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SEX SEGREGATION IN U.S. MANUFACTURING

WILLIAM J. CARRINGTON and KENNETH R. TROSKE*

This study of interplant sex segregation in the U.S. manufacturing
industry improves on previous work by using more detailed information
on the characteristics of both workers and firms and adopting an
improved measure of segregation. The data source is the Worker-
Establishment Characteristics Database (a U.S. Census Bureau data-
base) for 1990. There are three main findings. First, interplant sex
segregation in the U.S. manufacturing industry is substantial, particu-
larly among blue-collar workers. Second, even in analyses that control
for a variety of plant characteristics, the authors find that female
managers tend to work in the same plants as female supervisees. Finally,
they find that interplant sex segregation can account for a substantial
fraction of the male/female wage gap in the manufacturing industry,
particularly among blue-collar workers.

his paper measures interplantsex seg-  firm segregation thatis truly representative

regation and explores the connection  of the national economy.' Thus, our knowl-
between segregation and the male/female  edge of interfirm segregation is limited to
wage gap. Early studies of cross-employer  snapshots from specialized samples. Sec-
sex segregation (McNulty 1967; Buckley ond, the existing literature does not take
1971; Blau 1977) found that women were proper account of the fact that the random
typically segregated into the lowest-paying  assignment of workers to firms will typically
employers, even within occupations, and generate some segregation, at least by con-
these results have been consistently repli-  ventional measures. Thus, previous studies
cated in more recent studies (Pfeffer and  may have overstated the extent to which
Davis-Blake 1987; Groshen 1991; Reilly and men and women are systematically segre-
Wirjanto 1997; Carrington and Troske 1995; gated.

Griffin and Trejo 1995). However, there This paper departs from previous work
are at least two limitations of the existing in three ways. First, we study data drawn
literature. First, there is no publicly avail-  fromrelativelylarge plantsin the U.S. manu-
able database suited to the study of inter-  facturing industry, an important sector

under-studied in previous work. Second,

*William J. Carrington is Senior Associate with

Charles River Associates, Washington, D.C., and Ken- IThe Equal Employment Opportunity Commis-
neth R. Troske isA Assisla.nt P.rofessor.m th(? erart— sion (EEOC) data studied by Griffin and Trejo (1995)
ment of Economics, University of Missouri-Colum- come closest to being nationally representative, but
bia. they are not publicly available.

Industrial and Labor Relations Review, Vol. 51, No. 3 (April 1998). © by Cornell University.
0019-7939/98/5103 $01.00

445

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



446 INDUSTRIAL AND LABOR RELATIONS REVIEW

our data include detailed information on
workers’ demographic characteristics that
was missing in most previous studies. This
information lets us better assess the extent
towhich human capital differences between
men and women drive interplant segrega-
tion. Finally, we measure segregation in a
differentand better way. Standard segrega-
tion measures conflate the random alloca-
tion of workers to firms with systematic
segregation that might be due to discrimi-
nation. In contrast, we use new measures
that better distinguish between the system-
atic and random components of segrega-
tion.

The analysis is primarily motivated by
policy considerations. Comparable worth
policies equalize the wages paid to jobs of
equal worth, where “worth” is defined in
terms of each job’sskill requirements, physi-
cal demands, and other attributes. Compa-
rable worth typically increases the relative
pay of jobs predominantly held by women,
such as secretaries, clerks, and other “pink-
collar” jobs. Implementation is usually on
an employer-by-employer basis, so that dis-
parities within employers are addressed by
the policy, while disparities across employ-
ers are not. As Johnson and Solon (1986)
pointed out, this implies that comparable
worth can be effective only if men and
women work in the same firms. Donohue
and Siegelman (1991) made a similar point
with respect to Title VII of the 1964 Civil
Rights Act.? Thus, some of the most impor-
tant policies concerning women in the la-
bor market will be ineffective if men and
women are heavily segregated in the work-
place.

Our analysis is also motivated by the fact
that several theories of the male/female
wage gap predict sex segregation. For ex-
ample, Becker’s (1957) model predicts that

2Donohue and Siegelman’s argument is that while
the implementation of Title VII initially focused on
all aspects of employers’ personnel policy, Title VII
lawsuits have become increasingly focused on wrong-
ful discharge and on pay inequalities within firms.

discrimination by employers, employees,
or customers leads to sex segregation and
reduced wages for women. Lang (1986)
generated similar predictions with a model
based on intersex communications diffi-
culties. Or if skill requirements vary widely
among employers and if men and women
have different skills, then employers will
tend to hire men or women, but not both.?
Following Macpherson and Hirsch (1995),
we refer to this as the quality-sorting hy-
pothesis. To the extent that we can isolate
groups of workers with similar skills, this
theory predicts that there should be no
systematic within-skill-group segregation
and no within-skill-group wage gap. Thus,
several theories of the male/female wage
gap predict that men and women will be
segregatedin the workplace, and our analy-
sis provides some information on the valid-
ity of this class of models. And although the
similar implications of all models within
this broad class preclude any sharp distinc-
tions, where possible we look for evidence
that favors each particular model.

We begin by discussing the data set used
in the analysis, how this data set is con-
structed, and the advantages these data
offer for studying sex segregation. We dis-
cuss some weaknesses of existing measures
of segregation and present our alternative
measures. Next, we present our results on
the interplant sex segregation of workers.
We then turn to examining what systematic
forces might account for the observed pat-
terns of segregation. In particular, we fo-
cus on the gender of the supervisors in the
plant, because both the Becker (1957) and
Lang (1986) models predict there will be a
positive correlation between supervisors’
gender and the gender of the workers they
supervise. Since most anti-discrimination
policies arc directed toward equalizing the
wages of men and women, we next examine
the relationship between the interplant sex

3See Kremer and Maskin (1995), Doms, Dunne,
and Troske (1997), and Troske (forthcoming) for
evidence on cross-employer variation in the average
skills of workers.
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segregation of workers and the male/fe-
male wage gap. Finally, we offer some
concluding remarks.

Data Sources

This study uses data from the Worker-
Establishment Characteristics Database
(WECD), a recently developed Census Bu-
reau database that matches information on
workers and employers.

The basic design of the WECD is as fol-
lows.* Manufacturing plants in the Census
Bureau’s Longitudinal Research Database
(LRD) are associated with an industry and
ageographicblock code. Workersrespond-
ing to the 1990 Census Long Form report
the industry and street address of their
employer, which has been linked to the
block codes used in the LRD. Thisinforma-
tion can be used to match workers and
firms on the basis of industry and block
code. Workers are successfully matched
onlyifin the LRD there is a unique plantin
the appropriate industry and block code.®
Thus, workers can fail to be matched if (a)
there is no plant in the LRD in their re-
ported industry and block (perhaps due to
reporting error by the worker), or if (b)
there is more than one plantin the LRD in
their reported industry and block, in which
case no unique assignment can be made. It
is important to note that since the LRD
samples only manufacturing establish-
ments, the WECD only contains workers
from manufacturing. Nevertheless, the
combination of detailed employer and
employee data is crucial to the measure-
ment of interfirm segregation and is un-
matched by other U.S. data sources.

The design of the WECD implies that we
have information on a sample of manufac-
turing plants, rather than the entire popu-
lation of plants in manufacturing. The

*See Troske (forthcoming) for a more complete
description of the WECD’s development.

5This is strictly true only for plants and workers in
urban areas. For rural areas, workers and plants are
matched on the basis of industry and place code.
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incomplete sampling occurs because the
LRD contains only a sample of all manufac-
turing plants, because plants that share an
industry and block with another plant are
excluded, and because for some small plants
there were no workers who responded to
the Census Long Form. We correct for any
associated sample selection bias by weight-
ing each plant by its sample weight.® Fur-
ther, within any plant in our sample, we
have anincomplete sample of workers. The
incomplete sampling within establishments
occurs because the Census Long Form is
only administered to everysixth household,
and because incomplete or inaccurate in-
formation on their employer’s address or
industry precludes matching some workers
to their plant. Together, these factors im-
ply that, among those plants represented in
our sample, our sample includes roughly 1
out of 12 workers.”

Before moving on, let us emphasize the
advantages of using the WECD to investi-
gate interplant segregation. First, we have
human capital indicators such as educa-
tion, age, experience, and occupation of
each worker.® In contrast, most previous
segregation studies have used data with
relatively crude information about work-
ers’ human capital attributes (for example,
Groshen 1991; Griffin and Trejo 1995), or

®Sample weights are inversely proportional to the
predicted probability that the plantis in the sample.
In particular, the weights are the product of fitted
probabilities obtained from two probit regressions.
The dependent variable in the first regression is the
probability that a plant is unique in a location-indus-
try cell, and, conditional on the plant being unique,
the dependent variable in the second regression is
the probability that the plant appears in the WECD.
Results from these probit regressions are available
from the authors upon request.

"While it would obviously be preferable to have
complete information on each plant’s work force,
there is little reason to believe that there is much
sample selection among workers within any given
plant. Thus, we do not attempt to correct for sample
selection bias arising from the incomplete sampling
of workers within plants.

8This information comes from workers’ responses
to the Census Long Form.
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data with no worker information at all (for
example, Carrington and Troske 1995).
Second, the WECD provides a useful set of
plant characteristics, including sales, value-
added, and the capital-labor ratio.® In con-
junction with the relatively precise human
capital measures, these plant characteris-
tics permit an investigation of the charac-
teristics that distinguish “male” and “fe-
male” establishments. Finally, the WECD
covers the manufacturing sector, which has
been relatively understudied in previous
work.

Sample Selection Criteria

There are significant differences between
men and women in the tendency to work
part-time. In 1990, for example, roughly
25% of employed women worked fewer
than 35 hours per week, while only 10% of
employed men worked part-time by this
definition (U.S. Statistical Abstract 1994).
These gender differences in part-time sta-
tus raise some important sample selection
issues. If plants first choose their use of
part-time workers and then hire without
regard to sex, including part-time workers
in the sample runs the risk of yielding a
finding of “sex segregation” when what is
really at work is the segregation of part-
time and full-time workers. In contrast, if
some plants’ choice of part-time versus full-
time workers is in part driven by prefer-
encesregarding the sex of their employees,
then excluding part-time workers will lead
us to miss an important dimension of inter-
plant segregation.

Since we see no a priorireason to believe
that either of these views is strictly correct,
we experiment with different sample re-
strictions. For most of our work, we re-
stricted the sample to workers who (a) usu-
ally worked more than 30 hours per week in
the previous year and (b) worked more
than 30 weeks in the previous year, which
excludes most part-time workers. How-
ever, we examine the sensitivity of certain

9This information comes from the LRD.

key results to the inclusion of part-time
workers in the sample. Other than these
restrictions on weeks and hours at work,
our only restriction on workers is that a
worker’s wage not be too much of an out-
lier. In particular, we required that work-
ers’ actual log wage be within five standard
deviations of their predicted log wage in a
regression of log wages on a wide variety of
individual and employer characteristics.
This last restriction actually excludes very
few people, so it has virtually no effect on
our measures of segregation, butitleads to
what we believe are slightly more represen-
tative measures of wage differences between
men and women. Finally, in order to facili-
tate our study of segregation, we required
thatworkers be in a plant where at least two
other workers are also in the WECD. The
application of these sample restrictions
leads to a final sample of 123,183 men and
48,670 women spread across 8,308 manu-
facturing plants.

Table 1 presents selected summary statis-
tics from our WECD sample of workers and
firms and, for comparison purposes, a set
of similar statistics from a random sample
of all manufacturing workers in the 1990
Census. The first four rows of Table 1
indicate that WECD workers are somewhat
better paid than average workers in the
manufacturing industry, who are of course
themselves well paid by economy-wide stan-
dards. Thisis largely because WECD plants
are larger than the manufacturing industry
average, and because wages are generally
higher in large plants (Brown, Medoff, and
Hamilton 1990). Rows 1 through 4 also
show that there is a substantial wage gap
between men and women in the WECD,
and this gap is roughly consistent with that
observed in manufacturing as a whole.

Rows 5-7 of Table 1 report the average
age, percent ever married, and average
potential experience of WECD workers, all
of which are somewhat higher than the
corresponding statistics for all manufactur-
ing workers. Row 8 reports that the average
WECD worker works at a very large estab-
lishment. This is again partly due to the
generally large size of manufacturing es-
tablishments, but WECD establishments are
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Table 1. Worker-Establishment Characteristics Database Sample Means.
Sample
1990 Decennial Census
Manufacturing WECD
(1) (2) (3) (4)

Variable Men Women Men Women
1. Hourly Wage 14.22 Q.25 14.97 9.65
2. Log Hourly Wage 2.52 2.11 2.59 2.16
3. Annual Earnings 31,642 19,269 33,436 20,150
4. Log Annual Earnings 10.20 9.73 10.29 9.79
5. Age 39.3 39.0 40.5 39.7
6. Percent Ever Married 83.8 82.8 87.3 84.1
7. Potential Labor Market Experience 20.9 21.1 20.3 21.9
8. Total Employment at Plant — S 2,086 1,361
9. Education

Less Than High School 18.4 21.7 16.7 19.6

High School Diploma 37.4 43.1 41.6 46.9

Some College 26.6 24.6 26.3 23.9

College Degree 18.2 8.6 117 7.8

Advanced Degree 4.6 2.1 < 1.8
10. Region (%)

Northeast 20.5 21.3 26.4 29.3

Midwest 35.4 30.9 47.6 41.0

South 30.0 34.4 20.5 24.8

West 14.0 13.4 6.1 5.5
11. Occupation (%)

Managers and Other Professionals 20.3 14.9 Y77 13.4

Clerical and Other Non-Production Workers 8.1 24.9 8.4 25.3

Sales Occupations 8.1 5.6 5.8 4.9

Operatives and Fabricators 33.5 39.5 36.6 39.8

Precision Production, Craft, and Repair

Occupations 24.5 9.9 25.3 10.0

Laborers 5.3 5.2 6.2 6.6

the numbers 10 and 11 indicate that the
restriction to the manufacturing sector has
led our sample of WECD workers to be

large even relative to thisindustry baseline."
The rows below number 9 show that WECD
workers have education similar to manu-

facturing workers in general, and that men
in the WECD (as in manufacturing in gen-
eral) have somewhat more average school-
ing than women.!" Finally, the rows below

°The large size of WECD plants arises from the
WECD sampling frame. Workers are matched to
plants based on industry and location, and unique
matches can be made only to plants that are the only
one in their industry and location. These unique
plants tend to be larger than average (Troske, forth-
coming).

''While the mean education level of WECD work-
ers is similar to that of the Census manufacturing
sample, WECD workers are somewhat less likely to be
at either extreme of the educational distribution.

Reproduced with permission of the copyright owner.

concentrated in the Northeast and Mid-
west and in those occupations with strong
representation in manufacturing. To-
gether, these facts imply that the WECD is
asomewhat select group of workers. There
are no obvious reasons why the pattern of
segregation in the WECD should differ dra-
matically from that of the aggregate
economy, but we must still recognize that
these results may not be completely repre-
sentative of the U.S. economy as a whole.!?

*Troske (forthcoming) shows that standard wage
regressions estimated on the WECD are very similar
to analogous regressions estimated on more clearly
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Measuring Segregation

Economists typically summarize segre-
gation patterns with indices whose range is
the [0,1] interval. An index of zero corre-
sponds to complete evenness, which occurs
when groups are proportionately repre-
sented in each plant. For example, if the
female population share were 50%, then
the sample would be even if every plant
employed equal numbers of men and
women. In contrast, an index of one corre-
sponds to complete unevenness, which oc-
curs when every plant is either all male or
all female. We use two particular indicesin
this study. The first is the popular dissimi-
larity index developed by Duncan and
Duncan (1955). If we let w, and m, equal
plant ¢’s share of female and male employ-
ees in the sample, respectively, then the
dissimilarity index is simply

(1) D=Z%|wi—m,|.

The dissimilarity index may be interpreted
as the share of men (or women) that would
have to change plants in order to make the
sample completely even. Thus, an index of
one implies that the sample is completely
uneven, while an index of zero implies that
the sample is completely even.

Hutchens (1991) criticized the dissimi-
larity index because it is equally sensitive to
mild and extreme departures from even-
ness, and recommended using instead the
gini coefficient of segregation. If we first
sort the plants on the basis of wi/ml, then
the gini coefficient of segregation may be
expressed as

representative data, such as the Decennial Census.
While this does not prove that segregation patternsin
the WECD are representative of the wider economy,
it does indicate that patterns of wage variation in the
WECD are not anomalous.

where T is the number of plants in the
sample. Asthe name suggests, this index is
analogous to the gini coefficient of varia-
tion widely used in income studies. The
only difference is that this index measures
interplant variation in gender work force
shares (thatis, w/ m) rather than interper-
sonal variation in income.'?

Aweakness of the dissimilarity index and
the gini coefficient is that they can both be
positive when workers are allocated ran-
domly to plants." The problem is that
unless the plant is very large, a random
draw of employees will not typically reflect
the population exactly. To see this clearly,
consider a large sample of two-worker plants
drawing randomly from a population with
equal numbers of men and women. One-
quarter of such plants would have two men,
one-half would have one man and one
woman, and one-quarter would have two
women. Although such a distribution is
completely random, it is far from even, and
the gini coefficient and dissimilarity index
would be .75 and .50, respectively. While
thisis an extreme case, itis easy to show that
random allocation of workers to plants
implies substantial unevenness for plants
with as many as fifty or a hundred employ-
ees (Carrington and Troske 1997).

13To see the difference between the two indices,
consider a four-plant sample with the following distri-
bution of men and women: plant1 (50 women and 50
men), plant 2 (50 women and 50 men), plant 3 (75
women and 25 men), plant 4 (25 women and 75 men).
Both the gini coefficient and the dissimilarity index
would characterize this distribution as segregated (D
=.25, G=.375). Now imagine either (a) having plants
1 and 2 trade a man for a woman, or (b) having plant
3 trade aman to plant4in return forawoman. Either
move would result in a sample that was more segre-
gated from the perspective of either index. However,
the gini coefficient would view case b as causing a
greater increase in segregation (.39 in case b vs. .38 in
case a), whereas the dissimilarity index would treat
the two cases symmetrically (.26 in either case). This
is an example of the way in which the gini coefficient
puts more weight on the tails of the gender share
distribution.

MThis critique also applies to other commonly
used segregation measures such as Atkinson’s index
and Theil’s Entropy Index.
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This observation has three implications
for the interpretation of segregation indi-
ces. First, it is often a mistake to conclude
from positive and statistically significant
segregation indices that there is any system-
atic sorting of men and women into differ-
ent employers; such patterns are often
equally explicable by chance. Second, ran-
dom allocation generates far more uneven-
ness among small plants than among large
plants. In contrast with the example above,
the random allocation of a 50/50 mix of
men and women to a large sample of 1000-
worker plants would lead to a gini coeffi-
cient of .04 and a dissimilarity index of .03.
This implies that cross-sample comparisons
of segregation are difficult to interpret
unless the samples have plants of roughly
equal size. Third, itis the number of work-
ers per plantin the sample that dictates the
importance of such random segregation.
There is no reason to believe that small
samples from large plants will be evenly
distributed. Thus, since our sample has, on
average, only one-twelfth of the workers in
a plant, the fact that we look at relatively
large plants does not mean we are free of
this problem.

Carrington and Troske (1997) proposed
the following modifications of the gini co-
efficient and the dissimilarity index as a
means of distinguishing between system-
atic and random segregation. We couch
the modification in terms of the gini coef-
ficient, but the modified dissimilarity in-
dex is completely analogous. Let the gini
coefficient of random segregation G¥*be the gini
coefficient that would occur if a very large
number of workers were allocated randomly
to employers, taking the sexes’ population
shares and the size distribution of plants as
determined by the sample.'® Put slightly

3See Carrington and Troske (1997) for a com-
plete discussion of this issue. The basic idea behind
the computation of G*is as follows. The first step is to
calculate the empirical number of firms in each size
class s, §(s). Within any size class s, random allocation
implies that the binomial function B(m,s,p) is the
fraction of firms that will have m women if p is the
female population share. Thus, random allocation
implies that the number of firms with s total employ-
ees and m women should be N(m,s;p) = B(m;s,p) g(s),

differently, G* is the average gini coeffi-
cient obtained if sample workers are as-
signed randomly to sample plants. Thus, if
a sample contains mostly large plants and
roughly even numbers of men and women,
G* will be close to zero. In contrast, if the
sample contains mostly small plants and is
either mostly male or mostly female, then
G* will be closer to one.

We use the gini coefficient of random
segregation to adjust the standard gini co-
efficient so that it accounts for the role of
random assignment in causing unevenness.
In particular, we define the gini coefficient of
systematic segregation as

(3) G596
Bl
and
G- ("G ifG-G' <0.

>

If the sample is more uneven than random
allocation would imply, that is, if G > G¥,
then G > 0 is simply excess unevenness (G-
G*) expressed as a fraction of the maxi-
mum amount of such excess segregation
that could possibly occur (1 -G¥%). G=1
is analogous to Lomplete unevenness, as
with the standard gini coefficient, but G=0
implies that the sample is equivalent to
random allocation. If, in contrast, there is
excess evenness, that is, G > G* then G is
negative and represents excess evenness in
the sample (G- G*), expressed as a fraction
of the maximum amount of such excess
evenness that could possibly occur (G¥).'

where pand g (s) are determined by the sample. Note
that N(m,s;p) >0 for all nonnegative integer values of
sand m such that m < s and g(s) > 0. N(m,s;p) fully
characterizes the distribution of employment that
would be expected under random allocation, given p
and g(s). The gini coefficient of segregation com-
puted from this artificial distribution is what we call
the gini coefficient of random segregation.

®The examples from the text illustrate the differ-
ence between Gand G . First, consider a large sample
of two-person plants with equal aggregate numbers of
men and women and a traditional gini coefficient of
75. In this case, G = 0 because .75 is exactly what
random assignment would imply. Second, consider a
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To summarize, our G is different from
the standard gini coefficient in two ways.
First, we have set the baseline of 0 to corre-
spond to random allocation rather than
complete evenness. Second, we have
remapped values of Gthatare greater than
G*into the [0,1] interval, and remapped
values of G that are less than G¥* into the
[-1,0] interval. In the following analysis,
we will examine a similarly modified dis-
similarity index. We think that these modi-
fied indices provide more useful informa-
tion than the traditional ones. However,
we recognize that some readers willbe more
comfortable with the traditional indices.
Thus, in the work that follows we report
traditional indices of segregation, indices
of random segregation, and the indices of
systematic segregation that we developed
here. Together, these indices provide a
useful summary of segregation patterns.

Interplant Sex Segregation

Table 2 examines the extent to which
men and women are segregated across
manufacturing plantsin the United States.'”
The six columns each report a different
index. Columns (1)—(3) report results for
the three versions of the gini coefficient,
whereas columns (4)—(6) reportanalogous
results for the dissimilarity index. While
the columns differ by the index reported,
the rows of Table 2 vary by the sample of
workers considered. Row 1 reports results
for all workers in the WECD, while other
rows report results for samples stratified by
broad industries (rows 2 and 3), by selected

large sample of 1,000 worker plants with equal aggre-
gate numbers of men and women and a traditional
gini coefficient of .30. In this case, G would be very
close to .30 aswell, asrandom assignment implies very
little unevenness. As these examples illustrate, the
extent to which G differs from Gis entirely dependent
on the likely role of random allocation in the particu-
lar sample at hand.

It is important to remember that, like most pre-
vious authors (for example, McNulty 1967; Buckley
1971; Blau 1977; and Groshen 1991), we study segre-
gation across plants rather than firms.

detailed industries (rows 4-8), by broad
occupations (rows 9-14), by selected de-
tailed occupations (rows 15-20), or by
schooling (rows 21-24). The numberswith-
out parentheses are the index values and
the numbers in parentheses are bootstrap
standard errors, which Boisso et al. (1994)
have shown to be useful measures of sam-
pling error in the present context.'®

Row 1 shows that there is substantial sex
segregation across U.S. manufacturing
plants, as the traditional gini coefficient is
.59 and the traditional dissimilarity index is
.43. Thus, the distribution of men and
women across plants is far from even. Some
of the observed unevenness is attributable
to random allocation of workers to plants,
as the random gini coefficientis.24and the
random dissimilarity index is .16. Never-
theless, the random segregation indices of
columns (2) and (5) are substantially less
than what is actually observed in columns
(1) and (4). This fact is reflected in the
systematic indices of row 1, which indicate
that excess unevenness is, depending on
the particular index used, 45% or 33% of
the maximum that could possibly be ob-
served. Thus, men and women are system-
atically segregated in U.S. manufacturing.

These results are consistent with the
broad class of models that predict system-
atic sex segregation. The rest of the table

'%See Efron and Tibsharani (1993) for a general
introduction to bootstrapping. As the reader will of
course know, standard errors are an estimate of how
much the associated statistic would be expected to
vary in repeated sampling from the population. The
basic idea behind bootstrapping is to substitute the
sample for the population. In particular, a series of
500 or so bootstrap samples are drawn randomly from
the true sample with replacement, and the statistic (in
this case the segregation index) is computed for each
bootstrap sample. The “bootstrap standard error” is
then the standard deviation of.the distribution of
statistics computed from the 500 bootstrap samples.

It may seem puzzling that the “Expected” indices
of columns (2) and (5) have standard errors. How-
ever, recall that these indices are what would be
expected conditional on the joint sample distribution
of establishment sizes and gender. Since this distri-
bution varies somewhat across bootstrap samples, the
expected indices are themselves stochastic.
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Table 2. Indices of Interfirm Sex Segregation.

Gini Index Dissimilarity Index
(1) (2) ) (4) (5) (6)
Random  Systematic
Random  Systematic Dis- Dis- Dis-

Sample Gint Gini Gini similarity  similarity  similarity
1. All Workers .59 (.01) .24 (.01) .45 (.01) 43:(.01) .16:(.00) | .33.(.01)
Within Broad Industry
2. Nondurables .59 (.01) .26 (.00) .45 (.01) 43 (.01) 17(.00) * .31(:.01)
3. Durables - 55 (.01). .281(.01) | 415(L01) .40 (:01) . .15 .(.01)  .30(.01)
Within Selected Detailed Industry
4. Meat Products .43 (.05) .21 (.02) .28 (.06) .30 (.05) .14 (.01) .19 (.06)
5. Apparel, Excluding Knit :52.(.08)" .85/(.01) . .26 (.04) W37 (:02) L.280¢.01) [.18(.03)
6. Newspaper Publishing .40 (.02) .31 (.01) .13 (.02) 29(.01) 21I(.01)"  .107(.02)
7. Motor Vehicles and Equipm. .41 (.03) .15 (.02) .31 (.03) .32 (.02) .10 (.01) .24 (.02)
8. Household Appliances 31(.08) 2:(.01) .22 (.08) .22 (.03) .08 (.01) .16 (.03)
Within Broad Occupation
9. Prof./Managers .63 (.02) .54 (.02) .19 (.01) 44 (.01)  .36:(.02) | .13 (.00)
10. Sales/Service 791(.01) 73.(.01) 24 (.03) 59 €102y 62 I02)" 1 1A51(:02)
11. Clerical 68 (.01) .59 (.01) .21 (.02) 49 (.01) .40 (.01) .14 (.01)
12. Craftsmen 83 (.01) ' .56/(.01) .62 (.02) B67(.01) .38 (.01) .46 (.02)
13. Operatives .80 (.01) .38 (.01) .68 (.01) .62 (.01) .24 (.01) .50 (.01)
14. Laborers .83 (.01) .60 (.01) .56 (.02) .65 (.01) .42 (.01) .40 (.02)
Within Selected Detailed Occupation
15. Engineers, Architects,

and Surveyors 75.¢.05): | :71.(:05) | 13(.08) .54 (.06) .50 (.06) .08 (.03)
16. Mechanics and Repairers .91 (.01) .84 (.01) .45 (.05) J6:(67) 67 (02) 27 (.056)
17. Precision Production

Occupations .85 (.01) .61 (.01) .60 (.02) .68 (.01) .42 (.01) .45 (.02)
18. Textile, Apparel, and

Furnishings Machine

Operators .84 (.02) .50 (.01) .67 (.03) .64 (.02) .34 (.01) .46 (.03)
19. Machine Operators,

Assorted Materials .83 (.01) .56 (.01) .62 (.01) .66 (.01) .38 (.01) .45/(.01)
20. Fabricators, Assemblers,

and Hand Working

Occupations .84 (.01) .48 (.01) .69 (.01) BT .01y 131, (.01).; 52 (.02)
Within Schooling Group
21. <12 Years 80 (:01) .51 (.01). .59 (.01) .62 (.01) .34 (.01) .42 (.01)
22. 12 Years .69 (-01) 35 (.01) .53 (.01) B52(.01) ' :23(.00)" .38 (.01)
23. 13-15 Years .63 (.01) .45 (.01) .32 (.01) 45 (,01)  1297(.01) .23/(.01)
24. > 16 Years 65 €.02) + 55,02) 128 (102} 47 (.02) .37 (.02) .16 (.01)

Notes: Numbers in parentheses are bootstrap standard errors. See text for description of the samples and

indices.

presents the results of crude attempts to  skills, as the quality-sorting hypothesis sug-
empirically distinguish between the theo-  gests, then levels of segregation should be
ries within this class. If segregation arises  much lower within groups of workers with
because men and women have different  similar skills. To examine this hypothesis,
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the rest of Table 2 examines sex segrega-
tion amongrelatively homogeneous groups
of workers. Rows 2-8 of Table 2 examine
the extent to which interindustry segrega-
tion can explain the aggregate segregation
patterns of row 1. In particular, in rows 2
and 3 we take a crude attack by simply
breaking industries out into durables and
non-durables. The indicesshow thatwithin-
industry segregation is very similar to that
of the aggregate, so that little aggregate
segregation is due to interindustry segrega-
tion at this level.

Rows 4-8 of Table 2 examine segrega-
tion within a set of detailed industries that
are well represented in the WECD.!* The
results show that segregation within de-
tailed industries is generally substantially
less than that within manufacturing as a
whole. For example, the systematic gini
coefficient for the meat products industry
is only .28, whereas the corresponding in-
dex for nondurable manufacturing as a
whole is .45. Similarly, the systematic dis-
similarity index is .30 in durable manufac-
turing as a whole, but it is only .16 in the
household appliance industry. These re-
sults suggest that much of the aggregate
segregation in U.S. manufacturingis due to
the sorting of men and women into differ-
ent detailed industries. In addition, note
that systematic segregation is particularly
low in the newspaper publishing industry,
which employs a relatively large number of
white-collar workers. These results suggest
a white-collar/blue-collar distinction that
we will shortly explore further.

Rows 9-14 of Table 2 address this issue
with measures of interfirm segregation
within six crude occupational categories.
Before we discuss the substance of these
rows, note first that there is a mechanical
reason why the random segregation indices
of columns (2) and (5) are much higher for
these “within-occupation” rows than they

""We chose these industries because they had a
large number of plants in the WECD. Interested
readers may obtain results for other detailed indus-
tries from the authors.

were for the previous analyses. This differ-
ence occurs because the restriction to par-
ticular occupations means that we have
fewer sample workers per establishment.
As the discussion of the previous section
pointed out, the random allocation of fewer
workers across the same number of employ-
ers leads to an increase in random uneven-
ness, and hence to an increase in random
segregation.®

More substantively, the move to a within-
occupation analysis leads to reduced esti-
mates of the systematic component of seg-
regation for some occupations. For ex-
ample, the systematic gini coefficient for
sales and service occupationsin our sample
is only .21, and the systematic dissimilarity
index for professionals, technicians, and
managers is only .13. Thus, for these occu-
pations, there is only a limited amount of
systematic interplant segregation within
U.S. manufacturing. However, the same is
not true of more blue-collar occupations.
For example, craftsmen, operatives, and
laborersare allmuch more segregated than
random allocation would predict. Thus,
some but not all of the interplant segrega-
tion documented in row 1 is attributable to
occupational segregation.

Much of the literature on occupational
segregation is concerned with segregation
across quite narrowly defined occupations.
While a within-occupation analysis of all
detailed occupations would be unwieldy,
rows 15-20 of Table 2 analyze segregation
within a few detailed occupations, which
were chosen because they are well repre-
sented in our sample. Moving to samples
defined by such narrow occupations leads
to a small average number of workers per
plant, which in turn leads to very high
random indices of segregation. Thus, the

0This illustrates the pitfalls of using traditional
segregation indices to compare segregation across
different samples. Without accounting for random
unevenness, one would conclude that within-occupa-
tion segregation was more severe than it was in the
entire population, which we believe would be the
wrong conclusion.
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high traditional segregation indices found
in these samples (for example, .91 for the
gini coefficient for mechanics and repair-
ers) are largely due to random unevenness.
Nevertheless, there is a substantial amount
of systematic segregation within these oc-
cupations. As before, there is an important
blue-collar/white-collar distinction be-
tween “engineers, architects, and survey-
ors” on one hand, and all the other occupa-
tions on the other.

As a final exercise, rows 21-24 of Table 2
analyze segregation within groups of work-
ers stratified by educational attainment.
The results again suggest that differences
in educational attainment do not explain
aggregate interplant gender segregation.
Of course, this is not surprising, as the
educational gap between men and women
is not large. More interestingly, the results
suggest that there is substantially less sys-
tematic segregation among workers with at
leastsome post-high school education. For
example, the systematic gini coefficient is
.23 for workers with a college degree or
more, butitis .59 for high school dropouts.
These results are consistent with the results
for occupation, where it was the blue-collar
occupations that were the most segregated.
These results may indicate that educated,
white-collar men are less resistant to work-
ing with women than are their blue-collar
counterparts, or it may be that affirmative
action and civil rights pressures to inte-
grate operate more strongly on white-col-
lar workers. Alternatively, it may be that
lower job exit rates of educated women
lead their human capital to be more substi-
tutable with that of men than is the corre-
sponding human capital of blue-collar
women.

We draw the following conclusions from
Table 2. Like the authors of previous stud-
ies, we find that the distribution of men and
women across plants is far from even. How-
ever, we show that much of this unevenness
is potentially attributable to random alloca-
tion, particularly among white-collar work-
ers, and thus that previous studies may have
overstated the systematic component of
interplant sex segregation. Nevertheless,
we also find an important systematic com-

ponent to observed segregation patterns,
even among workers of similar skills. This
finding provides support for theories of the
male/female wage gap that emphasize seg-
regation.

Differences Between Men’s
and Women’s Employers

The systematic segregation evident in
Table 2 indicates that there are systematic
forces that drive some plants to hire mostly
women while other plants hire mostly men.
What distinguishes these two sets of plants
from each another? Table 3 addresses this
issue with regressions in which the unit of
observation is a plant and the dependent
variable is the female share of non-supervi-
sory employees. Thus, using these regres-
sions we try to explain why it is that some
plants’ supervisees are primarily women
while other plants’ supervisees are prima-
rily men.?! The right-hand-side variablesin
the regressions include controls for log
plant employment, industry, region, the
distribution of workers across broad occu-
pations, the average age and education of
supervisory and non-supervisory workers,
and the percent of supervisors who are
female.?

There are theoretical reasons for put-
ting the female share of supervisors on the
right side rather than the left side of the
regression. Lang’s theory clearly implies

ZTo be in the sample used to estimate these re-
gressions, plants had to have at least one supervisor
and one non-supervisor in our sample. Thisled to the
exclusion of some of the smaller plantsin the sample.

2This regression is heteroskedastic for two rea-
sons. First, random allocation implies that the re-
sidual variance in this regression will be greater for
smaller plants than for larger plants. Second, the
dependent variable is bounded between 0 and 1.
Since a relatively small fraction of plants are at either
bound (16.0% of plants have 0% female
nonsupervisors and 2.7% have 100% female
nonsupervisors, and even less of the sample is at these
bounds when we use sample weights), this does not
induce much bias, but it might induce substantial
heteroskedasticity. To correct for this problem, re-
ported standard errors are based on White’s (1980)
method.
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Table 3. Plant-Level Models of Employee Sex Composition.

Dependent Variable = Female Share
of Non-Supervisory Employment

Independent Variable (1) (2) (3) (4)
1. Percent Female Supervisors .120 .102 A13 .100
(.019) (.017) (.019) (.017)
2. Log of Establishment Employment .009 .022 .010 .021
(.005) (.004) (.005) (.005)
3. Percent of Non-Supervisors with a -.170 -.060 -.155 -.052
College Degree (.052) (.050) (.052) (.052)
4. Percent of Establishment Workers in -.017 .268 -.014 .265
Managerial Occupations (.096) (.090) (.096) (.091)
5. Percent of Establishment Workers in Sales 1222 .286 255 310
Occupations (.094) (.085) (.096) (.086)
6. Percent of Establishment Workers in -.115 -.017 -.100 -.012
Craft Occupations (.084) (.075) (.084) (.075)
7. Log of Average Hourly Wages of Non- - -.323 — -.319
Supervisory Employees (.022) (.023)
8. Log of Average Hourly Wages of Supervisory — .035 — .038
Employees (.018) (.018)
9. Log of Labor Productivity (x 100) — — -.019 -.008
(.003) (.002)
10. 2-Digit Industry Dummies Yes Yes Yes ‘es
11. Region Dummies Yes Yes Yes Yes
12. Number of Plants in Sample 4,465 4,465 4,359 4,359
13. R-Square .370 .465 .382 .469

Notes: All data drawn from the Worker-Establishment Characteristics Database. All regressions included
controls for the average age and education of supervisors, as well as the average age of non-supervisory
employees. To be in the sample for this table, establishments had to have both at least one supervisor and one
non-supervisor in the WECD. The data are all weighted by the inverse of the probability that the plant appears

in the WECD.

that communications difficulties between
managers and workers lead female manag-
ers, who presumably speak the “language”
of female workers, to employ more female
workers. And if female managers are less
likely than male managers to have a taste
for discrimination against women, then
Becker’s theory predicts that female man-
agers are more likely to supervise female
employees.” In contrast, the quality-sort-

BWhile there is not much direct evidence on
whether women are less likely than men to discrimi-
nate against women, such evidence as exists suggest
that there probably is some same sex preference
(Goldberg 1968; Ferber and Huber 1975). However,
in her case study of alarge corporation, Kanter (1977)
argued that female managers may suffer from “token-
ism” that causes them to be even tougher on female
subordinates than are men.

ing hypothesis does not predict that other-
wise identical male and female managers
will systematically supervise workers of ei-
ther sex. Thus, subject to some provisos,
the correlation between the sex of supervi-
sors and the sex of supervisees provides
some clue as to the proper interpretation
of our results on interplant segregation.
Row 1 indicates a strong correlation be-
tween the sex of supervisors and the sex of
supervisees. For example, the regression of
column (1) indicates thata 50% increase in
women’s share of a plant’s supervisors is
associated with roughly a 7.5% increase in
women’s share of the plant’s non-supervi-
sors. Thus, column (1) demonstrates that
female managers tend to supervise female
employees, although the relationship is far
from completely systematic. The coeffi-
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cient in row 2 of column (1) indicates that
women have a higher employment share
among larger establishments. This resultis
consistent with the view that large employ-
ers are less likely to discriminate than are
smaller employers, perhaps because they
feel more pressure from federal antidis-
crimination law (Carrington and Troske
1995). Rows 3-6 indicate that female non-
supervisors are concentrated in plants with
relatively few college-educated non-super-
visors and in plants with many sales work-
ers, both results that are consistent with
differences between men and women in
the WECD as a whole. While not reported
here, the industry dummies are jointly sig-
nificant, so that there is an important de-
gree of industrial sorting.

Column (1) of Table 3 is consistent with
the discrimination models of Becker and
Lang, as female supervisors are more likely
to hire and supervise female workers. How-
ever, these regressions can still be inter-
preted in the quality sorting framework
without too much trouble. It is true that
men and women are allocated somewhat
differently within the broad class of super-
visory occupations. The inclusion of indus-
try dummies and occupation shares means
that column (1) is comparing men and
women within fairly narrowly defined in-
dustries and within broad occupations, but
itremains possible that finer differences in
the within-industry occupational structure
of men and women are what drive the re-
sults. Asan example, consider the printing
and publishing industryin general, and the
newspaper industry in particular. Female
managers in this industry may be likely to
work in editorial or advertising establish-
ments, while men may be more likely to
supervise the manufacture and distribu-
tion of the papers. To an extent, onc might
take this as evidence of discrimination of
one sort or another, but it might also be
attributed to differences in the type of hu-
man capital held by male and female man-
agers and supervisees.

Columns (2)-(4) of Table 3 present three
crude ways of trying to refine our results.
To the extent that male /female differences
in human capital or occupation can be

reduced to a scalar measure, as opposed to
simple qualitative differences, controlling
for the wages or productivity of both super-
visors and non-supervisors may provide a
cleaner measure of the degree to which the
correlation between sex of supervisor and
sex of supervisees is driven by discrimina-
tion. Column (2) repeats the regression of
column (1) with the inclusion of the aver-
age wage of non-supervisory employees and,
separately, the average wage of supervisors.
Row 13 shows that these variables add sub-
stantially to the explanatory power of the
model, as the r-square increases by roughly
athird. The added variables also attenuate
the coefficient on percent female supervi-
sors, although it remains moderately large
and statistically significant. Column (3)
omits the wage variables and instead adds
the log of labor productivity, which is de-
fined as the dollar value of plant shipments
divided by the number of employees.?* This
variable has much less explanatory power,
and it also has less of an effect on the
coefficient on percent female supervisors.
Finally, column (4) repeats the exercise
when both labor productivity and the wage
variables are included. The results are very
similar to those of column 2. In sum, Table
3 shows that, holding the wages and pro-
ductivity of their supervisees constant, men
are more likely to supervise other men and
women are more likely to supervise other
women. This suggests that to the extent
that human capital differences explain in-
terplant gender segregation, it must be
along qualitative rather than quantitative
dimensions.

These results suggest that the systematic
segregation documented in Table 2 is at
least in part the result of supervisors’ sys-
tematic choice of supervisees of their own
sex. These choices may arise from discrimi-
nation due to prejudice, as in Becker’s
model, or from discrimination due to lan-
guage differences between the sexes. Of
course, given the relatively crude occupa-

%Similar results were obtained when we defined
labor productivity to be value-added/employees.
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tional classification system considered in
the analysis, it remains possible that occu-
pational segregation along finer dimen-
sions is what drives the observed patterns of
interplant segregation. However, together
with findings of previous research by Bielby
and Baron (1984), Groshen (1991), and
others, the results we report here suggest
that, even within narrow occupations, there
is usually some interplant gender segrega-
tion.?> Thus, we believe that there is an
important systematic component of inter-
plant gender segregation, particularly
among less-educated and blue-collar work-
ers, and that this segregation is probably
not completely explained by sex differences
in human capital acquisition.

Before moving on, let us note again that
the preceding analysis was conducted on a
sample of workers who worked at or near
full-time. We focused on this sample be-
cause discrimination against full-time work-
ers is particularly troubling, and because
segregation in a broader sample might be
partly due to segregation of part-time and
full-time workers. However, since women
are disproportionately part-time and be-
cause part-time/full-time segregation might
itself reflect sex discrimination, it is worth
comparing the above results to those ob-
tained in a sample that includes part-time
workers. Inshort, it makes very little differ-
ence in the analysis.?® There are of course
some minor changes in overall measures of
segregation, and even some more signifi-
cant changes in segregation within particu-
lar industries or occupations. However,
the major results still hold: men and women
are systematically segregated, particularly
in blue-collar occupations and industries.

%One problem with these previous studies is that
usually little effort was made to distinguish systematic
from random segregation. Thus, some of the pat-
terns of intraoccupational sex segregation found by
previous authors could be due to random allocation
of workers.

26Full results from the sample that includes part-
time workers are available from the authors on re-
quest.

Interplant Segregation
and the Male/Female Wage Gap

In this section we investigate two aspects
of the relationship between interfirm seg-
regation and the male/female wage gap.
We first decompose the gender wage gap
into between-and within-plant components.
Our decompositions differ from those of
earlier studies (for example, Groshen 1991)
in that we control for human capital char-
acteristics such as education and experi-
ence that have been unobservable to previ-
ous authors. The exercise is motivated by
public policies such as Title VIl and compa-
rable worth that are largely devoted to elimi-
nating within-plant pay differences between
equally qualified men and women. As men-
tioned previously, these policies willnot be
effective unless within-plant pay differences
are the primary source of women'’s low
wages.

Our approach is to regress wages on a set
of plant fixed effects, either before, after,
or at the same time that we control for
workers’ personal characteristics, and to
see how much of the gender wage gap can
be explained by the location of men and
women in different plants.?” Let Y = log
hourly wages, let X = a set of personal
characteristics including terms in educa-
tion, experience, and detailed occupation,
and let Z = a set of plant fixed effects.
Columns (1)-(3) of Table 4 then report
results from a two-step procedure in which
we first estimated Y = X'B, and then re-
gressed the residuals of this first regression
on the plant fixed effects Z. In essence, this
procedure gives personal characteristics
first crack at explaining the gender wage
gap, and the plant effects are given the
opportunity to explain the residual gender
wage gap. Column (1) reports results for
all workers, while columns (2) and (3) re-
port separate results for blue-collar and
white-collar workers. Row 1 shows that the
unadjusted difference in log hourly wages

?"By plant fixed effects we mean we have included
a separate dummy variable for each plantin our data.
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Table 4. Decomposing the Male/Female Wage Gap
into Within- and Between-Plant Components.

Step 1: Y = X'B + u,
Step 2: Y- X'B=2Z"y + u

(1) (2) (3)

Order of the
Decomposition

White-
Collar

Blue-

Total Collar

Step 2: Y -2'7=XB +u

Step 1: Y =Z'Y + u,
Step 1: Y = XB+Z'v+u

(4) (5) (6) (7) (8) (9)

White-
Total Collar

White-
Collar

Blue-

Total Collar

1. Unadjusted Male/
Female Wage Gap
Y=
Male/Female Wage
Gap Adjusted

for Personal

Characteristics

(F-X.P) -

(Y,- X,B)

3. Male/Female Wage
Gap Adjusted for
Plant Fixed Effects

(Y -Z'7)-

(Y —Z2'%)

4. Male/Female Wage
Gap Adjusted
for Personal
Characteristics and
Plant Fixed Effects
(Y - ‘CEB— 2. 90)—

(Y - X'B-Z'7)
Y = hourly wages

429 .439

no

[
~

.280

332 194

.230

1429 439 .439 .446

.366 .344 416 .345 .302 .400

.230 .143 197

123 191 214

X = worker characteristics including flexible terms in experience and education, race, marital status, 10
occupation dummies, 4-digit industry dummies, MSA, region, MSA X region.

Z = a set of plant fixed effects.

between men and women is .429 for all
workers, .439 for white-collar workers, and
.446 for blue-collar workers in our sample.

Row 2 of Table 4 reports the residual
wage gap left after we control for the effect
of personal characteristics. Thisisapproxi-
mately .280 for white-collar workers and
approximately .371 for blue-collar workers.
Row 3 reports the residual male/female
wage gap after netting out the fixed effects
estimated in the second step, without first
adjusting for personal characteristics, and
row 4 reports the residual wage gap after we
net out both the personal characteristics
and the plant fixed effects. Two facts stand
out from these calculations. First, itis clear
that plant fixed effects can statistically ac-
countfor asubstantial fraction of the male/
female wage gap, both as a whole and sepa-
rately for the blue-and white-collar samples,

even after we control for a large array of
other productive characteristics. Second,
the role of the plant fixed effects is much
more important for blue-collar workers than
it is for white-collar workers. For white-
collar workers, column (2) shows that hu-
man capital characteristics can account for
36% of the gender gap in log hourly wages.
Subsequent controls for employer can ac-
count for an additional 24% of the gap so
that, among white-collar workers, employer
identity plays an important but secondary
role in wage determination. In contrast,
column (3) shows that employer identity
plays a dominant role in statistically ex-
plaining the gender wage gap among blue-
collar workers. This can be seen by the fact
that while human capital characteristics
can explain only 17% of the gender wage
gap, plant fixed effects can account for
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almost 68% of the residual wage gap. Thus,
among blue-collar workers, the male-female
wage gap is largely accounted for by
women'’s location in plants that generally
pay low wages.

Columns (4)-(6) reverse the order of
the decomposition by regressing wages on
the plant fixed effects in the first step, and
then regressing the residuals on the per-
sonal characteristics in the second step.
This gives the plant effects first crack at
explaining the male /female wage gap. Row
3 of column (4) shows that the male/fe-
male wage gap remaining after controlling
for plant fixed effectsis .230 for all workers,
or about 52% of what it was without con-
trolling for these effects. Column (6) shows
that the role of plant fixed effectsis particu-
larly strong among blue-collar workers,
where they explain over two-thirds of the
male/female wage gap. Columns (7)-(9)
regress Y on X and Z simultaneously, so
that personal characteristics and plant fixed
effects are given equal opportunity to ex-
plain the gender wage gap. The results are
similar to those of the previous columns, as
plant fixed effects explain a substantial frac-
tion of the male/female wage gap.

The results of Table 4 show that there is
an important, and in the case of blue-collar
workers dominant, role played by inter-
plant segregation in accounting for the
wage gap between men and women. Women
work in low-paying plants while men work
in plants that pay relatively high wages.
While broadly similar to the results of pre-
vious studies (for example, Groshen 1991),
these results command more confidence
because we have simultaneously controlled
for human capital characteristics that were
unobservable to previous analysts. In addi-
tion, we are unaware of any previous dis-
tinction between blue- and white-collar
workers in this regard. Comparable worth
policies are designed to even out
interoccupational wage differences within
firms, and by extension within plants. The
importantrole ofinterplant pay differences
suggests that such policies can have only a
limited effect on the male-female wage gap,
even if they are effective at evening pay
differences within firms. In addition, the

results are consistent with discrimination
theories positing that women are crowded
into a few non-discriminatory employers.

Our second exercise relates the wages of
male and female workers to the gender
makeup of their coworkers. This question
is motivated by several observations. First,
Becker’s theory of coworker discrimina-
tion (although not his theory of employer
discrimination) posits that workers in inte-
grated plants may receive higher wages.
For example, if male workers demand a
higher wage in order to work with women,
then men in integrated plants will receive
higher wages than similar men working in
all-male plants. A second motivation is the
emphasis of the gender wage gap literature
on the interoccupational relationship be-
tween average wages and gender composi-
tion. While this focus does not have a clear
theoretical basis, our interfirm analysis of
gender composition and wages is directly
analogous.

Our approach here is to estimate an
individual-level hourly wage regression with
personal and plant characteristics on the
right-hand side. The personal characteris-
ticsinclude terms in experience and educa-
tion, sex, marital status, occupation, and
race, and the plant characteristics include
total employment and the female share of
establishment employment. Table 5 pre-
sents the results of several such regressions.®
Columns (1) and (2) report results for all
workers. The columns differ in that col-
umn (1) includes only the variables listed
above, while column (2) adds a measure of
plant-level labor productivity.®

Both regressions indicate that, holding
characteristicsincluding sex constant, work-
ers earn less if they work in plants with
largely female workers. For example, row 2
of column (2) indicates that the represen-
tative man working in a 50% female plant

®The standard errors in these regressions have
been corrected to account for heteroskedasticity and
for the clustered sample design.

#Labor productivity is defined to be the dollar
value of shipments divided by employment.
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earns wages that are more than 10% lower
than those of observationally equivalent
men working in all-male plants. The com-
bination of rows 2 and 3 shows that the
relationship between wages and percent
female in the establishment is even greater
among women. The regression indicates
that the representative woman in a 50%
female plant earns wages that are over 15%
lower than those of observationally equiva-
lent women working in plants that are
nearly all male. A comparison of columns
(1) and (2) shows that these relationships
are not much changed if we control for
(admittedly crude) measures of labor pro-
ductivity.

The regressions of columns (1) and (2)
control for 1-digit occupation and 2-digit
industry (within manufacturing, of course),
so these results are not driven by the fact
thatmen and women are sorted into broadly
different occupations and industries. Nev-
ertheless, it is possible that segregation
along finer dimensions of occupation and
industry is what drives these results. For
example, the quality-sorting hypothesissug-
gests that, within any 2-digitindustry, plants
with many women tend to employ workers
with relatively low skills. Alternatively, it
could be that the mere fact of having fe-
male coworkers tends to drive down wages.
There is no completely satisfactory way of
sorting out these alternative interpretations,
but the rest of Table 5 represents several
crude attempts at doing so.

Columns (3)-(6) of Table 5 present wage
regressions where the samples are divided
along industrial lines. Columns (3) and
(4) report regressions for industries that
are relatively female-intensive (that is, the
fraction of female employees in our sample
exceeds 33%), while columns (5) and (6)
report regressions for industries that are
relatively male-intensive. The motivation
for these regressions is that there might be
differential scope for quality-sorting de-
pending on whether women are an impor-
tant component of the industry’s overall
work force. The results of these regressions
may be summarized as being not too differ-
ent from those of columns (1) and (2).
Namely, workers with female coworkersearn

lower wages than observationally similar
workers with predominantly male cowork-
ers.

Columns (7)-(12) take an analogous
approach to samples stratified by broad
occupation. The results display substantial
variation across occupations. Columns (7)
and (8) show that, among managers, there
is no wage penalty for male managers who
work with predominantly female under-
lings. However, female managers in pre-
dominantly female plants do earn substan-
tially less than female managers in more
integrated plants. Columns (9) and (10)
show that, among sales and clerical occupa-
tions, both men and women are penalized
for working in largely female plants, but
the size of this penalty is substantially less
for women. Despite this variation, there is
stilla common theme. Wages for both men
and women tend to be lowestin those plants
with a predominantly female workplace.

These results are somewhat hard to ex-
plain with any of the discrimination theo-
ries. In Becker’s theory of employer dis-
crimination and in Lang’slanguage theory,
competition forces the wages of workers
within either sex to be the same across
plantsregardless of the plants’ gender com-
position. In Becker’s theory of coworker
discrimination, prejudiced men should re-
ceive higher wages for working with pre-
dominantly female coworkers. None of
these predictions are consistent with the
data. In contrast, the quality sorting hy-
pothesis suggests that highly female plants
pay lower wages simply because their em-
ployees, both male and female, tend to
have lower skills. This is roughly consistent
with what we find here. The quality sorting
hypothesis also suggests that there should
be no gender wage gap once we control for
labor productivity, but this is not what we
find. However, our controls for labor pro-
ductivity are sufficiently crude that this does
not represent a strong test. Thus, of the
theories considered here, quality-sorting is
perhaps the most consistent with the data.*

30As with the results on segregation, we examined
the sensitivity of these results to the inclusion of part-
time workers in the sample. Not surprisingly, there
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Conclusions

This paper has examined the extent and
causes of interfirm gender segregation in
U.S. manufacturing. A primary finding is
that, consistent with earlier results, there is
substantial interfirm sex segregation by
conventional measures. However, some of
this segregation is attributable to the ran-
dom allocation of workers to plants, so
previous studies may have overstated the
systematic component of workplace gen-
der segregation. This is particularly true
among white-collar, highly educated work-
ers. Nevertheless, among white-collar work-
ersand particularly among blue-collar work-
ers, we find that men and women are more
segregated than random allocation would
predict. Asecondary finding is that manag-
ers and their subordinates tend to be of the
same sex, even within industries and occu-
pations. While this may be partly the result
of qualitative differences in human capital
acquisition, it is also consistent with theo-
ries of discrimination based on animus
(Becker) or language (Lang).

are some minor changes in coefficients in the models
that we estimate. However, the general results are
quite unaffected by the inclusion of part-time work-
ers. Full results from the sample including part-time
workers are available from the authors upon request.

We also examined the distribution of
men’sand women’s wages across U.S. manu-
facturing plants. We found that differen-
tial pay across establishments can statisti-
cally account for a substantial fraction of
the overall gender pay gap. Indeed, among
blue-collar workers plant fixed effects ex-
plain more of the gender pay gap than doa
full array of traditional human capital mea-
sures. Among other things, this finding
suggests that comparable worth policies
can have only limited success in reducing
the gender pay gap. We also examined the
relationship between wages and the frac-
tion of female workers in a plant, holding
the worker’s sex and other characteristics
constant. While there is some variation
across occupations and industries, the ba-
sic finding is that both men and women
earn less when they work in plants that are
predominantly staffed by women. We ar-
gue that this finding is not explicable by
theories of discrimination. The quality-
sorting hypothesis of Macpherson and
Hirsch (1995) offers one potential expla-
nation of these facts, as perhaps low-skilled
men and women are all concentrated in
highly female plants. However, the fact
thatcontrolling for labor productivity leaves
this relationship largely intact suggests that
the quality-sorting hypothesis is not a com-
plete explanation either.
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