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Abstract

Women and men work in occupations, industries, firms, and jobs that are predom-
inantly occupied by workers of the same gender. We investigate if and to what extent
the male-female wage gap can be accounted for by the degree of female segregation
along these dimensions. Different from the previous literature, we use longitudinal data
from a large employer-employee data set from Brazil (Relação Anual de Informações
Sociais - RAIS ) and employ various fixed effects models to control for unobserved
heterogeneity across workers, establishments, and worker-establishment job matches.
In sharp contrast to past studies, our results show that the wage effects of female seg-
regation are rather small after controlling for these forms of unobserved heterogeneity.



1 Introduction

Gender differences in wages have declined in many countries in recent decades but they are

still a persistent phenomenon (Blau and Khan, 2003; Ñopo et al., 2011). Understanding

why women consistently earn less than men is essential to enrich our knowledge on the

channels that feed this persistent wage gap. This paper focuses in one the channels empha-

sized by previous research: the effect that the gender segregation in occupations, industries,

establishments, and job cells (i.e. occupations within establishments) has on the gender pay

gap.

There are various theories that explain why there are gender differences in the labor

market. On the supply side, the human capital model (Mincer and Polachek, 1974) offers

an explanation based on different decisions made by males and females in the acquisition of

human capital. Given women’s more intermittent attachment to the labor market, their op-

timal response is to acquire less education and labor market experience. The human capital

model (Polachek, 1981) also predicts that women choose occupations that require substan-

tially less investment in on-the-job training and whose rates of depreciation for periods out

of the labor force are lower. One of the main implications of the human capital model is

that part the sex pay gap can be explained by gender differences in productivity-related at-

tributes. The human capital model also helps explaining the process of allocation of women

across the different types of occupations and jobs.

Closely related to the human capital model are the arguments bases on gender differences

in preferences and comparative advantages. To the extent that men and women differ in

their preferences for job attributes (e.g., flexible vs. rigid work schedules, safe vs. hazardous

jobs) and in comparative advantages in performing distinct tasks (e.g., requiring more or

less physical strength or caring), males and females tend to be differently sorted across

occupations, industries, firms, and jobs. If women value more flexible and “friendlier” jobs

than men, the theory of compensating differentials, whereby employers and workers establish

a trade between pecuniary and nonpecuniary aspects of the jobs, predicts that females will

be more concentrated in lower-paid jobs (Reilly and Wirjanto, 1999a,b).

The quality sorting model also predicts that women tend to be sorted into firms that

pay lower wages. The basic idea is that either because females are less skilled than men

(Macpherson and Hirsch, 1995; Carrignton and Troske, 1998; Reilly and Wirjanto, 1999a)

or because employers statistically discriminate against women (Foguel, 2006), firms whose

relative demand for skilled workers is lower have a higher concentration of females and

pay lower (average) wages to their workforce. According to this theory, there should be a

negative relationship between the wages of males and females and the proportion of women



in firms.

Demand-side explanations mainly stem from models of labor market discrimination.

Becker (1971) and Arrow (1973a,b) propose models where discriminatory tastes by em-

ployers, employees, or customers lead to sex segregation at the firm level and to a wage

differential between (equally productive) men and women. The theory of statistical discrim-

ination (e.g., Phelps, 1972; Arrow, 1973b), whereby employers form different beliefs about

the distribution of skills between the genders, also predicts the existence of a sex wage dif-

ferential. Discriminatory promotion practices has also been proposed as an explanation to

the gender segregation and the wage differentials observed in top-ranked positions within

firms (Baldwin et al., 2001; Ramsom and Oaxaca, 2005, Coelho et al., 2013).

The main lessons learned from these theories are that, while part of the wage gap is

attributable to human capital differences between the genders, the process of allocation

of males and females in the labor market leads to a type of sorting in which women end

up relatively more concentrated in occupations, industries, firms, and occupations within

establishments (job cells) that pay lower wages. This implies that empirical analyses of

the determinants of the sex pay gap should take into account not only the human capital

differences between the genders but also the patterns of female segregation along these

dimensions. Another implication of these theories for empirical work is that unobserved

(to the analyst) characteristics of workers and firms play crucial roles as determinants of

wages and the sorting process of males and females in the labor market. Lack of control for

unmeasured traits of workers and firms may thus generate serious biases in the estimates of

the effects of gender segregation on the wages of males and females, and therefore on the

gender wage gap.

The importance of female segregation in the labor market has been recognized by many

empirical studies of the gender pay gap. Most previous research has focused only on the

impact of a single dimension.1 Only Groshen (1991), Bayard et al. (2003), Gupta and

Rothstein (2005), and Amuedo-Dorantes and la Rica (2005) have investigated the effects

of segregation at the occupation, industry, establishment, and job-cell levels in the same

analysis. However, all these studies suffer from important data limitations: either they

covered a limited set of industries and occupations or the data were based on samples of

larger firms and few workers per firm. In addition, their wage regressions were all based on

1Among the many studies that examine the effects of sex segregation at the occupation or industry level
are: Johnson and Solon (1986), England et al. (1988), Killingsworth (1990), Sorensen (1990), Macpherson
and Hirsch (1995), Barros et al. (1997), Ometto et al. (1997), Ometto et al. (1999), Oliveira (2001), and
Fields and Wolff (1995). The effect of segregation at the establishment level has been investigated among
others by Carrington and Troske (1995, 1998), Reilly and Wirjanto (1999a), Vieira et al. (2005), and Foguel
(2006).
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cross-section data. As discussed above, the non incorporation of unobserved heterogeneity

into the analysis may render misleading estimates of the wage effects of female segregation

along the dimensions of interest.

To tackle these problems, in this paper we rely on a large panel of matched employer-

employee data. Based on administrative files maintained by the federal government in

Brazil (Relação Anual de Informações Sociais - RAIS ), the data provides information on

every single employment relationship that all registered employers have during the year.

The data set is rich in that it contains information on wages and on the characteristics of

workers (sex, age, education), establishments (industry, size), and jobs (occupation, tenure).

Its census nature allows precise computations of the share of women within the segregation

dimensions of interest: occupation, industry, establishment, and job cell (i.e., occupation

within establishment). This a strength of this study as compared to the previous literature,

which had to rely on small samples of workers or a limited set of occupations to calculate the

proportion of females along these dimensions. The longitudinal aspect of the data for workers

and establishments also allows us to deal with distinct forms of unobserved heterogeneity in

wage regressions. One of the main contributions of this paper is the incorporation of fixed

effects for workers, firms, and workers-firms matches in the estimation of the segregation

effects of interest on the gender wage gap. To the best of our knowledge, this is the first

paper that does that in the literature.2

This paper is structured as follows. In section 2, we describe the the data in more detail

and present descriptive statistics. In section 3, we present the various fixed effects models

we use to estimate the gender segregation effects of interest as well as their contribution to

sex wage gap. Section 4 presents the fixed effect results and compare them to the OLS case.

In section 5, we present our main conclusions.

2 Data and Descriptive Statistics

2.1 Data and Variables

The data source employed in this study (Relação Anual de Informações Sociais - RAIS -

Annual Social Information Report) is a large scale administrative database that contains

matched employer-employee information obtained from mandatory reports that are sent

annually to the federal government by all registered employers in Brazil. The data set

provides information on every single labor contract the employers have with their employees

2Cardoso et al. (2012) use a panel of linked employer-employee data for Portugal which is similar to ours.
However, the authors were not interested in the direct effects of female segregation on the sex wage gap.
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during the year. For each observation, there is information on the worker’s sex, age, schooling

level, month of hiring and displacement at the establishment, occupation, and monthly

wages. In addition, the industry and municipality where the establishment is located are

also informed. Unique identification numbers for workers and establishments allow us to

follow them over the years.

The information on the workers’ wage is used by the federal government to implement a

long-standing social program called Abono Salarial (Wage Bonus).3 Given that individual

workers are the beneficiaries of the program, employers ought to be careful in providing the

wage information to the government. In this sense, we should expect to find less measurement

error in wage data from RAIS than in wages informed by workers in household surveys.

We use data for the years 2003 to 2007. During this period, the database provided

information on around 47 million employment relationships for each year, corresponding to

40 million workers and 2.5 million establishments. Due to this huge size, we selected a 1%

random sample of all workers whose records appeared in RAIS during this five years period.

The procedure generated a sample of 1,174,920 workers who were followed throughout this

period. A subset of workers (42.8%) were not observed for the whole period, so our sample

is unbalanced.

We imposed a set of filters on the raw sample. First, we dropped observations for all

individuals who were younger than 25 or older than 65 years old during the period of analysis.

Second, we excluded workers from the agriculture sector. Finally, we deleted all workers for

whom the information on the wage, the age, the industry or the occupation was missing

in the database. Our final sample has 599,232 workers, 383,360 establishments, 900,176

worker-establishment job matches, and 2,255,290 observations in total.

The wage information available in the data set is the average monthly wage paid to

the worker by his/her employer within the year.4 In regressions, we use the logarithm of

the real average monthly wage, which was deflated by the Amplified National Consumer

Price Index (IPCA). We also constructed variables for the workers’ general experience in

the labor market (measured as age - education - 7), tenure in the same establishment,

and whether the establishment was small (less than 9 workers). Our measure of gender

segregation is the percent female in a worker’s occupation, industry, establishment, and job

cell (occupation within an establishment). It is important to note that it was calculated for

all four dimensions before we took the sample, so it is not subject to the type of measurement

3Workers who are paid on average less than two minimum wages during a year are entitled to receive a
yearly wage bonus (equivalent to one minimum wage) through this program.

4There is also information on the wage paid in December of each year but we preferred to use the average
monthly wage because the typical labor market seasonality of the end of the year can be different for males
and females.
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error typically found in other studies that used small samples of workers per establishment.

This is particularly important for percent female within job cells, which is the narrowest

dimension. The occupation structure was disaggregated in 185 categories, while the industry

dimension in 25 categories.

2.2 Descriptive Statistics

Table 1 exhibits descriptive statistics for the sample used in estimation. Column 2 and

3 display the average characteristics for females and males, while column 4 presents the

raw difference between the groups. The last column provides the average values for the

whole sample. Estimation is based on information on 236,939 females (876,982 observations

over the 2003-2007 period) and 362,293 males (1,378,308 worker-year observations). Women

worked at 166,463 different establishments, while men at 266,031.

Table 1: Descriptive Statistics of the Sample

Variable Females Males Difference Total
Real monthly wage 927.40 1,169.35 -241.95 1,075.27
Ln(real monthly wage) 6.417 6.625 -0.208 6.544
Education 10.1 8.6 1.5 9.2
Experience 21.8 23.3 -1.5 22.7
Tenure 6.6 5.4 1.2 5.9
Small establishment 0.176 0.186 -0.01 0.182
2003 0.193 0.198 -0.005 0.196
2004 0.197 0.199 -0.002 0.198
2005 0.204 0.202 0.001 0.203
2006 0.211 0.206 0.004 0.208
2007 0.196 0.195 0.001 0.195
Prop. female in occupation 0.564 0.261 0.303 0.379
Prop. female in industry 0.486 0.336 0.150 0.394
Prop. female in establishment 0.601 0.250 0.351 0.386
Prop. female in job cell 0.732 0.151 0.581 0.377
Number of workers 236,939 362,293 - 599,232
Number of establishments 166,463 266,031 - 383,360
Number of observations 876,982 1,378,308 - 2,255,290

Notes: Means and totals are reported. Wage data in 2007 R$, deflated by the Amplified National Consumer
Price Index (IPCA). Education, experience, and tenure are measured in years. Small establishment refers
to the proportion of workers employed in establishments with less than 9 employees. Source: Based on
microdata from Relação Anual de Informações Sociais - RAIS.

The data show that the log wage differential between females and males is .208, or

18.8% (20.7%) in terms of geometric (arithmetic) means.5 Females are considerably more

5The log wage gap is close to that found for Spain in 2002 by Amuedo-Dorantes and la Rica (2005)
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educated and accumulate far more experience with the same employer than their male

counterparts (1.5 years, or 16.9%, and 1.2 years, or 21.3%, respectively). However, they

have less labor market experience than men (-1.5 years, or -6.3%). Males are slightly more

likely to hold jobs in small establishments than females. These figures reveal that there

are important differences in productivity-related characteristics between the two groups. As

expected from our sampling scheme, females and males are homogeneously distributed over

the sample period.

Looking at the gender segregation patterns, Table 1 confirms what has been observed in

other studies: women work in predominantly female occupations, industries, establishments,

and job cells; the opposite applies to males. Also similar to other studies, job cells are the

most segregated dimension: a random female worked in a job cell that was 73% female, while

the average male worked in a job cell that was 15% female.6 Establishment segregation is also

high in our data (the percentage of females is 60% for women and 25% for men), followed

by occupation segregation (56% for women and 26% for men) and industry segregation

(49% for women and 34% for men). If this elevated degree of female segregation comes

from a process through which (observationally equivalent) males and females are sorted in

occupations, industries, establishments, and job cells that pay average lower wages and are

predominantly female, we should observe a negative effect of these forms of segregation on

the wages of both groups. In addition, if this effect is higher for females than for males, it

will be responsible for at least part of the gender wage gap we observe in the data.

3 Methods

In this section we present the fixed effect models that control for different types of unobserved

heterogeneity associated with the workers, establishments, and worker-establishment job

matches. The model framework is inspired by Abowd et al. (1999) and Abowd et al. (2002),

who proposed methods for estimating wage regressions in the presence of both worker and

firm fixed effects. The actual estimation of the wage regressions is based on Andrews et al.

(2005, 2006) and Cornelissen (2008).

We assume that wages are a linear function of observed and unobserved characteristics of

workers and establishments. Our interest falls on the effect of female segregation on wages

(.224 log points) but smaller than that found for Denmark in 1995 by Gupta and Rothstein (2005) (.341 log
points) and for the U.S. in 1990 by Bayard et al. (2003) (.375 log points). The log wage differential for the
U.S. found by Groshen (1991) varied from .240 to .469 depending on the industry and year of analysis.

6Groshen (1991) finds that the percent female at the job cell level was at least 52% across the five
industries in her data. Job-cell segregation figures are close to ours in Bayard et al. (2003) (when they used
the most disaggregated classification of occupations), Gupta and Rothstein (2005), and Amuedo-Dorantes
and la Rica (2005).

6



in four dimensions: occupation, industry, firm, and job cell. One of the contributions of

this paper is the estimation of these effects including fixed effects to control for unobserved,

time-invariant characteristics of workers, firms, and worker-firm matches. The workers’ fixed

effects capture unobserved heterogeneity in their abilities/skills, motivation, preferences,

and personality traits, all of which affect wages and can be correlated with the allocation

of workers across the four dimensions of interest. If females’ tastes are such that they are

prepared to trade more easily the pecuniary for non-pecuniary aspects of the jobs, one should

expect to observe a higher concentration of women in occupations, industries, establishment,

and job cells that pay lower wages. It could also be that less productively able men and

women sort (or are sorted) into predominantly female jobs that command lower wages. In

both cases, the estimates of the effects of female segregation on wages will be misleading if

worker-specific fixed effects are not part of the model.

On the firms’ side, the fixed effects absorb unobserved heterogeneity in a large set of

factors such as their management productivity, discrimination practices, technologies, job

attributes, work conditions, and compensation policies. All these dimensions can affect

gender sorting across establishments. If females are more frequently hired to work at es-

tablishments that pay lower wages, unless establishment fixed effects are controlled for, a

negative relationship between wages and female segregation is likely to appear in the data.

In one specification of the model, we use a job-match fixed effect which is intended to

capture unobserved heterogeneity in worker-firm matches. This specification is quite rich in

that it captures the “quality” of the match between the unobserved characteristics of the

workers (job preferences, abilities/skills, etc.) and firms (job characteristics, work conditions,

etc.). In addition, job match quality also captures the production complementarities between

the worker and the firm (Woodcock, 2007). As shown by Woodcock (2008), the quality of job

matches is important for wage determination. If the sorting process of workers in the labor

market is correlated with differences in job characteristics and match-specific productivity,

“good” and “bad” matches can influence not only gender segregation across firms but also

across industries and even occupations.7 Thus, controlling for match-specific fixed effects

should absorb at least part of the influence of gender segregation on the wages.

Though included in the wage regressions, the worker-, the establishment-, or the match-

specific fixed effects only serve as controls. This is mainly due to the fact that our observation

window is relatively short (5 years), so the worker (or match) fixed effects will be incon-

sistently estimated. Also, the consistency and precision of the establishment fixed effects

depend on the number of workers that join or leave the establishments. While many estab-

7For instance, after the dissolution of a match with a firm, the worker may choose to look for jobs in
other occupations or industries (or both).
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lishments display a large number of hirings and displacements, there is a large set of firms

(specially the small ones) for which there is little or no worker mobility in our sample.

Since some models include fixed effects for workers, we cannot follow the literature in

using a single wage equation for both sexes including a dummy variable for females. Instead,

we estimate one equation for each gender and use the difference in intercepts as the measure

of the “pure” female-male wage differential, that is, the wage gap that remains after con-

trolling for the observable and unobservable characteristics of workers and establishments.

The general regression equation we consider is:

ygij(i,t)t = αg + x
′g
ij(i,t)tβ

g + θgi + ψg
j(i,t) + εgij(i,t)t, (1)

where g = m, f denotes males and females, respectively. Workers are indexed by i =

1, ..., N g, and j(i, t) = 1, ..., J corresponds to the establishment that worker i is employed

at time period t = 1, ..., Ti. The response variable y is the natural logarithm of the real

wage, αg denotes the intercept, x is a vector of time-varying observable characteristics of

the worker and the firm, and βg is a conformable coefficient vector. The components θgi
and ψg

j(i,t) represent worker-specific and establishment-specific fixed effects which capture

unobserved, time-invariant characteristics of workers and establishments, respectively.8 The

mean zero disturbance term ε is assumed to be strictly exogenous with variance clustered

at the individual or firm level.

Equation (1) is estimated through three different specifications. The first is pooled OLS

where no fixed effects are considered in estimation. This is equivalent to assuming that

θgi = ψg
j(i,t) = 0, an assumption that can produce the usual omitted variable bias in the

estimation of the returns to observable characteristic.9

In the second specification, we only allow for the presence of the establishment-specific

fixed effect ψg
j(i,t), while in the third we only include the worker-specific effect θgi . These

two specifications can be easily estimated through within-group transformations that use

time-demeaning of the data at the establishment or the worker level respectively. While still

subject to omitted variable biases, the results obtained from these two specifications allow

us to have an idea of the separate impact of omitting each component at a time.

We also estimate a model that treats each worker-firm combination as a unique employ-

8Since the equation is estimated separately by gender, it is implicitly assumed that the establishment
fixed effects vary between males and females. This assumption allows the unobserved, time-invariant char-
acteristics of the establishments to play a separate role in the wage determination process of the genders.

9See Abowd et al. (1999) and Woodcock (2008) for the derivation of the bias.
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ment match or “spell”. The equivalent equation for this model is written as:

ygij(i,t)t = αg + x
′g
ij(i,t)tβ

g + φg
ij(i,t) + εgij(i,t)t, (2)

where φg
ij(i,t) represents the match-specific fixed effect between worker i and establishment

j where the worker was employed at time t. This term, which can be swept out by a within

transformation of data at the job-match level, captures all time-invariant heterogeneity of

the particular match between a certain worker and a certain establishment. As mentioned

before, this component can be seen as the unmeasured quality of the match formed between

the worker and the establishment.10

The last specification we estimate is the two-way fixed effect model where the worker-

and the establishment-specific fixed effects are simultaneously included in the wage equation

(1). Given the high dimensionality of these two terms when large samples of workers and

establishments are used, the conventional least square dummy variable method is not feasible

in practice since it requires inverting huge matrices. Hence, one needs to rely on alternative

methods to estimate the model. There are essentially two broad strategies to accomplish

that. The first is restricting the sample only to workers that remain in the same firm over

time. In this case, a simple within-group transformation at the worker level sweeps out both

unobserved heterogeneity terms in equation (1). We do not pursue this strategy here.

The second strategy uses all workers and firms in the sample. Since there is no direct

within-group transformation that can make the two fixed effects vanish simultaneously, some

other method must be used. Abowd et al. (1999) propose approximate statistical methods

to the full least square solution, whereas Abowd et al. (2002) provide an exact solution

through an interactive conjugate gradient technique that benefits from the existence of sparse

matrices in the structure of the normal least square equations. Andrews et al.(2006) propose

a method named FEiLSDVj in which workers’ fixed effects are firstly removed through time-

demeaning of data over workers (this is the FEi part) and then the model is estimated via

least squares with establishment dummies included in the equation (this is the LSDVj part).

This method is appropriate for samples where the number of firms is not too large, which is

not our case. Here, we follow the method proposed by Cornelissen (2008), which combines

features of Andrews et al. (2006) and Abowd et al. (2002). Specifically, the method first

uses the within transformation to eliminate the worker fixed effects and then explores the

10This specification, called spell fixed effects by Andrews et al. (2006), was initially considered by Abowd
et al. (1999). Woodcock (2007, 2008) presents a framework in which person, establishment, and match effects
are simultaneously included in the regression equation. To identify the model in the presence of these three
components, Woodcock (2008) proposes a hybrid estimator which weakens the traditional random effect
assumption of no correlation between the time-variant characteristics (i.e., the xij(i,t)t) and the person-,
establishment-, and match-specific effects.
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existence of sparse matrices in the model structure to construct the matrices that belong to

the system of normal equation.11 Like Andrews et al. (2006) and Abowd et al. (2002), this

method also delivers the exact least square solution.12

We use the estimates of αg and βg, g = m, f , from equations (1) and (2) to compute

the Oaxaca (1973)-Blinder(1973) decomposition of the gender wage gap when fixed effects

are included in the model. Specifically, from equation (1) and (2), the raw wage differential

between females and males can be decomposed respectively as:

yf − ym = [α̂f − α̂m] + [x
′f β̂f − x

′mβ̂m] + [θ
f − θ

m
] + [ψ

f − ψ
m

], (3)

and

yf − ym = [α̂f − α̂m] + [x
′f β̂f − x

′mβ̂m] + [φ
f − φ

m
], (4)

where the overbars denote raw sample means and hats represent estimated parameters. The

first term in brackets corresponds to the difference between the estimated intercept for each

gender equation. It captures the remaining sex differences in wages after controlling for

our measures of female segregation and other observable and unobservable characteristics of

workers and establishments. The second term is the component attributable to observable

time-varying characteristics of workers and firms, including our segregation variables of

interest. The last two terms in (3) are the components of the raw wage gap due to differences

in the average worker and establishment fixed effects between the genders. The last term

in (4) refers to the difference in the average job-match fixed effects. We estimate the model

normalizing each average to zero (i.e., θ
f

= θ
m

= ψ
f

= ψ
m

= 0 for equation (3) and

φ
f

= φ
m

= 0 for equation (4)), so these components have no contribution to the wage

decompositions.13

11It is worth mentioning that there is also another method proposed by Guimaraes and Portugal (2010).
We also used this method and obtained identical results (apart from the intercept, which is not estimated
in the latter method).

12Though we are not interested in estimating the worker and the firm fixed effects, it is worth noting
that their identification depend on the pattern of worker mobility across firms. As shown by Abowd et al.
(2002), the identification of these effects can be attained by using methods of graph theory to determine
the groups of workers and firms that are connected. A single connected group is formed by all workers who
have ever worked for any of the firms in the group during the observation window and all the firms for
which any of the workers have ever worked. This implies that a worker in a group cannot have ever worked
for a firm in another group and a firm in a group cannot have ever hired a worker from another group.
Any firm that has not experienced any worker mobility as well as any worker that has only been employed
in a single firm during the sample period do not belong to a connected group. These firms and workers
belong to a “non-mover” group. In a labor market with some worker mobility there will be a stratification
of workers and firms in P groups. If Np and Jp are respectively the number of workers and firms in each
group p = 1, ..., P , it is possible to identify (Np − 1) + (Jp − 1) worker and firm effects within each group.

13It is worth noticing that this normalization allows the difference in intercepts in the first term of (3)
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Following the usual Oaxaca/Blinder decomposition, the second term in (3) and (4) can

be further decomposed into components attributable to differences in characteristics between

the groups and differences in the “returns” to these characteristic. There are at least two

ways to express this extended decomposition depending on the group chosen to be the

reference. If males are used as the reference group, the decomposition can be written as:14

yf − ym = [α̂f − α̂m] + [xf − xm]′β̂m + [β̂f − β̂m]′xf . (5)

and if females are the chosen group:

yf − ym = [α̂f − α̂m] + [xf − xm]′β̂f + [β̂f − β̂m]′xm, (6)

These two ways of expressing the decomposition can potentially deliver different results, so

we compute both of them.

4 Results

Table 2 presents the results of the wage regressions for all models we estimate. Each pair

of columns shows the results for females and males within each model specification (pooled

OLS, only establishment fixed effects, only worker fixed effects, only spell/match fixed ef-

fects, and worker and establishment fixed effects).15 All models were estimated including

education, a quadratic in experience and in tenure, a dummy for small establishments (nine

or less employees), and year dummies.16 We only present the estimates of the effects of the

segregation measures and of the intercepts but the complete set of results are available upon

request.

Table 3 reports the results of the Oaxaca/Blinder decomposition of the female/male

log wage gap. Together with the portion of the gap attributable to the sex of the worker

(i.e., the difference in intercepts between the female and the male regressions), only the

results for the contributions of the four segregation measures are exhibited.17 The relative

and (4) to be interpreted as the difference in the controlled mean wages between the gender groups.
14Given our normalization of the average worker, establishment, and match fixed effects, they are not

presented in the following expressions.
15Because the estimation of the last model is very slow, it was estimated on a 10% sample of workers used

in the previous models.
16Though some models include worker fixed effects, we did not drop the education variable because some

workers (specially the younger) change their schooling level along the five years of analysis.
17It is worth noting that the difference in the intercepts captures gender differences in mean wages for the

omitted categories in the regressions. Since we only use year dummies and a dummy for small establishments,
the difference in intercepts refers to the first year of analysis (2003) and to workers that are in establishments
with more than 10 employees.
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contribution of differences in the average percent female between the sexes and their returns

are also presented for the male- and female-based decompositions (equations (5) and (6)).

Beginning with the pooled OLS results, it can be seen from Table 2 that all coefficients

estimates of the percent female variables are statistically significant. As found in Groshen

(1991), Bayard et al. (2003), and Amuedo-Dorantes and la Rica (2005), the segregation of

women at the occupation, industry, establishment, and job-cell levels has a negative effect

on the wages of both sexes.18 With the exception of the industry dimension, males’ wages

are more adversely affected than females’ wages by all forms of segregation. The difference

in intercepts shows a higher average wage for women after controlling for the segregation

measures and the observable characteristics of workers and establishments.

Applying the pooled OLS results into the Oaxaca/Blinder decomposition, Table 3 shows

that all but the industry segregation dimension widen the wage gap. The contribution of

percent female within job cells is the highest one, followed by the contributions of establish-

ment and occupation segregation; the contribution of segregation at the industry level has

the opposite sign but the same magnitude of establishment segregation.19 The difference

in the intercepts favoring women implies that the female/male wage gap is shrunk by the

individual worker’s sex. Since all other studies that control for the four segregation mea-

sures have found that the sex of the worker contributes to widen the gender wage gap, this

is a somewhat striking result. Of course, this disparity could be explained by differences in

samples, regression specifications, and control variables used in this and the other studies.

On a more substantive level, however, the OLS results suggest that the process of sorting of

workers and the resulting segregation of women in the Brazilian labor market plays a much

higher role than in other countries. We now turn to check the robustness of the pooled OLS

results to the inclusion of worker, establishment, and match fixed effects in the model.

There are noticeable changes when establishment fixed effects are incorporated into the

model. As displayed in Table 2, although most estimates keep being significant on statistical

grounds (the only exception is the effect of industry segregation for males), the sign and

magnitudes of coefficient estimates differ from those of the pooled OLS. There is a flip in

sign for both males and females in the effect of women segregation at the occupation and

establishment levels. The effect of job cell segregation is still negative but has become

stronger in absolute value for males, whereas the effect of industry segregation has been

18For the equivalent specification of Gupta and Rothstein (2005), the coefficients estimates of the gender
segregation effects are positive either for the occupation or the industry or the establishment levels. The
effect of job-cell segregation is always negative though.

19Table 3 shows that the contribution of the differences in average percent female in all dimensions is more
important to explain the wage gap than the corresponding contribution of the differences in returns. It also
shows that the part attributable to the returns is negative (i.e., compresses the wage gap) when females are
the reference group.
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Table 3: Proportion of the Gender Wage Gap Explained by Female Segregation
Establishment Worker Match Worker & Establishment

Component Pooled OLS Fixed Effects Fixed Effects Fixed Effects Fixed Effects
A) Prop. female in occupation 26% -16% 15% 6% 8%
B) Prop. female in industry -62% 8% -23% -1% -2%
C) Prop. female in establishment 62% -12% 25% 2% -3%
D) Prop. female in job cell 121% 89% 15% 3% -1%

E) All forms of segregation (A+B+C+D) 147% 68% 32% 10% 2%
Male-based decomposition:
Differences in female segregation 107% 53% 50% 12% 21%
Differences in returns 40% 15% -17% -2% -19%

Female-based decomposition:
Differences in female segregation 177% 59% 50% 12% 7%
Differences in returns -30% 10% -18% -1% -5%

F) Intercept -93% -30% -20% -6% 85%

G) Observable characteristics 46% 62% 87% 96% 13%

Total (E+F+G) 100% 100% 100% 100% 100%

Notes: Oaxaca/Blider decompositions based on mean characteristics presented in Table 1 and coefficient estimates reported in
Table 2. Source: Based on microdata from Relação Anual de Informações Sociais - RAIS.

substantially attenuated for both sexes (especially for males). The difference in intercepts

has become much lower but still reveals an advantage for women. Table 3 shows that these

changes substantially altered the contributions of the segregation dimensions to wage gap.

Apart from job-cell segregation, which still contributes the highest portion to widen the

wage gap, the contributions of the other three dimensions display a change in sign.20 It

is worth noticing that, though the workers’ sex still contributes to diminish the gender

wage gap, its portion has been substantially reduced (-30%). These results reveal that the

employers’ unobserved heterogeneity is correlated with the concentration of women at the

various dimensions and plays a relevant role in explaining the gender wage gap.

The results of the model that only includes person-specific fixed effects show that unob-

served heterogeneity across workers also matters. Compared to pooled OLS, Table 2 shows

that the direction of the effects of segregation are basically the same but their magnitudes

have been substantially reduced for the industry, establishment, and the job-cell forms of

segregation. A somewhat surprising result is that controlling for workers’ unobserved het-

erogeneity has not produced important changes in the effect of occupation segregation.21

Although these results indicate that gender sorting at the occupation level does not seem

to reflect unmeasured, worker-specific labor skills or preferences for the characteristics of

occupations, they are coherent with the hypothesis that less able men and women are more

likely to work in predominantly, lower-paid female industries, establishments, and job cells.

20For both male- and female-based decompositions, the contribution of gender differences in all segregation
dimensions is above 50% and more relevant than the contribution of the differences in returns, which is below
15%. Taken together, they respond for 68% of the wage gap.

21Macpherson and Hirsch (1995) find a substantial attenuation of the effect of segregation at the occupation
level when fixed effects for workers are introduced in their model. The authors do not consider segregation
at the establishment and job-cell levels in their analysis, though.
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Considering the difference in intercepts, Table 2 reveals that the gender of the worker con-

tributes to compress the wage gap even after controlling for workers’ fixed effects. This is

confirmed by Table 3, which shows that while all forms of segregation augment the sex pay

gap by 32%, the workers’ own sex shrinks it by 20%.22

When we control for match (i.e., worker-establishment) fixed effects, coefficient estimates

become either small in magnitude or statistically insignificant. As shown in Table 2, this is

evident for the establishment-level effect, which essentially disappears, but it is also notice-

able for the effects of the other forms of segregation. Controlling for unobserved specificities

of the matches between workers and employers has also shrunk the difference in intercepts.

These changes are reflected in Table 3: the pure gender effect still contributes to compress

the female/male wage differential but now by only 6%, and the proportion of the wage dif-

ferential attributable to all forms of segregation has been reduced to 10%.23 These results

evince that the quality of the match between the worker and the firm is correlated with

gender composition in occupations, industries, establishments, and occupations within es-

tablishments (i.e., job cells). The fact that the coefficients on the segregation measures have

been substantially reduced as compared to those of the pooled OLS indicates that gender

composition has a small effect on wages. In addition, since the coefficient estimates are

similar in magnitude between the gender groups, just a little part of the wage gap can be

attributed to gender segregation in the labor market.

The final model we estimate differs from the previous match-effect model in that the fixed

effects for workers and for establishments are included separately in the regression. This

implies that the effects of interest are estimated controlling for unobserved heterogeneity

stemming from the workers and the establishments instead of the matches between them.

Despite this difference, Table 2 shows that the effects of the segregation dimensions are

similar between the two models. The intercept difference has changed sign though, so it is

now contributing to increase the gender wage differential. Table 3 confirms that and shows

that the contribution of all segregation measures together is only 2%.

5 Conclusion

Previous studies have underlined the negative effects of gender segregation at the occupation,

industry, establishment, and job-cells levels on the wages of both males and females. These

22For both male- and female-based decompositions, the differences in female segregation in all dimensions
contribute to increase the wage gap, while the differences in returns decrease it.

23As the effect of each form of segregation has become more uniform between the sexes (see Table 2), the
differences in returns almost do not play any role now. Hence, the contribution of segregation to the wage
gap is almost entirely explained by the differences in female segregation experienced by the sexes.
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forms of segregation have also been found to contribute substantially to the gender wage gap.

All past studies were based on cross-section samples that have not controlled for different

types of unobserved heterogeneity among workers and firms. As the wage determination

process and the pattern of gender segregation along these dimensions can be correlated

with these forms of unmeasured heterogeneity, previous estimates of the effects of interest

were likely to be inaccurate. Besides, the samples used in the previous literature have been

typically plagued by limited coverage of industries, occupations, and establishments, and in

most cases the main segregation variables were computed from a small sample of workers

within establishments.

This paper benefits from a longitudinal, linked employer-employee data that covers the

entire labor market. The data come from administrative records that gather information

on every single labor contract that all (registered) establishments have with workers during

the year. For each labor contract, there is information on the wage paid as well as on

the characteristics of workers (sex, age, education), establishments (industry, size), and

jobs (occupation, tenure). From the unique identifiers of workers and establishments, we

construct a large longitudinal data base that allows us to include various types of fixed effects

to examine more accurately the effect of gender segregation at the occupation, industry,

establishment, and job-cell levels on the wages of males and females, and therefore on the

gender wage gap. Taking advantage of the census nature of the data, the computation of the

percent female variable within each dimension is not plagued by the type of measurement

error encountered in other studies.

We use several fixed-effect models that incorporate different forms of unobserved het-

erogeneity: only establishment fixed effects, only worker fixed effects, match (i.e., worker-

establishment) fixed effects, and worker and establishment fixed effects. The results of all

models are compared to those of OLS to assess the impact that each type of unobserved

heterogeneity has on the effects of interest.

Overall, our OLS results confirm what has been found by the previous literature: a

negative relationship between wages and proportion female in a occupation, industry, es-

tablishment, and job-cell. We also find a large contribution of all forms of segregation to

the gender wage gap but, different from the other studies, our results shows that the sex

of the worker contributes to diminish the wage gap. However, estimates of the wage effects

of the different forms of segregation using the fixed effect models are considerably different,

indicating that each type of unobserved heterogeneity accounts for a large part of the pre-

viously observed relationship. In particular, the estimates from the match and the worker

and establishments fixed-effect models are substantially attenuated, evincing that the effects

of segregation on the wages on males and females have been overestimated by the previous
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literature. The results also reveal that the overall contribution of segregation to the gender

wage gap is considerably reduced, reaching less than one-tenth in the case of the last two

models.

We conclude that predominantly female occupations, industries, establishments, and job

cells command lower wages to both males and females largely because of the unobserved

characteristics that are specific to the workers, establishments or to the job matches that

are formed between them. This also applies to the gender wage differential, which ceases to

be much affected by gender segregation once these forms of unobserved heterogeneity are

integrated into the analysis.
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