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Abstract. In this paper we re-examine the link between subjective perceptions
and objective measures of wage discrimination by estimating the mean and
several quantiles in the conditional wage distribution of men and women in
order to decompose the gender wage gap into the part attributed to different
characteristics and the part attributable to differential returns to these char-
acteristics at points other than the conditional expectation. In the process we
take into account the endogeneity of educational choice and the participation
decision of women. The results suggest that the absolute wage gap and the
component of the latter that can be attributed to different returns to charac-
teristics increase over the wage scale.
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1. Introduction

The wage gap between men and women in Spain, in line with what happens in
other countries, is quite substantive. Data from the 1995 Encuesta de Estruc-
tura Salarial show that on average women earn around 70% as much as men.*

* We thank Manuel Arellano, Richard Blundell, Adriana Kugler and seminar participants at
Universitat Pompeu Fabra, Universitat de Girona, Universidad de Oviedo, the XII Jornadas de
Economia Industrial and the XV Latin American Econometric Society Meeting for suggestions.
We are also grateful to the editor of this journal and an anonymous referee for useful comments.
Financial support from the Instituto de la Mujer, the FIES and DGES projects PB95-0980 and
PB98-1058-C03-01 is gratefully acknowledged. The usual disclaimer applies.

! The unemployment rate for Spanish women, at 30%, doubles that of men.
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A large part of this difference cannot be accounted for by observable variables
such as experience, sector of employment or education. Indeed, when the wage
gap is computed by levels of education, the same survey reveals that women
who have completed a university degree earn on average only 60% of the sal-
ary received by men with the same educational level. The degree to which
observed differences in salaries between men and women can be accounted for
by observable characteristics has been a subject of interest in the labour eco-
nomics literature, not least because unexplained differences have been inter-
preted as a degree of wage discrimination against women.

The usual methodological approach in the studies that attempt to measure
it consists in decomposing the wage gap into a part attributable to differences
in the vector of worker characteristics and a part attributable to differences in
the return associated to each of these characteristics using the estimates for the
expectation of the conditional wage distribution of both groups.? The most
recent results obtained with this methodology for the Spanish labour market
are found in the works by Riboud and Herndndez (1989), Ugidos (1993), Her-
nandez (1995, 1996, 1997), de la Rica and Ugidos (1995), Prieto (1995) and
Ullibarri (1996). Even if the data sources and methodologies applied are dif-
ferent, all these studies find that a substantial percentage of the wage gap is
due to differences in the returns to observable characteristics in favour of men.
Results for other countries detect the same qualitative pattern.?

However, this methodology is limited in the sense that it considers the
information provided by conditional means exclusively, and this could lead us
to conclude that the size of the wage gap and the weights of the factors that
make it up are constant along the whole of the wage scale. Stemming from the
seminal work of Juhn et al. (1993), recent examples in the literature address
this issue by analysing differences between quantiles of the wage densities of
not only men versus women but also different countries or different points in
time for a given population. For instance, Di Nardo et al. (1996) model the
wage distribution using non parametric kernel reggression methods. Thus
these authors are able to gauge the extent to which changes in the distribu-
tion of worker characteristics can account for changes all over the wage den-
sity. In two related studies, Fortin and Lemieux (1998), using rank regression
methods, and Machado and Mata (1999), by means of a quantile regression
model and bootstrapping techniques, model the marginal wage distribution as
a function of worker characteristics. Since these studies parameterise the rela-
tionship between wages and skills, the authors are able to measure not only
the impact of differences in the distribution of skills but also the effect of dif-
ferences in the return to these skills on the percentiles of the wage densities.
The evidence that arises from these studies strongly suggests that average
wage gaps and decompositions are not representative of the gaps (and factors
that explain these gaps) at different quantiles of the wage distributions for the
populations of interest.

In this paper we argue that there is a clear link between the unequal size of
the gender wage gap over the wage scale and the concern in the literature
about the partial ability of traditional discrimination measures based on wage
expectations to capture the full extent of the phenomenon of discrimination.

2 See Oaxaca (1973), Blinder (1973) or Neumark (1988).
3 See Neumark (1988), Wright and Ermisch (1991), Callan and Wren (1994), Harkness (1996)
and Blau and Kahn (1992, 1997) among others.
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Kuhn (1987) pointed for the first time at this limitation and supported it with
evidence about the lack of a significant relationship between the traditional
statistical measures of discrimination and reports of discrimination on behalf
of women. Other researchers have reported results along the same lines.* Ac-
cording to Kuhn, the key determinant of this result is the mismatch between
what the researcher observes in the data set and the much richer information
set at the disposal of the worker.

The main contribution in this paper consists in showing the ability of the
quantile regression conceptual framework to compensate such mismatch. Thus
we shall propose and justify the use of quantile regression models and the
decomposition of predicted wage gaps at diverse quantiles in order to provide
a more accurate set of measures for the size of the part of the wage gap that
is attributed to different returns to skills between men and women, i.e. the
discriminatory component of the wage gap. As we shall argue, our results are
consistent with the evidence reported by Kuhn (1987) that women at higher
wage levels are more likely to report being discriminated against. Thus our
evidence would suggest reconciliation between “objective” and “‘subjective”
measures of discrimination. Indeed, an interesting issue for the research
agenda in the area of wage discrimination originates from the results in this
paper. Given suitable data sets, i.e. data sets that contain not only the usual
information on wages and characteristics but also subjective reports of dis-
crimination, future work could examine the statistical relationship between
objective measures of discrimination, obtained from the decomposition of
quantile functions, and subjective reports on behalf of the concerned worker.

The analytical framework we adopt for the estimation of conditional
quantile functions is based on the quantilic regression methodology developed
by Koenker and Basset (1978) and applied, in the context of wage equations,
by Chamberlain (1994), Poterba and Rueben (1994), Buchinsky (1994, 1996,
1998), Machado and Mata (1999) and, for the Spanish case, Abadie (1997).
In our analysis we shall pay special attention to the way in which one of the
key variables determining wages, schooling, enters the econometric specifica-
tion. Many of the studies that analyse the wage gap, including all those
available for the Spanish labour market, take education as an exogenous
variable. However, as several recent studies have shown,® the correlation of
schooling with unobserved factors that enter the determination of wages can
produce inconsistent estimates.® The decomposition of the wage gap into the
explained and unexplained parts relies on the availability of unbiased esti-
mates of the returns to a series of characteristics.” Therefore, we use instru-
mental variables techniques in the estimation of both the conditional mean
and conditional quantile functions. The corrections of the biases induced by
the endogeneity of education in the context of quantile regression are based on
the results by Amemiya (1982) and Powell (1983). Another relevant issue from
the methodological point of view is the problem of endogenous selection of
women into the labour force. The traditional Heckman method is applied

4 See Hallock et al. (1998).

> See Angrist and Krueger (1991), Neumark and Korenman (1994), Harmon and Walker (1995,
1996) or the review in Card (1999).

¢ Measurement error in schooling is also another source of bias.

7 The impact of potential biases on the decomposition of wage differentials are analysed in Kim
and Polachek (1994) and Choudury (1994).
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when we estimate the conditional mean for wages. Correspondingly, in order
to estimate the quantile regression model we use the results by Buchinsky
(1996) to correct the associated bias. To the best of our knowledge this is the
first application of quantile regression methodology where the issues of endo-
geneity of education and endogenous selection into the labour market for
women are addressed simultaneously.

In addition, our methodology is related to that used in studies devoted to
analysing the sources of overall wage inequality such as Machado and Mata
(1999). Thus our empirical results cast some light on what factors are asso-
ciated to a greater wage dispersion as well as how these factors vary in impor-
tance across genders for Spanish workers.

In section 2 we develop the argument in favour of the use of quantile
regression based measures of discrimination and present the econometric
specification used throughout the paper. Section 3 discusses the data set and
the set of instruments used to correctly identify the parameters in the wage
equation. Section 4 presents and discusses the econometric estimates, which
are then used to evaluate and decompose the wage gap over the wage distri-
bution in section 5. Section 6 concludes.

2. Econometric specification

2.1. Why should we be interested in anything but conditional wage
expectations?

As we have mentioned in the introduction, Kuhn (1987) found evidence
that the standard measures derived for the gender wage gap are not able to
capture perfectly the extent of discrimination as it is perceived by the con-
cerned worker.® More precisely, he could not find a statistically significant
association between the probability of reporting discrimination and the wage
gap that separated women from men of equal characteristics using two dif-
ferent data sets. According to Kuhn, the tendency to report discrimination
depends on “‘non statistical evidence™ (in the sense that it is not observable
by the analyst). The latter comprises any differential treatment at the work-
place as well as any information on wage discrimination not captured by the
standard measure based on estimates of the conditional mean of wages for
men and women. It is this latter component of “‘non statistical evidence’ that
we concentrate upon.

The standard measure of discrimination is based on the following (mean)
regression model for the logarithm of wages

111( VVI‘H) - Xr;ﬂm + Um

, 1)
In(Wy) = X7 +ur

where the m and f subscripts refer to males and females respectively. As it is
well known, from the first order conditions of OLS and using the male wage
structure as non-discriminatory, it follows that

8 See also Barbezat and Hughes (1990), Even (1990) and Kuhn (1990).
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11'1( VVH’I) - ln( VV/‘) = (A_/m - A_/f)/ﬁm - Y}(ﬁm - ﬂAf) (2)

where the first term in the right hand side represents that part of the percent-
age difference between male and female average wages due to the different
characteristics males and females have, whereas the second term is the part
attributable to the existence of differential returns to the same characteristics.’
From this decomposition Kuhn, considers the following individual measures
of discrimination for every woman in the sample

D} = Xy (B, — ) .
Dlz = /Yl]/‘(ﬁm - ﬁAf) - ﬁlf

The only difference between these two alternative measures is that the
second takes into consideration the return to the unobserved characteristics
of the ith woman. In this sense the latter measure is more related to the sub-
jective perception of discrimination than the first one, for women make infer-
ences conditional on a wider set of information than that observed by the
econometrician. Indeed, among the factors picked up by the residual, there will
typically be the unobserved productivity components and firm fixed effects
which, in conjunction with the usual purely random component, place the ith
unit of observation above or below the conditional expectation estimated by
the researcher.

Our contribution to the argument starts here. It hinges on the point that
women will infer the extent of their wage discrimination by comparing them-
selves with men who also have these (unobserved to the econometrician)
characteristics. For instance, among the workers with an university degree, a
characteristic which econometricians can usually observe, some will work at
firms which reward computer literacy and/or knowledge of languages, but the
econometrician usually cannot observe neither whether the firm rewards such
skills nor which worker has them. In these circumstances, it is reasonable to
expect women to form an idea of the discrimination that they may suffer
comparing themselves not just with the group of workers with a degree, but
with the group of workers with a degree at the same firm and with the same
mastery of computers and languages. We define a measure of wage discrimi-
nation that takes this reasoning into account

[)13 = ij‘(ﬁm _ﬁf) + u;n - ]:llf (4)

where the term u;,, is the effect of the unobserved factors on the wage of a man
with the same characteristics, both observed and unobserved, than the ith
woman. The consideration of this measure would in fact constitute a way to
make regression based measures of discrimination more complete since they
would capture a substantial part of the wage discrimination comprised in the
“non statistical evidence” which Kuhn reported to drive subjective reports.

 As it is shown in Herndndez (1995, 1996), the results for the Spanish case are robust to different
assumptions about the non-discriminatory wage structure. These studies use a wide range of micro
data surveys including that used in this paper.
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Concerning the computation of this measure, it is unfortunate that we
cannot estimate u;,. However, by the reasoning above we can argue that
its sign is the same as that of ;. That is, women with unobserved
characteristics that situate their wage above the expectation of wages condi-
tional on their observed characteristics will compare themselves with men
whose wage would be situated above the expectation of male wages condi-
tional on the same observed characteristics. This immediately suggests the
comparison of quantiles of the two wage distributions conditional on the same
set of characteristics as an approximation to the essentially unobservable
measure we have defined above. Thus, for any set of observable characteristics
X;, the women who receive the wage that leaves behind a fraction 6 of women
with the same observable characteristics may be compared with the men who,
with the same observable characteristics, earn a wage that leaves behind a
fraction 0 of men in the same group by means of the following

Qy(log W,u| X;) — Oy(log Wy|X;) = D} (5)

where Qy(log W|X;) represents the 6 quantile of the wage density conditional
on X;. This approximation therefore requires obtaining estimates of the con-
ditional quantile functions of the wage densities for men and women.

2.2. The quantile regression model

The basic quantile regression model specifies the conditional quantile as a
linear function of covariates.!® For the conditional wage distribution we are
examining, the formal econometric representation is given by (omitting gender
subscripts)

log W; = X[/ﬁa + ug;

(6)
Qy(log Wi X;) = log W = X/B,

and therefore it is assumed that the fth quantile of the error term which, as
discussed earlier, contains both fixed unobservable effects and pure random
elements, is zero. Under this representation, the measure of discrimination in
equation (5) is given by the following expression

Qe(lOg WulXi) — QH(IOg Wl Xi) = X,-,(/}Hm - Eaf) = D? (7)

The estimates for the conditional quantile functions can also be used to
decompose the differences in quantiles of the marginal densities. The proper-
ties of the OLS estimators ensure that the predicted wage evaluated at the
sample average vector of characteristics is exactly equal to the sample average
wage but, unfortunately, the estimators for the quantile regression model do
not have any comparable property. Therefore, the difference between two
quantiles of the marginal wage densities for men and women is given by

10 With this specification we are also taking into account the potential existence of hetero-
scedasticity of the form considered in Rutemiller and Bowers (1968), i.e. that the variance of the
error term is a quadratic form of the regressors.



How wide is the gap? An investigation of gender wage differences using quantile regression 155

0y(log W, X;) — Oy(log Wyl X;) = X! By, — Pys) + residual (8)

where the choice of X; is arbitrary and, consequently, so is the residual. An
example of this type of decomposition of wage differentials at several quan-
tiles of the densities, applied to workers in the public and private sectors, is the
work by Mueller (1998).

Algorithms based on the least absolute deviations (LAD) criterion are
available in order to obtain estimates of the parameters of interest together
with their variance and covariance matrix. However, if the error term is
correlated with any of the explanatory variables then the LAD estimator is
biased. The extension of instrumental variable methods to the estimation of
conditional quantile functions in a simultaneous equation system is discussed
in Amemiya (1982), Powell (1983) and has been applied to some labour mar-
ket studies such as Ribeiro (1997). In essence, the estimation procedure con-
sists in using the fitted values for education from the least squares regression
of the endogenous variables on the instruments as regressors in the standard
quantile regression framework. On the other hand, the problem of endoge-
nous selection into the labour market of women in the quantile regression
context has been considered by Buchinsky (1996), who shows that consistent
parameter estimates can be obtained by including a power series approxim-
ation to the correction term as additional regressors in the wage equation.
Formulas for the direct computation of the covariance matrix of these esti-
mators are available in conjunction with the possibility of bootstrapping the
design matrix, a method that yields consistent estimates under rather general
conditions.

3. The data

We obtain our estimates from the Encuesta de Conciencia, Biografia y Estr-
uctura de Clase (1991). This survey was carried out by the Instituto de la
Mujer, the Comunidad Autonoma de Madrid and the Instituto Nacional de
Estadistica. The census was sampled in order to interview 6632 workers, both
employed and unemployed. The survey collects information on earnings and
hours of work, thus making it possible to obtain hourly wage rates. Note that
there is abundant information on demographic characteristics and social
background. Concerning educational attainments, it is possible to compute
the number of years of formal education as well as the level of the highest
degree obtained by the worker.

Concerning the specification for the wage equations, we include years of
schooling as the measure of education. Our choice for a linear effect of every
year of education (precluding “sheepskin’ effects) is conditioned by the need
to use instrumental variable techniques.!'! As instruments for education we
use age and the province of residence at the age of 16. In addition note that in
1950 there were only 16 higher education institutions in Spain, 4 of which
were private. In contrast, there were 39 in 1990. Also, in 1985, for an indivi-

't Although Harmon and Walker (1996) have corrected for the endogeneity of education in a
specification where the latter is entered as a set of dummy variables making use of the hazards
from an ordered probit model of educational attainment.
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dual aged 18 who resided in a capital of province without a university, the
average distance to the nearest college was 100 kilometres. In 1950 it would
have been 137 kilometres. On this account, the cost of higher education pres-
ents both regional and temporal variation and we exploit it by controlling
whether a college was available at the province of residence when the worker
was 14,12 as part of the enrolment into secondary education is driven by the
desire to go to college upon completion. Also, for the cohort born between
1927-1940, we define a dummy indicator for residence in the part of Spain
that remained loyal to the Republican regime after the 1936 coup at the age
of 16. This is motivated by the fact that, in these provinces, a revolutionary
regime of Marxist and anarchist foundations was quickly put in practice and
the education institutions ruled by the Catholic Church, which accounted for
a substantial proportion of the total, ceased their activities. The effects of the
war were in general more severe in these regions due to the subsequent siege
from the rebel army.!3

The rest of the variables in the deterministic part of the wage equation
are sets of sectoral and regional dummies and job status dummies: a dummy
activated if the worker has autonomy in setting working paces, a dummy acti-
vated if the worker has autonomy in setting working methods, a dummy ac-
tivated if the worker occupies a directing position, a dummy activated if
the worker occupies a supervising position and a dummy activated if the
worker is occupied in the public sector. In the data appendix we report the
descriptive statistics of the variables used in the empirical exercise.

4. Estimation results
4.1. Auxiliary education equation and conditional expected wages

Table 1 presents the estimates for the years of schooling function that we use
to form the prediction to be included as a regressor in the wage equation in
our IV estimator. The default worker is aged over 54, resided in a province
without a college at the age of 14 and this province adhered to the military
rebellion.'* Note that the availability of a college within the province of resi-
dence at 14 has a positive and significant effect in the case of men but not in
the case of women. Concerning the age profiles note that, for both genders,
those born before 1936 are the least schooled. However, in the case of men
born before 1940, to have resided in a republican province is associated with
nearly one year less of schooling than the rest of men in the same cohort (the
effect is significant at the 9% level). This suggests that the educational choices
of men and women have followed different patterns. In particular, note that
the differences in average schooling between men and women widen as we
look at older cohorts, reflecting the fact that the equal proportion of genders
in nowadays classes is a relatively recent phenomenon in Spain. It is therefore
not surprising that the existence of a college in the province or the differen-
tial effect of the war on old cohorts only affected men. Thus the pace of the

12 Card (1993) pioneered the use of geographical variation in college proximity to identify the
effect of schooling on wages.

13 See Thomas (1965).

14 The results for the 51 provincial dummies are available on request.
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Table 1. Auxiliary education equation estimates. (Absolute value
of t-statistics in parenthesis)

Men Women
College within province at 14 0,938 0,013
(2,14) (0,03)
Republican province*1927-1940 cohort —0,735 —0,075
(1,74) (0,16)
19-24 age bracket 1,986 4,965
(4,12) (10,04)
24-29 age bracket 2,339 5,405
(4,94) (10,91)
30-34 age bracket 2,534 4,420
(5,26) (8,92)
35-39 age bracket 1,332 3,580
(2,79) (7,14)
40-44 age bracket 1,406 2,383
(2,96) (4,64)
45-49 age bracket 1,516 2,445
(3,49) (5,03)
50-54 age bracket 0,898 1,196
(2,04) (2,26)
Constant 8,000 4,420
(2,51) (1,37)
N 1986 1701
R-squared 0,13 0,21

increase in schooling acquisition along cohorts is more rapid for women. For
instance, while there are no significant differences in the levels of schooling
between men born in the late fifties and men born in the mid sixties (the 24-29
and 30-34 age brackets respectively), the difference in the expected schooling
level of women in these two cohorts is around one year.

The residual from these regressions is included in the wage equation in
order to perform an exogeneity test on education,!® obtaining a significant ¢-
value for both men and women, which confirms the presumed endogeneity of
schooling.

In table 2 we present the OLS and IV estimates (selectivity corrected in the
case of women)'® for the wage equation and the chi squared statistic for a
Hausman exogeneity test on the job status and sectoral dummies included in
the specification. Although the primary concern of the paper is not the esti-
mated effects at the mean, it is useful to discuss these results for they provide a
benchmark against which the quantile regression estimates might be com-
pared. Also, they are useful to indicate in which direction operates the bias
induced by the endogeneity/measurement error of education. In fact, note
that the results obtained treating education as an exogenous variable generate

5 See Smith and Blundell (1986).

16 We have not found evidence of selectivity problems for the male sample. In the probit equation
for labour market participation we include age, marital status, number of income earners in the
household, a set of educational attainment dummies for the worker and his/her mother and a set
of regional dummies.
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Table 2. Estimates for the conditional mean of the wage distribution. OLS and IV with selec-
tivity correction. (Absolute value of z-statistics in parenthesis)

Estimation method v IV with sel. corr. OLS Heckman
Men Women Men Women
Years of schooling 0,036 0,022 0,034 0,041
(3,80) (1,68) (10,75) (7,49)
Age 0,042 0,052 0,042 0,049
(5,67) (5,87) (5,94) (5,74)
Age squared/100 —0,040 —0,054 —0,042 | —0,051
(4,30) (4,75) (4,70) (4,66)
Job status dummies
Autonomy in working pace 0,132 0,057 0,090 0,048
(5,19) (1,91) (3,63) (1,68)
Autonomy to set working methods 0,121 0,048 0,124 0,046
(3,17) (0,95) (3,39) (0,94)
Directing position 0,519 0,326 0,401 0,268
(10,42) (3,71) (8,15) (3,14)
Supervising position 0,223 0,119 0,161 0,094
(5,71) (2,25) (4,25) (1,81)
Public sector employee 0,210 0,217 0,163 0,191
(5,47) (5,30) (4,37) (4,79)
Dummy for gross wages 0,250 0,213 0,225 0,189
(8,99) (5,93) (8,36) (5,41)
Constant 4,478 4,788 4,561 4,420
(23,99) (16,14) (28,91) | (17,31)
Lambda —0,189 —0,067
(7,82) (2,34)
N 1277 826 1277 826
Chi Squared (16) 24,7 22,4
Adj. R-squared 0,51 0,48 0,53 0,52

The results for the 11 sectoral dummies and 16 regional dummies are available on request.

a greater return to a year of schooling for women and a lower one for men.
When education is instrumented the return to a year of schooling for men
increases slightly (from 3.4% to 3.6%). However, the returns to schooling
shrink by one half for women when the former is instrumented. The direction
of the bias in the case of males is in accordance with the majority of the results
reported in the literature using samples of male workers,!” which suggests
that OLS are biased downwards due to measurement error in schooling. In
contrast, the shrink in the estimate for the returns to schooling in the popula-
tion of women is less common. Indeed, Butcher and Case (1993) report a
downward bias in OLS estimations, much in the same fashion as the results
using male samples. However, there are precedents for this result in the liter-
ature, as Neumark and Korenman (1994) detect an upward bias in OLS esti-
mates when they treat schooling as an endogenous variable using a sample of
females. A potential explanation for this result is that in the case of Spanish
women, the contribution of measurement error to the bias is low in compari-

17 See Card (1994) and Harmon and Walker (1996, 1997).
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son with the contribution of the effect of unobserved intellectual abilities cor-
related with years of education, which render OLS upwardly biased. In view
of the differential pattern of education followed by men and women in the last
decades in Spain (table 1), it is reasonable to expect that the mechanism that
selects the more intellectually able individuals into education has operated
with more strength in the case of women than men.

The returns to education seem to be low in comparison to the reported
estimates in other studies for Spanish workers. For instance, using data from
1990 for a sample of wage earners, Alba-Ramirez and San Segundo (1995)
report a return per year of 7.3% for males and 9.8% for females. In order to
check for the consistency of our results, we estimate a wage equation by OLS
using the same specification as these authors: a constant, a proxy for experi-
ence and its square and years of education (treated as an exogenous variable),
and we obtain estimates of 7.3% for males and 9% for females. Therefore the
apparently small size of our estimates would seem to be due to a fuller speci-
fication of the wage equation.

Turning now to the effects of the job status dummies, and focusing on the IV
estimates, note that while the coefficients on the autonomy to set working pace
and methods autonomy indicators suggest, respectively, a wage premium of 5%
and 4% in the case of women, the male counterparts are large and significant,
with an associated reward of 13% and 12% respectively with respect to the de-
fault category.'® The returns associated to the directing and supervising posi-
tions are greater for men, 51% and 22% respectively, than for women, 32% and
11%. The reward for public employees at the mean of the conditional wage
distribution is roughly equivalent for women (21,7%) and men (21%)."°

4.2. Quantiles of the conditional wage distribution

Tables 3 and 4 present the estimates for the conditional quantile functions
using the same specification as that of the conditional mean, treating educa-
tion as an exogenous or endogenous variable respectively. The selectivity
correction for the women’s wage equation has been carried out along the lines
discussed in Buchinsky (1996). First, we obtain an estimate of the latent index
that determines labour market participation through a standard probit. Then,
we use it as the argument in a power series expansion that approximates the
unknown quantile functions of the truncated bivariate distribution for the error
terms in the wage and the participation equations.?° The covariance matrix
for the two stage quantile regression and the selectivity corrected estimates is
obtained by bootstrapping the design matrix with 100 replications, while the
covariance matrix for the standard quantile regression estimates in the male
wage equation is based on the Koenker and Basset (1978) algorithms.

The pattern of differences in the direction of the OLS bias in the estimates
for the returns to education that we have at the conditional mean is generally
preserved along the conditional quantiles for both men and women, although

18 The associated coefficient for autonomy in setting working methods in the equation for women
is not significantly different from zero however.

19 The differences in public and private sector wages in Spain have been analysed by Garcia et al.
(1997) using quantile regression techniques.

20 Of the alternatives suggested by Buchinsky we use the one based in the inverse Mill’s ratio with
three terms.
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in some instances the loss of precision is big enough to render some coefficients
not significant in the case of women. The two stage LAD estimates for male
workers are greater than the LAD counterparts up to the conditional median
and third quartile. However, at the ninth decile the two-stage LAD estimate is
3.1% while the uncorrected one is 4.4%. In the case of women, the corrected
estimate is always below the uncorrected one.

Concerning the change in the contribution of schooling to the quantiles as
we move along the distribution, note that while the returns to schooling rise
from 3% at the bottom decile up to 4.5% at the third quartile of the male
conditional wage distribution, they are bounded by 2.9% (third quartile) in the
case of women. This suggests that education is a relatively weak source of
overall wage dispersion in Spain.?! Nevertheless, education contributes to
generate wage differentials among genders. Moreover, these results suggest
that increasing the overall level of education in the population would not help
to reduce gender inequality. The reason is that more years of schooling would
make male wages more disperse whereas female wages would not experience a
significative increase in dispersion.

When we focus on the estimates for the job status indicators in table 4, we
detect, on the one hand, that the gap between estimates for the autonomy in
setting the working pace dummy narrows as we move up the pay scale. On the
other hand, there is no clear pattern in the estimates for the autonomy in set-
ting working methods dummy. It should be noted that these two indicators
have a subjective nature and, consequently, there is not much information to
be extracted from their associated coefficients as far as their contribution to
overall wage inequality and gender inequality is concerned. However, they act
as controls for unobserved job characteristics and their effect is significant at
several points of the distribution so there is a clear case for their inclusion in
the specification. The director, supervisor and public employee indicators are,
on the contrary, objective job characteristics and, moreover, their associated
coefficients reveal interesting information for the causes of gender inequality
and its changing size over the wage scale. Firstly, note that the gender gap
between the rewards associated to occupying a directing position widens as we
move up in the conditional wage distribution: 8% in the first decile and 47%
in the ninth decile. Secondly, the same pattern is found in the coefficients
for the supervisor dummy: 6% in the first decile and 13% in the ninth decile.
This suggests that even if women had access to promotions to supervisor
and director posts at the same pace as men, gender inequality would increase
because the induced spread in the wage density would be greater for men than
women. When we inspect the coefficients for the public employee dummy, we
find quite the opposite pattern. The returns are greater for women but the gap
narrows as we move up the pay scale. Note also that the size of the coefficients
for both genders decreases as we move up the pay scale. This suggests that, as
expected, public employment tends to reduce overall wage inequality and also
gender wage inequality.

According to these results, the sources of gender wage inequality among
Spanish workers appear not to reside in differential returns to education but in
sizeable asymmetries in the rewards to job status.

21 The results for Portugal in 1995 reported by Machado and Mata (1999) range from more than
5% at the second decile to more than 10% in the 8" decile.
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Finally, we find that the coefficient of the first correction term for sample
selection is significant and negative in all the quantiles. However, its con-
tribution to wage dispersion among employed women is not clear, although
the value of the parameters displays an inverted U shape throughout the
distribution.

5. The size and decomposition of wage differences over the wage scale

Table 5 presents the predicted mean and the predicted 10th, 25th, 50th, 75th
and 90th quantiles of the log wage distribution conditioned on the vector of
mean characteristics in the sample.?? The table also includes the gender wage
gap calculated from these estimates and the part of the latter that can be
attributed to different returns to the same characteristics.?® For all these
measures we also report bootstrapped standard errors. For comparison, we
also report the observed quantiles of the (marginal) wage densities in the data
appendix.

Note that the predicted mean and all quantiles are always greater for men
than for women. Also, the wage gap that the model estimates predict for
workers with the mean sample characteristics is greater at high salaries. In
particular, the greatest difference is found at the ninth quartile (15.12%), fol-
lowed closely by the gap at the third quartile (15.05%). Note, however, that in
relation to the absolute wage gap, the “‘unexplained by observable character-

Table 5. Predicted wage gaps and decomposition. (Standard errors in parenthesis.)

Quantile | logW,, | log W Wage Gap | X'(bm — br) | X'(bm — br)/Wage gap
10th 6,079 5,9483 0,1307 0,094 0,7192
(0,021) | (0,030) | (0,038) (0,041) (0,511)
25th 6,3068 | 6,1772 0,1296 0,0837 0,6458
(0,017) | (0,019) | (0,025) (0,035) (0,216)
50th 6,5364 | 6,414 0,1224 0,08461 0,6913
(0,013) | (0,016) | (0,020) (0,025) (0,127
75th 6,7724 | 6,6219 0,1505 0,10689 0,7102
(0,016) | (0,018) (0,023) (0,030) (0,139)
90th 6,9973 | 6,8461 0,1512 0,13684 0,9050
(0,027) | (0,031) (0,040) (0,052) (0,190)
Mean 6,5465 | 6,4063 0,1402 0,1042 0,7432
(0,011) | (0,014) (0,018) (0,022) (0,105)

22 We have experimented with alternative vectors of characteristics and the results do not change
substantially.

23 We follow Neuman and Oaxaca (1998) and consider differences in the coefficient for the
selection term (zero in the case of males) as manifestations of discrimination. In this sense, the
female selectivity correction term is included in the part of the wage gap due to discrimination in
our decomposition.
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istics” wage difference is much greater at top salaries, reaching 90.5% at the
ninth decile. It seems clear that the results that we obtain from the conditional
mean estimates, which would suggest that three quarters of the wage gap are
due to different returns to characteristics, fail to represent accurately the pat-
tern of differences encountered along the distribution. Unfortunately, the pre-
cision of these estimates is not very high so the implications we are about
to discuss do not have a conclusive nature. It is clear, therefore, that further
research should be devoted to establish whether the differences detected with
the point estimates are statistically significant. However, the sign and size of
the patterns we have found in the latter suggest some interesting implications
for the methodology of wage gap measurement.

Indeed, the main stylised fact emerging from our results relates to the
measure of discrimination we have defined in section 2. Recall that the main
conceptual issue behind expression (4) resides in the fact that perceptions of
wage discrimination by an individual worker are based on a richer set of
information than that at the disposal of the econometrician. In this sense the
relevant wage gap for a potentially discriminated worker is the wage that
separates her from another worker with not only the same observed charac-
teristics but also the same unobserved characteristics. The econometrician can
approach this wage gap by first identifying the quantile in the conditional
wage distribution for any worker and then measuring the difference up to the
predicted equivalent quantile of the wage density for the other group (con-
ditioning on the same set of characteristics). Finally, this wage gap can be
decomposed as usual into the discriminatory and non-discriminatory compo-
nents. In the case of differences between male and female wage schedules in
Spain, we find that this procedure yields not only different absolute wage gaps
according to the location of the worker in the distribution of wages, but also
that the weight of differential returns to characteristics between the two
groups changes depending on such location.

Moreover, the pattern of unequal gaps between male and female wages
is such that both their absolute size and the portion that can be attributed
to discrimination increase over the pay scale. This pattern could provide an
explanation for the lack of a clear relationship between traditional, condi-
tional mean based, measures of discrimination and the tendency to report
being discriminated against on behalf of women which Kuhn (1987) and
Hallock et al. (1998) report. Our proposed explanation is that the measures
used by these authors might fail to proxy adequately perceived wage discrim-
ination. Also, it is tempting to suggest that the measure we define in this paper
might capture individual perceptions more closely. Unfortunately, we cannot
provide a formal statistical test for such claim since we lack information on
individual perceptions for the women in our sample. However, note that
Kuhn reported a significant and positive effect of the salary level on the
probability of reporting discrimination and, remarkably, our measure of dis-
crimination increases with wages too. An issue of interest in the research
agenda within the area of gender discrimination would consist in checking
whether this pattern is present in other labour markets, and also whether the
measures of discrimination based on quantile regression can explain the prob-
ability that a female worker reports discrimination. If a stable link between
these new measures and subjective perceptions was to be confirmed, the stan-
dard toolbox of statistical measures used in discrimination cases at court-
rooms could be improved.
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6. Summary

The main motivation of this paper is to re-examine the link between subjective
perceptions of discrimination and objective measures that are calculated using
estimates from a wage equation. In order to do so we have used data on a
sample of Spanish workers to estimate the conditional mean and quantiles of
the wage distribution of men and women with a view to quantifying and de-
composing their differences into the part attributable to different character-
istics and the part attributable to different returns to the same characteristics.
In the estimation exercise we take into account the potential endogeneity of
education and the usual selectivity problem in wage equations for females.

Our results suggest that the wage gap increases with the pay scale: while
the wage floor of the best paid 50% of men with average characteristics is es-
timated to be around 12% greater than the wage floor of the best paid 50% of
women, the wage floor for the best paid 10% of men is around 15% greater
than that of the best paid 10% of women. Moreover, the decomposition of the
wage gap in the spirit of the Oaxaca (1973) methodology reveals that the
“unexplained part” is greater both in absolute terms and relative terms as we
move up along the wage scale: while different returns generate a wage differ-
ential of roughly 8% at the first quartile of the conditional wage distribution
and this accounts for two thirds of the full gap, at the ninth decile different
returns generate a difference of more than 13 percentage points, which account
for 90% of the full gap. Even if it is not possible to test formally whether such
differentials are caused by discrimination or unobserved differences in pro-
ductivity, the results are consistent with the reported claims of more frequent
and greater discrimination on behalf of women at high salary levels. There-
fore, given the nature of the data usually available, an attractive way of
proxying subjective perceptions is to use decompositions based on quantile
regression estimates.

Our results also provide evidence on the underlying sources of wage dis-
persion in Spain, which seem to be related to job characteristics, rather than
worker characteristics such as education.
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DATA APPENDIX Descriptive statistics

Men Women
Mean Stand. Dev. | Mean Stand. Dev.

Years of schooling 11,467 4,616 12,412 3,920
Age 37,020 | 10,876 34,045 | 10,471
Dummy for gross wages 0,246 0,431 0,203 0,403
Log(wage) 6,546 0,577 6,406 0,556
Job status dummies

Autonomy in working pace 0,407 0,491 0,412 0,492
Autonomy to set working methods 0,236 0,425 0,139 0,346
Directing position 0,096 0,295 0,030 0,171
Supervising position 0,187 0,390 0,121 0,326
Public sector employee 0,349 0,477 0,462 0,499
Number of observations 1277 826

Men Women

Quantile | Stand. Dev. | Quantile | Stand. Dev.

10th | 5,927 0,023 5,723 0,033
25th | 6,134 0,012 6,001 0,016
50th | 6,489 0,030 6,369 0,027
75th | 6,888 0,029 6,828 0,022
90th | 7,274 0,041 7,051 0,032




