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Abstract: This paper quantifies the change in the causal effect of education
on labor market earnings in the United States between 1979 and 2000. In
absence of valid instrumental variables for schooling, a causal model for
earnings and schooling that incorporates heterogeneity in absolute and
comparative advantage across individuals is used to impose some structure
on the observed rel ationship between schooling and earnings. A simple
intuition arises from the model: if individuals with higher returns to
schooling acquire more schooling, the relationship between log earnings and
schooling will be convex in the population. Likewise, for afixed cohort of
individuals, the degree of convexity will rise over timeif the causal return to
education rises. Differences across cohortsin the mapping between
schooling and ability will lead to permanent differencesin the profiles of the
earnings-schooling relationship. Changes in the observed relationship
between schooling and earnings can therefore be decomposed into year-
specific and cohort-specific factors corresponding to causal and confounding
components. Using CPS data for cohorts of men born between 1930 and
1970, | find that the causal return to education increased by 30% between
1979 and 2000, after controlling for the confounding effects of time-varying
ability and comparative advantage biases across cohorts.
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1. INTRODUCTION.

In recent years, many researchers have attempted to measure the causal link between education and
labor market earnings.! This interest is generated in part by public policy debates over investments
in education, in part by the recent availability of better data sets, and in part by methodological
advances in resolving the identification problems related to unobservable ability and endogenous
schooling.?

At the same time, the wage structure of the U.S. labor market changed profoundly® Since the
early 1980s, the conventional measure of the economic return to education—the schooling coefficient
in a human capital earnings regression*—almost doubled. Residual wage dispersion has also been
increasing during that time period, a pattern that is often attributed to a rise in the return to
unobservable skills, such as motivation or cognitive ability.?

These concurrent changes in the wage structure heighten the uncertainty regarding the causal
link between schooling and earnings, especially whether it has changed during the last decades. One
interpretation of the rising correlation between earnings and schooling is that there has been an
increase in the causal effect of education on labor market earnings. This may be due to an increased
demand for better-educated workers, or to the entry in the labor market of younger cohorts with
higher marginal productivity of schooling (perhaps because of an improvement in school quality).
An alternative interpretation of the increase in the conventionally measured return to schooling is
based on unobservable variables that affect earnings and are correlated with schooling. A rise in
the return to unobservable skills, or an increasing degree of ability-education sorting across cohorts
might also have contributed to a rising correlation between schooling and earnings.

What both of these interpretations have in common is the idea that changes in the educational

wage structure can occur because of year effects (or “economy-wide” effects) and composition

!See for example Angrist and Krueger (1991), Ashenfelter and Rouse (1998), and Meghir and Palme (1999). Card
(1999, 2000) presents a review of recent studies.

2Most advancements relate to the estimation of models with heterogeneous treatment effect using instrumental
variables. See Angrist and Imbens (1995), Heckman and Vytlacil (1998), Card (1999, 2000), and Heckman, Tobias
and Vytlacil (2000).

#See Katz and Autor (1999) for an extensive overview of recent studies of the wage structure in the U.S.

“Mincer (1974) showed that the schooling coefficient in a log earnings regression can be interpreted as the “return
to education” if the only cost of schooling are foregone earnings and if the return to schooling is independent of
schooling levels. In this paper, I will refer to this estimate as the “conventional measure of the return to schooling”.

®See Juhn, Murphy and Pierce (1993).

6See Taber (1999), Blackburn and Neumark (1993), and Murnane, Willett and Levy (1995).



effects (or “cohort” effects). In the first interpretation these effects lead to a change in the average
causal effect of education. In the second, they lead to time-varying “ability biases” in the observed
relationship between earnings and schooling. While previous analysts have evaluated some of these
explanations, the absence of a unifying framework addressing all of these issues simultaneously
has greatly limited the scope of our understanding of the recent changes in the educational wage
structure.

The purpose of this paper is to quantify the changes in the causal effect of education on labor
market earnings during the last two decades in the United States. I begin by setting out a model
describing the relationship between earnings and schooling in the context of repeated cross-sectional
data, with unobserved absolute ability and heterogeneous returns to education. If the schooling
decisions of individuals are influenced by unobserved ability, the average causal effect of education
embedded in the conventional estimate of the return to education will be confounded. The two-
factor model illustrates how the intertemporal changes in the average causal effect and in the
confounding elements can be decomposed into year-specific and cohort-specific factors. Changes
in the conventional measure of the return to education are potentially confounded through two
distinct channels: (i) changes in the return to unobserved ability over time, and (ii) changes in the
mapping between ability and completed education across cohorts.

A key implication of the model is that if people who have higher returns to education tend to
acquire more schooling (i.e. if there are comparative advantage incentives in schooling decisions),
the observed relationship between earnings and schooling will be convex (Mincer 1974, Rosen 1977).
Moreover, for a fixed cohort of individuals the degree of convexity will increase over time if the year-
specific component of the causal return to education rises. This simple prediction of the model
separately identifies the year-specific causal return to education from the year-specific return to
unobserved ability, using the coefficients from an augmented human capital earnings regression.

The empirical analysis is based on repeated cross-sectional data from the Current Population
Survey for cohorts of men born between 1930 and 1970. I begin by documenting the marked
increase in the convexity of the relationship between log earnings and schooling over the 1980s and
1990s that was noted by Mincer (1996). I then make use these changes in the U.S. wage structure
to identify the parameters of the model. 1 find that the two-factor model of ability, schooling and

earnings provides a relatively accurate description of the changes in the educational wage structure



over the last twenty years. The estimates imply an increase in the causal return to education of
about 30% between 1979 and 2000, as opposed to 50% for the conventional estimate of the return
to schooling. The return to unobserved ability followed a different pattern, increasing by about
10% over the 1980s and decreasing by the same amount over the 1990s. The estimates indicate
an important increasing inter-cohort trend in the correlation between educational attainment and
individual-specific returns to education. This is consistent with a model where returns to schooling
vary across individuals, and where comparative advantage incentives play a more significant role in
the schooling decisions of younger cohorts. Taken as a whole, the evidence in this paper provides
no indication that the rise in the conventional measure of the return to education is due to a
time-varying unobserved ability bias.

The remainder of the paper is organized as follows. Section 2 provides a brief overview of
changes in the educational wage structure between 1979 and 2000 in the United States. Section 3
discusses the identification of changes in the causal effect of education on earnings with repeated
cross-sectional data. An empirical model of earnings and schooling with two factors of unobserved
heterogeneity across the population is developed. Section 4 presents the estimation method used
to decompose the estimated coefficients from a series of augmented earnings regressions into year-
specific and cohort-specific components of the changing causal effect of education. Section 5
describes the empirical results and uses the parameters of the model to interpret the recent changes
in educational-related wage differentials. Section 6 presents a sensitivity analysis, and Section 7

concludes.
2. THE CHANGING RELATIONSHIP BETWEEN EARNINGS AND SCHOOLING, 1979-2000.
A. The data.

This section presents a descriptive overview of the changes in the relationship between log earnings
and years of education in the United States over the last decades. The data are taken from the
monthly CPS Outgoing Rotation Group Earnings Files (ORG) covering the years 1979 to 2000.
This choice is motivated by several practical reasons, most importantly, by the larger sample sizes
provided by the ORG as opposed to the Annual Earnings Supplement in the March CPS. In order
to focus on individuals who have completed their formal schooling and made a permanent transition

to the labor market, the sample is restricted to men aged 26-60, who earned more than $250 (in



1999 constant dollars) in any survey week between 1979 and 2000.” To maintain independence of
the samples from year to year, only individuals who are in their first rotation out the CPS samples
are considered for the analysis.®

Table 1 presents summary statistics for the data used in the empirical analysis. Birth cohorts are
defined by 5 year intervals, starting with men born in 1930-34 and ending with those born between
1965-69. The aggregation of single birth year cohorts into 5 year birth cohorts ensures large enough
samples when the cohorts are followed on a year-to-year basis. Moreover, this definition is fine
enough to group individuals who attended elementary and secondary school together, and were
subject to similar influences from the educational and economic environments (for example school
quality and expected gains to an additional year of education). An interesting feature of Table 1
relates to the differences across cohorts in educational attainment. Average education displays a
rising inter-cohort trend for the cohorts born before 1950, followed by a decline for those born in
the 1950s and early 1960s.” This is illustrated with greater detail in Figures 1 and 2 where for each
birth cohort (or survey year), the average level of education and the fraction of college graduates are
displayed. Figure 1 shows the remarkable decline in educational attainment for cohorts born after
1950, while Figure 2 illustrates the increase in educational attainment in the working population
between 1979 and 2000. Cleary, this last pattern is not the consequence of a secular increase in

educational attainment between successive birth cohorts.
B. Changes in the earnings-schooling relationship.

The standard human capital earnings function specifies log earnings as a linear function of years
of education. The log-linear specification has been used in virtually all studies of the impact of
education on earnings. Implicit in this specification is the assumption that returns to schooling do
not vary across the population, or that any variation is unrelated to educational attainment. In
general, however, any correlation between returns to schooling and educational attainment at the
individual level will engender a nonlinear relationship between log earnings and schooling in the

population as a whole (Mincer 1974, Rosen 1977, Card 1999).10

"This corresponds to the weekly earnings of an individual working 40 hours per week at the 1981 federal minimum
wage. The sample restrictions are similar to those used in other analyses of the wage structure (see e.g. Katz and
Autor (1999)). All earnings figures in this paper are reported in 1999 constant dollars.

8The rotation group structure of the CPS implies an overlap of about half of the sample from year-to-year.

°Card and Lemieux (2001) analyze the underlying sources of these trends.

OFor example, a positive correlation between completed education and returns to schooling would arise if individuals



In order to obtain some simple evidence on the functional relationship linking earnings and
schooling, T estimated an unrestricted regression of log earnings on a set of dummy variables for

' Figure 3 displays the estimated dummies for 3 time

each schooling level available in the data.
periods: 1979-1980, 1989-1990 and 1999-2000.'2 The figure suggests that between 1979 and 2000
the shape of the earnings-schooling relationship changed. During the early 1980s, log earnings
and education appeared to be linearly related, with the exception of a slight nonlinearity between
15 and 16 years of completed education, as noted previously by Card and Krueger (1992) and
Heckman, Layne-Farrar and Todd (1996). Over the 1980s and 1990s, however, the profile shifted
downwards for lower schooling levels (below 12 years of education) and upwards at the higher end
of the schooling distribution. The shift in the profile of the earnings-schooling relationship not
only reflects the uniform increase in educational wage differentials over the last twenty years, but
also the “acceleration” of the differentials at the higher end of the schooling distribution.

Figure 3 suggests that the salient features of the changes in the educational wage structure can
be reasonably approximated by a simple quadratic relationship between log earnings and years of
completed education. Based on this conclusion, I fit a simple human capital wage regression with
linear and quadratic schooling terms to the data from the March CPS from 1970-1999.13  The
coeflicients on the linear and quadratic terms are shown in Figure 4, along with the coefficient on
years of education from a conventional human capital regression that excludes the quadratic term.
This figure clearly shows that the changes in the functional form relating earnings and schooling
concurred with the rise in the conventional measure of the return to education. Starting in the early
1980s, the decrease in the linear term was offset by the remarkable increase in the quadratic term,
implying a rise in the conventional measure of the return to education.!* This figure also motivates
the time period chosen for this study: Since all of the increase in the conventional measure of the

return to education occurred in the 1980s and 1990s, this study will focus only on that time period.

based their schooling decisions on their expected gain from an additional year of education.

1The regressions also included controls for potential experience and race.

1211 1992 the coding of educational attainment in the CPS changed from a measure of highest grade completed to
a degree-based measure. I use the approach suggested by Jaeger (1997) to linearize the degree-based measures into
single years of completed education. Transforming the pre-1992 data with the new coding did not alter any of the
results in the paper.

!3The March CPS data were used here to provide a longer time-series of microdata on earnings and schooling.

l4Remember that the two sets of regression coefficients are related in the following way. Consider the regressions
y=agp+ bozr +e and y = a1+ b1z + boz? +u. Then using the “omitted-variable” formulas, it is easy to show that
bo = b1 + 2baT, where T is the sample average of z.



For the reason listed above, the ORG will be used in the rest the empirical analysis.

The two panels of Figure 5 complete the descriptive analysis by presenting the linear and
quadratic coefficients from the augmented log earnings regressions estimated separately for each
birth cohort described in Table 1. Similar to the patterns illustrated in Figure 4, the ORG data
also suggests that during the 1980s and 1990s, the contribution of the linear term to the measured
return to schooling decreased while the contribution of the quadratic term increased substantially,
in a proportional manner across cohorts.

Taken as a whole, the evidence in Figures 4 and 5 indicates important changes in the functional
form relating years of education and log earnings during the last twenty years. The similarity of
the trends in the linear and quadratic schooling coefficients among cohorts points out to a common
underlying mechanism affecting all cohorts equally.  Differences across cohorts in the levels of
the two schooling components suggest the existence of permanent differences in the relationship

between log earnings and schooling across cohorts.
3. EMPIRICAL FRAMEWORK.

This section develops a statistical framework for interpreting the changes in the earnings-schooling
relationship outlined in the previous section. The objective is to set out a simple and empirically
tractable model that will enable us to assess whether the causal effect of education changed. 1
begin by specifying more precisely the concept of changing causal effect of education in the context
of repeated cross-sectional data. Then, I show how the parameters of the causal model can be

identified from a series of augmented human capital earnings regressions.
A. Conceptual Framework.

Most of the conceptual issues underlying causal inference in observational studies of the relationship
between earnings and schooling can be encompassed in a simple model of endogenous schooling.'®
Empirically, the implications of endogenous schooling for the earnings function are conveniently

described by a correlated random coefficient model.'® To begin, consider a simple model in which

153ee Becker (1975), Rosen (1977), Willis and Rosen (1979) and Willis (1986) for discussions of optimizing models
of schooling determination.

16Tn the correlated random coefficient model, the treatment is correlated with the components of unobserved
heterogeneity. See the applications in Garen (1984), Altonji and Dunn (1996), Meghir and Palme (1999), and
Dustmann and Meghir (2001). Heckman and Vytlacil (1998), and Card (1999, 2000) discuss the correlated random
coefficient model in the context of schooling models. In particular, Card (2000) shows that the cross-sectional version
of (1) is consistent with a general class of optimizing models.



log earning are linearly related to years of education by an individual-specific slope and intercept.!”
More specifically, suppose that the log earnings of an individuals belonging to cohort ¢, observed

in survey year t are determined by:

log Yict = Viaic + 01bicSic + ict (1)

where a;. is the unobserved ability of individual i, who belongs to cohort ¢; b is the return to
education specific to person i in cohort ¢; and S;. denotes years of completed education. The
factor loadings W, and 6; represent the year-specific payoifs to ability and education common to
all workers in year t, relative to a base period. In this model individual heterogeneity in earnings
capacity affects both the intercept and the slope of the earnings function. At a given point in time,
the variation in log earnings among individuals with the same level of schooling, and belonging to
same cohort arises from two sources: individuals with higher values of a;. will have higher earnings
at all schooling levels (i.e. an “absolute advantage”), and individuals with higher values of b;. will
receive higher payoffs per year of education (i.e. a “comparative advantage”).

According to this specification, the average causal effect of education in the population can
vary over time for two reasons. First, if the average marginal productivity of schooling varies by
cohort (i.e. different cohorts have different average values of b;.), the average causal effect in the
population will vary as younger cohorts enter and older cohorts exit the labor market. Second,
changes in the year-specific payoff to schooling (as captured by é;) will shift the average causal
effect in a proportional manner for all individuals. To reiterate, intertemporal changes in the
causal effect of education may be due to cohort-specific factors (variation in b.) and to year-specific
factors (variation in &;): In what follows, I will refer to the cohort-specific and the year-specific
components of the average causal effect of education.

If the unobserved determinants of log earnings are correlated with schooling, for example as
the result of optimizing behavior in the schooling decision of individuals, the observed relationship
between log earnings and schooling will be confounded. As a result, inference based on observed
relationships, like the conventional estimate of the return to schooling, will be invalid. In a cross-

section of data, the sources of confounding are the conventional “ability” bias (due to a correlation

"For simplicity, other determinants of earning capacity like labor market experience are omitted for the moment.



between a;. and S;.), and a “comparative advantage” bias (due to a correlation between b;. and S;c).
With repeated cross-sectional data, the sources of confounding are more numerous: in addition to
the cross-sectional ability and comparative advantage biases, a rise in the return to unobserved
ability W; will confound a rise in the year-specific causal return to education é;. Moreover, if
the correlation between educational attainment and the heterogeneity components varies across
cohort, the magnitude of the absolute ability and comparative advantage biases will change as
younger cohorts enter and older cohorts leave the labor market. To formalize these ideas, suppose

that the conditional expectations of a;. and b;. are linear in years of completed education:

E{aic|sic} = Q¢+ )\i(Szc - Sc) (21)

E[bzc’Szc} = bc + )\S(Sw - gc) (22)

where a. and b. are cohort-specific averages of a;. and b;,.. If individuals with higher return to
schooling respond to the incentives of comparative advantage and acquire more schooling, the slope
A5 should be positive. The ability slope A can be positive or negative depending on the model
describing the optimizing behavior of individuals.'®

In the model described by (1) and (2), the conventional measure of the return to education for

cohort ¢ observed in year ¢ corresponds to:!?

6tbc + \I’t i: + 6t)\§§c (3)

Thus, for a given cohort at a given point in time, the conventional estimate of the average return
to education equals the sum of three components: 6:b., the average causal effect of education for
cohort ¢ in period t, U XS a time-varying ability bias specific to cohort ¢ and §;)\5S., a time-varying
comparative advantage bias specific to cohort ¢. In the population as a whole, the magnitude of
the absolute ability bias in period t will depend both on the amount of differential ability sorting

across cohorts (captured by variation in A{) and on the return to unobservable ability in period t

'8See Griliches (1977) for a discussion of this point. The evidence of non-hiearchical sorting in Willis and Rosen
(1979) and Garen (1984) suggest that A{ < 0 and A3 > 0.
9This result was obtained under the assumption that the third central moment of S;. is 0. Otherwise, the

additional term ,\gﬂ%ﬂ must be included. See Deschenes (2001) for a derivation.



(U;).20 Similarly, the magnitude of the comparative advantage bias in the population will depend
on the amount of differential comparative advantage sorting across cohorts (captured by variation
in A$S.), and on the return to education specific to period t (&;).

Equation (3) highlights the econometric difficulties associated with estimating the changing
causal effect of education on earnings with observational data: changes in the conventional estimate

of the average return to education may be driven by changes in A{, A5 and ¥, as opposed to changes

in b, and ;.
B. Identification of the changing causal effect of education.

In absence of an exogenous source of variation in schooling levels, identification of the causal effect
of education requires a statistical model to account for the biases created by the non-random
allocation of schooling. In this paper, I propose a method using repeated cross-sectional data
sets—without valid instrumental variables for schooling—to identify changes in the causal effect of
education over time. The basic idea is to relate multiple observations on the estimated coefficients
from an “augmented” earnings regression to the parameters of the causal model for log earnings

and schooling. To proceed, note that equations (2.1) and (2.2) can be written as:

Qje = Q¢+ )\i(szc — gc) + Uje (2.17)

bie = be+ Ag(Sw - Sc) + u2ic (22’)

where uy; and ug; satisfy Eluiic|Sic] = Elu2ic|Sic] = 0. Substitution of equations (2.1%) and (2.2’)

into the earnings function (1) leads to:

log Yict = Ue{ac + A(Sic — Se)} + 6¢{be + A5(Sic — S¢)}Sic + Vier (4)

where v, = €50t + Witi1ie + O+U2;S;¢ 18 an heteroskedastic error term. Therefore under the main-
tained assumption that the conditional means of a;. and b;. are linear functions of years of edu-

cation, and that the individual-specific relationship between log earnings and schooling is linear?!,

20Even with stationary returns to unobserved ability (¥¢=1 in all periods), an increase in the ability bias component
W, \{ can arise if absolute ability sorting is more important for younger cohorts (i.e. if A{ is rising across cohorts).
21The validity of this assumption will be evaluated in Section 6.



the regression function relating log earnings to years of education is quadratic:

E[10g Yict|Sic] = Ty(ae — A7Se) + {6:tbe + TN — 6: 0551550 + {6: 25} S,

or after collecting terms:

Ellogyict|Sic] = mole,t) +m1(c, t)Sie + ma2(c, t)S2, (5)
rolet) = Wy(a— AS,) (5.1)
mi(e,t) = Sibe + TS — §:A5S, (5.2)
mo(c,t) = 87§ (5.3)

In a series of related papers, Garen (1984), Heckman and Vytlacil (1998), Card (1999,2000) and
Woolridge (2000) have shown that with a valid instrumental variable, consistent estimates of all the
causal parameters can be obtained by augmenting the standard human capital earnings function
with a nonlinear function of schooling and the instrument. The additional regressors (i.e. the
“control function”) capture the correlation between schooling and the unobserved determinants
of log earnings, thus purging the relationship between schooling and earnings of any ability and
comparative advantage bias.??

In absence of a valid instrument for years of education this solution is not feasible. Nevertheless,
equation (5) suggests an estimation method that is akin to the control function approach. Using
repeated cross-sectional data sets, a series of quadratic earnings regressions like in (5) will be fitted
to obtain estimates of mo(c,t), 71(c,t) and ma(c,t) for each cohort-year pair. Variation in ma(c,t)
over time and across cohorts identifies the level A§ for each cohort and ¢, up to a normalization.
Similarly, variation in mg(c,t) over time and across cohorts identifies ¥; (up to a normalization).
Finally, differences in the levels of mo(c,t) and 71(c,t) across cohorts at a given point in time
identify b, and A{ up to a single normalization. The normalizations are discussed with more detail
in Section 4b.

The model above provides a simple, yet fairly general framework within which to interpret

the data. Two important limitations warrant further discussion. First, the underlying earnings

223ee Heckman and Robb (1985) for a general discussion of control function estimators in treatment effect models
with non-random assignment.
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function in (1) is linear in the endogenous schooling variable (as in Ashenfelter and Rouse (1998),
and Heckman and Vytlacil (1998)). This is consistent with an optimizing model where the marginal
return to schooling does not vary with schooling levels. In general, however, if there are diminishing
returns to schooling in the production of human capital, the underlying earnings function should
be concave. The assumption of linearity is maintened here because of practical reasons, moreover,
recent evidence indicates that the marginal return to schooling is essentially invariant to schooling
levels (Card 1999).23  The second limitation relates to the cohort-specific selection parameters
Af and A§. The assumption here is that these parameters are invariant once a cohort makes a
permanent transition to the labor market. This amounts to assuming no ability-related attrition
within-cohort, after all its members made a permanent transition to the labor market. This
assumption would fail if within a cohort, less able workers permenantly exit the labor market
earlier. Since this study focuses on a sample of prime-aged males, these effects are probably of

second order.
4. ESTIMATION.

In this section, I outline the two-step approach used to estimate the year-specific and cohort-
specific parameters of the causal model. In the first step, estimates of the regression intercepts,
linear and quadratic schooling coefficients in equation (5) are obtained by fitting a series of human
capital earnings regressions, augmented with a quadratic schooling term. In the second step, the
parameters of the causal model are estimated from the regression coefficients using a minimum-

distance approach.?*
A. FEstimation of the augmented earnings regressions.

First, the following series of log earnings regressions is estimated from the repeated cross-sectional

data generated by the ORG between 1979 and 2000:

log Yict = To(c,t) + m1(c,t)Sict + T2(c, 1) Sy + 9(Xiet, By) + €ict (6)

23If the underlying earnings function is concave, a negative curvature parameter would load onto the quadratic
schooling coefficient in (5.3). By assuming that this parameter is 0, we might overstate the role of comparative
advantage selection.

24An alternative approach is to directly estimate the parameters with a nonlinear least square regression. The
NLLS estimates are essentially identical to the OMD estimates reported in this paper. See Deschenes (2001).

11



In these regressions logyic is the log real weekly earnings (in 1999 constant dollars) of individual
i, belonging to birth cohort ¢, and observed in survey year t; S;.; denotes years of completed
education; mo(c,t), mi(c,t) and ma(c,t) are unrestricted regression coefficients for each cohort and
year pair. Additional control variables are included in ¢(Xje,3;), which contains a quartic in
potential labor market experience, a race indicator, and interactions between race and education,
with coefficients allowed to vary by year. Each regressor is deviated from its year-specific average.
For the 127 distinct cohort-year pairs observed in the data, the regressions yield a total of 381

estimated coefficients, 7g(c, 1), #1(c,t) and 72(c, ) which will be used in the second step.??
B. FEstimation of the parameters via minimum-distance.

For a given cohort-year pair, the relationship between the actual and the predicted coefficients of

the causal model for earnings and schooling can be written as 7(c,t) = f(0c) + 14, Where:

7AT0 (C, t) Q’t (CLC — AﬁSC)
7?(07 t) = 7AT1(C, t) and f(ect) = Otbe + \I’t)\i — (575)\5?0
ma(c,t) 0tAS

and where 7, is a combination of sampling and specification errors. The optimal minimum distance
(OMD) estimator of the parameters of interest 0y = [be, A, AS, 8¢, U] is obtained by minimizing

the following quadratic form:

where T is the number of survey years between 1979 and 2000, C is the number of birth cohorts,
and Vi is the asymptotic covariance matrix of To(c,t), T1(c,t) and 7Ta(c,t). Chamberlain (1984)
shows that under certain regularity conditions, this minimum distance estimator is asymptotically
efficient. In practice replacing V. by a consistent estimator does not change the asymptotic
distribution of the OMD estimates. The heteroskedasticity-consistent estimator of White (1981)

is used in the empirical analysis.

25Given the age restrictions imposed on the sample, not all birth cohorts are observed in all survey years. This
explains the number of cohort-year pairs observed in the data. See Table 1 for more details.
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C. Additional restrictions for identification.

The model for log earnings presented in Section 3 allows for two sources of heterogeneity among
otherwise identical individuals (i.e. individuals belonging to the same birth cohort, having the
same level of schooling, and observed during the same survey year). Changes over time in the
contribution of these heterogeneity components to the log earnings of a given individual are captured
by the factor loadings §; and U;. As a consequence, the factor loadings are only identified up to
a normalization. In the empirical application, §; and W; are normalized to take a value of 1 in
1979. Given that, the causal return to education specific to year t, 6;, will be identified from the
ratio of ma(c, ) to ma(c, 1979), while the return to unobserved ability specific to year t, ¥, will be
identified from the ratio of mo(c,t) to mo(c, 1979).2

For a given cohort-year pair, the model has 3 implications for the level of the regression co-
efficients mo(c,t), mi(c,t) and ma(c, t), as illustrated in (5). Abstracting from the year-specific
parameters §; and ¥,, the number of cohort-specific parameters is 4C (that is, a., be, A and AS5),
where C' is the number of birth cohorts. Clearly, not all of these parameters can be freely identified
from the 3C regression coefficients. With the scale normalization on é¢, the parameter correspond-
ing to cohort-specific comparative advantage selection A§ is directly identified off the quadratic
schooling coefficient in (5.3). However, there is a tradeoff concerning which of the remaining pa-
rameters can be identified. Provided that an estimate of A{ is available, the average marginal
productivity of schooling for cohort c, b., will be identified from the linear schooling coefficient
in (5.2). Therefore, some restrictions must be imposed on a, and A{. As equation (5.1) makes
clear, imposing less restrictions on the shape of A{ across cohorts comes at the cost of imposing
more restrictions on a.. The approach I follow is guided by the objective of this study: assessing
intertemporal changes in the causal effect of education by decomposing the observed relationship
between log earnings and schooling into time-varying average causal effect, time-varying ability
bias and time-varying comparative advantage bias. One normalization consistent with this objec-
tive is to let the ability slope parameter A{ take a fixed value for one of the eight birth cohorts
(henceforth the reference cohort), and assume no differences across cohorts in the average level of

27

absolute ability (i.e. that a.=a for all cohorts).“” This lack of identification is a drawback of using

26Tn practice the OMD estimator will “average” these ratios for all cohorts observed in year t. Cohorts for which
the ratio is more precisely estimated will receive more weight in the calculations.
27 An alternative possibility is to assume that the ability bias parameters are equal for 2 different cohorts. In that
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observational data without valid instruments for years of education: with a source of exogenous
variation in schooling, the levels of all the parameters of the model could be estimated. This study,
however, focuses on intertemporal changes in the causal effect of education, and differences across
cohorts in b., A{ and A5, combined with the relative returns §; and U, are sufficient to make such
an assessment credibly.

Information from other studies can be used to calibrate the range of potential values for A\
for the reference cohort. The evidence reviewed in Griliches (1977) and Card (1999) is suggestive
of small absolute ability biases. Consequently, in the empirical implementation of the model
described in equation (1)-(5), the correlation between ability and schooling for the reference cohort
(the cohort of men born between 1945 and 1949) will be normalized to 0. The robustness of the
findings to positive or negative normalizations on Ay for the reference cohort will be evaluated in

Section 6.
5. EMPIRICAL RESULTS.
A. Results from the augmented earnings regressions.

Tables 2, 3 and 4 presents the OLS estimates of the augmented earnings regressions following the
specification of equation (6). The estimated regression intercept, linear and quadratic schooling

28 In order to keep the

coeflficients are reported, as well as the corresponding standard errors.
size of the tables manageable, averages of the estimated coefficients for 3 year bands are reported.
The full set of estimated regression coefficients have already been reported in Figure 5. The
trends illustrated in Figure 5 are also apparent in these tables, moreover, they indicate that these
regression coefficients are precisely estimated, with standard errors in the range of 0.25 to 0.75 for

the linear term and in the range of 0.01 to 0.03 for the quadratic term. The next section will make

use of this information to estimate the parameters of the causal model.
B. Minimum-distance estimates of the two-factor model.

The model presented in equation (1)-(5) encompasses a wide variety of models that have been
considered in the literature to study changes in the wage structure and make causal inference on

the effect of education on earnings. Since it encompasses all of the previous analyses, the two-factor

case, a model with a linear trend across cohorts in average ability (i.e. ac = ao + aic) could be estimated. This is
not a major concern since a. does not load into the schooling coefficients of the earnings function.
28For convenience, the estimated schooling coefficients and their standard errors are multiplied by 100.
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model with unobserved ability, heterogeneity in the return to education and separate year-specific
return to unobserved ability and education is considered first. Table 5 report the OMD estimates
of the cohort-specific parameters b., A and A5, as well as the goodness-of-fit statistic for the model.
Table 6 reports the OMD estimates of the year-specific returns to education and unobserved ability
(6¢ and W) for selected years between 1979 and 2000. Figure 6 displays the complete set of
estimates of §; and U,.

The first column contains the cohort-specific average marginal productivity of schooling, b..
The parameters indicate that an additional year of education permanently increase log earnings in
the range of 5.0% and 5.5% for the different cohorts, with the smallest values for the cohorts born
after 1950. All the parameters are precisely estimated with standard errors of about 0.003. If
anything, the entries in column 1 indicate a downward trend in b, across cohorts, and therefore that
any increase in the causal effect of education would have to be driven by a rise in the year-specific
causal return to schooling 6;.

The second column shows the level of ability bias specific to each cohort (A]), relative to the
reference cohort. The estimated parameters are typically not significantly different from 0. More
interestingly, the estimates indicate no inter-cohort trend in the correlation between unobserved
ability and completed education. While the level of the estimated average education-slope and
ability bias depends on the normalization on A; for the reference cohort (men born between 1945
and 1949), the difference in the parameters across cohorts does not. The entries in column 2
provide no evidence suggesting that the rise in the conventional measure of the return to education
is due to an increasingly higher correlation between absolute ability and schooling among younger
cohorts.

Column 3 reports the estimates of A5, the slope in the relationship between person-specific re-
turns to education and years of completed education specific to each cohort, multiplied by S., the
average schooling for cohort c. As shown in (3), this amounts to the contribution of comparative
advantage bias in the conventional measure of the return to schooling. All the entries are positive
and statistically significant, providing clear evidence of heterogeneity in the returns to schooling,
and of the existence of a positive correlation between educational attainment and returns to educa-
tion at the individual level. This is consistent with the results in Willis and Rosen (1979), Garen

(1984), and Meghir and Palme (1999) who found that individuals pursued comparative advantage
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in their educational investments. As Table 5 suggests, the pursuit of comparative advantage played
an important role in educational investments for the men born between 1930 and 1970 in the United
States, moreover, the extent of educational self-selection based on individual returns to schooling
appears to be more important for younger cohorts.??

Finally, column 4 displays the averages of the conventional measure of the return to education
taken over their entire working lifetime of each cohort (i.e. for each cohort over all the years it is
observed in the data).? By examining the entries across the rows of column 4, it appears that the
“total effect” of education on earnings (i.e. including the bias terms) is similar across cohorts when
averaged over their entire working histories (the maximal difference is 0.01). The contribution of
the elements in columns 1-3 to these lifetime averages, however, differs substantially across cohorts.
For the older cohorts, individual differences in the return to education correlated with schooling (as
captured by A5S.) explain about 25% of the average total lifetime effect. For the younger cohorts
born after 1950, these individual differences explain about 40% of the average lifetime total effect.

While the figures in Table 5 indicate no differences across cohorts in the extent of absolute
ability sorting, it is possible that a rise in the year-specific return to unobserved ability could
be the driving force behind the observed increase in the conventional measure of the return to
education over the last twenty years. This possibility is investigated in Table 6 which contains
the estimated relative returns to education and unobserved ability (6, and W), for selected years.
The estimated factor loading on years of completed education (6;) represents the causal return to
education that is common to all labor market participants in year t (i.e. net of the cohort-specific
parameters reported in Table 5), and thus is not confounded by the return to unobserved ability
in year t (U;) or by the composition effects. As Table 6 indicates, the year-specific causal return
to education and the return to unobserved ability followed different patterns over the 1980s and
the 1990s. Whereas the return to education increased by about 30% more or less continuously

over the whole period, the return to unobserved ability increased by about 10% over the 1980s3!

29The increasing trend in A§S. across cohort is solely due to larger correlation between educational attainment
and person-specific return to education for younger cohorts (larger A5) and not to an increase in average educational
attainment across cohorts (?c) As Figure 2 showed, average educational attainment actually decreased for cohorts
born after 1950.

30For the younger cohorts who are still in their prime working age, this might be an imperfect indicator of their
lifetime average. Note columns 1 to 3 do not exactly add up to column 4 because the year-specific factor loadings 6
and ¥, are not included in the entries of columns 1 to 3 but are implicitly included in column 4.

31This is consistent with the evidence in Chay and Lee (1999) who report that the return to unobserved ability
increased by 10-20% over the 1980s.
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but actually declined over the 1990s. These trends are illustrated in Figure 6, which displays the

estimated 6; and Wy for each year between 1979 and 2000.
C. Censoring in the CPS data.

All measures of earnings are censored in the Current Population Survey, and in the ORG files usual
weekly earnings are top-coded.3? The summary statistics in Deschenes (2001) indicate that the
censoring problem was most important between 1985 and 1987, and that the probability of having
censored weekly earnings increases with educational attainment. Since log earnings and schooling
are positively correlated, censoring of the earnings variable will likely result in underestimation
of the effect of schooling on earnings. Indeed, the evidence in Chamberlain (1994) suggests that
censoring of weekly earnings in ORG data leads to systematic underestimation of the returns to
schooling. To account for the censoring problem, the regression coefficients in (6) were also esti-
mated using a Tobit model. It is well known, however, that Tobit estimates of a censored regression
model are not consistent when the distribution of the error terms is non-normal or heteroskedas-

33 Since the causal model for log earnings in (1)-(5) implies heteroskedastic residuals, the

tic.
regression coefficients were also estimated using Powell’s (1984) censored least absolute deviation
(CLAD) semiparametric estimator. This estimator is robust to deviations from normality and to
heteroskedasticity.

Tables 7-10 presents the OMD estimates of the parameters of the causal model for earnings
derived from the Tobit and CLAD estimates of equation (6). Examination of the entries in Tables
7 and 9 reveals that the estimated parameters are very similar to those contained in Table 5. On
the basis of this simple comparison, there is no indication that the estimates of the cohort-specific
parameters b, A{ and A§ reported in Table 5 are seriously biased by censoring. Tables 8 and 10
show the point estimates of the year-specific returns to education and unobserved ability (again
for selected years) when OMD is based on Tobit and CLAD first-stage estimates. The full set of

estimated year-specific parameters is displayed in Figures 7 and 8. As Figures 7 and 8 indicate, the

censoring-corrected estimates of the year-specific causal return to education é; are slightly larger,

32From 1979 to 1988, any value of usual weekly earnings in excess of $999 was recorded as $999, similarly, from
1989 to 1997 weekly earnings were censored at $1923, and from 1998 to 2000, weekly earnings were censored at $2884.

33See for example Goldberger (1983). Chay and Honore (1998) estimate the bias due to nonnormality and
heteroskedasticity in the context of a racial earnings gap when earnings are severely top-coded. They show that the
racial wage gap can be biased downwards by 10 to 30%.
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with the largest gap between 1985-1988, the period when the fraction of censored earnings in the
ORG data was the highest. Interestingly, the top coding of weekly earnings has no impact of
the estimated return to unobserved ability ¥;. If anything, the censoring-corrected estimates are

slightly smaller.
D. Minimum-distance estimates of alternative models.

Table 11 displays the goodness-of-fit statistics associated with alternative models that have been
considered in the literature studying the changes in the wage structure and attempting to make
causal inference on the effect of education on earnings. In column 1 are the OMD goodness-of-fit
statistics obtained when the regression coefficients in (6) are computed by OLS, while columns 2 and
3 correspond to those obtained by Tobit and CLAD. For convenience, the goodness-of-fit statistic
associated with the two-factor model presented in Tables 5-10 is reported in row 1. The other rows
of Table 11 test further simplifications against the two-factor model alternative* The second
row displays the statistical fit of a model where the average marginal productivity of schooling is
constrained to be same for all the cohorts. The equality of the b, across cohorts is rejected by the
unconstrained model in row 1. The third row shows the fit of a model imposing no variation across
cohorts in the correlation between educational attainment and return education at the individual
level. Not surprisingly, this restriction is easily rejected by the unconstrained alternative. The
fourth and fifth rows present the estimation results when stationarity restrictions are imposed. Row
four shows that the hypothesis of a constant year-specific causal return to education between 1979
and 2000 (while allowing the return to ability U; to vary) is overwhelmingly rejected. Similarly, in
row five, the stationarity of the return to unobserved ability is also rejected. In the sixth row, the
goodness-of-fit statistic associated with a model estimated under the restriction of no comparative
advantage selection (i.e. that A5=0) is reported. Variants of this model have been used in most
cross-sectional analyses of the causal effect of education (see e.g. Angrist and Krueger (1991),
Ashenfelter and Rouse, 1998). The large chi-square statistic suggests that this restriction is not
supported by the data considered in this study. Finally, the last row displays the statistical fit of a

“one-factor” model of ability in which the return to education and the return to unobserved ability

34The difference between the goodness-of-fit statistics associated with the additional restrictions and the “unre-
stricted” alternative (the two-factor model in our case) has an asymptotic x? with degrees of freedom equal to the
number of additional restriction being tested. See Chamberlain (1984).
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5 This restriction is soundly

are restricted to be equal in each time period (i.e. that § = ¥;).3

rejected by the data, as indicated by the large chi-square statistic.
To summarize, OMD estimates based on OLS, Tobit and CLAD all clearly indicate that any

further restriction imposed on the two-factor model is not consistent with the data. In particular,

models assuming homogenous returns to schooling and stationary causal return to education appear

to be greatly mis-specified.
6. ALTERNATIVE SPECIFICATIONS AND SENSITIVITY ANALYSIS.

This section investigates the robustness of the findings in Tables 5-11 to alternatives specifications or
assumptions. Particular attention is devoted to: (A) alternative normalizations on the magnitude
of the ability bias for the reference cohort; (B) measurement error in reported schooling; (C) small-

sample bias in OMD estimation; and (D) linearity of the underlying earnings function.
A. Alternative restrictions for the reference cohort.

To evaluate the robustness of the results reported in Table 5, the two-factor model was estimated
under alternative normalizations on A; for the reference cohort. Figure 9 displays the OMD
estimates of b, A, A§ assuming negative (-0.02), zero (like in Table 5), and positive (0.02) ability
bias for the reference cohort. As panels A and B of Figure 9 indicate, differences across cohorts
in b, and A{ are preserved under the different normalizations. Panel C clearly shows that the
cohort-specific levels of comparative advantage selection bias are invariant to the normalization on
A1. Therefore, the evidence in Figure 9 suggests that the conclusions drawn from Table 5 are not
driven by any particular restriction imposed on A; for the cohort of men born between 1945 and

1949.
B. Measurement error in reported schooling.

An important issue in studies of the return to schooling is the possibility of measurement errors in
schooling. 1In bivariate regressions, classical measurement error in the independent variable leads
to a downward bias in the estimated coefficient. The magnitude of this attenuation bias depends
on reliability of the observed variable, which for schooling has generally been found to be about

0.90.6 In nonlinear models, however, the effects of measurement error are not as straightforward

35Card and Lemieux (1996) use a one-factor model to study changes in the wage structure over the 1980s.
363ee for example Table 9 in Angrist and Krueger (1999).
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to predict and often must be evaluated on a case-by-case basis.3”

Appendix A shows that in a
regression of log earnings on schooling and schooling squared, the bias depends on the true values
of the regression coefficients, and the on the characteristics of the joint distribution of reported
and actual schooling. Since complete data on the joint distribution of true and reported schooling
are not available, direct calculation of correction factors is not feasible. Omne solution is to use
simulations to gain knowledge on the sign of the biases and evaluate the effect of measurement
error bias on the OMD estimates. Schooling and log earnings data were simulated using the range
of estimates of mg, w1 and 7s reported in Tables 2 to 4 and assuming that the reliability of reported
schooling is 0.90. The results are summarized in the top panel of Table A.1 and suggests that
(i) the intercept is unaffected by measurement error in reported schooling; (ii) the linear schooling
coefficient has a small (about 10%) upward or downward bias; and (iii) the quadratic schooling
coefficient is always biased downwards by 25%.

Under the assumption that the extent of measurement error is the same across cohorts and
constant over time, the simulations also provide approximate correction factors that can be used
to adjust the regression coefficients before using them in the OMD estimation. This provides
measurement error corrected OMD estimates of b., A{, A5, ¢ and W;. Table A.1 presents those
corrected estimates for 4 different combinations of true values for 7y, w1 and 79, as well as the
actual estimated parameters from Tables 5 and 6. As the entries indicate, only the year-specific
return to education é; appears to be downward biased by measurement error in reported schooling.
For the four cases considered, the corrected estimates of §; are always larger than the uncorrected
ones, suggesting that the estimates of ¢; in Section 5 should be viewed as lower bounds. The
rest of the evidence in Table A.1 contains no indication of serious measurement error bias in the

estimates reported in Tables 5 to 11.
C. Small sample bias in OMD estimation.

Although minimum distance estimators are consistent and asymptotically normally distributed
under relatively mild regularity conditions, in practice, the asymptotic distribution may provide a
poor approximation to the finite sample distribution. In the context of OMD estimators, small

sample bias may arise in the presence of a correlation between the sampling errors in the elements

37See Griliches and Ringstad (1970) and Hausman, Newey, Ichimura and Powell (1991) for discussions in different
contexts.
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of the weighting matrix and the sampling errors in the vector of sample moments. In particular
the simulation evidence in Altonji and Segal (1996) and Clark (1996) indicates that in linear
and nonlinear models of covariance structure, OMD estimates are biased downwards in absolute
value. An alternative type of minimum-distance estimator can be used evaluate the importance
of small sample bias in Tables 5 and 6. The Independently Weighted Optimal Minimum-Distance
(IWOMD) was suggested by Altonji and Segal (1996) to circumvent the problem of a correlation
between the sampling errors in 7 and V(w). The basic idea of IWOMD is to randomly split
the data into subgroups and use different subgroups to estimates the moments and the weighting
matrices, thus eliminating the possibility of correlation between the sampling errors in 7 and V().

The design of the CPS samples is particularly well suited for this type of sample splitting anal-
ysis. More specifically, the earnings data in the monthly ORG files are collected from individuals
who are in their fourth or eight month in the CPS samples. Since individuals in the fourth and
eight rotation subsamples are independently drawn from the same population, the two subsam-
ples are independent of each other. Thus, IWOMD can be implemented using these two random
partitions of the CPS samples, and the results are presented in Table A.2. For brevity only the
results of the cohort-specific parameters from the two-factor model are reported here3® All the
parameters in Table A.2 are very close in magnitude to those in Table 5 and none of the differences
are statistically significant. The similarity between the entries in Tables A.4 and Table 5 suggest

that those estimates are not subject to small sample bias.
D. Linearity of the earnings function.

Section 3 emphasized that the identification of the parameters of the two-factor model hinges
greatly on linearity assumptions. The linearity of the conditional expectations of the unobserved
determinants of log earnings, combined with the linearity of the underlying earnings function implies
a quadratic regression relating schooling and log earnings in the population. The assumptions,
however, are not readily testable since they involve unobservable components a;. and b;.. Therefore,
it is important to assess the validity of the results presented in this paper when departures from

linearity are considered. One possibility is to allow log earnings and schooling to be nonlinearly

38See Deschenes (2001) for the full set of IWOMD estimates.
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related as follows:

108 Yict = W1aic + 61bicSh. + Eict (17)

and where the conditional expectations of the unobserved ability factors are linear in a transfor-

mation of schooling:

Elai|Sic] = ac+ ] (Sfc - S_c@) (2.17)

Elbic|Sic] = be+ )‘E(Sz'ec - 5_09) (2.27)

The model presented in Section 3 is a special case of this generalized model when 8 = 1. Equa-
tions (17), (2.17) and (2.2”) implies that the population regression function relating log earnings
and schooling is quadratic in the transformed schooling Sf , and therefore the empirical approach
described in Section 4 can be used, given a predetermined value for #. Figure 10 presents the
goodness-of-fit statistics associated with the OMD estimates of the parameters of the model (17)-
(2.27) for values of 6 ranging between 0.5 and 1.5. These statistics measure the adequacy of
the two-factor model corresponding to different values of 8 and provide a simple assessment of
the robustness of the results presented in Tables 5-11 to departures from the underlying linearity
assumptions. The statistical fit of the two-factor models reported in Figure 10 does not provide
strong evidence against the linearity assumption. The smallest goodness-of-fit statistic reported
is 339.4, corresponding to # = 1.07, while the goodness-of-fit statistic for the linear model is 391.0.
Based on this exercise, it appears that the linearity of the underlying earnings function provides a

reasonable approximation to more general function forms relating earnings and schooling.
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7. CONCLUSION.

This study assesses the movements in the educational wage structure in the United States between
1979 and 2000. The main purpose is to quantify the change in the average causal effect of education
using repeated cross-sectional data when instrumental variables for schooling are not available. A
causal model for earnings, with absolute and comparative advantage in the schooling decision of
individuals is used to impose some structure on the observed relationship between schooling and
earnings. A simple intuition arises from the model: if individuals with higher returns to schooling
acquire more schooling, the relationship between log earnings and schooling will be convex in the
population. Likewise, for a cohort of individuals with a fixed distribution of ability after transition
to the labor market, the degree of convexity of the relationship will rise if the year-specific causal
return to education rises. This feature of the changing U.S. wage structure is well-documented in
the first part of this paper.

Taken as a whole, the evidence in this paper suggests that the observed rise in the conventional
measure of the return to education reflects a change in the causal effect of education on earnings.
After parsing out the effects of differential ability and comparative advantage biases specific to
each cohort, and allowing unobserved ability to have a differential rate of return, the estimates
indicate that the causal return to education increased by about 30% between 1979 and 2000. By
comparison, the conventional measure of the return to education increased by about 50%. The
empirical background for this finding is the striking rise in the convexity of the earnings-schooling
relationship that affected all cohorts uniformly over the 1980s and 1990s. The results also indicate
that all of the increase in the average causal effect of education is due to year-specific factors as
opposed to cohort-specific effects, for example the entry in the labor market of younger cohorts
with higher average marginal productivity of schooling.

My estimates also imply that there are no differences across cohorts in the mapping between
absolute ability and schooling, and virtually no changes in the return to unobserved ability between
1979 and 2000: The estimates show that the return to unobserved ability increased by 10% over
the 1980s and decreased by 10% over the 1990s. Therefore, my results provide no indication that
the rise in the conventional measure of the return to school is confounded by a time-varying ability

bias.
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Perhaps more importantly, my results indicate a significant increasing trend in comparative
advantage sorting across cohorts. This is consistent with a model where returns to schooling vary
across individuals, and where comparative advantage incentives play a more important role in the
schooling decision of younger cohorts.

Finally, various specification tests suggest that the two-factor model developed here provides
a reasonable characterization of the changes in the educational wage structure over the 1980s and
1990s. In particular, the specification tests have shown that models assuming homogenous returns
to education in the population—as was used in previous analyses—are greatly mis-specified. A
key element of future research will be to understand the sources of the growing association between

educational attainment and returns at the individual level.
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APPENDIX A. MEASUREMENT ERROR IN QUADRATIC REGRESSIONS.

Suppose that schooling is measured with classical measurement error:

Sf:SZ—FUZ

This implies that schooling squared is also measured with error:

SIQQ = 512 + 25;v; —|—1}22

Note that in general there will be a correlation between the errors of measurement in the two
regressors. Denote the true regression relating y to S; and S? and the regression of 3 on the

observed regressors respectively as:

y = a+pBS+75 +ei

y = a+pBS)+7SP +ei —uif — i — 2ySivs

The bias in the OLS estimates of 3 and « is easily obtained by considering the linear projections

of v;, v? and v;S; onto S and S¢2:

v = AS?+ M2SP + &y,

1}2 = )\21554—)\225;)24—521‘

=

v;S; = A31S¢ + A32S%% + &5,

The bias in the OLS estimates is:

B-B = —Bh1—~v0ha —2X31)

¥—v = —Bl2—v(A2 —2X32)

Therefore the bias in the OLS estimates depends on the true values of # and + and some charac-

teristics of the joint distribution of S; and S? as captured by (A11, A2, A21, A2z, A13 and Ag2).
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Figure 1: Average Educational Attainment among Full-time Male Workers, by Y ear of Birth.
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Figure 2: Average Educational Attainment among Full-time Male Workers, by Calendar Y ear 1979-2000.
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Figure 3: Adjusted Mean Log Earnings by Y ears of Education, 1979-2000.
[Relative to the mean log earnings of high school graduates]
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Figure 4: Changes in the Earnings-Schooling Relationship and the Rising Return to Education, 1970-1999.
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Figure 5: (a) Profile of the Earnings-Schooling Relationship: Linear Schooling Component, 1979-2000.
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Figure 5: (b) Profile of the Earnings-Schooling Relationship: Quadratic Schooling Component, 1979-2000.
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Figure 6: Estimates of the Y ear-Specific Returns to Education and Unobserved Ability (1979=1).
[First step regressions estimated by OL S
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Figure 7: Estimates of the Y ear-Specific Returns to Education and Unobserved Ability (1979=1).
[First step regressions estimated by OL S and Tobit]
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Figure 8: Estimates of the Y ear-Specific Return to Education (1979=1).
[First step regressions estimated by OLS, Tobit and CLAD]
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Figure 9: Estimates of the Cohort-Specific Parameters
under Alternative Normalizations for the Level of Ability Bias of the Reference Cohort.
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Figure 10: Goodness-of-Fit Statistics Associated with Different Transformations of Y ears of Education.
[First step regressions estimated by OL S
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Table 1: Summary Statistics and Description of the Cohorts.

Born Born Born Born Born Born Born Born
1930-34 1935-39 1940-44 1945-49 1950-54 1955-59 1960-64 1965-69

Log Real Weekly 6.61 6.61 6.63 6.61 6.54 6.51 6.46 6.41
Earnings (0.46) (0.47) (0.48) (0.47) (0.47) (0.48) (0.49) (0.48)
Y ears of Education 12.52 12.84 13.27 13.68 13.62 1341 13.33 13.41

(326)  (306)  (292)  (279)  (260) (249 (245 (249

Entry Year 1979 1979 1979 1979 1980 1985 1990 1995
into the sample

Exit Year 1990 1995 2000 2000 2000 2000 2000 2000
from the sample

Ageat Entry 47.03 41.94 36.88 31.85 28.01 28.01 28.08 28.08
(1.43) (1.43) (140) (139 (143)  (141) (1.40) (1.42)
Age at Exit 57.93 57.81 57.74 52.81 47.94 42.98 38.04 33.04
(or last year in sample) (1.40) (1.42) (139)  (137) (1L41) (142 (1.42) (1.42)
Experience at Entry 28.70 23.32 17.83 12.41 8.60 8.70 8.86 8.67
(3.63) (3.49) (3.34) (3.26) (2.87) (2.78) (2.86) (2.67)
Experience at Exit 39.24 38.88 38.38 33.04 28.28 23.54 18.72 13.62
(or last year in sample) (3.62) (3.25) (3.29) (3.19) (2.97) (2.91) (2.95) (3.00)
Observations 36,072 50,756 75,635 100,247 108,626 85,191 55,173 25,535

Notes: Standard deviations in parentheses.
The sample includes men aged 26-60 working for pay on afull-time basis,
and earning at least $250 per week in 1999 constant dollars.



Table 2: OLS Estimates of the Earnings-Schooling Relationship Intercepts, 1979-2000.

Born Born Born Born Born Born Born Born
1930-34 1935-39 1940-44 1945-49 1950-54 1955-59 1960-64 1965-69

1979-1981 6.55 6.54 6.56 6.58 6.53
[002)  [001] [0.01]]  [001  [0.01]

1982-1984 6.55 6.56 6.57 6.56 6.55
[0.02] [0.01]  [0.01] [0.01] [0.01]

1985-1987 6.5 6.56 6.57 6.56 6.56 6.56
[0.02] [0.0]]  [0.01] [0.01] [0.01]  [0.01]

1988-1990 6.55 6.56 6.56 6.55 6.55 6.57
[0.03] [002]  [0.01] [0.01] [001]  [0.01]

1991-1993 6.52 6.53 6.53 6.53 6.57 6.57
[002)  [001]  [001]]  [001]  [001]  [0.02]

1994-1996 6.58 6.55 6.52 6.51 6.56 6.54 6.54
[0.03]  [0.02] [0.01] [001]  [0.01] [0.01]  [0.02]

1997-2000 6.57 6.57 6.57 6.60 6.62 6.59
[0.02] [0.01] [001]  [0.01] [001]  [0.02]

Notes: Robust standard errors in brackets.
See the notesin Table 1 for adescription of the sample used.

The entries are the estimates of po(c,t) for 3-year bands.



Table 3: Estimated Profile of the Earnings-Schooling Relationship 1979-2000: Linear Component.

Born Born Born Born Born Born Born Born
1930-34 1935-39 1940-44 1945-49 1950-54 1955-59 1960-64 1965-69

1979-1981 371 5.02 5.87 6.17 6.35
[041]  [045] [047]  [042]  [0.56]

1982-1984 321 4.10 5.15 571 5.67
[0.48] [052]  [050] [0.49] [0.50]

1985-1987 1.42 2.77 3.65 5.16 4.60 2.98
[0.50] [051]  [0.53] [0.54] [051]  [0.51]

1988-1990 -1.09 1.38 355 3.14 1.84 1.81
[055]  [055]  [054]  [050]  [050]  [0.49]

1991-1993 -1.58 0.59 112 0.63 0.87 1.99
[0.65]  [0.63] [0.55] [0.56]  [0.54] [0.56]

1994-1996 -0.43 1.86 1.42 1.96 131 2.84
[0.64] [0.60] [058]  [0.57] [056]  [0.74]

1997-2000 051 152 0.85 111 1.00 1.77
[0.61] [0.52] [0.46]  [0.45] [0.45]  [0.46]

Notes: All entries are multiplied by 100.

Robust standard errorsin brackets.

Seethe notesin Table 1 for a description of the sample used.
The entries are the estimates of py(c,t) for 3-year bands.



Table 4: Estimated Profile of the Earnings-Schooling Relationship 1979-2000: Quadratic Component.

Born Born Born Born Born Born Born Born
1930-34 1935-39 1940-44 1945-49 1950-54 1955-59 1960-64 1965-69

1979-1981 0.10 0.05 0.09 0.06 0.03
[002)  [002] [002]  [002  [0.02]

1982-1984 0.13 0.10 0.10 0.07 0.06
[0.02] [0.02]  [0.02] [0.02] [0.02]

1985-1987 0.20 0.15 0.16 0.10 0.14 0.21
[0.02] [0.02]  [0.02] [0.02] [0.02]  [0.02]

1988-1990 0.30 0.22 0.13 0.13 0.17 0.17
[0.02] [002]  [0.02] [0.02] [002]  [0.02]

1991-1993 0.35 0.30 0.30 0.34 0.36 0.30
[002)  [002]  [002]  [002]  [002]  [0.02]

1994-1996 0.33 0.26 0.30 0.33 0.36 0.27
[0.02] [0.02] [002]  [0.02] [0.02]  [0.03]

1997-2000 0.32 0.28 0.34 0.37 0.39 0.33
[0.02] [0.02] [002]  [0.02] [002]  [0.02]

Notes: All entries are multiplied by 100.

Robust standard errorsin brackets.

Seethe notesin Table 1 for adescription of the sample used.
The entries are the estimates of px(c,t) for 3-year bands.



Table 5: Optima Minimum Distance Estimates of the Cohort-Specific Parameters.
[First step regressions estimated by OL S]

€ 2 ) (4)
Birth Cohort Average Marginal Relative Compar ative Average Conventional
Productivity of Schooling Ability Bias Advantage Bias Return to Schooling
(b,) (19 (15S)
1930-34 0.0542 -0.0076 0.0188 0.0721
[0.004] [0.004] [0.005] [0.001]
1935-39 0.0550 -0.0069 0.0193 0.0799
[0.003] [0.003] [0.005] [0.001]
1940-44 0.0543 0.0008 0.0199 0.0882
[0.003] [0.003] [0.005] [0.001]
1945-49 0.0541 0.0000 0.0205 0.0862
[0.002] [0.004] [0.001]
1950-54 0.0497 0.0033 0.0245 0.0866
[0.003] [0.003] [0.005] [0.001]
1955-59 0.0506 -0.0028 0.0349 0.0918
[0.003] [0.004] [0.007] [0.001]
1960-64 0.0507 -0.0076 0.0427 0.0892
[0.003] [0.004] [0.008] [0.001]
1965-69 0.0498 -0.0051 0.0429 0.0789
[0.004] [0.005] [0.008] [0.001]
Observations 381 381 381 537,150
N" Objective 391.0 391.0 391.0
[Cz] [357.4] [357.4] [357.4]
(d.f) (315) (315) (315)

Notes: Robust standard errors in brackets.

The 381 coefficients of the augmented human capital earnings regression (6) are estimated by OLS. The ability bias
parameter for the cohort of men born 1945-49 is normalized to be 0.00. The standard errorsin column 3 are computed
using a Taylor series approximation. The entriesin column 4 are the within-cohort lifetime averages of the OL S estimates
of the conventional measure of the return to education (3).



Table 6: OMD Estimates of the Y ear-Specific Returns to Education and Unobserved Ability.
[Selected Y ears, First step regressions estimated by OLS]

Return to Return to
Year Education Unobserved Ability
(dy) (Yy)
1979 1.00 1.00
1982 1.00 107
[0.03] [0.02]
1985 0.99 1.10
[0.03] [0.02]
1988 1.02 1.10
[0.03] [0.02]
1991 118 1.05
[0.04] [0.02]
1994 127 1.02
[0.04] [0.02]
1997 1.28 0.98
[0.04] [0.02]
2000 135 0.97
[0.04] [0.02]
N" Objective 391.0 391.0
[c?] [357.4] [357.4]
(d.f.) (315) (315)

Notes. Robust standard errors in brackets.



Table 7: Optimal Minimum Distance Estimates of the Cohort-Specific Parameters.
[First step regressions estimated by Tobit]

€ 2 ) (4)
Birth Cohort Average Marginal Relative Compar ative Average Conventional
Productivity of Schooling Ability Bias Advantage Bias Return to Schooling
(b,) (19 (15S)
1930-34 0.0501 -0.0074 0.0225 0.0777
[0.003] [0.004] [0.006] [0.002]
1935-39 0.0506 -0.0071 0.0231 0.0862
[0.003] [0.003] [0.006] [0.002]
1940-44 0.0497 0.0011 0.0226 0.0933
[0.003] [0.003] [0.005] [0.002]
1945-49 0.0500 0.0000 0.0233 0.0900
[0.002] [0.005] [0.001]
1950-54 0.0466 0.0023 0.0272 0.0884
[0.002] [0.003] [0.005] [0.001]
1955-59 0.0472 -0.0035 0.0362 0.0936
[0.003] [0.003] [0.007] [0.002]
1960-64 0.0477 -0.0080 0.0413 0.0886
[0.003] [0.004] [0.008] [0.002]
1965-69 0.0463 -0.0032 0.0416 0.0838
[0.003] [0.005] [0.008] [0.003]
Observations 381 381 381 537,150
N" Objective 475.0 475.0 475.0
[Cz] [357.4] [357.4] [357.4]
(d.f) (315) (315) (315)

Notes: Robust standard errors in brackets.

The 381 coefficients of the augmented human capital earnings regression (6) are estimated by Tobit. The ability bias
parameter for the cohort of men born 1945-49 is normalized to be 0.00. The standard errorsin column 3 are computed

using a Taylor series approximation. The entriesin column 4 are the within-cohort lifetime averages of the Tobit
estimates of the conventiona measure of the return to education (3).



Table 8: OMD Estimates of the Y ear-Specific Returns to Education and Unobserved Ability.
[Selected Y ears, First step regressions estimated by Tobit]

Return to Return to
Year Education Unobserved Ability
(dy) (Yy)
1979 1.00 1.00
1982 1.02 1.05
[0.03] [0.02]
1985 1.07 1.06
[0.03] [0.02]
1988 118 1.06
[0.03] [0.02]
1991 122 1.03
[0.04] [0.02]
1994 131 101
[0.04] [0.02]
1997 133 0.96
[0.04] [0.02]
2000 135 0.98
[0.04] [0.02]
N" Objective 475.0 475.0
[c?] [357.4] [357.4]
(df) (315) (315)

Notes. Robust standard errors in brackets.



Table 9: Optima Minimum Distance Estimates of the Cohort-Specific Parameters.
[First step regressions estimated by CLAD]

€ 2 ) (4)
Birth Cohort Average Marginal Relative Compar ative Average Conventional
Productivity of Schooling Ability Bias Advantage Bias Return to Schooling
(b,) (19 (15S)
1930-34 0.0541 -0.0192 0.0351 0.0743
[0.003] [0.003] [0.009] [0.001]
1935-39 0.0566 -0.0066 0.0180 0.0856
[0.003] [0.003] [0.004] [0.001]
1940-44 0.0578 0.0019 0.0212 0.0945
[0.003] [0.003] [0.005] [0.001]
1945-49 0.0588 0.0000 0.0192 0.0901
[0.002] [0.004] [0.001]
1950-54 0.0583 -0.0016 0.0232 0.0910
[0.003] [0.003] [0.005] [0.001]
1955-59 0.0602 -0.0042 0.0295 0.0975
[0.003] [0.003] [0.006] [0.001]
1960-64 0.0572 -0.0076 0.0387 0.0961
[0.003] [0.004] [0.008] [0.001]
1965-69 0.0567 -0.0068 0.0322 0.0833
[0.004] [0.006] [0.007] [0.001]
Observations 381 381 381 537,150
N" Objective 677.6 677.6 677.6
[Cz] [357.4] [357.4] [357.4]
(d.f) (315) (315) (315)

The 381 coefficients of the augmented human capital earnings regression (6) are estimated by CLAD. The ability bias
parameter for the cohort of men born 1945-49 is normalized to be 0.00. The standard errorsin column 3 are computed

using a Taylor series approximation. The entries in column 4 are the within-cohort lifetime averages of the CLAD
estimates of the conventional measure of the return to education (3).



Table 10: OMD Estimates of the Y ear-Specific Returns to Education and Unobserved Ability.
[Selected Y ears, First step regressions estimated by CLAD]

Return to Return to
Year Education Unobserved Ability
(dy) (Yy)
1979 1.00 1.00
1982 1.00 1.00
[0.04] [0.01]
1985 1.07 0.99
[0.04] [0.01]
1988 1.20 0.96
[0.04] [0.07]
1991 121 0.97
[0.05] [0.01]
1994 1.26 0.98
[0.09] [0.02]
1997 132 0.95
[0.05] [0.02]
2000 134 0.99
[0.05] [0.02]
N" Objective 677.6 677.6
[c?] [357.4] [357.4]
(df) (315) (315)

Notes. Robust standard errors in brackets.



Table 11; Goodness-of -Fit Statistics for Alternative Models.

1) 2 3
First Step: OLS First Step: Tobit First Step: CLAD
1. Two-Factor Model 391.0 475.0 677.6
[df] [315] [315] [315]
(p-value) (0.00) (0.00) (0.00)
2. Two-Factor Mode,
Constant b, across cohorts 111 8.2 35.4
{c?} {14.1} {14.1} {14.1}
[df] [7] [7] [7]
(p-value) (0.13) (0.32) (0.00)
3. Two-Factor Model,
Constant | $, across cohorts 2192 181.8 1139
{c?} {14.1} {14.1} {14.1}
[df] (7] [7] [7]
(p-vaue) (0.00) (0.00) (0.00)
4. Two-Factor Moddl,
Stationary dt 527.4 637.0 818.7
{c?y {314 {31.4} {314}
[d.f] [20] [20] [20]
(p-value) (0.00) (0.00) (0.00)
5. Two-Factor Mode,
Stationary Yt 303.9 302.6 423.3
{c?} {31.4} {314} {31.4}
[df] [20] [20] [20]
(p-vaue) (0.00) (0.00) (0.00)
6. Two-Factor Modd,
No Comparative Advantage Bias 2453.0 3379.5 1560.4
(15=0)
{c*) {155} {155} (155
[df] (8] (8] 8]
(p-velue) (0.00) (0.00) (0.00)
7. One-Factor Model
(d,=Y) 6535 783.1 10415
{c?y {314} {31.4} {314}
[d.f] [20] [20] [20]
(p-value) (0.00) (0.00) (0.00)

Theentriesin row 1 are the goodness-of -fit statistics associated with the two-factor model presented in Tables5to 10. The
entries in rows 2-7 are the differences in the goodness-of-fit statistics between each row and the two-factor model of row 1.



Table A.1: Simulations and Measurement Error Corrected Optima Minimum Distance Estimates.

[selected years and cohorts]
Actual Design 1 Design 2 Design 3 Design 4
(from Table 5) (P1=, P2=) (P1=, P2=) (P1=, P2=) (P1=, P27)
(0.08,0.001) (0.06,0.002) (0.04,0.003) (0.02,0.004)
[A] Simulations Results®
Intercept 0.98 0.98 0.99 0.99
Linear Schooling Term 1.08 1.03 0.94 0.75
Quadratic Schooling Term 125 1.25 1.25 1.25
[B] M easurement Error
Corrected OMD Estimates?
Return to Education
1979 1.00 1.00 1.00 1.00 1.00
1989 1.20 1.30 134 1.40 1.58
1999 1.30 143 147 1.55 1.76
Return to Unobserved Ability
1979 1.00 1.00 1.00 1.00 1.00
1989 1.08 1.06 1.06 1.07 1.07
1999 0.99 0.98 0.98 0.99 1.00
Cohort Born 1940-44
Average Slope 0.0543 0.0591 0.0567 0.0525 0.0438
(b.)
Relative Ability Bias 0.0008 0.0012 0.0011 0.0009 0.0003
(a9
Comparative Advantage Bias 0.0245 0.0239 0.0239 0.0226 0.0212
(15S.)
Cohort Born 1960-64
Average Slope 0.0507 0.0567 0.0548 0.0515 0.0444
(b.)
Relative Ability Bias -0.0076 -0.0075 -0.0069 -0.0059 -0.0037
(D
Comparative Advantage Bias 0.0427 0.0493 0.0480 0.0453 0.0413

(15S)

(2) The entriesin the top panel correspond to the ratios of the true/estimated OL S coefficients from the smulations. The
simulations were based on 10,000 replications from the following model with 2,000 observations, and assuming that the

reliability ratio of reported schooling is 0.90:

logy=5.0+mS+pS +e
e~N(0,02)

S~N(12,9)

£=S+v, v~N(©, s

(2) These entries are themeasurement-error corrected OMD estimates of the two-factor model.
The ability bias parameter for the cohort of men born 1945-49 is normalized to be 0.00.

The correction factors were obtained by the simulations and are reported in the top panel of the table.



Table A.2: IWOMD Estimates of the Cohort-Specific Parameters.

[First step regressions estimated by OL S]

_ O @) O @
Birth Cohort Average Marginal Relative Compar ative Average Conventional
Productivity of Schooling Ability Bias Advantage Bias Return to Schooling
(b,) (19 (15S)
1930-34 0.0535 -0.0055 0.0175 0.0724
[0.004] [0.004] [0.005] [0.001]
1935-39 0.0541 -0.0060 0.0193 0.0805
[0.003] [0.003] [0.005] [0.001]
1940-44 0.0532 0.0011 0.0199 0.0882
[0.003] [0.003] [0.005] [0.001]
1945-49 0.0535 0.0000 0.0219 0.0863
[0.002] [0.005] [0.000]
1950-54 0.0484 0.0036 0.0259 0.0866
[0.003] [0.003] [0.005] [0.000]
1955-59 0.0497 -0.0014 0.0349 0.0922
[0.003] [0.003] [0.007] [0.001]
1960-64 0.0490 -0.0061 0.0427 0.0870
[0.003] [0.004] [0.008] [0.001]
1965-69 0.0481 -0.0046 0.0443 0.0796
[0.004] [0.005] [0.009] [0.001]
Observations 762 762 762 1,074,468
N" Objective 987.9 987.9 987.9
[Cz] [758.5] [758.5] [758.5]
(df) (696) (696) (696)

Notes: Robust standard errors in brackets.

The 762 coefficients of the augmented human capital earnings regression (6) are estimated by OLS. For IWOMD, the

sampleis partitioned in two independent groups (the CPS rotation groups), and each one is used to compute OMD

estimates. Seethetext for more details. The ability bias for the cohort of men born 1945-1949 is normalized to be 0.00.
The standard errorsin column 3 are computed using a Taylor series gpproxim ation. The entriesin column 4 are the within -
cohort lifetime averages of the conventiona measure of the return to education (3).





