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Endogenous Schooling and the Distribution of
the Gender Wage Gap’

Previous studies on gender wage discrimination have relied on OLS when estimating the
wage equations. However, there exists a number of recent studies, devoted to estimating
the return to education, that have shown that OLS may produce biased estimates for a
number of reasons. Consequently, if we neglect this potential bias in OLS when estimating
the gender wage gap, there is every reason to believe that the estimated wage gaps will also
be biased. We first estimate wage equations using instrumental variables procedures and
panel data, and then investigate the distributions of wage discrimination experienced. We
find overwhelming evidence that OLS seriously overestimate the unexplained gender wage

gap.
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1 INTRODUCTION

Estimating the return to education and the gender wage gap have been the
target for labor economists for decades. In most empirical work, the wage
functions are derived from the Mincer equation (Mincer (1974)), relating
the logarithm of earnings (or wages) linearly to years of education.! For
some time, labor economists have argued that estimating this relationship
by ordinary least squares (OLS) produce biased estimates for at least three
reasons. First, the OLS estimates may suffer from ”ability bias”. Specifi-
cally, if schooling decisions are positively correlated with ability and ability
only enters the wage equation through an additive error term, then it can
be shown that OLS yields estimates that are upward biased. Second, if the
measure of educational attainment (usually years of education) is measured
with error, this will produce a negative bias in the OLS estimates of the re-
turn to education (see Ashenfelter and Krueger (1994) and Griliches (1977)).
Third, schooling attainment can be thought to be a function of ability and
subjective discount rates. If these two arguments are correlated (presumably
negative), this will also bias the OLS estimates (see Card (1995) and Belzil
and Hansen (1998)).

Despite these recognitions of the inability of OLS to obtain consistent es-
timates in wage regressions, OLS have been the predominant estimator in
wage discrimination studies. This is surprising. Arguably, the bias in OLS
will not only affect the wage parameters (such as the return to education),
but also the wage discrimination itself. The heavy reliance on OLS in the
previous literature on gender wage discrimination motivates us to study what
effect treating schooling as endogenous will have on the unexplained gender

wage gap.

Consequently, our first problem is how to obtain consistent estimates of the
wage regressions. One way to reduce the problem of ability bias is to in-
clude proxy variables for labor market ability in the wage equation. Typical
variables that have served as proxies for ability in previous literature are:
scores from IQ-tests (see for instance Blackburn and Neumark (1993) and
Griliches (1977)), and information about family background (see Blackburn

'Recent exceptions are Belzil and Hansen (1998) who estimates the return to education
from a structural, dynamic programming model.



and Neumark (1995) and Lam and Schoeni (1993)). A common result from
all those studies was that when proxy variables were included in the wage
equation, the estimated return to education fell. However, even if these pro-
cedures may reduce the ability bias, we still face problems with bias due to
measurement error and subjective discounting. To overcome these hurdles
we may use instrumental variable techniques. The problem then reduces to
finding suitable instruments. One approach is to use exogenous influences,
that affects schooling attainment. For instance, information on changes in
the minimum school leaving age has been used (see Harmon and Walker
(1995)). Card (1993) used data on proximity to colleges as instrument, with
the motivation that the cost of attending college is lower if there exists a
college close to where the students live. The results from those two studies
indicated that OLS underestimate the true return to education substantially.

When panel data is available, we don’t have to rely on the cross-sectional ap-
proaches outlined above. First, we could assume that ability is an individual
specific, time-invariant effect and estimate the parameters with a fixed-effect
estimator. This would produce unbiased estimates of the return to educa-
tion. However, this rate can only be identified from individuals that return
to school.? Second, since it is difficult to find suitable instruments, we could
adopt a procedure proposed by Hausman and Taylor (1981) (hereafter HT).
They derived a two-stage least-squares random effects estimator, in which
identification is achieved through the use of individual means over time of
the included regressors in the primary equation. The main advantage of this
procedure is that it does not require any exclusion restrictions in order to
identify the system, as opposed to the cross-sectional procedures.

Given a set of consistent estimates of the parameters in the wage equation,
we are able to assess the proportion of the observed gender wage gap that is
attributable to discrimination. To do so, we adopt a methodology suggested
by Jenkins (1994) which is based on the distribution of wage differences. This
approach contrast the standard practice to decompose the average wage gap
into explained and unexplained parts (Oaxaca and Ransom (1994), Blin-
der (1973) and Oaxaca (1973)). As Jenkins argues “the measurement and

2According to our sample, very few individuals return to acquire more schooling (see
the data section). The estimated return would then reflect the marginal return of these
people, and would not necessarily coincide with the average return in the sample.



analysis of earnings discrimination should take into account the complete
distribution of discrimination experienced.” That is, focusing on differences
in averages does not provide a complete picture of the discrimination faced
by women and this measure of discrimination may be consistent with very
different distributions of discrimination. To exemplify, suppose that the un-
explained part of the average wage gap is found to be 10%. From this measure
we are not able to infer whether all women in the sample faces a wage dis-
crimination of 10%, or if half the women experience a discrimination of 20%,
and the other half does not experience any discrimination at all. Clearly,
relying only on differences in averages can be quite misleading.

Another very attractive feature of the distributional approach is the ability
to examine the sources of variations in discrimination. For instance, we
can use this framework to investigate if wage discrimination between men
and women differ both across different individual characteristics (such as
educational attainment) and over time.

The outline of the paper is as follows. In the following section, the empirical
framework is discussed. We briefly outline how we estimate the wage equa-
tions and describe different measures of discrimination. Section 3 provides a
description of the data. Section 4 presents the results, with focus on the size
and composition of the discrimination. In section 5 we test the robustness
of our results to various potential model misspecifications. The paper ends
with conclusions and discussion in Section 6.

2 EMPIRICAL FRAMEWORK

In this section, we will first briefly describe how we obtain consistent esti-
mates of a reduced form wage equation, accounting for endogenous schooling.
After this, we will describe various measures of wage discrimination that has
been used in the literature, both the traditional approach based on decom-
position of differences in average wages, and newer approaches based on the
whole distribution of wage differences.



2.1 ESTIMATING WAGE EQUATIONS WITH ENDOGENOUS SCHOOL-
ING

The empirical relationship to be estimated in this paper follows a traditional
Mincer (1974) equation, that relates the logarithm of hourly wages (LNW};)
to a vector of time-invariant characteristics (Z;) as well as to a vector of
time-varying characteristics (X;;). Formally, the equations to be estimated
are:

LNVV“ =a" + ')/w/Zi + ﬁw/Xz't + ,LL;U + E;lt} YieWw (la)

and

LNWy =a™ +y™Z; + 8™ Xy + pui* + €l Vi e M (1b)

where W denotes the set of women in the sample and M denotes the set
of men. Further, ¢ = 1,..., N* for women, ¢ = 1,..., N for men, and
t = 1,...,T;. Subindex ¢ denotes individuals and subindex ¢ denotes time-
periods. The last two terms of the above relationships concerns the error
structure of the model. Unobserved, time-invariant individual effects (such
as, ability, motivation, etc.) are assumed to be captured in p;, while &;; is the
remainder disturbance, reflecting effects of unobservable variables that vary
both across individuals and over time. It is assumed that: (1) the sequence
{ei} consists of normal i.i.d. random variables with mean zero and variance
02; (2) 4 and p; are mutually independent; and finally, (3) p; is normally
distributed with mean zero and a homoscedastic variance o*i. As argued
in the previous section, there exists compelling evidence that the included
human capital variables (especially years of education) are correlated with
unobserved ability (u;).> When applying instrumental variables techniques
in studies using cross-sectional data, one problem is to find exogenous vari-
ables that can be used as instruments, and at the same time, be legitimately
excluded from the wage equation. When panel data information is available,
individual means over time of all included regressors can serve as valid in-
struments (see HT).% To obtain the estimates of equations (1a) and (1b), we

3Tt is assumed throughout this paper that the stochastic term e;; is uncorrelated with
all included covariates.

4When the panel is balanced, there exists even more efficient instruments (see Breusch,
Mizon and Schmidt, 1989, and Amemiya and MaCurdy, 1986).



modify the HT approach to allow for unbalanced panel following Rosholm
and Smith (1996).

2.2 MEASURING WAGE DISCRIMINATION

As was argued in the introduction, there exists two different ways to measure
wage discrimination. The traditional approach uses the regression estimates
and average observed characteristics (Z and X) to partition the average (log)
wage gap into explained and unexplained parts. Formally, we can write this
as:

LNW" -INW" = (Z"-Z")7"+ (X" -X")g" + (2)
7w(ﬁm . ;y\w) —}—Yw(ﬁm . ﬂu})

where the first two terms represents the part of the observed average wage
gap that is attributable to differences in characteristics, and the last two
terms summarizes the discrimination. In the above equation we have implic-
itly assumed the male parameter set as the non-discriminatory (or reference)
parameter set, that is, the return to observables women would face in the
absence of discrimination. While this decomposition is attractive in its sim-
plicity, it is not capable of describing distribution of discrimination.

Instead of relying on differences in averages, it is more appealing to compare
the whole distributions of predicted wages. As a starting point, we need to
predict wages for women under two different regimes, one using the set of
parameters from the regression based on the female sample, and one using
the male parameter set. Specifically, we have:

-~ ~w | ow 2w L ~ .
g = exp(a” + 3" Z; + 0 X + §(in +52,)) Vie W (3a)

and

~ 1
ri = exp(@™ +3™ Zi + ™ Xir + §(aim +52,)) Vie W (3b)



where 7; can be thought of as the reference wage, that is, the wage woman i
would receive in the absence of discrimination.® The problem in this frame-
work is how to summarize all the information contained in these two distri-
butions. Jenkins (1994) proposed a number of measures for analyzing the
joint distribution of wage differences. The first of these is related to the Gini
coefficient, and is based on the area between the Generalized Lorenz Curve
(GLC) and the Generalized Concentration Curve (GCC).% In the case of no
discrimination, these two curves will coincide and the larger the area between
the curves is, the more discrimination there is. Formally, this index (C) is

defined as:
1 T—7 1\? (7 — i
2Nw 0] Nw ZGZW ] ( )

where 7 and 7 denotes average of respective distribution. This index incorpo-
rates the differences in means as in traditional decomposition approaches but
also includes a term which is the predicted wage gap weighted by a woman’s
rank in the predicted wage distribution.

The second measure of wage discrimination suggested by Jenkins (1994) is
related to C but introduces a new parameter («) that incorporates the degree
of aversion against discrimination. The index is defined as:

Ja:Zwi(l—d;a)zl—Zwid;a (5)

icW icW

where

~
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®These two measures are similar to two of the measures presented in Jenkins (1994).
However, since the wage rate is log-normal distributed, we need to include the estimates of
the variances within the exponential brackets. Further, by assumption, the two variance
components are independent, hence, Var(u; + €;¢) = Var(p;) + Var(ei).

6GLC is obtained by ordering women in ascending order of observed wage and plot
the cumulative wage per capita against cumulative sample share. GCC is obtained in a
similar fashion except that observed wages are replaced by the predicted reference wages.
However, the ordering remains the same as for GLC. For more details, see Jenkins (1994).
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The variable d; is a normalized wage gap (the gap for a woman relative to
the mean of the reference distribution) and w; is woman i:s wage share. J,
allows us to aggregate the wage gaps in different ways using different values
of . Higher values for a corresponds to greater degree of discrimination
aversion. The aversion parameter can be thought to represent the increase
in wages required to compensate a women for a small increase in the wage

gap.

In the result section below, we will report the values of these indices using
both OLS and the HT approach to estimate the wage regression parameters.
These indices will also be compared with more conventional measures of
discrimination based on differences in averages.

3 DATA

The empirical model outlined above is implemented on a sample of labor
force participants extracted from the Swedish survey ”Household Market
and Nonmarket Activities (HUS)”. The HUS survey is devoted to the con-
struction of a reliable data base which can be used to study the dynamics of
household behavior. The first wave of HUS took place in 1984, and provides
detailed information on a random sample of about 2,300 Swedish households.
Information was gathered in a personal interview, and the questions cover
a broad set of information, such as: family background, education, market
work experience, family composition, labor market status at the time of the
interview, child care arrangements, wages and incomes, and family composi-
tion. The second wave took place in 1986, where the respondents from 1984
were contacted again. Also, a new additional sample was questioned. The
participants in 1986 were later contacted in 1988 and in 1991 (with a limited
amount of questions) and in 1993. Finally, the most recent wave took place
in 1996.7

"For more details on coding procedures, see Klevmarken and Olovsson (1993).




The panels used in this paper are composed from the following waves: 1984,
1986, 1993, and 1996. Since we lack information on some of the included
variables for the two waves in 1988 and 1991, they are not included in this
study. Individuals for whom information concerning the included variables
was missing were excluded. The upper age limit was set to 65 years of age. In
addition, we excluded individuals who reported that they were self-employed.
Further, only those individuals that are working are considered in this study.®
After these selections, we were left with 545 males, and 472 females.

Another important selection we have to do is to exclude those who have left
the panel. There exist a growing literature on how to account for the potential
bias this introduces (for a recent survey, see Vella (1998)). It is however
beyond the scope of this paper to correct for this problem. In Tables 1 and
2, we present sample descriptives for both those individuals included in our
sample but also for those who attrited from the panel (in other word, those
who only participated in one survey). From these tables we can conclude that
there does not seem to be any systematic difference between those who stayed
in the panel and those who left. Those individuals who left the panel have
on average slightly lower work experience and wages, but apart from that
the samples seem to be similar. We take this as an indication that attrition
from this panel does not introduce any serious bias of our estimates.”

Information on wages and incomes comes from two sources, and all refers
to the previous year. For about two thirds of the sample, this information
was collected from the Swedish tax registers, which ensures a high degree of
accuracy. For the remaining one third, this information was collected during
the interview. The wage measure used in this paper was constructed as the
ratio of the individuals annual labor income to their annual hours of work.!°
Hours of work includes both hours spent on extra work and/or overtime.

The education and market work experience variables are the reported actual
years of each activity. The first time the individuals participates in the

8This may introduce selection bias that should be controled for during estimation. We
will discuss this later in section 5.

9We have also estimated the wage equations with OLS for those who have attrited. For
details, see section 5.

10The hourly wage rate was deflated by consumer price index using 1983 as the base
year.



survey, they are asked about how many years of schooling and market work
experience they have had. In subsequent surveys, individuals are asked to
report their labor force status month by month since they last participated.
Using this information, we can identify possible changes in both years of
education and market work experience between the survey times.

The remaining covariates in the model are defined as follows: four binary
variables concerning the educational status of the parents corresponding to
medium schooling (essentially high school equivalent education and voca-
tional schooling), and to high schooling (a university degree or at least some
university education); we also include one binary variable indicating whether
the person’s mother worked or not while growing up; two binary variables
concerning the work status of the father while growing up (the first is equal
to one if the father was farmer, and the second is equal to one if the father
was a blue-collar; hence, the excluded category is those whose father was
a white-collar), a binary variable that is equal to one if both parents were
born outside Sweden, two binary variables identifying the area of residence
(medium-sized city or countryside), and a binary variable which is equal one
if the person is married. In addition to these variables, time dummies are
included to capture macro-economic shocks and general wage inflation. Fi-
nally, we also included two age dummies to capture possible cohort effects
both on wages and on schooling.

4 EMPIRICAL RESULTS

In this section, we first discuss the estimated coefficients from the wage equa-
tions. Special attention is devoted to determine the effect of ability and en-
dogeneity on the returns to human capital. The size and composition of the
gender discrimination are discussed in sections 4.2 and 4.3.

4.1 WAGE ESTIMATES AND RETURNS TO HUMAN CAPITAL

The results from the wage regressions for males are presented in Table 3, and
the female results are in Table 4. The first column in these tables refers to
estimates obtained by OLS and in the second column, the HT estimates are
reported.
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Family background variables (dummy variables indicating parents’ educa-
tion, parents’ work status, and whether both parents were born outside Swe-
den or not) are included because they are believed to capture some of the
effects of pre-school investments, and hence ability on the labor market. For
instance, if both parents were born outside Sweden, this may affect the child’s
possibility to profit from education. Similarly, the level of parents’ educa-
tion and their working status may be thought of as indicators of intellectual
stimulus received from the parents. However, most of the effects of family
background on wages are insignificant both for males and for females, even if
there seems to exist a positive relationship between parents’ education and
wages. One exception is the immigration status of the parents. If both par-
ents were born outside Sweden, this has a significant and negative effect on
male wages, but not on female wages. The estimates in Tables 3 and 4 shows
that persons whose fathers were blue-collars have lower wages, a result that
holds for both males and females. Further, individuals residing outside ur-
ban areas (Stockholm, Géteborg, and Malmé) have lower wages, especially
those living in the countryside. Concerning the effect of marriage on wages,
we find a surprising result. Being married or cohabiting does not seem to
influence male wages, but for females there is positive and significant effect.
Married women’s wages are about 6% higher than wages for single women.
This is indeed surprising, as one would expect married women’s wages to be
lower than those of single women because of work interruptions due to child
bearing. Our result may then indicate that the depreciation rate of human
capital is quite low in Sweden. The marriage coefficient for males is also
contradicting most previous work, which has documented a positive effect of
marriage on male wages. Finally, the results also reveal that there has been
an increase in real wages over the time of about 10% for both males and
females.

Another interesting result from Tables 3 and 4 is the quite large difference
in returns to human capital between genders. For males, an additional year
of schooling implies a wage gain of about 3.5% (in the OLS case), while this
figure is only 2.9% for females. Regarding market work experience the gender
difference is even larger, an increase with one percent raise male wages with
about 0.2% and female wages with only 0.1%. Allowing for schooling to
be endogenous has a dramatic effect on the estimated returns. For males,
the return increases to over 6%, an increase of 80%. This result is in line

11



with much of the previous work on endogenous schooling and the return
to education, which have typically found that OLS underestimates the true
return. For females however, the return decreases to 0.7%, a drop of over
75%. This result is surprising but confirm that the return differs substantially
between gender. However, the female return using HT is estimated without
precision, and it is not significantly different from the OLS estimate. We
will return later in the next section to check the robustness of this result,
especially concerning the identifying assumptions made.

Finally, we note that the values of the Hausman test statistics (T'EST) in-
dicates that instrumentation of the schooling variable is sufficient to remove
any correlation between the individual specific terms (ability) and the re-

maining regressors, as the null hypothesis of zero correlation is not rejected
for males (TEST = 0.079) or for females (TEST = 0.490)."

4.2 'THE SIZE OF THE GENDER WAGE GAP

In Tables 5 we present summary statistics for two different distributions of
discrimination. The first set of rows refers to the raw wage gap (defined
as 7; — ¥;), while the second set of rows refer to the distribution of wage
differentials expressed as percentages. Concerning the raw wage gap, we
note that for 3% of the women in our sample they would actually be worse
off if they faced the male return to observables. However, a vast majority
would receive higher wages if they faced the same returns as men. When
we treat schooling as endogenous, this proportion is somewhat lower (86%
instead of 97%). We further note that the raw wage gap differs substantially
between the two estimation approaches. The average wage gap is 6.5 SEK
when estimating with OLS but only 4.6 SEK when estimating with HT, a
difference of about 40%. That is, the results indicate that OLS substantially
overestimates the true gender wage discrimination.

In the second set of rows in Table 5, we again see that the unexplained
wage differential is much higher in the OLS case. Moreover, we observe a
wide range of the differentials. In the OLS case, the mean unexplained wage
differential is about 14%. However, a closer look at the distribution reveals

The associated critical values for this test statistic are: 26.0 at the 10%-level and 28.9
at the 5%-level.
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that for some women the differential is as high as 43% while for some in
the lower end of the distribution, the differential is negative. These results
clearly show that there is much more information available than what a
traditional decomposition of difference in averages would reveal. Concerning
the differentials when using HT, we find the same pattern as for OLS, but
with even higher variation.!'?

It is also informative to illustrate the complete distribution of discrimination
graphically using the Generalized Lorenz Curve (GLC) and the Generalized
Concentration Curve (GCC). In Figure 1 we have drawn the GLC for both the
OLS case (GLCO) and for the HT case (GLCHT). In addition, we have also
included the GCC for both cases GCCO (OLS) and GCCHT (HT). The first
thing we note is that the GCC lies everywhere above the GLC. This is true
for both OLS and for HT. This indicates that wage discrimination is present
over the whole distribution.'® Further, the curves in Figure 1 confirm the
difference in discrimination between OLS and HT since the curves associated
to OLS lies everywhere above that of HT. This strengthens our conclusion
that OLS tend to overestimate the unexplained gender wage gap.

In Table 6 we present values of the various indices described in section 2.2.
We also report the percentage difference between 7 and 7, evaluated at sample
means. We refer to this measure as D f. This measure is essentially identical
to the traditional measure based on differences in average wages (equation
2). In the first column, we report the values when the wage equations were
estimated with OLS and in the last two when we used HT. Again, the results
are consistent with what we have seen above. OLS yields substantially higher
measures of discrimination, regardless of which index we use (C or .J) and
which value on the discrimination aversion parameter () we use. The results
in the third column are based on a version of our original HT approach. The
difference is that we also use indicators for minimum school leaving ages as
instruments, in addition to the averages across time of the included variables

120ur OLS results are similar to results from previous Swedish studies, who have typ-
ically found discrimination to be around 10%-15% (see Andersson (1995) and Palme and
Wright (1992)).

I3Note that this does not conflict with the results in Table 5 where a small share of
the sample had negative raw wage gaps, since GLC is defined as Zle Ui/N" against

p=k/N" and GCC is defined astZl 7;/N™ against p.
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in the wage equation.'* This serves as a validity and robustness check of our
original HT results. As can be seen, the values of the different indices do
not differ much between the two HT approaches. The index values using the
extra information on school leaving age implies slightly higher discrimination
than our original HT values. However, there is still a substantial difference
between the new HT values and the OLS values.

As a last check of the validity of the difference between OLS and HT in terms
of discrimination, we have calculated Generalized Lorenz (GL) and Inverse
Generalized Lorenz (IGL) ordinates for the absolute raw wage gap (|77 — 7).
The results are presented in Table 7. These results serve as discrimination
dominance check and as can be seen, the ordinates for OLS lies everywhere
above those of HT. This is true both regarding the GL ordinates as well as
for the IGL ordinates. The results presented in Tables 5 to 7 have shown
overwhelming evidence that OLS may seriously overestimate the unexplained
gender wage gap.

4.3 'THE COMPOSITION OF THE GENDER WAGE GAP

In Table 8 we have decomposed the distributional index by different sample
subgroups. The objective is to investigate which groups of women are worse
of in terms of wage discrimination. In doing that, we focus on two measures
only: the traditional measure (D f) and the J,-index (using oo = 0.25). Fur-
ther, since we have clearly shown the difference between OLS and HT, we
only use wages predicted using HT.

As a reference we include the values of Df and J for the whole sample. As
can be seen, Table 8 contains some very interesting results. First, gender
wage discrimination differs substantially across educational groups. Among
the low educated, the unexplained wage differential is about 8%. However,
among those with a college degree, this differential is almost 14%. This is
clearly a result of the very low return to education we have seen for females.

An interesting result is the larger discrimination (15%) among women whose
mothers are highly educated. An intuitive explanation for this is the in-

14Using this type of information as potential instruments was suggested by Harmon and
Walker (1995). Sweden has experienced a number of exogenous changes in the educational
system over time, and it is natural to use this information here.
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tergenerational transfer of human capital from mothers to daughters, which
is confirmed in our first stage regression results (not reported here to save
space). This implies that daughters of highly educated mothers have on
average higher education, and as we have seen, face higher discrimination.

Another interesting question is whether wage discrimination is a cohort re-
lated problem. We may expect that women from older cohorts are more
discriminated in terms of wages. This expectation is also confirmed in Table
8, where we see that the average unexplained wage differential among young
women (younger than 35) is only around 5%, while that of older women
is twice as high (around 10%). We can also see that wage discrimination
differs substantially across different values of work experience. The average
unexplained wage gap among those women with more than 25 years of work
experience is over 20%. This fact has at least two explanations: First, there
is a large difference in return to work experience between men and women.
Second, the strong correlation between age and work experience implies that
part of this increase in discrimination can be attributed to age differences.

Finally, we see that there seems to be a time trend in the gender wage gap.
In 1983, the average unexplained wage gap was only 5.5% while in 1995,
this had increased to 16.6%. A possible explanation for this is the increased
wage dispersion in Sweden since the beginning of the 1980s (see Edin and
Holmlund (1995)).

5 ROBUSTNESS OF THE RESULTS

In an attempt to explore the robustness of our HT results towards possible
over-identification, the HT estimates were also obtained using different in-
strument sets. The results from this sensitivity analysis is found in Tables A1
and A2 in appendix. In the first column of these tables we present the wage
equation estimates when the time dummy and the age dummy variables were
excluded from our set of instruments. In the second column, we report esti-
mates when the only time-varying variables included among the instruments
were the time dummy and the age dummy variables. Hence, in this case,
identification hinges on variations in participation rates in the panel, while
in the first case identification is mainly achieved through variations in work
experience. The third column shows results when we included indicators for
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exogenous changes in the Swedish educational system. We have already seen
that this did not change the discrimination indices much, and as can be seen
from Tables Al and A2, the estimates are similar to those reported in Tables
3 and 4. This is true regardless of which IV-set used and we take this result
as an indication that over-identification is not a problem.

Whenever we use panel data for estimation purposes, we have to be concerned
with non-random attrition from the panel. In HUS, there has been a quite
substantial drop out of the panel and it is essential to check if this may affect
our results. In order to evaluate if those who left the panel are systematically
different from those who stayed, we estimated wage regressions only on those
who left the panel. The results from these OLS regressions are shown in the
first column of Tables A3 (males) and A4 (females). Among those estimates
that are significant, the results are virtually identical to those reported in
Tables 3 and 4. We take this, together with the similarities in the data that
was described in section 3, as an indication that attrition is not a major
problem in this study.

As a final check of the robustness of our results, we have estimated versions
of Heckman’s two-step method to investigate if the fact that we focus only
on working individuals imposes any bias. However, the participation rates in
market work in Sweden were very high in the 1980’s and 1990’s, both for men
and women. This fact may reduce the importance of adjusting for this type
of selection. The results are shown in column two of Tables A3 (males) and
A4 (females). Again, the estimates are very similar to the ones reported in
Tables 3 and 4, and further, the selection correction terms are not significant
at any conventional level.

6 CONCLUSIONS

The purpose of this paper has been to study how the unexplained wage gap
is affected by treating years of education in a traditional wage equation as
endogenous. There exists a number of recent studies that have documented
a significant difference between the OLS estimates and the IV estimates of
the return to education. However, it has been proven difficult to find legiti-
mately instruments. Using panel information on a sample of Swedish labor
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force participants, we adopted a random effects instrumental variable esti-
mator derived by Hausman and Taylor (1981) that uses variation over time
to identify the system of equations. For males, the return to education is
significantly higher when we use IV (6.3%) than when we use OLS (3.5%).
This tendency of OLS to underestimate the return to education has also
been found in previous work. However, for females we found no significant
difference between the OLS estimate and the IV estimate. In contrast to the
results for males, the IV estimate of the return to education was lower than
the corresponding OLS estimate.

In order to access the impact of biased wage estimates on the unexplained
gender wage gap, we compared the distributions of predicted female wages
using both male and female estimates, following Jenkins (1994). The results
showed that the estimated wage differential was substantially higher (about
40%) using OLS than when using IV. The estimated wage gap using OLS
was around 14%, while it was only 10% using IV. The main explanation for
this reduced wage gap is the increased difference in return to human capital
in combination with the fact that women have lower accumulated education,
and especially work experience, in our sample. Our results were robust both
towards different sets of instruments as well as towards a number of different
ways to measure wage discrimination. When we investigated the unexplained
wage gap for different subgroups of our sample, we found some additional
interesting results. First, the degree of wage discrimination differs across age
cohorts. Among the youngest women, the unexplained wage gap was found
to be around 5% while it was twice as high for older women. We also saw
that the wage gap has increased over time from 5.5% in 1983 to over 16% in
1995.
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Table 1. Descriptic statistics for the male samples.
Standard deviations in paranthesis.

Variable Used Sample Attrited Sample
Mean Mean
% fathers medium schooling 20 19
% fathers high schooling 10 14
% mothers medium schooling 19 20
% mothers high schooling 5 8
% fathers were farmer 28 35
% fathers were blue collar 43 37
% mothers never worked 55 53
% parents were immigrants 6 10
Education (years) 11.65 11.40
(3.17) (3.66)
Experience (years) 24.08 22.67
(10.59) (12.96)
% residing in medium-sized cities 55 47
% residing in countryside 21 21
% married or cohabiting 88 85
% age less than 35 20 31
% age between 35 and 55 68 52
Wage per hour (1983 SEK) 53.73 49.32
(14.71) (15.25)
Number of individuals (N) 545 696
Number of observations (NT) 1339 696
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Table 2. Descriptic statistics for the female samples.
Standard deviations in paranthesis.

Variable Used Sample Attrited Sample
Mean Mean
% fathers medium schooling 15 20
% fathers high schooling 11 12
% mothers medium schooling 18 22
% mothers high schooling 5 7
% fathers were farmer 34 37
% fathers were blue collar 41 36
% mothers never worked 55 52
% parents were immigrants 9 10
Education (years) 11.46 11.27
(3.17) (3.36)
Experience (years) 17.37 15.15
(9.09) (10.04)
% residing in medium-sized cities 53 49
% residing in countryside 20 18
% married or cohabiting 88 85
% age less than 35 19 31
% age between 35 and 55 67 53
Wage per hour (1983 SEK) 43.98 41.91
(12.07) (12.47)
Number of individuals (N) 472 737
Number of observations (NT) 1141 737
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(T-statistics in Parenthesis)

Variable

Intercept

Father medium schooling
Father high schooling
Mother medium schooling
Mother high schooling
Father was farmer
Father was blue collar
Mother never worked
Both parents immigrants
Education

Experience

Experience? /100

Resides in medium-sized cities
Resides in countryside
Married or cohabiting
Year 1986

Year 1993

Year 1996

Age less than 35

Age between 35 and 55
O:

O

Mean of 6,

TEST

=2

R

22

OLS

3.303 (47.04)
-0.019 (1.16)
-0.046 (1.84)
0.018 (1.03)
0.114 (3.69)
-0.055 (3.07)
-0.052 (3.13)
-0.008 (0.64)
-0.121 (4.80)
0.035 (14.96)
0.016 (4.29)
-0.015 (2.17)
-0.056 (3.70)
-0.099 (5.32)
0.013 (0.67)
0.012 (0.73)
0.102 (5.97)
0.096 (5.26)
-0.038 (0.99)
0.026(0.90)
0.220

0.338

Table 3. Estimated coefficients of wage equations (Males).

HT

2.833 (16.13)
-0.050 (1.68)
-0.093 (1.98)
0.013 (0.46)
0.085 (1.61)
-0.047 (1.57)
-0.030 (1.06)
-0.013 (0.59)
-0.081 (1.92)
0.063 (5.49)
0.018 (4.49)
-0.011 (1.54)
-0.029 (1.35)
-0.045 (1.59)
0.011 (0.49)
0.011 (1.06)
0.092 (5.59)
0.080 (3.94)
0.046 (1.38)
0.067 (2.78)
0.133
0.232
0.643
0.079

0.660



(T-statistics in Parenthesis)

Variable

Intercept

Father medium schooling
Father high schooling
Mother medium schooling
Mother high schooling
Father was farmer
Father was blue collar
Mother never worked
Both parents immigrants
Education

Experience

Experience? /100

Resides in medium-sized cities
Resides in countryside
Married or cohabiting
Year 1986

Year 1993

Year 1996

Age less than 35

Age between 35 and 55
O:

Oy

Mean of 6;

TEST

=2

R

23

OLS

3.246 (57.67)
0.056 (2.59)
-0.010 (0.34)
0.001 (0.58)
0.065 (1.89)
-0.040 (1.86)
-0.031 (1.50)
-0.015 (0.96)
-0.019 (0.77)
0.029 (11.23)
0.010 (3.63)
-0.012 (2.02)
-0.011 (0.66)
-0.039 (1.82)
0.060 (2.70)
0.014 (0.70)
0.081 (4.02)
0.046 (2.12)
-0.060 (1.91)
0.011 (0.48)
0.237

0.219

Table 4. Estimated coefficients of wage equations (Females).

HT

3.426 (15.34)
0.090 (1.93)
0.023 (0.40)
0.039 (0.81)
0.119 (1.62)
-0.041 (1.02)
-0.034 (0.87)
-0.008 (0.28)
-0.015 (0.32)
0.007 (0.35)
0.008 (2.08)
-0.009 (1.11)
0.009 (0.34)
-0.023 (0.70)
0.054 (1.61)
0.019 (1.34)
0.110 (5.09)
0.089 (3.40)
0.024 (0.62)
0.051 (1.81)
0.163
0.293
0.627
0.490

0.518



Table 5. Summary statistics for male/female wage distributions.

OLS HT
Raw wage gaps
Mean 6.470 4.610
Median 6.037 3.906
Minimum -5.098  -7.489
Maximum 24.844  25.269
Std Dev 3.974 4.811
% positive 97% 86%
Differentials (%)
Mean 14.173  10.188
Median 14.045 9.184
Minimum -13.771 -17.862
Maximum 42.874  53.444
Std Dev 7.611  10.362

Table 6. Distributional discrimination index estimates.

Index OLS HT* HT?
Df 13.92 971 11.368
C 0.065 0.045 0.054

Jo a=025 0.031 0.025 0.027
a=20.>5 0.060 0.050 0.053
a=1 0.116 0.096 0.102
o =2 0.216 0.177 0.189
a=5H 0.438 0.362 0.386
a =10 0.653 0.547 0.582

Note: The results using HT! is based on the estimates reported in Tables
3 and 4. In HT? we have included indicators for minimum school leaving
ages as extra identifying variables.
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Table 7. Discrimination dominance checks.

Generalized Lorenz Inverse Generalized

ordinates for Lorenz ordinates for
7 =7 T

Cumulative

sample share OLS HT OLS HT
0.10 0.439 0.257 0.883 0.731
0.20 0.921 0.570 1.614 1.217
0.30 1.438 0.918 2.441 1.804
0.40 2.042 1.347 3.188 2.389
0.50 2.637 1.746 3.828 2.860
0.60 3.282 2.221 4.428 3.263
0.70 4.030 2.806 5.033 3.692
0.80 4.856 3.392 5.550 4.040
0.90 5.588 3.879 6.031 4.353
1.00 6.471 4.610 6.471 4.610
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Table 8. Decomposition of distributional index
by sample subgroup (using HT)

Variable Sample Df J,

proportion (%) a=0.25

All 100 9.711 0.025
Primary education 46 8.253 0.024
High school 35 9.552 0.024
College/University 19 13.697  0.031
Parents immigrants 9 0.662 0.018
Mother medium or high 24 14.916  0.033
schooling

Father medium or high 26 8.915 0.025
schooling

Reside outside urban area 72 8.704 0.024
Married or cohabiting 90 8.454 0.023
Age less than 35 18 5.354 0.017
Age between 35 and 55 68 11.062  0.027
Age over 55 14 9.270 0.027
Experience < 15 44 4.402 0.017
Experience between 15 and 25 38 11.337 0.026
Experience over 25 18 20.388 0.040
Year = 1983 26 5.510 0.018
Year = 1985 27 6.439 0.020
Year = 1992 26 12.140  0.027
Year = 1995 21 16.635  0.034
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8 APPENDIX

Table Al. Estimated coefficients of wage equations
using different instruments (Males).
(T-statistics in Parenthesis)

Variable IV-set 1 IV-set 2 IV-set 3

Intercept 2.483 (5.61) 2.682 (1.83) 3.052 (20.83)
Father medium schooling -0.071 (1.80) -0.059 (0.65) -0.037 (1.29)
Father high schooling -0.140 (1.92) -0.113 (0.57) -0.064 (1.44)
Mother medium schooling 0.007 (0.21)  0.011 (0.26 0.018 (0.61)

Mother high schooling
Father was farmer
Father was blue collar
Mother never worked

(
0.059 (0.93)
-0.037 (1.10)
-0.014 (0.38)
-0.012 (0.49)

(1.10)

)

0.073 (0.61)
-0.043 (0.83)
-0.023 (0.31)
-0.012 (0.53)
(0.66)

(
0.101 (1.97)
-0.053 (1.82)
-0.040 (1.46)
-0.014 (0.64)

(2.33)

Both parents immigrants -0.057 (1.10) -0.071 (0.66) -0.096 (2.33
Education 0.087 (2.86)  0.073 (0.72)  0.047 (5.13)
Experience 0.020 (4.07)  0.019 (1.79)  0.016 (4.25)
Experience?/100 -0.010 (1.35) -0.011 (1.32) -0.012 (1.65

Resides in medium-sized cities

(1.35)
-0.020 (0.82)
(0.64)

(1.32)
-0.025 (0.60)

(1.65)
-0.034 (1.64)
(2.12)

Resides in countryside -0.024 (0.64) -0.036 (-0.40) -0.058 (2.12
Married or cohabiting 0.005 (0.20)  0.008 (0.24)  0.014 (0.68)
Year 1986 0.007 (0.63)  0.009 (0.51)  0.013 (1.29)
Year 1993 0.075 (2.84)  0.085 (1.15)  0.103 (6.60)
Year 1996 0.056 (1.60)  0.070 (0.68)  0.095 (5.01)
Age less than 35 0.073 (1.57)  0.058 (0.50)  0.030 (0.92)
Age between 35 and 55 0.077 (2.78)  0.071 (1.50)  0.061 (2.58)
0. 0.139 0.135 0.131
oy 0.234 0.232 0.232
Mean of 6; 0.646 0.643 0.643
R’ 0.625 0.648 0.671

Note: In IV-set 1, the time dummy variables and age dummy variables

are excluded from the instruments. In IV-set 2, the only time-varying in-
struments are the time dummy variables and the age dummy variables. In
IV-set 3 we have added indicators for minimum school leaving age.
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Table A2. Estimated coefficients of wage equations
using different instruments (Females).
(T-statistics in Parenthesis)

Variable

Intercept

Father medium schooling
Father high schooling
Mother medium schooling
Mother high schooling
Father was farmer
Father was blue collar
Mother never worked
Both parents immigrants
Education

Experience

Experience? /100

Resides in medium-sized cities

Resides in countryside
Married or cohabiting
Year 1986

Year 1993

Year 1996

Age less than 35

Age between 35 and 55
O:

Oy

Mean of 6;

i

IV-set 1

3.335 (4.26)
0.079 (0.78)
0.011 (0.09)
0.026 (0.23)
0.102 (0.64)
-0.037 (0.76)
-0.031 (0.66)
-0.007 (0.23)
-0.011 (0.20)
0.015 (0.21)
0.009 (1.83)
-0.010 (1.11)
0.007 (0.22)
-0.020 (0.55)
0.060 (1.09)
0.018 (1.12)
0.105 (2.32)
0.083 (1.41)
0.018 (0.30)
0.047 (0.96)
0.161
0.293
0.627

0.523

IV-set 2

3.537 (14.40)
0.104 (2.14)
0.038 (0.64)
0.054 (1.09)
0.139 (1.83)
-0.045 (1.12)
-0.037 (0.96)
-0.010 (0.34)
-0.019 (0.42)
-0.003 (0.15)
0.008 (1.97)
-0.010 (1.10)
0.011 (0.42)
-0.026 (-0.79)
0.048 (1.38)
0.020 (1.40)
0.116 (5.15)
0.097 (3.54)
0.030 (0.78)
0.057 (1.96)

0.165

0.290

0.624

0.509

IV-set 3

3.488 (16.56)
0.099 (2.12)
0.032 (0.55)
0.047 (1.01)
0.130 (1.80)
-0.043 (1.08)
-0.036 (0.92)
-0.009 (0.32)
-0.017 (0.37)
0.001 (0.07)
0.008 (2.02)
-0.010 (1.10)
0.010 (0.39)
-0.024 (0.75)
0.051 (1.51)
0.019 (1.38)
0.113 (5.31)
0.094 (3.63)
0.028 (0.73)
0.055 (1.94)
0.164
0.293
0.627

0.513

Note: In IV-set 1, the time dummy variables and the age dummies are

excluded from the instruments.

In IV-set 2, the only time-varying instru-

ments are the time dummy variables and the age dummies. In IV-set 3 we
have added indicators for minimum school leaving age.
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(T-statistics in Parenthesis)

Variable

Intercept

Father medium schooling
Father high schooling
Mother medium schooling
Mother high schooling
Father was farmer
Father was blue collar
Mother never worked
Both parents immigrants
Education

Experience

Experience? /100

Resides in medium-sized cities
Resides in countryside
Married or cohabiting
Year 1986

Year 1993

Year 1996

Age less than 35

Age between 35 and 55
O:

Selection correction term

29

Attrited
Sample

3.130 (29.99)
0.044 (1.46)
0.055 (1.38)
-0.005 (0.18)
0.012 (0.27)
0.012 (0.42)
0.027 (0.91)
0.024 (1.05)
-0.093 (2.84)
0.034 (9.79)
0.019 (3.95)
-0.025 (2.76)
0.004 (0.16)
-0.045 (1.53)
0.079 (2.70)
-0.017 (0.72)
0.106 (4.26)
-0.080 (1.32)
-0.010 (0.22)
0.257

Table A3. Estimated coefficients of wage equations (Males).

Full
Sample

3.211 (41.49)
-0.015 (0.90)
-0.081 (3.17)
0.021 (1.64)
0.135 (4.19)
-0.071 (3.91)
-0.061 (3.60)
-0.009 (0.65)
0.138 (5.05)
0.035 (14.77)
0.024 (6.91)
-0.030 (-4.47)
-0.055 (3.55)
-0.104 (5.53)
0.001 (0.03)
0.012 (0.72)
0.095 (5.10)
0.072 (3.79)
-0.007 (0.15)
0.016 (0.43)
0.233
0.019 (0.13)



(T-statistics in Parenthesis)

Variable

Intercept

Father medium schooling
Father high schooling
Mother medium schooling
Mother high schooling
Father was farmer
Father was blue collar
Mother never worked
Both parents immigrants
Education

Experience

Experience? /100

Resides in medium-sized cities
Resides in countryside
Married or cohabiting
Year 1986

Year 1993

Year 1996

Age less than 35

Age between 35 and 55
O:

Selection correction term
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Attrited
Sample

3.466 (47.90)
-0.030 (1.10)
0.026 (0.67)
-0.003 (0.10)
0.075 (1.64)
-0.061 (2.17)
-0.058 (2.07)
-0.002 (0.08)
-0.042 (1.30)
0.022(6.22)
0.003 (0.74)
0.004 (0.41)
-0.028 (1.26)
-0.052 (1.76)
0.048 (1.76)
-0.012(0.52)
0.066(2.76)
-0.146 (3.55)
-0.037 (1.11)
0.259

Table A4. Estimated coefficients of wage equations (Females)

Full
Sample

3.254 (40.99)
-0.050 (2.38)
-0.022 (0.79)
-0.002 (0.10)
0.081 (2.30)
-0.054 (2.56)
-0.047 (2.26)
-0.006 (0.41)
-0.015 (0.60)
0.027 (10.05)
0.011 (2.83)
-0.013 (1.72)
-0.008 (0.49)
-0.044 (2.09)
0.058 (2.63)
0.014 (0.62)
0.078 (3.95)
0.040 (1.54)
-0.052 (1.61)
0.024 (1.00)
0.248
-0.033 (0.29)



Figure 1. Generalized L orenz Curves and Generalized Concentration Curvesfor OLS
and HT
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