contemporaneous home
input score that is measured at the same time the PIAT test is administered. The variable
Lag Home Score is the home input measure obtained at the previous survey round, for
children age 6-13. The variable Lag Lag Avg is the average of any still earlier home score
input measures, obtained in earlier survey rounds for children in the same age interval.?*
The variables Home Age 0-2 and Home Age 3-5 give the home scores at earlier ages.?® As
seen in Table 1, the home score input measures for blacks and Hispanics are about 15% lower
than for whites over all age ranges.

Figure 2 plots the current home score by age, gender and race/ethnicity. The plots
show that the gap in home scores (relative to whites) is similar for blacks and Hispanics,
and remains roughly constant across ages. The plots by gender show that black boys have
slightly lower home scores than Hispanic boys, but the reverse is true for girls.

To get a better idea of what the home scale measures, Tables A.1-A.4 in appendix A
compare the average scores by race/ethnicity for the individual items of the cognitive home

6 About 2/3 of the items in the home scale are

scale for children in different age ranges.?
based on mother self-reports of her own and her child’s activities and about 1/3 of the items
correspond to interviewer observations about the child’s home environment. The average
scores for the African American and Hispanic mothers tend to be similar and tend to be
lower than the scores for white mothers for most of the individual items. The differences are
particularly notable for the questions related to number of books in the child’s possession,
the number of times the mother reads to the child, and the teaching activities the mother
engages in with the child. For example, 94% of white mothers report that their age 3-5
toddler has 10 or more books in comparison with 57% of black mothers and 63% of Hispanic

mothers. The difference in book ownership persists for children in all the age ranges. 70%

24Given the biannual nature of the survey and the change in the format of the home scale before and after
age 6 (see Appendix Tables A.1-A.4), we do not consider the home scales prior to age 6 as representing lags
of home scales measured at age 6 or later. Therefore, the Lag Home Score exists only for children age 8 and

older and the double lag average home score for children age 10 and older.
25Tf multiple home scores are available within each of the age intervals (0-2 or 3-5), then we use an average

measure.
26The questions that are asked of the mother differ slightly across four different age ranges.
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of these same mothers report reading stories to their toddler at least 3 times a week, in
comparison with 40% of black mothers and 44% of Hispanic mothers. 66% of black mothers
and 70% of Hispanic mothers report teaching their age 3-5 child numbers in comparison
with 78% of white mothers. For older children age 6-9, 61% of white children receive special
lessons or participate in organizations that encourage sports, arts, dance or drama, compared
to 41% for black children and 39% for Hispanic children. The items of the home scale based
on interviewer observations also show some differences by race/ethnicity, but they tend to
be smaller than the differences observed on the self-report items. Thus, examination of the
individual items of the home scores reveals some stark racial/ethnic differences for children
in all the age ranges, especially for the items that are self-reported by the mother related to

books, reading and teaching activities.

Maternal Characteristics Because of the sample design of the NLSY79-CS, there is
essentially continuous time data on maternal employment. Summary measures are provided
in the public use data that have matched the event history employment data of the NLSY79
women respondents to each child’s lifetime. These measures include weeks and hours worked
in each of the first twenty quarters after the birth of the child. @We interpret mother’s
employment is an input measure, because it represents time that is unavailable to spend
with the child.?” As seen in Table 1, labor force participation for mothers with young
children is much higher among white than among black and Hispanic mothers. About half
of African American and Hispanic mothers worked when their children were less than one
year of age, in comparison with about two-thirds of white women.

In addition to information on employment, information is also available on mother’s com-
pleted schooling, which is updated in each year in which the mother attended school. Because
some women return to school after having children, both within-family and within-child es-
timators can be used to estimate maternal schooling effects on children’s achievement.?
Women with higher school attainment presumably have more knowledge to transmit to their
children and/or may be better teachers. A comparison of mothers’ schooling levels by
race/ethnicity shows that white mothers have the highest average years of schooling (12.9),
African American mothers the second highest (12.3), and Hispanics the lowest (11.3).

In addition to schooling, the NLSY79 also contains a measure of ability for the mothers,

their score on the Armed Forces Qualifying Test (AFQT). A direct measure of mother’s

27Tt would be preferable to have a direct measure of time the mother spends interacting with the child,

but we take time spent not working as a proxy.
28 Rosenzweig and Wolpin (1994) exploit the interruption in schooling that occurred for some NLSY79

mothers.
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knowledge is a potentially important factor in the production of cognitive skills in children.
As seen in Table 1, the AFQT score for white mothers is close to the median, while the
average percentile rank for African American and Hispanic mothers, 21 and 25, is much
lower.?

The NLSYT79 includes only limited information about fathers. In fact, identifying the
biological father is problematic. Although the public-use data include a variable indicating

presence of the biological father in the household, the variable is missing in many cases.

Child Characteristics In addition to standard information on race and gender of the
child, the NLSY79-CS also contains information on other characteristics that are potential
determinants of a child’s cognitive achievement, such as birth order and birthweight.?* As
shown in Table 1, African American children have on average lower birthweight than white
or Hispanic children. The disparity of about 6-8 ounces is due either to biological factors or
to differences in prenatal investments. White children are more likely to be first or second

born because white women have fewer children.

School Inputs The major weakness of the NLSY79-CS is the paucity of data on schools.
Implementing the cumulative model described by equation (1) in the previous section requires
both contemporaneous and historical data on school inputs. We therefore obtain schooling
data from other sources that we merge with the NLSY79-CS data using information on the
child’s grade, county and state of residence, and whether the child was attending private
school.?!

One of the data sources we use is the Common Core Data (CCD), which contains infor-
mation on all public schools and on the characteristics of students both at the school and
district levels. In the CCD, schools report the number of full-time equivalent teachers and
the number of pupils enrolled, which we use to calculate pupil-teacher ratios for each school.
Because elementary grades and upper level grades are usually offered in separate schools, we
obtain separate pupil-teacher ratio averages for grades 1-6 and grades 7-12. We constructed
both county level and state level pupil-teacher ratio variables, which we merged with the

NLSY79-CS data.

A limitation of the Common Core Data is that it contains relatively little information

29The racial disparities in mother’s AFQT scores measured using the child as the level of observation is

much greater than the disparity measured using the mother as the unit of observation.
30See, e.g., Rosenzweig (1986).
31County and state of residence are available at each survey round of the NLSY79 respondents (and their

children) and can be obtained as a restricted data file from the Bureau of Labor Statistics.
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on characteristics that may be related to the quality of teachers, such as their years of
teaching experience or their salaries. We therefore combined information from the CCD with
additional information from the School and Staffing Survey (SASS) and from the American
Federation of Teachers. The SASS which provides richer information on schools than does
the CCD, but for a smaller sample of schools (14,500 schools are sampled in 1999, which
is approximately 1 in 7 schools) and for a subsample of years covered by the NLSY79-CS
data.’?> To avoid having too many missing observations, we aggregated the SASS data to
the state level, and then, as with the CCD, match it to the children in the NLSY79-CS.
From the American Federation of Teachers, we obtained a series of average teacher salaries
by state, for the years 1984-2001.

The schooling inputs on which we focus in the analysis are pupil-teacher ratios and
teacher salaries. We also estimated specifications using data on teacher’s education, teacher
experience, hours/week spent teaching math and English (separately), and teacher certifica-
tion. These variables do not appear in the final specifications as inputs, because estimates
of their effects were never precise. We therefore adopted a more parsimonious specification
that includes two conventional measures of school inputs: pupil-teacher ratios and teacher
salaries.

Table 1 shows average pupil teacher ratios and average teachers’ salaries for white, African
American and Hispanic children, where the average is taken over the child’s school history for
the years in which the school input measures are available.>®> Although historically, African
American children attended schools that were of much lower quality than white children,
there has been substantial convergence in empirical measures of schooling quality over time.
Boozer, Krueger, and Wolken (1992) note that in 1970 the pupil-teacher ratios in schools
attended by black children were on average 11% higher than in schools attended by whites,
but by 1990 there was no difference.>* In our schooling data, the average pupil-teacher ratios
are lowest for African American children and highest for Hispanic children. Teacher salaries

on average are highest for Hispanic children and lowest for African American children.

32GASS data is available for a subset of years in 1987-1994 and 1999-2000.
33We attempted to construct separate contemporaneous and lagged average measures of school inputs (as

with the home inputs), but, perhaps due to the higher level of aggregation, there was substantial colinearity
and we were unable to obtain precise estimates of their separate effects. Therefore, we use one cumulative

measure.
31See also Card and Krueger (1992) for evidence on the convergence of schooling quality in black and white

schools over the last century and an analysis of the effects of convergence on earnings. Donohue, Heckman

and Todd (2002) study the sources of convergence in the South over the 1911-1960 time period.
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4 Empirical Results

Section three described alternative approaches to estimating the cognitive achievement pro-
duction function and the identifying assumptions that justify their application. A benefit of
the rich longitudinal data we use is that they enable estimation of the general specifications,
which are robust in the presence of unobserved endowments and endogeneity of input choices.
We can also carry out formal tests of many of assumptions of more restrictive specifications.
For this purpose, we use two types of specification tests. One is a general test of the null
hypothesis that the model is correctly specified against the composite alternative hypothesis
that it is misspecified. The other type of tests we use are standard Hausman and Wu tests
(e.g., Hausman, 1978, Wu, 1973, Godfrey, 1990) that compare the null hypothesis model
against a specific alternative model. In what follows, we implement alternative specifica-
tions, moving from the most restrictive to the least restrictive, and, when possible, testing
their identifying assumptions.

As discussed in section three, the contemporaneous specification places strong restrictions
on the production technology but is less demanding than other specifications in terms of data
requirements. Under the null that the contemporaneous model is correctly specified, test
scores are a function only of contemporaneous input measures. A straightforward test of
the contemporaneous specification that is implementable when historical data on inputs are
available, is to include the historical input measures and check whether their associated
coefficients are significantly different from zero.

The last two columns of Table 2a, labeled “OLS”, present results for the cumulative
specification estimated by ols for the PIAT Math Test Score Measure. Tables 2b and 2c
present analogous results for the PIAT Reading Score and for the Composite Score (Math +
Reading). The OLS specification includes the contemporaneous measure of the home input
(Current Home) and the four historical measures that were defined in section three. The

specification is given by
T. = o CurrentHome, + asLagHome,I(age > 8) + agLagLagAvg,I(age > 10) (9)
+ayg, Homes_ 5 + as,Homeg_o + X0 + €4,
where X represents other variables included in the specification.?> The other variables (not

shown in the table) are indicators for the child’s age in years, birthweight, indicator for first

and second born, indicators for mother not working when child was 0-1 and when child was

35Tn the specification, the home score at ages 0-2 and 3-5 appears separately from the home score at later
ages, because of differences in the questions that make up the score. See discussion on this point in footnote

21 in section 3.
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0-3, child gender, indicator for mother’s age at birth < 18, 18-19 and 20-29, age in months of
the child and age in months squared, mother’s years of schooling, mother’s AFQT percentile
score, and the number of times the child has taken the test. These variables reflect either
direct inputs, such as mother’s employment, or biological endowments, such as birthweight.?¢
We do not include race/ethnicity and family income in the production function specification,
because these variables are neither direct inputs nor endowments.

The issue of whether or not to include proxy variables in the presence of omitted inputs is
a difficult one, because the use of proxy variables that are correlated with included inputs can
confound the interpretation of estimated model coeffients. Consider, for example, a model
that relates achievement to home inputs. To compensate for missing data on home inputs
a researcher might include family income. However, holding family income constant, an
increase in an observed purchased input (such as books) implies lower expenditures on other
potential unobserved inputs (such as paid tutors). Thus, when income is held constant, the
estimated effect of the observed purchased input is misstated, because its effect is confounded
with the effect of the change in the unobserved inputs. When proxy variables are correlated
with included inputs, it is unclear whether including them in the specification reduces or
increases bias.

For the ols specification, the estimated coefficients associated with lagged home input
measures are significantly different from zero at conventional levels, which is evidence against
a contemporaneous specification. The effect of lagged home inputs on test scores is similar
in magnitude to that of the contemporaneous input measure. The estimated school input
coefficients are of the expected sign, but only the effect of teacher salary is reasonably
precisely estimated.?”

If we estimate a specification that omits the lagged input measures (not shown in the
table), for PIAT-Math we obtain a coefficient on Current Home of 0.052 with a standard
error of 0.007. Thus, omitting historical measures leads to an overstatement of the impact
of a unit increase in Current Home input. However, by neglecting the influence of historical

measures, it also understates the impact of a unit increase in the home score sustained over

36The specification does not include presence of father in the household, because in many cases that
variable is missing. When we did include it and estimated the equation for the subsample for which it is

available, its coefficient was imprecisely estimated.
3TA school input that we cannot measure is the curriculum content within the classroom. A proxy for

curriculum could be the grade level the child is currently attending. However, to the extent that grade
progression depends on prior achievement, grade level would reflect all past inputs and would be inappropriate
to include. Also, if grade progression were automatic, age effects included in our specification would capture

grade-specific curriculum content.
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an extended time period. For example, the ols specification that includes historical measures
implies that a unit increase in the home score at ages 6, 7 and 8 increases the age 9 PIAT
Math test score by 0.079, which is fifty percent larger than the implied impact obtained from
the contemporaneous specification. Results are similar for the PIAT-Reading Score and the
Total Score.®®

A similar specification test can be used to examine the support for the value-added model,
which augments the contemporaneous specification with a lagged test score measure. The
key assumption of the value-added model is that the lagged test score is a sufficient statistic
for historical inputs and, in the versions of the model that do not incorporate endowments,
the lagged test score is also taken to be a sufficient statistic for endowments. To test the first
assumption, we include lagged input measures in the value-added specification, which should
have no additional explanatory power under the sufficiency assumption. The estimates shown
in the columns labeled “Value-Added” show that for Math and Total, the lagged home input
measure is statistically significantly different from zero, and for Reading the lagged home
measure and the home score at ages 3 to 5 are statistically significant. We interpret these
results as evidence against the sufficiency assumption.®® For the value-added model and
for the total score, the school input variables are statistically significant and of the expected
sign at a 10% level. However, the magnitude of their effects is not very large. The estimates
imply, for example, that a change in the average pupil-teacher ratio by five fewer students
would lead to a 0.7 increase in the total test score (the average total test score for the sample
is 80 for whites, 71 for blacks and 73 for Hispanics). A $10,000 increase in teacher salary (in
1989 dollars) would lead to a 0.9 increase in the total test score.

In addition to the tests described above, we also test the null hypothesis that a particular
model is correctly specified against a more general alternative specification using Hausman-
Wu tests.** Table 3 describes the specifications tested and shows the p-values from each of
the tests, where all of the specifications are derived from equation (9). The cumulative model
that allows for child- or mother-specific unobserved endowments (fixed effects) nests the

cumulative model with endowments that are orthogonal to included inputs (random effects)

38In the specification for PIAT-Reading, the coefficient on Current Home is 0.049 (0.007). For the Total
Score, it is 0.102 (0.012). The ols specification that includes historical measures implies that a unit increase
in the home score over ages 6,7, and 8 increases the Reading score by 0.11 and the Total score by 0.188,

about double the impact implied by the contemporaneous specification.
39The estimated coefficient on the baseline test score is 0.6 for math, 0.6 for reading and 0.7 for Total,

which does not support a first difference version of the value-added specification.
40 A Hausman-Wu test requires that under the null, both the null hypothesis estimator and the alternative

estimator are consistent, while under the alternative only the alternative estimator is consistent.
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and also the versions of the model without endowments. Under the null that endowments
are uncorrelated with inputs, the ols estimator applied to (4) is consistent, but under the
alternative it is inconsistent. We base our test on a comparison of estimated coefficients for
the model with endowments assumed to be orthogonal (a random effects model) and a fixed
effects model.!!

The column labeled "Mother F.E." gives the estimated coefficients for the cumulative
specification with mother-specific endowment effects that may be correlated with input
choices. A Hausman-Wu test comparing coefficient estimates from a random effect spec-
ification to estimates from the fixed effect specification rejects the random effects model
with a p-value less than 0.01 for the PIAT-math test score measure, but not for the PIAT-
reading test or for the composite test score. Thus, for the math test score, unobserved
mother-specific endowments are not orthogonal to included inputs.

As described in section three, a cumulative model with child-specific endowment effects
nests a model with mother-specific endowment effects. A Hausman-Wu test comparing the
child fixed effect specification against a mother fixed effect specification rejects the latter
specification (p-value < 0.01) for all three test scores, which, together with the previous
result, indicates that within child heterogeneity is an important feature of the data.

As seen in Tables 2a,b,c, allowing for child fixed effects has important consequences for
the magnitudes of the estimated coefficients. A comparison of the "Mother F.E." column
and the "Child F.E." column shows that the effect of home inputs (current and lagged)
declines, particularly for the PIAT-Math score, when one allows for child-specific endow-
ments. However, all of the home input variables are statistically significantly different from
zero. Under both the mother fixed effect and the child fixed effect specifications, the school
input measures are for the most part insignificantly different from zero and sometimes not
of the expected sign.

The within-child estimator allows input choices to be correlated with a child’s fixed
endowment but assumes that, conditional on endowment, input choices do not respond to
earlier achievement realizations. It is plausible, however, that parents might adjust their

input choices in response to their child’s earlier achievement outcomes. For example, if a

41The Hausman test-statistic is given by
N(Br, = Bu,) Vira = Vi) (Brr, = Bry) X (R),

where k is the dimensionality of 3 m, and B Hy» N is the sample size, and Vi , and VHO are the components
of the variance-covariance matrix associated with j3 1, and 3 1,- The test statistic takes this form when the

estimator under the null is efficient. See, e.g., Godfrey (1990).
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child had a poor reading teacher that led to lower achievement, parents may buy more books
for the child or spend more time reading with the child (activities that increase the home
score).

To permit home and school input choices to respond to earlier achievement realizations as
well as to unobserved endowments, we implement instrumental variable within-child estima-
tors of the kind that were described in section two. The variables included in the instrument
set are birthweight, birth order, whether the mother worked when the child was age 0-1 and
when child was age 0-3, mother’s AFQT, mother’s age, mother’s schooling, gender of child,
home score at age 3-5, home score at age 0-2, spouses earnings, birthweight of first born child,
mother’s schooling when first child was born, whether there are children in the household < 1
year old, number of children in the age ranges 1-2, 3-5, 6-13 and 14+, race indicators (white,
black), indicators for age of the child in years, the actual age of the child in months and
the age squared, difference in age in years indicators, difference in age in months, difference
in age in months squared, and the difference in mother’s schooling.*?> Table 4 examines the
correlation of the instruments with the regressors (the home and school input measures).
For each regressor, the instruments are jointly significant (p-value < 0.001).

The column labeled "IV Child Diff" presents the estimated coefficients associated with the
home and school input variables. A comparison of the child fixed effect specification that
assumes exogenous input choices, conditional on endowments, with the IV model rejects
exogeneity of the input choices for all the test score measures at a 10% level. On the
whole, the specification test results provide evidence that child-specific endowment effects
are important, that input choices are correlated with endowments and that input choices
are correlated with the unobserved components of achievement realizations (conditional on
endowments). In light of these findings, only the child fixed effect instrumental variables
specification would be expected to yield consistent estimates.

As seen in Tables 2a-c, the home input variables (current and lagged) are statistically
significant at conventional levels for nearly every specification and for both reading and math
scores. For the results based on the IV specifications, the coefficients associated with lagged
input tend to be more precisely estimated than the coefficients associated with the current
home input measures. All the estimated coefficients on the home input measures are of the
expected sign. The school input variables are for the most part statistically insignificant in
the fixed effect specifications, with the exception of the pupil-teacher ratio (significant at the
10% level) in the equation for the PIAT-reading test score.®®> In all the within specifications

(mother and child), omitted inputs for which race or "permanent" income would have served

42The instrument set also includes indicator variables for whether any of these variables is missing.
43The estimated coefficients on the home input variables are not much affected by whether school input
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as a proxy are accounted for, because they are non-time-varying for a given child and do

4 We also estimated within child IV specifications that included

not vary across siblings.*
spouse’s earnings as a potential proxy variable for omitted inputs. Although statistically
significant for the PIAT-reading test, including spouse’s earnings had only a minor effect on
the home input coefficients.

In addition to the results reported in the tables, we also estimated specifications where the
pupil-teacher ratio was measured at the county level rather than the state level.> The county
level measure was usually insignificant for all the specifications. Our finding that the pupil-
teacher ratio is statistically significant only when measured at the state level is consistent
with other findings reported in the literature that have compared estimated effects of school
quality on earnings, where school quality is measured at different levels of aggregation. For
example, Card and Krueger (1996) found significant effects of school quality measures on
earnings, where quality is measured at the state average level. Betts (1995) compares the
estimated effect of pupil-teacher ratios and teacher experience on earnings under different

levels of aggregation of the quality measures and finds that the quality measures are only

significant when measured at the state level.*6

5 Accounting for Sources of Racial Test Score Gaps

Using the production function estimates from the last section, we examine the extent to
which differences in inputs can account for racial/ethnic disparities in test scores. Because
the coefficients associated with the school input variables tended to be imprecisely measured
in all of the fixed effect specifications, we focus attention on the contribution of home inputs.

The specification test results of the previous section rejected all of the more restrictive
specifications and gave support only for the child differenced IV model, which allows for child

specific endowment effects and endogenous inputs. In Figures 3(a) and 3(b), we examine the

variables are included. If school input variables are omitted, then the estimated coefficients for Math are
0.059 (0.054) for Current Home, 0.025 (0.012) for Lag Home, 0.022 (0.011) for Lag Lag Avg. For Reading,
the coefficients are 0.009 (0.052), 0.076 (0.015) and 0.041 (0.013), and for the Total Score, they are 0.068

(0.080), 0.101 (0.022), and 0.064 (0.019).
44The race of the child is by definition the race of the mother in the NLSY dataset.
45County is the most detailed measure of location available for the NLSY79 respondents.
46Qur state-level measure of quality differs in some ways from measures in the literature, where state often

corresponds to a person’s state of birth and it is assumed that the child is educated in their state of birth.
In our case, the state measure gives the state level average quality at the time of the child’s residence. If a
child moves from one state to another, our average school input measures would change to reflect different

levels of school inputs across states and to reflect the amount of time spent in each location.

23



fit of this model.*” The figures compare actual test score gaps by age to the gap predicted
under the model, for boys and girls age 6-13 by racial /ethnic group.*® The estimated model
captures key features of the data, such as the magnitude of the gap for each of the groups
and its widening with age that is most pronounced for black boys. Because the estimated
production function coefficients do not vary by race/ethnicity nor by sex, the widening gap
in the predicted test scores arises from race/sex differences in inputs. As noted in section
two (Table 1 and Figure 2), there is a relatively constant disparity in home inputs between
whites and minorities of different ages. A constant disparity in home inputs produces a
widening gap in test scores when lagged inputs matter in producing current achievement, as
the estimates in Table 2a-2c show they do.

Table 5 examines how the predicted math and reading test score gaps vary if we set
the levels of home inputs at the average levels observed for white children. To examine
sensitivity to alternative specifications, we report estimates for the ols model, the mother
and child fixed effects models and the child differenced IV model. The column labeled "Pred.
Gap with White Home Inputs" gives the predicted gap in average test scores if home inputs
are equalized at the white average level but school inputs are kept at their race-specific
values. The preferred IV estimates indicate that if black children received the white average
levels of home inputs, the math test score gap would be reduced by 27% and the reading test
score gap by 26%.* For Hispanic children, equalizing home inputs to white levels would
reduce the gap by about 29% for math and 33% for reading. Estimates are for the most
part of similar magnitudes across the different model specifications, except that the mother
fixed effect specification yields a much larger reduction in the reading gap and the child fixed
effect specification a smaller reduction in the math gap.

Our estimates imply that policies that would equalize home inputs of whites and blacks
would close a significant proportion of the test score gap. However, a comparison of the
efficiency of such policies would require information both about their ability to modify be-
havior and about the costs of implementation. In addition, the existence of such programs
would potentially alter the levels of other inputs, which might augment or diminish their

effectiveness. A full assessment of such policies would require a complete analysis of how

47The estimated model coefficients are reported in the second columns of Tables 2a-2c.
48The figures are based on the sample used to estimate the cognitive achievement production function. In

forming these predictions, the fixed effects for each child are kept at their original estimated values. The
fixed effects capture endowments and the effects of inputs prior to age 6, such as the home score at ages 0-2

and 3-5, birthweight, and mother’s age at birth.
49Tn the fixed effect specifications, inputs prior to age 6 are included in the fixed effects. Therefore, when

we equalize home inputs in Table 5, the home inputs refer only to inputs applied at age 6 or later.
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families make decisions about what inputs to provide for their children.

6 Conclusions

This paper considered ways of estimating the cognitive achievement production function that
are consistent with theoretical notions that achievement is a cumulative process depending
potentially on the entire history of family and school inputs as well as on unobserved en-
dowments. Using rich longitudinal data, we implemented alternative specifications of the
production function and tested assumptions that underlie commonly adopted estimating
equations. We did not find support for restrictive specifications, such as the contempora-
neous specification and the value-added model. The specification test results showed the
importance of both contemporaneous and lagged inputs in the production of current achieve-
ment, of allowing for unobserved child-specific endowments and of allowing for endogeneity
of inputs with respect to time varying components of children’s achievement. The child
differenced instrumental variables specification is consistent in the presence of these features
of the data.

Across almost all the specifications considered, we found that home inputs (contempo-
raneous and lagged) are substantively significant determinants of child test scores. The
magnitude of lagged home input effects is usually similar to that of current inputs. The
coefficients associated with school inputs (pupil-teacher ratio and teacher salaries) were only
found to be significant determinants of test scores in specifications that did not allow for
fixed effects.

We used the production function parameter estimates to examine the sources of racial /ethnic
test score gaps. Our estimated production function captures key features of the data, such
as the widening of the minority-white test score gap with age. A striking feature of the
results is that the predicted test score gaps (based on the estimated child differenced IV
model) captures a significant portion of the pronounced widening of the gap for black boys,
even though none of the model parameter estimates varies by race/ethnicity.

The contribution of home inputs to the test score gap was estimated to be similar for math
and reading and for blacks and Hispanics. The results showed that equalizing home inputs
would close about 25% of the black-white test score gap and about 30% of the Hispanic-white
gap. Thus, our findings suggest that home input differences can account for a significant
component of the gap. Moreover, the cumulated effect of a persistent disparity in home

inputs can produce a widening of the test score gap that is observed for blacks.

"0For example, see recent efforts by Mroz and Van der Klaauw (2003).
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Our findings do not imply that the most efficient way to close the gap is to invest in ways
of augmenting home inputs. What is required to make such determination is knowledge of
the relative costs of alternative policies and of how schools and parents make input decisions,
to account for the possibility that changing the level of a single input affects decisions about
other inputs.

Finally, in all the specifications estimated, the home input variables tended to be more
precisely estimated than the school inputs. A likely explanation for this pattern is that the
home input variables are measured at the child-specific level, whereas the school variables are
measured much more crudely at the state or county levels. To precisely estimate the effects
of school inputs along with home inputs, it be desirable to have school inputs measured at

the same level of aggregation as the home input measures (i.e. classroom level).
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Descriptive Statistics: Means with Standard Errors in Parentheses

TABLE 1

White Black Hispanic
Piat Math (Age 6-13) 40.6 35.6 36.3
(15.2) (14.4) (15.0)
Piat Reading (Age 6-13) 40.0 35.6 36.6
(15.1) (13.3) (14.8)
Current Home Score 102.1 86.6 88.0
(21.9) (24.5) (24.6)
Lag Home Score 102.0 86.7 88.2
(21.9) (24.5) (24.5)
Lag-Lag Average Home Score 102.4 87.2 89.0
(21.5) (24.4) (24.2)
Average Home Score Age 3-5 122.2 104.8 106.2
(18.2) (24.4) (25.0)
Average Home Score Age 0-2 70.7 60.8 62.8
12.7) (15.2) (14.6)
Average (over all of the child’s 18.5 18.1 20.0
school years) Pupil-Teacher Ratio (2.5 (2.3) 3.5
Average (over the child’s school
years) Teacher Salary (1989 $) 31,387 29,342 32,121
Child Age (in months) 114.9 117.3 1159
(27.0) (27.2) (27.1)
Birthweight (ounces) 120.3 111.1 117.2
(20.2) (21.7) (20.7)
Percent Firstborn 50.4 434 43.9
Percent Second born 34.0 322 324
Percent Mother’s not working
Child Age 0-1 37.6 48.4 48.2
Child Age 0-3 20.3 28.1 27.7
Percent Mother’s age at birth
Less than 18 4.6 12.4 7.4
18-19 9.5 16.4 15.1
20-29 75.8 66.3 71.8
30+ 10.1 4.9 5.6
Mother’s Schooling 12.7 12.1 11.2
(2.2) (2.0) 2.7
Mother’s AFQT Percentile Score 49.0 18.9 22.8
(25.9) (17.2) (20.7)




TABLE 2a
Estimated Effects of Home and School Inputs under Alternative Specifications of the Educational Production Function
Dependent Variable: PIAT Math Score”

IV Child Diff Child F.E. Mother F. E. Value-Added OLS
Home Inputs
(1) Current Home 0.069 0.012 0.031 0.029 0.030
(0.056) (0.005) (0.007) (0.007) (0.007)
(2) Lag Home 0.023 0.014 0.022 0.021 0.028
(0.012) (0.004) (0.006) (0.007) (0.006)
(3) Lag Lag Avg Home 0.024 0.010 0.016 -0.004 0.015
(0.011) (0.004) (0.006) (0.005) (0.006)
(4) Home Age 3-5 0.022 0.003 0.032
(0.011) (0.007) (0.009)
(5) Home Age 0-2 0.008 0.014 0.024
(0.015) (0.009) (0.012)
p-value: joint sig (1)-(3) 0.024 0.001 0.000 0.000 0.000
p-value: joint sig (2)-(3) 0.009 0.000 0.000 0.012 0.000
p-value: joint sig (4)-(5) 0.129 0.251 0.001
School Inputs
(6) Avg Pupil-Teacher Ratio -1.02 0.099 0.220 -0.098 -0.081
(1.02) (0.102) (0.130) (0.056) (0.071)
(7) Avg Teacher Salary/1000 -2.516 -0.384 -0.320 0.068 0.095
(2.183) (0.137) (0.1951) (0.035) (0.043)
p-value: joint sig (6)-(7) 0.147 0.016 0.070 0.121 0.085
Number of Observations 7269 13017 6852 4838 6667

* Additional variables in the ols specification are: indicators for child's age in years, birthweight, indicators for first and second born,
indicators for mother not working when child was age 0-1 and when child was 0-3, child gender, indicator for mother's age at birth < 18, 18-
19 and 20-29, age in months of the child and age in months squared, indicators for the mother being black and Hispanic, mother's years of
schooling, mother's AFQT percentile score, and the number of times the child has taken the test. The fixed effect specifications include the
same set of variables, except the ones that are constant (within mothers or within children).



TABLE 2b
Estimated Effects of Home and School Inputs under Alternative Specifications of the Educational Production Function
Dependent Variable: PIAT Reading Score

IV Child Diff Child F.E. Mother F. E. Value-Added OLS
Home Inputs
(1) Current Home 0.019 0.025 0.030 0.019 0.024
(0.054) (0.005) (0.007) (0.007) (0.007)
(2) Lag Home 0.078 0.030 0.290 0.018 0.036
(0.015) (0.004) (0.006) (0.007) (0.006)
(3) Lag Lag Avg Home 0.042 0.024 0.018 -0.008 0.015
(0.013) (0.004) (0.006) (0.006) (0.007)
(4) Home Age 3-5 0.033 0.015 0.028
(0.012) (0.007) (0.009)
(5) Home Age 0-2 0.007 0.014 0.012
(0.015) (0.010) (0.013)
p-value: joint sig (1)-(3) 0.000 0.000 0.000 0.000 0.000
p-value: joint sig (2)-(3) 0.000 0.000 0.000 0.019 0.000
p-value: joint sig (4)-(5) 0.017 0.014 0.002
School Inputs
(6) Avg Pupil-Teacher Ratio -1.78 -0.192 -0.109 -0.004 -0.103
(1.06) 0.111) (0.135) (0.051) (0.070)
(7) Avg Teacher Salary/1000 -1.38 0.288 0.189 0.070 0.135
(2.204) 0.147) (0.202) (0.030) 0.041)
p-value: joint sig (6)-(7) 0.062 0.053 0.478 0.034 0.004
Number of Observations 7269 13017 6859 4838 6667

* Additional variables included in the ols specification are: indicators for child's age in years, birthweight, indicators for first and second
born, indicators for mother not working when child was age 0-1 and when child was 0-3, child gender, indicator for mother's age at birth <
18, 18-19 and 20-29, age in months of the child and age in months squared, indicators for the mother being black and Hispanic, mother's
years of schooling, mother's AFQT percentile score, and the number of times the child has taken the test. The fixed effect specifications
include the same set of variables, except the ones that are constant (within mothers or within children).



TABLE 2c¢
Estimated Effects of Home and School Inputs under Alternative Specifications of the Educational Production Function
Dependent Variable: PIAT Total Score (Math + Reading)

IV Child Diff Child F.E. Mother F. E. Value-Added OLS
Home Inputs
(1) Current Home 0.088 0.037 0.058 0.0460 0.054
(0.083) (0.007) (0.011) 0.011) (0.012)
(2) Lag 0.105 0.044 0.050 0.035 0.064
(0.022) (0.006) (0.009) (0.011) (0.011)
(3) Lag Lag Avg 0.067 0.034 0.034 -0.017 0.031
(0.019) (0.007) (0.009) (0.009) (0.012)
(4) Home Age 3-5 0.056 0.011 0.060
(0.029) (0.010) (0.016)
(5) Home Age 0-2 0.015 0.024 0.036
(0.024) (0.015) (0.023)
p-value: joint sig (1)-(3) 0.0000 0.0000 0.0000 0.000 0.000
p-value: joint sig (2)-(3) 0.0000 0.0000 0.0000 0.003 0.000
p-value: joint sig (4)-(5) 0.0105 0.105 0.000
School Inputs
(6) Avg Pupil-Teacher Ratio -2.81 -0.133 0.113 -0.099 -0.184
(1.61) (0.162) (0.220) (0.085) (0.126)
(7) Avg Teacher Exp/1000 -3.90 0.169 -0.134 0.121 0.230
(0.855) (0.215) (0.321) (0.052) (0.076)
p-value: joint sig (6)-(7) 0.022 0.461 0.809 0.068 0.010
Number of observations 7269 13017 6852 4838 6667

* Additional variables included in the ols specification are: indicators for the child's age in years, birthweight, indicators for first and second
born, indicators for mother not working when child was age 0-1 and when child was 0-3, child gender, indicator for mother's age at birth < 18,
18-19 and 20-29, age in months of the child and age in months squared, indicators for the mother being black and Hispanic, mother's years of
schooling, mother's AFQT percentile score, and the number of times the child has taken the test. The fixed effect specifications include the
same set of variables, except the ones that are constant (within mothers or within children).



TABLE 3

P-values from Hausman-Wu Specification Tests

Test Score Measure

PIAT-Math PIAT-Reading PIAT — Total
Specification Test
Test of Mother Fixed Effect model (alt) 0.005 0.820 0.388
against Mother Random Effect model
(null)
Test of Child Fixed Effect Model (alt) 0.002 0.017 0.002
against Child Random Effect model
(null)
Test of Child Fixed Effect Model (alt) 0.013 0.002 0.000
against Mother Fixed Effect model
(null)
Test of IV Child Differenced (alt) 0.077 0.039 0.002

against Child Differenced (without IV)
(null)




TABLE 4
R-squared values from First Stage Regressions of Within-Child Differenced Input
Variables on Instrument Set

R-squared p-value from joint test of
significance
Differenced
Current Home 0.0153 0.000
Lag Home 0.0292 0.000
Lag Lag Avg 0.0372 0.000
Avg Pupil-Teacher Ratio 0.0237 0.000
Avg Teacher Salary 0.0318 0.000

See Section 4 for description of the set of instruments.



Percent of Racial Test Score Gap Explained by Home and School Input Differences

TABLE 5

Racial/ Age Test Avg. Avg. Gap Pred. Gap % Gap
Ethnic Score White w/ White  Explaine
Group Score Home d by
Inputs Home
Black OLS Math 36.0 41.0 5.0 4.2 15%
Reading 35.6 40.0 44 3.7 17
Mother FE Math 36.0 41.0 5.0 4.3 14
Reading 35.6 40.0 44 1.4 69
Child FE Math 36.0 41.0 5.0 4.7 6
Reading 35.6 40.0 44 3.7 17
Child Diff Math 36.0 41.0 5.0 3.7 27
v Reading 35.6 40.0 4.4 33 26
Hispanic OLS Math 36.6 41.0 4.4 3.7 16
Reading 36.5 40.0 35 2.8 20
Mother FE Math 36.6 41.0 4.4 3.7 16
Reading 36.5 40.0 35 0.4 89
Child FE Math 36.6 41.0 4.4 4.1 7
Reading 36.5 40.0 3.5 2.8 21
Child Diff Math 36.6 41.0 4.4 3.2 29
IV Reading 36.5 40.0 3.5 24 33




Table A.1
Comparison of Responses on Individual Home Input Score Items by Race
Age 0-2 Questions

African

Question White American Hispanic
Asked of Mother
How often does child get out of the house? 81 72 63
How many children’s books does your child have? (1 if > 3) 90 63 65
How often do you read stories to your child? (1 if at least 3 74 41 42
times per week)
How often do you take your child to the grocery store? 35 40 45
How many cuddly, soft or role-playing toys does your child 100 99 99
have?
(1 if >0)
How many push or pull tors does your child have? 99 93 95

Some parents spend time teaching children new skills while

other parents believe children learn best on their own. Which 93 96 94
describes your attitude? (=1 if always or usually spends time

teaching children)

Interviewer Observations

Mother provided toys or interesting activities for child? 76 50 63
Child’s play environment is safe (no dangerous health or 94 89 90
structural hazards within a todder’s range)

* Number denotes the percent receiving highest score, where highest score is 1 and low score is 0.



Table A.2
Comparison of Responses on Individual Home Input Score Items by Race
Age 3-5 Questions

African

Question White American Hispanic
Asked of Mother*
How many children’s books does your child have? (1 if > 9) 94 57 63
How often do you read stories to your child? (1 if at least 3 70 40 44
times a week)
How many magazines does your family get regularly? (1 if at 41 31 26
least 3)
Does your child have the use of a CD player or tape recorder
or record player and at least 5 children’s records or tapes? 83 66 67
Do you help your child learn numbers? 78 63 70
Do you help your child learn the alphabet? 77 63 66
Do you help your child learn colors 78 62 70
Do you help your child learn shapes/sizes? 72 51 56
How often does a family member take the child on any kind 87 74 77
of outing?
How often does family member arrange visit to museum 72 66 61
within last year?
Interviewer Observations
Child’s play environment is safe (no dangerous health or 95 90 91
structural hazards within a preschooler’s range)
Is interior of the home dark or perceptually monotonous? 5 16 8
Are visible rooms reasonably clean? 94 90 92
Are visible rooms minimally cluttered? 84 82 84

* Number denotes the percent receiving highest score, where highest score is 1 and low score is 0.



Table A.3
Comparison of Responses on Individual Home Input Score Items by Race
Age 6-9 Questions

African

Question White American Hispanic
Asked of Mother*
How many books does your child have? (1 if >9) 94 64 68
How often do you read to your child? 45 28 32
Is there a musical instrument that your child can use at home? 47 30 33
Does family get a daily newspaper? 51 41 40
How often does child read for enjoyment? 74 72 68
Does family encourage child to start and keep hobbies? 93 86 83
Does child get special lessons or belong to organizations that 61 41 39
encourage activities (sports, arts)
How often does family member arrange visit to museum 80 70 70
within last year?
How often does family member take child to musical or 61 56 49
theatrical performance within the past year?
When family watches TV together, do you or child’s father 88 71 79
discuss TV programs with him/her
Interviewer Observations
Is interior of the home dark or perceptually monotonous? 5 15 7
Are visible rooms reasonably clean? 93 90 92
Are visible rooms minimally cluttered? 84 83 84
Building has no potentially dangerous structural or health 71 65 70

hazards within’s a school-aged child’s range

* Number denotes the percent receiving highest score, where highest score is 1 and low score is 0.



Table A.4
Comparison of Responses on Individual Home Input Score Items by Race
Age 10-13 Questions

African

Question White American Hispanic
Asked of Mother*
How many books does your child have? (1 if > 19) 75 38 43
Is there a musical instrument that your child can use at home? 55 32 35
Does family get a daily newspaper? 49 41 41
How often does child read for enjoyment? 66 64 65
Does family encourage child to start and keep hobbies? 95 89 88
Does child get special lessons or belong to organizations that 69 56 50
encourage activities (sports, arts)?
How often does family member arrange visit to museum 80 72 69
within last year?
How often does family member take child to musical or 61 59 50
theatrical performance within the past year?
When family watches TV together, do you or child’s father 87 69 74
discuss TV programs with him/her
Interviewer Observations
Is interior of the home dark or perceptually monotonous? 5 15 8
Are visible rooms reasonably clean? 93 91 93
Are visible rooms minimally cluttered? 85 83 83
Building has no potentially dangerous structural or health 70 65 66

hazards within a school-aged child’s range

* Number denotes the percent receiving highest score, where highest score is 1 and low score is 0.



Table B.1
Correlation between Most Recent Piat Score Age >12 and Earlier PIAT Scores

Most Recent PIAT, PIAT, PIAT,
PIAT
Most Recent - - -
PIAT 1.0
PIAT 0.78 1.0 - -
PIAT, 0.72 0.78 1.0 -
PIAT ; 0.58 0.65 0.73 1.0
Table B.2

Correlation between Most Recent PIAT Score and Highest Grade
Completed at Indicated Age Ranges

Age Correlation Number of
Coefficient observations

18+ 0.33 917

19+ 0.37 656

20+ 0.35 477

21+ 0.32 306

22+ 0.38 201
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Figure 1b: Comparison of PIAT-Math Scores by Age by Race/Ethnicity
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Figure 2: Comparison of Current Home Score by Age by Race/Ethnicity
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Figure 3(a)
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Figure 3(b)
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