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THE STRUCTURE OF WAGES IN CHILE 1960-1996:
AN APPLICATION OF QUANTILE REGRESSION#*

CrLAuDIO E. MONTENEGRO

Abstract

This paper applies newly developed technigues in the estimation of earnings
Junctions to compute private rates of return for education in Chile. Although
studies concerning the rate of return Jor education in Chile are available, the
quantile regression method used here permits a conditional breakdown of the
wage structure that is of crucial importance in an economy which has experi-
enced important changes in political regimes that have had different impacts
on different groups of the population. The results show that: (i) mean and me-
dian wage estimation equations are stable: (ii) the differences in the rates af
return to education by gquantiles care systematic; (iii) wage inequality is more
volatile than what we usually believe: and (iv) the labor market is more hetero-
geneous than originally thought.

Resumen

En este trabajo se aplican técnicas recientemente desarrolladas para la
estimacion de funciones de ingreso para computar tasas privadas de retorno a
la educacién en Chile. Aun cuando existen estudios acerca de la tasa de re-
torno a la educacion en Chile, el método de regresion “quantile” usado en este
trabajo permite hacer una desagregacidn condicional de la estructura de
salarios que es de crucial importancia en una economiea que ha experimentado
importantes cambios en los regimenes politicos que han tenido diversos impactos
sobre diferentes grupos de la poblacién. Los resultados muestran que: (i) las
ecuaciones de las estimaciones de media Yy mediana del salario son estables:
(if) las diferencias en las tasas de retorno a la educacion por “quantiles” son
sSistemdticas, (iii) la desigualdad salarial es mds voldtil de lo que usualmente
se ha creido; y (iv) el mercado del trabajo es mds heterogéneo que lo que

originalmente se pensaba.
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1. INTRODUCTION

Differences in earnings among workers have long been noted and debated.
People with higher education tend to earn more than less educated people; people
with more experience earn more. There are even “disturbing” earnings differ-
ences according to sex or race. The causes for such variations in wages and
carnings are complex and controversial. An approach to explain such differ-
ences, known as the human capital hypothesis, suggests that individuals would
invest in schooling only if they were to receive sufficiently higher lifetime earn-
ings to compensate them for the foregone earnings, the tuition paid and the
effort of going to school. On the demand side, this hypothesis postulates that
employers pay premium wages for more highly educated workers (assumed to
be more productive). Finally, it is assumed that in the long run, equilibrium
earnings must be such that the supply and demand for workers at each level of
schooling are equated, and that no worker wishes to alter his level of education.

The purpose of this study is to analyze the conditional wage distribution of
Chilean workers over time. The basic theoretical background is the one postu-
lated by Mincer (1974) in his seminal work summarized in the previous para-
graph. Though there are other studies that use the same theoretical structure to
analyze wages in Chile (Corbo and Stelcner 1983, Riveros 1990), this study
stands out in three ways. First, the analysis is carried out year by year using a
comparable and representative sample of annual surveys from 1960 to 1996,!
which permits us to study the stability of the wage function. Second, the analy-
sis uses regression quantile analysis, a novel approach. Although this method-
ology was developed some twenty years ago by Koenker and Basset (1978),
applications to developing countries do not exist. Finally, the breakdown of the
analysis into groups based on experience, public-private sector and blue-white
collar is unprecedented in the case of Chile.

The analysis of the fluctuations in the rate of return? is particularly interest-
ing in Chile, where there have been major changes in policies and severe exter-
nal shocks during the period under study.? These are likely to affect the output
composition and hence the profitability of education and the wage structure,
since the changes in productive sector and public sector policies alter sectoral
labor demands and skill requirements. One very pertinent question to assess is
to what extent the economic policies and the shocks to which the economy was
exposed affected the rates of return to schooling and the wage dispersion. Such
analysis is beyond the scope of this paper, which is the more modest one of
characterizing the wage structure over time.

' Because of incomplete data the years 1963, 1964 and 1965 had to be excluded from the
sample. The years 1963 and 1964 do not include the education variable and the year 1965
does not include the income variable.

2 By “rate of return” we shall mean nothing more than the effect of one variable (educa-
tion, experience) on some aspect of the conditional distribution of earnings.

4 The Chilean economic policies have been extensively documented by French-Davis
(1973), Edwards and Cox-Edwards (1987), de la Cuadra and Hachette (1991]), Wisecarver
D. (1992), Bosworth, Dornbusch and Labdn (1994), Hudson R. (1994), Soto R. (1995),
Cortazar and Vial (1998).



The structure of wages in Chile 1960-1996: An ... / Claudio E. Montenegro 73

In this paper we estimate the private return to education in Chile using a
“Mincerian” specification that involves the fitting of a semi-log curve using
hourly wages as the dependent variable, and years of schooling and potential
years of labor market experience (and its square) as independent variables. Two
estimation techniques are used: mean and quantile regressions.

The structure of the paper is as follows. In the second section, we discuss
the theoretical model. In the third section, we discuss the econometric method-
ology. In the fourth section, we present the data. The fifth section presents and
interprets the results. Finally, the last section collects the main conclusions.

2. THE MODEL

The model used to analyze the rates of return and also used to derive our
quantile-inequality measure is based on the standard human capital earnings
function developed by Mincer (1974) that has the form:

(1) Iny, = Q(s,, X;.Z;) + u,

where In y, is the log of earnings or wages for individual i, s, is a measure of
schooling or educational attainment, X; is a measure of the stock of experience,
z; represents other factors that affect earnings such as race, gender, abilities,
etc., and u, is a random i.i.d. disturbance term that reflects unobserved charac-
teristics. Notice that in equation (1) nothing is said about the functional form of
the equation. It is possible to obtain a functional form for equation (1) if one
makes certain assumptions (see for instance, Willis, R., 1986; Polachek and
Siebert, 1993). The usual econometric equation estimated (and we are not an
exception) can be written as:

(2) Iny, = By+ B;s; + B,E, + B,Er+u,

where E, is the level of experience, E?? is the square of the level of experience
(included to account for the commonly observed effect of a declining age earn-
ing profile for a given level of experience), and B, is the rate of return of one
additional year of schooling.

In this specification, B, and B, are expected to be positive, and B, negative.
It is important to recall that equation (2) is based on some restrictive assump-
tions: it assumes that individuals are of equal abilities and face equal opportu-
nities (i.e., it assumes perfect capital and labor markets, which allows us to take
earnings as a proxy for marginal productivity), it ignores direct costs of school-
ing, it overlooks earnings while attending school, and it assumes a constant
return per year of schooling. A closer look at equation (2) also shows us that the
parameter [3, is an estimate of the impact of schooling on wages rather than an
internal rate of return on investment. If it were an internal rate of return it
would be a private one, since this specification ignores any subsidization of
schooling and omits any positive or negative externalities to schooling.

As is usual in econometrics, there are some problems that arise with the
estimation of equation (2). One is the omission of a relevant variable in this
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case abilities. Abilities are likely to be positively correlated with schooling, so
omitting ability measures from the regression equation will bias the estimated
returns to schooling upward. However, abilities are difficult to conceptualize
and measure, and there is no consensus as to whether they are significant enough
to differentiate earnings. Because of these reasons and because the sample does
not include any variable that could conceivably be used as a proxy of abilities,
this problem is ignored in our estimations. Another problem associated with the
estimation of equation (2) is that we have to proxy experience by its potential
term: age minus years of education minus six. This is a poor proxy. Further-
more, potential experience is a even poorer proxy for women than for men
because women tend to have a more unstable participation in the labor force.
An additional problem is that equation (2) assumes that education is assigned
randomly across the population. In reality education is endogenous and the
estimation of the relationship between earnings and education may be biased
upward or downward depending on the way individuals make their education
choices. We recognized the presence of this problems, but they don’t invalidate
our analysis because there is, a priori, no reason why they should have any
trend in time.

3. METHODOLOGY

Traditionally, mean regression has been used to estimate equation (2). But
when disturbances are non-normal or there is a relatively large proportion of
outliers, then the mean regression method is not robust. This has led to the
study of the other alternative methods of estimation. The l-estimator technique
is particularly useful for our objective not only because it is a robust method,
but also because it permits us to compute several regression curves correspond-
ing to different “cuts” in the distribution (see explanation below).

The traditional mean regression method involves the minimization of the
squared sum of errors which allows one to identify the value of the parameters.
The minimization implies that the fitted curve is the prediction of the mean of Y
(the dependent variable) given the values of a certain vector of independent
variables X. In the same vein, instead of taking the square of the error, it is
possible to take their absolute value and to minimize their sum. In this case the
minimization implies that the fitted curve is the prediction of the median of Y
given the values of a certain vector of independent variables X. This can also be
seen as fitting a curve that implies that half of the errors will be positive and
half negative. A natural extension of this concept is the fitting of a curve that
implies that 8% of the errors will be negative and (100-8)% will be positive,
and this gives rise to the quantile regression estimation method. This extension
permits us to have different “snapshots™ of the distribution of wages, which
may be a very informative device, since it is reasonable to assume that due to
the presence of heterogeneity, the dependent variable is not identically distrib-
uted across individuals.

In a regression analysis where the errors are i.i.d., the conditional quantiles
become a set of parallel hyperplanes and thus, we would expect the estimated
coefficients be the same for different quantiles (with the obvious exception of
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Bg)- In this case, not much information is lost just using simple OLS. But even
in i.i.d. settings, the regression quantile method gives us a device that we can
use to measure the asymmetry and dispersion of the conditional distribution.

Figure 1 permits us to show graphically the idea behind quantile regression
estimation. Panel (a) graphs the relationship between Y and X with i.i.d. errors.
Panel (b) shows us another relation between Y and X with i.i.d. errors, but with
a smaller variance®. Panel (c) shows us a relation between Y and X that has
heteroskedasticity. Note that by using the quantile regression method it is pos-
sible to obtain a measure of the conditional dispersion that is equivalent to what
in the one dimensional analysis is called “interquartile range”. This can be mea-
sured as the vertical distance (evaluated at some point) between two quantile
adjusted lines?.

Let us formalize what we have just discussed. Let w, (i=1,.....,n) be the wage
of individual i and let X, be a known vector of covariates. Let us assume that the
©th quantile of the conditional distribution of w, given X, is linear, that is,

3 w=X'Btu, withQ, _ owlX)=X,B,i=1,2, ....,n

FIGURE 1
ERROR DISTRIBUTION AND QUANTILE REGRESSION
{a) {b)
fe)

4 Note that the different quantile lines estimated are still parallel, but the distance between
them is smaller.
*  This measure depends not only on the “rate of return™ but also on the intercept.
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where X, is a k x 1 vector of covariates with X;;=1, and B, for all i, and is an
unknown kx1 parameter vector whose estimation, for different values of 6
[0<B6<1] is in our interest. The term Quante(W;IX,) denotes the conditional
quantile of w, given X.. In this specification ugis defined by u,=w-X."B, , from
where it follows that uanTe(Ugl X)=0.

The gth quantile regression based on a sample (w;, X,) i=1....,n, is a vector
Bg that minimizes:

@) L=6 2lw-X,Bl+0-6) 3 iw-X, B,

tiwz X, B, <X/,

The estimation of B is a linear programming problem that can be solved
using linear programming techniques as it is shown in Koenker and Bassett
(1978, 1982). The solution does not have an explicit form. The estimation of Be
can also be shown to fit into a Generalized Method of Moments framework.
When the linear model errors [ug=w;-X;"B,] are i.i.d. there is a well-developed
asymptotic theory leading to the construction of tests. It is possible to show
(Koenker and Basset, 1982) that if Im[(X’X)n]—=V with X,,=1 for all i,
and the error distribution, F, has strictly positive density at the qth quantile
[i.e., f(F"'(0))>0], then B is asymptotically normal, i.e.,

) Vi( B~ B,)—> N, g’ @,V

where By=B +(F(8),0......,0)’ and g%(0,F)=0(1-6)/f2(F"'(q)). From this, it fol-
lows that a natural statistical test for H_: MB=m is:

©  A=gT(M B -my(MX XY MM f,~m)

where £ is a consistent estimator of g.

The quantile regression method just discussed is not exempt from criticism.
One criticism is related to the arbitrariness in the election of the proportion 0.
This criticism is not relevant to our study for two reasons. First of all, our main
purpose is to characterize the changes in the wage structure over time and so
almost any proportion chosen would serve our objective. Second, we use five
different symmetric “cuts” (.10, .25, .50, .75 and .90) of the wage distribution
which we believe permits us to characterize sufficiently the underlined distri-
bution. Another problem associated with quantile regression estimation is that
the final solution may not be unique, but uniqueness can always be achieved by
selecting an appropriate design or by using an arbitrary rule to select from any
set of multiple solutions (this problem is exactly similar to selecting the median
among a sample that has a pair number of observations).

The quantile regression estimation technique also permits us to define a
measure of inequality that we will call the spread. In the one dimensional analysis
of a variable, the difference in two quantiles can be used as a natural measure of
dispersion. In the case at hand, the model predicts different values of the ‘aver-
age wage' depending on the quantile that we are interested in, given certain
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values of the covariates. Given this we can predict the value of the average
wage for a given vector of covariates and then calculate their difference. The
vector of covariates chosen here corresponds to the median of education and
experience in each year. The precise definition of the inequality index used
here is S =antilog (W 4, — W ,)-1. This, evaluated at the median values of educa-
tion and experience, corresponds to the times that the ‘representative’ agent
will earn in addition to its wage if he were in the upper tail of the distribution
instead of being in the lower tail (i.e., a number like 2 means that he would earn
three times as much if he were in the upper tail compared to what he would earn
if he were in the lower tail).

The spread-inequality index can be illustrated using figure 2. Let X_ be the
median of X. Let the line .90 be the estimated line when we estimate the quantile
regression and we fix 8=.90. Also let also .10 be the estimated line when we
estimate the quantile regression and we fix 8=.10. If we evaluate the predicted
value for the “average wage” usin g these two different lines and we call W op the
predicted value when 8=.90 and % ,, when 6=.10, then our spread-inequality
index is S =antilog (W g, — W ,,)-1. Our dispersion measure is a monotonic trans.
formation of these two values (i.e. the distance @ in fi gure 2). Two things are
worth nothing here. First, note that the difference in the predicted value for two
different quantiles (i.e. (W, — W 1)) given a vector of covariates, is indepen-
dent of the units in which the predicted wages are measured. This is extremely
important because it implies that the inequality index is comparable from one
year to another without requiring wages to be expressed in currency of the
same year. This is particularly useful for a country like Chile in which, due to
hyperinflation, different deflators produce different results. Second, note that
the distance @& depends only on B, if the distribution is i.i.d. and on the entire
vector B if the distribution is not i.i.d.

In a similar way as we defined the (W ,, — W o) spread we defined the dis-
tance bd in figure 2 as the (W, — W ,.) spread.

FIGURE 2
SPREAD-INEQUALITY MEASURE

/
et
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4. THE DATA

The data employed were obtained from the University of Chile Household
Surveys. These are comparable and representative annual surveys for Santiago.
Each survey has between 10,000 and 16,000 people and around 3,700 and 5,400
active labor force participants. During this period, Santiago represented about
one third of Chile’s total population,® and a higher proportion of GDP.

The sample was defined as male workers who worked at least 35 hours per
week and were not self-employed. The sample only includes “empleados” (white-
collar workers) and “obreros” (blue-collar workers). Self-employed workers,
domestic servants and military personnel also were eliminated from the sample.
Women were eliminated due to the usual reasons in these studies: “... their
substantial commitment to non-market household activities and the high degree
of variability of market labor over the life cycle™ (R. Willis, 1986, pg. 528).
Self-employed workers were eliminated because the data base did not allow the
separation of income into returns to labor and returns to capital; domestic ser-
vants were eliminated because their recorded earnings could mislead their la-
bor income, which for live-in domestic servants includes room and board, which
are difficult to value; and military personnel was eliminated because their sala-
ries do not correspond to a market productivity criteria. The unemployed and
people who work in voluntary services were also excluded. The same type of
survey and variable definitions are used throughout the entire period, which
gives us comparable year b;y year results. The dependent variable is defined as
the log of the hourly wage.

Table 1 gives some stylized facts concerning the sample. The first six col-
umns show the number of observations, the mean, the median and the standard
deviation of the hourly wage and the means of education and years of experi-
ence for the total sample.® The rest of the columns show the same variables for
the three breakdowns employed in this study. Here it is possible to note some
facts such as the highly volatile participation of the public sector in total em-
ployment. Between 1960 and 1970 the public sector employed approximately
22 percent of the workers. Under Allende’s government this percentage increased
up to 28 percent in 1973. In 1973 the Pinochet’s government started a reduction
in the public sector and its participation in the total employment fell to a 16
percent in 1981. Note that the downsizeing of the public sector continued even
under the new democratically elected governments of Alwyn and Frei.® An-
other point shown by table 1 is that the public sector tends to hire more edu-

& According to the censuses of 1960, 1970, 1982 and 1992 Santiago respectively accounts
for 32, 35, 38 and 39 percent of the total population in each year.

7 There is no censoring problem present in the definition of wage in the sample because
there is no upper bound to the value declared. Given that there is no mixing of data from
different years, no deflator was used. This affects only the b, parameter, but it is still
comparable for the same year in different quantile regressions.

8  Like many other studies education is defined by the highest grade attended and com-
pleted; experience is defined as potential years of experience, where this is defined as age
minus years of education minus 6. Both variables are measured in years.

?  These figures overestimate the proportion of people who work for the government, given
that Santiago is the capital, where most of the government apparatus is situated.
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cated people than the private sector. It has also started to hire more experienced
people during the eighties and specially during the nineties. Table 1 also high-
lights the relatively stable partition of the sample between white and blue collar
workers: blue-collar workers are a stable 50 percent of the sample. It is interest-
ing to note that white-collar workers are for the whole period more educated on
average than blue-collar workers, but the difference decreases as time progresses:
in 1960 white collar workers had almost twice the years of education of the
blue collar workers. By 1996 this gap steadily reduced to 1.5 times. This fact
casts some doubts on the usual distinction between high and low skilled work-
ers based on the blue-collar versus white-collar type of job (so common in
some branches of the recent labor literature).

5. EMPIRICAL ANALYSIS

In this section the results of the estimation of equation (2) using mean and
quantile regression are analyzed. The standard quantiles used in other studies
of the same kind are reproduced here: .10, .25, .50, .75 and .90 (Buchinsky
1994a, Chamberlain 1991). The same equation is estimated yearly from 1960
to 1996 for the total sample, and partitions defined by experience, type of sec-
tor and job type (blue-collar or white-collar).

The results of the estimations are reported in figures 3 to 9. Figure 3 pre-
sents the results for the whole sample. Figures 4 and 5 present the results when
a breakdown by years of experience is performed (figure 4 includes only indi-
viduals with less than 9 years of experience and figure 5 includes individuals
with 20 or more years of experience). Figures 6 and 7 present the results when
a breakdown by public and private sector is carried out. Figures 8 and 9 present
the results when a breakdown by job type is performed. In each figure, the
graphs on the left side present the estimation of the parameters using mean and
median regression methods (i.e. mean estimation and quantile .50 estimation),
and those on the right side present the estimation for the other quantiles consid-
ered in this study (i.e., .10, .25, .75, .90). For each figure, graphs (a) and (b)
present the return to education, (c) and (d) present the return to experience
evaluated at five years of experience (see text below) and (e) and (f) present the
return to experience evaluated at 15 years of

experience (with just one exception —figures 5-(e) and 5-(f)—, all the graphs
of the same type have comparable scales in order to facilitate comparisons).

Return to Education

The mean and the median estimates for the whole sample and for the break-
downs (with the only exception of blue-collar workers) of the rates of return to
education are in the range of those estimated in other studies carried out for
Chile (Corbo and Stelcner 1983, Riveros, 1990) and also with those calculated
elsewhere.!® One important point also noticed elsewhere (Buchinsky, 1994a) is

10 For a very comprehensive review of the empirical literature regarding returns to educa-
tion see G. Psacharopoulos (1985, 1992, 1993).
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that the mean estimation and the median estimation show very similar patterns
for the return to education. The same pattern of movements is followed by the
rate of return calculated in each one of the quantile regressions. From our esti-
mates for the whole sample (fig. 3-(a)), it is possible to see that the rate of
return to education was relatively stable at around 12 percent until to 1971,
declined until 1974 to a level of 10 percent, started rising again until 1987
(reaching a peak of around 17 percent), declined until 1992 to around 12 per-
cent and from then on stabilized around 14 percent. The same pattern of move-
ments are followed by the quantile regression estimates, but the levels differ,
showing that the higher rate of return is to education the higher the quantile. It
is possible to see from figure 3-(b) that between 1960 and 1970 there was a
relatively stable return to education per quantile. Between 1970 and 1974 there
was a big decline in all the quantile returns. Between 1975 and 1980 there was
a recovery in all the quantile returns, but this increase was higher in the two
upper quantiles, increasing the spread in the returns between the upper two
quantiles and the lower two. During the eighties the rates of return between
upper and lower quantiles moved quite differently: the rates of return of the
upper quantiles went up and that of the lower two quantiles went down, in-
creasing the spread. During the nineties the rate of return of the upper quantiles
has declined and, instead, the rate of return of the two lower quantiles have
remained relatively stable implying a decrease in the spread.

Now looking at the breakdown by level of experience (fig. 4-(a)-(b) and 5-
(a)-(b)), we notice two very important facts. First, the rates of return to educa-
tion estimated using mean and median estimates are higher for new workers
(zero to nine years of experience) than for old workers (20 plus years of expe-
rience), with the difference being especially large after 1980, but this difference
declines sharply in the nineties. Second, it is possible to observe the same ef-
fects observed for the whole sample: the differences in return to education by
quantiles increase with the quantile (the higher the quantile, the higher the rate
of return), and this is independent of the group being considered. Looking at
figures 4-(b) and 5-(b), it is possible to notice that the differences estimated by
quantiles are getting larger as time progresses particularly in the case of new
workers after 1983, but again these differences tend to decrease in the nineties.

If we now look at the breakdown by public and private sector (figs. 6-(a)-
(b) and 7-(a)-(b)), we see that the estimations of the rate of return to education
using mean and median regression estimates show a very stable pattern in the
case of the public sector from 1960 to 1976, followed by an increase until 1984
to around 18 percent, then an unstable pattern of changes up and down between
1984 and 1993, followed by a big decline in 1993, and finally a stable recovery
to a rate of around 16 percent in 1996. In the case of the private sector, the same
estimates produce a rate of return to education that was very stable from 1960
to 1971, a decline from 1971 to 1974 to a level of 10 percent, a rise again until
1987, then a decline until 1992, and a very stable level since then at around 13
percent. A closer look will also show that the rate of return to education is
slightly higher in the public sector than in the private sector and also more
volatile. Looking at the quantile regression estimations it is possible to see that
the differences in the rate of return to education in the top two quantiles with
respect to the lower two quantiles are higher in the private sector than in the
public sector, and the differences seem to be growing bigger in the private sec-
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tor, with the exception of the nineties in which the opposite is true. The same
differences in the public sector are amazingly narrow between 1977 and 1983,
but they also seem to be increasing thereafter. These estimates also show a
more stable return to education by quantiles in the case of the private sector
than in the public sector.

The last breakdown performed is between blue-collar and white-collar work-
ers. Here there are some surprising results. Figure 8-(a) shows that white-collar
workers have a rate of return to education that is relatively stable between 1960
and 1971. It then declines to a level of around 9 percent in 1975. Since then on
it increases (although not steadily), and reaches a peak of 20 percent in 1987. It
declines again until 1993 and it seems to stabilize around 16 percent at the end
of the period. Figure 9-(a) shows a very different pattern for the rate of return
on education to the blue collar workers: it is much lower (around 5 percent) and
also very stable during the whole period. The quantile regressions also show
that quantile estimates of the rate of return to education in the case of white-
collar workers (fig. 8-(b)) are very similar to those of the whole sample, being
higher, the higher the quantile. The same quantile estimates show a very differ-
ent pattern for the blue-collar workers, where it is impossible to distinguish any
pattern before 1984. Since that year it seems that the rate of return to education
is higher for the higher quantiles. Still, the rate of return for the higher quantiles
in the case of blue-collar workers is lower than the rate of return to education
for the lower quantile in the case of white-collar workers. I have no explanation
for this fact and it surely is a topic for further research. It should also be noticed
that the differences (spread) in quantile returns are higher for the white collar
workers than for the blue collar workers (see figs. 8-(b) and 9-(b)).

One striking point also noticed by Buchinsky (1994a) is the fact that the
mean return to education and the returns estimated at each quantile behave in a
similar manner. This is true in our study not only for the whole sample, but also
for each one of the breakdowns performed.

Return to Experience

The marginal impact of one additional year of experience on the conditional
wage distribution can be obtained from equation (2) and is equal to B,+2B,Exp;
hence, it needs to be evaluated at a specific level of experience. Following
Buchinsky (1994a), two points were chosen: five years (representing new work-
ers) and 15 years (representing experienced workers). The results are presented
in figures 3 to 3 in graphs (c), (d), (e) and (f).

The estimations using mean and the median regression methods for the whole
sample show a very stable pattern of return to experience of about five percent
when evaluated at five years of experience and four percent when evaluated at
15 years of experience (see figs. 3-(c) and 3-(e)). The quantile estimates show
no particular patterns besides a very concentrated distribution that tends to be
less concentrated starting in 1986 (see figures 3-(d) and 3-(f)). The breakdown
by years of experience produces a very different picture: for the group of zero
to nine years of experience (the less experienced workers), the estimated re-
gression evaluated at five years of experience produces a rate of return that is
much higher than the average for the whole sample (even though the difference
is declining as time progresses), and the quantile regressions show no particu-
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lar order. The same regression evaluated at 15 years of experience produces
wild changes in the estimates, which can be attributed to the imprecise estima-
tion of parameter B, (see figure 4-(e)). The same estimations in the case of
experienced workers produce estimates of the return to experience that are lower
than those for the whole sample and especially lower compared to those for
young and experienced workers (see figures 5-(c) and 5-(e)). The quantile re-
gressions also show no particular pattern either for the less experienced worker
or for the experienced workers (see figures 4-(d)-(f) and 5-(d)-()).

Figures 6-(c)-(d)-(e)-(f) and 7-(c)-(d)-(e)-(f) show that, in general, there are
differences in the rate of return to experience if we divide the sample into pub-
lic and private sectors. The rate of return to experience (evaluated either at 5 or
15 years) is less stable (and lower in level) in the public sector than in the
private sector. In the case of the private sector the rate of return is very stable at
around five percent with a slight decline starting in 1987. Similar decline can
be observed in the case of the public sector. The quantile regressions also show
the same patterns, but in the case of the private sector, show that starting in
1986, there has been a consistent pattern of being higher in the higher quantiles
specially after 1986. This is true not only when evaluated at five years of expe-
rience but also when evaluated at 15 years of experience.

Looking at the disaggregation by job type, we see that the return to experi-
ence in the case of white-collar workers using media and median regression
methods is very stable at around four percent (as for the whole sample), but the
return for new blue-collar workers seems to be declining from five percent at
the beginning of the period for new workers to around 2.5 percent at the end of
the period (see figs. 8-(c) and 9-(c)). When evaluated at 15 years of experience,
it went down from three percent at the beginning of the period to around one
percent at the end of the period (graph 9-(e)). In the case of white-collar work-
ers, the quantile regressions show no particular pattern, but in the case of blue-
collar workers, there seems to be a pattern of being higher for the higher quantiles,
especially when evaluated at five years of experience and at the end of the
period. The same is observed when evaluated at 15 years of experience, but on
a lower scale.

Wage Inequality

As we discussed in the methodological section, the quantile regression esti-
mation technique permit us to define a measure equivalent of the interquartile
range in the unidimensional analysis. We called it spread. In this section we
present the empirical results and we compared to a more traditional measure of
dispersion: the Gini coefficient. It is worthwhile to stress that the results ob-
tained in this section are based on the sample definition already mentioned and
on the distribution of the hourly wage. Two measures of dispersion of the con-
ditional wage distribution are analyzed here: the .90 - .10 spread and the .75 -
.25 spread. They are presented in figure 10.

When considering the whole sample we see that the .90 - .10 spread shows
a tendency to increase from 1966 to 1974 (fig. 10-(a)), then drop in 1975, start
to rise again until 1984 when it experiences a second drop. It then increases
vigorously until 1989 and then again has a big drop in 1990 and from then on
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tends to decrease showing another big drop in 1993. From then on it decreases.
Note that these results imply that inequality increased in Chile starting in the
middle of the sixties and did so until 1989 (although not steadily). It is also
interesting to note the order of magnitude of this phenomenon: in 1960 a person
in the top of the distribution (8=.90) would earn three times as much as a person
in the lower tail (8=.10). In 1988 (at the peak of the inequality) the same person
would earn almost six times as much as a person of the lower tail. By 1993 this
difference was reduced to almost 4.5 times.

The same general pattern can be observed in the case of the .75 - .25 spread
for the whole sample (fig. 10-(b)), although it is remarkably more stable than
the .90 - .10 spread. In here the inequality index stays relatively stable until
1966 and from then on it grows (although unsteadily) until 1987 when it de-
creases markedly in both 1988 and 1989, increases in 1990 and decreases heavily
since then. The fact that the .75 - .25 spread is more stable than the .90 - .10
spread clearly suggests that the changes in wage inequality are mainly due to
changes in the tails of the distribution.

The results also show that different breakdowns of the sample give very
different pictures of the dispersion. In the case of the breakdown by experience
(figs. 10-(c) and 10-(d)), we see that when we use the .90 - .10 measure of
dispersion we note that until 1980 both groups have a relatively similar pattern
of dispersion (even though in the case of people with less experience it is more
volatile). After 1980 it is possible to observe that people with more than 20
years of experience have more inequality than people with less experience.
This difference is particularly big around 1990 (4.5 versus 2.5). The .75 - .25
spread defined by experience sub-groups produces a pattern that follows the
whole sample pattern very closely.

The breakdown by public and private sector (figs. 10-(e) and 10-(f)) con-
firms the results for the whole sample, i.e., inequality in both sectors started to
rise around the mid sixties. Two facts are worth noting here: first, the rise in
inequality in the private sector has been more stable than in the public sector
and, second, the inequality in both sectors is relatively similar. It is interesting
to note that since 1989 the inequality has been decreasing in both sectors. The
behavior of the .75 - .25 spread in the cases of the private and the public sectors
is very similar to the behavior of the .71 - .25 spread in the case of the whole
sample.

When the sample is divided by type of job is possible to observe (figs. 10-
(g) and 10-(h)) that inequality (measured either as the .90 - .10 spread or the .75
- .25 spread) is bigger in white-collar jobs than in blue-collar type of jobs. It is
also possible to observe that inequality has been increasing during the whole
period for the white-collar type of jobs, but this is not the case for the blue-
collar type of jobs in which inequality is amazingly stable. This partition of the
sample produces the most clear effect in inequality: blue collar workers have
less inequality than white collar workers, regardless of the spread use to mea-
sure it. The .75 - .25 spread does not behave like the whole sample in this case:
it is definitively higher for white collar than for blue collar.

In order to compare our measure or inequality, the Gini coefficient was
calculated year by year for the whole sample and for each one of the partitions
studied in this paper, and compare to the .90 - .10 spread. The results are shown
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in figure 11'!. This figure show us that with the exception of the period 1960 -
1970 (in which the Gini coefficient shows a higher level of inequality) the Gini
coefficient behaves in a very similar way to our .90 - .10 measure of inequality.
This is true not only for the whole sample, but also for each one of the partitions
analyzed here. Note that the Gini coefficient is also remarkably higher for white
collar workers than for blue collar workers. All this reinforces our results on
inequality.

Summary

There are different facts that appear very clearly from the analysis performed.

We proceed to summarize them.

— First, the rate of return is very stable during the sixties, then presents a gen-
eral declining from 1970 until 1974 and from then on grows until 1986
when it starts to decline until 1993, being relatively stable since then.

— Second, the movements of the rate of return to education calculated using
OLS or using (any) quantile regression are very similar. This result is valid
not only for the whole sample, but also for all of the breakdowns of the
sample performed here.

— Third, it is clear that the returns to education are different depending on the
quantile analyzed: the higher the quantile the higher the return to education.

— Fourth, the difference in the return to education using different quantiles
increased during the eighties, and specially after 1986. This is especially
true when we consider the cases of new workers, private sector and white-
collar workers.

— Fifth, there are clear differences in the rates of return to education by group
(the rate of return is higher for: less experienced workers compared to expe-
rienced workers; for public sector workers when compared to private sector
workers; and especially for white collar workers when compared to blue
collar workers). This shows a more heterogeneous labor market than origi-
nally thought.

— Sixth, there are differences in the rate of return to experience by groups, and
there are also differences in the rate of return to experience by quantile: the
higher the quantile the higher the return to experience, although these dif-
ferences are much more smaller than the differences in the rate of return to
education by quantiles.

— Seventh, the difference in the return to experience using different quantiles
markedly increased after 1986. This is especially true in the cases of the
whole sample, the private sector and the blue-collar workers.

— Eight, the rate of return on experience is systematically declining. This is
true not only for the whole sample but almost for every partition defined in
this study. For the whole sample it is obvious that the return on experience
starts to decline in 1986 (figure 3(c)). for the less experienced workers it
declines during the whole period considered here (figure 4-(c)), for the pub-
lic and private sectors since 1986 (figure 6-(c) and 7-(c)), and for the white
collar and blue collar workers it almost decline during the whole period, but
the declines is more pronounced for blue collar workers.

"' Note that thorough this figure all the graphs have comparable left and right scales.
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— Ninth, inequality increased starting in the mid-sixties and continued to growth
until around 1988, when it started to decrease. This decrease is especially
pronounced during the period 1988-1993 and very stable since then.

— Tenth, the biggest difference in inequality by group is defined by white
collar versus blue collar workers; the white collar workers have a remark-
ably unequal distribution when compared to blue collar workers.

6. CONCLUSIONS

How representative the mean is of a distribution depends on the variance.
The bigger the variance the less representative the mean. The quantile regres-
sion proved to be a very useful device in analyzing the conditional distribution
of wages when populations are heterogeneous. The results show that the return
to education is higher, the higher the quantile, and that this conclusion is inde-
pendent of the partitions used here. The results also show that there are signifi-
cant differences in the rate of return by quantile and that those differences de-
pend on the partition analyzed. Regarding experience, the distribution of wages
conditional on experience is by far more concentrated than its equivalent for
education.

Regarding inequality, the analysis performed shows that it started growing
in the mid-sixties and until around 1989 and started to decline vigorously after
1990. This coincides in part with some other studies that have focused exclu-
sively in income distribution (Solimano and Marcel, 1994).

As a general conclusion, we agree with Buchinsky (1994a) that the normal
location model does not provide a good description of the conditional wage
distribution. As mentioned, that model implies that the covariate slopes should
be invariant as we go across quantiles, while the quantile analysis performed
here shows that some coefficients differ systematically as we move along
quantiles. This is particularly true for education.

Our results also indicate a strong pattern of differences by groups, showing
that partitions of the sample might also explain differences in wage inequality,
and that the labor market is more heterogeneous than originally thought.

Finally, this study shows that the impact of one additional year of education
Or experience on wages is not a parameter that we can consider given. We found
that there are significant differences in the rate of return to education and expe-
rience for the whole sample in different periods. We also found even bigger
differences in return to education and experience for the sub-groups defined
here. This should be a matter for future research.
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FIGURE 3
RATES OF RETURN: WHOLE SAMPLE
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FIGURE 5
RATES OF RETURN: EXPERIENCED WORKERS
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FIGURE 6
RATES OF RETURN: PUBLIC SECTOR WORKERS
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FIGURE 7

RATES OF RETURN: PRIVATE SECTOR WORKERS
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FIGURE 8
RATES OF RETURN: WHITE COLLAR WORKERS
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FIGURE 2

RATES OF RETURN: BLUE COLLAR WORKERS
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FIGURE 10
WAGE INEQUALITY
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FIGURE 11
A COMPARISON OF TWO MEASURES OF
WAGE INEQUALITY
a. Total Sample
T 5
- ::§§
- " R " :u:r " " 4 "
| = sproad - gini I
b. 0 - 9 years of experience c. 20 + years of experience
i v IR 4
N - 8 i =&
™ s ™™ e jl'ﬂEI: - . . " = ™ ™ m:u - P "
I.._lpl'nd-..ﬂlnl | Elpl’illl-.-ﬂlnl |
d. public sector e. private sector
P Vv :::% o :g
L SRS | B .-
L r. .
4 115 ! ~5
w0 u B ™ m:- - % 4 P e B ™ ;"BI!I.', = %0 1
el
f. white collar workers g. blue collar workers
.;- g g s .ﬁv.- " o %
,. 28 aif=e gL T e
- (] L ™ yw-ﬂ £} - L] [ ] L -} L] myﬂ“r": [ ] L] "-
|*:proud...gini ] [.....:pl“d...ulnl ;




