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We measure the effects of firm policies on racial pay differences in
Brazil. Nonwhites are less likely to be hired by high-wage firms, ex-
plaining about 20% of the racial wage gap for both genders. Firm-
specific pay premiums for nonwhites are also compressed relative
to whites, contributing another 5% for that gap. A counterfactual
analysis reveals that about two-thirds of the under-representation
of nonwhites at higher-wage firms is explained by race-neutral skill-
based sorting. Non-skill-based sorting and differential wage setting
are largest for college-educated workers, suggesting that the alloca-
tive costs of discriminatory hiring and pay policies may be rela-
tively large in Brazil.

In many countries around the world nonwhites earn less than whites.1 Tradi-
tionally, economic studies of racial pay disparities have built on the framework
of Becker (1957), who assumed that each worker has a market-determined wage
that is independent of the choices of any single employer.2 A growing body of
work, however, suggests that firm-specific hiring and pay policies also contribute
to between-group wage differentials.3 When employers have wage-setting power,
the racial pay gap will depend partly on whether higher-paying firms differentially
hire whites versus nonwhites—a between-firm sorting effect—and partly on the
pay premiums that firms offer to different race groups—a relative wage-setting
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effect.
Findings from four complementary strands of literature suggest that both mech-

anisms may be important. Randomized audit studies in several countries show
that employer callback rates are lower for minority job applicants, implying that
some firms set a higher bar for nonwhite candidates, or avoid hiring minorities
altogether.4 Observational studies show that white managers are less likely to
hire and retain minority applicants (e.g., Giuliano, Leonard and Levine, 2009,
2011; Giuliano and Ransom, 2013; Aslund, Hensvik and Skans, 2014), and that
workplaces are substantially segregated by race and ethnicity (Hellerstein and
Neumark, 2008; Hellerstein, Neumark and McInerney, 2008; Aslund and Skans,
2010; Glitz, 2014). Finally, studies of occupational stratification (e.g., Penner,
2008) suggest that employers assign nonwhite workers to lower-paid occupations,
accounting for some of the racial pay gap within firms.

Nevertheless, it is unclear how much these patterns contribute to average wage
gaps between whites and nonwhites (see Lang and Lehmann, 2012). To quantify
the impacts, we use linked employer-employee data from Brazil to estimate a series
of two-way fixed effects (or “job ladder”) models for wages, separately by race
and gender, that include worker and establishment fixed effects. We then use the
estimated wage premiums for white and non-white workers at each establishment,
together with data on the distributions of workers across workplaces, to conduct
a series of decompositions that identify the contributions of between-firm sorting
and within-firm relative wage setting on racial pay gaps for each gender.

Concerns over differential hiring and pay setting are particularly relevant in
Brazil, where close to one-half of all workers identify as nonwhite. A steady
stream of research since Silva (1978, 1980, 1985) and Oliveira, Porcaro and Araújo
(1981) has shown that the unexplained wage gaps between whites and nonwhites
are as large as those in the U.S., despite differences in the historical background
and legal setting in the two countries.5 Several studies have shown that racial
wage gaps are particularly large for higher skilled workers, and pointed to the
scarcity of nonwhites in high-paying industries and occupations as evidence of
exclusionary hiring policies (Soares, 2000; Henriques, 2001; Campante, Crespo
and Leite, 2004; Chadarevian, 2011; Mariano et al., 2018).

In addition to the salience of race in the Brazilian labor market, an advantage
of our setting is the availability of rich administrative data—covering the entire
formal sector—that include information on education, hours of work, occupation,

4Zschirnt and Ruedin (2016) summarize 36 studies in OECD countries: they find a median callback
rate for minorities relative to whites of 0.67, which is very close to the rate estimated in the seminal
study by Bertrand and Mullainathan (2004). An audit study focusing on job openings for recent col-
lege graduates in Mexico City (Arceo-Gomez and Campos-Vasquez, 2014) finds a similar pattern for
indigenous-looking female applicants.

5One difference is that nonwhites in Brazil are traditionally classified into blacks (roughly 10% of
the population) and mixed race individuals (40%), though previous studies find that wage differences
between these groups are very small. Confirming this pattern, we follow the literature in distinguishing
only two groups: whites and nonwhites. Prior studies of wage differences include Cavalieri and Fernandes
(1998), Arcard and d’Hombres (2004), Matos and Machado (2006), Garcia, Nopo and Salardi (2009),
Bailey, Loveman and Muniz (2013), and Reis and Crespo (2015).
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and industry. These data allow us to address concerns over differences in educa-
tion and hours between white and nonwhites, to document the role of occupation-
specific skills in observed workplace segregation, and to explore heterogeneity by
industry. To address concerns over potential selectivity into the formal sector, we
use national survey data that include information on both formal and informal
jobs. Reassuringly, we find that formality rates are quite similar for whites and
nonwhites of each gender, and virtually identical once we condition on location,
age, and education. Unexplained racial pay gaps are also nearly identical—and
large—in the two sectors.

An important consideration for the structure of wages in Brazil is the mini-
mum wage. Simple comparisons across states suggest that the federally-legislated
wage floor exerts strong upward pressure on wages that narrows the gap between
whites and nonwhites, particularly in poorer regions of the country.6 Our main
analysis therefore focuses on the Southeast region of the country, where the ratio
of the minimum wage to the median wage is comparable to other developing and
developed countries (see, for example, Kristensen and Cunningham, 2006; Dube,
2019). We also present results separately for lower-educated workers, who are the
most impacted by the minimum wage, and higher-educated workers, who are less
impacted.

Consistent with findings from the U.S., Germany, and other countries, and with
previous work on Brazil by Lavetti and Schmutte (2016) and Alvarez et al. (2018),
we find that firms play a large role in explaining the variation in wages for all
race-gender groups. The differences in the wage premiums paid by different estab-
lishments, together with a strong pattern of positive assortative matching between
workers and establishments within each race-gender group, explains about 30%-
40% of the variation in wages for all groups (adjusting for sampling errors in the
estimated worker and firm effects). Importantly, since nonwhites in Brazil tend
to have lower education and lower average earnings irrespective of where they
work, such positive assortative matching would lead to a lower share of non-white
workers at higher-paying establishments, even in the absence of discriminatory
employment policies.

To assess how much lower, we construct estimates of the distributions of white
and non-white workers in different skill groups in each local labor market, based
on age and the percentiles of their estimated person effects.7 We then compare the
actual employment shares of nonwhites at each workplace to the expected shares
if establishments maintained the skill-age composition of their labor force but

6Several recent papers, including Komastsu and Menezes-Filho (2016) and Alvarez et al. (2018), argue
that the rise in the minimum wage after the mid-1990s contributed to lowering overall wage inequality
in Brazil. Derenoncourt and Montialoux (Forthcoming) and Bailey, DiNardo and Stuart (Forthcoming)
show that extensions in coverage of the minimum wage in the mid-1960s contributed to a narrowing of
black-white wage gaps in the U.S.

7Our approach generalizes the method proposed by Aslund and Skans (2010), which accounts for
observed skill characteristics of employees at a given workplace and in the surrounding labor market, by
accounting for any unobserved but time-invariant skill characteristics measured by the person effects in
our two-way models.
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selected workers without regard to race from the available pool in their local labor
market. This counterfactual suggests that about two-thirds of the overall sorting
effect, accounting for 12%-13% of the white-nonwhite wage gap, is explained by
race-neutral “skill-based” sorting. The remainder, incorporating discriminatory
hiring and retention policies, accounts for about 6%-7% of the overall racial wage
gap.

Next, we use the estimated establishment-specific wage premiums to evaluate
the within-firm relative wage-setting effect. We find that the wage premiums for
nonwhites are compressed relative to whites—a pattern that is consistent with
monopsonistic wage setting and lower elasticities of firm-specific supply (Barth
and Dale-Olsen, 2009; Card et al., 2018), or with lower bargaining power (Bab-
cock and Laschever, 2003; Manning, 2011), for nonwhites. These lower average
premiums explain another 4-5% of the overall racial wage gap.

Our main findings are summarized in Figure 1. It shows the mean white-
nonwhite wage gaps by gender and education group, and the shares of these gaps
attributable to skill-based sorting, unexplained or residual sorting, and differential
wage setting. The wage losses associated with unexplained sorting and differential
wage setting are particularly large for college-educated workers, suggesting that
the allocative costs of these policies may be important. Moreover, as we show later
in the paper, the relative importance of these two components is even larger (for
all education groups) controlling for observed occupational differences between
whites and nonwhites.

Our work makes three main contributions. First, we advance the literature on
discriminatory employment policies and workplace segregation, offering compre-
hensive estimates of the impacts of these practices on overall wage gaps for both
males and females in Brazil, and showing how the effects vary across the skill
distribution.8 Second, we show how estimates from a two-way fixed effects model
can be used to benchmark the employment patterns at a given workplace relative
to its local labor market, while accounting in a flexible way for the skill com-
position at the workplace. This is particularly important in settings like Brazil
where there are large racial gaps in education levels, and different race groups
are differentially concentrated in higher- and lower-wage areas. Third, we con-
tribute to the literature on racial wage differences in Latin America, showing that
firm-specific employment and pay-setting policies contribute a substantial share
of these gaps, that assortative matching would exacerbate racial inequalities even
in the absence of any discrimination, but that race-based preferences appear to
play an important role, particularly at the top of the skill distribution.

8Previous work by Hellerstein and Neumark (2008) used U.S. data from a single cross-section and
found that black workers were more likely than whites to work at higher-wage establishments—the
opposite of the pattern in our data. An early study by Ashenfelter (1972) similarly found that black
workers were more likely than whites to work at unionized jobs in the late 1960s. We are unaware
of any work for the U.S. that has longitudinal data covering all (or most) establishments and includes
information on race.
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I. Background and Data

A. Institutional Setting

In contrast to the rigid black-white divide enforced in post-reconstruction U.S.,
a more fluid notion of race emerged in Brazil after the end of slavery, marked by
the absence of de jure segregation and the acknowledgement of three main race
groups: whites; mixed race individuals (“pardos,” literally, brown people); and
black/African race individuals (see, e.g., Skidmore, 1974; Andrews, 1992; Marx,
1998; Telles, 2004; Travassos and Williams, 2004). Although racial differences
remained highly salient in Brazil throughout the following century (Skidmore,
1992), legal intervention in the labor market emerged relatively late.9 Indeed, it
was only with the adoption of the 1988 Constitution and the passage of laws in
1989 and 1995 that racial discrimination in employment and pay setting became
illegal in Brazil. A review of recent case law suggests that even into the early
2000’s most claims of discrimination were dismissed (Equal Rights Trust, 2009).

The recent adoption of affirmative action policies in university admissions (Fran-
cis and Tannuri-Painto, 2013, 2015) has led to heightened awareness of racial
issues in Brazil, and a new law promoting racial parity—the Racial Equality
Law—was enacted in 2010. These changes suggest that employer policies regard-
ing employment and wage setting may have evolved during the 13 years (2002-
2014) included in our sample. We explore this possibility as part of our robustness
analysis later in the paper.

B. Initial Descriptive Analysis

Our main analysis uses administrative records for formal-sector workers from
the Southeast region of Brazil. To provide a context for these data and address
concerns about selection into formality, we begin by examining data from the
Pesquisa Nacional por Amostra de Domićılios (PNAD), a yearly national survey
that collects information on labor market outcomes for both formal and informal
workers. For consistency with our main analysis, we pool the 2002-2014 PNAD
surveys (IBGE, 2016b), and limit attention to men and women ages 25-54 with
at least one year of potential labor market experience (based on age and years of
schooling).10 We present data both for Brazil as a whole and for the Southeast
region, which includes the states of Esṕırito Santo, Minas Gerais, Rio de Janeiro,
and São Paulo, and is the largest and richest region of the country. Figure C.1
presents a map showing Brazil’s regions and micro-regions (our definition of lo-
cal labor markets), as well as their racial composition based on the Brazilian
Population Census of 2010 (IBGE, 2016a).

9The so-called Afonso Arinos Law, passed in 1951, allowed individual plaintiffs to sue for racial
discrimination, but is widely believed to have had at most a symbolic effect (Campos, 2015).

10Ferreira, Firpo and Messina (2014) present an analysis of PNAD data from 1995 to 2012 and docu-
ment trends in returns to education, racial wage gaps, and overall wage inequality.
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As shown in the first row of Panels A and B in Table 1, about 50% of working-
age Brazilian men and women are white (“branco”), 42% are mixed race (“pardo”),
and 8% are black (“preto”). In the Southeast region the share of whites is higher
(57%) while the share of mixed race individuals is lower (33%). Nationally and
in the Southeast region these three main groups account for about 99% of the
population, with Asians and indigenous groups making up the remainder.

Given our focus on firm-specific hiring and wage setting policies, we limit our
attention to private-sector employees—i.e., those who are neither self-employed
nor working in the public sector. The second row of each panel in Table 1 shows
that 41% of men and 21% of women are in this class in Brazil. The private-
sector employment rate of men differs by only a few percentage points across the
three main race groups, but is more variable for women (25% for whites, 20%
for blacks, and 17% for mixed-race women). In the Southeast, private-sector
employment rates of both genders are higher and also less variable across race
groups. This similarity implies that there is little room for differential selection
bias caused by differences in the fractions of each race group observed in private-
sector employment, particularly in the Southeast.

On average, 45% of Brazilian men employed in the private sector during our
sample period had completed high school, with a higher rate for whites (53%) than
either black or mixed-race men (37-38%). Employed women are better educated
than employed men, with a 65% high school completion rate. Again, however,
there are large racial gaps, with a completion rate of 69% for whites versus 58-
59% for nonwhites. Average education levels are higher in the Southeast region
but the gaps between race groups are similar to those at the national level.

Although the differences in education between whites and nonwhites in Brazil
are larger than those that currently prevail in the U.S. (see, e.g., Bayer and
Charles, 2018), they are broadly consistent with the gaps in other Latin American
countries. In Chile, the gap in high school completion between mapuches (the
main indigenous group) and non-indigenous people is about 15 ppts.; in Ecuador
the gap between blacks and whites is about 25 ppts.; and in Mexico the gap
between Spanish speakers and indigenous-language speakers is about 23 ppts.
(Esteve and López-Ruiz, 2010).

Looking next at the mean log hourly wage statistics presented in Table 1, three
important facts stand out. First, white workers of both genders earn about 30-
35% more than nonwhites. Second, wage levels are more than 10 log points
higher in the Southeast than in the country as a whole, but the racial wage gaps
remain similar. Third, as is true for education, mean wages of mixed-race and
black workers are within a few percentage points of each other for both men and
women.

In Table D.1 we present a more detailed analysis of wage differences between
the three main race groups, focusing on two questions: (1) can we combine mixed-
race and black individuals into a single nonwhite group? (2) how large are the
racial wage gaps conditioning on education and potential labor market experi-
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ence? Consistent with many previous studies (e.g., Oliveira, Porcaro and Araújo,
1981; Silva, 1978, 1980, 1985), we find that mixed-race and black workers receive
very similar average wages whether we condition on education and experience or
not. In the remainder of our analysis we therefore pool these two groups into a
single nonwhite group. As expected given the differences in education between
whites and nonwhites, we also find that racial wage gaps are reduced from 27%-
30% when we only control for year and state fixed effects to 11%-13% when we
add controls for education and experience. Interestingly, the magnitudes of these
unexplained wage gaps are quite similar in the Southeast.

C. Informality

Like other Latin American countries, Brazil has a relatively large informal sec-
tor. As shown in the last row of each panel in Table 1, only about 80% of
private-sector employees report having a valid “carteira de trabalho,” which indi-
cates that they are formally employed in Brazil. Importantly, however, the rates
of formality are quite similar across race groups, particularly in the Southeast
region. Again, this similarity suggests that there is relatively little scope for dif-
ferential selection into formality to drive differences in racial wage gaps within
the formal sector.

To assess this issue more formally, we report two additional analyses in Table
D.2. First, we estimated simple linear probability models for the incidence of
formality using the full set of controls used in Table D.1. These models show
precisely estimated zero effects of nonwhite race on the likelihood of formality.
Second, we compared the size of the unexplained white-nonwhite wage gaps (using
the same controls) based on samples that include all private-sector employees and
only those in the formal sector. Consistent with the zero effect of race on formality,
the estimated wage gaps are virtually identical in the two samples (at 11%). Given
these findings, we believe that conditioning on formality has little impact on the
magnitude of racial wage differences among private-sector employees in Brazil.

D. Impact of the Minimum Wage

Brazil’s minimum wage was set at a relatively high level during our sample
period. The ratio of the minimum wage to the median wage for all private-sector
employees—a standard index of the potential impact of the minimum wage—rose
from 58% in 2002 to 70% in 2006, and remained relatively constant over the
following 8 years.11 The impact of the high minimum wage is shown visually
in Figure 2. It displays density plots of log wages normalized to the minimum
wage—i.e., log(w/min)—for white and nonwhite workers of each gender in all
Brazil (upper panels) and in the Southeast (lower panels) based on our pooled
2002-2014 PNAD samples. The graphs in the upper panels show large spikes

11See Melo (2014). By way of comparison, the ratio of the federal minimum wage to the median wage
was about 38% in the U.S. and 62% in France in 2012 (Dube, 2014).
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at the relative wage of 1, particularly for women, suggesting that the minimum
wage has pushed up the lower tail of wages. For both genders, the spike is also
larger for nonwhites than for whites, suggesting that the minimum wage helps to
compress the white-nonwhite wage gap.

Figure 3 provides further insight into this compression effect. It plots the un-
explained white-nonwhite wage gap by gender (using the same controls as above)
for each of the 27 states of Brazil, against the ratio of the minimum wage to the
median wage of white workers in the state. The wide variation in wage levels
across states is illustrated by the range of the relative minimum wage (on the
x-axis), which varies from 0.35 to 0.80 for men and from 0.45 to 0.90 for women.
The four states of the Southeast region, which have relatively higher wage lev-
els, are located near the bottom of the range in each panel (solid markers). The
scatter of points for both genders suggests a fairly strong compression effect: the
estimated slopes suggest that white-nonwhite wage gaps would be about 3 ppts.
higher if the ratio of the minimum wage to the median wage were at its level in
the highest-wage states (i.e., 0.35 for men and 0.45 for women) rather than at its
level in an average state.

The more modest impact of the minimum wage in the Southeast is confirmed
by the density plots in the lower panels of Figure 2. Relative to the national
density plots in the upper panels, the spike at the minimum wage is smaller and
the “distortion” of the lower tail of the distribution relative to the upper tail is
less severe.

Given these potential effects of the minimum wage on the racial wage gaps,
we follow two strategies. First, we focus on the Southeast for our main analysis,
but report results for Brazil as a whole in the robustness section at the end of
the paper. Second, we present results for all workers and by education group
separately. Density plots reported in Gerard et al. (2018) show that the impacts
of the minimum wage appear to be relatively small for workers with at least a high
school education in the Southeast. Thus, our findings for this group arguably give
a clearer picture of what could be expected in the absence of a binding minimum
wage. As shown in Table D.2, the unexplained racial wage gaps are higher in this
group (14%-17%).

E. Overview of RAIS

To estimate the impacts of firm policies on racial wage gaps, we use the Relação
Anual de Informações Sociais (RAIS), a longitudinal dataset that provides nearly
universal coverage of formal jobs in Brazil (MTE, 2015). Firms report annual
information to RAIS on all employees who were on the payroll in the previous
year, including their hiring and separation dates, monthly earnings in December,
contracted hours, education, occupation, and race.12 Race is classified into the
same categories used in PNAD, but is only available after 2002. Hence, we use

12Established in 1975, RAIS provides crucial information about the formal labor force in Brazil,
including labor market indicators made available to public and private organizations. The data collected
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the RAIS files from 2002 to 2014 (the last year to which we have access for this
study).

To construct an hourly wage, we use information on contracted monthly hours
and monthly earnings in December of each year, restricting attention to indi-
viduals who worked for their employer for the full month.13 This wage measure
is similar to the one in PNAD, which also measures earnings and hours for a
cross-section of jobs in the survey month. Finally, we exclude farm workers, those
outside the 25-54 age range, workers on temporary contracts, the small fraction of
workers who are not paid on a monthly basis (the standard pay period in Brazil),
and those with very low or very high wages (see details in Appendix A).

An issue with RAIS is that race can be recorded differently by different em-
ployers. A worker in the Southeast whose modal race is white, for example, has
their race recorded as mixed-race or black about 8% of the time, while one whose
modal race is either mixed or black has their race recorded as white about 12%
of the time.14 Similar anomalies occur, albeit less frequently, for the recording
of education, gender, and birth year. To address these inconsistencies, we assign
individuals their modal race, education, gender, and birth year across all their
observations in the RAIS sample. We also evaluate the robustness of our results
to the coding of race in Section VI.

Estimates of racial wage gaps in the RAIS sample are similar to those obtained
in the PNAD sample above. As shown in Table D.2, the white-nonwhite wage
gap for female workers in the Southeast (controlling again for year and state fixed
effects, education, and potential labor market experience) is 9% in the RAIS
sample compared to 11% in the PNAD sample.15 For male workers, the parallel
gaps are 7% and 11%, respectively.16

II. Econometric Framework

A. Job Ladder Model of Wages

Building on Abowd, Kramarz and Margolis (1999)—henceforth AKM—we as-
sume that the log of the hourly wage paid to worker i in race-gender group g in

by RAIS are also used to administer a federal wage supplement to low-income formal employees (“Abono
Salarial”) and to monitor eligibility for various government programs, such as the Brazilian conditional
cash transfer program (“Bolsa Familia”) and social security benefits. Compliance with the mandatory
reporting requirements is high because of large penalties when the data are late or incomplete.

13For the small fraction of workers with more than one job in December, we first select the job with
the highest contracted hours, then the job with the highest wage; we break the few remaining ties by
selecting one job at random. RAIS does not report actual hours worked, but we found no racial gap in
hours worked reported by formal employees in PNAD (see Table D.3).

14As shown by Cornwall, Rivera and Schmutte (2017), the inconsistent reporting of race is not purely
random: workers moving to better-paying jobs are more likely to become white in the data (and vice-
versa).

15For consistency with the analysis below, these estimates are obtained using the sample of workers
employed at establishments in the largest connected sets of workplaces for both white and non-white
workers (of a given gender), which we call the “dual connected” set of establishments.

16The smaller magnitude of the white-nonwhite wage gaps in the RAIS sample might be a result of
measurement error in the reporting of race by employers. In PNAD, race is self-reported instead.
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December of year t (ygit) is generated by a model of the form:

(1) ln ygit = αgi +X ′gitβg + ψgJ(g,i,t) + εgit,

where αgi is a person fixed effect representing the fully portable component of
earnings capacity of individual i, Xgit is a set of time varying controls (including
a polynomial of age and year fixed effects), ψgj is a wage premium paid at es-

tablishment j to workers in group g, J (g, i, t) is an index function indicating the
workplace for worker i in group g in year t, and εgit is an error component cap-
turing all other factors.17 Note that the pay premium is allowed to vary by race
and gender, but is constant within a group. We present some evidence supporting
this assumption in Section IV below.

Assuming that the conditional expectation of the error term εgit in equation (1)
is independent of the job history of the worker—a so-called “exogenous mobility”
assumption—OLS estimation will yield unbiased estimates of the establishment
wage premiums in equation (1). Although this assumption has been widely criti-
cized, a series of specification checks developed by Card, Heining and Kline (2013)
and implemented in subsequent studies (e.g., Card, Cardoso and Kline, 2016;
Macis and Schivardi, 2016; Song et al., 2019) suggest that the earnings changes
experienced by job changers in Germany, Italy, Portugal and the U.S. are broadly
consistent with exogenous mobility. In the next section, we confirm that this is
also the case for Brazil using RAIS data.

Estimates of AKM-style models in many different settings find that the estab-
lishment effects contribute significantly to the overall variance of wages, and that
employers that pay higher wage premiums tend to hire workers with larger person
effects. Such positive assortative matching has implications for wage inequality
because the variance of log wages for workers in group g can be decomposed as:

V ar[ln ygit] = V ar[αgi] + V ar[ψgJ(g,i,t)](2)

+V ar[X ′gitβg] + V ar[εgit]

+2Cov[αgi, ψ
g
J(g,i,t)] + 2Cov[αgi, X

′
gitβg]

+2Cov[ψgJ(g,i,t), X
′
gitβg].

A positive covariance between the worker and establishment effects magnifies
the impacts of both components, contributing to higher overall inequality. As we
discuss next, it also has important implications for the interpretation of differen-
tial employment patterns in higher- and lower-premium workplaces.

17The person fixed effects and the time-varying X′s are not separately identified without a normalizing
assumption. Following Card et al. (2018), we assume that in the baseline year X′

gitβg = 0 for 40-year

old males and 35-year old females—i.e., the person effects are measured as of age 40 for men and 35 for
women, which correspond to the approximate peaks of their experience profiles (see Figure C.2).
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B. Impacts of Sorting and Relative Wage-Setting on Racial Wage Gaps

How do establishment-specific wage premiums contribute to the racial pay gap?
Assume that there are two groups, whites (W ) and nonwhites (N), and let πWj

and πNj represent the fractions of the groups employed at workplace j. Taking
expectations of equation (1), the mean white-nonwhite pay gap can be expressed
as:

E[ln yWit] − E[ln yNit] = αW − αN(3)

+X
′
WβW −X

′
NβN +

∑
j

ψWj πWj −
∑
j

ψNj πNj ,

where αg = E[αgi] and Xg = E[Xgit]. Assuming for expository purposes that

X
′
WβW ≈ X

′
NβN ,18 and adding and subtracting

∑
j ψ

W
j πNj , we obtain a simple

expression for the net impact of the wage premiums and employment shares at
different workplaces:

E[ln yWit] − E[ln yNit] = αW − αN(4)

+
∑
j

ψWj (πWj − πNj) +
∑
j

(ψWj − ψNj )πNj .

The first term in equation (4) is the difference in the mean person effects for
the two groups, i.e., the difference in average wages that would prevail if there
were no establishment-specific pay premiums. It can be interpreted as the gap
in average productivity (or “skill”) between whites and nonwhites (measured at
a standardized age). The second term is a weighted average of the difference
in employment shares of whites and nonwhites at different workplaces, using as
weights the wage premiums for whites at each establishment. This is an estimate
of the effect of differential sorting of the two groups across workplaces, evaluated
under the assumption that nonwhites receive the same premiums as whites—a
counterfactual that we believe is natural. The third term is a weighted average
of the difference in wage premiums of whites and nonwhites across workplaces,
weighted by the employment shares of nonwhites. This is an estimate of the effect
of differential pay-setting between the two groups, evaluated using the actual
distribution of nonwhites across establishments.19

18As discussed below, this assumption is roughly correct for males in our data. For females, however,
there are some modest differences between whites and nonwhites.

19As noted by Oaxaca (1973), there is an alternative decomposition that weights the difference in
employment shares by the wage premium of nonwhites and weights the difference in pay premiums by
the employment share of whites—counterfactuals that we believe are less natural.
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C. Sorting Effect and Assortative Matching

The between-workplace sorting effect
∑

j ψ
W
j (πWj − πNj) in equation (4) will

be positive if white workers are more likely than nonwhites to be employed at
high-premium workplaces. There are three reasons to suspect that this will be
true.

The first reason is that the white population in Brazil tends to live in areas with
higher average wage premiums, potentially reflecting compensating differentials
for cost of living differences, as well as other factors. To address this issue, we
use a simple reweighting procedure that adjusts the distribution of nonwhites
across micro-regions to match the distribution of whites.20 We then use (4) to
decompose the geographically reweighted average difference in wages between
whites and nonwhites.

A second explanation is suggested by positive assortative matching between
workers and establishments. If whites tend to have higher overall human capital
than nonwhites (e.g., given the average education gaps), and higher-paying es-
tablishments tend to hire relatively more skilled workers, we would expect to see
more whites at these establishments, even in the absence of other (race-based)
factors.

To account for skill-biased hiring patterns, we classify individuals into skill
groups based on their age and the value of their estimated person effects. We
then calculate the fractions of workers at each establishment in each skill group,
and the share of nonwhites among all workers in each skill group in each local
labor market. Next, we calculate counterfactual employment shares of whites and
nonwhites, π∗Wj and π∗Nj , that would be expected if each establishment maintained
the skill distribution of its labor force in each year but selected workers without
regard to race from the available pool in its local labor market in that year. Using
these shares we then form the counterfactual skill-based sorting effect :

(5)
∑
j

ψWj (π∗Wj − π∗Nj).

This gives the net effect of (race-neutral) skill-based employment probabilities on
the racial wage gap, holding constant the skill distribution at each workplace, the
wage premiums paid to white workers, and the racial composition of each skill
group in the different local labor markets. We also implement a variant of this
procedure in which we narrow the definition of skill groups to include occupation.

A third explanation for an under-representation of nonwhites at higher-paying
establishments is discriminatory hiring and/or retention policies. We cannot di-
rectly test this explanation. We can, however, calculate the difference between
the actual sorting effect and the counterfactual skill-based sorting effect:

20A micro-region (“microrregião”) is a legally defined geographic entity roughly equivalent to a county.
The 557 micro-regions (160 of them in the Southeast) are shown in Figure C.1.
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∑
j

ψWj (πWj − πNj) −
∑
j

ψWj (π∗Wj − π∗Nj) =(6)

∑
j

ψWj [(πWj − π∗Wj) − (πNj − π∗Nj)].

If higher-premium establishments tend to employ fewer nonwhites than would
be expected given the skill composition of their workforce and the nonwhite share
in each skill group in their local labor market, this residual sorting effect will be
positive.

D. Relative Wage-Setting Effect

The relative wage-setting effect
∑

j(ψ
W
j − ψNj )πNj in equation (4) will be pos-

itive if nonwhites tend to receive lower pay premiums than whites at their place
of employment. To gain some intuition for the likely pattern of pay premiums, it
is useful to consider a monopsonist wage setting model in which each employer
sets a race-specific pay premium (see Card et al., 2018, for a review). Under
some simplifying assumptions about workers’ preferences over jobs and the sub-
stitutability between groups of workers, we show in Appendix B that an optimal
wage-setting policy will be characterized by a set of group-specific pay premiums:

(7) ψgj = δgRj ,

where Rj is a measure of productivity at establishment j and δg > 0 is a group-
specific taste parameter that determines the elasticity of supply of group g to
different firms. The wage-setting effect will be positive if δN < δW , i.e., if non-
whites gain less than whites from moving from a lower-productivity to a higher-
productivity workplace. In particular, letting γ = δN/δW represent the relative
size of the wage premium for nonwhites, the wage-setting effect is

(8)
∑
j

(ψWj − ψNj )πNj =
1 − γ

γ

∑
j

ψNj πNj .

E. Normalizing the Pay Premiums

The worker and establishment effects in equation (4) are not identified without
a normalization assumption. In essence, one has to identify a set of establish-
ments that pay a zero premium in order to then decompose the wages of each
worker into person and establishment effects. The numerical value of the esti-
mated sorting effect in equation (4) is invariant to the particular normalization
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adopted for the establishment premiums paid to whites.21 The value of the wage-
setting effect, however, depends on the relative normalization of the premiums for
whites and nonwhites, since this effect is a weighted average of the difference in
premiums received by the two groups. Moreover, any difference between whites
and nonwhites in the average premiums paid by the establishments used for nor-
malization will be reflected in the difference in mean person effects. As a result,
the normalization also affects the value of the skill-based sorting effect (we use
the person effects to define the skill groups).

Our normalization assumes that the pay premiums for both whites and non-
whites are zero in the restaurant industry, i.e., that any wage gap between whites
and nonwhites in this industry is due to differences in productivity. This will be
true if white and nonwhite restaurant workers are perfect substitutes and restau-
rants have no wage-setting power. As a robustness check, we consider the alter-
native assumption that the racial pay gap in the restaurant industry is entirely
due to differential pay-setting (i.e., that white and nonwhite restaurant workers
are equally productive). Relative to the baseline, this will increase the magnitude
of the pay-setting effect, and decrease the difference in mean person effects, by an
amount equal to the racial pay gap in the restaurant industry. It will thus increase
the overall contribution of firms to the racial wage gap by the same amount, and
reduce the role of skill differentials between whites and nonwhites for the sorting
effect. We believe that these two alternatives—one assuming that 100% of the
racial wage gap in restaurants is due to productivity differences, the other assum-
ing that 100% is due to discriminatory wage setting—represent plausible bounds
on the size of these effects.

Fortunately, in both the PNAD and RAIS data, the observed racial wage gaps
in the restaurant industry are small (see Table D.4). Specifically, models that
control for year and state fixed effects, education, and potential labor market
experience show racial wage gaps in our RAIS sample of 2.4 and 2.7 log points
for male and female workers, respectively. This means that the range between
estimates based on our two normalization assumptions for the contribution of
firms to the racial wage gap is 2.4-2.7 log points.

III. RAIS Samples and Specification Tests

A. RAIS Sample Overview

Our main RAIS sample for the Southeast region includes about 8.5 million white
men, 4 million nonwhite men, 6.5 million white women, and 2.5 million nonwhite
women observed over the period 2002-2014. The characteristics of these groups
are presented in the first four columns of Table D.5. On average each male
worker contributes about 4.7 observations over the sample period, while each

21To see this, consider the transformation ψ̃W
j = ψW

j + τ. Since
∑

j τ(πNj − πWj) = 0 for any τ , the

transformed pay premiums imply the same numerical value of the sorting effect.
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female contributes about 4.3 observations, yielding a total sample of around 100
million person-year observations across the four groups. Nearly everyone in the
sample (98% of women and 100% of men) works full time, with an average of
around 185 hours per month (≈ 43 hours per week) for both men and women.

A typical establishment in the Brazilian formal sector is relatively small, but
mean establishment size from a worker’s perspective is relatively large, about
500 employees for men and 600 for women, and larger for nonwhites than for
whites. Establishments are also highly segregated by race and gender. The mean
fraction of white coworkers at a white worker’s establishment is about 75% for
both men and women. The mean fraction for nonwhites, by comparison, is only
55%. Likewise, for both race groups, a typical male works at an establishment
where only 25% of workers are female, whereas the coworkers of a typical female
are 60% female.

As pointed out by AKM, the establishment effects in a two-way fixed effects
model are only identifiable within “connected sets” of workplaces that are linked
by worker mobility. Characteristics of the largest connected sets for our four
race-gender groups are presented in the middle columns of Table D.5. The largest
connected set includes 96% of person-year observations for white men, 94% for
non-white men, 94% for white women, and 90% for non-white women. Mean
wages for all groups are 1-2% higher for observations in these samples, and mean
establishment size increases by 4%-11%, but their other characteristics remain
very similar.

The decomposition in equation (4) implicitly assumes that each establishment
has both white and non-white workers, so that one can calculate race-specific pay
premiums at each establishment. In reality, there are many small establishments
that hire only white (or less often, only non-white) workers, even in the largest
connected set for each race-gender group. In our analysis below, we therefore
focus on workers who are employed at establishments in the dual-connected sets
for their gender (i.e., in the connected sets for both white and non-white workers of
the same gender). Among males, the dual connected set (summarized in the last
columns in Table D.5) includes 91% of person-year observations for nonwhites,
but only 80% for whites, reflecting the higher share of whites working at all-white
establishments. Among females, the corresponding rates are 86% for nonwhites
and 71% for whites.

Narrowing the samples to workers at dual-connected establishments has little
impact on the observed means of workers’ age or education, but leads to an
increase in average wages and mean establishment size for both race groups.
This reflects the fact that single-race establishments tend to be smaller and have
relatively low pay. More whites are employed at such workplaces, so the rise in
wages is larger for whites (about 5 log points for both genders) than for nonwhites
(about 1 log points for both genders). Thus, the (unadjusted) white-nonwhite
gaps are about 4 log points larger in the dual connected set than in the sample
as a whole.
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B. Specification Tests for Exogenous Mobility

A longstanding concern with the AKM model of wages is that OLS estimates
of the firm wage premiums will be biased unless worker mobility is uncorrelated
with the time-varying residual components of wages. Card, Heining and Kline
(2013) developed an event-study analysis of the wage changes experienced by
workers moving between different groups of firms to assess the plausibility of this
exogenous mobility assumption. Specifically, they proposed grouping establish-
ments by the average pay of coworkers, and tracking the changes in wages for
workers who move up and down the “job ladder” with rungs defined by quartiles
of co-worker pay.

Figure C.3 shows the results of this analysis using our four race-gender groups in
RAIS.22 The figures exhibit clear step-like patterns for all groups: when workers
move to higher-wage establishments, their wages tend to rise; when they move
to lower-wage establishments they fall. There is little evidence of differential
trends before or after a move for workers who move up or down the job ladder,
though there are clearly permanent differences in wages prior to a move that are
correlated with the direction of the move.23 Such differential mobility on the basis
of the permanent component of wages is consistent with exogenous mobility, since
the residual in equation (1) is conditioned on a worker fixed effect.

A sharp prediction of the AKM model under exogenous mobility is that the
mean wage changes for movers up the job ladder (e.g., from a set of lower-premium
firms to a set of higher-premium firms) will be equal in magnitude but opposite in
sign to the mean changes for movers in the opposite direction. Figure C.4 presents
some visual evidence in support of this prediction. Here we classify workers who
change establishments into 20 quantiles of average coworker wages at their origin
workplace, and 20 quantiles of average coworker wages at their destination. We
then plot the mean wage changes experienced by movers in each of the 400 origin-
destination pairs against the mean change in average coworker wages for the pair.
Under symmetry, the points in the graph should lie on a line passing through
the origin. For all four groups, this is approximately true. We conclude that a
simple AKM model provides a parsimonious and interpretable working model of
the wage premiums offered at different establishments for different race-gender
groups.

22The samples are restricted to individuals who switch workplaces and are observed in two consecutive
years at both the origin and destination establishments. Workplaces are grouped into coworker pay
quartiles using wages of all coworkers (i.e., both races and both genders) in the year of hiring (for
destination establishments) or separation (for origin establishments).

23For example, workers who start at a 4th quartile establishment and move to another 4th quartile
establishment have substantially higher wages in the two years prior to the move than those who start
at a 4th quartile establishment and move down.
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IV. Estimation Results

A. Estimation Results and Implied Variance Decomposition

Table 2 summarizes the results from estimating AKM-style models by race-
gender group for workers in the Southeast region. For estimation purposes we use
all observations in the largest connected set for each group. In the decompositions
in the next section, we then limit attention to workers in the dual-connected sets
for each gender.

Panel A presents some simple descriptive statistics summarizing the variation
in the estimated worker and firm effects, the fit of the AKM model, and the
implied variance decomposition based on equation (2). In general, the two-way
fixed effects models fit well, with adjusted R-squared statistics of around 0.90.
The implied variance shares show that person effects account for 51%-62% of the
variance of wages across the four groups, while the establishment effects account
for 20%-23%. Worker and firm effects are also positively correlated within each
race-gender group, which accounts for another 8%-11% of the overall variance
of wages for nonwhites and 18% for whites. Together, the differences in wage
premiums paid by different establishments and the strong pattern of positive
assortative matching between workers and establishments explain about 30%-
40% of the variation in wages for all race-gender groups. These variance shares
are similar to those reported by Card, Heining and Kline (2013) for Germany,
and by Lavetti and Schmutte (2016) and Alvarez et al. (2018) for Brazil.

A problem in interpreting plug-in estimates of second moments of regression co-
efficients is that the estimated coefficients contain sampling errors (e.g., Krueger
and Summers, 1988; Andrews et al., 2008). These sampling errors will lead to an
over-statement of the variances of the person and firm effects in two-way fixed
effects models, and an under-statement of their covariance (since the sampling
errors in the person and firm effects are negatively correlated). Kline, Saggio
and Sølvsten (2020)—hereafter, KSS—present an elegant solution to this prob-
lem based on a leave-out procedure that corrects for the biases attributable to
sampling error. However, this method can only be implemented on the subset
of observations in the connected set that remain connected when the data for
any one worker is dropped from the estimation sample. Panel B presents the
same statistics reported in Panel A, focusing on those capturing the role of firms,
but calculated over the subset of observations in the corresponding leave-one-out
connected sets. As shown in the bottom row of the table, the leave-one-out con-
nected set includes 56% of all person-year observations for white males, 53% for
nonwhite males, 50% for white females, and 42% for nonwhite females.

Despite the loss of observations in the leave-one-out connected sets, the un-
adjusted estimates of the variance shares of establishment effects are not too
different from those in Panel A. They fall by 2-6 ppts., with the largest drop for
nonwhite females, the group that has the largest fraction of “weakly connected”
establishments. However, the shares attributed to the covariance of person and
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establishment effects increase almost symmetrically, leaving the overall contribu-
tion of firms unchanged.

Finally, in Panel C we present corrected versions of these estimates based on the
KSS procedure.24 Comparisons of these estimates with the naive plug-in estimates
in Panel B suggest that, in our setting, failure to account for sampling errors
has only a modest impact on the estimated variance shares of the establishment
effects, which fall by 2-3 ppts. The downward bias in the estimated share of
the variance of wages attributable to the covariance of person and establishment
effects is also relatively modest, at about 2 ppts for all race-gender groups.

Thus, in our setting, adjusting for the sampling errors in the estimated worker
and firm effects does not change the qualitative conclusions about the importance
of firms in wage inequality. The wage premiums paid by different establishments
explain about 30%-40% of the variation in wages, in part because of a relatively
strong assortative matching between workers and establishments within each race-
gender group. Moreover, the degree of assortativeness is stronger among white
workers of both genders. In this respect, the combination of upward bias in the
variances and downward bias in the covariances implies a relatively large increase
in the estimated correlations between the worker and firm effects, to 0.47-0.48 for
whites and 0.37-0.40 for nonwhites.

The correlation of the sampling errors in the estimated worker and firm effects
does not affect our decomposition of the racial wage gap in equation (4), but it
does lead to a potential bias in our estimates of the skill-based sorting component
defined in equation (5). Consider a firm for which the sampling error in the

estimated firm effect for white workers is positive, i.e., ψ̂Wj > ψWj . On average,
the estimated person effects for the white workers at the firm will then be under-
estimated, leading us to under-estimate the fractions of those workers at the firm
in higher skill groups (and over-estimate the fractions in lower skill groups). Since
on average whites in the outside labor market are more skilled, we will then under-
estimate the share of whites that would be employed at the firm in the absence
of discriminatory hiring and over-estimate the share of nonwhites, leading us to
under-estimate the expected excess fraction of white workers at the firm, i.e.,
(π̂∗Wj − π̂∗Nj) < (π∗Wj − π∗Nj). On the other hand, when the sampling error in
the estimated firm effect is negative, we over-estimate the fractions of workers in
higher skill groups, and over-estimate the share of whites that would be employed
at the firm in the absence of discriminatory hiring and over-estimate the share of
nonwhites. Thus ψ̂Wj will be negatively correlated with π̂∗Wj − π̂∗Nj , leading us to
under-estimate the skill-based sorting component.

To assess the magnitude of this problem we take two approaches. First, we
compare our main decomposition results based on the largest connected sets to

24For computational convenience, we follow KSS and implement their procedure by first adjusting
wages by subtracting off the value of the estimated covariate index (obtained using the entire connected
set of observations). Since the overall variance contribution of the X’s is small, the standard deviation
of adjusted wages is very similar to the standard deviation of actual wages.
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decomposition results based on the leave-one-out connected sets, which are by
construction “better connected.” Second, we use a two-sample approach, esti-
mating separate AKM models for the earlier and later halves of our sample. We
then implement our decompositions in the first half of the sample, but we use the
estimated person effects from the second half of the sample to classify workers
into skills groups when computing the skill-based sorting component (we restrict
attention to workers present in both subsamples). Since the sampling errors of
the person and firm effects from different half samples are independent, this yields
an unbiased estimate of the skill-based sorting effect, albeit for a selective set of
workers and firms.

B. Additional Specification Checks

Before we move to using the parameter estimates from the two-way fixed effects
models to decompose the racial wage gaps, we present a last specification check.
The additive specification of equation (1) implies that each establishment pays
the same wage premium to all workers, regardless of their skill. We test this
in two ways. First, following Card, Heining and Kline (2013), we examine the
mean residuals from the estimated models in Figure C.5. We show the mean in
each of 100 cells, defined by deciles of the estimated person effects and deciles
of the estimated establishment effects. Importantly, there is no evidence from
these graphs that the AKM model systematically under-estimates the earnings of
high-skilled workers at high-premium establishments. For low-skilled workers (in
the lowest decile of estimated person effects), however, the mean residuals tend
to be positive at low-wage premium establishments, particularly for women. We
interpret this as evidence of the effect of the minimum wage, rather than as a
specific problem of the AKM model.

Second, we estimated separate AKM models (by race and gender) for workers
with less than a high school education and workers with high school education or
more. We then considered simple regression models of the form

(9) ψg,Edj = δ0 + δ1ψ
g
j + ζj ,

where ψg,Edj is the pay premium at workplace j for workers in race-gender group

g with education Ed, and ψgj is the pay premium at workplace j for workers

group g from our main specification (which pools the two education groups). The
AKM specification implies that δ1 = 1. However, if firms pay higher premiums
to higher skilled workers (i.e., a potential alternative explanation for the relative
wage-setting effect), we would expect δ1 < 1 when the dependent variable is
the premium for low-education workers, and δ1 > 1 when the model is fit for
high-education workers.

Simple OLS estimation of models like (9) using the estimated pay premiums

ψ̂gj and ψ̂g,Edj is likely to be biased by measurement error in the independent
variable that is correlated with measurement error in the dependent variable. We
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therefore present instrumental variables (IV) estimates, using the estimated wage
premium for workers of the same race group but opposite gender as an instrument
for the overall group-specific wage premium at each establishment. The results,
reported in Table D.6, yield IV estimates of the coefficient δ1 that are very close
to 1 for higher- and lower-education workers of each race-gender groups.25 Among
men, estimates are even slightly higher for lower-education workers (of both race
groups). Among women, estimates are slightly lower for lower-education workers,
but this is likely due to the higher impact of the minimum wage at low-paying
firms for women (as discussed above). As we show in the lower part of the
table, these estimates are essentially equal to 1 for both education groups (and
both race groups) when we exclude the bottom decile of the establishment effect
distribution. We conclude that the AKM specification, while not literally true,
provides a relatively good approximation to the observed wage premiums offered
to higher- and lower-education groups.

V. Decomposition results

We now decompose the white-nonwhite wage gap into person and establishment
effects, and evaluate the impacts of firms’ employment and wage-setting policies.
We begin by presenting results pooling workers of all education levels together,
but we later explore heterogeneity by education group. We also present results in
which we narrow our definition of labor markets to include occupation categories.

A. Decomposing the Racial Wage Gap into Person and Establishment Effects

As discussed in Section II, an initial step is to normalize the establishment ef-
fects. This allows us to decompose the wages of any individual—or group—into
a component due to their person effect and a component attributable to the pre-
miums paid by their employer (and time-varying characteristics). As a baseline,
for each race-gender group, we assume that establishments in the restaurant in-
dustry pay zero wage premiums on average. Figure 4 displays the distribution
of implied average pay premiums by 3-digit industry for white workers. The
estimated industry premiums for white males range from near zero—thus near
the restaurant industry—for, e.g., delivery services (-0.07), auto repair services
(-0.03), and footwear manufacturing (-0.01) to around 0.80 for, e.g., auto man-
ufacturing (0.79) and petroleum extraction (0.83). The ranking is similar for
females; the rank correlation with male estimates is 0.87. Interestingly, the high-
and low-premium industries correspond fairly closely to the high- and low-wage
industries identified by Krueger and Summers (1988).

Using this normalization, Table 3 begins by presenting results from implement-
ing the decomposition in equation (3) using individuals in the dual-connected
set of male (Panel A) and female workers (Panel B). Column (1) reports the

25For comparison purposes, all the results in Table D.6 restrict attention to establishments included
in the largest connected sets of both education groups.
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mean white-nonwhite pay gaps. Columns (2), (3) and (4) then decompose these
gaps into differences in mean person effects, differences in means of the covariate
indexes, and differences in mean establishment effects.

The first row in each panel, which considers all workers in the dual-connected
set, shows that the racial wage gap reaches 16.5 ppts. for men and 23.8 ppts. for
women. A majority of this gap is attributed to differences in person effects (79%
for men and 85% for women). This is illustrated graphically in Figure C.6, which
shows that the distribution of person effects among whites is clearly shifted to the
right relative to nonwhites (for both genders). For male workers, the difference
in the covariate index (which incorporates year effects and adjustments for age)
account for a relatively small share of the pay gap. For female workers, however,
it reduces the white-nonwhite pay gap by about 2 ppts. This arises because the
experience profiles of younger women are steeper for whites than nonwhites. Ad-
justing women to an age-35 basis, as we do, thus raises the average person effects
for white women more than for nonwhite women, with a compensating negative
gap in the covariate index. With this in mind, we conclude that differences in
the mean of workers’ “transferable” skills—combining person effects and time-
varying covariates—account for 79% and 75% of the overall white-nonwhite wage
gap among men and women, respectively, while differences in the establishment
effects account for 21% and 25%.

As noted in Section II, these estimates use a reweighting procedure that adjusts
the distribution of nonwhites across micro-regions to match the distribution of
whites. Table D.7 shows that this procedure reduces the racial wage gaps by
3-4 ppts. That reduction comes mainly from the gap in mean establishment
effects, which is consistent with the idea that area-based wage differentials will
be incorporated in the establishment premiums and that whites are more likely
to live in high-wage areas.

The decompositions in Table 3, columns (2)-(4), also rely on the assumption
that workers of both race groups are paid their true productivity in the restaurant
industry. If one assumes instead that the 2.4-2.7 ppts. wage gap in that industry
is due to differential pay premiums, one would lower all the estimated person
effects of whites and raise all the estimated establishment effects for whites by
that amount. This would lead to a 2.4-2.7 ppts. reduction in the gap in estimated
person effects in column (2) and a 2.4-2.7 ppts. increase in the gap in estimated
establishment effects in column (4). Under this alternative assumption, the share
of the white-nonwhite pay gap explained by employment and wage-setting policies
would rise to 36% for both men and women.

B. Decomposing the Effect of Employment and Wage-Setting Policies

Next, columns (5)-(6) of Table 3 present the estimated wage-setting and sorting
effects from equation (4). The first row in each panel, again considering all
workers in the dual-connected set, shows that most of the overall contribution
of establishment effects is attributable to the sorting effect. Indeed, the sorting
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effect accounts for 2.9 ppts. among men and 4.8 ppts. among women, or 18%
and 20% of their white-nonwhite wage gap, respectively. By comparison, the
estimated wage-setting effects are modest in size, on the order of 4%-5% of the
overall white-nonwhite wage gap.

Some insight into the size of the wage-setting effects is provided by equation (8)
and the pattern in Figure C.7, which shows binned scatterplots of the relationship
between the estimated pay premiums for whites and nonwhites. For both gender
groups, we find that nonwhite pay premiums are strongly correlated with white
pay premiums, and that an empirical relationship of the form ψNj = γψWj is plau-
sible. To estimate the slope parameter γ while accounting for estimation errors
in the white premiums, we use the premiums for white women as instruments for
the premiums for white men (and vice versa). This approach leads to estimates
of γ = 0.964 for males and γ = 0.930 for females. These estimates imply that
the expected size of the wage-setting effect for men is about 3.7% of the average
wage premium among nonwhite men, while for women it is about 7.5% of the
average wage premium among nonwhite women. Given the magnitudes of the
average premiums for nonwhites – 0.165 for males and 0.078 for females – equa-
tion (8) predicts pay-setting effects that are close to the estimates in column (5),
particularly for men.

As noted in Section II, the value of the wage-setting effects—but not of the
sorting effects—depends on the normalization of the establishment effects. Under
our alternative assumption that white-nonwhite pay differences in the restaurant
industry are due to differential pay premiums (rather than differential produc-
tivity), we would increase the relative wage-setting effect by 2.4-2.7 ppts. As a
result, it would reach 18% of the overall racial wage gap for men and 16% for
women.

C. Decomposing the Sorting Effect into Skill-Based and Residual Sorting

The last two columns of Table 3 further decompose the sorting effect into a skill-
based component—due to assortative (race-neutral) matching—and a residual
component, using equations (5) and (6), respectively. As discussed in Section II,
we form a counterfactual racial composition for each establishment by calculating
the expected fraction of nonwhites if the establishment selected randomly in the
pool of suitable workers in their local labor market. Specifically, we divide workers
(by gender) into 16 bins defined by four age categories (25-27, 28-36, 37-45, and
46-54) and four quartiles of the overall distribution of person effects (combining
whites and nonwhites). Next, we calculate the fraction of employees at each
establishment in each bin in each year, and the nonwhite share of each bin in its
local labor market (micro-region) in that year. We combine these to calculate the
expected fractions of whites and nonwhites at the establishment, which we use to
calculate the counterfactual employment shares π∗Wj and π∗Nj , and the skill-based

sorting effect given by equation (5).
Figure 5 presents our results graphically. For both genders, the black line dis-
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plays the actual share of nonwhites by decile of the (white-specific) establishment-
effect distribution. The red and green lines display counterfactual shares under
two scenarios. First, we assume that each establishment maintains the age struc-
ture of its workforce but selects workers at random within age categories (i.e.,
without regard for race or skill) from its local labor market. The red line shows
this “naive” counterfactual. Second, we assume that each establishment main-
tains its joint distribution of age and skill but selects workers at random within
age-skill categories (i.e., without regard for race), yielding the “full” counterfac-
tual shown by the green line.

The actual shares of nonwhite workers are stable across the lower deciles of
the establishment-effect distribution, but then decrease sharply from 0.34 to 0.25
for men and from 0.33 to 0.18 for women. The shares of nonwhites predicted by
our naive benchmark remain nearly constant, as we move across the firm effect
deciles. Age differences are thus unimportant for the differential sorting of whites
and nonwhites to higher- and lower-premium establishments. In contrast, the
predicted non-white shares under our full counterfactual exhibit a downward-
sloping pattern across the deciles, reflecting the racial gap in person effects and
the tendency for higher-premium workplaces to hire higher-skilled workers. The
green lines fall between the red and the black lines, suggesting that skill-based
employment policies explain some, but not all, of the under-representation of
nonwhites at higher-premium workplaces.

These results are summarized quantitatively in the first row of each panel in
columns (7)-(8) of Table 3. For both genders, skill-based sorting accounts for
about 65% of the overall sorting effect, while residual sorting—which includes
any effect of discriminatory employment policies by higher-premium establish-
ments—accounts for about 35% of the sorting effect or 6%-7% of the overall
white-nonwhite wage gap.

As noted in Section II, under our alternative assumption regarding the source
of the pay gap in the restaurant industry, we would reduce the estimated gap in
mean person effects, and thus reduce the importance of skill differentials for the
sorting of whites and nonwhites across workplaces. Specifically, the importance
of skill-based sorting would decrease to 56%-57% of the overall sorting effect, and
the residual sorting effect would account for 8%-9% of the overall white-nonwhite
wage gap.

Finally, we note that a counterfactual (race-neutral) sorting based either on
the component of human capital that we observe in the data or on the estimated
person effects leads to similar conclusions. Indeed, the decomposition of the
sorting effect in the first row of each panel in Table 3 is unchanged if we recalculate
the counterfactual employment shares using skill groups defined by five education
categories (no education, elementary school, middle school, high school, college)
rather than by quartiles of the distribution of person effects. In that case, the
skill-based sorting and residual sorting components amount to 2 ppts. and 0.9
ppts. among men (compared to 1.9 ppts. and 1 ppts. in Table 3), and to 3 ppts.
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and 1.9 ppts. among women (compared to 3.1 ppts. and 1.8 ppts. in Table 3).

D. Decomposition results by education category

The other rows in each panel of Table 3 replicate the same decompositions
for three education categories separately: workers with less than a high-school
education (52% of males, 33% of females), high-school graduates who did not
complete college (40% of males, 50% of females), and college graduates (8% of
males, 17% of females).26 Column (1) shows that the white-nonwhite pay gap
increases steeply across these three education categories for both men and women,
ranging from about 5 ppts. for workers with no high school to 19-22 ppts. for those
with completed college.27

The relationships between education and average estimated person and estab-
lishment effects are illustrated graphically in Figure 6. The gray and black solid
lines in the upper panels (by gender) show how the means of the estimated person
effects for whites and nonwhites, respectively, vary across five education levels (no
education, elementary school, middle school, high school, college). Mean person
effects for both whites and nonwhites rise only slightly across the three lowest
levels of education, which together comprise the “less than high school” group
reported in Table 3. In contrast, there is a substantial gradient across the three
highest education levels. This is also true for the mean establishment effects for
both whites and nonwhites, which are displayed by the gray and black solid lines
in the lower panels of Figure 6. The increases in mean establishment effects across
education categories imply that a sizable share of the “return to college” in Brazil
is attributable to increased access to jobs at establishments that pay higher pre-
miums. Specifically, the college-high-school gap in mean establishment effects is
18 log points for white men, 15.5 log points for nonwhite men, 17.5 log points for
white women, and 13 log points for nonwhite women.

The gaps between the gray and black solid lines in the four panels of Figure 6
illustrate the decomposition of the white-nonwhite wage gaps into person and es-
tablishment effects. Across the three lowest levels of education, there is a modest
gap in mean person effects for both genders, and a small gap in mean establish-
ment effects but only for women. Consequently, Table 3 shows that most of the
white-nonwhite pay gap for workers without a high school education is attributed
to workers’ “transferable” skills among men, while differences in mean establish-
ment effects account for 25% of this gap among women. For the higher education

26There are three types of college degrees in Brazil: bachelor’s degrees (about 70% of recent graduates);
licenciatura degrees that train teachers (22%); and technology degrees (12%), which are typically awarded
for shorter vocationally-oriented programs.

27For comparison, the hourly wage gap between white and black males in the U.S. – based on annual
earnings and hours collected in the 2016-2018 March Current Population Surveys (U.S. Department of
Commerce, 2021) – is 0.06 for workers with less than a high school education, 0.19 for workers with
high school and no college, and 0.22 for those with a 4-year degree. The corresponding gaps for females
in the U.S. are smaller in magnitude and more similar across education groups: -0.04, 0.12, and 0.11,
respectively.
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levels, Figure 6 shows that the increase in mean person effects and mean estab-
lishment effects is steeper for whites than nonwhites for both genders. This is
especially true in the lower panels of Figure 6. As a result, the gaps attributed to
differences in mean establishment effects increase together with the overall racial
wage gap for high-school and college graduates in Table 3. Differences in mean
establishment effects account for 2.6 ppts. and 3.2 ppts. among men and women
with a high school education, or 22% and 28% of their white-nonwhite wage gap.
These figures are 5.4 ppts. and 8.2 ppts. among college graduates, or 28% and
37% of their racial pay gap.

The role of employment and pay-setting policies is also illustrated in Figure
6. The dashed black line in the lower panels displays the mean white-specific
establishment effect at the places of employment of nonwhite workers. The gap
between the dashed black line and the solid black line thus captures the wage-
setting effect by education group, while the gap between the solid gray line and
the dashed black line captures the sorting effect. The patterns in Figure 6 show
that both effects increase in the higher-education categories. The entries in Table
3 indicate that the contribution of the differential sorting of whites and nonwhites
across workplaces remains relatively larger for higher-education categories. For
instance, the sorting effect accounts for 16% and 23% of the white-nonwhite wage
gap among men and women with a college degree in column (6), compared to
12% and 15% for the wage-setting effect in column (5). However, as noted earlier,
the shares attributed to the wage-setting effect would rise under our alternative
normalization assumption, and they would actually exceed the shares attributed
to differential sorting for each education category—e.g., they would reach 25%
and 27% for college graduates.

Table 3 decomposes the sorting effect into skill-based and residual sorting by
education category as well. One point to note here is that we calculate the
counterfactual employment shares π∗Wj and π∗Nj for the three education categories
separately. In particular, we still divide workers into 16 bins and we still use the
same four age categories, but we now use quartiles of the distribution of person
effects for workers of the education level corresponding to each row of Table 3.
The skill groups are thus much narrower than when we consider all workers in
the dual-connected set.

The entries in column (7) of Table 3 show that skill differentials are unimpor-
tant for the differential sorting of whites and nonwhites without high school to
higher-premium establishments, but their sorting effect is quite small to begin
with. The impact of skill-based sorting increases among high-school and col-
lege graduates of both genders, reflecting the combination of positive assortative
matching and the larger gap in mean person effects among higher-educated work-
ers. However, it is the residual (non-skill-based) component of the sorting effect
that becomes most important—both as a share of the sorting effect and as a
share of the white-nonwhite wage gap—for college-educated workers. This sug-
gests that discriminatory hiring practices have the largest impacts on the most
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highly-educated workers in Brazil.

It is worth emphasizing that the estimated person effects in an AKM-style model
incorporate any unobserved components of human capital—such as differences
in the quality of schooling or the choice of college major—provided that those
components are rewarded (approximately) equally by different employers. Thus,
differences in college quality or in college major between whites and nonwhites
will likely be reflected in our measure of skill-based sorting, but will not bias our
measures of residual sorting.

Finally, as a further illustration of the higher wage losses associated with un-
explained sorting and relative wage-setting for higher-skilled nonwhites, Figure
7 plots the mean value of the establishment premiums for whites and nonwhites
with different ranges of estimated person effects (by gender). To address the prob-
lem that the sampling errors in the estimated person and establishment effects
are negatively correlated, we use the two-sample approach discussed in Section
IV. We estimate separate AKM models for the first half (2002-2008) and the sec-
ond half (2008-2014) of our sample. We then focus on people who appear in the
dual-connected sets in both subsamples, divide them into deciles based on their
person effects in the later period, and plot the mean establishment effects from
the earlier period for each decile.

Figure 7 shows several interesting points. First, consistent with the (bias-
corrected) correlations between worker and establishment effects reported in Ta-
ble 2, workers with higher transferable skills are more likely to work at estab-
lishments that pay higher premiums. The mean establishment effect increases
across the person effect deciles for whites (solid gray lines) and nonwhites (solid
black lines) of both genders. Second, while whites tend to have higher transfer-
able skills than nonwhites,28 they also earn higher pay premiums than nonwhites
for a given skill level. For the lower deciles of the person effects, the gap in mean
establishment effects between whites and nonwhites is positive but relatively small
for men and women. In contrast, for individuals with estimated person effects
in the top three deciles, the gaps are relatively large, particularly for women.
Third, the dashed black lines in Figure 7, which display the mean white-specific
establishment effects at the places of employment of nonwhite workers, show that
the larger gaps among higher-skilled workers arise because of both residual sort-
ing and differential wage setting. The gaps between the solid gray lines and the
dashed black lines—capturing the residual sorting effect—and the gaps between
the dashed black lines and the solid black lines—capturing the relative wage-
setting effect—all increase across the person effect deciles.

As mentioned in Section IV, we also implemented all our decompositions for
the sample of Figure 7, but defining the skill groups for the computation of the
skill-based sorting component based on the estimated person effects from the
later sample. These results are shown in Table D.8. Pooling all education groups,

28This is also illustrated in Figure C.8, which shows that the number of white workers increases across
the person effect deciles, while the number of nonwhite workers decreases.
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skill-based sorting accounts again for about two thirds of the overall sorting effect
with this unbiased estimate of the skill-based sorting effect. Moreover, the residual
sorting component remains increasing in education levels. Our key findings with
respect to the decomposition of the sorting effect in Table 3 are thus unlikely
driven by any bias arising from the correlation of the sampling errors in the
worker and firm effects.29

E. Including occupation in our definition of labor markets

A potential concern with our measurement of skill-based sorting is that a clas-
sification of skill based only on age and average wages ignores differences between
occupations. For example, a sales worker and a skilled trade worker may earn
similar wages, but one cannot easily fill the other’s job. This may lead us to
mismeasure the nonwhite shares in the “relevant” local labor markets for a given
firm, leading to bias in our estimates of the counterfactual shares π∗Wj and π∗Nj
that would be expected if a firm hired without regard for race but maintained its
skill distribution.

To address this concern, we redefined labor markets based on micro-region and
occupation, using six major occupation groups (managers, professional workers,
technicians, administrative workers, service/sales workers, and blue collar work-
ers). We then modified the procedures underlying Table 3 in two ways. First,
we reweighted nonwhites to have the same joint distribution as whites across
micro-regions and occupations. Second, we re-classified the workforce of each es-
tablishment in each year into four age cells, four quartiles of estimated person
effects, and six occupations, and calculated the expected share of nonwhites at
the establishment if it hired at random from its surrounding micro-region within
these 4 × 4 × 6 = 96 cells.

The results are presented in Table 4, which follows the same format as Table 3.
A first observation is that reweighting nonwhites based on the joint distribution
of whites across location and occupation narrows the racial wage gap substan-
tially: e.g., by 6.1 ppts. for all men and 11.3 ppts. for all women. Most of this
narrowing comes from a narrowing of the gap in person effects. The racial gap in
establishment effects falls by only 0.9 ppts. for all men and 1.8 ppts. for all women
when we control for occupation. Within education categories, the effects are even
smaller. For example, the gap in establishment effects for college-educated men
falls from 5.4 ppts. to 5.0 ppts., while the gap for college-educated women falls

29To add to this discussion, in Table D.8, we also compare estimates of the skill-based sorting compo-
nent for which we define skill groups based on the estimated person effects in either the earlier sample or
the later sample. The skill-based sorting component increases modestly when we use the person effects
from the later sample. However, we note that the bias is likely larger in this case than for our baseline
results, because the sample used in Table D.8 is “less connected.” This is illustrated in Table D.9, which
present similar statistics as in Table 2 but for the largest connected set of each race-gender group in
the earlier sample (restricting attention to workers who also appear in the later sample). Indeed, the
share of the overall variance of wages attributed to the variance of the establishment effects and to the
covariance of person and establishment effects experience larger changes between Panel A and Panel B,
and between Panel B and Panel C, than in Table 2.
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from 8.2 ppts. to 8.0 ppts.
A second observation is that adjusting for occupation has little effect on the

magnitude of the wage-setting effects. As a share of the white-nonwhite pay gap,
the contribution of differential wage setting is therefore larger—on the order of
7%-10% for workers of all education levels together, and 22%-23% for college
graduates.

A third observation is that controlling for occupation leads to some reduction
in the estimated sorting effects: e.g., by 1 ppts. for all men and 1.9 ppts. for all
women. Interestingly, virtually all of this reduction is attributable to a reduction
in skill-based sorting. The residual sorting effects in column (8) of Table 4 are
very similar in magnitude to those in Table 3. This indicates that sorting based
on workers’ occupations is mostly captured by our estimated skill-based sorting
in Table 3.

We conclude that differential pay setting and unexplained sorting contribute
importantly to racial pay gaps in Brazil, with particularly large impacts on non-
whites with the highest levels of education. These results corroborate the work of
scholars who highlight the “elitist” nature of racial discrimination in the Brazil-
ian labor market (e.g., Campante, Crespo and Leite, 2004), and suggest that the
allocative costs of race-based preferences may be relatively large in Brazil.

VI. Robustness

The results presented so far are based on a series of choices about sample
and specification. We focus on workers in the Southeast region; use the modal
race for people with a changing racial classification over time; impose a specific
normalization for the establishment effects; and pool all the data for the available
sample period. In this section, we show how our decomposition results vary as
we use alternative choices.

We summarize our findings graphically in Figure 8 (by gender). For each alter-
native sample or specification choice, the height of the stacked column represents
the mean white-nonwhite wage gap, and its four components represent the gaps
attributed to skill-based sorting, residual sorting, relative wage-setting, and dif-
ferences in person effects and covariates, respectively. For reference, the first
column in each panel reproduces our baseline results from the first row of each
panel in Table 3.

We begin by extending our analysis to the whole country. To do this, we re-
estimated our AKM models pooling RAIS data from all Brazilian regions, and
then repeated our decompositions with the new set of worker and establishment
effects. As shown in the second column of each panel, the overall wage gap is
about 2 ppts. smaller for males and 3 ppts. smaller for females in the national
sample. The relative shares of the gap attributed to the various components,
however, are typically within 1 ppt. of the corresponding shares in the Southeast
sample.

We also fitted AKM models, and repeated our decompositions, using only ob-
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servations from the Northeast region where average education and wage levels are
lower. In this case, the wage gaps are smaller, and the sorting and wage-setting
effects are scaled down accordingly. We find that skill-based sorting is relatively
less important in the Northeast than in our baseline sample, while residual sorting
is somewhat more important. Overall, however, the relative share of the wage
gap accounted for by establishment-specific pay premiums is remarkably stable
across regions.

As noted in Section I, some individuals in RAIS are classified as white in some
years and as nonwhite in others. For our baseline results, we resolved this issue by
assigning individuals their modal race group. As a simple alternative, we drop any
worker classified in more than one (binary) race group, which removes between-
establishment movers disproportionately, since most changes in race occur with
a change in employer.30 The average racial wage gaps in this “consistent race”
sample are about 9 ppts. larger than in our baseline sample, reflecting a slight
increase in the mean wage of nonwhites and a larger rise in the mean wage of
whites, but the decomposition shares are not too different. The contribution of
establishment pay-premiums is larger with this sample, most notably because the
share of the wage gaps attributed to the pay-setting effect rises to 8% for men
and 7% for women.

In discussing the fit of our AKM models, we noted that the models tend to un-
derestimate the wages of workers with low estimated person effects who are em-
ployed at low-premium establishments. To evaluate the sensitivity of our results
to these observations, we took our baseline samples and excluded observations
for workers in the bottom decile of the person effect distribution, employed at
establishments in the bottom decile of the wage premium distribution. We then
repeated our decompositions finding that these exclusions have only negligible
effects on our results.

Next, we show the impact of adopting our alternative assumption regarding
the source of the racial wage gap in the restaurant industry (i.e., assuming that
it is due to differential wage premiums earned by whites), which we discussed
in Section V. We also show that using octiles rather than quartiles of the person
effect distributions for the decomposition of the sorting effects into skill-based and
residual sorting lead to only negligeable changes relative to our baseline results.
Additionally, as discussed in Section IV, we show decomposition results using
AKM estimates based on the leave-one-out connected sets described in Panel B
of Table 2. The racial wage gaps are slightly larger in the leave-one-out dual
connected sets, but the relative contribution of skill-based and residual sorting
is almost identical. As the leave-one-out connected sets are “better connected,”
this indicates again that the correlation of the sampling errors in the worker and
firm effects are unlikely to affect our conclusions regarding the role of skill-based

30The percentage of person-year observations lost when imposing this restriction is 54% for white
males, 49% for nonwhite males, 57% for white females, and 53% for nonwhite females.
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sorting based on the results in Table 3.31

The following columns display our result adjusting for observed differences in
occupation categories (shown in Table 4) and the result of a similar exercise
in which we adjust instead for observed differences in industry of employment.
In that case, we reweighted nonwhites to have the same distribution as whites
across micro-regions and industries.32 We then re-classified the workforce of each
establishment in each year into four age cells, four quartiles of estimated per-
son effects, and 13 industries, and calculated the expected share of nonwhites at
the establishment if it hired at random from its surrounding micro-region within
these 4 × 4 × 13 = 208 cells. Adjusting for industry differences reduces the
white-nonwhite wage gaps to a smaller extent than adjusting for occupation dif-
ferences: the reduction in the contribution of establishment effects is similar, but
there is less of a closing of the gap in person effects. As a result, the share of
white-nonwhite wage gaps attributed to differences in mean establishment effects
decreases, to 18% among men and 21% among women. As when adjusting for
occupation differences, the reduction in the contribution of establishment effects
is driven by a reduction in the sorting effect. Part of the sorting effect in our base-
line results thus implied a differential sorting across industries. Yet, adjusting for
industry differences, the relative contribution of skill-based and residual sorting
for the overall sorting effect is unchanged compared to the baseline results.33

Finally, we investigate how our results vary with possible variation in the incen-
tive of employers to engage in discriminatory employment or wage-setting policies.
First, as mentioned in Section I, legal or social sanctions against discrimination
in the Brazilian labor market may have evolved over time.

To evaluate this possibility, we re-estimated our AKM models and repeated our
decompositions separately for two 7-year sub-periods, from 2002 to 2008 and from
2008 to 2014. Interestingly, we see a small decline in the overall racial wage gap
between the periods, with a reduction in the magnitudes of the residual sorting
and relative pay-setting effects, the two components that are most likely to reflect
discriminatory practices. Second, employers may have less incentives to discrim-
inate against nonwhites in industries where interactions between employees and
customers are less frequent. Accordingly, implementing our decompositions sep-
arately for high “face-time” industries (commerce, hospitality, financial services
and insurance, real estate) and low “face-time” industries (extractive and trans-
formation industries, utilities, construction), we see that the residual sorting and
relative pay-setting effects are larger in the first group of industries.

31For this robustness check, we present the full decomposition results in Table D.10, which follows a
format similar to Table 3.

32Farming and fishing, Extractive industries, Manufacturing, Electricity/gas/utilities, Construction,
Trade, Accomodation and food, Transportation and communication, Banking and finance, Real estate,
Public administration, Education, Other services and organizations.

33We also present decomposition results by industry in Table D.11.
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VII. Conclusions

This paper measured the contribution of firms’ employment and wage-setting
policies to the white-nonwhite pay gap in Brazil. It showed that firms exacer-
bate racial inequalities in general skills in three ways. First, the strong assor-
tative matching between workers and establishments means that nonwhites are
less likely to be employed in high-premium workplaces, even in the absence of
any discriminatory employment practices, an effect that accounts for about half
of the contribution of firms to the racial wage gap. Yet, non-white workers also
tend to be sorted into lower-premium establishments compared to white workers
of similar skill levels, and tend to receive lower pay premiums in the establish-
ments they are sorted into. The associated wage losses are particularly severe for
nonwhites at the top of the skill distribution.

The results of this paper relate to active policy debates that are taking place
across Latin American countries, where racial differences in education levels are
persistent and nonwhites remain under-represented in high-paying industries and
occupations. Plaintiffs have used the disproportionately high share of white em-
ployees in several industries as evidence of (potentially “unconscious”) discrimi-
nation, as in the high profile case filed in 2009 by the Union of Bank Employees of
Brasilia against Itau Unibanco. In this case, Brazil’s highest labor court agreed
that the disparities were alarming, but ruled against the plaintiff as it found no
direct evidence of irregularities in the hiring and promotion practices of the bank.
Interestingly, we show in Table D.11 that our estimates of the “unexplained”
under-representation of nonwhites is largest in the “banking and finance” indus-
try.

The findings of this paper naturally raise the question of how policies and
management practices could help narrow the racial pay gap. The large white-
nonwhite skill gap, combined with the strong assortative matching, highlights
the importance of investments towards narrowing the educational gap. Yet, it
is important to underline that the skill gap that we estimate is not necessarily
determined prior to workers entering the labor force. Differential mentoring and
on-the-job training opportunities could also lower the skills that workers bring to
any job, or even undermine the impact of educational investments. An interesting
agenda for future research is to go beyond the “static” decomposition in this
paper, and examine the dynamic process through which workers end up with
higher person and firm effects.

In that respect, it would be interesting to study the impact of affirmative action
policies that exist in several countries. Despite the recent adoption of racial quotas
for public-sector jobs, Brazil does not require private-sector employers to take race
into consideration in their recruitment process. For instance, in contrast to the
U.S., few Brazilian federal agencies require contractors to make efforts to employ
disadvantaged groups at rates proportional to their shares in the (qualified) local
labor market. Miller (2017) shows that such policies can have powerful and lasting
impacts on the racial composition of “treated” firms. Nevertheless, it is yet to
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be seen what the effects of similar policies would imply for the overall quality of
the matching of nonwhites in the labor market, and whether these effects would
generalize to a Latin American context. There is also a “softer” but increasing
social pressure in many countries on large companies to improve their standing on
racial equality. For instance, the Ethos Institute in cooperation with the Inter-
American Development Bank releases periodically the so-called Social, Racial,
and Gender Profile of the 500 Largest Brazilian Companies, which analyzes the
workforce of these companies to reveal possible ethno-racial inequalities (among
others) and reports on best employment practices and affirmative action programs
in place in those corporations. It remains unclear, however, to which extent this
movement actually affects firms’ employment and wage-setting policies towards
non-white workers.
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U.S. Department of Commerce, Bureau of the Census. 2021. “Annual
Social and Economic Supplement (ASEC) 2016-2018.” Last accessed on 2021-
01-27.

Zschirnt, Eva, and Didier Ruedin. 2016. “Ethnic Discrimination in Hiring
Decisions: A Meta-Analysis of Correspondence Tests 1990-2015.” Journal of
Ethnic and Migration Studies, 1–19.



40 THE AMERICAN ECONOMIC REVIEW MONTH YEAR

F
ig

u
r
e

1
.

S
u
m

m
a
r
y

o
f

O
u
r

M
a
in

D
e
c
o
m

p
o
si

t
io

n
R

e
su

lt
s

21
%

6%
22

%

28
%

O
ve

ra
ll w

ag
e 

ga
p

Fi
rm

 c
om

po
ne

nt
Sk

ill-
ba

se
d 

so
rti

ng
Re

sid
ua

l s
or

tin
g

Re
la

tiv
e 

wa
ge

 s
et

tin
g

0.05.1.15.2.25.3
Log points

Al
l e

du
ca

tio
n

No
 H

S 
de

gr
ee

HS
 d

eg
re

e
Co

ll. 
de

gr
ee

(a
)

M
a
le

s

25
%

25
%

28
%

37
%

O
ve

ra
ll w

ag
e 

ga
p

Fi
rm

 c
om

po
ne

nt
Sk

ill-
ba

se
d 

so
rti

ng
Re

sid
ua

l s
or

tin
g

Re
la

tiv
e 

wa
ge

 s
et

tin
g

0.05.1.15.2.25.3
Log points

Al
l e

du
ca

tio
n

No
 H

S 
de

gr
ee

HS
 d

eg
re

e
Co

ll. 
de

gr
ee

(b
)

F
em

a
le

s

N
o
te
s
:

T
h

e
fi

g
u

re
su

m
m

a
ri

ze
s

o
u

r
m

a
in

re
su

lt
s

(p
re

se
n
te

d
in

T
a
b

le
3
)

fo
r

th
e

d
ec

o
m

p
o
si

ti
o
n

o
f

th
e

ra
ci

a
l

w
a
g
e

g
a
p

b
y

g
en

d
er

a
n

d
ed

u
ca

ti
o
n

g
ro

u
p

—
a
ll

ed
u

ca
ti

o
n

le
v
el

s
to

g
et

h
er

,
le

ss
th

a
n

a
h

ig
h

-s
ch

o
o
l

(H
S

)
ed

u
ca

ti
o
n

,
h

ig
h

-s
ch

o
o
l

g
ra

d
u

a
te

s
w

it
h

n
o

co
ll
eg

e
d

eg
re

e,
a
n

d
co

ll
eg

e
g
ra

d
u

a
te

s.
In

ea
ch

ca
se

,
th

e
h

ei
g
h
t

o
f

th
e

b
lu

e
co

lu
m

n
o
n

th
e

le
ft

re
p

re
se

n
ts

th
e

m
ea

n
w

h
it

e-
n

o
n
w

h
it

e
w

a
g
e

g
a
p

,
w

it
h

th
e

b
la

ck
re

ct
a
n

g
le

re
p

re
se

n
ti

n
g

th
e

p
o
rt

io
n

o
f

th
e

g
a
p

a
tt

ri
b

u
te

d
to

fi
rm

s
(a

ls
o

re
p

o
rt

ed
a
s

a
p

er
ce

n
ta

g
e)

.
T

h
e

st
a
ck

ed
co

lu
m

n
o
n

th
e

ri
g
h
t

d
is

p
la

y
s

th
e

th
re

e
co

m
p

o
n

en
ts

o
f

th
e

co
n
tr

ib
u

ti
o
n

o
f

fi
rm

s
to

ra
ci

a
l

w
a
g
e

g
a
p

s:
sk

il
l-

b
a
se

d
so

rt
in

g
,

re
si

d
u

a
l

so
rt

in
g
,

a
n

d
re

la
ti

v
e

w
a
g
e-

se
tt

in
g
.

A
ll

sa
m

p
le

s
a
re

re
st

ri
ct

ed
to

th
e

d
u

a
l-

co
n

n
ec

te
d

se
t

o
f

ea
ch

g
en

d
er

g
ro

u
p

.
N

o
n
w

h
it

es
a
re

re
w

ei
g
h
te

d
so

a
s

to
h

a
v
e

th
e

sa
m

e
d

is
tr

ib
u

ti
o
n

a
cr

o
ss

m
ic

ro
-r

eg
io

n
s

a
s

w
h

it
es

(o
f

th
e

sa
m

e
g
en

d
er

).



VOL. VOL NO. ISSUE ASSORTATIVE MATCHING OR EXCLUSIONARY HIRING? 41

Figure 2. Log Hourly Wage Distributions Among Private-Sector Em-
ployees
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Notes: The figure displays kernel densities (Epanechnikov kernel with a 0.025 half-width) of the log
wage-to-minimum-wage ratio for whites and nonwhites, based on PNAD 2002-2014 and constructed using
survey weights (PNAD was not conducted in 2010). The samples include full-time nonfarm private-sector
employees (either formal or informal), ages 25 to 54 with potential labor market experience of at least
1 year and non-zero tenure, as well as non-missing data on race, gender, education, wage, and hours
worked. The left and right panels restrict the samples to male and female workers, respectively. The top
panels pool all regions of Brazil together, while the bottom panels are restricted to the Southeast region.
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Figure 3. Racial Wage Gaps and Minimum-to-Median Wage Ratios by
State
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Notes: The figure plots estimates of the “unexplained” white-nonwhite wage gap (with their 95% confi-
dence intervals) for each of the 27 Brazilian states, against the ratio of the minimum wage to the median
wage of white workers in the state (by gender). The figure uses the same PNAD 2002-2014 samples used
in Figures 2a and 2b. The state-level regressions control for year fixed effects, five education dummies
(incomplete elementary school, and complete elementary school, middle school, high school, or college),
and a quadratic in potential experience, and use survey weights. The different markers identify the region
of Brazil that a state belongs to: Northeast (squares), North (diamonds), Midwest (triangles), Southeast
(black circles), and South (exes). The line in each panel displays the result of a WLS regression of the
state-level estimates on the minimum-to-median wage ratios, weighting the estimates by the inverse of
their standard error squared. The estimated slope is reported with its standard error at the bottom of
the figure.
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Figure 4. Cumulative Distributions of Normalized Establishment Ef-
fects by Industry
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Notes: The figure displays the cumulative distribution of average white-specific establishment effects
for 3-digit industries (CNAE), after normalizing the establishment effect with respect to the average in
the restaurant industry (all establishments effects are normalized in the same way in subsequent figures
and tables). The averages are computed over person-year observations in the dual-connected set of
each gender in the Southeast region, i.e., the set of establishments in the largest connected set for both
whites and nonwhites of that gender, which is described in columns (9)-(12) in Table D.5. Nonwhites
are reweighted so as to have the same distribution across micro-regions as whites (of the same gender).
The rank correlation between these industry-level averages for males and females is 0.87. Industries
representing less that 0.05% of the sample are omitted.
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Figure 5. Share of Nonwhite Workers by Establishment Effect
Deciles
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Notes: The figure displays the observed distribution of nonwhite person-year observations by deciles of
the white-specific establishment effects (residualized of micro-region fixed effects), as well as two predicted
distributions that reshuffle person-year observations—regardless of race—across establishments within a
micro-region in each year. The näıve distribution maintains the age distribution of each establishment.
The skill-preserving distribution maintains the joint age-skill distribution of each establishment. Samples
are restricted to the dual-connected set of each gender group in the Southeast region. Nonwhites are
reweighted so as to have the same distribution across micro-regions as whites (of the same gender).
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Figure 6. Mean Person Effects and Establishment Effects by Edu-
cation Level
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Notes: The top panels display the means of the person effects for whites and nonwhites by education
level (and gender). The bottom panels display the means of the white-specific establishment effects at
workplaces of whites (solid gray lines), of the white-specific establishment effects at workplaces of non-
whites (dashed black lines), and of the nonwhite-specific establishment effect at workplaces of nonwhites
(solid black lines). The point estimates (with their 95% confidence intervals) are obtained by regressing
the corresponding variable on dummies for the five education groups (without a constant). Samples
are restricted to the dual-connected set of each gender group in the Southeast region. Nonwhites are
reweighted so as to have the same distribution across micro-regions as whites (of the same gender). The
gaps between the gray and black solid lines illustrate the decomposition of the white-nonwhite wage gaps
into person and establishment effects by education group. In the bottom panels, the gap between the
dashed black line and the solid black line captures the wage-setting effect by education group, while the
gap between the solid gray line and the dashed black line captures the sorting effect by education group.
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Figure 7. Mean Establishment Effects by Person Effect Deciles
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Notes: The figure displays the means of the white-specific establishment effects at workplaces of whites
(solid gray lines), of the white-specific establishment effects at workplaces of nonwhites (dashed black
lines), and of the nonwhite-specific establishment effect at workplaces of nonwhites (solid black lines),
estimated in the 2002-2008 subsample, by decile of the estimated person effect distribution in the 2008-
2014 subsample (and by gender). The point estimates (with their 95% confidence intervals) are obtained
by regressing the corresponding variable on dummies for the 10 deciles (without a constant). Samples are
restricted to workers who appear in the dual-connected set of each gender group in the Southeast region
in both the early period and late period subsamples. This two-sample approach addresses the problem
that the sampling errors in the estimated person and establishment effects are negatively correlated.
Nonwhites are reweighted so as to have the same distribution across micro-regions as whites (of the same
gender). In each panel, the gap between the dashed black line and the solid black line captures the
wage-setting effect by decile, while the gap between the solid gray line and the dashed black line captures
the sorting effect by decile, i.e., a residual sorting effect.
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Table 2—Summary of Estimated Two-Way Fixed Effects Models

Notes: The table summarizes the results from estimating two-way fixed effects models for log hourly
wages using person-year observations for each race-gender group in the Southeast region. The models
include dummies for individual workers and individual establishments, year dummies interacted with
five education dummies, and quadratic and cubic terms in age interacted with the education dummies.
Panels A and B fit a standard AKM on the largest and leave-one-out connected set, respectively. Panel C
presents bias-corrected versions of the estimates in Panel B based on the KSS procedure, i.e., correcting
for the negative correlation between sampling errors in the person and establishment effects.
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