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ABSTRACT
Using Matched Employer-Employee Data to Study Labor
Market Discrimination∗
Wage gaps between individuals of difference races, sexes, and ethnicities have been
documented and replicated extensively, and have generated a long history in labor
economics research of empirical tests for labor market discrimination. The most widely-used
approach to test for labor market discrimination is based on wage regressions estimated at
the level of individual workers, with the estimate of discrimination inferred from the residual
race, sex, or ethnic group differential in wages that remains unexplained after including a
wide array of proxies for productivity. What is absent from the residual wage approach – and
in our view leaves the approach vulnerable to being regarded as uninformative regarding
discrimination – is any directly observable measure of productivity with which to adjust
differentials in wages in trying to infer whether a particular group suffers from discrimination.
The ideal solution would be individual-level productivity data that can be compared with
wages. Any of the variables that differ across groups and are unobserved in the residual
wage regression approach should affect wages and productivity equally, and hence not bias
the test. However, such data are extremely rare, in large part because individual productivity
is often unobservable and seldom measured. This chapter focuses on the use of matched
employer-employee data sets to carry out a version of this ideal test, but at the establishment
level. When these data sets permit the measurement of the demographic characteristics of
establishments' workforces, as well as the estimation of production functions, they can be
used to infer productivity differentials between workers in different groups. Comparisons of
these productivity differentials with wage differentials then provide versions of the ideal test
for discrimination at the establishment level. In addition to providing tests of discrimination,
matched employer-employee data sets have proven useful in studying other questions that
arise in the economics of discrimination, including measuring labor market segregation and
assessing its consequences, and examining hypotheses or predictions that are central to
economic models of discrimination.
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I. Introduction
Wage gaps between individuals of difference races, sexes, and ethnicities have been documented
and replicated extensively, and have generated a long history in labor economics research of empirical
tests for labor market discrimination. The most widely-used approach to test for labor market
discrimination is based on wage regressions estimated at the level of individual workers, with the estimate
of discrimination inferred from the residual race, sex, or ethnic group differential in wages that remains
unexplained after including a wide array of proxies for productivity. Such estimates are open to the
criticism that the proxies do not adequately capture group-specific differences in productivity, leading to
disputes over the interpretation of the estimates that cannot be resolved with the types of data typically
used in this approach.

What is absent from the residual wage approachBand in our view leaves the

approach vulnerable to being regarded as uninformative regarding discriminationBis any directly
observable measure of productivity with which to adjust differentials in wages in trying to infer whether a
particular group suffers from discrimination. The ideal solution would be individual-level productivity
data that can be compared with wages. Any of the variables that differ across groups and are unobserved
in the residual wage regression approach should affect wages and productivity equally, and hence not bias
the test. However, such data are extremely rare, in large part because individual productivity is often
unobservable and seldom measured.
This chapter focuses on the use of matched employer-employee data sets to carry out a version of
this ideal test, but at the establishment level. When these data sets permit the measurement of the
demographic characteristics of establishments= workforces, as well as the estimation of production
functions, they can be used to infer productivity differentials between workers in different groups.
Comparisons of these productivity differentials with wage differentials then provide versions of the ideal
test for discrimination at the establishment level.
In addition to providing tests of discrimination, matched employer-employee data sets have
proven useful in studying other questions that arise in the economics of discrimination, including
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measuring labor market segregation and assessing its consequences, and examining hypotheses or
predictions that are central to economic models of discrimination.
The unifying theme of this chapter, then, is that matched employer-employee data sets hold out
considerable promise for generating empirical evidence regarding labor market discrimination that cannot
be gleaned from the individual-level data that has dominated most research on the topic. The chapter
proceeds in a few steps. First, it explains some of the advantages that matched employer-employee data
offer in studying discrimination. Second, it provides a guide to matched employer-employee data sets,
focusing on the United States but also discussing data sets constructed for other countries. Third, it
reviews some of the work that has been done using matched employer-employee data, again focusing
primarily on the United States. Finally, it discusses new directions in which we think the construction
and analysis of matched employer-employee data sets is likely to prove most useful in advancing our
understanding of labor market discrimination.
II. The Wage Residual Approach and Other Methods
Theoretical Motivation
The wage residual approach to discrimination can be motivated by Becker=s seminal model of
employer discrimination (Becker, 1971). This is discussed in some detail because it is also at the core of
the test for discrimination based on matched employer-employee data. This model also yields some
insights regarding the persistence of discrimination over the longer run; these are discussed later. The
assumption in the employer discrimination model is that employers dislike hiring a particular group, such
as women. The implication is that when a woman is hired, an employer considers the cost to be both the
wage and the disutility from hiring a woman. Thus, in the simplest case where men and women are
perfect substitutes in production, employers can be thought of as maximizing a utility function of the form
UD = U(π,F) = π ! d@F = f(M+F) ! wMM ! wFF ! d@F ,
where d is a constant > 0, reflecting discriminatory tastes against women, and the D subscript denotes a
discriminating employer. The first-order conditions are
MPL = wM , MPL = wF + d .
2

Since d is positive, the only equilibrium in which men and women are employed is the one in which wM =
wF + d, and if d = 0 we must have wM = wF.
Thinking about the equilibrium requires some care. If d is the same for all employers, then when
wM = wF + d employers are indifferent between hiring male and female labor, so we expect all employers
to hire both men and women. In contrast, if, as seems more likely, d varies across employers (indexed by
i), then some equilibrium wage differential between men and women will be generated such that if di >
wM ! wF, employer i hires only men, and if di < wM ! wF, employer i hires only women. Thus, one
problem with Becker=s employer discrimination model (as an explanation of the wage differential) is that,
in the real world, segregation with almost all firms hiring only one sex or the other is generally not
observed.
However, this is a result of the specific form of the utility function. If employers care about the
relative number of female employees, rather than the absolute number, then the utility function is
UD = f(M + F) ! wMM ! wFF ! d@(F/M) ,
in which case the first-order conditions are
MPL = wF + d/M , MPL = wM ! d@F/M2 .
Clearly wM will exceed wF in equilibrium. But now employers can effectively adjust the cost of
hiring women by adjusting the relative number of women, so that for any equilibrium wage ratio, firms
should be willing to hire some men and some women. Of course, those with smaller d=s will hire
relatively more women. So versions of the employer discrimination model can explain the existence of
wage differentials without requiring near-complete sex segregation of firms. In general, then, in
employer discrimination models of this type, the preferences of employers impact hiring decisions, which
in equilibrium generate a market wage differential.
Empirical Approach
As the previous first-order conditions suggest, the wage discrimination that results in the
employer discrimination model takes the form of unequal wages paid to men and women with the same
marginal products. As shown explicitly in Neumark (1988), this model can be used to motivate directly
3

the wage residual approach to discrimination developed by Oaxaca (1973) and Blinder (1973). The
simplest approach is to estimate a wage equation of the form
ln(w) = Xβ + Fγ + ε ,
where X is a vector of control variables presumed to capture individual differences in productivity, and F
is a dummy variable equal to one for women. The implication of this specification is that the wage
differential between men and women is constant (in percentage terms) for all values of the X=s. However,
this may be unduly restrictive, failing to capture, for example, variation in the wage gap with the level of
education or experience. Thus, the Oaxaca-Blinder procedure is to estimate two wage regressions
ln(w) = XβF + εF ,
and
ln(w) = XβM + εM ,
where X includes the unit vector.
In this case the decomposition of the wage differential varies depending on where it is evaluated,
and the residual part of the wage differential now includes not just the difference between the intercepts,
but also the difference between the coefficients on X. Since regression lines go through the means, if bj, j
= F, M are the vectors of estimates of βF and βM, and Xj’ denotes the mean of Xj, then the difference
between the average log wages of men and women can be written in one of two ways:
XM’ bM ! XF’ bF = XM’ (bM ! bF) + (XM’ ! XF’)bF ,
or
XM’ bM ! XF’ bF = XF’ (bM ! bF) + (XM’! XF’)bM .
Intuitively, what is the difference between these alternative decompositions? The last term in
each equation captures the difference in wages that would remain even if the wage regressions were the
same for men and women (i.e., βF = βM), because there would still be a difference in characteristics
between men and women that might lead to a wage differential. Estimating what the contribution of this
difference in characteristics would be requires an assumption about what the wage structure would be in
the absence of discrimination. The first decomposition assumes that the wage structure in the absence of
4

discrimination would be βF, whereas the second assumes it would be βM. Conversely, using the first
decomposition, for example, XM’ (bM ! bF) measures the share of the wage gap attributable to
discrimination. Whether or not this differs from zero is used to establish whether there is any evidence of
discrimination.
Criticisms of the Wage Residual Approach
The wage residual approach is subject to numerous criticisms. One important criticism is that it
leads to ambiguous empirical answers because of an inherent arbitrariness in deciding the “base” with
which to compare the present wage structure. To see this, note that a more general decomposition is
XM’ bM ! XF’ bF = [XM’ (bM ! b) ! XF’ (bF ! b)] + (XM’ ! XF’)b

,

where b is the “no discrimination” wage structure. If b = bF, then the first decomposition results, while
the second results if b = bM (see Neumark, 1988; Cotton, 1988). As evidence that this can be
quantitatively important, in a study of pay discrimination in academia, in an admittedly extreme example
Ferber and Green (1982) find that using bM results in an estimate of 2% of the sex wage differential
reflecting discrimination, while using bF results in an estimate of 70%. In addition, as shown in Neumark
(1988), there are alternative formulations of the assumption regarding employers= discriminatory tastes
that lead to different decompositions. The point of this is not that there is a “better” decomposition than
those proposed by Oaxaca and Blinder, but rather that without some assumptionBuntested and likely
arbitraryBregarding what the wage structure would look like in the absence of discrimination, these
decompositions should perhaps not be interpreted as measuring discrimination, even ignoring the
additional problems discussed below.1
While the foregoing criticism of the residual wage approach is technical, perhaps the most
fundamental problem is that the control variables that are included in X may not fully capture marginal
productivity differences. In particular, when there are unmeasured productivity differences that are
systematically different across groups (e.g., race or sex), spurious evidence of discrimination can result.
1

However, Oaxaca and Ransom (1994) offer some arguments for preferring Neumark=s (1988)
decomposition, and provide an integrated discussion of the alternative decompositions.
5

Perhaps the best known example of such an argument is Becker=s (1985) work on effort allocation, which
explicitly posits an unobservableBeffortBthat affects wages and is supplied to the labor market with less
intensity by women than by men.2 There are other examples of such arguments in the literature. With
respect to sex differences, Mincer and Polachek (1974) criticized early wage residual estimates using
potential experience as a control variable because, given the more extensive labor market interruptions of
women, potential experience overstates the actual experienceBand hence human capitalBof women
relative to men. More recently, Light and Ureta (1995) documented the different patterns of
accumulation of labor market experience for men=s and women=s wages, suggesting that even with an
actual experience measure this issue remains important. With regard to race differences, Neal and
Johnson (1996) and O=Neill (1990) argue that pre-market factors (as captured in test scores) account for
much of the wage gap between blacks and whites.
The bottom line, in our view, is that because one can always tell a story about an unobservable
that is related to productivity (although Becker=s story may be a particularly good one), deciding whether
residual wage estimates capture discrimination may be more an act of faith than an act of science. This
suggests, in turn, that we should look to other methods.
Audit Studies as a Response
One response to the absence of convincing evidence from the wage residual approach has been
audit studies, which are based on comparisons of outcomes (usually job interviews) for matched job
applicants of different races or sexes (see, e.g., Turner, et al., 1991; Neumark, 1996).3 In a sense, audit
studies can be viewed as an alternative approach to the problem of missing data on productivity. Residual
wage discrimination studies attempt to solve this problem by means of regression analysis, starting with

2

As Darity and Mason (1998) point out, the omitted variables do not necessarily create a bias
towards finding evidence of discrimination.
3

Goldin and Rouse (2000) has many features in common with audit studies, although it is actually
an unusual case of a natural experiment where the sex of a job applicant was, at times, not revealed to
those making hiring decisions. Bertrand and Mullainathan (2004) perform what has been termed a
“correspondence study” in the earlier literature, using resumes rather than actual visits to apply for jobs.
6

men and women or blacks and whites that are on average different across many dimensions, and trying to
introduce enough variables such that, after controlling for these variables, the only remaining difference
on average is race or sex. Of course, since residual wage discrimination studies use data drawn from a
population of individuals in which real differences exist between groups, the need to adjust via regression
is unavoidable. The audit study approach, in contrast, creates an artificial pool of labor market
participants among whom there are no average differences by race or sex. This is a potentially powerful
strategy because, if successful, simple comparisons of means can yield strong evidence regarding
discrimination.
This is not the place for a review of audit studies, which have many fans and some detractors.
For comprehensive reviews and critiques see Heckman (1998) and Fix and Struyk (1993). But there are
two important criticisms to note here concerning the limited applicability of audit studies to
understanding whether wage gaps reflect discrimination. First, audit studies by nature are limited to an
examination of the initial interview and hiring process, and are therefore useful only in assessing
discrimination in interviewing and hiring in typically low-paid jobs that do not require reference checks,
resume validation, personal recommendations, etc. Second, as has been noted by Heckman (1998), even
if audit studies detect some discrimination, this does not imply that the marginal employer discriminates,
and it is the marginal employer that, at least in Becker’s model of discrimination, determines the wage.
Thus, the detection of unequal treatment in audit studies does not necessarily generate a “discriminatory”
wage gap.4,5
Individual-Level Productivity Data

4

As Heckman writes, “A well-designed audit study could uncover many individual firms that
discriminate, while at the same time the marginal effect of discrimination on the wages of employed
workers could be zero” (p. 102).
5

On the other hand, Black (1995) shows that in a search model, discriminatory tastes on the part
of some employers can result in a wage gap, even when the discriminatory employers do not hire any
minorities.
7

A more natural response to the problem of unobserved productivity differences is to study data
sets with productivity measures for individuals. As noted before, though, such studies are quite rare
because such data are quite rare, and certainly do not exist in a form that permit widely generalizable
conclusions to be drawn.
Typifying the idiosyncratic nature of the labor markets for which analysis of individual-level
productivity data are available, perhaps the most thorough such analyses have been done for academia.
This is a promising occupation to study, of course, because much of the productivity that is thought to be
most relevant to pay settingBnamely, publicationsBis readily observed. Furthermore, although not
immune from dispute, evidence on citations or the journals in which articles are published can be used to
assess not just quantity of output but also quality. Kahn (1995) summarizes a large number of studies
focusing on pay discrimination by sex for economics professors, and there are also studies of academics
in other fields as well.
A second source of data on individual productivity arisesBagain, idiosyncraticallyBwhen workers
are paid both time rates and piece rates. Foster and Rosenzweig (1993) consider what one can learn from
such data. On the surface, it would seem that with data on the same worker paid time rates and piece rates
for doing the same kind of work, a simple test for taste discrimination would arise, since piece-rate work
should capture differences in productivity. Nonetheless, as Foster and Rosenzweig show, one must take
great care in attributing wedges between relative wages and relative productivity to any particular form of
discrimination. Let w be the time rate wage, F be a dummy variable for the sex of the individual, and µ
be actual productivity measured by piece-rate earnings. Then in the regression
w = Fβ + γµ + ε ,
a negative estimated coefficient on the dummy for female would appear to pick up employer taste
discrimination.6

6

The vector of observable characteristics of individuals can be generalized to include other
covariates in addition to a sex dummy.
8

Foster and Rosenzweig point out, though, that if there are information problems in labor markets,
this may not be a good test. They demonstrate this by an example. Suppose there are four types of
workers in a population, men with productivity of either 2 or 4, and women with productivity of either 1
or 3. But suppose that employers cannot distinguish the productive from the unproductive men, or the
productive from the unproductive women, but only know the average productivity of men and women. In
this case, employers pay expected productivity, so men earn 3 and women earn 2. Now suppose we run a
regression of pay on actual productivity and on sex. What will the coefficients be? Sex will perfectly
explain the observed pay differences, so the coefficient on actual productivity will be zero, and that on
sex will be one, even though there is no taste discrimination. So we cannot tell, from a regression like
this, whether we are observing taste discrimination or statistical discrimination.
The “right” way to do the test is to run the regression using expected, rather than actual,
productivity, as in
w = Fβ + γµ* + ε ,
where µ* is expected productivity. Now, in the above example, the coefficients on sex and expected
productivity will be zero and one, respectively, indicating (correctly) that there is no taste discrimination.
So if the coefficient on the indicator for females goes to zero in this regression, then we know that we
were observing statistical discrimination in the first regression.
We typically do not have information on expected productivity. But if we assume that employers
use all available information in forming this expectation, then we know that
µ = µ* + u ,
where u is a random error that is uncorrelated with µ*. Thus, we can think of the problem of estimating
the first equation as a measurement error problem. The true structural equation is for µ*, but we have an
error-ridden proxy µ.7 Thus, we have to instrument for µ with variables that are correlated with µ*, but

7

Note that this is a little counter-intuitive, since the realization of true productivity is considered
the error-ridden variable; in a model in which employers base pay on expected productivity, however, this
is the right way to think about things.
9

uncorrelated with the measurement error u = µ - µ*. Otherwise the estimate of γ is biased downward, and
if women are on average less productive, the estimated discriminatory sex differential in pay that arises
from something other than statistical discrimination is overstated.
As the authors point out, there are three requirements for such instruments. First, they must be
correlated with µ*. Second, they must be known to employers; in this case, they are contained in the
information set of employers and are therefore orthogonal to u. Third, they must not themselves appear in
the wage equation, implying that they must not be characteristics that are subject to taste discrimination.
Satisfying the first two is in fact quite easy, as variables like height, age, education, etc. are available. It
turns out that in their data (focusing on the results for the Philippines), if we accept these assumptions,
there is no longer any evidence of taste-based discrimination leading to lower wages for women.8
The main contribution of this paper in the context of this chapter, however, is to point out that
even in the unusual case where we have a measure of actual productivity, care must be exercised in using
the simple wage regression approach to test for particular forms of discrimination.9 If Foster and
Rosenzweig’s interest in measuring discrimination had been limited to testing for the existence of tastebased wage discrimination, an alternative test using their data would have been available. In particular,
one can jointly estimate equations where an observed time-rate wage is regressed on a female dummy in
one equation, and the observed piece-rate productivity is regressed on a female dummy in a second
equation:
w = Fβ + v
µ = Fλ + η .

8

In an extension, Foster and Rosenzweig (1996) allow for the possibility of comparative
advantage that differs across sex and affects the allocation of workers to job tasks. The results are again
consistent with statistical discrimination.
9

A similar problem arises when a data set provides a performance rating. See Neumark (1999)
for an application with U.S. data. This is potentially relevant to other studies utilizing performance
ratings to try to control for productivity differences, such as Holzer (1990) and Medoff and Abraham
(1980).
10

The error terms in these equations are correlated with the female dummy since υ = µ* + ε and η =
µ* + u, and µ* is correlated with F. As a result, the estimated coefficients on the female dummy in both
equations will be biased, but they will be biased by exactly the same amount. Therefore, any estimated
difference between β and λ can be interpreted as arising from taste-based discrimination rather than
statistical discrimination, and failure to find any difference would be inconsistent with taste
discrimination.10 This approach to using wage and productivity information parallels our technique for
testing for wage discrimination using matched employer-employee data.
III. Using Matched Employer-Employee Data to Test for Wage Discrimination11
The Test
In order to motivate the approach to testing for wage discrimination that is enabled by matched
employer-employee data, we begin with a simple model illustrating the relationship between wages and
productivity under perfect competition. Consider an economy consisting of plants that produce output Y
with a technology that utilizes two different types of perfectly substitutable labor inputs, L1 and L2. The
production function of these plants is
Y = F(L1 + φL2) ,
where φ is the marginal productivity of L2 relative to L1. These plants are assumed to operate in perfectly
competitive spot labor markets, and labor supply is assumed to be completely inelastic. The price of
output Y is normalized to equal one. Wages of workers of types L1 and L2 are w1 and w2, respectively.
Define the relative wage rate (w2 /w1) to be λ. Given this setup, the proportional mix of the two types of
labor in each plant will be determined by the relationship between φ and λ. If φ=λ, then under profit
maximization or cost minimization plants will be indifferent to the proportional mix of the two types of
10

In the example considered earlier, if we separately regressed wages on sex, and productivity on
sex, we would find a coefficient of !1 in each regression, and correctly conclude that there is no taste
discrimination.
11

The framework described here builds on our earlier work in Hellerstein and Neumark (1999)
analyzing Israeli manufacturing data, although the data set used in that work is not matched employeremployee data, but is collected from employers only. Cox and Nye (1989) implement a similar approach
using employer data from the nineteenth-century French textile industry.
11

labor in the plant. If there is a wedge between the relative marginal product and relative wage so that
φ…λ, then profit-maximizing or cost-minimizing plants will be at a corner solution, hiring either only
workers of type L1 (if φ<λ) or only workers of type L2 (if φ>λ). The only equilibrium in this model is
when wages adjust so that φ=λ, and plants are indifferent between the two types of labor.
Evidence that φ…λ is inconsistent with the assumption that we are observing profit-maximizing or
cost-minimizing plants in a competitive spot labor market.12 Our approach can be interpreted as
providing empirical tests of this characterization of labor markets. We estimate variants of the plant-level
production function simultaneously with plant-level wage equations in order to obtain estimates of
parameters corresponding to φ and λ for various types of workers. We interpret cases where we cannot
reject the equality of φ and λ as evidence consistent with competitive spot labor markets. Cases in which
we reject the equality of φ and λ indicate some deviation from this characterization of labor markets, such
as would occur in the presence of taste-based discrimination.13
Data
This approach can be implemented using matched data on employers and employees, when the
resulting matched data set provides information on demographic characteristics of the employer’s
workforce, labor costs, and the output and input measures needed to estimate standard production
functions. The matched employer-employee data set that we originally used for this purpose is the
Worker Establishment Characteristics Database (WECD). The WECD, constructed at the U.S. Census
Bureau, links information for a subset of individuals responding to the long form of the 1990 Decennial
Census of Population to information about their employers in the 1989 Longitudinal Research Database
(LRD), with matches based on the physical location and detailed industry of the worker’s reported place
of work and similar information on establishments.
12

Labor supply could be less than completely inelastic; as long as market wages remain above
reservation wages, the conclusions are unchanged.
13

This can be couched in the context of Section II. If the production function there is f(M+φF),
then the first order conditions are MPL = wM and φMPL = wF + d. Dividing through, we get MPF /MPM =
φ = (wF + d)/wM . So if d = 0, wF /wM = φ, and if d > 0, wF /wM < φ.
12

In particular, the Census Bureau maintains a complete list of all manufacturing establishments
operating in the United States in a given year (the Standard Statistical Establishment List, or SSEL),
along with location and industry information for these establishments that is similar to the data available
for workers. Thus, it is possible to assign all plants in the United States to an industry-location cell. The
WECD is constructed by first selecting all manufacturing establishments in operation in 1990 that are
unique in an industry-location cell. Then all workers who are located in the same industry-location cell as
a unique establishment are matched to that establishment.
All that the SSEL provides is an establishment list and some cursory information such as total
employment and total annual payroll. To obtain the data on a worker’s employer needed to estimate
production functions, the employer-employee pairs are matched in a second stage to plant-level data in
the LRD. The LRD is a compilation of plant responses to the Annual Survey of Manufacturers (ASM)
and Census of Manufacturers (CM). Data in the LRD are of the sort typically used in production function
estimation, such as output, capital stock, materials expenditures, and number of workers. In addition, the
LRD contains information on total salaries and wages and total non-salary compensation paid by the plant
in a given year (McGuckin and Pascoe, 1988). Since worker earnings and labor force information in the
Decennial Census of Population refer to 1989, we match the worker data to the 1989 plant data in the
LRD. To increase the representativeness of the sample of workers in each plant, we require plants to have
at least 20 employees in 1989 (as reported in the LRD), and at least 5% of their workforce contained in
the WECD.
The resulting WECD sample contains data on 3,102 plants and 129,606 workers. The average
plant has 353 employees, and on average 12% of a plant’s workforce is matched to the plant. Further
details on the construction of the WECD are given in Hellerstein, et al. (1999) and Troske (1998). In our
view, a major advantage of the WECD relative to idiosyncratic data sets with productivity measures is
that it provides a relatively large data set that is at least partially representative of a major sector of the
U.S. economy.

13

However, some limitations are worth noting here, in part because more recent efforts at
constructing matched employer-employee data sets address some of these limitations. First, the WECD is
restricted to the manufacturing sector, since the production function data come from manufacturing
surveys. Second, and most important, because possible matches are restricted to establishments that are
unique in their location and industry cell, large manufacturing establishments are over-represented; this
follows because large establishments are more likely to be unique to industry-location cells.14 As a
counter-example that arises when extending the analysis beyond manufacturing, but continuing to use the
industry-location cell to match, small retail establishments, which tend to be located in malls, are unlikely
to be unique to an industry-location cell, and hence would be badly under-represented. For similar
reasons, nonurban establishments are over-represented. Third, while a large data set results, the WECD
nonetheless covers a small fraction of the workforce (about 5% of manufacturing workers who respond to
the Census Long-Form), and a small fraction of manufacturing establishments (about 1% of those in the
SSEL). Finally, two general limitations of the WECD, and other related matched employer-employee
data sets for the United States described below, are (1) only a cross-section is currently available, and (2)
only a sample of workers from each establishment is matched to the establishment.
Methods
To estimate parameters corresponding to φ, we estimate a translog production function in which
the value of output Y is a function of capital K, materials M, and a quality of labor aggregate QL. In logs,
this is
ln(Y) = ln(A) + αln(K) + βln(M) + γln(QL) + g(K, M, QL) + ε ,
where g(K,M,QL) is the second-order terms in the production function.
For each plant in our data set, the WECD provides demographic information on a sample of
workers. We assume that in the quality of labor aggregate QL, workers with different demographic
characteristics are perfectly substitutable inputs with potentially different marginal products. For
14

There is also an issue of measurement error in reported industry creating incorrect matches
(Bayard, 2001).
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example, if workers are distinguished only by sex, with the relative marginal productivity of women φF,
then QL would be defined as
QL = L@{1 + (φF ! 1)@(F/L)} ,
where L is the total number of workers in the plant and F is the number of women in the plant.
Substituting QL into the general production function, we obtain a production function from which we can
estimate φF, using plant-level data on output, capital and materials inputs, and the number of workers and
sex composition of the workforce.
We have used these data to estimate expanded versions of the type of production functions
outlined above, with the difference that rather than distinguishing between only two types of workers, we
distinguish between workers based on: sex; race (black and non-black); marital status (ever married); age
(divided into three broad categoriesBunder 35, 35-54, 55 and over); education (distinguishing those with
at least some college); and occupation (divided into four groupsB(1) operators, fabricators, and laborers
(unskilled production workers), (2) managers and professionals, (3) technical, sales, administrative, and
service, and (4) precision production, craft, and repair). As an example that helps in the ensuing
discussion, suppose we use information on sex (male vs. female) and race (black vs. nonblack). Then the
expanded expression for QL is
QL = L@{1 + (φWF ! 1)@(WF/L) + (φBM ! 1)@(BM/L) + (φBF ! 1)@(BF/L)} ,
where WF is the number of white female workers, BM the number of black males, and BF the number of
black females in the establishment, with corresponding subscripts on the φ’s.
Once we incorporate multiple characteristics of the workforce, some complicating issues arise.
First, a full categorization of workers by the various characteristics listed above (sex, race, marital status,
etc.) would require 192 possible combinations of these demographic characteristics. Both the estimation
of the share of the workforce in each of these cells, as well as the estimation of the corresponding
parameters, would be impractical.
To reduce the dimensionality of the problem, we often use two types of restrictions on the form
of QL. First, we restrict the relative marginal products of two types of workers within one demographic
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group to be equal to the relative marginal products of those same two types of workers within another
demographic group. For example, the relative productivity of black women to black men is restricted to
equal the relative marginal productivity of white women to white men.15 Similarly, the race difference in
marginal productivity is restricted to be the same across the sexes. Second, we restrict the proportion of
workers in an establishment defined by a demographic group to be constant across all other groups; for
example, we restrict blacks to be equally represented in all occupations, education levels, marital status
groups, etc. Upon imposing these restrictions, the previous equation for QL reduces to
QL = L@{1 + (φF ! 1)@(F/L)}@{1 + (φB ! 1)@(B/L)} ,
where B is the number of black workers, thus eliminating in this case the parameter φBF. The same
restrictions are imposed in estimating the wage equations described below. However, in the empirical
work we examine the robustness of the results to relaxing these restrictions along a number of important
dimensions identified in previous work (e.g., allowing different marriage differentials for men and
women, corresponding to differences in estimated marriage-related wage premia). In such a case there
two different implied sex differences, one for married men and women and one for unmarried men and
women.
A second issue is that in the production function based on QL above, labor of each type is
perfectly substitutable, as each type enters linearly. It is possible, though, that workers of different types
are imperfect substitutes. This is most likely to occur, perhaps, along occupational lines. We have
therefore also estimated specifications treating workers in production and non-production occupations as
imperfectly substitutable.
As this discussion indicates, many of the limitations of this framework can be addressed by
properly generalizing the framework, although there are clear tradeoffsBas we would expectBbetween
restrictions imposed and difficulty of estimation, particularly given sample size constraints. But for the
purposes of this chapter, the key is that under many conditions we can estimate parameters (or sets of
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parameters) such as φF, the productivity of women relative to men, and φB, the productivity of blacks
relative to whites.
Because we have information on plant labor costs, we also specify and estimate plant-level
earnings equations. These plant-level earnings equations represent the aggregation of individual-level
earnings equations over workers employed in a plant, and hence are the plant-level counterparts to the
individual-level wage regressions that motivate this research, yielding estimates of parameters λF and λB
(in the example just used), which can be compared to the relative productivity estimates. By
simultaneously estimating the production functions and earnings equations at the plant level, we can
compare the relative marginal products and relative wages of workers distinguished by various
demographic characteristics. While there may be some unobservables in the production function and
wage equations, as long as we estimate both of these at the plant level, any biases from these
unobservables ought to affect the estimated productivity and wage differentials similarly, at least under
the null hypothesis, thus minimizing or eliminating their impact on tests of the equality of relative
marginal products and relative wages, and hence isolating the role of discrimination in generating wage
differentials.
Evidence
While this framework provides a straightforward and explicit test for wage discrimination, it still
leaves open a number of possible variations, including the functional form for the production function, the
restrictions imposed on the quality of labor term (QL), whether to instrument for potentially endogenous
inputs, etc. Regardless, though, it turns out that the estimates are robust.
First, with regard to race, the estimates never provide any statistically significant evidence of
wage discrimination. Moreover, the estimates of φB and λB tend to slightly exceed one. With respect to
wages, this conflicts with standard wage equation estimates showing that blacks tend to earn less than
similar whites. This discrepancy probably arises for two reasons, which are instructive as to some
potential pitfalls with matched employer-employee data. First, when we estimate a wage equation for the
WECD including fixed plant effects, the estimated wage differential between blacks and whites in the
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WECD is a bit larger (−.08) than in the specification without fixed effects (−.05), indicating that within
plants blacks earn less than whites, but that blacks work in slightly higher-paying plants.16 Thus, because
the test for discrimination we have developed using the WECD relies on variation across plants, the
earnings of blacks relative to whites are biased upward. While, as just described, the wage differential
associated with race can be estimated within plants, the productivity differential can only be estimated
across plants. Second, comparing sample means for the matched sample and manufacturing workers in
the Census overall reveals that blacks are under-represented in the WECD. If this arises as undercounting
of blacks relative to whites within plants, then this will tend to bias estimates of φB and λB away from one,
as any productivity or wage differential associated with having more black workers is attributed to a
smaller share of blacks than are probably in the establishment.
Thus, the unusual estimates for blacks may stem from the reliance on across-plant variation for
identification, and on non-representativeness of the employees who are matched. There is no obvious
solution to the first problem within this framework (although, as discussed later, panel data are potentially
helpful), while efforts to construct better, more representative matched employer-employee data sets are
described below.
Turning to the results regarding sex discrimination, we begin by noting that the “problem” to be
explained or explored is much more severe with respect to sex than with respect to race. If we simply use
the worker data to estimate standard log wage regressions, the estimated race gap is 5 log points, while
the estimated sex gap is 35 log points. The production function and wage equation results, many of
which are collected in Table 1, tell a very consistent story. The baseline estimate of φF is 0.84, which is
significantly less than one, while the estimate of λF is 0.55, also significantly less than one, but much
smaller than φF. Moreover, the p-value for the test of equality of these two parameters is effectively zero,
indicating that the null hypothesis of no discrimination is rejected, in favor of the hypothesis of wage
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discrimination against women.17 Across alternative specifications the estimate of λF is very robust. The
estimate of φF varies somewhat more, between a range of about .71 to 1.01, but the test of the null of no
discrimination is rejected in all cases except for managerial/professional occupations when we relax the
dimensionality restrictions by sex and occupation. The estimates suggest that while in manufacturing in
the United States women may be less productive than men, the pay gap is considerably larger, consistent
with wage discrimination.
Limitations
There are some inherent limitations to the analysis we have been able to conduct using the
WECD. Some of these have been discussed already, including non-representativeness, a relatively small
fraction of matched employers and employees, and the cross-sectional nature of the data set and therefore
the identification strategy. An issue related to the relatively small fraction of matched workers is
measurement error. In particular, our specifications rely on knowing the percentages of workers with
various demographic characteristics in each plant, yet these are actually estimated from the sample of
workers that are matched to the plant. We have used simulation methods (see Hellerstein, et al., 1999,
Section VIII) to assess the biases caused by this measurement error, generally concluding that the effect
of measurement error is to bias our estimates toward finding no discernable productivity or wage
differentials across workers, and toward finding no differences between the relative productivity and
wage estimates for a given type of worker (since estimates of parameters that are further from one have
larger absolute biases toward one). Thus, the power of the tests of the equality of wage and productivity
differentials is somewhat reduced because of measurement error, strengthening our rejection of this
17

Of course, how this result is interpreted depends in part on the source of variation in the share of
the plant’s workforce that is female. Section II showed how this variation can be driven by differences in
discriminatory tastes, in which case all employers adjust their share female so that their disutility from
female workers just matches the wage differential relative to the productivity differential that we estimate.
Another possibility we have explored (Hellerstein, et al., 1999) is that the share female is correlated with
other variables, such as technological innovation. A separate survey of manufacturing technology for
some plants that can be identified in our data (in high-technology industries) suggests that, if anything,
the share female is lower in plants using advanced technologies. This might lead to downward bias in the
estimated extent of discrimination, as the apparent higher productivity of men is in part attributable to
more advanced technology.
19

equality. Nonetheless, these simulations do not give a precise answer, and a data set with a much higher
fraction of matched workers would be useful.
IV. Other Uses of Matched Employer-Employee Data to Learn About Labor Market
Discrimination
Exploring the Becker Model of Discrimination
The Becker model of employer discrimination is often interpreted as ruling out wage
discrimination of the type apparently detected by the residual wage gap method, and (more convincingly,
we believe) by the production function approach just outlined. Becker shows that under sufficiently
competitive conditions discriminatory employers will fail to thrive, and will eventually be competed out
of existence. Some have leapt from this theoretical result to the claim that, since the sex-wage differential
has persisted, it must reflect unobserved productivity differences rather than discrimination (Fuchs, 1988;
O’Neill, 1994).
The argument that competition undermines discrimination is based on two implications of the
model. First, there is a static implication that discrimination is likely to exist only where there is product
market power, and conversely that product market competition hinders discrimination. Second, there is a
dynamic implication that even if there are firms with product market power that can “afford” to
discriminate in the short run, over the long run market forces eliminate the discrimination. However,
whether or not market forces are expected to undermine discrimination depends on the nature of product
market competition, barriers to entry, transferability of assets, and the form of employers’ discriminatory
tastes. In particular, if employers’ tastes are nepotistic rather than discriminatory, then discrimination will
not be eliminated by competition in the market for firms, although product market competition may still
suffice.18 In our view, the conditions for competition to eliminate discrimination have been glossed over
by those who interpret the Becker model as implying that discrimination cannot persist. Rather, we think
it essential to try to test these implications of Becker’s model empirically.
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See Becker (1971, Chapter 3) for a detailed discussion of the conditions under which
competition should erode discrimination.
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Individual-level wage regression estimates can tell us virtually nothing about the relationship
between market forces and discrimination. Matched employer-employee data, in contrast, can be quite
informative. In Hellerstein, et al. (2002) we use the WECD to test both the static and dynamic
implications of the Becker model, in both cases exploiting the links to employer-level data that arise from
the matching.
We begin with a simple test for sex discrimination. If there is no discrimination against women,
then there should be no cross-sectional relationship between profitability and the sex composition of the
workforce. Any sex difference in wages must reflect only observed or unobserved productivity
differentials between men and women, and firms or plants that employ more women should earn no
higher profits. Evidence that plants or firms that employ relatively more women earn higher profits, in
contrast, would be consistent with sex discrimination. This test, not surprisingly, parallels the production
function-based test described in the previous section.
Then, moving on to the implications of the Becker model for the role of market forces, we first
test whetherBas the Becker model predictsBthere is a positive short-run relationship between profitability
and the sex composition of the workforce only among plants with product market power, because only
among such plants are there positive economic profits that may be exploited to indulge the discriminatory
tastes of some employers. Finally, we use longitudinal data on the plants in our data set to test the
dynamic implications of Becker’s model, asking whether non-discriminatory plantsBthose which,
according to the cross-sectional evidence, employ more women and earn higher profitsBgrow faster or are
less likely to undergo a change of ownership, compared with discriminatory plants. The combined static
and dynamic evidence provides us with a better understanding of sex discrimination in labor markets, and
the role of competitive market forces in reducing or eliminating this discrimination, than can be obtained
from conventional wage equation approaches to discrimination, or even from more convincing crosssectional tests for discrimination (such as audit studies or our production function-based tests), which
cannot say anything about the dynamic implications of Becker’s model.

21

The first test relies solely on the WECD, described above. The only new feature is the
construction of a measure of performance to use as a proxy for profitability. One measure we use is
operating income (sales + inventory accumulation ! labor costs ! material costs) divided by inventoryadjusted sales (that is, current year sales plus the change in inventories), while a second measure also
subtracts out from the numerator purchased business services or overhead costs (such as purchased
electricity, legal services, advertising, and repairs). These performance measures used as proxies for
profitability are essentially price cost-margins (see, for example, Domowitz, et al., 1986).
In examining the relationship between profitability and the proportion female, we include as
controls other demographic characteristics of the workforce, and plant or firm characteristics that are
likely to be associated with profitability, such as age, industry, and measures of market power. Estimates
of the cross-sectional relationship between profitability and the proportion female indicate that
irrespective of variations in the sample, variable construction, and the use of plants or firms, the
proportion female in the workforce is significantly positively related to profitability.
We next consider the implication of the Becker model that product market power can inhibit the
influence of competitive forces in eliminating discrimination (although competition in the market for
firms may still exert such influence over the long run). This implies that for plants with considerable
product market power there will be a positive relationship between employment of women and
profitability, whereas for plants with little market power, the relationship will be non-existent or at least
weaker. The results indicate that for plants with a smaller market share there is a small and statistically
insignificant relationship between profitability and the proportion female. But this relationship becomes
positive and statistically significant at higher output shares.19 This positive relationship between the
proportion female and profitability among plants with high output share is consistent with the model.20 In
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Kawaguchi (2003) reports related and similar evidence based on data from a census of Japanese
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These results are also consistent with tabulations from the 1940 Census reported by Becker,
indicating that relative to firms operating in competitive industries, firms operating in monopolistic
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plants that operate in a competitive output market, there is no performance advantage to hiring women;
since discriminatory employers are unable to indulge their tastes for discrimination, wages in this sector
are quickly bid to equality with marginal products. But in (typically larger) plants where there is market
power and where plants can discriminate if they wish, at least in the short run, those that do not
discriminate and hire more womenBwho cost lessBachieve better performance.
We interpret our cross-sectional results as suggesting that among the set of plants with product
market powerBwhich are typically larger plantsBsome exploit the supra-competitive profits stemming
from their product market power to indulge in discriminatory behavior against women. Given that wages
are set by the market, we do not expect the wage gap between men and women to differ between the lessand more-competitive sectors. Rather, a larger gap between relative wages and relative marginal products
in the less-competitive sector would have to reflect higher relative productivity of women in the lesscompetitive sector, possibly because of technological differences (the perfect substitutes case), or because
fewer women are employed than would be the case in the absence of discrimination (the imperfect
substitutes case) in this sector. The data are consistent with these predictions. In our earlier research, we
found no productivity gap between men and women among larger firms, but that in smaller firms women
were less productive than men. Moreover, wage regressions using plant-level data indicate that the
relative wage of women is not particularly low among plants in the less-competitive sector that employ a
high proportion female.
The cross-sectional results suggest that plants or firms can indulge their discriminatory tastes only
when they enjoy product market power. Nonetheless, market forces may reduce or eliminate
discrimination as the more profitable plants or firms among those with market power grow relative to the
less profitable ones, or as discriminating employers are bought out by non-discriminating employers. We
look at evidence regarding this dynamic prediction of the Becker model for plants with relatively high
output share (located in the top quartile of the distribution of this market power measure). For these

industries appear to engage in discriminatory behavior (1971, Table 2, p. 48); Becker’s results, however,
refer to hiring of non-whites.
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plants, we estimate regressions for growth of both employment and shipments, and probits for ownership
change, as functions of, among other things, the proportion female in a plant’s workforce.
When we look at growth, the estimated coefficients on the proportion female are small and
statistically insignificant. There is therefore no evidence that sex discrimination in wages is reduced or
eliminated by market forces that cause non-discriminatory plants to expand relative to discriminatory
plants. The estimated effect of higher relative employment of women in the base year on the probability
of changing ownership between 1990 and 1995 is negative, consistent with plants employing fewer
women being more likely to change ownership, as predicted by Becker’s model. However, the
relationship is not statistically significant. Overall, then, these results provide little evidence of market
forces that bid away the sex discrimination reflected in the cross-sectional relationship between
profitability and the proportion female for plants with product market power. We emphasize, however,
that these results on growth and ownership change are derived from five-year changes, and it is possible
that this is not a long enough period of time to be able to measure the effect of competitive market forces
on discriminatory practices. On the basis of this evidence, though, there is not an empirical case for
concluding that product market competition alone will suffice to eliminate wage discrimination.
Levine and Leonard (2002) also use matched employer-employee data to examine theories of
discrimination. Specifically, they have assembled a large longitudinal data set matching up employees to
establishments of a large retail firm, coupled with Census data on the demographics of the population
near each establishment. They use these data to examine theories of co-worker and customer
discrimination, as well as to try to estimate the effects of workforce diversity on performance (sales).
Sex Segregation and the Sources of the Sex Gap in Wages
Matched employer-employee data are also critical in providing a full description of segregation in
the labor market, and in estimating the contribution of various dimensions of segregation to wage gaps
between demographic groups. A prominent example of literature on this topic concerns the wage gap
between men and women in U.S. labor markets. Women have consistently earned lower wages than men
in U.S. labor markets, although this gap has narrowed in recent decades (Blau, 1998). Previous research
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has largely focused on the impact on the wage gap of sex segregation by occupation (e.g., Macpherson
and Hirsch, 1995) and by industry (e.g., Fields and Wolff, 1995). However, a smaller literature has
focused on the independent contribution of the segregation of men and women into different employers
(e.g., Blau, 1977), and segregation among occupations or jobs within establishments, or “job-cell”
segregation (Groshen, 1991).
While the latter two dimensions of segregation appear quite important empirically, it is difficult
to find systematic evidence on establishment or job-cell segregation. Indeed, there is no empirical work
on this issue in the earlier literature using large data sets representative of a wide array of industries,
because of the absence of such data sets containing detailed demographic information for multiple
workers in the same establishment. Instead, Blau’s and Groshen’s studies of the effects of establishment
and occupation-establishment segregation examined unusual, quite narrow data sets, with Groshen using
surveys of wages for a subset of occupations in five specific industries included as part of the Bureau of
Labor Statistics (BLS) Industry Wage Surveys, and Blau using the BLS Area Wage Surveys. The focus
in these studies on a handful of industries or occupations provides something closer to a set of case
studies, with the lack of representativeness limiting their usefulness in assessing the forces at work in
generating the sex wage gap in the United States.
In contrast, the methods we have developed to match employer and employee data using the
Census data sources can provide much broader and more nationally representative data sets with which to
estimate the contributions of sex segregation by industry, occupation, and occupation-establishment cell
(job cell) to the sex wage gap. Whereas the work described earlier required the estimation of production
functions, and hence was restricted to manufacturing establishments, to study segregation we have
constructed an extended version of the WECD. Like the WECD, this data set uses the U.S. Census
Bureau’s SSEL to identify the employers of individuals who responded to the long form of the 1990
Decennial Census. However, this new data set (the New Worker-Establishment Characteristics Database,
or NWECD) includes workers and establishments from all sectors of the economy and all regions;
furthermore, because the production function “ingredients” are not needed, there is no requirement to
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match to the LRD. As described in Bayard, et al. (2003), this results in the NWECD containing
information on over 600,000 workers in nearly 33,000 establishments, once restrictions similar to those
imposed in the construction of the WECD, and other restrictions needed to make the analysis comparable
to the existing literature, are imposed. Nonetheless, the constraints imposed by matching employees to
employers based on unique industry-location cells remain, leading to over-representation of
manufacturing establishments and nonurban establishments. Additional work that attempts to address
these limitations is described below.
We use the NWECD to provide new estimates of the roles of various dimensions of sex
segregation in generating sex differences in wages. Although in some respects our evidence may be
viewed as complementary to that in the earlier studies, in our view the NWECD, while having some
shortcomings, is clearly better suited to characterizing the effects of sex segregation in U.S. labor
markets.21
The empirical work proceeds by estimating wage regressions for men and women including a
dummy variable for women, and the percentages female in the individual’s occupation, industry,
establishment, and job cell (or establishment-occupation cell). These regressions yield two sets of results.
The first is a decomposition of the share of the sex gap in wages attributable to each dimension of
segregation, and the second is the unexplained sex gap that remains after controlling for this segregation,
or the “within-job cell” sex gap in wages. Our results indicate that a sizable fraction of the sex gap in
wages is accounted for by the segregation of women into lower-paying occupations, industries,
establishments, and occupations within establishments. For example, using the most-detailed
occupational classification, 4% of the gap is attributable to occupational segregation, 11% to industry
segregation, 18% to establishment segregation, and 24% to segregation across occupations within
establishments. However, a substantial part of the sex wage gap remains attributable to the individual’s
sex, in this example 40%, with other estimates ranging up to around 50%.
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These magnitudes are significant because they inform policy. In particular, if within the
narrowly-defined occupations that we study the jobs performed by men and women require substantially
equal skill, effort, responsibility, and working conditions, yet wages differ by sex, then enforcement of
the Equal Pay Act can play a fundamental role in closing the wage gap between men and women. In
contrast, if segregation along various dimensions accounts for most of the sex wage gap, then policies
along the lines of comparable worth, equal opportunities in employment and promotion, and affirmative
action would be central to any further closing of this gap, and stronger equal pay provisions would not be
effective. Our findings suggest that stronger enforcement of equal pay legislation could further reduce
the wage gap between men and women, perhaps substantially.22
Finally, in a related paper (Bayard, et al., 1999) using the same type of wage decomposition
analysis, we use the NWECD to determine whether segregation can help explain why racial and ethnic
wage gaps are larger for men than for women. In the NWECD, the black-white wage gap for men is
!0.23 and the Hispanic-white wage gap is !0.24; for women, the black-white wage gap is !0.16 and the
Hispanic-white wage gap is !0.13. The results indicate that greater segregation between Hispanic men
and white men than between Hispanic women and white women accounts for essentially all of the higher
Hispanic-white wage gap for men. But the estimates indicate that greater segregation between black and
white men than between black and white women accounts for only one-third to one-half of the higher
black-white wage gap for men. Another way to interpret these results is to conclude that segregation is an
important contributor to the lower wages paid to black and Hispanic men compared to white men with
similar individual characteristics, although more so for Hispanic men. And while equal pay laws may
offer some scope for reducing the black-white wage differential for men, they offer less scope for
reducing the Hispanic-white wage differential for men.
V. Other Sources of Matched Employer-Employee Data
New Matched Data Sets for the United States
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concluded that the within-job-cell sex wage gap was very small.
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We hope that the material presented to this point establishes the value of using matched
employer-employee data to study labor market discrimination. But we also noted a few important
limitations of the WECD (and the NWECD), including the small fraction of establishments matched and
non-representativeness. We have recently made progress on developing matched employer-employee
data for the United States that rectify these deficiencies.
In particular, we have developed an alternative method to match workers to employers that does
not require establishments and workers to be located in unique industry-location cells. Instead, this
method relies on matching the actual employer name and address information provided by respondents to
the Decennial Census to name and address information available for employers in the SSEL. We refer to
this data set as the Decennial Employer-Employee Dataset, or the DEED. This produces a matched data set
that is much larger and more representative than the WECD or the NWECD.23
When the NWECD was created, the specific name and address files for Long-Form respondents were
unknown and unavailable to researchers. Subsequently, we were able to help track down the name and
address files and to participate in their conversion from an internal Census Bureau input/output language to a
readable format. Because this name and address file had been used solely for internal processing purposes, it
did not have an official name, but was informally known as the “Write-In” file.
The Write-In file contains the information written on the questionnaires by Long-Form respondents,
but not actually captured in the SEDF. For example, on the Long Form workers are asked to supply the name
and address of their employers, while in the SEDF the only information retained is a set of geographic codes
(state, county, place, tract, block). The Write-In file, however, contains the geographic codes as well as the
employer’s actual business name and address. Because name and address information is also available for
virtually all employers in the SSEL, nearly all of the establishments in the SSEL that are classified as “active”
by the Census Bureau are available for matching, allowing us to use employer names and addresses for each
worker in the Write-In file to match workers to employers in the SSEL. Additionally, because both the Write-
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NWECD cover all industries, in the remaining discussion we focus only on comparing the latter two data
sets.
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In file and the SEDF contain identical sets of unique individual identifiers, we can use these identifiers to link
the Write-In file to the SEDF. This procedure potentially yields a much larger matched data set, and one
whose representativeness (as well as size) is not compromised by the need to focus on establishments unique
to industry-location cells.
The key complication in implementing this procedure arises because names and addresses are not
reported identically (or completely) by workers and their employers. Consequently, it is necessary to utilize
“fuzzy” matching software that constructs matches out of non-identical records. This is a very complex and
detailed process, and is described in detail in Hellerstein and Neumark (2003). Suffice it to say that we
developed matching algorithms that err very strongly on the side of cautionBavoiding matches with a nonnegligible probability of being invalid at the risk of eliminating many valid matches. Along the way, we also
hand-checked many thousands of matches to detect problems with the matching algorithm and to fine-tune the
algorithm to avoid these problems.
The resulting data set is very large. Out of all 12,143,183 workers in the SEDF who met the basic
criteria for sample inclusion, 3,291,213 (approximately 27%) are in the DEED, a substantial improvement
over the NWECD, which contains only 7% of possible matches. Turning to establishments, there are
5,237,592 establishments in the SSEL; of these, 972,436 (19%) also appear in the DEED, vs. 137,735 (slightly
more than 2.5%) in the NWECD. In addition, the DEED is far more representative of both workers and
establishments. The non-representativeness of the NWECD, stemming from the matching algorithm, was
most pronounced with respect to industry, with over-representation of workers in manufacturing and underrepresentation of retail workers. This problem is greatly ameliorated in the DEED. Approximately 25% of all
workers in the SEDF are employed in the manufacturing sector, and although this number is somewhat greater
in the DEED (33%), it is substantially lower than in the NWECD (49%). Retail workers comprise 20% of all
workers in the SEDF, and 17% in the DEED, but only 9% of all NWECD workers. Paralleling this, the
distributions of establishments across industries in the DEED and NWECD relative to the SSEL are similar to
those in the worker sample in the sense that the DEED is much closer to the SSEL. For example, although
there are roughly the same shares of services establishments in all three data sets (28% in the SSEL, 26% in
the DEED, and 27% in the NWECD), there is a far greater representation of manufacturing establishments in
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the NWECD (29%) than in the SSEL (6%) or the DEED (13%). Examining the distributions of
establishments across geographic areas also reveals that the DEED is more representative of the SSEL than is
the NWECD. In both the SSEL and the DEED just over 81% of establishments are in an MSA, while this is
true for only 61% of NWECD establishments.
Thus, the DEED offers substantial improvements in providing a matched employer-employee data set
for the United States that is larger and more representative of the actual population of workers and
establishments. We are confident that the DEED will prove very useful in revisiting some of the questions
regarding labor market discrimination that we have studied in the past with the WECD and NWECD. In
addition, the massive size of the DEED makes it uniquely suited to studying additional questions regarding
labor market discrimination, in particular those that require a very fine disaggregation of workers and/or
employers. For example, our first paper using the DEED studies the role of labor market segregation

based on Hispanic ethnicity and language proficiency (Hellerstein and Neumark, 2003). We have also
used the subset of manufacturing establishments in the DEED to replicate the earlier results in Table 1,
based on the WECD, regarding sex differences in wages and productivity in this sector (Hellerstein and
Neumark, 2004). We have found that the results are very similar, although of course the estimates are
considerably more precise.
Another national matched employer-employee data set currently under construction at the U.S.
Census Bureau is the Longitudinal Employer-Household Dynamics (LEHD) data. The LEHD is very rich
in that it contains observations on all workers in covered establishments (not limited to the 1-in-6 sample
of Long-Form respondents) and is longitudinal in nature. However, the LEHD only covers some states
(although many of the largest ones). In addition, it is based on firm-level rather than establishment-level
data, so that workers can only be accurately matched to establishments when the establishment is not part
of a multi-unit firm. However, the LEHD should ultimately permit some of the same analyses described
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in this chapter, with additional statistical analyses and testing of hypotheses regarding discrimination
enabled by the longitudinal nature of the data.24
International Matched Data Sets
To this point, the discussion has focused on research using matched data for the United States.
As reviewed in Abowd and Kramarz (1999), employer-employee data sets of some variety or other have
been assembled for numerous countries. In contrast to the data for the United States, where the main
employer-employee data sets have resulted from matches across different surveys, many of the data sets
in other countries are based on surveys that set out to cover both establishments and employers, although
others are based on matches. For the most part, these data sets have not been used to address questions
regarding labor market discrimination. This is probably in part because such questions are simply far
more central to labor economics research in the United States. However, some recent work has
implemented our production-based tests for wage discrimination for other countries.
Haegeland and Klette (1999) study Norwegian manufacturing plants using data from Statistics
Norway including an annual census of establishments, and “register data files” covering essentially all
workers. While there is some non-correspondence between the employer identification numbers in the
two data sources, the authors assert that they match workers to employers for over 70% of the
manufacturing establishments they study. The empirical methods they use follow those in Hellerstein, et
al. (1999) closely. But their results are quite different, pointing to wage and productivity shortfalls of
women relative to men in the range of about 18-19%, and no significant evidence against the equality of
relative wages and marginal products of women and men.
Similarly, Crépon, et al. (2002) study matched data covering the period 1994-1997 for France,
based on the Bénéfice Réels Normaux, an employer-level file, and the Déclarations Annuelles des
Données Sociales, an exhaustive employee-level file. Again, the available employer identification code
24

Yet another source of employer-employee data in prior research is Unemployment Insurance
records maintained by states (see Abowd and Kramarz, 1999). But these typically provide very limited
information on workers and employers, and hence are unlikely, by themselves, to prove very instructive
in studying discrimination.
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does not permit a perfect match, as 9% of establishments do not appear in the employee data file. One
downside to this data set is that the worker information is sparse, for example lacking measures of
education level and marital status. Crépon, et al., also use similar methods to Hellerstein, et al. (1999),
with slight modifications. Paralleling the results for Norway, these authors also find little substantive
evidence of discrimination against women. Their estimates imply that women are less productive (by
11% in manufacturing, and 7% in non-manufacturing), and that the pay differentials, while significantly
larger than this (14% and 9%, respectively), are substantively quite close to the productivity differentials.
Finally, as noted earlier we have also implemented these methods using data on Israeli
manufacturing plants (Hellerstein and Neumark, 1999). There, too, we find that there is both a pay gap
and a productivity gap favoring men over women, but that the gaps are of roughly equal magnitude,
failing to provide evidence of wage discrimination.
Thus, to this point, results from implementing this test based on matched employer-employee
data for the United States yield strong evidence of discrimination against women. In contrast, for the
handful of other countries for which this method has been used, women appear lower paid and less
productive, and there is generally little evidence of discrimination. There are a number of possible
reasons why the results may vary across countries. First and most obviously, given differences in
employment laws and institutions, and given cultural differences about the roles of men and women in the
home and at work, one might not expect the answer to be the same across countries. Second, and more
subtly, even two economies with the same laws, institutions, and cultural norms may yield different
equilibria with respect to wage discrimination. Recall that in the Becker model of taste discrimination, it
is the marginal firm that determines the equilibrium wage differential between workers. Differences
across countries in the composition of firms (most importantly, perhaps, in the distribution of employers’
discriminatory tastes), or differences in the relative supplies of female labor across countries, can yield
large differences in the characteristics of the marginal employer, and thus large differences in equilibrium
wages across men and women.
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For example, in more disaggregated analyses using the data for the United States, we find
evidence that the relative wage for women is equal to the relative productivity for women who work in
small establishments, but in large establishments women are relatively more productive than in small
establishments, but are underpaid. Thus, it seems that the market wage differential between men and
women is set by small establishments, and large establishments are able to pay that market wage and
indulge in a taste for discrimination, presumably because they have market power.
Our full-sample results and those reported for other countries report average estimates across all
establishments of relative productivities and relative wages, and it is therefore impossible to tell from
these results whether cross-country differences may be due to differences in the identity of the marginal
employer, whose tastes determine market wages. Nonetheless, nothing in this argument rules out
interpreting the results for the United States as indicating wage discrimination. Rather, the open question
is whether the absence of such evidence in a few other countries reflects less discriminatory tastes,
differences in the marginal employer, or variation in the legal/institutional setting. It remains to future
research to probe the cross-country differences more fully, focusing both on questions regarding data and
empirical methods, as well as the economic, legal, institutional, or other factors that could underlie these
differences.
Two additional points regarding the international data sets are worth noting. First, in contrast to
data for the United States, some of the international data sets (including those for Norway and France
discussed above) have the advantage of relying on data covering all workers at an establishment, rather
than a sample. Second, these two international data sets, as well as others, include repeated observations
on employers and their workforces. This feature can in principle be exploited to control for underlying
establishment-level heterogeneity, by asking, for example, whether the average wage paid in an
establishment actually falls when the proportion female in the establishment’s workforce rises, or whether
instead low-wage establishments tend to employ a greater share of women. With cross-sectional data, of
course, we cannot distinguish between these two hypotheses.
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In the United States, as the matched data are based on the Decennial Census of Population, the
best that one can do with respect to constructing panel data is to use observations ten years apart. While
this is something we plan to explore using the 2000 Census, the assumption that establishment-level
unobservables are constant over such a long time horizon is tenuous. The data used by Haegeland and
Klette (1999) consist of a panel of yearly observations over the 1986-1993 period. Yet they choose to use
time averages of the data (the “between” estimator) to reduce measurement error, rather than to exploit
the longitudinal structure of the data set more fully. The French data used by Crépon, et al. (2002) also
have a panel structure, but they, too, rely almost exclusively on the between variation, and only report
limited results for the wage equation using differenced estimators. Finally, in other work using the Israeli
data, we have attempted to implement versions of our test for wage discrimination using panel data from
two years (Hellerstein and Neumark, 1998). We find that changes in the proportion female are not
associated with declines in wages, but are associated with declines in productivity (albeit with imprecise
estimates), which we interpret as evidence of lower productivity of female employees, coupled with
clustering of women in low-wage plants but some constraints on paying women and men differentially
within establishments. However, the extension of these methods to panel data is best characterized as
remaining largely unexplored to date.
VI. Summary and Conclusions
The recent construction of matched employer-employee data sets has allowed researchers to test
in new ways for the presence of market-wide discrimination. Data at the establishment-level are used to
estimate marginal productivity differentials between workers, which are in turn compared directly to
market wage differentials. This is a formal test for the existence of taste-based employer discrimination
that, if sufficiently pervasive, generates a wedge between the relative market wages of groups of workers
and their relative productivities. Because it directly tests the theoretical prediction of the taste-based
model, this kind of analysis is far more convincing than approaches based on residual wage comparisons,
and offers advantages over other methods of testing for discrimination as well.
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To this point, results from implementing this test based on matched employer-employee data for
the United States yields strong evidence of discrimination against women. In contrast, for the handful of
other countries for which this method has been used, women appear lower paid and less productive, and
there is generally little evidence of discrimination. It remains to future research to probe these differences
more fully, focusing both on questions regarding data and empirical methods, as well as the legal,
institutional, or other economic factors that could underlie these differences.
In addition to enabling this direct test for discrimination, matched employer-employee data sets
also hold the potential to provide researchers with more information on the nature of discrimination and
labor market differences between groups more generally, and by extension, therefore, to inform debate
over possible policy responses. We fully expect that as the depth and scope of matched employeremployee data sets both in the United States and abroad are expanded, much more will learned from these
data about the existence, extent, and nature of labor market discrimination.
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Table 1: Results from Production Function-Based Tests of Wage Discrimination by Sex
φF

λF

p-value,
φF = λF

Translog output production function

.84

.55

.00

Translog value-added production function

.83

.56

.00

Translog output production function, IV for materials with
lagged materials

1.01

.55

.00

Production

.71

.49

.00

Managerial/professional

.89

.70

.33

Technical, sales, administrative, and service

1.29

.70

.01

Translog output production function, dropping dimensionality
restrictions on sex and occupation

Translog output production function, production and
.90
.56
.00
nonproduction workers as imperfect substitutes
Estimates are from Hellerstein, et al. (1999). All estimates are nonlinear least squares, except where otherwise
noted.

