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This article analyzes age and experience profiles of earnings inequality for U.S.
and Brazilian males. Decomposition of the inequality profiles using a standard human
capital earnings equation clarifies the determinants of cross-sectional inequality
profiles and demonstrates a number of important differences in the shape of the two
countries’ profiles and in their underlying components. Most dramatic are Brazil’s
higher returns to schooling and higher variance in years of schooling, both factors
contributing to the significantly higher level of income inequality in Brazil. Changes
in the distribution of schooling across cohorts are shown to play a central role in
explaining cross-sectional inequality profiles within each country and differences in
earnings inequality in the United States and Brazil.

Introduction

Profiles of earnings inequality by age and experience play an important
role in explanations of income distributions by labor economists, development
economists, and demographers. Age profiles of inequality are important
because they determine the relationship between the age composition of the
population and the overall distribution of income, an important consideration
in intertemporal and cross-national inequality comparisons.’ Experience
profiles of inequality have received attention because of their relationship to
human capital models of income distribution. Mincer (1974) derives predic-
tions about the relationship between experience and earnings inequality from
a human capital model of investment in schooling and on-the-job training.
His notion of an ‘‘overtaking point’’ plays a central role in these predictions
and is used by Mincer to quantify the power of the human capital model in
explaining earnings inequality.

Experience and Earnings Inequality in a Cohort

In analyzing age and experience profiles of earnings inequality, it 1s
useful to keep in mind Mincer’s predictions about the relationship between
earnings inequality and job market experience. Mincer’s basic points can be
seen by considering a simple earnings equation for individual ¢-at j years of

experience:?
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is complex. Our objective in presenting Table 1 is simply to show that the impact of wives’
earnings on family income inequality is surprisingly small. Whether this impact is statistically
different from zero is not relevant for our argument.-

*For Szo Paulo and Porto Alegre, these differences are not statistically significant.
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InYy; = o + rS: + fi(§) + uy (1)
where Y, is person 7’s earnings in period j, @; = In Ej is the log of earnings
person ¢ would have earned with no schooling and no post-schooling human
capital,® r is the rate of return to schooling, S; is the number of years of school-
ing of person 4 f;(7) is the net return to person ¢’s post-schooling investments in
human capital after j years of experience, and u; is an error term assumed to
be uncorrelated with the other determinants of observed earnings.

If we assume that r is constant across individuals, then for the group of
workers with experience j the variance of log earnings implied by (1) is:

VilnY) = Vi) + r*Vi(S) + Vi(f) + Vi(w) + 2rCi(e,S) + 2rCy(S,f)

+ 2C(af) (2)
where V;(x) and Cj(x,y) represent the variance of x and the covariance of x and
y among workers with j years of experience. In the most general case, the
variances and covariances in (2) have few restrictions on their signs, magni-
tudes, or relationship to years of experience. By putting more structure on the
model, however, Mincer was able to make specific predictions about the rela-
tionship between the variance in log earnings and experience.

One set of restrictions will hold whenever the same ‘‘experience cohort’’
(that is, a group of workers who began working in the same year, though not
all at the same age) is observed over time. If we follow an experience cohort
over years of experience, then initial earnings capacity and years of schooling
of all individuals in the cohort are determined at the time the cohort enters
the labor force. It follows that Vi(a), V;(S), and Ci(e,S) will be constant across j,
affecting the level but not the shape of the inequality-experience profile. If
Vi(u), the purely stochastic component of each period’s earnings, is also con-
stant for all j, then the shape of the relationship between the overall variance
of log earnings V;(In Y) and experience will be determined by V;(f), Ci(c.f),
and Cy(S,f).

The second set of restrictions to simplify (2) involves individual invest-
ments in post-schooling human capital. Individuals who make post-schooling
investments in human capital trade off current earnings for on-the-job train-
ing, so that net returns to post-schooling investments f;(7) are initially negative
during the years in which foregone earnings outweigh the accumulated
returns. Eventually accumulated returns exactly equal foregone earnings,
after which the returns to post-schooling investments are positive. Mincer
called the point at which net returns to human capital switch from negative
to positive the ‘‘overtaking point.”” We denote the overtaking point by f, with

Si() < Ofory <j, fu() = 0and fi(j) > 0 forj > j. If f were equal for individuals
in all schooling groups,* then at year of experience j, earnings would be equal
for all workers with the same schooling, independent of their post-schooling
investments in human capital. It follows that not only will V;(f) = 0, but also
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Cia,f) = Cy(S,f) = 0. The variance in log earnings at the ‘‘overtaking point’’
is purged of any influence from post-schooling investments in human capital.®
A third restriction reduces (2) to the simplest and perhaps best known
case. Assume that post-schooling investments in human capital are uncorre-
lated with the level of schooling S and with initial earnings capacity «, imply-
ing that C;(S,f) = Cy(a,f) = 0 for allj. Since V(@), V;(S), and C;(«,S) do not
depend on  in an experience cohort, and assuming that V() and r are constant,
(2) is reduced to
VilnY) = Va) + 2rC(e,S) + r*V(S) + V(u) + Vi(f) (3)
where j subscripts have been dropped for terms assumed to be independent of
experience. Under all of these assumptions, the variance in log earnings
changes with years of experience for an experience cohort only because of the
change in the variance in net returns to post-schooling investments in human
capital Vi(f). Since V;(f) reaches a minimum at j, ¥ (In Y) will also reach a
minimum at j, reflecting only the inequality due to the returns to
schooling.®

Age, Experience, and Earnings in Cross Sections

Although the predictions implied by (2) and its simplified version (3)
apply to experience cohorts, empirical applications have typically looked at
a cross section of workers of different experience levels, rather than at cohorts
(Mincer 1974, 97-114; Psacharopoulos 1977; Brown 1980; Psacharopoulos
and Layard 1979. Cohort data are analyzed by Hause 1980). Cross-sectional
profiles of inequality by age have often been discussed as if they should behave
similarly to the experience profiles, a tendency reinforced by the apparent
consistency between the two in U.S. data.” Data limitations, particularly in
developing countries, often make the use of cross-sectional data and the analy-
sis of age profiles rather than experience profiles unavoidable. Furthermore,
there is a direct interest in analyzing the relationship between inequality and
age as well as inequality and experience. Age structure is an important char-
acteristic of any population and, unlike the experience distribution, is inde-
pendent of economic behavior in the short run. The relationship between
age structure and inequality has received considerable attention by develop-
ment economists and economic demographers, motivated in part by interest
in whether the generally higher levels of inequality in developing countries
could be directly related to their much younger age structures. It is instructive,
then, to consider whether the relationship between inequality and experience
in cohorts implied by (3) has implications for the relationship between ine-
quality and experience observed in cross sections or for the relationship
between inequality and age in either cohorts or cross sections. While several
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important points on this issue have been made by Mincer (1974) and Brown
(1980), some additional complexities are worth noting.

There are two issues to consider. First, how do inequality profiles for a
cohort relate to inequality profiles in a cross section? Second, how do inequality
profiles by years of experience compare to inequality profiles by years of age?
A useful framework for analyzing these issues considers the case of discrete
schooling groups (which could refer to single years of schooling or to formal
schooling levels such as elementary, junior high, and so on). The total variance
of log earnings for workers of any given year of age or experience can then be
decomposed into within-group and between-group variance. The variance of
log earnings for workers with experience j, for example, can be decomposed as

Vi) = Zwy(Fy = 3)* + L wyvy(») (4)
where wy; is the proportion of workers with experience j in schooling group 4,
7, is the mean of log earnings for workers with experience j and schooling i, 7:
is the mean of log earnings for workers with experience j, and v, () is the
variance of log earnings for workers with experience j and schooling ¢. The
first sum in (4) is the between-group component of total variance, and the
second sum is the within-group component. In the framework of earnings
equation (1), between-group variance reduces to r*}{(§), with all other com-
ponents of total variance in (3) included in within-group variance.

The weights w,; in (4) reflect the distribution of years of schooling among
workers with the same years of age or experience. Much of the confusion in the
analysis of age and experience profiles of inequality arises because of these
weights, with schooling groups being weighted differently in the cross section than
in the cohort. These differences can be systematically summarized as follows.

Following Mincer, suppose that for every ith schooling group in a cohort,
within-group variance v,() is determined by post-schooling investments in
human capital so that () is U-shaped as a function of experience j. From
(4) we see, first, that if the population weights w,; are constant over the life of
an experience cohort, then the within-group variance for the cohort will also be
U-shaped, since it is a weighted average of the U-shaped v;,(y) schedules with
the population weights constant across j. Since by assumption all schooling is
completed at the time labor market experience begins, the weights are con-
stant for an experience cohort.®

Second, for an age cohort (that is, a cohort born in the same year followed
over their working lives), the schooling distribution (and thus the weights w;)
will be constant beginning at the age at which all workers have entered the
labor force, abstracting once again from mortality and the acquisition of
formal schooling after entry into the labor force.

Third, the weights w;; for age cross sections® will be constant across age
groups if there are no secular changes in schooling distributions. Thus, as
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pointed out by Mincer (1974, 102), if we look at the overall distribution of
earnings for age groups (aggregating across levels of schooling), cross-sectional
patterns will reproduce cohort patterns if and only if schooling distributions
are the same for all age groups. Age cross sections will differ from age cohorts,
however, if the distribution of schooling differs across cohorts. If, for example,
there have been secular increases in schooling, then within younger age groups,
higher schooling groups will be weighted more heavily. If the mean and
variance of schooling have increased over time and all other determinants of
earnings have remained constant, then the age profile of inequality in the
cross section will indicate relatively higher inequality at young ages than
would be indicated by the age profiles of inequality for specific cohorts.

Fourth, consider the more complex weights for experience cross sections. Only if
the schooling distribution and cohort sizes do not change will the weights remain
constant across experience levels.’® Suppose, for example, that there have been
secular increases in schooling. Since schooling affects the timing of entry into the
labor force, the relationship between schooling and experience implied by dif-
ferent patterns of secular change in schooling can be quite complex. Roughly
speaking, when there have been secular increases in schooling levels, workers
with fewer years of experience will have higher mean schooling in the cross
section, with implications analogous to those for age profiles in the cross section.

In addition to the effects of changes in the distribution of schooling,
experience cross sections are also affected by changes in cohort size. Consider
the case of a rapidly growing population, for example. Since a given experience
level cuts across many cohorts (ages), a rapidly growing population will have
younger workers weighted more heavily in every experience group. Holding
experience constant, younger workers must be workers with less schooling,
so all profiles will be weighted more heavily by the lower schooling categories.
This effect is not uniform across experience levels, however, since the mix of
ages in an experience group will not in general be constant, even in a popula-
tion with a constant age structure.

The conditions necessary for cross-sectional data to reproduce inequality
profiles of cohorts are thus quite restrictive. While Mincer and Brown previously
noticed that experience profiles of inequality will mirror cohort profiles only if
schooling distributions are constant, we must add the additional restriction
that cohort sizes must also be constant. Both restrictions are strongly violated
in the populations we consider. Both the United States and Brazil have ex-
perienced increases in the level of schooling in recent decades, although we
will see important differences in the nature of the changes in the two countries.
Both countries have also experienced changes in cohort size, the United States
because of the sharp fluctuations caused by the baby boom, and Brazil because
of relatively high rates of population growth.
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Empirical Evidence on Age and Experience Profiles of Inequality

Many researchers have analyzed income inequality for separate age and
experience groups. Mincer (1974) analyzed both age and experience profiles
of the variance in log earnings for U.S. males. Mincer found that when log
earnings were regressed on schooling for separate experience groups, the
coefficient of determination (R?) reached a peak at 7-9 years of experience.
Mincer interpreted the result as evidence for an ‘‘overtaking point,”” and
used the R? in this overtaking set to quantify the explanatory power of the
human capital model.

Psacharopoulos (1977) applied the same methodology to Moroccan males
in one of the few attempts to test Mincer’s predictions in a developing country.
Psacharopoulos found a peak in R?* at 3-5 years, and a trough in the variance
of residuals at 3-5 years of experience. Although the Psacharopoulos results
appear consistent with Mincer’s predictions, they must be qualified by the
fact that the sample consisted of only 1,600 males, of whom almost 1,000 were
illiterate. Psacharopoulos and Layard (1979) looked at experience profiles of
inequality in Britain. Estimating experience-specific earnings regressions,
Psacharopoulos and Layard found that R* had a local peak at 3-5 years, with
a global peak at 24-26 years. Residual variance fell initially with experience
to a global minimum at 15-17 years. Brown (1980) reevaluated U.S. evidence
using CPS data between 1973 and 1975 on U.S. males. Brown found little
evidence of an overtaking point in the profiles of coefficients of determination,
but found some support in the profiles of residual variances.

Age profiles of earnings inequality have also been estimated. Mincer
(1974), Schultz (1975), and Smith and Welch (1979) found U-shaped profiles
of inequality by age in cross-sectional estimates for U.S. males. Langoni
(1973) analyzed inequality for separate age groups in Brazil using 1970 census
data. In contrast to the U-shaped profiles for the United States, these profiles
show a steady increase in the variance of log income until the 65-69 age

group.
Decomposing Inequality in the United States and Brazil

Using data for three-year age and experience groups for males with posi-
tive earnings in the United States and Brazil, we estimated separate earnings
equations of the form

InY, = o + BS, + U (5)
where Y, is earnings of the ith worker, S; is single years of schooling of the ith
worker, and «; is assumed to be a well-behaved disturbance term.'' We use the
variance of log earnings throughout as the measure of inequality. In addition
to the fact that the variance in log earnings follows naturally from the human
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capital earnings equation in (1), it is a widely used inequality measure. It
satisfies most standard axioms for inequality measures (see Kakwani 1980),
and among the class of conventional measures gives relatively more weight
to the bottom of the distribution.'?

Tables 1 and 2 report the results of these regressions, along with measures
of the mean and variance of earnings and schooling. The results of these re-
gressions will be discussed in detail below. For the moment consider only the
overall profiles of the variance in log earnings by age for Brazil and the United
States, shown in column (5) of Table 1 and in graph form in Figure 1.

As seen in Figure 1, the variance of log earnings rises steadily with age in
Brazil, aside from a dip at the 16-18 age group and a small local peak at the
37-39 age group. In contrast, the profile of the variance of log earnings by
age for all U.S. males forms a rough U-shape, with a level of inequality for
both young and old workers higher than that found in Brazil. The U.S. profile
differs substantially in level if only full-time male workers are included, and
falls more sharply at the youngest ages.'® The U.S. profiles for both full-time
and all workers demonstrate the ‘‘familiar U-shaped age profile’’ noted by
Smith and Welch (1979, p. 517).

Age profiles of inequality show the relationship between the age composi-
tion of the population and the overall distribution of income. The difference
in the Brazilian and U.S. profiles has important implications for the effects
that changing age structure will have on overall inequality. As shown in Lam
(1984), for example, the U.S. profile, if it remained constant, implies that an
increase in the population growth rate would increase total earnings inequality,
while the Brazilian profile implies that an increase in the population growth
rate would decrease total inequality.

As pointed out above, experience profiles of inequality have been ex-
amined because of their relationship to human capital models of earnings and
the distribution of income. Profiles of the variance in log earnings by years of
experience for the United States and Brazil are presented in Figure 2 for three-
year experience groups.'® In contrast to the age profile shown in Figure 1,
the variance of log earnings tends to decline as experience increases among
Brazilian workers in Figure 2. The pattern contrasts with the regular U-
shaped pattern found in U.S. data reported by Dooley and Gottschalk (1984)
and in Moroccan data reported by Psacharopoulos (1977), and demonstrated
by the 1985 CPS data from the United States in Figure 2. Although the U.S.
profile by years of experience has a very similar shape to the U.S. profile by
years of age, the Brazilian profiles differ from each other in important ways.
Most notable is the fact that inequality rises with age but falls with experience.

What determines the age and experience profiles of inequality in Brazil and
the United States shown in Figures 1 and 2? A human capital model provides
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a useful framework for decomposing the determinants of these profiles.'* We
estimate the conventional earnings equation in (5) for separate age and ex-
perience groups in an attempt to identify variations across age and experience
in components such as the returns to schooling, the variance in schooling,
and unexplained residual variance.

Decomposing Age Profiles

Consider first the variance of log earnings, the variance of residuals, and
the coefficient of determination (R?) from earnings regressions using separate
three-year age groups. These estimates are shown in columns 5, 7, and 8 of
Table 1. The results make it possible to decompose the total variance into the
“explained’’ and ‘‘unexplained’’ portions from the simple log-linear earnings
equation. ‘‘Explained’’ variance, B2 V(S), is shown in column 12 of Table 1.
The most dramatic difference in the results for the two countries is the much
higher values of R? in Brazil. For the United States, R? is typically between 10
and 15 percent, never exceeding 18 percent. For Brazil, R? is typically over 40
percent in the prime working ages.

In the United States regressions the profile of residual variance by age
closely follows the profile of total variance. In Brazil residual variance rises
with age, but rises noticeably less steeply than does total variance up to the
age group 37-39. The sharp increase in total variance between ages 16 and 37
in Brazil is primarily due to a sharp increase in ‘‘explained variance.”” As
seen in column 12 of Table 1, explained variance, B21(S), increases up to this
age group, then falls steadily for older age groups.

As demonstrated previously, an important determinant of cross-sectional
age profiles of inequality is differences in schooling distributions across age
groups. The mean, variance, and coefficient of variation of years of schooling in
the two countries are shown in columns 9, 10, and 11 of Table 1. Column 9 of
Table 1 shows the large difference in mean schooling between the two countries,
a difference of seven to nine years for almost all age groups. Both countries dis-
play rising mean schooling over time, recognizing that the youngest cohorts
have not completed schooling and thus exclude students not in the labor force.

The most important features of these schooling distributions are the dif-
ferences in the level and shape of the variance of schooling profiles. The U.S.
male cohorts have experienced a steady decline in schooling variance during
the last thirty years. Brazilian male cohorts, on the other hand, experienced
an increase in schooling variance, at least up to the cohorts who were aged
37-39 in 1985. The variance in schooling for these cohorts in their late thirties
in 1985 is more than twice as high as the variance in schooling at the same
ages in the United States, in spite of the fact that mean schooling is well over
twice as high in the United States at these ages. Reading the age profile in
Table 1 as a time series of cohort schooling histories, dramatic increases in
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the variance in schooling of cohorts occurred in Brazil for cohorts being edu-
cated during the 1940s, 1950s, and into the 1960s. An inspection of columns
9, 10, and 11 of Table 1 clearly points out that this sharp increase in the
variance in schooling was attributable to the steady increase in mean school-
ing. In fact, column 11 shows that the coefficient of variation in years of
schooling falls from older cohorts to younger cohorts, demonstrating that for
this mean-adjusted measure at least, inequality in schooling in Brazil has
declined as the overall level of schooling has increased.

The variance in schooling in Brazil may have begun to decline, beginning
with cohorts who were in their late thirties in 1985. Specifically, the variance
in years of schooling peaks with the cohorts aged 34-36 and 37-39 in 1985,
that is, the cohorts born between 1946 and 1951. Since these cohorts are old
enough to have completed their schooling in 1985, it seems unlikely that this
decline is an artifact of the younger ages. The importance of this decline on
earnings inequality can be seen by referring to the decomposition of the
variance of log earnings (Table 1). The R? hits a peak at the 34-36 age group,
a result not due to Mincer-type post-schooling human capital effects, but
rather to the peak in the variance of schooling at this age. Residual variance,
which picks up the effects of returns to post-schooling human capital invest-
ments, rises monotonically from age 16-19. The sharp decline in schooling
variance for successively younger cohorts that begins around age 34 is asso-
ciated with declines in both R?* and in total variance for the same cohorts.
While not conclusive, the results are suggestive of a trend toward decreasing
earnings inequality in Brazil, a direct result of decreasing variance in school-
ing. Such an effect—declining earnings inequality as a result of declining
variance in schooling—is consistent with the predictions of Becker and
Chiswick (1966) and Chiswick (1971).

If returns to schooling were constant across age groups, the variance in
schooling would completely determine the ‘‘explained’” or between-group
component of total variance in log earnings. Inspection of column 6 of Table 1
demonstrates that these returns are not constant, however, in either the United
States or Brazil. Abstracting from the initial decline in B with age in the
United States, presumably reflecting the presence of students with part-time
earnings, there is a tendency for returns to schooling to rise with age in both
countries. '

The results also show consistently higher returns to schooling in Brazil.
The estimated returns to schooling in Brazil are higher by around five per-
centage points than returns to schooling in the United States for almost every
age group. These higher returns in Brazil might be considered consistent with
Langoni’s (1973) argument that apparent increases in inequality in Brazil
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during the 1960s and 1970s were due to quasi-rents to human capital resulting
from Brazil’s rapid (and presumably unexpected) economic growth. Signifi-
cantly higher returns to schooling for developing countries than for developed
countries have often been estimated, however, and the .15 to .18 rates of
return estimated in Brazil are consistent with estimates in other developing
countries (Psacharopoulos 1981; Heckman and Hotz 1986). While the fairly
rapid increase in the mean level of schooling discussed above might be ex-
pected to reduce returns to schooling, the effect of these changes on the shape
of the age profile of returns depends on interactions between returns to school-
ing and returns to experience that simply cannot be identified in a single
cross section.

Since the explained variance in (3) is B*V(S), the increase in returns to
schooling with age in both the United States and Brazil has the effect of par-
tially offsetting the decline in the variance of schooling with age. As seen in
column 12 of Table 1, the net effect is that explained variance is relatively
constant across age groups in both countries from about age 34. In Brazil
this means that the rising inequality and falling R? from age 34 are attributable
to residual variance, including returns to post-schooling human capital as well
as all other components of earnings uncorrelated with schooling.

Comparing age-specific earnings equations for U.S. and Brazilian males,
it can be seen that the two components of explained variance in log earnings,
that is, returns to schooling and the variance in schooling, are both substan-
tially higher in Brazil than in the United States. The importance of these
differences can be seen by comparing the values of f2I(S) for the United
States and Brazil in column 12 of Table 1. Considering the 31-33 age group,
for example, explained variance is only .074 in the United States compared to
.450 in Brazil. If the U.S. sample is restricted to full-time workers, explained
variance falls to .038. Residual variance differs greatly between all workers
and full-time workers for the U.S. sample, .629 for all males compared to
only .208 for full-time males in the 31-33 age group, but both end up with
lower total variance than the Brazilian 31-33 year-old males.

The fact that a simple human capital model appears to have so much
greater explanatory power in Brazil than in the United States is often surpris-
ing to those unfamiliar with data on earnings and schooling from developing
countries. The results should be qualified by well-known warnings that the
coefficient on schooling includes the effects of many omitted variables corre-
lated with schooling. It is often argued that in Brazil, as in many developing
countries, high levels of schooling are much more concentrated among the
children of wealthy families than they are in the United States, so that school-
ing may partly serve as a proxy for status and family connections.'’
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Decomposing Experience Profiles

As pointed out in previous sections, experience profiles of inequality may
differ greatly from age profiles of inequality, especially when both cohort sizes
and schooling distributions differ significantly across cohorts. As shown in
Figures 1 and 2, although the age and experience profiles for the United States
are quite similar, the age and experience profiles for Brazil actually move in
opposite directions. Given the importance of years of experience in human
capital models of earnings, it is instructive to examine the components of
experience profiles of earnings inequality in the United States and Brazil,
presented in detail in Table 2.

Columns 5, 7, and 8 of Table 2 show the total log variance, the residual
variance, and R? as a function of experience when earnings equation (5) is
estimated for separate three-year experience groups in the United States and
Brazil. The relationship between experience and both the coefficient of de-
termination (R?) and the variance of residuals are consistent with the Moroccan
results of Psacharopoulos (1977) and with Mincer’s prediction of a peak in
R?* and a trough in residual variance at the overtaking point. Residual variance
has a trough around 9-11 years of experience, and R* has a peak at around
the same point.

The U.S. profiles are more U-shaped than the Brazilian profiles, and
demonstrate the much lower R? that were seen in the age profiles above. Like
Brown (1980), we find mixed evidence in the U.S. experience profiles for an
overtaking point. For the all-worker sample, both residual variance and total
variance do not reach a trough until over twenty years of experience, well
beyond standard predictions of an overtaking point.

Similar to the finding that a human capital earnings equation has several
times more explanatory power in Brazil than in the United States, it is sur-
prising to find that the Brazilian profiles of inequality by experience give more
support to Mincer’s predictions than do U.S. profiles. There appears to be
support for an overtaking point around 9-11 years of experience in the Bra-
zilian profile of R* and residual variance. Many factors, including changes
in cohort size and schooling distributions, are reflected in these cross-sectional
profiles in addition to effects of post-schooling human capital investments and
“‘overtaking.’”’ Neither the U.S. nor the Brazilian patterns provide a con-
vincing test of Mincer’s predictions.

A purer test of Mincer’s predictions is provided by analysis of experience
profiles of the variance in log earnings for separate schooling categories. The
variances of log earnings corresponding to the within-group variances v;(y) in
equation 4 show that three schooling groups, those with zero years, 1-4 years,
and 5-8 years (accounting for the vast majority of workers in every experience
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group), have inequality profiles that are consistent with an overtaking point
in the range of 3-12 years of experience. For men with zero schooling and
1-4 years of schooling the variance in log earnings reaches a global minimum
after 9-11 years of experience, rising at a fairly constant rate thereafter. For
men with 5-8 years of schooling, the trough occurs at 3-5 years of experience.
The inequality profile for the men with 9-11 years of schooling shows no evi-
dence of an “‘overtaking point,”’ tending to rise monotonically with experience.
Such a pattern can be explained in terms of post-schooling investments in
human capital if there is a positive correlation between ‘‘initial earnings
capacity’’ and on-the-job training. It is interesting to note that Mincer found
the same positive relationship between log variance of earnings and experience
for higher schooling groups in the United States (1974, p. 103-105).

Recalling the pattern in overall log variance for all schooling groups
combined, it is interesting to note that total variance falls with experience in
Brazil at the same time that the variance for every separate schooling group
rises with experience. Two factors in the decomposition of total variance
provide the principle explanation for this phenomenon. First, within-group
variance in (4) is a weighted average of schooling-specific profiles and the
weights give increasingly more importance to the zero schooling group as
experience increases, a result of the secular increase in schooling in Brazil.
Since the profile for the zero schooling group is relatively flat, the combined
within-group variance rises more slowly with experience than any of the
profiles for non-zero schooling groups. The second part of the explanation is
provided by our decomposition of experience-specific earnings equations in
Table 2. While within-group (residual) variance rises with experience, be-
tween-group (explained) variance falls with experience because of the rapid
decline in the variance of schooling. It is the latter effect that dominates in the
Brazilian experience profile of total log variance.

Comparison of Age and Experience Profiles

As noted, the U.S. experience profile of inequality exhibits a U-shape very
similar to the U.S. age profile of inequality. For Brazil, however, the age and
experience profiles of earnings inequality differ in important ways. Most
notably, inequality rises with age in Brazil, but falls with experience beginning
at 3-5 years. The key to this discrepancy lies in the relative strengths of re-
sidual (unexplained) variance and explained variance of log earnings by age
and experience. The decompositions indicate that in Brazil the residual
variance rises with age. A similar pattern can be detected when the residual
variance is calculated by experience (see column 12, Tables 1 and 2). The
coefficient of determination, reflecting both explained variance and total
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variance, is an inverted U in both profiles, but falls more rapidly with ex-
perience than with age. The explanation for the fact that inequality falls with
experience is that explained variance, {3 V(S), falls rapidly with experience
but is almost constant with age. In Tables 1 and 2, several comparisons help
clarify this. First, the variance in years of schooling, V{(S), falls rapidly with
experience, but falls more slowly with age once it peaks at ages 31-33. Second,
returns to schooling, §, tend to be higher in experience groups than in age
groups and tend to fall with experience but to rise with age. The net effect of
these differences is that explained variance, shown in column 12, falls fast
enough as a function of experience to offset the increase in residual variance,
leading to a net decline in total variance as a function of experience. Explained
variance does not fall fast enough with age to offset the increase in residual
variance, leading to an increase in total variance as a function of age. The
difference in the shape of these cross-sectional profiles in the U.S. and Brazil
does not necessarily reveal any fundamental difference in the relationship
between experience and earnings in the two countries. Both profiles are affected
by the specific features of historical changes in schooling distributions and
cohort sizes in the two countries.

Alternative Definitions of Experience in Brazil

Identifying labor market experience is always problematic in the estima-
tion of earnings equations. Ideally we would like to have direct data on years
of work experience or the age at which full-time work began. In the absence
of such data the standard proxy is Expertence = Age — Schooling — 7, used in our
estimates above. This assumes a once-and-for-all clearly defined transition
from school to work and assumes no unemployment or underemployment,
known to be high in developing countries. The problem is especially serious
in a country like Brazil, where many end their formal schooling while still
children. There is a difficult question of when work experience can really be
considered an addition to human capital. For example, do seven-year-old
children washing car windows in Brazil increase their human capital from
their labor market experience?

The imputation of labor market experience in Brazil has been an issue in
estimates of the returns to schooling in Brazil. Behrman and Birdsall (1983,
1985) have argued that effective adult labor market experience does not begin
until age 15 and have truncated all experience at that point. Eaton (1985) has
criticized their approach and argued for a conventional definition, such as the
one we have used in Table 2. In the absence of strong prior knowledge of the
correct definition of experience, the researcher is faced with choosing between
one kind among several selection biases. In the Brazilian data, earnings are
not reported for children under ten, but the standard experience imputation
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will assign years of experience to many workers for years when they were
younger than ten. The result is that the zero experience group under the
standard definition excludes all workers with less than three years of schooling,
a large portion of the sample. The Behrman and Birdsall definition, on the
other hand, excludes all work prior to age 15, and thus makes the lowest
experience groups systematically larger and less schooled than they would be
under the standard definition.

The magnitude of the biases in Brazil can be demonstrated by comparing
the size and characteristics of the 0-2 experience group under alternative
definitions. We have reestimated our results using two alternative definitions
of labor market experience, one assuming that effective labor market ex-
perience begins at age 10 and the second at age 15. When the ‘‘standard’
definition £ = A — § — 7 is used, there are 4,513 males with 0-2 years of
experience, as shown in Table 2, with mean schooling of 8.6 years. When
Behrman and Birdsall’s definition £ = min[(4A -85 - 7), (A - 15)] is used, there
are 12,574 males with 0-2 years of experience, with mean schooling of 4.8
years. Estimated returns to schooling in the 0-2 experience group fall from
.23 with the standard definition to .14 with the Behrman-Birdsall definition.
Turning to the experience profiles of log variance, R?, and residual variance,
the alternative definition makes a substantial difference in the first experience
groups, but has little effect thereafter. Total log variance in earnings for the
0-2 year experience group drops from the 1.1, shown in Table 2, to .85 and
changes its initial direction from increasing to decreasing. Similar results
occur with R?, which falls from .54 for the 0-2 year experience group under
the standard definition to .36 under the Behrman-Birdsall definition. The
explanation for the significantly lower variance in log earnings for the 0-2
year experience group under the Behrman-Birdsall definition is that the
8,000 workers with little or no schooling who are added to the original 4,513
make up a group sufficiently large and homogeneous to reduce earnings
variance in the group.

Rural-Urban and Regional Variations in Brazil

Given high levels of migration and large regional differences existing in
Brazil, it is natural to wonder if inequality profiles vary systematically across
regions or between rural and urban areas. For example, if urban populations
tend to be younger due to in-migration of young adults, then the age profiles
of inequality may in part pick up regional income disparities. In order to test
the robustness of the Brazilian results and their applicability to different strata
within Brazil, earnings equation (5) was estimated for two very different
regions of Brazil, the Northeast and the Southeast. A further rural-urban
stratification was done for these two regions and for Brazil as a whole. The
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southeast region was represented by the states of Rio de Janeiro and S@o
Paulo, representing the richest and most developed parts of Brazil. In con-
trast, the northeast region is one of the poorest parts of Brazil, and has lagged
behind the southeast region in virtually all indicators of economic develop-
ment.'®

The sample is large enough that it is possible to analyze separate three-
year age groups in the urban Southeast and the rural Northeast regions and
maintain reasonable cell sizes. As expected, very large regional differences in
mean schooling and earnings are found, with mean earnings almost four times
higher in the urban Southeast than in the rural Northeast. Mean schooling
ranges from 1.3 years in the rural Northeast to 6.3 years in the urban South-
east. Surprisingly, in spite of these substantial differences in the levels of
schooling and earnings, the age and experience profiles of inequality in
general show patterns in different regions that are remarkably similar to those
for Brazil as a whole. The overall level of inequality tends to be lower for
specific regions than for Brazil as a whole, an expected (though not required)
result given the large inter-regional variations in earnings. Only in the rural
Northeast, however, is inequality substantially lower in every age group. This
is explained primarily by the much lower variance in schooling in the rural
Northeast where the age profile of earnings inequality is also considerably
flatter than the profile for other areas. It is impossible to identify whether this
different shape of the inequality profile occurs because the secular increases
in schooling levels typical of the rest of Brazil have not occurred in the rural
Northeast or because of out-migration selective of the best-educated younger
workers.

The regional comparisons show surprisingly similar patterns in returns
to schooling for all age and experience groups. The returns to schooling esti-
mated for all age groups combined are almost identical in the urban Southeast
and rural Northeast, in spite of the vast differences in the mean levels of
schooling and earnings. Profiles of R* by age and experience have similar
shapes across regions of Brazil, but levels of R* are much lower in rural areas,
especially in the rural Northeast. Thus, although our estimates of returns to
schooling are similar in urban and rural areas, the differences in years of
schooling in rural areas explain much less of the variance in earnings. Residual
variance is only slightly lower in the rural Northeast, so that the much lower
explained variance leads to a very low R?, a frequently observed result in
earnings equations for rural samples.

On the whole, the basic patterns in the age and experience profiles of
earnings inequality for all of Brazil appear remarkably robust across regions,
in spite of the large differences in the overall levels of schooling and earnings
in these regions.
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Conclusion

This study documents age and experience profiles of earnings inequality
for Brazilian and U.S. males and decomposes those profiles using a human
capital framework. The analysis reveals a number of important facts about
cross-sectional inequality profiles and the determinants of inequality in the
two countries. While the U.S. experience profile of inequality exhibits a U-
shape very similar to the U.S. age profile of inequality, the age and experience
profiles of earnings inequality for Brazil differ from each other in important
ways, with neither profile exhibiting the U-shape characteristic in the United
States. The consistency between the shapes of the age and experience profiles
of inequality is thus not a universal tendency, but depends on age and school-
ing distributions.

Looking at the specific components of the variance of log earnings, we
find the following:

1. Returns to schooling: We estimate significantly higher returns to school-
ing in Brazil than in the United States, consistent with previous com-
parisons of less developed and industrialized countries. This result holds
for every three-year age group over age 19, with the difference typically
exceeding five percentage points at every age.

2. Variance in years of schooling: The variance in schooling differs greatly

across age and experience groups in both the United States and Brazil

and plays a central role in explaining both the shape of the profiles in the
two countries and the differences between the countries. Brazil experienced
increasing variance in schooling across male cohorts for many years, at
the same time that the variance in schooling was declining in the United

States. In the most extreme case, the variance in schooling is almost twice

as high in Brazil, in spite of a mean level of schooling only a fourth of

that of the United States. This trend appears to have peaked in Brazil,
leading to lower inequality for younger cohorts.

3. Residual Variance: Residual variance is significantly higher in the

United States than in Brazil. Evidence on Mincer’s predictions of an

“‘overtaking point’’ in experience profiles of residual variance is stronger

for Brazil than for the United States, with a trough at 9-11 years of

experience in Brazil contrasting with a trough at 21-23 years in the

United States. :

Together these results suggest that a simple human capital earnings equa-
tion has substantially larger explanatory power for almost all age groups in
Brazil than in the United States, with R* from two to four times higher in Brazil.
Most of the results are robust to regional and rural-urban stratification. Some
sensitivity is found, however, to the choice of proxy for labor market experience.
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The results confirm the importance of using caution in the interpretation
of cross-sectional profiles of earnings and inequality. Predictions based on
cohort profiles can be confounded in cross sections by variations in schooling
distributions and cohort sizes across age and experience groups. These effects
play an important role in explaining inequality profiles in both the United
States and Brazil, but are especially critical in Brazil due to the rapid changes
in schooling distributions over time.
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International Partnerships of the University of Michigan, and the Instituto de Planejamento
Econdmico ¢ Social - IPEA/INPES, Rio de Janeiro, is gratefully acknowledged.

'See, for example, Paglin (1975), Schultz (1975), Morley (1981), and Lam (1984), for a
discussion of the relationship between age structure and inequality.

*See Mincer (1974, pp. 19-21) and Brown (1980).

*Post-schooling human capital refers to investments such as on-the-job training that have
direct or opportunity costs in the form of foregone earnings. Returns to experience per se are not
included.

*Psacharopoulos and Layard (1979) are especially critical of this assumption.

°If the present value of lifetime wages with post-schooling human capital investments is
equal to the present value of lifetime wages with no such investments, then a simple model with
constant returns to post-schooling investments 7, and constant opportunity costs will imply an
overtaking point j = 1/r,. The typical prediction is that § will be something less than ten years
(Mincer 1974; Brown 1980).

*The U-shaped profile M{(InY) will be altered by any non-zero correlation between post-
school investments and either initial earnings capacity or the level of schooling, with any shape
possible in principle.

’See Mincer (1974), Schultz (1975), and Smith and Welch (1979).

%This is abstracting from mortality and migration, which may differ substantially across
schooling groups. We also abstract from additional formal schooling acquired after entering the
labor force, such as evening classes.

’An age ¢ross section refers to a profile of inequality by age in a population at a single point
in time.

This implies that the labor force growth rate must be zero, with a uniform age distribution.

“Results for Brazil are derived from the 1985 Pesquisa Nacional por Amosira de Domicilios
(PNAD), the annual household survey conducted by the Instituto Brasileiro de Geografia e Estatistica
(IBGE). The results reported here use the weights included in the data set by IBGE to produce
a representative sample of the Brazilian population. The 1985 data give monthly labor earnings.
Whereas we report sample sizes, they refer to the unweighted number of observations. U.S.
results are based on the March 1985 Current Population Survey. The CPS data give annual
rather than monthly earnings.

*As shown by Atkinson (1970), the ordering of distributions implied by the log variance is
consistent with a higher degree of ‘‘relative inequality aversion’’ than is implied by other
standard measures such as the Gini coefficient and the coefficient of variation.
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3Comparison of total log variance for full-time and all-worker samples reveals the sensitivity
of total inequality in the United States to the choice of full-time versus all-worker samples. The
all-worker U.S. sample has significantly higher inequality than the Brazilian sample overall,
although this is hardly ever true for specific age groups. The full-time U.S. sample has signifi-
cantly lower inequality than the Brazilian sample.

4For the United States, experience is defined as age minus years of schooling minus six.
For Brazil, experience is defined as age minus years of schooling minus seven. The seven-year
beginning age for schooling is consistent with distributions of school attendance by age reported
in Haussman and Haar (1978). Imputing experience is difficult in a country such as Brazil in
which a large percentage of the population have only a few years of schooling. In other results
we have alternatively assumed that work does not begin until age 10 or age 13, the latter ap-
proach being preferred by Behrman and Birdsall (1983).

SWe recognize that we are abstracting from many historical and institutional determinants
of inequality, particularly in regard to the large regional variations in inequality in Brazil. We
have repeated our analysis for separate regions of Brazil and for rural and urban samples.

1A dramatic effect of the presence of students with part-time earnings in the sample is
negative returns to schooling estimated for age groups 19-21 and 21-24 in Table 1. This is one
of a number of examples of the sensitivity of the U.S. results to the fact that many men do not
complete schooling until their early twenties. In Brazil, in contrast, very few men are still in
school at these ages.

"Behrman and Wolfe (1984) conclude from evidence on siblings in Nicaragua that estimates
of returns to schooling are significantly overstated when family-related background charac-
teristics are not controlled.

e used the PNAD definition of the Northeast, consisting of the states of Alagoas, Bahia,
Ceara, Maranhfo, Paraiba, Pernambuco, Piaui, Rio Grande do Norte, and Sergipe.

REFERENCES

Atkinson, Anthony B. 1970. “‘On the Measurement of Inequality.”’ Journal of Economic Theory
2:244-63.

Becker, Gary S., and Barry R. Chiswick. 1966. ““Education and the Distribution of Earnings.’
American Economic Review 56:358-69.

Behrman, Jere R., and Nancy Birdsall. 1983. ‘““The Quality of Schooling: Quantity Alone is
Misleading.”’ American Economic Review 73 (December):926-46.

—————. 1985. ““The Quality of Schooling: Reply.”’ American Economic Review 75 (December):
1202-05.

Behrman, Jere R., and Barbara L. Wolfe. 1984, ““The Socioeconomic Impact of Schooling in a
Developing Country.”” Review of Economics and Statistics 66:296~303.

Brown, Charles. 1980. ““The ‘Overtaking Point’ Revisited.”’ Review of Economucs and Statistics
62:309-13.

Chiswick, Barry. 1971. ““Earnings Inequality and Economic Development.” Quarterly Journal
of Economics 85:21-39.

Dooley, Martin D., and Peter Gottschalk. 1984. ““Earnings Inequality Among Males in the United
States: Trends and the Effect of Labor Force Growth.”” Journal of Political Economy 92:59-89.

Eaton, Peter J. 1985. “The Quality of Schooling: Comment.”” American Economic Review 75
(December):1195-1201.

Hause, John C. 1980. ““The Fine Structure of Earnings and the On-the-Job Training Hypothesis.”’
Econometrica 48 (May):1013-29.

>



244  DAVID LAM AND DEBORAH LEVISON

Haussman, Fay, and Jerry Haar. 1978. Education in Brazil. Hamden, Conn.: Archon Books.

Heckman, James J., and V. Joseph Hotz. 1986. ‘‘An Investigation of the Labor Market
Earnings of Panamanian Males: Evaluating the Sources of Inequality.”’ Journal of Human
Resources 21:507-42.

Kakwani, Nanak C. 1980. Income Inequality and Poverty: Methods of Estimation and Policy Applications.
Oxford: Oxford University Press.

Lam, David. 1984. ‘“The Variance of Population Characteristics in Stable Populations, With
Applications to the Distribution of Income.”’ Population Studies 38:117-27.

Langoni, Carlos Geraldo. 1973. Distribuigio da Renda e Desenvolvimento Econdémico do Brasil. Rio
de Janeiro: Editora Expressdo e Gultura,

Mincer, Jacob. 1974. Schooling, Experience, and Earnings. New York: NBER.

Morley, Samuel. 1981. ‘The Effect of Changes in the Population on Several Measures of Income
Distribution.”’ American Economic Review 71:285-94.

Paglin, Morton. 1975. ““The Measurement and Trend of Inequality: A Basic Revision.”
American Economic Review 65:598-609.

Psacharopoulos, George. 1977. “‘Schooling, Experience, and Earnings: The Case of an LDC.”’
Journal of Development Economics 4:39-48.

. 1981. “Returns to Education: An Updated International Comparison.” Comparative
Education 17:321-41.

Psacharopoulos, George, and Richard Layard. 1979. ““Human Capital and Earnings: British
Evidence and a Critique.”’ Review of Economic Studies 46:485-503.

Schultz, T. Paul. 1975. *‘Long-Term Change in Personal Income Distribution: Theoretical
Approaches, Evidence, and Explanations.”” In The ‘‘Inequality’’ Controversy: Schooling and
Distributive Justice, edited by Donald M. Levine and Mary Jo Bane. New York: Basic Books.

Smith, James P., and Finis Welch. 1979. “‘Inequality: Race Differences in the Distribution of
Earnings.”’ International Economic Review 20:515-26.

APPENDIX

The variables shown in Tables 1 and 2 are defined as follows, identified by column number:

(1) Three-year age groups in Table 1, where 16-18 refers to workers reporting single year of
age 16, 17, or 18.

Three-year experience groups in Table 2, defined as Age — Years of Schooling — 7 in Brazil and
Age — Years of Schooling — 6 in the United States. See the text for additional discussion of these
and alternative definitions.

(2) N is the unweighted number of observations in the age or experience group with positive
earnings and with complete data for age, schooling, and earnings. Descriptive statistics and
regressions use weights included in the PNAD and CPS. Observations with imputed values in
the CPS are excluded from our sample.

(3) Y = Mean earnings. ‘Earnings from all occupations’’ in the previous month in thousands
of cruzeiros in Brazil, wage and salary income in the previous year in dollars in the U.S.

(4) InY = Mean of natural logarithm of earnings.

(5) XInY) = Variance of natural logarithm of earnings.

6) B = Estimated returns to schooling from OLS regression of log earnings on years of schooling.
(7) R* = Coefficient of determination from regression of log earnings on years of schooling.

w



Demographic Responses to Economic Recessions in Latin
America Since 1900*

Alberto Palloni, University of Wisconsin, and Marta Tienda, University of
Chicago

This paper explores the linkages between economic cycles and demographic pro-
cesses in Latin America since 1900. We identify the mechanisms through which
economic conditions have an impact on demographic outcomes and assess the
demographic and socioeconomic consequences of the 1980s. Selected historical
evidence is reviewed to illustrate the effects of economic cycles in Western Europe and,
aided by an heuristic framework, tentative hypotheses are derived to interpret em-
pirical evidence about the effects of the 1929 and 1980 depressions in selected Latin
American countries. Results show that the demograhic consequences of the Great
Depression were nontrivial. The analyses of demographic and socioeconomic
responses of the post-1980 recession, however, reveal only weak linkages for some out-
comes. We argue that the weak relationships may mask important transformations
currently underway and conclude with a discussion of the implications for future
research.

Introduction

Research on demographic outcomes in developing countries in general,
and Latin America in particular, has largely focused on structural shifts of
population characteristics. While the conditions for the overhauling of mor-
tality regimes or for altering the socio-cultural props sustaining traditional pat-
terns of reproduction have occupied center stage, the seemingly ephemeral
fluctuations in fertility or mortality trends have received only superficial atten-
tion. And yet, these fluctuations are likely to be inherent in demographic
regimes in developing societies not only because their occurrence may be
determined by structural characteristics or variation in business cycles, but
also because often they have long-term consequences both for subsequent
population patterns and for the determinants of those patterns themselves.

Although examination of the demographic consequences of business
cycles has been an important part of the economist’s contribution to
demographic analysis (Butz and Ward 1978; Easterlin 1978), the in-depth
study of population responses to boom and bust conditions has been the
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(8) Y(u) = Variance of residuals from regression of log earnings on years of schooling.

(9) § = Mean years of schooling.

(10) V(S) = Variance of years of schooling.

(11) CV(S) = Coefficient of variation of years of schooling.

(12) 32 V(S) = Squared estimate of returns to schooling times variance of schooling (‘‘explained

)

variance’’ in earnings regression).

The totals for Brazil are based on all workers ages 10-60. U.S. results are for all workers with
positive earnings in the previous year. Comparable results when the U.S. sample is restricted to
full-time workers, defined as those working at least fifty weeks in the previous year, are available

from the authors upon request.



