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ABSTRACT

This paper studies the relationship between abilities, schooling choices, and
black-white differentials in labor market outcomes. The analysis is based on
a model of endogenous schooling choices. Agents’ schooling decisions are
based on expected future earnings, family background, and unobserved
abilities. Earnings are also determined by unobserved abilities. The analysis
distinguishes unobserved abilities from observed test scores. The model is
implemented using data from the NLSY79. The results indicate that, even
after controlling for abilities, there exist significant racial labor market gaps.
They also suggest that the standard practice of equating observed test scores
may overcompensate for differentials in ability.

1. Introduction

The existence of black-white gaps in a variety of labor market and
educational outcomes has been extensively documented. It is well established that,
on average, blacks are less educated, have lower income, and accumulate less work
experience than whites.! This paper studies whether the differences in labor market
outcomes and schooling attainment can be interpreted as the manifestation of black-
white ability differentials. Although this idea is not new, the analysis presented is a

1. See, for example, Altonji and Blank (1999), Neal (2008), and Carneiro, Heckman, and Masterov (2006).
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comprehensive one that takes into account several aspects that have been only par-
tially recognized in the literature.

The empirical strategy utilized in this paper treats both schooling decisions and
labor market outcomes as endogenous variables. This represents an important differ-
ence relative to previous studies, as schooling decisions are usually either excluded
from the analysis on the grounds that they might be influenced by discrimination
(Neal and Johnson 1996), or included under the presumption that they can be treated
as exogenous variables (Lang and Manove 2006).> The omission of schooling obvi-
ously prevents the study of black-white differences in educational decisions and the
extent to which those differences explain the observed gaps in labor market out-
comes. Their inclusion as exogenous variables, on the other hand, limits the scope
of the empirical analysis because of potential endogeneity bias.

Also addressed is the extent to which black-white gaps can be explained by non-
cognitive, as well as cognitive, ability differentials. This is particularly relevant since
recent studies have demonstrated that noncognitive abilities are as important as, if
not more important than, cognitive abilities in determining labor market, educational,
and behavioral outcomes (for example, Bowles, Gintis, and Osborne 2001a,b; Farkas
2003; and Heckman, Stixrud, and Urzua 2006). However, to date very little is known
about the role these abilities play in explaining racial differentials.

Importantly, the analysis distinguishes observed cognitive and noncognitive meas-
ures from unobserved cognitive and noncognitive abilities. This distinction is based
on the idea that observed (or measured) abilities are the outcome of a process involving
familial inputs, schooling experience, and pure (unobserved) ability. The relevance
of this distinction comes from the claim that racial gaps in observed achievement
tests (interpreted as observed cognitive abilities or premarket factors) can explain
most of the racial differences in labor market outcomes (see, for example, Neal
and Johnson 1996). If racial differences in achievement test scores do not emerge
exclusively as the result of differences in abilities but also as the result of differences
in family background and schooling environment, then by comparing the labor mar-
ket outcomes of blacks and whites with similar observed abilities (test scores), we
are not necessarily understanding or identifying the real factors behind the racial
gaps. The analysis of this paper sheds light on this point.3

Finally, although the analysis mainly focuses on black-white differences in
labor market outcomes and schooling decisions, it also addresses whether ability

2. An important exception is the analysis of Keane and Wolpin (2000). Keane and Wolpin (2000) analyze
racial labor market gaps using a dynamic model of schooling, work, and occupational choice decisions with
unobserved heterogeneity (endowments). However, unlike the analysis in this paper, they do not link the
unobserved endowments to specific abilities.

3. The literature studying racial gaps recognizes some of the limitations associated with the direct use of
test scores (measured abilities) as proxies for ability, particularly in the case of cognitive test scores. Neal
and Johnson (1996) and Cameron and Heckman (2001), for example, restrict their analysis to the sample of
respondents 18 or younger at the time of the tests from the National Longitudinal Survey of Youth 1979
(NLSY79). This tries to control for the fact that individuals in the NLSY79 sample take the same tests
at different ages, and consequently, at different schooling levels. Carneiro, Heckman, and Masterov
(2005), also using NLSY, utilize age and family background adjusted test scores by constructing the resid-
uals from OLS regression of test scores on those variables. The approach in this paper differs from these
alternatives.
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differentials can explain racial differences in incarceration. The racial differences in
this dimension of social behavior have received increasing attention in the literature.*

The empirical results of the paper establish the existence of racial differences in
the distributions of cognitive and noncognitive abilities. They also demonstrate that,
regardless of the racial group analyzed, these abilities are important determinants of
labor market outcomes and schooling attainment, and document the existence of sig-
nificant differences across racial groups in the way these abilities determine each of
these dimensions. This is particularly clear in the case of schooling attainment, where
noncognitive abilities have stronger positive effects among blacks than among whites.

The results also confirm that racial gaps in labor market outcomes reduce after con-
trolling for cognitive abilities. However, the percentage explained by these abilities is
significantly smaller than what has been previously claimed in the literature. This is a
direct consequence of the distinction between observed and unobserved abilities. More-
over, although there are significant black-white differences in noncognitive abilities, they
play a minor role in explaining gaps in labor market outcomes. However, noncognitive
abilities help to explain a significant fraction of the racial gaps in incarceration rates.

Itis important to notice that it is not an objective of this paper to provide a comprehen-
sive explanation of the factors explaining the racial differences in unobserved abilities.
Specifically, in the context of the empirical model described in this paper, and given
the data limitations,5 the estimated racial differences in unobserved abilities could be
the result of a variety of unobserved factors (unmeasured racial differences in early family
environment including prenatal family environment, unmeasured racial differences in
early schooling environment, cultural differences between groups, biological/genetic dif-
ferences between groups, or, most likely, a combination of all of these). There is nothing
in this paper that contradicts this argument, and consequently, the existence (and explan-
atory power) of the ability differentials must be interpreted in this context.

The paper is organized as follows. Section II presents evidence on the black-white
wage gap using the standard empirical approach. The results from Section II motivate
the main ideas of the paper. Section III introduces the model of endogenous labor mar-
ket outcomes, schooling decisions, and unobserved abilities, while Section IV analyzes
the relationship between test scores and abilities in the context of the model. This sec-
tion also introduces the model for incarceration. Section V discusses the empirical
implementation of the model. Section VI presents the main results and examines
whether black-white gaps in labor market outcomes, schooling choices, and incarcera-
tion rates can be explained by racial differences in abilities. Section VII concludes.

II. Background and Motivation

This section motivates the main ideas of the paper by utilizing a con-
ventional reduced-form approach to analyze black-white differentials in labor market
outcomes. Specifically, consider the following linear model for a labor market out-
come Y (usually hourly wages or earnings):

4. Freeman (1991), Bound and Freeman (1992), Grogger (1998), Western and Pettit (2000).
5. The information utilized for the identification of the (unobserved) abilities comes from a sample of indi-
viduals 14 years and older. See Appendix 2 for details.
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s
(1) InY = @Black+yTest+ Y oD+ U
s=1

where Black represents the race dummy, D; represents a dummy variable that takes a
value of one if the individual’s schooling level is s (with s=1,..,S), Test represents an
ability measure (observed ability),® and U is the error term in the regression. Different
versions of Equation 1 can be found in the literature studying black-white inequality in
the labor market.” Here, the coefficient associated with the race dummy can be written as

(2) © = E[InY|Black = 1, Test, D] —E[InY | Black = 0, Test, D]

for any schooling level s, so ¢ can be interpreted as the mean racial difference in (log)
labor market outcome Yafter controlling for measured ability and schooling decisions.
In other words, ¢ represents the difference between two individuals that share the same
levels of education and measured ability, and differ only in their races.

Although the logic behind Equation 1 is simple and intuitive, its empirical imple-
mentation requires some non-trivial considerations. The first concern is the existence
of unobserved variables simultaneously affecting schooling decisions and labor mar-
ket outcomes. The consequences of this potential endogeneity on the estimates of the
returns to schooling (each ¢, in Equation 1) have received the attention of many for
more than 50 years (Mincer 1958 and Becker 1964). The instrumental variable ap-
proach has emerged as the most popular method to deal with this endogeneity prob-
lem (Card 2001). However, less attention has been paid to the consequences of
endogeneity bias in the estimates of .

Neal and Johnson (1996) propose a different empirical strategy that, in principle,
avoids concerns about endogeneity biases. They addressed a specific counterfactual.
Namely, if two young people with the same basic reading and math skills reach the
age at which schooling is no longer mandatory, how different will their labor market
outcomes be when they are prime working age adults? Neal and Johnson (1996) were
not interested in how choices made concerning education, labor supply, or occupa-
tion might shape the wage and earnings profiles of blacks and whites differently.
Rather, they focused only on the average differences in outcomes among persons
who began making adult choices concerning education and labor supply given the
same endowments of basic skills (proxied by achievement test scores).®

6. In general, Test could represent a vector containing both observed cognitive and noncognitive abilities.
7. See Neal (2008), Farkas et al. (1997), Altonji and Blank (1999), and Farkas (2003).

8. Neal and Johnson (1996) exclude the schooling dummies from Equation 1 on the grounds that they can
be influenced by discrimination. In this way, the endogenous variables are absorbed into the error term of
the regression. However, the exclusion of schooling opens the door to a new source of potential problems in
the estimation of ¢, due to the omission of relevant variables. But, under the logic of Neal and Johnson
(1996), this does not represent a problem. Because the biased OLS estimator of ¢ (¢°-%) would contain,
in this case, the indirect effect of race on the schooling dummies (controlling for the observed ability),
@P could still be interpreted as an estimate of the overall mean racial difference in the outcome (log)
Y even if the schooling dummies are excluded. Specifically, in the Neal and Johnson’s specification, the
OLS estimate of the coefficient associated with the race dummy would identify the following object:
@+ Y &[Pr(Dy = 1| Black = 1, Test)=Pr(D; = 1| Black = 0, Test)], where the second term represents
the bias. This approach does not identify (estimate) the mean difference in the outcome (log) Y for two
individuals sharing the same ability and schooling level but differing in race.
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By contrast, ¢ in Equation 2 defines a different racial gap in labor market outcomes
that has been the focus of a large literature. If two young persons of different races begin
their adult lives with similar ability levels and then make comparable investment in
their human capital, how much will their wages differ as adults? As the analysis of this
paper will show, a fixed racial gap in wages will not provide a satisfactory answer to this
question. Among black and white persons who begin their adult lives with comparable
abilities, racial differences in adult wages and earnings will vary among groups that
choose different levels of educational investment. The empirical approach utilized in
this paper will allow me to estimate these different racial gaps and also make progress
toward understanding why changes in investment behavior among blacks have not
equalized black and white returns to different levels of schooling.

A second concern when implementing Equation 1 is whether observed ability (7est)
measures ability accurately. Several studies have demonstrated that observed ability
measures cannot be interpreted as pure abilities and that they are influenced by home
and school environments (see Neal and Johnson 1996; Todd and Wolpin 2003; and Cunha
et al. 2006 for evidence). This simple consideration has important consequences for the
interpretation of the OLS estimates of . In fact, if pure ability were the determinant of the
outcome Y, and if, in the estimation of Equation 1, a proxy for ability (7est) were used
instead, the OLS estimator of the racial gap ¢ would be biased in an unpredictable way.

An additional concern regarding the estimation of Equation 1, which has a direct
implication for the way the gap is defined (Equation 2), comes from the assumptions
on the parameters of the model. A specification like Equation 1 assumes that black
and white subjects face the same returns to observed ability and schooling, that is,
the same v, ¢y,...,bs. The convenience of this assumption is clear: if the returns
are the same, the black-white gap can be measured directly by a single ¢. However,
the assumption of equal returns can—and should—be tested. The assumption of a
single ¢ represents a simplification imposed a priori in Equation 1.

A natural extension of Equation 1 would be a specification in which ¢ is allowed
to vary across schooling levels. However, the implementation of such a model also
would require taking into account the fact that individuals may decide the schooling
levels based on the potential differences in these returns. Therefore, this approach
would naturally generate concerns about the endogeneity of schooling decisions.’

The main objective of this paper is the estimation of the black-white gaps in labor
market outcomes using an approach that takes into account each of these issues. That
is, the empirical model used in this paper deals with the endogeneity of schooling
choices, the measurement error problem in abilities (cognitive and noncognitive abil-
ities), and the unnecessary restrictions that are usually imposed a priori in the empir-
ical literature. But, before introducing the model and its results, it is informative to
follow the standard approach and to present the estimated black-white gaps in labor
market outcomes (wages and earnings) as computed using OLS on some of the tra-
ditional specifications of Equation 1 found in the literature. These results will serve
as a comparison later in the paper.

9. Neal and Johnson (1998) present evidence on differences in the coefficients associated with measured
ability when (log) earning equations are estimated separetely by schooling levels (see Table 14.8 in Neal
and Johnson 1998). However, the regressions do not take into account the potential endogenous selection of
schooling in the sample.
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Table 1 presents the black-white gaps in log hourly wages and log annual earnings
obtained from four different specifications of Equation 1. The gaps are estimated
using a representative sample of males from the National Longitudinal Survey of
Youth 1979 (NLSY79)."” The specifications differ exclusively in the set of controls
included in the equations.

The first specification (Model A in Table 1) presents the baseline model. It
includes only variables associated with an individual’s place of residence as con-
trols.!' The estimated black-white gaps in log hourly wages and log earnings are
0.294 and 0.567, respectively. Using the traditional interpretation of these results,
it is possible to conclude that, on average, blacks make approximately 25 percent less
per hour and 43 percent less per year than whites.'? Both numbers are substantial in
magnitude and similar to what has been found in the literature (Neal and Johnson
1996; Neal 2008). They are also statistically significant (as are all of the numbers
presented in the table). When schooling dummies are included as controls (Model
B), the gaps reduce to 0.230 and 0.482 for hourly wages and annual earnings, respec-
tively.'> These numbers imply a significant reduction in the gaps when compared
with the estimates from the baseline model (Model A).

However, the estimated gaps should not be compared across models, as each
model represents a different specification. Specifically, in order to correctly quantify
the reduction in the gap due to schooling, we must compare the estimated gap from
Model B with the mean black-white difference in outcome after expecting out the
effects of the schooling dummies from Model B. More precisely, in the context of
the two models

InY = ¢*Black + U* (Model A)
N
®) y= ¢PBlack+ Y &,D;+U?  (Model B),

s=1

we must compare ¢° versus @? +Zf:]d)s(E[Ds | Black = 1]—E[Dy | Black = 0]), in-
stead of ¢® versus ¢*. Under Model B in Table 1, Row 1 presents ¢® whereas
Row 2 presents the gap after expecting out the schooling dummies, that is,
o8 +Zf:]d)x (E[Dy | Black = 1]—E|Dy | Black = 0]). By comparing these numbers,

10. The NLSY79 is widely used for the analysis of black-white gaps in wages, earnings, and employment.
It contains panel data on wages, schooling, and employment for a cohort of young persons, aged 14 to 22 at
their first interview in 1979. This cohort has been followed ever since. See Data Appendix 2 for details of
the sample used in this paper.

11. Specifically, Model A includes as controls the dummy variables: northcentral region, northeast region,
south region, west region and urban area.

12. The 25 percent is calculated as 1-exp(-0.29). Likewise, 43 percent is calculated as 1-exp(-0.567). No-
tice that these calculations omit the fact that E[InY] is not the same as In E[Y].

13. The schooling levels considered are: high school dropouts (including recipients of the General Educa-
tional Development (GED) certification), high school graduates, some college (including two-year college
degrees) and four-year college graduates. For each individual in the sample, the schooling level is defined as
the maximum schooling level ever reported. The results are robust to the particular classification of the
schooling levels considered in the analysis.
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we can conclude that schooling seems to reduce the coefficient associated with the
race dummy (the gap) by 21 percent or 16 percent, depending on the labor market
outcome considered.

Model C in Table 1 presents the results from the specification proposed by Neal
and Johnson (1996). Thus, in addition to the baseline variables, the model includes
a proxy for an individual’s cognitive ability or intelligence. This proxy is a stan-
dardized average computed using six achievement tests available in the NLSY79
sample.14 The estimated gaps are, in this case, 0.099 and 0.287 for wages and earn-
ings, respectively. These numbers represent reductions in the estimated gaps for
(log) wages and (log) earnings of 67 percent and 50 percent (Row 1 versus Row
4 under Model C), respectively, which are in the range of what has been found
in the literature (see Carneiro, Heckman, and Masterov 2005; Neal and Johnson
1996).

The evidence from Models B and C suggests that both schooling and cognitive
ability help to reduce the black-white gaps in wages and earnings. Model D studies
the effects on the gap when they are simultaneously included in the regressions.
The results in this case indicate that, when schooling and cognitive ability are con-
trolled for, the estimated black-white gaps are 0.125 (wages) and 0.326 (earnings)
(see Row 1 under Model D), with associated gap reductions of 58 percent and 44
percent (Row 1 versus Row 5 under Model D), respectively. Notice that these
reductions are smaller in magnitude than the ones obtained when schooling varia-
bles are omitted from the analysis (Model C), and so the results seem to indicate
that schooling has unequal effects on labor market outcomes.”> However, this
would (again) be the wrong comparison. A closer look at the evidence from Model
D suggests that when the contribution of schooling is measured correctly (Row 3
versus Row 2), it implies a reduction of 11 percent in the wage gap (0.265 versus
0.299) and 8 percent in the earnings gap (0.532 versus 0.579). Thus, schooling var-
iables seem to explain sizeable proportions of the gaps. Likewise, when only the
contribution of cognitive ability is analyzed (Row 4 versus Row 2), I obtain reduc-
tions of 47 percent in the wage gap (0.159 versus 0.299) and 36 percent in the earn-
ings gap (0.373 versus 0.579). Overall, the evidence from Model D suggests that
cognitive ability reduces the gap the most, although the contribution of cognitive
ability is less than the one obtained from Model C.

In summary, the results in Table 1 suggest that the proxy for cognitive ability (av-
erage achievement test score) is the most important explanatory variable of the
black-white gaps in wages and earnings. This is consistent with previous findings
in the literature. Its explanatory power is maximized when it is the only variable in-
cluded in the model (other than the baseline variables), and it decreases when

14. The achievement test scores used in this paper are: Arithmetic Reasoning, Word Knowledge, Paragraph
Composition, Math Knowledge, Numerical Operations, and Coding Speed. These tests belong to the Armed
Services Vocational Aptitude Battery (ASVAB) and are used to construct the Armed Forces Qualification
Test (AFQT), which is a widely used measure of cognitive skill or intelligence. See Neal and Johnson
(1996), Herrnstein and Murray (1994) and Carneiro, Heckman, and Masterov (2005), among others.

15. Carneiro, Heckman, and Masterov (2005) and Neal and Johnson (1996) compare results from models
similar to C and D and conclude that schooling seems to increase black-white wage inequality.
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schooling is included as a control. Schooling on the other hand, explains an impor-
tant fraction of the gaps in wages and earnings.'®

However, as previously explained, these results are subject to important qualifica-
tions. Firstly, it is not completely clear what the proxy for cognitive ability is really
measuring. Achievement test scores are known to not only be the results of pure abil-
ity, but also of home and school environments (see Neal and Johnson 1996; Todd and
Wolpin 2003; and Cunha et al. 2006). Additionally, the results do not consider the
potential role of noncognitive abilities (such as self-motivation, self-esteem, and
self-control, among others) as explanatory factors of the black-white inequality. Fur-
thermore, by estimating an overall gap and treating schooling as an exogenous vari-
able, these results do not provide a deep and precise understanding of the extent to
which blacks and whites differ in terms of labor market outcomes. An integrated ap-
proach in which schooling choices are modeled jointly with wages is needed. This
approach is discussed below.

III. The Model of Labor Market Outcomes and
Schooling Choices

This section presents a model that integrates labor market outcomes
(hourly wages, annual hours worked, and annual earnings) with schooling choices for
the analysis of racial labor market gaps. The model assumes that individuals make
their schooling choices based on their expectation about future labor market out-
comes and schooling costs.

For sake of notational simplicity, I omit the supra-index for race in the exposition
of the model, but the reader should be aware that every parameter in the model is
defined separately for blacks and whites; that is, that the model applies separately
to each race.

A. The Schooling Decision

The model considers T+1 time periods (1=0,1, ... ,T) and S possible schooling levels
(s=1,...,S). Each individual chooses his final schooling level at /=0 and receives la-
bor income at the end of each period (except period 0). The stream of labor income
depends on the schooling level selected.

16. Table AO in the web appendix extends the analysis of Table 1 (and of the previous literature) by pre-
senting the estimated black-white gaps in wages and earnings when Test in (1) is a multidimensional object
rather than a single ability measure. Specifically, Test in this case (Model E in Table AO) includes proxies
of an individual’s cognitive and noncognitive abilities as controls. The particular measure of noncognitive
ability used is the standardized average of two attitudes scales: Rosenberg Self-Esteem and Rotter Locus of
Control scales (see data appendix for details). These scales have been shown to be good predictors of labor
market outcomes and social behaviors (see Heckman, Stixrud, and Urzua 2006). The results suggest that
when the two proxies for abilities and schooling levels are kept constant, the estimated black-white gaps
are 0.131 (wages) and 0.335 (earnings). The contributions of cognitive abilities and schooling to the reduc-
tion in the overall gap are substantial. For wages, cognitive abilities explain 42 percent of the overall gap,
whereas schooling explains 11 percent. For annual earnings, the numbers are 32 percent and 8 percent.
Again, the proxy for cognitive ability is the most important factor explaining the gaps. However its con-
tribution is even smaller than that obtained in Table 1. Finally, the results suggest that, for wages and earn-
ings, only a modest 2 percent of the overall gaps can be explained by the proxy for noncognitive abilities.
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Individuals make their schooling decisions based on a comparison of the expected
benefits and costs associated with each alternative. Specifically, if V, denotes the
expected benefit associated with schooling level s, then

T
Vi =E| Y p™u(&(0) Lo,

t=1

where u(-) represents the per period utility function, £,(¢) represents the total earnings
received in period ¢ given schooling level s, p is the discount factor, and Z represents
the information set available to the agent at /=0. The information contained in Zj is
discussed below.

Total earnings received at the end of period ¢ are simply the product of hourly
wages (Y,(#)) and total number of hours worked during the period (H,(?)), that is,
E;(t) = Y,(r) X H,(¢). Notice that both wages and hours depend on the schooling
level and time period.

Additionally, each schooling level has attached a schooling cost I'y. This cost can
include not only monetary expenses associated with the specific schooling level (tu-
ition, for example), but also associated psychic costs.'” I'; must be paid by the indi-
vidual at the time the decision is made. Thus, the net expected value (V) associated
with schooling level s is
. T
4) Vi=E|Y p" M u(Y(t) X Hy(t))=Ts| Zo| fors = 1,..., S.
=1

The individual selects his schooling level 5" at period =0 by comparing the
expected net utility levels Vs across the different S alternatives.

B. Labor Market Outcomes and Schooling Costs
The models for (log) hourly wages (Y,(#)) and (log) hours worked (H()) are

(5) Y1) = Oy, * By, Xi+ Uy,
(6) H(t) = oy ,+By, ,Q,+Un, fors=1,...,Sandt =1,..., T,

where X, and Q, represent the exogenous vectors of variables determining the labor
outcomes, and Uy, ; and Uy, , represent the associated unobserved components in the
equations. Equations 5 and 6 show how the individual’s labor market outcomes de-
pend on the specific schooling level and time period considered.

Schooling costs associated with schooling level s are modeled as

(7) T's=or +yPs+efors=1,...,8,

where P represent the vector of observables in I',, and & is the unobserved cost com-
ponent.

17. In other words, this cost can be interpreted as the utility or disutility of education.
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Notice that no assumptions have been made on the unobservables in Equations 5,
6, or 7. In principle, they can be correlated over time, across schooling levels, and
across outcomes. In fact, the distinction between observable and unobservable com-
ponents is made only based on the information available in the data (the econome-
trician’s point of view). Individuals may have information about variables contained
in the unobservable components of the model (Uy,;, Uy, ,,& with s=1,...S and
t=1,...,T) and they can use such information to decide which schooling level to se-
lect. This is the idea developed next.

C. Incorporating Unobserved Components

The model assumes that every agent is born with a vector of ability endowments f.
These abilities include both individual cognitive (for example, intelligence) and non-
cognitive (for example, extraversion) traits. Thus, f ={fc,fy} where fc and fy repre-
sent the unobserved cognitive and noncognitive abilities, respectively. The levels of
these traits are assumed to be known to the agent and to be constant over time. Direct
information on these abilities is assumed not to be available, so they are interpreted
as unobserved abilities.'®

The model also considers the presence of a third unobserved component: uncer-
tainty (0). Uncertainty is intended to capture information that is revealed or learned
by the individuals after they decide their schooling level. Therefore, unlike the vector
of endowments f, uncertainty 6 does not belong to the information set of the agent at
t=0, that is, 06 &7y, but it is revealed during t=1."° This implies that the agent’s
schooling problem does not depend on 6 in any way since he is not aware of its ex-
istence. Direct measures of 0 are assumed to be unavailable.

Initially, cognitive and noncognitive unobserved abilities (f) and uncertainty (0)
are assumed to be independent random variables with zero means. The zero mean
assumption for f is relaxed below.

Unobserved abilities and uncertainty are incorporated in the model in the follow-
ing manner:

Uvi=ay f+Ny, B+ey,,

5

Un,,=ap f+Ng 0+eqy fors=1,...,Sandr =1,...,T,

18. From an empirical perspective, the longitudinal stability of cognitive ability has been well established
in the literature (Jensen 1998; Conley 1984; Carroll 1993). However, there is no clear agreement regarding
the stability of noncognitive abilities. For noncognitive traits such as neuroticism and extraversion, the ev-
idence supports the idea of strong longitudinal stability. On the other hand, the evidence is not as strong
when it comes to the stability of variables such as self-opinion (see Conley 1984; and Trzesniewski
et al. 2004). However, since the analysis of this paper distinguishes observed measures (which would
be allowed to change over time had they been repeatedly observed) from unobserved abilities, the idea
of a fixed vector of unobserved endowments is not inconsistent with the literature.

19. Cunha, Heckman, and Navarro (2005), using a sample of white males from the NLSY79, estimate a
model in which the agents choose between two schooling levels (high school and college) based on limited
information about the future. As in this paper, uncertainty is revealed only after the schooling decisions are
made. Thus, as an aside contribution, this paper analyzes whether blacks and whites face different distri-
butions of uncertainty as defined by Cunha, Heckman, and Navarro (2005).
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where ey, ; and ey, , are iid idiosyncratic shocks for any schooling level s and time pe-
riod £.%°

The vector of abilities also determines the costs of schooling. In particular, f is as-
sumed to enter I'; through its error term:

g =ogf+e, fors=1,...,S,

where e, is an iid idiosyncratic shocks for s=1,..,S. Uncertainty does not affect
schooling costs since by assumption 0 & 7.

It is important to emphasize that what is considered unobserved by the econome-
trician may in fact be known to the agents. This has important consequences. Since
agents base their schooling decisions on the comparison of expected benefits from
different alternatives and because those benefits depend on f, which is known to
the agent but not by the econometrician, schooling decisions must be treated as en-
dogenous variables. If information on f were available, the econometrician could deal
with the endogeneity of the schooling decisions by simply including f in the analysis
as an additional explanatory variable.

Finally, all error terms (e variables with subscripts) are mutually independent,
independent of (fc,fv,0) and independent of all the observable characteristics
(X, Q, P). The unobserved components are also independent of all the observable
characteristics.

D. The Information Set 7,

As previously mentioned, the information set of the agent at the time the schooling
decision is made, Z,, contains the vector of endowments f. Additionally, since the
agents are assumed to know the schooling costs {Fx}f:,, it must be the case that
{Ps, egx}f:1 € Zy. Furthermore, the model assumes that the agent knows the values
of X and @, the variables determining the labor market outcomes, at =0, that is,
(X0,Qp) € Zo.

The rest of the observables and unobservables in the model are not in the agent’s
information set at r=0.

IV. Additional Ingredients: The Models of
Test Scores and Incarceration

Notice that since f is unobserved, I cannot empirically distinguish
ay, s, o, 1, and o, from oy, f, ap, £, and o f for any s and ¢. The same logic applies
to 6 and its associated parameters. This illustrates the fact that, without further struc-
ture, the model introduced in Section III is not fully identified. This section presents
two additional ingredients of the model that secure its identification. Appendix 1

20. An implicit assumption is the existence of mechanisms through which f and 6 can be communicated or
learned by potential employers. In this way, they can be priced in the labor market and, consequently, enter
the models for labor market outcomes.
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presents the formal arguments of identification. As before, I omit the index for race in
what follows.

A. Test Scores versus Unobserved Abilities

As explained in the introduction, in general, test scores (measured abilities) cannot
be directly interpreted as abilities. Thus, and following previous notation, let fc
and fy denote cognitive and noncognitive abilities, and C; and N; denote the ith
and jth cognitive and noncognitive tests, respectively. The model assumes the avail-
ability of nc cognitive measures (that is, i=1,...,nc) and ny noncognitive measures
(that is, j = 1,...,ny). Finally, let s7 represent the schooling level at the time of the
test (sy = 1,...,87).
The model for the ith cognitive test score taken at schooling level sy (Ci(s7)) is

(8)  Ci(st) = @¢,(s7) +Bc, (s7)Xc + e, (st)fc +ec,(s7),

where ec,(s7) L (fc,Xc) and ec,(s7) L ec,(s7) for any i,je{1,...,nc} and s3; s such
that either i#j for any (s7, s7) or s7 # s for any (i, j).21 The vector X¢ in Equation 8
represents the set of observable characteristics affecting test scores (for example,
family background variables).

Likewise, the model for the noncognitive measure N; taken at schooling level sy
(j=1,...,ny and sy=1,...,57) is

(9) Nj(st) = @n,(s7) + By, (s7) X + on, (s7)fv + e, (s7),

where ey, (s7) L (fv,Xy) and ey, (s7) L en,(s7) for any i,je {1,...,ny } and s5 s7such
that either i#j for any (sgs7) or sy£sy for any (i,j). All error terms (e variables with
subscripts) are mutually independent, independent of (fc,fy) and independent of all
the observable X’s.

Notice that in Equation 8 noncognitive ability fy is not included as a determinant
of C(sp). Similarly, in Equation 9 cognitive ability f, is not considered as a determi-
nant of N(s7). In principle, these cross-constraints can be relaxed, allowing (fc,fy) to
appear in both C(s7) and N,(s7). However, in this case the interpretation, or labeling,
of the components of f would not be straightforward. What may be interpreted as
cognitive ability could actually be noncognitive ability, and vice versa. Therefore,
the exclusions in Equations 8 and 9 are justified because they allow for a clean in-
terpretation of the unobserved abilities in the model.**

Equations 8 and 9 clearly illustrate that measured test scores (C; and N;) and unob-
served ability (f = (fc,fy)) can be understood as different concepts. Besides their de-
pendency on f, test scores are also determined by the individual’s characteristics (X¢
and Xy ) as well as by the individual’s schooling at the time of the test (s7). This latter
dependency is particularly important, since the model can control for the possibility of

21. Tuse “A L B” to denote that ““A and B are statistically independent.”

22. Notice that there are no intrinsic units for the latent or unobserved abilities. Therefore, I need to assume
ac, = oy, = 1 for some i (i =1,...,n¢) and j (j = 1,...,ny). A similar normalization needs to be used in the
case of uncertainty 0. These assumptions set the scale of (f¢, fy,0). The actual equations used when imple-
menting these normalizations are discussed in Section V. The formal identification argument, including the
role of these normalizations, is described in Appendix 1.
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reverse causality of schooling on test scores. Finally, uncertainty does not appear in
Equations 8 or 9 because test scores are assumed to be taken during t=0.

A.1. Using Test Scores to Identify Racial Differences in the
Means of Unobserved Abilities

Up to this point, unobserved abilities have been assumed to have zero means for both
races. However, it is possible to identify racial differences in the means of cognitive
and noncognitive abilities under one additional assumption. I illustrate this idea by
analyzing the case of cognitive ability.

Consider the cognitive test score C; for whites and blacks

W_ W, WW, W
G _(pc,"'acifc +ec,
B _ B B B, B
G _(pC;+(xC,fC+eC;7

where E(el) = E(ef.) =0 and, for a simpler exposition, the dependency of the
scores on schooling (s7) and observables (X ) is omitted.

Suppose that blacks and whites have different means of unobserved cognitive
abilities. Let }Lg and ug denote the means of the distributions of cognitive abil-
ity for blacks and whites, respectively, and Ac denote their difference, that is,
Ac = pé—pg. Then, under the assumption that ¢ = @¢., it is easy to show that

E(C)=E(C}) = (g, —ad,)ne —agAc.

Notice that the left-hand side of this equation can be directly computed from data
on test scores. Finally, by normalizing .y to be equal to zero (or any other number),
and since Otg is identified, I can directly obtain A¢. A similar logic can be applied in
the case of noncognitive abilities (Ay).

The question then becomes which cognitive and noncognitive test scores to use for
the computation of A and Ay, respectively. This is discussed in the empirical section
of the paper (Section VI.B).

B. Incarceration as a Manifestation of Cognitive and Noncognitive Abilities

The racial differences in incarceration rates have received significant attention in the
literature. Blacks are considerably more likely to be incarcerated than whites regard-
less of the age considered. I can use the structure of the model to study whether cog-
nitive and noncognitive abilities can explain these differences. I do so by including in
the analysis a binary model for whether or not an individual has been incarcerated
during a particular time period ¢. Specifically, let J() denote a binary variable that
takes a value of one if the individual has been incarcerated during period ¢, and zero
otherwise. Thus, the model for J(¢) is

J(t) = 1[I,;(r) >0]fort =0, ..., T,

where 1[A] denotes an indicator function that takes a value of one if the argument A is
true, and zero otherwise, and I, (r) represents the associated latent variable, which is
assumed to depend on the set of observable variables (K;), abilities (f), and uncer-
tainty (0) according to the following equation
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I(t) = Gyt BJ,th +oy f+N;0+ey,,

where e;; is an idiosyncratic shock for r=0,...,T. Finally, in order to be consistent
throughout the paper with the definition of Zy, 6 is excluded from 7;(0).

V. Implementing the Model

The source of information used in this paper is the National Longi-
tudinal Survey of Youth 1979 (NLSY79). The sample is designed to represent the
entire population of youth aged 14 to 21 as of December 31, 1978. Data was
collected annually until 1994, then biannually until 2002 (the last year used in this
paper). The NLSY79 collects extensive information on each respondent’s labor mar-
ket outcomes and educational experiences. The survey also includes data on the
youth’s family and community backgrounds. I use the nationally representative
cross-section of black and white males, and the supplemental sample designed to
oversample civilian black males. Additional details on the sample and variables used
in this paper are presented in Appendix 2.

The model is estimated separately by race using Monte Carlo Markov Chain
(MCMC) techniques. A two-component mixture of normals is used to model the dis-
tribution of each unobserved component. More precisely,

fe~PIN(E, (05)%) + (1=pD)N (S, (05)%)
Iy~ PIN(Y, (0})) + (1=p) )N (1), (03)°)
6~ PLN(MU(O])) (1 P) (Mz»(o'z) )-

These distributions provide enough flexibility in the estimation and do not impose
normality a priori.

In the empirical implementation of the model, the theoretical time periods (f) are
replaced by ranges of ages. Period O represents ages between 14 and 22, Period 1
between 23 and 27, Period 2 between 28 and 32 years of age, and Period 3 between
33 and 37.%* This has implications for the definition of the labor market outcomes.
Since hours worked and hourly wage depend on the periods (7), I use the average
(over the given age range) hourly wage (from principal occupation) and the average
annual hours worked as measures of Y(#) and H(), respectively.24

(P«z
(Mz

23. The last period of age is selected based on the fact that every individual in the NLSY79 sample should
report information at least up to age 37 by 2002.

24. The sample is restricted to those individuals reporting between US$2 and US$150 (2000 dollars) per
hour as hourly wage. The total number of hours worked was restricted to be in the range of 160 and 3,500
hours per year.

25. This also has implications regarding the role of employment in the analysis. Given the five-year periods
as proxies for ¢, the fraction of individuals without information on hours worked and hourly wages because
of unemployment or inactivity is negligible, even for high school dropouts at early ages. Nevertheless, ver-
sions of the model with probit equations for employment (by age range and schooling levels) do not change
the main results of this paper, but they do reflect the poor identification of the employment’s equations
given the lack of individuals reporting to be unemployed or inactive during five-year periods.
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A multinomial probit model is used to approximate the schooling decision prob-
lem presented in Section IITA.?° The schooling levels considered in the analysis are:
high school dropouts, high school graduates, some college (more than 13 years of
schooling completed but without four-year college degree), and four-year college
graduates.27 Since there is no sequential schooling decision process in the model,
the maximum schooling level reported in the sample (after age 27) is used to define
the individuals’ schooling levels.

The model for incarceration is estimated using a probit model.?® The information
on incarceration comes from the individual’s description of the place of residence at
the time of the interview in which ““Jail” is a possible answer.

The cognitive test scores used in the measurement system are: Arithmetic Reason-
ing, Word Knowledge, Paragraph Composition, Math Knowledge, Numerical Oper-
ations and Coding Speed. As previously mentioned, these tests are components of the
Armed Services Vocational Aptitude Battery (ASVAB) available for the NLSY79
sample and they are used to construct the Armed Forces Qualification Test (AFQT),
which has been a widely used measure of cognitive skill or intelligence.

A detailed characterization of an individual’s noncognitive abilities would require
information on dimensions such as self-esteem, self-discipline, locus of control, mo-
tivation, and impulsiveness, among others. Instead, due to data limitations, this paper
examines noncognitive abilities linked to an individual’s locus of control and self-
esteem. Specifically, two attitude scales are used as measures of noncognitive abili-
ties: the Rosenberg Self-Esteem and Rotter Locus of Control scales. Both scales have
been shown to be good predictors of labor market outcomes and social behaviors (see
Heckman, Stixrud, and Urzua 2006).

One of the main concerns associated with the direct use of these scores is that in
the NLSY79 sample, the same cognitive and noncognitive tests are answered by indi-
viduals with different ages and schooling levels. This implies, for example, that the
information on cognitive test scores available for the NLSY79 sample does not con-
trol for the fact that an 18-year-old high school dropout is answering the same ques-
tions as a 20-year-old individual enrolled in college. If test scores affect schooling (a
reverse causality problem), comparison of the scores would not be informative of the
ability differentials between the two individuals. This is particularly relevant if we
take into account that blacks report fewer years of education than whites at the time
of the testing. This comparison problem is aggravated by the fact that different tests
are collected at different periods. That is, while the cognitive tests are collected dur-
ing the summer of 1980, the Rosenberg and Rotter scales are collected in 1980 and
1979 (both at the time of the interview), respectively.

Thus, while on average blacks report 11.17 years of education at the time cogni-
tive test scores are collected, whites report 11.66 years of education. Likewise, at the
time the Rosenberg scale is collected, blacks report 10.02 years of education versus

26. More precisely, the schooling choice model can be interpreted as a multinomial probit model only after
conditioning on the unobserved abilities. But since the individual’s abilities are unknown by the econome-
trician, they must be integrated out during the estimation process.

27. The some college category includes individuals obtaining two-year college degrees.

28. The same argument explaining the particular characteristics of the multinomial probit model for
schooling choices applies here as well.



Urzua

10.42 years for whites, and at the time the Rotter scale is collected, blacks report
10.63 years of education versus 11.09 for whites. These differences do not allow
for the direct interpretation of achievement test scores and attitude scales as good
measures of cognitive and noncognitive abilities.

However, as discussed in Section IVA, the analysis in this paper solves this problem
by controlling for the potential reverse causality of schooling at the time of the tests on
test scores and attitude scales. The model does this by estimating separate equations,
depending on the specific schooling level completed at the test date.®” In the empirical
implementation of the model, I consider the following schooling levels at the time of the
test (s7): less than tenth grade completed, between tenth and eleventh grade completed,
twelfth grade completed, and 13 or more years of education completed.

Finally, I set the scale of unobserved cognitive ability by normalizing to one the
coefficient associated with f in the equation for Coding Speed for individuals with
less than 10 years of schooling at the time of the test. Similarly, I set the scale of
unobserved noncognitive ability by using the same normalization on the coefficient
associated with fy in the equation for the Rosenberg Self-Esteem Scale for individ-
uals with less than 10 years of schooling at the time of the test. Finally, for uncer-
tainty, I normalize the loading in hours worked for high school dropouts at ages
23-27 to be equal to one.

Tables 2a and 2b present the variables included in the empirical implementation of
the model, as well as the imposed exclusion and identification restrictions.

VI. Estimation Results

Tables 3 and 4 present evidence on the goodness-of-fit for (log) hourly
wages and (log) annual hours worked, respectively. The model does well in predicting
the means and standard deviations of hourly wages among whites for any given
schooling level and age range (see Panels A and B in Table 3). Formal goodness-
of-fit tests cannot reject the null hypothesis that the simulated distributions of hourly
wages for whites are statistically equivalent to the actual distributions (Panel C in
Table 3). The performance of the model predicting (log) hourly wages for blacks is also
good, although some of the goodness-of-fit tests suggest differences between the sim-
ulated and actual distributions for high school dropouts and high school graduates.

The results for hours worked are not as positive as the ones for hourly wages.
Table 4 shows that, even though the model does well in predicting the means and stan-
dard deviations of the distributions of hours worked for any given race, schooling
level, and age range (Panels A and B), formal goodness-of-fit tests suggest the rejec-
tion of the hypotheses of equal distributions. Howeyver, this result does not have major
consequences for the purpose of this paper, since hours worked (in combination with
hourly wages) are used to construct annual earnings and, as shown below, the empir-
ical model does a good job capturing the observed racial inequality in annual earnings.

Tables 5 and 6 analyze the performance of the model in predicting schooling
choices, and incarceration rates, respectively. The results from the goodness-of-fit
tests show that the model does well in these dimensions for both whites and blacks.

29. See Hansen, Heckman, and Mullen (2004) for a formal exposition of this idea.
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Table 2a
Variables in the Empirical Implementation of the Outcome Equations

Educational Choice Model®

Hourly
Wage® and HS HS Some  4-yr.
Variables Hours Worked Dropouts Graduates College Degree
Region of residence Yes Yes Yes Yes -
Urban residence Yes Yes Yes Yes -
Family income in 1979 - Yes Yes Yes -
Broken home at age - Yes Yes Yes -
14 (Dummy)
Number of siblings at - Yes Yes Yes -
age 17 (Dummy)
Mother highest grade - Yes Yes Yes -
completed at age 17
Father highest grade - Yes Yes Yes -
completed at age 17
LURS of high school - Yes - - -
dropouts at age 17
LUR of high school - - Yes - -
graduates at age 17
LUR of attendees of - - - Yes -
some college at
age 17
LUR for college - - - - Yes
graduates at age 17
Tuition at two year - - - Yes -
college at age 17
Tuition at four year - - - - Yes
college at age 17
Factors
Cognitive Yes Yes Yes Yes -
Noncognitive Yes Yes Yes Yes
Uncertainty Yes No No No -
Estimated by Schooling - - - -
Level and
Age Range

Notes: a. The hourly wage and annual hours worked models are estimated for four different categories (high
school dropouts, high school graduates, some college, and four-year college graduates) and for three dif-
ferent ranges of age (23-27, 28-32 and 33-37).

b. The educational choice model is estimated considering four different categories: high school dropouts,
high school graduates, some college, and four-year college graduates.

c. LUR = Local Unemployment Rate.
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Table 2b
Variables in the Empirical Implementation of the model

Measurement System

Test Scores Attitude Scales
(Cognitive (Noncognitive
Variables Incarceration® Variables)® Variables)©
Living in a urban area at - Yes Yes
age 14 (dummy)
Living in the south at - Yes Yes
age 14 (dummy)
Mother highest grade Yes Yes Yes
completed at age 17
Father highest grade Yes Yes Yes
completed at age 17
Number of siblings at Yes Yes Yes
age 17 (dummy)
Family income in 1979 Yes Yes Yes
Broken home (dummy) Yes Yes Yes
Age dummies - Yes Yes
Factors
Cognitive Yes Yes No
Noncognitive Yes No Yes
Uncertainty Yes No No
Estimated by Age Range Grade Completed Grade Completed
at the Time of at the Time of
the Test the Test

Notes: a. There are four models of incarceration, one for each age range (14-22, 23-27, 28-32, and 33-37).
Uncertainty is excluded from the model estimated for the first period.

b. Test scores are standardized to have within-sample mean 0, variance 1 in the overall population. The in-
cluded cognitive variables are Arithmetic Reasoning, Word Knowledge, Paragraph Comprehension, Math
Knowledge, Coding Speed, and Numerical Operations;

c. The included noncognitive variables are Rotter Locus of Control Scale and Rosenberg Self-Esteem Scale.
The locus of control scale is based on the four-item abbreviated version of the Rotter Internal-
External Locus of Control Scale. This scale is designed to measure the extent to which individuals believe
they have control over their lives through self-motivation or self-determination (internal control) as opposed
to the extent that the environment controls their lives (external control). The Self-Esteem Scale is based on
the ten-item Rosenberg Self-Esteem Scale. This scale describes a degree of approval or disapproval toward
oneself. In both cases, I standardize the test scores to have within-sample mean zero and variance one in the
overall population.

It is not possible to reject the null hypothesis that the model produces the same dis-
tributions of schooling decisions and incarceration rates as the ones observed in the
actual data. These tables also show the substantial racial differences in schooling at-
tainment and incarceration rates observed in the data.
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Table 3

Goodness of Fit - (Log) Hourly Wages by Age Schooling Level, and Race

Whites Blacks

Schooling Level 23-27 2832 3337 2327 28-32 3337
A. Means
High school dropouts

Actual 2309 2387 2412 2147 2185 2232

Model 2329 2402 2417 2156 2201 2233
High school graduates

Actual 2436 2567 2.645 2198 2282 2321

Model 2435 2563  2.640 2204 2300 2324
Some college

Actual 2488 2.691 2.809 2355 2460 2544

Model 2481 2686 2.797 2350 2438 2561
Four-year college graduates

Actual 2524 2.868 3.106 2482 2723 2.896

Model 2539  2.860 3.097 2448 2.693 2856
B. Standard deviations
High school dropouts

Actual 0373 0388 0455 0351 0391 0424

Model 0.385 0420 0488 0360 0407 0436
High school graduates

Actual 0.368 0402 0453 0356 0388 0429

Model 0.376 0419 0466 0363 0.392 0.435
Some college

Actual 0.376 0429 0517 0375 0408 0.407

Model 0.388 0458 0564 0392 0428 0.450
Four-year college graduates

Actual 0.380 0437 0522 0379 0454 0472

Model 0.385 0445 0540 0439 0.532  0.550
C. Goodness of fit test (p-value)®
High school dropouts 0.588 0.766 0.294 0.004 0.009 0.000
High school graduates 0431 0448 0816 0.177 0.014 0.029
Some college 0.143 0934 0.262 0.055 0.502 0.440
Four-year college graduates ~ 0.157  0.135 0.048 0.437 0951 0.809

Notes: The simulated data (Model) contains 20,000 observations generated from the Model’s estimates. The
actual data (Actual) comes from the NLSY79 sample of Males. For each individual, the schooling level

refers to the maximum schooling level reported in the sample.

a. Goodness of fit is tested using a x> test where the Null Hypothesis is Model=Data.
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Table 4

Goodness of Fit - (Log) Annual Hours Worked by Age Range, Schooling Level,

and Race

Whites Blacks

Schooling Level 23-27 28-32 33-37 23-27 28-32 33-37
A. Means
High school dropouts

Actual 7.365 7.461 7.501 7.041 7.078 7.253

Model 7.378 7.466 7.508 7.136 7.121 7.226
High school graduates

Actual 7.548 7.648 7.669 7.264 7.367 7.414

Model 7.549 17.635 7.664 7.291 7.381 7.388
Some college

Actual 7488 7.608 7.644 7.229 7.450 7.495

Model 7470 7.590 7.638 7.189 7.400 7.675
Four-year college graduates

Actual 7.261 7.652 7.720 7.188 7.610 7.631

Model 7268 7.653 7.716 7.181 7.596 7.559
B. Standard deviations
High school dropouts

Actual 0.533 0.528 0.474 0.869 0.831 0.685

Model 0.577 0.611 0.508 0.859 0.851 0.719
High school graduates

Actual 0.404 0.310 0.308 0.679 0.605 0.613

Model 0412 0.320 0.313 0.677 0.604 0.652
Some college

Actual 0481 0.354 0.365 0.628 0.544 0.556

Model 0.518 0.391 0.400 0.668 0.586 0.686
Four-year college graduates

Actual 0.549 0.340 0.274 0.599 0.357 0.387

Model 0.555 0.330 0.284 0.623 0.391 0.597
C. Goodness of fit test (p-value)®
High school dropouts 0.000 0.000 0.000 0.000 0.000 0.000
High school graduates 0.000 0.000 0.000 0.000 0.000 0.000
Some college 0.000 0.000 0.000 0.000 0.000 0.000
Four-year college graduates 0.000 0.000 0.000 0.000 0.000 0.000

Notes: The simulated data (Model) contains 20,000 observations generated from the Model’s estimates. The
actual data (Actual) comes from the NLSY79 sample of Males. For each individual, the schooling level
refers to the maximum schooling level reported in the sample.

a. Goodness of fit is tested using a x> test where the Null Hypothesis is Model=Data.
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An alternative perspective of the performance of the model is presented in Figures 1
and 2. Figure 1 presents, for each age range, the fraction of blacks reporting hourly
wages within different quantiles of the white distribution of wages. The model satisfac-
torily mimics the large inequality of wages in the sample. It captures the fact that while
approximately 50 percent of blacks report hourly wages that are below the 25th percen-
tile of the white distribution, only less than 10 percent of blacks report wages above the
75th percentile of the white distribution. This is consistent across different age groups.

Figure 2 repeats the analysis, but for annual earnings. The performance of the
model is less satisfactory than in the case of wages, but the model still mimics well
the large inequality observed in the data, especially for the last two age ranges.*”

Therefore, based on the previous results, it is possible to conclude that the model
predicts well the actual racial inequality in labor market outcomes (wages and earn-
ings), schooling choices, and incarceration rates.

A. Schooling at Test Date, Observed Test Scores, and Racial Gaps

As explained in Section IVA, this paper treats observed cognitive and noncognitive
test scores as the outcomes of a process that has as inputs schooling (at the time tests
are taken), family background (mother’s and father’s education, number of siblings,
among others), and unobserved abilities. Additionally, the analysis does not constrain
the parameters associated with this process to be same across races, so blacks and
whites are allowed to have different production technologies of cognitive and non-
cognitive test scores. This interpretation of the observed ability measures is formally
established in Equations 8 and 9. These equations can be used to analyze the exis-
tence of black-white gaps in observed cognitive and noncognitive scores after con-
trolling for unobserved abilities and schooling at test date. Additionally, they can
be used to study the effect of schooling (at test date) on observed scores (controlling
for unobserved abilities), and whether or not this effect differs across races.

Equation 8 is used to construct each of the panels in Figure 3. Each panel shows
the significant and positive effect of schooling (at test date) on each of the observed
cognitive measures utilized in this paper. The patterns are similar for blacks and
whites. It is worth noting that in order to control for the levels of unobserved cogni-
tive abilities, the average scores utilized in this figure are constructed assuming the
same level of unobserved cognitive ability across races and schooling levels (at test
date) (Y = f2 = 0), whereas the observable characteristics are set to their respective
sample means (black or white sample means). This allows us to distinguish between
comparisons of test scores and abilities, controlling for schooling at test date.

In addition to the significant effect of schooling on test scores, Figure 3 also
illustrates the sizeable black-white gaps in cognitive test scores. Regardless of the
cognitive measure and schooling level considered, on average, whites have signifi-
cantly higher test scores than blacks even after controlling for unobserved cognitive
ability. The range of values for the computed black-white gaps in test scores is

30. Annual earnings are constructed using the information on hours worked and hourly wages. The fact
that for earnings I find some discrepancies between the model and data is due to the problems fitting hours
worked reported in Table 4. Nevertheless, the evidence in Figure 2 is still satisfactory.
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Table 5
Goodness of Fit - Schooling Choices by Race

Whites Blacks
A. Schooling Level (100%) Model Actual Model Actual
High school dropouts 17.20 17.18 29.27 29.48
High school graduates 34.70 34.81 37.12 37.23
Some college 19.95 19.82 21.14 20.63
Four-year college graduates 28.15 28.19 12.48 12.66
B. Goodnes of fit (p-value)® 0.723 0.841

Notes: The simulated data (Model) contains 20,000 observations generated from the Model’s estimates. The
actual data (Actual) comes from the NLSY79 sample of Males.
a. Goodness of fit is tested using a x> test where the Null Hypothesis is Model=Data.

between -0.5 and -1.5 (recall that the each cognitive test score is normalized to have
a mean of zero and a variance of one in the overall population).

The results in Figure 3 also provide new insights about the implications associated
with the standard practice of comparing white and black subjects with the same ob-
served cognitive test scores. From the analysis of each panel in Figure 3, I can con-
clude that, even controlling for the level of unobserved cognitive ability, when we
equate blacks and whites on the basis of test scores, we are in fact comparing blacks
that have attained substantially more schooling at the test date to whites that have at-
tained substantially less. This is particularly important if we consider the significant

Table 6
Goodness of Fit - Incarceration by Age Range and Race

Whites Blacks
Schooling Level 14-22 23-27 28-32 33-37 14-22 23-27 28-32 33-37
A. Fraction of individuals
in jail
Actual 126 187 140 1.64 531 873 1233 1053
Model 1.60 159 1.09 150 7.94 831 12.02 1042

B. Goodness of fit test 0.886 0.959 0.878 0.940 0.359 0.940 0.957 0.896
(p-value)®

Notes: The simulated data (Model) contains 20,000 observations generated from the Model’s estimates. The
actual data (Actual) comes from the NLSY79 sample of Males. The binary variable Jail takes a value of one
if the individual reports at least one episode of incarceration during the respective age range.

a. Goodness of fit is tested using a x> test where the Null Hypothesis is Model=Data.
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Figure 1

Location of Blacks in White Distribution—Hourly Wages Model Versus Data, by
Age Range

Note: The panels in this figure compare the proportion of blacks with hourly wages in the respective
percentile range of the white distribution obtained using simulated (‘““Model’’) and actual (*““Actual”)
data. The simulated data represents a sample of 20,000 individuals generated from the estimates of
the model. The simulated (log) hourly wages are obtained as follows. Let Y(a) denote the simulated
individual’s log hourly wage at age a and schooling level s given individual’s race R (R={White,
Black}). Let DX denote a dummy variable that takes a value of one if schooling level s is selected,
and zero otherwise. Thus, at age g, the individual’s log hourly wage is:

s
YX(a) = Y. DX X Y®(a) where R = {White, Black}.
s=1

racial differences in schooling attainment at the time the information on cognitive
test scores is collected (see the discussion in Section V).

Figure 4 presents the same analysis but applied to noncognitive measures. The
noncognitive scores are also affected by schooling at the time of the test, even after
controlling for the level of unobserved noncognitive ability (which is set to 0 across
races) and schooling levels. For locus of control (Rotter scale—Panel A in Figure 4),
we observe that the gradient of the average score with respect to schooling is larger
for whites than for blacks. On the contrary, in the case of self-esteem (Rosenberg
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Figure 2

Location of Blacks in White Distribution—Annual Earnings Model versus Data,

by Age Range

Note: The panels in this figure present the proportion of blacks with annual earnings in the respective
percentile range of the white distribution computed using the simulated (“Model”’) and actual (“Actual”)
data. The simulated data represents a sample of 20,000 individuals generated from the estimates of
the model. The simulated earnings are obtained as follows. Let Y®(a) and HR(a) denote the simu-
lated individual’s log hourly wage and log annual hours worked at age a and schooling level s given
individual’s race R (R={White, Black}), respectively. Let D¥ denote a dummy variable that takes a
value of one if the schooling level s is selected and zero otherwise. Thus, at age a, the individual’s log
earning is:

s
ER¥(a) = Y DR x (Y®(a) + H® (a)) where R = {Black, White}.
s=1

scale—Panel B in Figure 4), the average score for blacks presents the strongest re-
sponse to the increase in schooling.

Unlike the case of the cognitive measures, Figure 4 does not show substantial
black-white differences after controlling for schooling and unobserved noncognitive
abilities. Nevertheless, the comparison of black and white subjects with the same
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Figure 3

The Effect of Schooling on Observed Measures given f = f58 = 0: Black and
White Males

Notes: Each of the observed cognitive measures (test scores) is standardized to have mean zero and
variance one in the overall population. Each panel depicts the average cognitive scores computed
under the assumption of f =fZ = 0. The observable characteristics determining the observed
scores are set to their respective sample means (black or white sample means). Formally, given
the schooling level at the time of the test (s7) and race (R), the panel associated with the observed
cognitive measure C; presents C:,-R(sf) (the mean score) for s = {nine or less years of schooling,
between ten and 11 years of schooling, 12 years of schooling, and some post-secondary education}
where

_ . AR _
CR(s7) = @¢, (s7) +Bc, (s7)XE +ac,(s7) X 0,

and R = {Black, White}. (pg (s7)and f%lé (s7) represent estimated coefficients. The model is esti-
mated using the NLSY79 samples of whites and blacks (see Appendix 2 for details).

observed noncognitive measures is still problematic. This is because of the signifi-
cant racial differences in schooling attainment at the time the noncognitive test
scores are collected and because the comparison of the raw scores does not consider
the heterogeneity in unobserved noncognitive ability.

In summary, Figures 3 and 4 illustrate the limitations of using observed test scores
as proxies for true abilities.
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Figure 4

The Effect of Schooling on Noncognitive Scales given fy = f5 = 0: Black and
White Males

Notes: Each of the observed noncognitive measures (scales) is standardized to have mean zero and var-
iance one in the overall population. Each panel depicts the average noncognitive scores computed under
the assumption of fISV :f,ff = 0. The observable characteristics determining the observed scores are set
to their respective sample means (black or white sample means). Formally, given the schooling level at
the time of the test (s7) and race (R), the panel associated with the observed non-cognitive measure N;
presents N¥ (s7) (the mean score) for sy = {nine or less years of schooling, between ten and 11 years of
schooling, 12 years schooling, and some post-secondary education} where

_ R ~R _
NtR (ST) = (P§I (ST) + BN, (ST)XII\?/ Tay; (ST) X0,

and R = {Black, White}. (T)ﬁi (s7)and ﬁz (s7) represent estimated coefficients. The model is esti-
mated using the NLSY79 samples of whites and blacks (see Appendix 2 for details).

B. The Distributions of Abilities and Uncertainty

Figure 5 compares the estimated distributions of unobserved cognitive and non-
cognitive abilities (Panels A and B, respectively) and uncertainty (Panel C) across
races.

Panel A shows that the distribution of cognitive abilities for blacks is dominated by
the whites’ distribution. The estimated difference between the means of the white and
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B. Noncognitive Factor

m Whites
minnn Blacks

Figure 5

Distribution of Unobserved Abilities and Uncertainty by Race

Note: Panel A compares the black and white distributions of unobserved cognitive ability. Panel B
compares the distributions of noncognitive ability. Panel C compares the distributions of uncertainty
across races. The distributions are computed using 20,000 simulated observations for each race. The
simulated data is generated using the estimates of the model.

black cognitive distributions is 0.47, which represents a difference of approximately
1.1 standard deviations.*" This difference is consistent with evidence on racial differ-
ences in IQ tests reported elsewhere (Jensen 1998; Carroll 1993).32

For noncognitive abilities, the results indicate that, although there are no sig-
nificant differences in means, blacks and whites have different distributions of non-

31. The standard deviations of cognitive ability for whites and blacks are 0.417 and 0.413, respectively.
32. The difference in means is estimated using the logic described for a single cognitive test score in Sec-
tion IV.A.1 but applied to all cognitive measures. Specifically, if A, denotes the mean difference obtained
applying the logic of Section IV.A.1 to test score C;, then 0.47 represents the average across Ac,, ..., Ac,,
where nc is the number of cognitive test scores. This difference in means is statistically significant at the
five percent level.



Urzua

cognitive abilities.>* Panel B in Figure 5 shows a left fat-tailed distribution for blacks
and a more symmetric distribution for whites. The estimated standard deviations are
0.347 for whites and 0.440 for blacks.

Panel C presents the distributions of uncertainty. The means of the two distribu-
tions are the same, even though by comparing the two figures it might be concluded
that blacks face, on average, more uncertainty than whites. This is simply due to the
visual effect produced by the asymmetries of the distributions. Overall, it is possible
to conclude that uncertainty among blacks is more volatile than among whites (the
standard deviations are 0.76 and 0.24, respectively).34

I also use the distributions of abilities to shed light on racial differences, specif-
ically in the way abilities affect schooling decisions. Figure 6 presents black and
white distributions of abilities by schooling levels. Panels A and B show a clear
sorting by cognitive ability: individuals loaded with high levels of cognitive abil-
ities are more likely to be more educated, regardless of race. Panels C and D show
that this result does not hold for noncognitive abilities. While there is a strong sort-
ing among blacks, with individuals highly loaded with noncognitive abilities reach-
ing higher levels of education (Panel D), the sorting is considerably weaker
for whites. Interestingly, by comparing Figures 5 and 6, I conclude that most of
the bimodality of the noncognitive distribution for blacks is linked to high school
dropouts.

C. The Effect of Abilities and Uncertainty on Qutcomes

Table 7 presents standardized estimates of the race-specific coefficients associated
with abilities and uncertainty for labor market outcomes, schooling choices and in-
carceration model. For hours worked and hourly wages (Panel A in Table 7), the
results show that cognitive and noncognitive abilities, in general, have positive
and significant effects for both races. The numbers also indicate that noncognitive
abilities always have stronger effects among blacks than whites. For cognitive ability,
whether the effects are stronger for whites or blacks depends on the particular out-
come, schooling level, and age range considered. Uncertainty on the other hand,
has usually positive effects on hours and wages, and whether the effect of uncertainty
is stronger among whites or blacks also depends on the labor market outcome,
schooling level, and age considered.

The results from the schooling model on the other hand (Panel B in Table 7), sug-
gest that both abilities have positive effects on individuals’ schooling decisions (re-
call that the schooling level *“Four-year-college graduate” is used as baseline level in
the discrete choice model). While the effect of cognitive ability is stronger among

33. The analysis of difference in the means of noncognitive abilities follows the logic used in the case of
cognitive abilities. But for noncognitive abilities, the difference in means is not statistically significant (the
implied p-value is 0.46).

34. Formal tests reject the null hypothesis that blacks and whites share the same distributions of cognitive
abilities, noncognitive abilities, and uncertainty. Additionally, formal tests of normality are strongly
rejected for each unobserved component. These results are presented in Table Al in the web appendix
of the paper.
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Racial Differences in schooling Sort: Distribution of Unobserved Abilities by
Race and Schooling Level

Note: Each panel in this figure presents the distributions of unobserved abilities by schooling levels.
The distributions are computed using 20,000 simulated observations for each race. The simulated
data is generated using the estimates of the model. The schooling choices are the optimal decisions
simulated from the model.

whites, the effect of noncognitive ability is much stronger among blacks. This in part
explains the patterns observed in Figure 6.

It is important to note that there are significant differences across races for more
than half of the estimates presented in Table 7. This is strong evidence supporting
models that do not restrict parameters to be the same across races.”

35. Table A2 in the web appendix of the paper presents the p-values for the tests of equal coefficients
across races for each of the parameters presented in Table 7.
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The results for cognitive test scores and attitude scales (not shown in Table 7 but
available in the web appendix) indicate that, in general, cognitive and noncognitive
abilities have positive effects on the respective measures.*®

D. Understanding Racial Gaps in Labor Market Outcomes and
Schooling Choices

From the previous analysis it is possible to conclude that there exist racial differences
in the distributions of unobserved abilities (and uncertainty), that these abilities are
important determinants of a variety of outcomes, and that the specific way they de-
termine these outcomes depends on race. Given these facts, the question is then
whether the observed racial differences in labor market outcomes and schooling
choices can be interpreted as the result of these estimated differences in abilities.

We can analyze this question using the structure of the model. Specifically, by sim-
ulating data from the model, it is possible to study how the black-white gaps in out-
comes change after blacks are compensated for racial differences in the distributions
of unobserved abilities, uncertainty, and observed characteristics. To illustrate this,
consider the case of hourly wages. Let YSR (a,Xf,fR, 8%) denote the potential (log)
hourly wage at age a and schooling level s, given observed characteristics XX, unob-
served abilities %, and uncertainty 0%. The supra-index R denotes race (R={Black,
White}). The individual’s schooling decision on the other hand, depends on observed
characteristics (Xg, Qg and P®) and unobserved abilities (f%). For notational simplic-
ity, I define Z® as the vector of observed characteristics determining the schooling
decision, that is, Z® = (X&, OF, P?). Thus, I can denote by DF (Z¥ *) a dummy vari-
able such that it is one if schooling level s is selected and, zero otherwise. The ob-
served (log) hourly wage Y®(a, X% Z® X 6F) is then:

s
(10)  Y®(a, X%, ZR % 6%) = 3 DR(ZR tR) YR (a, X% 1R, 0F),
s=1

where, for one (and only one) schooling level s, it is true that Df, (ZR, R ) = 1. Equa-
tion 10 contains the ingredients necessary to understand how the model can be used
to assess if racial gaps can be interpreted as a manifestation of racial differentials in f
(as well as in X, Z, or 0) in a framework that allows schooling decisions to be en-
dogenously determined. Consider a case in which blacks are compensated for the dif-
ferences in abilities. Here, the distribution of f for whites would be used to generate
the values of the abilities utilized when solving the model for blacks. As a result, I
can construct the counterfactual hourly wage for blacks having been endowed with
the white distribution of abilities. More precisely, for each individual in the sample, I
can construct the variable

36. The two exceptions are the loadings on Rotter for individuals with some postsecondary education at the
time of the test, and on Rosenberg for individuals with less than tenth grade completed at the time of the
test. In both cases, the estimated coefficients are not statistically significant (at five percent level). Table A3
in the web appendix presents these coefficients. Table A4 presents the p-values of the test of equal loading
across races. For most of the cognitive test scores the null hypothesis of equal loadings is rejected. For the
attitude scales, the null hypothesis of equal loadings across races is never rejected.
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(11) YB(a,xB 2 £V 6°) = ZDB Z8 tV)YB(a, X5 £V 6F),

and its associated distribution, which can be compared with the original variables
represented by Equation 10 to analyze the consequences of the ability compensation.
Similar exercises can be considered for the other determinants of ¥”.

Tables 8 and 9 present the results of several exercises on hourly wages and annual
earnings, respectively, for the age range 28-32.%

Panels A and B in Table 8 display the results as predicted by the model, that is,
without compensations, for whites and blacks, respectively. Both present the mean
(log) hourly wage by schooling level and in the population, and the distributions
of schooling decisions. Panel B also presents the overall gap in mean (log) outcome
as well as the contribution of each schooling level to it. Specifically, the row “Gap”
in Panel B presents the terms from the following decomposition:

EYY(a, XV, 2" tV ") —E[Y?(a, X5 2" 7 07)]
E[YY(a, XV £V 0")DY(ZV V) = 1]Pe[DY (2" V) = 1]
; E[YB(a,X® 7 08)|DP(Z® %) = 1|Pr[D?(Z5,£%) = 1] '

Using this decomposition, I can examine how the interaction of potential outcomes
and schooling choices determine the overall gap in the population.

The results in Panels A and B show the well-known large differences between
races in hourly wages. The largest gap is estimated among high school graduates
(0.27), whereas the smallest is for college graduates (0.13). The large racial differ-
ences in schooling attainment are also presented in the table. Finally, the gap in
hourly wages in the overall population is 0.28 with four-year-college graduates con-
tributing the most to it.*®

Panel C presents analogous results but after compensating blacks for racial differ-
ences in the components of Y?(a, X5, Z® % 6%). Specifically, Panel C1 presents the
results when blacks are assumed to have the same distributions of observables and
unobservables as whites; Panel C2 assumes that only the distribution of observables
are equalized across races; Panel C3 assumes that the distributions of all unobserved
components are equalized across races, and the results in Panels C4—C6 present the
results when the distribution of each unobserved component is equalized across
races. The results for whites (Panel A) are always used to compute the overall gaps
and their associated decompositions.

The evidence in Panel C1 implies that when the distributions of observed and un-
observed characteristics are equalized between races, the overall gap reduces 33 per-
cent (from 0.28 to 0.19). This is a result of two effects: the significant improvement in

37. The main results are similar for the other two age ranges, so they are not discussed in the text. They are
available at the paper’s web site.

38. The contribution is defined according to decomposition of the overall gap described in the text. Notice
that even small differences in hourly wages can be magnified because of the differences in schooling attain-
ment. Among college graduates, the relatively small difference in mean (log) hourly wages (0.13) is am-
plified by the differences in college graduation rates across races (28 percent among whites 13 percent
among blacks).
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Table 8
Black-White Gap in Hourly Wages under Different Assumptions: Sample of 28-32
year old Males

H. S. H. S. Some College
Dropouts  Graduates College Graduates Overall

A. Outcomes for whites
Hourly wages 2.39 2.57 2.68 2.85 2.64
Percent in each 0.17 0.35 0.20 0.28 -
schooling level
B. Outcomes for blacks

Hourly wages 2.20 2.30 2.45 2.72 2.36

Percent in each 0.29 0.37 0.21 0.13 -
schooling level

Actual gap —0.24 0.04 0.02 0.46 0.28

C. Blacks with whites’ characteristics
Cl. Observables and unobservables

Hourly wages 2.25 2.42 2.52 2.47 2.45
Percent in each 0.11 0.23 0.33 0.34 -
schooling level
Gap 0.17 0.35 —0.29 —0.04 0.19
C2. Observables
Hourly wages 221 2.30 2.48 2.68 2.40
Percent in each 0.24 0.33 0.25 0.18 -
schooling level
Gap —0.11 0.14 —0.10 0.31 0.24
C3. Unobservables
Hourly wages 2.26 243 2.47 2.50 2.44
Percent in each 0.15 0.29 0.30 0.26 -
schooling level
Gap 0.07 0.18 —0.21 0.15 0.20
C4. Cognitive ability
Hourly wages 2.24 243 2.45 2.73 2.49
Percent in each 0.15 0.28 0.29 0.28 -
schooling level
Gap 0.07 0.21 —0.18 0.05 0.15
C5. Noncognitive ability
Hourly wages 222 2.30 2.46 2.48 2.33
Percent in each 0.29 0.38 0.21 0.11 -
schooling level
Gap —0.24 0.02 0.01 0.53 0.31

(continued)
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Table 8 (continued)

H. S. H. S. Some College
Dropouts  Graduates  College  Graduates  Overall

C6. Uncertainty

Hourly wages 2.21 2.30 2.45 2.72 2.36

Percent in each 0.29 0.37 0.21 0.13 -
schooling level

Gap —0.24 0.04 0.02 0.46 0.28

Note: The numbers in this table present the mean (log) hourly wages (by schooling level and overall), the
distribution of schooling decisions, and the racial gaps in (log) hourly wages. Panels A and B show these
numbers for blacks and whites as predicted by the model. For example, for blacks (panel B), the row
“Hourly wages” presents the means of Y? (a, X5, £%,0%) for individuals selecting the respective schooling
level s, whereas the row “Percent in each schooling level” presents the distribution of schooling decisions
DB (Zf N ) in the black population. For “Hourly wages™ the last column (Overall) presents the average of
(log) hourly wages Y?(a,X%,Z" % 6%) in the population, where

a’
S

Y2(a,X2,2°,£%,0%) = Y. D2 (2% £°)Y? (a, X5, 1%,0°).
s=1

The numbers under the row “Gap”’ on the other hand, come from the following decomposition of the over-
all racial gap in (log) hourly wages

E(YY(a,X),Z" 7 ,0Y)—Y" (a,X5,Z5 £, 07))
E(1 (0, X207, 0) DI (29,£7) = 1 ) Br(Dl (27,£) = 1)
=X
S\ B (Y2 (a, XE,87,6%) DB (2°,£7) = 1) Pr(DP (28, £) = 1)

50, each column represents a term in the summation with the last column (Overall) presenting the total sum
(or the gap). Panel C presents analogous results, but after modifying different components of
Y8 (a,Xf,ZB7 5 93). In particular, Panel C1 presents the results when blacks are assumed to have the same
distributions of observables and unobservables as whites, that is, it presents the results obtained using
YB(a, XY, t%,0"), DE(Z" 1), and YE (a, X}/, Z" £, 6" ). Panel C2 assumes that only the distributions
of observables are equalized across races. Panel C3 assumes that all of the distributions of the unobserved
components of the models are equalized across races. Finally, Panels C4 to C6 present the results obtained
when the distribution of each unobserved component is equalized across races. The results for whites (Panel
A) are always used to compute the gaps.

the schooling attainment of blacks and their higher mean (log) hourly wage by school-
ing level. The reduction in the mean log hourly wage among college graduates is
explained by the compensation of noncognitive ability and is analyzed in detail below.
It is also interesting to see how the contribution of each schooling level to the overall
gap is affected by the exercise. While in Panel B most of the contribution to the gap is
coming from college graduates, in Panel C1 high school dropouts and high school
graduates are the groups that contribute the most. This highlights the importance of
considering the endogeneity of schooling decision in understanding the overall gap.
Panel C2 shows the role played by observed characteristics in the results presented in
Panel C1. When the distributions of observables are equalized across races, blacks be-
come slightly more educated, the average hourly wage by schooling level barely
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Table 9
Black-White Gap in Annual Earnings under Different Assumptions Sample
of 28-32 year old Males

H.S. H.S. Some College
Dropouts Graduates College Graduates Overall

A. Outcomes for whites
Annual earnings 9.87 10.21 10.27 10.48 10.24
Percent in each 0.17 0.35 0.20 0.28 -
schooling level

B. Outcomes for blacks

Annual earnings 9.32 9.68 9.83 10.31 9.68

Percent in each schooling 0.29 0.37 0.21 0.13 -
level

Actual gap —1.05 —0.05 0.01 1.65 0.56

C. Blacks with whites’ characteristics
Cl. Observables and unobservables

Annual earnings 9.37 9.78 9.89 9.97 9.84
Percent in each 0.11 0.23 0.33 0.34 -
schooling level
Gap 0.68 1.35 —1.20 —-0.43 0.40
C2. Observables
Annual earnings 9.21 9.62 9.82 10.26 9.69
Percent in each 0.24 0.33 0.25 0.18 -
schooling level
Gap —0.47 0.41 —0.46 1.08 0.55
C3. Unobservables
Annual earnings 9.50 9.85 9.89 10.00 9.85
Percent in each 0.15 0.29 0.30 0.26 -
schooling level
Gap 0.29 0.68 —0.93 0.36 0.39
C4. Cognitive ability
Annual earnings 9.40 9.86 9.80 10.33 9.90
Percent in each 0.15 0.28 0.29 0.28 -
schooling level
Gap 0.27 0.79 —0.81 0.09 0.34
C5. Noncognitive ability
Annual earnings 9.43 9.65 9.86 9.97 9.67
Percent in each 0.29 0.38 0.21 0.11 -
schooling level
Gap —1.08 —0.12 —0.07 1.85 0.58

(continued)
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Table 9 (continued)

H.S. H.S. Some College
Dropouts  Graduates  College = Graduates  Overall

C6. Uncertainty

Annual earnings 9.32 9.67 9.83 10.31 9.68

Percent in each 0.29 0.37 0.21 0.13 -
schooling level

Gap —1.05 —0.05 0.01 1.65 0.56

Note: The numbers in this table present the mean (log) annual earnings (by schooling level and overall), the
distribution of schooling decisions, and the racial gaps in (log) annual earnings. Let £¥ (a, X, Q% %, 0F)
denote the log annual earnings given characteristics (Xf7 Qg R, GRK), race R, schooling level s and age a.
Formally, & (a, X%, f%,0%) = YR (a, X%, %, 0%) + HE (a, Q% £%,0%), where YR(a, X% f%,6%) and
HE (a, fo R of ) represent the associated log hourly wage and log annual hours worked, respectively. Pan-
els A and B show these numbers for blacks and whites as predicted by the model. For example, for blacks
(panel B) the row ““Annual earnings” presents the means of £%(a, X2, 5, £%,0%) for individuals selecting
the respective schooling level s, whereas the row “Percent in each schooling level” presents the distribution
of schooling decisions D? (ZB L8 ) The last column (Overall) presents the average log annual earning in the
population. This average is constructed using the variable £ (a, X%, @2, Z” £ 6%) which is generated as

s
E%(a,X5,05,2° %,0%) = ), DF (2" 1%)&2 (a, X5, Q5 17, 0°)

s=1
The row “Gap” on the other hand, presents the numbers associated with the following decomposition of the
overall racial gap in (log) earnings
E(EY (a,XY,0V, 2% £V 0")—¢€%(a, X5, 05,25 £°,6%))
s (E(E) (a, XV, 0 £V, 6")|DY (2" 17) = 1)Pr(DY (2" ,£7) = 1)

~ (€0 (0, X2, 007 ) [DE (27, 17) = 1)Pe(DA (28 17) = 1)

s=1

so, each column represents a term in the summation with the last column (Overall) presenting the total sum
(or the gap). Panel C presents analogous results but after modifying different components of
ol (a,Xg,Qf,ZB,fB,OB). In particular, Panel C1 presents the results when blacks are assumed to have
the same distributions of observables and unobservables as whites. Panel C2 assumes that only the observ-
ables are equalized across races. Panel C3 assumes that all of the distributions of unobserved components
are equalized across races. Finally, Panels C4 to C6 present the results obtained when the distribution of
each unobserved component is equalized across races. The results for whites (Panel A) are always used
to compute the gap.

changes, and the overall gap reduces only 14 percent (from 0.28 to 0.24). Overall, the
results from Panel C1 and C2 seem to indicate that observed characteristics help to re-
duce the gap but are not as important as unobservables. This is confirmed by the evi-
dence presented in Panel C3. After compensating blacks for differences in unobserved
characteristics, blacks are as educated as whites and the gaps in hourly wages by
schooling level are smaller than the ones observed in the original samples except, again,
for college graduates. As a result, the overall gap reduces to 0.20 representing a reduc-
tion of 28.5 percent, which is close to the 33 percent reduction presented in Panel C1.

Panel C4 displays the results when blacks are compensated in the distribution of
unobserved cognitive ability. The results show again strong effects on schooling at-
tainment. Blacks with the same distributions of cognitive ability as whites are more
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educated than whites. The compensation also has effects on hourly wages. Although
still sizeable, the school-specific gaps are smaller than the original ones. The overall
gap is reduced to 0.15 representing a reduction of 44 percent, larger than any of the
previous results. High school graduates are the group contributing the most to the
overall gap in this table.

The differences in the distributions of noncognitive abilities, on the other hand,
have negligible effects on schooling attainment and hourly wages except for college
graduates. In that case, the compensation leads to a reduction of 24 percent in aver-
age log hourly wages (2.72 versus 2.48). Two elements explain this result. First, the
large effects of noncognitive abilities on hourly wages among blacks (see Table 7),
and, second, the difference in the distributions of noncognitive ability between the
original black college graduates and the compensated black college graduates. Spe-
cifically, while in the original sample of black college graduates the mean noncog-
nitive ability is 0.20, for the compensated black college graduates (blacks with the
white distribution of noncognitive abilities selecting endogenously to become college
graduates) the mean is only 0.10. This difference is due to the high value of noncog-
nitive abilities being more common among blacks than among whites.> These two
considerations also explain the low average hourly wages for black college graduates
reported in Panels C1 and C3. Finally, Panel C6 suggests that hourly wages are not
sensitive to compensation in the distribution of uncertainty.

Table 9 presents the results for log annual earnings. The results follow basically
the same patterns as the ones in Table 8, although because of the racial differences
in hours worked, the gaps for earnings are larger than for wages. Panels A and B pre-
sent the gaps in log earnings by schooling levels and in the overall population. The
smallest gap is found for college graduates where, the estimated average black-white
difference in log earnings is 0.17. This means that, on average, black college grad-
uates make approximately 15.6 percent less in annual earnings than white college
graduates per year between ages 28 and 32.* Analogously, the black-white differen-
ces in log earnings are 0.55 for high school dropouts, 0.54 for high school graduates,
and 0.44 for some college. The overall difference in earnings is 0.56.

Panel C1 shows the effect of equalizing observed and unobserved characteristics.
The effects on schooling attainment are identical to the ones reported in Table 8, but
they are included in the table for completeness. Even though most of the gaps in
earnings are reduced after the black-white differences in the distributions of observed
and unobserved characteristics are eliminated, their magnitudes are still large. The
overall gap is 0.40, which represents a reduction of 28 percent when compared to
the original 0.56. Therefore, for (log) earnings, observables and unobservables can
explain less of the gap compared to the results for wages.

The evidence from Panel C2 indicates that equalizing observed characteristics be-
tween races do not affect the overall gap. The overall gap computed in this case is
0.55 versus 0.56 from Panel B. However, a closer analysis of the results suggests
that, although the overall gap is almost unchanged, all the schooling-specific gaps
increase, with the largest gap found for high school dropouts (0.66). Thus, the final

39. Panel B in Figure 3 illustrates this fact.
40. The 15.6 percent is obtained as 1-exp(-0.17) and as previously mentioned, this calculation omits the
fact that E[InY] is not the same as In E[Y]
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0.55 combines the positive effect of schooling (described in the context of Table 8)
with the negative effects of schooling-specific earnings.

The results from the compensation in unobserved characteristics present a differ-
ent story. Panel C3 shows that most of the school-specific gaps in earnings are re-
duced as a result of this exercise. The computed overall black-white gap is 0.39,
which implies that unobserved characteristics explain approximately 30 percent of
the actual gap. In addition, the evidence from Panel C4 suggests that cognitive abil-
ities are the driving force behind this reduction. The gaps for high school dropouts,
high school graduates, and college graduates are reduced once blacks have whites’
distribution of cognitive ability, and the overall gap is only 0.34, which represents
the smallest overall gap reported in Table 10. Consequently, I can conclude that the
differences in cognitive ability explain approximately 39 percent of the actual gap
in (log) annual earnings.

Panel C5 shows the results associated with the change in the distribution of non-
cognitive ability. In this case, the racial gaps in earnings are reduced for high school
dropouts (from 0.55 to 0.44) and some college (from 0.44 to 0.41), but increase for
high school (from 0.53 to 0.56) and college graduates (from 0.17 to 0.51). This large
increase among college graduates is explained by the same argument used to explain
the similar finding for wages, with the additional consideration that the noncognitive
loadings on hours worked are also large for black college graduates.

Until this point, the analysis has considered only the age range between 28 and 32
years. As mentioned above, the results for the other two age ranges lead to similar
conclusions and thus do not need additional discussion. I can, however, combine
the results from all age ranges to analyze black-white differences in the present value
of earnings (computed using information up to age 37). In order to achieve this, con-
sider that, for each individual, the observed present value of earnings is

h N

S
PVR(XR, QR ZF £R 6F) = Y DR(zZF tF) Z 1R (a, XR QR 17, 0F)

s=1 a=1

where, for one (and only one) schooling level s*, it is true that DR (ZR t7) =1,
ER(a,XR, QR 7 6F) represents the earnings at age a given observed (X% Q%) and
unobserved (f ()R) characteristics, and the individual’s race R.*' p is the discount
factor, which is assumed equal to 0.97; that is, the implicit discount rate is 0.03.
Then, I can apply the same strategy previously utilized for wages and earnings for
the analysis of black-white gaps in present value of earnings. Table 10 displays these
results. The evidence in Panels A and B confirms the existence of sizeable black-
white differentials regardless of the schooling level analyzed. The black-white gap
is 34 percent in the overall population (378,006 versus 249,783), 32 percent for high
school dropouts (290,430 versus 197,986), 35 percent for high school graduates
(366,076 versus 237,463), 30 percent for some college (395,520 versus 277,939),
and 17 percent for college graduates (433,795 versus 360,681). Again, given the

41. In order to go from logs to levels, I take the exponential of the individual’s log earning simulated from
the model at each age. In this way, the simulated log earnings include the idiosyncratic disturbances. This
strategy avoids taking exponential excluding the idiosyncratic disturbances that may lead to different
results. Therefore, individual’s earning (in levels) are used in the computation of the present values.
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Table 10

Black-White Gap in Present Value of Annual Earnings under Different
Assumptions: Ages 23 to 37

H. S. H. S. Some College
Dropouts Graduates College  Graduates Overall (Percent)
A. Outcomes for whites
PV of earnings 290,430 366,076 395,520 433,795 378,006
Percent in each schooling 0.17 0.35 0.20 0.28 -
level
B. Outcomes for blacks
PV of earnings 197,986 237,463 277,939 360,681 249,783
Percent in each schooling 0.29 0.37 0.21 0.13 -
level
Actual gap —8,460 39,024 21,053 76,606 128,223  (0.34)
C. Blacks with whites’ characteristics
C1. Observables and unobservables
PV of earnings 191,647 241,041 279,250 271,533 258,539
Percent in each schooling 0.11 0.23 0.33 0.34 -
level
Gap 29,198 72,980 —12,867 30,156 119,467  (0.32)
C2. Observables
PV of earnings 181,601 228,256 276,369 354,081 252,529
Percent in each schooling 0.24 0.33 0.25 0.18 -
level
Gap 7,111 52,712 8,236 57,419 125477  (0.33)
C3. Unobservables
PV of earnings 210,439 251,494 278968 277,084 260,275
Percent in each schooling 0.15 0.29 0.30 0.26 -
level
Gap 18,646 53,945 —5,340 50,480 117,731  (0.31)
C4. Cognitive ability
PV of earnings 216,389 283,793 274,267 399,580 302,903
Percent in each schooling 0.15 0.28 0.29 0.28 -
level
Gap 17,091 47,771 —1,283 11,523 75,103 (0.20)
C5. Noncognitive ability
PV of earnings 203,710 218,922 264,053 269,541 229,685
Percent in each schooling 0.29 0.38 0.21 0.11 -
level
Gap —10,056 43,912 22,056 92,408 148,321  (0.39)
C6. Uncertainty
PV of earnings 184,218 225,047 288,906 334,602 240,062
Percent in each schooling 0.29 0.37 0.21 0.13 -
level
Gap —4,402 43,646 18,791 79,909 137,944  (0.36)

Note: The numbers in this table present the mean present value of earnings (by schooling level and
overall), the distribution of schooling decisions, and the racial gaps in present value of earnings. Let
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ER(a, X%, Q% 1* 0F) denote the log annual earnings given characteristics (X%, Q%% 0%), race R, school-

ing level s and age a. Panels A and B show these numbers for blacks and whites as predicted by the model.
For example, for blacks (panel B) the row “PV of earnings” presents the means of

A
PV (@, X3, 04, 1,6%) = X p* €0 (a, X7, 07, 17,67)
a=1

for individuals selecting the respective schooling level (s), whereas the row ‘“‘percent in each schooling
level” presents the distribution of schooling decisions D? (ZB ,fB). The last column (Overall) presents
the mean present value of earnings in the population. The row “Gap” on the other hand, presents the num-
bers associated with the following decomposition of the overall racial gap in PV of earnings
E(PVY(a,X),0F, 2" Y 0%)-PV®(a, X%, 05,25 £°.6%))
E(PVY(a, XY, Q) 87, 6")|DY (2" £V) = 1)Pr(DY (2",1V) = 1)
—E(PVE(a, X5, 05,1%,0%)|DE (2" £%) = 1)Pr(DB (2%,£%) = 1)

N

=2

s=1

50, each column represents a term in the summation with the last column (Overall) presenting the total sum
(or the gap). Panel C presents analogous results but after modifying different components of
PVE (a.Xg, Qﬁ,ZB,fB, 93). In particular, Panel C1 presents the results when blacks are assumed to have
the same distributions of observables and unobservables as whites. Panel C2 assumes that only the distri-
butions associated with the observables are equalized across races. Panel C3 assumes that all of the distri-
butions of unobserved components are equalized across races. Finally, Panels C4 to C6 present the results
obtained when the distribution of each unobserved component is equalized across races. The results for
whites (Panel A) are always used to compute the gap.

differences in schooling attainment, the difference for college graduates contributes
the most to the overall gap.

The evidence in Panel C follows the same patterns previously discussed in the con-
text of wages and earnings. That is, while the compensations in observables and (all)
unobservables have minor effects on the racial gaps, when blacks are compensated
only for the racial differences in unobserved cognitive ability the gaps, although still
large, are reduced. Specifically, on average, blacks with the same distribution of cog-
nitive ability as whites, still earn 20 percent less than whites (378,006 versus
302,903). The black-white gap is 25 percent for high school dropouts (290,430 ver-
sus 216,389), 22 percent for high school graduates (366,076 versus 283,793), 31 per-
cent for some college (which represents a negligible increase in the gap) (395,520
versus 274,267), and 8 percent for college graduates (433,795 versus 399,580).

In summary, Tables 8, 9, and 10 show the existence of sizeable black-white differ-
ences in the means of labor market outcomes by schooling level and in the overall
population even after controlling for the racial differences in the distributions of ob-
served and unobserved characteristics. The results also indicate that racial differen-
ces in cognitive abilities are the most important force driving the black-white gaps in
schooling attainment and labor market outcomes.

The previous analysis focuses on black-white gaps in means. This emphasis is useful
for comparison to evidence in the literature, but it is unnecessary in the context of the
model. Figure 7 presents a more general approach for the analysis of black-white gaps
in hourly wages. It depicts the location of blacks in the white distribution of hourly
wages under the different scenarios discussed above. Each panel in the figure presents
the analysis for a specific age range. The bars are labeled accordingly to the different
scenarios (compensations). The bars under “Model” present the location of blacks
in the white distribution as predicted by the model (that is, without any compensation).
The bars under “Observables and Unobservables’™ show the location of blacks in the
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white distribution when blacks are assumed to have whites’ distributions of observed
and unobserved characteristics. The same logic applies for the other cases.

The comparison of the results across the different panels provides a different per-
spective of the strong and robust effects of the compensation for unobserved cogni-
tive abilities. For example, while 49 percent of blacks report hourly wages in the first
quartile of the white distribution between ages 28 and 32 (Panel B), the percentage
falls to 37 percent after differences in cognitive ability are eliminated. Likewise,
while only 10 percent of blacks have wages above the 74th percentile of the white
distribution for the same age range, the percentage is 17 percent after the compen-
sation. The results are similar for the other two age ranges.

Figure 8 repeats the analysis for earnings. In general, the results are qualitatively
similar to the ones in Figure 7. The only significant difference is observed for the first
range of ages. Here, when blacks have the same distributions of observables and unob-
servables as whites, the resulting distribution of earnings is more unequal than the
original. This is due to the change in the distributions of hours worked, which is more
right-skewed after the compensation. Nevertheless, even in this case, the compensa-
tion for cognitive abilities has positive effects on the black distribution of earnings.

Finally, Figure 9 presents a similar analysis for the present value of earnings. The
results are similar and the importance of cognitive ability is again highlighted. For
example, while 52 percent of blacks report present value of earnings in the first quar-
tile of the white distribution, that percentage falls to 40 percent after the differences
in cognitive ability are eliminated. Likewise, while only 7 percent of blacks have
wages above the 74th percentile of the white distribution, the percentage is 14 per-
cent after the compensation.

E. Incarceration and the role of noncognitive abilities

From the previous analysis, it is possible to conclude that black-white differentials in
the distributions of noncognitive ability do not play a significant role in explaining ra-
cial gaps in labor market outcomes. Most of the reductions come from cognitive ability.
The question is then whether this result also applies to the behavioral outcome ana-
lyzed in the model. The results from the incarceration model suggest a different story.

The evidence presented in Table 7 (Panel C) shows that cognitive and noncogni-
tive abilities have large negative effects on the probability of incarceration for blacks
and whites. The comparison across races, however, indicates that the effects of cog-
nitive abilities are stronger among whites, whereas noncognitive ability has the stron-
ger effects among blacks. Based on these results, and given the racial differences in
the distributions of abilities, it is possible to infer that noncognitive abilities should
play an important role in explaining the observed gaps in incarceration rates. Table
11 evaluates this idea by repeating the strategy used in the previous section but now
applied to incarceration.

The results in Table 11 show that the large black-white gaps in incarceration rates
are significantly reduced when the racial differences in observed and unobserved
characteristics are eliminated. In particular, the percentage of blacks reporting at
least one episode of incarceration between ages 14 and 22 reduces from 8 percent
to 3.8 percent as a result of the change. This represents a significant reduction in
the gap if we consider that the incarceration rate among whites is 1.6 percent for
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Figure 7

Location of Blacks in White Distribution under Different Scenarios: Hourly
Wages

Note: The panels in this figure present the proportion of blacks with hourly wages in the respective
percentile range of the white distribution under different scenarios. The bars under “Model”” show
the location of blacks in the white distribution as predicted by the model. The bars under “Observ-
ables and Unobservables” show the location of blacks in the white distribution when blacks are as-
sumed to have whites’ distributions of observed and unobserved characteristics. Specifically, given
individual’s race R, let Y® (a,Xf,fR, %) denote potential (log) hourly wage at age a and schooling
s, given observed (X¥) and unobserved (fR 0F) characteristics, and let DR (ZR £7) denote a dummy
variable such that, given characteristics (ZR7 R ), takes a value of one if the schooling level s is se-
lected, and zero otherwise. Thus the bars under “Observables and Unobservables’” compare the dis-
tribution of

Y2(a, X, 2"V £V, 0") = Z DE(Z" ") YE(a, XV £V, 0")
with the distribution of YW (a,X¥,Z" £V 8"). The same logic applies for ‘“Unobserv-

ables”, “Observables” and “Cognitive” where Y?(a, X5 Z8 £V 0") v%(a, X", ZV £% 0%) and
YE(a,XB,Z8, f¥ f8,0°) are used instead of Y?(a,X,Z" % V), respectively.
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Figure 8

Location of Blacks in White Distribution under Different Scenarios: Annual Earnings
Note: The panels in this figure present the proportion of blacks with annual earnings in the respective
percentile range of the white distribution under different scenarios. The bars under “Model” show
the location of blacks in the white distribution as predicted from the model. The bars under ““Observ-
ables and Unobservables’ show the location of blacks in the white distribution when blacks are as-
sumed to have whites’ distributions of observed and uobserved characteristics. Specifically, given
individual’s race R, let YX(a,X® {® 0F)and H (a, QX £, 0F) denote potential (log) hourly wage
and potential (log) annual hours worked at age a and schooling s, given observed (X%, Q) and un-
observed (fR ,0F) characteristics, and let DR(ZR, £8) denote a dummy variable such that, given char-
acteristics (ZR R fR), takes a value of one if the schooling level s is selected, and zero otherwise. Thus,
the bars under “Observables” compare the distribution of the variable:

S
E(a, XV, 0.z V. 0") = Y DE(ZY V) (YE(a, XV 7, 0") + HE(a, @) £V, 0Y))

s=1

with the distribution of &% (a,X¥,0%,Z% " 0"). The same logic applies for “Observables”,

“Unobservables” and “Cognitive” where the respective elements are equalized across races.

the same period. Similar and even stronger changes in gaps are found for the other
ages. Furthermore, the comparison of the numbers in rows B1, B2, and B3 suggests
that most of the reductions in the incarceration rates are due to compensations
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Figure 9
Location of Blacks in White Distribution under Different Scenarios: Present Value
of Earnings

Note: This figure presents the proportion of blacks with present value of earnings in the respective
percentile range of the white distribution of present value of earnings under different scenarios. In
each case, the present value of earnings was created as follows. Let Ef(a,Xff, f LR ,0F) denote
the potential (log) annual earnings at age a and schooling s, given observed (X%, Q) and unobserved
(£%, 08) characteristics, and race R. Likewise, let D¥(ZR f®) denote a dummy variable such that,
given characteristics ( Z®, fX) takes a value of one if the schooling level s is selected, and zero other-
wise. Thus if p denotes the discount rate, the present value of earnings is:

A N
R R R 7R eR AR -1 R (7R ¢R\ coR R R eR R
PV (X7Q7Z7f76)zzpa Ds(Z7f )gs(a7Xa7Qg7fae )
a=1 s=1
The discount factor (p) used in this figure is 0.97. The bars under “Model”” depict the location of
blacks is the white distribution as predicted by the model. The bars under “Observables and Unob-
ervables” show the location of blacks in the white distribution when blacks are assumed to have
whites’ distributions of observed and unobserved characteristics. Specifically, these bars compare
the distribution of:
B w w W eW QW 4 1 B (7 W W B w W eW QW

PVA(X",0",Z" ,6)22” ZDZ f S(aX S AN ).

With the distribution of PVY(XW,Q%,ZW £ 6Y). The same logic applies of “Obervables”,
“Unobservables” and “Cognitive”” where the respective elements are equalized across races.

involving unobserved characteristics. Specifically, when the differences in all unob-
served characteristics are eliminated, the incarceration rate becomes 3.75 percent for
the age range 14-22. On the contrary, the rate is 8.07 percent if only the differences
in observables are eliminated. The results are (again) similar for the other ages.
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Table 11
Probability of Incarceration among Whites, Blacks and Blacks under Different
Assumptions, by Age Range

Ages 14-22 Ages 23-27 Ages 28-32 Ages 33-37

A. Predicted

Whites 1.60 1.59 1.09 1.50
Blacks 7.94 8.31 12.02 10.42
B. Blacks with whites’ characteristics

B1. Observables and 3.81 2.73 4.76 4.28

unobservables

B2. Observables 8.07 6.34 10.65 9.07
B3. Unobservables 3.75 3.52 5.55 5.24
B4. Cognitive 4.72 5.12 9.05 7.62
BS5. Noncognitive 6.62 5.84 8.46 7.59

Note: Let J% (a, K2, £, 67) represents a dummy variable that takes a value of one if the black individual is
incarcerated at age a given characteristics (K5, % 0%). Analogously, let JY (a,K £ ,6") denote the
same dummy variable but for whites. Then, the numbers in this table present the proportions of individuals
reporting to be incarcerated under different scenarios. Panels A presents the proportions among blacks and
whites as predicted by the model. That is, the means of J)¥ (a,KY ,£¥,6") and J? (a, K%, £”, 6%) in each

a’
population. Panel B presents the proportions for blacks when the distributions of K, f and 6 are equalized

across races. For example, “Observables and Unobservables’ presents the proportions of blacks reporting
to be incarcerated based on J% (a,K:,V,f v BW) whereas “Observables’ presents the proportions obtained
using J& (a,K;"/7 £ (-)B), The same logic applies for rest of the rows in Panel B.

Finally, when the analysis is carried out separately by cognitive and noncognitive abil-
ities, I obtain that each one contributes to the reductions in the gaps, but it is their inter-
action that reduces the gaps the most. Thus, unlike the case of labor market outcomes,
differences in cognitive ability do not, by themselves, account for the large reductions
in incarceration rates presented in B3. Black-white differences in noncognitive ability
are as important determinants of these changes as differences in cognitive ability.

VII. Conclusions

This paper integrates schooling decisions and labor market outcomes
to study whether or not the observed black-white gaps in labor market outcomes can
be interpreted as a manifestation of racial differentials in unobserved abilities. Cog-
nitive and noncognitive abilities are considered in the analysis.

The results from the empirical model provide strong evidence of differences in the dis-
tributions of unobserved abilities between blacks and whites. The effects of these abil-
ities on schooling decisions, hourly wages and annual hours worked also differ by race.
In particular, the effects of noncognitive ability are uniformly stronger for blacks than
whites. This pattern is not observed for cognitive ability, and depending on the age range
and outcome, the effect of cognitive ability can be stronger for either blacks or whites.

Unobserved cognitive ability is the most important variable explaining racial gaps
in schooling attainment and labor market outcomes. When blacks are assumed to
have the white distribution of unobserved cognitive ability, they achieve equal (or
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greater) education levels as whites. The overall racial gaps in wages and earnings fall
by approximately 40 percent after this compensation. However, this is smaller than
expected compared to previous evidence, which reports reductions in the range of 50
to 75 percent when black-white gaps in observed cognitive ability (achievement test
scores) are controlled for (see Carneiro, Heckman, and Masterov 2005; and Neal and
Johnson 1996). Racial differences in family background and schooling at the time of
the tests are the determinants of the larger explanatory power of observed cognitive
ability. The standard practice of equating cognitive test scores overcompensates for
differentials in ability, resulting in underestimates of unexplained racial gaps.

On the other hand, even though the results indicate that unobserved noncognitive
ability is an important determinant of schooling decisions and labor market out-
comes, its role in explaining the black-white gaps in labor market outcomes is neg-
ligible. Nevertheless, unobserved noncognitive ability does play an important role in
closing the black-white gaps in incarceration rates.

Finally, I consider it necessary to point out that, as always, the results analyzed in
this paper are conditional on the assumptions of the empirical model being true and on
the quality of the data available. In this context, future research should extend my anal-
ysis to more general models allowing, for example, for multiple and correlated cogni-
tive and noncognitive abilities and for a direct role of incarceration over schooling
attainment and/or labor market outcomes. Additionally, the study of a more compre-
hensive set of noncognitive measures also should be part of a future research agenda.
The inclusion of these elements might provide an even better understanding of the ob-
served and unobserved factors behind the racial gaps in labor market outcomes.

Appendix 1
Identification of the Model

This appendix presents the identification of the empirical model estimated in this paper.

The argument follows the same logic utilized in Carneiro, Hansen, and Heckman (2003).
Let Cy, C; and C5 denote three cognitive measures. Following the structure of the

model,

C; = aCifC+eCi fori = 17 2, 3

where ec, represents an iid random variable, and fc is the unobserved cognitive abil-
ity. Notice that from the covariances,

Cov(Cy, Cy) = ac,oc, Var(fc)
Cov(Cy, C3) = ac,ac, Var(fc)

it is possible to identify ac, /o, since:

C(JV(Cz, C3) o OLC3

COV(Cl,C3) OLCI.

Analogously, I can identify ac, /ac, from the ratio of Cov(C;,C3) and Cov(C,,Cs).
Finally, by normalizing ac, = 1, I obtain a¢, and ac,.
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The following theorem, due to Kotlarski (1967), provides the conditions to secure
the identification of the distribution of the unobserved cognitive ability.

Theorem 1.1 If

T) = fc+e

T =fc+es

and fc L ey L ey, the means of fc, e, and e, are finite, the conditions of Fubini’s
theorem are satisfied for each random variable, and the random variables possess
non-vanishing characteristics functions, then the densities of fc, e, and e, are
identified.

Proof. See Kotlarski (1967).

Thus, by writing

Cy =fc+e
Cz és
s — + =
)\2 fC )\27

the identification of distribution of f follows directly from Kotlarski (1967), given
that assumptions are satisfied.

For the identification of the distribution of noncognitive ability I use a similar ar-
gument. In particular, consider the two noncognitive test scores and the latent vari-
able associated with the incarceration model for period ¢

N] = oy, fN+€N1

N> = ay, fv +en,
Ij(l‘) = (X‘]‘C(t)fc+0(j7N(t)fN+)\‘](t)e+e‘](t),

where ey, , ey,, and e,(t) are iid random variables. Thus, since fc L fy L 6, I have that

C(JV(Nz, IJ(I)) oy,

COV(N],IJ(Z‘)) (XNI’

so the normalization ay, = 1 ensures the identification of the loading oy,. With oy, in
hand, I secure the identification of the distribution of fy using Kotlarski’s theorem.*?

The identification of the distribution of uncertainty can also be established using a
different version of the same logic.

42. Notice that the covariances between observed noncognitive test scores and the latent variable cannot be
directly computed from the data. However, as long as the joint distribution of (N;,[,(1)) is identified the com-
putation of the covariances is feasible (up to a scale). I can apply Theorem 1 in Carneiro, Hansen, and
Heckman (2003) to prove the identification of this distribution.
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Appendix 2
Data Description

This appendix contains details of sample construction as well as brief descriptions of
the schooling, family background and family income variables, cognitive and non-
cognitive test scores, local labor market variables, and measures of local tuition, uti-
lized in this paper.

A. Background on the NLSY Data

The National Longitudinal Survey of Youth (NLSY79) comprises three samples that
are designed to represent the entire population of youth aged 14 to 21 as of Decem-
ber 31, 1978, and residing in the United States on January 1, 1979. I use the nation-
ally representative cross-section and the set of supplemental samples designed to
oversample civilian blacks. The military sample, the sample of civilian Hispanics,
and the sample of economically disadvantaged Non-Black/non-Hispanic youths are
excluded. Data was collected annually until 1994, then biannually until 2002 (last
release utilized in this paper). NLSY79 collects extensive information on respond-
ents” family background labor market behavior and educational experiences. The
survey also includes data on the youth’s family and community backgrounds.

Sample Characteristics

The sample used in this paper excludes females, Hispanics, the military sample, indi-
viduals reporting less than 160 or more than 3,500 hours worked per year, individuals
reporting hourly wages less than $2 and more than $150, individuals for whom in-
formation on schooling attainment is not available, and individuals who are not inter-
viewed after age 27. This produces a sample of 1,264 blacks and 2,159 whites. The
racial classifications of blacks and whites are obtained directly from the NLSY79
guidelines.

B. Schooling Choices

The schooling levels considered in the analysis are: high school dropouts, high
school graduates, some college (more than 13 years of schooling completed but with-
out four-year college degree), and four-year college graduates. The some college cat-
egory includes individuals obtaining two-year college degrees. Since there is no
sequential schooling decision process in the model, the maximum schooling level
reported in the sample (after age 27) is used to define the individuals’ schooling levels.

C. Socioeconomic Status and Family Structure of the Sample

Family income and background variables include mothers and father’s education in
1979, parental family income in 1979 dollars, whether the respondent came from a
broken home at age 14 (that is, did not live with both biological parents), number of
siblings in the household, and geographic information such as region of residence
and urban residence at age 14.



Urzua

D. Cognitive and Noncognitive Test Scores

The NLSY79 contains the Armed Services Vocational Aptitude Battery (ASVAB),
which consists of ten tests that were developed by the military to predict performance
in the armed forces training programs. The battery involves achievement tests
designed to measure knowledge of general science, arithmetic reasoning, word knowl-
edge, paragraph comprehension, numerical operations, coding speed, auto and shop in-
formation, mathematics knowledge, mechanical comprehension, and electronics
information. This paper uses six of these ten tests: word knowledge, paragraph com-
prehension, mathematics knowledge, arithmetic reasoning, and coding speed.

The two attitude scales utilized as measures of noncognitive abilities are the
Rosenberg Self-Esteem and Rotter Locus of Control scales. The Rotter Internal-Ex-
ternal Locus of Control scale is designed to measure the extent to which individuals
believe they have control over their lives through self-motivation (internal control) as
opposed to the extent that the environment controls their lives (external control). The
scale used in this paper is scored in the internal direction—the higher the score, the
more internal the individual. The Rosenberg Self-Esteem scale describes a degree of
approval or disapproval toward oneself. The scale contains ten statements of self-ap-
proval and disapproval with which respondents are asked to strongly agree, disagree,
or strongly disagree. Higher scores are associated with higher levels of self-approval
(self-esteem).

E. Local Variables

Direct and opportunity costs of attending school affect schooling decisions and must
be included in the schooling choice equations. Local wage, unemployment, and tu-
ition variables were constructed at the state and Metropolitan Statistical Area (MSA)
levels and merged to each individual in NLSY79 sample using the NLSY’s Geocode
information that provides respondents’ geographical location at each interview date.
Local wage and local variables were constructed by four education levels in each
MSA and attached to each individual at age 17 in the sample according to their ed-
ucation level at a given year. The schooling categories include high school dropouts,
high school graduates, those with some college or associate degrees, and college
graduates.

Local Unemployment

Local unemployment rates for each MSA and four schooling groups were generated
from the monthly Current Population Survey (CPS) from 1978 to 2000. Without con-
ditioning on education status, the constructed unemployment rates are highly consis-
tent with the local unemployment rates available in the NLSY79 (NLSY79 includes
local unemployment for each individual in the sample but these estimates do not vary
between individuals within an MSA).

Tuition Data

Local tuition at age 17, for two-year and four-year public colleges (including univer-
sities) was constructed from annual records on tuition and enrollment from the
Higher Education General Information Survey (HEGIS) and the Integrated
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Postsecondary Education Data System (IPEDS). By matching location with a per-
son’s county of residence, I was able to determine the presence of both two- and
four-year colleges in an individual’s county of residence. Public colleges were di-
vided into two- and four-year programs, and a weighted average of tuition was gen-
erated for each county (college enrollment was used for weighting). This process was
repeated at the state level.
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