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Abstract

Occupational segregation, or the unequal likelihoods of members of one group to work
in given occupations compared to other groups, has been studied for decades as a met-
ric of equity. However, prior work has focused on the binary case (e.g., gender) and
disregarded sorting across firms. In this paper, we develop a generalized occupational
segregation index which can take any number of groups and is first estimated at the
firm level. We show how the national average can be decomposed into within- and
between-firm segregation. We also show how to normalize these metrics, and to test
the null hypothesis of the firm employing workers in ways representative to the target
populations. We estimate these indices of gender and educational attainment using
LinkedIn data across twelve countries and ten years. We find the majority of firms are
occupationally segregated, both for education and gender. Gender segregation is more
pronounced and common than education. While some industries are more segregated
than others, including Construction and Healthcare, the variation in firms’ occupational
segregation within any industry is substantial. Firms with higher occupational segre-
gation tend to have lower median pay in job postings, greater pay dispersion, and fewer
applicants per vacancy, consistent with predictions from crowding models of labor mar-
ket discrimination.
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1 Introduction

Equality in the workforce can take on many facets. These may include outcomes such as
equal pay and benefits, representation in leadership positions (Lara et al., 2023), and access
to opportunities to develop skills and advance in careers, among others. An additional
consideration is the occupation in which people work. Not only is this a potential direct
outcome of interest—occupational representation can increase exposure to people outside
one’s own group and increase productive exchange of ideas—it is an important driver of
many other outcomes. For example, the gender pay gap has repeatedly been shown to
be partially due to differences in the occupations men and women work in (Clarke, 2020).
So too people’s pathway into management and leadership can be driven by the upstream
choices of which occupations people work in.

Which occupation a person works in is a complicated function of personal preferences,
environmental situations and opportunities, and the existence or absence of barriers to
entry and progression. Each of these may differ depending on the groups a worker is part
of, including gender, race, and educational attainment. Thus, while economists often frame
occupational sorting as the result of the worker’s choice, there is also a clear understanding
that environment and barriers may shift workers away from the outcome they would have
had in absence of those factors. One common example of this is examining gender differences
in Science, Technology, Engineering, and Mathematics (STEM). Women are consistently
underrepresented in STEM across the globe (Baird et al., 2023). It has been shown that
barriers all along the educational and employment process have reinforced that gap. Girls
in school may receive less encouragement to pursue STEM education than boys; they also
face an educational and work environment wherein there are fewer people like themselves,
leading to fewer networking opportunities and a work culture that is less friendly. Societal
stereotypes may also serve as a barrier. There also is evidence for implicit and explicit
biases in the hiring and promotion processes.

There may also be occupational sorting along educational attainment lines. Some of
this certainly will arise from the educational pipeline providing workers with the right tools
to do a certain job. There are also licensure requirements which are often tied to different
education bars. However, there may also be barriers that workers without college degrees
face even if they have the correct skill sets and there are no licensure requirements. Skills-
first hiring may help mitigate some of these barriers and increase equity across educational

lines, but it is unlikely that current economies are fully skills-first.



The way in which different groups are sorted into occupations—a phenomenon called oc-
cupational segregation—has largely followed the seminal work of Duncan and Duncan, 1955.
They built a measure still used today. However, while that index contains valuable informa-
tion about the extent to which two different groups are sorted across occupations, it misses
important information about how workers are sorted within and between firms. Consider a
hypothetical economy where men and women were equally represented in every occupation
at the national level, but never worked at the same firms. This would represent a different
kind of occupational segregation, between firms, that could easily reinforce discrimination
and impede the productive exchange of ideas; equity and efficiency both could be damaged,
despite having no sorting by gender within any individual firm (since each firm employs
only one gender, within-firm occupational sorting is precluded). Segregation within firm
could likewise be damaging for an economy. The Duncan Index, estimated at the aggregate
level without firm identifiers, cannot capture either of these dimensions.

In this paper, we build a new model of occupational segregation which has several
advantages over Duncan and Duncan, 1955. First, by being estimated at the firm level,
we are able to better identify underlying sources of inequity and inefficiency that would be
hidden in aggregate. This further allows us to examine averages and variances across firms,
between countries and industries, and over time. Second, our model allows for examination
not only of the overall segregation index for any firm or aggregation of firms, but the within-
firm and between-firm segregation indices as well, which helps illuminate the nature of the
sorting with more nuance. Third, our model allows us to examine more than two groups,
such that we can naturally examine not only binary cases like gender, but multinomial
categories like educational attainment. In fact, we show that Duncan and Duncan, 1955 is
a special case of our model.

We find the majority of firms are occupationally segregated: 88% for gender and 73%
for education. Gender segregation is larger and more frequent than education-based segre-
gation. While consistent across countries and industries, there is substantial variation in
the level of occupational segregation. The United States and Canada exhibit the highest
rates of gender-based occupational segregation and India the highest for education. We
additionally find that firm-level occupational segregation is associated with lower median
pay, greater pay dispersion, and fewer applicants per vacancy, consistent with theoretical

predictions from crowding models.



1.1 Related literature

This paper is related to three areas of the literature: the methodology of occupational
segregation, empirical evidence on segregation trends, and firm-level segregation and its

labor market consequences.

Measurement of occupational segregation

The most widely used measure of occupational segregation is the dissimilarity index, adapted
from Duncan and Duncan, 1955’s residential segregation measure, which captures the share
of one group (out of two) that would need to change occupations to achieve parity with
the other group. Subsequent work has proposed alternative indices. Karmel and MacLach-
lan, 1988 define their index (IP) treating both groups symmetrically rather than deviations
from one reference group. The IP index takes the overall occupational counts and group
shares and measures the share that would have to change occupations to reach zero segre-
gation. Silber, 1989 introduces a segregation index connected to the Gini coeflicient, linking
segregation to the income inequality literature. Cortese et al., 1976 provide a critique of
the Duncan index’s limitations when applied to multi-group settings. Boisso et al., 1994
extend occupational segregation measures to the case with more than two groups, includ-
ing decompositions of segregation across multiple groups simultaneously and developing
tests of statistical significance, a precursor to both our multi-group generalization and our
hypothesis-testing framework. Watts, 1998 creates an axiomatic characterization of segre-
gation measures, identifying the properties that distinguish different indices. Frankel and
Volij, 2011 extend this axiomatic approach, characterizing multigroup segregation measures,
including the Mutual Information index, and providing normative foundations for choosing
among them.

Mora and Ruiz-Castillo, 2003 develop entropy-based measures of multigroup segregation
with within- and between-group decompositions (see also Mora and Ruiz-Castillo, 2009).
Our approach differs in that we begin at the firm level and decompose into within-firm and
between-firm components, whereas the entropy-based literature decomposes across organi-
zational units at the aggregate level.

Our simulation-based normalization approach is related to each of these, but with ex-
tensions into new areas including the focus of segregation at the firm level. Carrington and
Troske, 1997 show that naive segregation indices are biased when organizational units are

small. They propose a normalization that compares realized segregation to the distribu-



tion expected under random assignment. This is the same conceptual strategy we employ,
though we implement it via machine learning prediction of simulation moments to achieve
computational tractability at scale (each firm with their own index distribution based on

their number of occupations and workers).

Empirical evidence on occupational segregation trends

A large empirical literature has documented trends in occupational segregation. For the
United States, Blau et al., 2013 calculated the evolution of occupational segregation by gen-
der from 1970 to 2009, finding declines that slowed substantially after 1990. Charles and
Grusky, 2004 provide cross-national analysis, documenting both universal patterns (e.g.,
female underrepresentation in manual occupations) and high levels of country-level varia-
tion in segregation levels. Blackburn et al., 2000 analyze cross-national patterns of gender
segregation and inequality, including compositional differences in occupational structures
across countries (a concern that is relevant to our cross-country analysis). Cortés and Pan,
2023 examine how children and parenthood drive gender gaps in earnings and occupational
outcomes, and Petrongolo and Ronchi, 2020 examine how gender gaps vary with local la-
bor market structure across countries. For developing countries, Borrowman and Klasen,
2020 provide evidence on gendered occupational segregation patterns that contextualize our

findings for Kenya and India.

Firm-level segregation and labor market outcomes

Our firm-level approach connects to a smaller literature on within-establishment segrega-
tion. Carrington and Troske, 1998 measure workplace segregation using matched employer-
employee data and find that establishment-level segregation is substantial even after ac-
counting for occupational and industrial composition. Hellerstein and Neumark, 2008 use
this in the United States, documenting significant within-establishment racial and ethnic
segregation. Tomaskovic-Devey et al., 2006 document trends in workplace segregation by
race, ethnicity, and sex from 1966 to 2003, analyzing the organizational processes that
produce and reproduce these patterns.

Our Section 4 analysis linking segregation to firm outcomes draws on foundational work
in the economics of discrimination. Becker, 1957 models employer discrimination and its
consequences for wages and employment. Bergmann, 1974 develops the crowding hypoth-

esis, predicting that exclusion of a group from certain occupations depresses wages in the



occupations to which they are crowded, the theoretical mechanism underlying our hypothe-
ses about pay and pay dispersion. Blau and Kahn, 2017 provide a comprehensive decom-
position of the gender wage gap that highlights the role of occupational segregation. Our
finding that educational segregation is associated with fewer applicants per vacancy con-
nects to work on degree inflation and credential barriers, including Fuller and Raman, 2017,
who document that many employers impose degree requirements that screen out qualified

workers.

2 Index methodology

Consider the goal of understanding the extent to which a firm has a composition of employees
that reflect the workforce along given dimensions such as gender or education. Proportional
representation of groups likely has important equity considerations. However, in doing
this exercise, we want to consider not only representation within the firm overall, but how
members of each group are allocated across occupations. Put another way, even if a firm had
equal men and women, if the men held all the executive positions only, and the women held
only administrative support positions, we would not consider this an equitable composition
of employees.

The goal then is to use a measurement that measures the extent of occupational segre-
gation within the firm. There are two primary ways that a firm can create occupational seg-
regation: in terms of disproportionate overall compositions (e.g., if a firm hired 90% men),
and in terms of allocation within the firm by occupation. The first creates between-firm
occupational segregation: firms that disproportionately hire from one group concentrate
workers of that group across occupations at the national level.

For illustrative purposes, consider an economy with only two occupations and six firms
(Table 1). We designed this example so that there were exactly the same number of men
and women in the workforce (12 of each). Thus, the target representation of women within
firm and occupation is 0.5. Firm 1 has exactly equality, and an occupational segregation
index score would return a value of zero. The other firms all have different versions of

occupational segregation, which we explore below.



Table 1: Hypothetical example: number of employees per firm

Occ. 1 Occ. 2

Firm Men Women Men Women

1 1 1 1 1
2 2 0 2 0
3 0 2 0 2
4 2 0 0 2
5 3 0 0 1
6 0 3 1 0

2.1 Generalized Occupational Segregation Index

The metrics are built on ng;, the count of employees in firm j and occupation k who

el
belong to group g (e.g., men vs women). From these we construct proportions of workers
in group g for different samples. For example, py;;, is the proportion of workers in group g

from the sample of workers at firm j in occupation k, and is calculated by

Nglik Nglik
Do = glj _ gli (1)
9li S e Tl n;
geG glik ik

Here we also use the notation nj; = ) g€ Tgljx Which represents the number of workers
at firm j which are in occupation k. Throughout, 7 and & are treated as non-stochastic:
the total number of workers that firm j has in occupation k is taken as given, while the
allocation of those workers across g groups is stochastic.

Likewise, the overall population proportion of workers in group g is given by P, (capital

P distinguishes population-level proportions from subgroup proportions such as pg, k)

Pg _ szJ ZkEK n9|Jk _ @ (2)

Zje] > kek Nk n

P, and n, are the only segmentations by g that are non-stochastic-we assume that the
number of workers in the economy belonging to each group is deterministic. While this is a
limiting assumption, it is outside the scope of this paper to consider and model group-level

differences in labor force participation decisions.



The occupational segregation index for a firm is an estimate of, on average, how close
the proportion of workers in each group (e.g., men and women) within each occupation at
the firm are to the population proportions in the group (the overall national proportions of
men and women). The closer the numbers, the smaller the occupational segregation index.

The overall occupation segregation index (OS;-)””“”) for firm j is given by equation 3.

OS;ve’r’all - w Z ij; Z |p9|.7k - Pg’ (3)
keK  geG

The inner element ‘ Dylik — Pg‘ represents, for a given firm (e.g., LinkedIn) and occupa-
tion k (e.g., software engineers), how closely the group proportions within that occupation
(e.g., the share of male and female software engineers) align with the national workforce
proportions of each group.

These differences are averaged across k occupations present in firm j. Each occupation
receives more weight—or importance—if there are more total workers in that occupation
within the firm. Thus, if a firm is composed 80% by occupation 1 and 20% in occupation 2,
then the metric upweights the group disparities represented in occupation 1. This weight

is given by

Nk
O = =—2— (4)
J
2 _kek Mik
Finally, w is a scaling parameter given by equation 5, included to ensure the metric
ranges from 0 (no segregation) to 1 (maximum segregation) by dividing by the theoretical

maximum the index could take under maximal occupational segregation

1
“ = 50 = min, ) 5)

2.2 Connection with the Duncan Index

The Duncan Index is the most common index used to measure occupational segregation.

The Duncan Index is given by



DI = 1 Zjej M|k Z]’GJ nw|k
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(6)

Intuitively, this captures the fraction of men in occupation k across all firms minus the
fraction of women in occupation k across all firms, summed up across all occupations.
In the appendix, we show that the Duncan Index is a special case of our Occupational

Segregation index under the following conditions:

1. There are only two groups (e.g., men and women)
2. There is only one firm (or in other words, it is calculated economy-wide)

3. The two groups are identical in magnitude (this is relevant for the scaling parameter

w)

Our more flexible model allows for estimates at the firm level and across more than
one groups (i.e., education levels, such as high school graduates, associate degree holders,
bachelor’s degree holders, and graduate degree holders). Estimation at the firm level has
many benefits, including the ability to detect whether there is occupational segregation

within firms.

2.3 Components of Occupational Segregation Index

We can decompose the overall segregation index using the triangle inequality in two ways:
first, by breaking it down by within and between firm segregation, and second by breaking
it down by within and between occupation segregation.

First, we demonstrate the calculation for within and between firm occupational segre-

gation.



Osquerall — W Z ejk: Z |pg|jk - Pg{

keK geG
= Z Oj Z |pgljk’ — Dglj + Pglj — Pyl
keK geqG
<w D 0k ) (Ipglsn = Polj| + Pgl; — Fal)
keK geqG
=w D 0k D Pk =Pyl @ D Y i |pgtj — Pl
keK geG geG keK
=w Z Oji. Z |Pgljk — Pyl +WZ [Pyl — Pyl
keK geG geG
_ OS;uithin—firm + OS;?etween—firm (7)

Consider OS;-Uithm_ﬁrm = W ke ik Xyea ‘ngk - pg|j‘. Intuitively, instead of mea-
suring the distance between the fraction in each group within an occupation and the target
of the population proportion of the same group, we use the target of the fraction of workers
from each group at the firm. This thus takes as given the overall proportion of workers
within the firm, and only considers how those employees are allocated across occupations
within the firm. Imagine a firm with only 10% of all employees which are women, but for
every occupation, 10% of workers within the firm are women. This firm would not have a
good overall occupational segregation score given they are far off from the approximately
50-50 split of gender, but they would have a perfect score for the within-firm segregation
index given women have the same representation in every occupation equally.

On the other hand, OS?etween_f m_ > e ‘ Pylj — Pg| measures the overall represen-
tation of each group at the firm, irrespective of occupation. The same hypothetical firm
discussed in the prior paragraph which had a very good score for within-firm occupational
segregation would have a poor score for between-firm occupational segregation given they

hire so few women overall (Table 2).

Note firm 1 represents a firm with no occupational segregation, which is reflected for
overall, within, and between. Firms 2 and 3 are fully occupationally segregated, driven only
by between-firm segregation. This is shown by them only hiring one gender. Thus it is equal
for each occupation (e.g., for firm 2, at 0% women, 100% men) and have zero within-firm

occupational segregation. But this is only due to the fact that they hire no women.



Table 2: Hypothetical example: occupational segregation scores

Oce. 1 Occ. 2

Firm Men Women Men Women OS OS within OS between

1 1 1 1 1 0 0 0
2 2 0 2 0 1 0 1
3 0 2 0 2 1 0 1
4 2 0 0 2 1 1 0
5 3 0 0 1 1 0.75 0.5
6 0 3 1 0 1 0.75 0.5

Firm 4 on the other hand also has a score for occupational segregation of one, but this
arises from them having the highest value of the within-firm occupational segregation. This
is shown by the fact that they have equal numbers of men and women overall at the firm
(and thus no between-firm segregation), but men are all in occupation 1 while women are
all in occupation 2. Firms 5 and 6 have combinations of different occupational segregation.
They have the same scores as each other because both men and women can be segregated.

We can also do a decomposition based on within-occupation and between-occupation

segregation:

OS]QUerall - w Z ij Z ‘pg\jk - Pg‘

keK geG
:wzeﬂfz‘pg\jk_Pg\k+Pg\k_Pg‘
keK geG
Sw Z Oji. Z (Ipgij = Pyl + [ Pyr — Fyl)
keK gelG
=w Y Ok D pgln = Pyl +w Y > Ok | Po — P
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-0 Sy}ithin occupation +0 Sl?etween occupation (8)
J J

Within-occupation segregation asks the extent to which a firm’s hiring in each occupa-
tion deviates from that occupation’s national-level group composition. In other words, if
women comprise 20% of software engineers nationally, then a firm’s hiring in software engi-

neering would be non-segregated (in the within-occupation sense) if it matched that same

10



20% rate. Between-occupation segregation captures the extent to which the national-level
participation rate of each group in a given occupation differs from that group’s overall share
of the workforce. The inner absolute value term is identical for all firms and reflects the
mismatch between economy-wide occupation participation rates and population shares. In
this respect it is the component most closely aligned with the Duncan Index. However, for
any given firm these population-level mismatches are weighted by the firm’s occupational
employment shares. Firms concentrated in nationally imbalanced occupations will therefore
have a higher between-occupation segregation score, independent of their own hiring deci-
sions. This decomposition thus separates a firm’s overall occupational segregation into the
portion the firm controls directly (within-occupation, which treats hiring as non-segregated
as long as the firm matches the population rates within each occupation) and the portion

driven by economy-wide occupational composition that the firm does not control.

2.4 Hypothesis testing and normalization

If the goal is to make comparisons between firms, industries, geographies, years, or other
factors, then using the occupational segregation index without any adjustment will not
offer a fair comparison. Intuitively, a firm with fewer employees and many occupations will
have a harder time having an equitable distribution of employees than a firm with more
employees and few occupations, even if both are hiring within each occupation in complete
alignment with population-level group proportions. Both of these are due to a small number
of employees-per-occupation—if a firm hires only two people in a given occupation and does
so randomly with respect to a population with an equal number of men and women, there
is only a 25% probability that they will hire one man and one woman. Thus, what may
look like bias against a group may just be due to random chance.

In order to account for this randomness and make fair comparisons, we simulate the
distribution of the occupational segregation index for a firm with the same distribution
of occupations and target populations, but which was hiring completely at random with
respect to the target population proportions. We call this representative hiring, noting that
due to small firm sizes and large numbers of occupations, a firm hiring representatively
could still end up with high occupational segregation indices in some draws.

We use these simulated at-random hiring distributions of the occupational segregation
indices with the firm’s realized values in two ways. First, we divide the realized occupational

segregation index of the firm by the mean of the at-random simulated distribution of the
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index. A value of 1.2 for example would imply that the first has an occupational segregation
index 1.2 times (or 20%) higher than would happen if hiring was random. Second, we
calculate the 95th percentile of the at-random simulated metric distribution. This allows us
to do a one-tailed hypothesis test of whether the realized occupational segregation indices
are statistically different from the null hypothesis of hiring at random. Given the millions of
firms across countries and years, simulating the representative hiring distribution moments
for each firm individually is computationally intractable. Instead, we train a two-layered
machine learning model for a representative sample of firms for which we simulate the
moments. We use this trained model to predict the two target moments (mean under at-
random hiring and the 95th percentile) for the whole sample of firms as functions of the
firm’s count of workers in each occupation and the target population ratios. This procedure
has excellent out of sample prediction (given the distribution is a direct function of only
the observed inputs), and allows us to scale the sample significantly. Appendix B provides

the details on the sampling, training, prediction, and validation of these models.

3 Results for Index Calculations

In order to demonstrate the application of this methodology, we now show estimates across
twelve countries and ten years. Future applications will extend coverage further and examine

relationships with additional outcomes.

3.1 Summary Statistics for Occupational Segregation Indices

Table 3 shows the mean statistics for gender. We walk through this table to explain in-
terpretation. The first column shows the mean of the unadjusted metric. For example,
the overall occupational segregation index metric for gender across these ten years and 12
countries is 0.517. Alone, this does not yield meaningful insights. However, the second
column demonstrates that, if each of the over fifty thousand firms evaluated had been hir-
ing in a representative way (i.e., with probabilities of hiring equal to the target population
shares), then the occupational segregation index would have a mean of 0.358. Thus, the
unadjusted mean is higher than what we would expect under representative hiring. We can
use the metric for each firm under representative hiring to see how much it differs by. This
normed mean is the ratio of the unadjusted metric and the representative hiring ‘target

metric. If we average this ratio, we find that on average firms have an overall segregation
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index that is 1.754 times as large as the metric we would expect under representative hir-
ing. Additionally, as discussed above we calculate the 95th percentile of the distribution
for each firm’s occupational segregation index under representative hiring. We use this to
do a single-tailed hypothesis test where the null distribution is that the firm is employing
workers in a way consistent with representative hiring. 85.3% of firms overall reject this
null in favor of occupationally-segregated hiring with respect to gender: their occupational
segregation index exceeds the 95th percentile of the distribution of the metric if they had
been hiring representatively. Thus, there is evidence for a substantial amount of occupa-
tional segregation at the firm level. For comparison, the Duncan index for these countries
and years averages to 0.306 (standard deviation of 0.03), smaller than the unadjusted mean

in the new index.

Table 3: Summary Statistics of Segregation Indices for Gender

Share rejecting

Unadjusted R tati i
nadjuste epresemtative  Normed mean representative

mean target mean hiring
Between firm 0.259 0.088 6.019 0.752
(0.170) (0.050) (5.430) (0.432)
Between occupation 0.286 0.008 76.138 1.000
(0.089) (0.010) (47.552) (0.000)
Overall 0.517 0.358 1.754 0.853
(0.146) (0.128) (0.873) (0.354)
Within firm 0.455 0.337 1.556 0.863
(0.149) (0.126) (0.463) (0.344)
Within occupation 0.439 0.329 1.556 0.867
(0.137) (0.117) (0.591) (0.340)

Note: Means, with standard deviations in parentheses.

The next two rows of Table 3 show the decomposition with respect to within and be-
tween firm occupational segregation. If we just examine the unadjusted means, within-firm
occupational segregation appears to account for substantially more of the overall segrega-
tion than the between-firm occupational segregation. That is, it is not that the results is
primarily driven by all-male firms with men working across all occupations and all-female
firms with women working across all occupations (which would be captured under between-
firm segregation). Instead, it is more driven by within-firm, women and men being sorted

to different occupations, holding constant the number of men and women the firm hired.
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This is also reflected in a higher share of firms having employment that does not resemble
representative hiring (86.3% vs. 75.2% for between-firm hiring). The between-firm represen-
tative target mean for representative hiring is substantially smaller than that of within-firm,
0.088 versus 0.337. This is because, while it may be difficult to hire proportionally for three
positions in occupation a and five positions in occupation b for example, it is easier to hire
proportionally across all 200 workers among all 20 occupations at the firm. As a result,
firms on average are 6.019 times as high as the representative index mean for between-firm
occupational segregation.

The final two rows decompose the effect to within-occupation and between-occupation
segregation. Again, within-firm segregation is higher when unadjusted. This metric takes
as given the economy-wide shares of men and women in each occupation, and compares
the firm’s level to those targets. Between occupation reflects the extent to which they have
workers in highly segregated occupations at the economy level. We again find high rates
of rejecting the null hypothesis, at 86.7% for within-occupation segregation and 100% for
between-occupation, since representative hiring treats the occupational distribution of jobs
at the firm as fixed, and the only source of random deviation arises from economy-wide
occupational hiring shares, which under representative hiring will be very close to their
targets given the very large number of workers at the economy level. This is not necessarily
as useful of a hypothesis test given this setup.

Table 4 presents the means for education occupational segregation. The same overall
patterns hold, where a majority of firms occupationally segregate, and within firm or oc-
cupation segregation is larger than between when unadjusted, but smaller when normed.
Interestingly, the mean and normed means, as well as shares rejecting representative hir-
ing, are all smaller than observed for gender. For example, for overall segregation, the
mean is 1.455 times larger than the representative index for education compared to 1.754
times larger for gender. For education, 70.2% of firms have an index which is higher than
the 95th percentile of the representative index distribution compared to 85.3% of firms for
gender. This is particularly surprising for two reasons: discrimination based on gender is
prohibited by law, whereas educational requirements in hiring are generally not. Indeed,
degree requirements are common and often legally permitted. Second, many occupations
are licensed, which requires certain educational attainment.

One of the reasons why education may have lower occupational segregation than gender
is because there are five categories in the data compared to two for gender. More categories

may increase the target means and thus scale less. Appendix Table 6 recalculates the index
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while making education a binary variable: 4-year degree or higher versus less than four year
degrees (AA or no college). Interestingly, while the representative targets are lower, so too
are the unadjusted means. The normed means are similar to those for the five-category
education measure, and remain below the normed means and share rejecting representative

hiring observed for gender. Thus, it is not driven just by the number of segments in the

index.
Table 4: Summary Statistics of Segregation Indices for Education
Unadjusted Representative Share reJect} 1e
mean target mean Normed mean represe'ntatlve
hiring
Between firm 0.182 0.079 3.899 0.801
(0.097) (0.038) (3.291) (0.399)
Between occupation 0.191 0.008 48.239 1.000
(0.070) (0.010) (31.687) (0.002)
Overall 0.396 0.318 1.455 0.702
(0.101) (0.107) (0.636) (0.458)
Within firm 0.320 0.286 1.255 0.503
(0.111) (0.104) (0.438) (0.500)
Within occupation 0.310 0.280 1.251 0.517
(0.091) (0.094) (0.424) (0.500)

Note: Means, with standard deviations in parentheses.

We can also examine correlations across the five occupational segregation metrics (each
normalized by the mean index value for a similar firm under representative hiring). There
is positive correlation between each of the metrics, with the highest correlation coefficients
being between the overall metric and the between-firm segregation metric, which measures
the overall representation of each group at the firm irrespective of occupations, compared to
the workforce representation rates. However, within-occupation and within-firm are likewise
very strongly correlated with the overall occupational segregation metric, at between a
value of 0.6 and 0.7. Between-occupation segregation—that driven by whether the firm
concentrates in occupations that are nationally segregated—has the lowest correlation with
other metrics. Overall, there is some level of information contained in each of these metrics

not fully explained by another.
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Figure 1: Correlation Coefficients in Occupational Segregation Normed Indices
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3.2 Occupational Segregation Indices Across Time

We examine trends over time for the overall occupational segregation index first by gender,
shown in Figure 2. We present the two primary metrics for the overall occupational seg-
regation index: the normalized index and the share of firms whose index rejects the null
hypothesis of representative hiring. We see in both cases that occupational segregation has
been increasing over the last decade. For the normalized index, the overall occupational
segregation index went from 36% larger than the firm’s index under representative hiring
in 2015 (1.36) to 55% higher in 2025. However, most of this expansion in occupational
segregation occurred between 2015 and 2021, with subsequent stability. Interestingly, this
mirrors the trend in hiring of women into leadership, which increased over the 2015-2022
period and then plateaued. The interquartile range also grows slowly over this time period.
Additionally, 76.1% of firms were statistically distinguishable from representative hiring in
2015; that increased to 86.7% in 2025.

Next, we examine the same trends for occupational segregation by education, as shown in
Figure 3. As found in the summary statistics, we see somewhat lower levels of occupational
segregation by education than by gender for each year. We also see slower increase in
occupational segregation over time by education than we did for gender—20% higher in 2015
than the representative index mean, and 27% higher in 2025. The share of firms for which

we reject representative hiring has also increased from 65% in 2015 to 72% in 2025-still
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Figure 2: Occupational Segregation Indices for Gender Over Time
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Note: Subplot (a) shows the interquartile range and median. Subplot (b) shows the percent
of firms whose occupational segregation index is statistically differentiable from the
distribution of the index under representative hiring.

lower than the rates for gender.

In the Appendix, we report the over-time breakdowns for the decomposition of the
metrics. For gender (Figure 13), all show increases over time, with between-occupation
segregation increasing the most over time. For education-based occupational segregation
(Figure 14), we actually find more stable over-time measures for within-firm sorting, and to a
lesser extent within-occupation. However, overall we still see high levels of education-based

occupational segregation over time.

3.3 Occupational Segregation Index Across Countries

We next turn to occupational segregation across the twelve countries we evaluate: Aus-

tralia, Brazil, Canada, France, Germany, India, Kenya, Mexico, Nigeria, Singapore, the
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Figure 3: Occupational Segregation Indices for Education Over Time
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Note: Subplot (a) shows the interquartile range and median. Subplot (b) shows the percent
of firms whose occupational segregation index is statistically differentiable from the
distribution of the index under representative hiring.

United Kingdom, and the United States.! This analysis in particular highlights the reliance
our estimates have on our sample, and how representative it is. Thus, for gender, as shown
in Figure 4, we find the United States and Canada have the highest rates of overall occu-
pational segregation (around 90% of firms, and indices around 60% higher (1.6) than the
representative hiring mean), while the lowest rates are for Kenya (45.4% of firms) and India
(563.7% of firms). On the other hand, occupational segregation by education is the highest
in India of the twelve countries, followed by the United States. Australia and Singapore
have the lowest levels.

The finding that Kenya and India exhibit the lowest gender-based occupational segrega-
tion is counterintuitive given prior research of these countries’ gender gaps in labor force par-
ticipation. This may reflect LinkedIn sample composition: LinkedIn penetration is higher in

the United States, Canada, and the United Kingdom than in Kenya and India, where users

!Countries were selected based on geographic spread and sufficient LinkedIn sample sizes to produce
stable firm-level estimates across the ten-year window.
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tend to be drawn from a more professional, urban, and broader formally educated segment
of the workforce. The firms observed on LinkedIn in these countries may therefore represent
a segment of the national labor market more likely to have low occupational segregation,
compressing our metrics relative to the economy as a whole. Cross-country comparisons
should be interpreted with this sample selection in mind.

The reversal between gender and education dimensions is also noteworthy. India exhibits
the lowest gender-based segregation but the highest education-based segregation among the
twelve countries. This may reflect the strong role of educational credentials and professional
licensure in India’s formal sector, which creates occupational barriers along educational lines
even as gender composition within those occupations is more balanced among LinkedIn-
observed firms and workers.

More broadly, cross-country differences likely reflect some combination of labor market
institutions (anti-discrimination legislation, parental leave policies), occupational licensing
policies, educational pipeline differences, and variation in LinkedIn sample composition.

Disentangling these factors is beyond the scope of this paper.

Figure 4: Occupational Segregation Indices for Gender, by Country
Normalized Index Share Rejecting Representative Hiring
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Note: Chart presents box plots for firm-level estimates with the given country and year.
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Figure 5: Occupational Segregation Indices for Education, by Country

Normalized Index Share Rejecting Representative Hiring
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Note: Chart presents box plots for firm-level estimates with the given country and year.

3.4 Occupational Segregation Indices Across Industries

There is also meaningful variation across industries in the extent to which there is occu-
pational segregation. For gender, the construction and hospitals-and-healthcare industries
have the highest rates of occupational segregation. These are fields with differences in gender
representation overall (low in construction, high in healthcare), but with highly stratified
traditional gender roles reinforced by licensure barriers for many of the higher-paying occu-
pations within the industry. Meanwhile, holding companies, entertainment providers, and
farming have lower rates, although still quite high by gender.

The across-industry variation in typical occupational segregation is much higher by
industry than it is for gender. Here, education and hospitals/healthcare have the highest
rates, with over 90% of firms rejecting representative hiring and indices that are 78% and

59% higher than the mean unbiased value. These are industries again with strict licensing

connected directly to educational attainment. Meanwhile, farming, energy, oil and gas,

and utilities all have much lower rates of occupational segregation by education. These are

fields with fewer occupational barriers in terms of licenses, allowing for across-educational-

line transitions.
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Figure 6: Occupational Segregation Indices for Gender, by Industry
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Note: Chart presents box plots for firm-level estimates with the given country and year.
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Figure 7: Occupational Segregation Indices for Education, by Industry

Normalized Index
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4 Occupational Segregation and Firm Outcomes

Beyond documenting the prevalence and distribution of occupational segregation, we exam-
ine whether segregation is associated with downstream firm-level outcomes. We consider
four outcomes motivated by a simple theoretical model of two-occupations and two-groups
(see Appendix D for the full derivation): median pay, pay dispersion, hiring intensity, and
applicant volume per vacancy. All estimates are correlational; their interpretation is guided

by the theoretical mechanisms outlined below.

4.1 Hypotheses and Mechanisms

We model occupational segregation as restricting access to higher paying occupations for
at least one group (e.g., women). Under no segregation, both groups supply labor to all
occupations. Under full segregation, the exclusion of some groups reduces labor supply
to higher paying occupations and increases supply to lower paying occupations. Given
downward-sloping labor demand, wages in the gated, higher paying occupations rise further,
while wages in the other lower occupations fall. This generates four testable predictions.
The model in the appendix uses a conceptual framework of a firm with a higher-paying
occupation H and a lower-paying occupation L, and two groups of workers.

H1 (median pay). Segregation has two effects on average wages: a composition effect
(workers shift from higher- to the lower-paying occupations, directly depressing average pay)
and a price-shift effect (wages at the top rise, wages at the bottom fall, with ambiguous net
impact). Because the composition effect is unambiguously negative and is the dominant
mechanism, we predict lower median pay at segregated firms.

H2 (pay dispersion). Excluding one group from higher-paying occupations raises
wages in those occupations (due to reduced labor supply) and lowers wages in lower-paying
occupations (due to increased labor supply), increasing the 90th-to-10th percentile pay ratio.
This prediction is unambiguous under downward-sloping labor demand. An alternative
mechanism operates in models with worker heterogeneity (Roy, 1951; Heckman and Honoré,
1990): if segregation prevents high-ability workers from sorting into high-wage occupations,
wages may fall at both ends of the distribution: the top, because high-ability workers
are crowded out of high-wage roles, and the bottom, because they are crowded into low-
wage ones. Whether dispersion rises or falls under this mechanism depends on the relative
magnitudes. We treat these as competing predictions and examine both in the results.

H3 (applications per post). Excluding one group from higher-paying occupations
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directly thins the applicant pool for the firm’s most competitive roles. While the applicant
pool for lower-paying occupations expands, vacancies also rise there and match quality
may deteriorate as workers from the constrained segment (e.g., women) who are suited for
higher-paying occupations are instead crowded into lower-paying ones. The net effect on
applications per vacancy is negative because the higher-paying occupation is typically a
minority occupation (most workers are in lower-paying roles), so halving its applicant pool
represents a large absolute loss in applications. The offsetting expansion of the lower-paying
applicant pool is proportionally smaller and is partly absorbed by the simultaneous rise in
vacancies there.

H4 (new-hires-to-employees ratio). Higher wages in the higher paying occupations
reduce labor demand and hiring there; lower wages in lower-paying occupations increase
labor demand but the influx of workers may raise or lower net hiring depending on demand
conditions. The aggregate effect on firm hiring intensity depends on the relative demand

elasticities of the two occupations and is theoretically ambiguous.

4.2 Empirical Strategy

We estimate a simple correlational model through regression analysis. For each hypothesis,
we use the log outcome for firm ¢ in period ¢. This is regressed on an indicator equal
to one if the firm’s overall occupational segregation index exceeds the 95th percentile of
its simulated representative-hiring distribution (the hypothesis test in Section 2). The
regression additionally controls for country, year, industry, and primary-occupation fixed
effects. The coefficient on occupational segregation captures the average log difference
in outcomes between occupationally segregated and non-segregated firms within the same
country-year-industry-occupation cell.

These estimates are correlational, not causal. The fixed effects control for industry-
and country-level confounds, but within-cell endogeneity remains a limitation. Results are
reported separately for the two segments (occupational segregation by education and by
gender). The appendix additionally reports the findings for the binary education approach

(bachelors degree or higher versus lower).

4.3 Regression Results

Table 5 presents the estimates. H1, H2, and H3 are strongly supported across all three

segments; H4 is mixed, consistent with theoretical ambiguity.
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Table 5: Regressions of Outcomes and Occupational Segregation (Education and Gender)

Outcome Education Gender N
~0.0110* -0.0180*
1 i 1
0g median pay (:0.0207, -0.0013)  (-0.0325, -0.0035) 00108
. 0.0445%% 0.0338%%*
log 90th percentile pay (0.0339, 0.0551)  (0.0180, 0.0496) 00108
. -0.0589%%* ~0.0693%**
log 10th percentile pay (-0.0704, -0.0473)  (-0.0865, -0.0521) 00108
. 0.1034%%* 0.1031%**
log ratio of 90th and 10th pay (0.0916, 0.1152) (0.0855, 0.1207) 65168
. -0.1028%%* -0.0341 %%
log average applicants (-0.1118, -0.0939)  (-0.0461, -0.0221) /1002
Kok ok _
log hires to employees ratio 0-0161 0-0038 403713

(0.0126, 0.0195)  (-0.0082, 0.0005)

Note: Each cell reports estimates from a separate regression. Confidence intervals in parentheses.

H1 (median pay). Segregated firms have significantly lower median pay across all
segments. The effect is largest in the gender specification (—0.018 log points).

H2 (pay dispersion). Segregated firms exhibit approximately 10 log points higher
90-10 pay ratios, statistically significant across both segments. This pattern is driven by
increases at the 90th percentile and larger (in log terms) decreases at the 10th percentile,
consistent with the model’s prediction that segregation raises wages at the top while com-
pressing them at the bottom.

The appendix specification that recodes education as a binary measure offers a direct test
of the two mechanisms. There we observe declines at both the 10th and 90th percentiles,
consistent with the Roy model prediction that high-ability workers are crowded out of
high-wage occupations, depressing wages at the top even as they compress wages at the
bottom. Despite the decrease at the 90th percentile, the 90-10 pay ratio still increases by
7.8 log points, indicating that the overall dispersion effect remains positive even under this
alternative mechanism.

H3 (applicants per post). Segregated firms attract significantly fewer applicants per
vacancy across all segments, with the largest effect in the education specification (—0.103 log
points). This is consistent with a substantially thinned applicant pool in the higher-paying
occupation, not fully offset by expanded applicant flows to lower-paying roles.

H4 (new hires/employees). For gender, the coefficient is small and not statistically
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significant (—0.004), consistent with theoretical ambiguity. For educational segregation, the
coefficient is positive and significant. A plausible interpretation beyond the static model is
that educational segregation correlates with elevated turnover in lower-paying occupations
(workers placed in roles below their credential level may be less engaged and more likely to

separate), generating more replacement hiring.

5 Discussion

In this paper, we develop new firm-level measures of occupational segregation which can be
applied across more than binary classifications such as gender. We also demonstrate how
to decompose these into within vs between firm as well as within vs between occupation
segregation. We normalize these metrics and conduct hypothesis tests. We apply this to
LinkedIn firm data across twelve countries and ten years.

Several findings are of interest in data we apply these metrics to, some surprising.
First, we find firms have, on average, an overall occupational segregation index about 1.8
times what would be expected under representative hiring for gender, and 1.5 times for
education. Even after accounting for firm size and occupational diversity, which can make
proportional hiring difficult, the majority of firms exhibit occupational segregation (88%
for gender and 73% for education). Across all metrics, gender occupational segregation is
consistently higher than education-based occupational segregation, despite the legal and
licensure barriers that might be expected to produce the opposite result.

Additionally, although there are some industries which are lower or higher in their
measures of occupational segregation, with Construction as well as Hospitals and Health
Care being particularly segregated, the within-industry spread of firms’ segregation is much
higher than between-industries as shown by the large box plot spreads for each industry
compared to the differences in the medians. Thus, no industry is immune from having a
large segment of firms with either gender or educational occupational segregation.

The application of this data has limitations. Insofar as certain firms or types of workers
are not represented on the LinkedIn platform, this may affect the measured values of the
metrics. This is at least partly mitigated by the fact that the target proportions from which
we measure deviations are also drawn from LinkedIn. Section 4 presents correlational evi-
dence linking occupational segregation to median pay, pay dispersion, applicant volume, and
hiring intensity, finding consistent associations across gender and educational dimensions.

Future analysis may examine additional countries and explore causal mechanisms.
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APPENDIX

Appendix A: Duncan Index as Special Case of Occupational Segregation
Index

Here we demonstrate that the Duncan Index is a special case of our occupational segregation
index. We adjust the notation slightly from above to simplify the derivation.

Notation:
e 1y number of workers in occupation £ who are men

e ngy: number of workers in occupation k£ who are women

Nyr = >, ngar: total number of men across all occupations

Ny =Y, npw: total number of women across all occupations

* Py = Nwﬁ\-fFMNW
o Py = NM]\;WNW
¢ o =
o prw = ;A

The Duncan index of segregation is given by

NiMm negw
ChM_ ZRW 9
Noy Ny 9)

1
DI:§Z

k

In this same situation (not looking across firms, only one group), our index is given by

0S =w > Oi(|Pr — prul + | Pw — praw]) (10)
k

First, remember that

w=-—-— (11)



In the case of two groups, this can be simplified. Assume that there are more men than

women in the labor force (the final result is generalizable to the reverse). Then we have

. 1 B NW —+ NM
w = - (12)
2max(Pyw, Pyr) 2Ny
Additionally,
nEM + NEw
Q, = -~ "7 13
= T (13)

Substituting equations 4 and 5, as well as the notation definitions at the start, into

equation 2, we can rewrite our index as

ar — Nw+ Ny anM+nkW ( Ny g Nw — mw >
2Ny k Ny + Nw \|Nv + Nw o ngy + npw Ny +Nw o gy + ngw
(14)
Now note that
Nw mw — _&_( _ TkM (15)
Ny +Nw o ngv + npw Ny + Nw nEM + NEw
N
M nEm ‘ (16)

- Nu+ Nw  ngar + maw

We substitute equation 8 into equation 6, in addition to some simplification, and have

Ny M ’ (17)

1
Gl = — nkM + New —
Ny Zk:( ) Ny + Nw Ny + New

Bringing the always-positive (ngys +ngw ) into the absolute value function and distribut-

ing, we have
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1 N (i + new)
GI = -n 18
Nu Zk: Na + Ny kM (18)
1 N N — N — N
_ Z MM+ Nynew MMM MnkM’ (19)
Ny . Ny + Nw
1
= Nyn — Nyn 20
NM(NM+NW);| Mnew — Narmgar | (20)
N
_ w Z ngw kM (21)
Ny + Nw k Nw Nu

If men and women are equally numbered in the economy, then the first ratio is equal to
1/2, and the entire index is identical to the Duncan index shown in equation 1.

Ultimately then, our index is a generalization of the Duncan Index in three ways:

e Our index allows for more than just two groups
e Our index allows for estimation at the firm level within an economy

e Our index allows for a decomposition of within-firm and between-firm occupational

segregation

Which is to say, the Duncan index can be considered a special case of our index where there
are only two groups of equal size in the economy and the index is calculated across the

entire economy, and not for subgroups (such as firms).

Appendix B: Imputation of Mean and 95th Percentile of Indices Under
Employment-at-Random

Employment-at-random assumes that the count of workers in any occupation has proba-
bility of belonging to a group (e.g., male or female) equal to the population proportion of
that group. For tractability, we leverage a two-stage trained random forest model on the
simulated distributions of the indices.

Note, each of the five occupational segregation metrics can be expressed as a weighted

mean of demeaned multinomial random variables:
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That is, we have the normed (w) and weighted mean (;;) of the mean absolute de-

viation (L1 distance metric) between the random variable under representative employ-

ment of the number of people in each group (based on a binomial distribution with X,,, =
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(T1jms -+ Tgm) ~ Multinomial(ny,, Pn)) and the expected number of workers given the
target probabilities ny, * Pp,.

It is computationally intractable for us to simulate the distribution of os}" for every
firm. Instead, we simulate it for a representative sample of firms and then predict the
relevant moments of the distribution using a two-layered random forest model. This allows
us to predict the moments using attributes of n,,, P, as the predictive features instead of
simulating for the remaining firms.

Specifically, we take the following steps

Step 1: Create random sample

We create a random sample of firms using Latin hypercube sampling.

Step 2: Estimate prediction models of os,,(n,, P,)
Step 2.1: Simulate L1(n,,, P,,)

For the training set, we next simulate L1(ny,, P,,). We do so by taking R draws from the

target multinomial distribution for each firm.

Step 2.2: Compute moments of L1(n,,, P,,)

Using the simulated distributions, we next calculate several target empirical moments of
the resulting distribution of L1(n,, Pp,):

e Mean
e Standard deviation

e The following quantiles: 1st, 25th, 50th, 75th, 95th, and 99th

We use as feature predictors of these moments the two inputs n,, and P,, (where P, is a
G-length vector), as these fully determine L1(N,,, P,). We tested versions where we addi-
tionally train on In(n,,) and 1(n,, = 1) to help with the model training, but improvements
to the model prediction were minimal.

Some of the models have stochastic target proportions, specifically the within-firm model
(where pgy|;) is non-deterministic for a given firm and the within-occupation metric (P,

even though it is at the national level, is stochastic with respect to this set-up). We
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also random draw the underlying n’s in the simulations in order to calculate those target
probabilities (the proportion of workers at firm j that belong to group g and the proportion
of workers in the economy that belong to group g, respectively). The moments are still
calculated in the same way, we just introduce this new source of randomness into the

simulation, and base the left-side distribution based on the draw’s relevant n.

Step 2.3: Fit random forest models of inner elements moment(L1) = froment (M, Prm)

Next, we fit a random forest model for each of the moments of L1 described above (the

mean, standard deviation, and quantiles).

Step 2.4: Fit random forest model for mean(os,,(n,, Pr,)) and p95(0s.,(nm, Pn))
as functions of several metrics

We next fit a random forest model based on the following moments
e For each simulated (not predicted) moment from Step 2.3

— The weighted mean (with weights given by 6;)
— The weighted standard deviation (with weights given by 6;)

e Several attributes of n,, across all occupations, including

The sum (total number of workers)

— The mean (average number of workers in each occupation

The number of occupations (count of n,, > 0)

The maximum (how many workers are in the most common occupation in the
firm)

— The minimum (how many workers are in the least common occupation in the

firm)

We fit two models: mean(0sy, (1m, Pn)) and p95(0sm, (Mm, Pr))
Importantly, to capture the full variances and structure, we fit the models based not
on the predicted moments, but on the empirical moments (i.e. not using Step 2.3’s inner

random forest model for the outcomes, but only for the inputs).
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Step 3: Predict 0s,,(n,,, B)

We next fit the predictions of each 0y, (1, Py,) for all firms in the subsample, using either
the fitted random forests from a full-subsample trained models approach, or from a sample-
split of a portion of the firms. The former is used for validation (step 4 below), while the
latter is used for prediction on the full sample (step 5 below).

The model works by creating one row per occupation per firm and using the fit inner
random forest model to predict the moments of L1, and then using these and the other
features listed in step 2.4 to predict the final two moments. These are then retained with

one row per firm.

Step 4: Validation

For validation purposes, we randomly split the sampling frame into a training group and
a testing group. We simulate the true distributions of representative hiring for all firms in
the sampling frame, but only estimate the random forest models on the training group. We
then predict the representative hiring metric moments for all firms in the sampling frame
using the estimates of the random forest models from the training group. This provides
in-sample and out-of-sample predictions.

The predictions are very good, including for the out-of-sample validation firms. The
correlation coefficients between the actual metric and the predicted one from the two stage

random forests is typically above 0.99, and is never below 0.94.

Step 5: Storing models for full-sample prediction

We estimate the random forest. models on the full sampling frame after validation, and
store these for prediction of the representative hiring moments for all firms, not just those

in the sampling frame.
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Figure 8: Validation for overall occupational segregation
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Appendix C: Additional Tables and Figures

Table 6: Summary Statistics of Segregation Indices for Binary Education (BA+ vs Less
than BA)

Share rejecting

Unadjusted  Representative Normed mean representative

mean target mean hiring
Between firm 0.078 0.039 3.905 0.552
(0.079) (0.024) (4.612) (0.497)
Between occupation 0.086 0.003 51.489 0.998
(0.043) (0.004) (33.166) (0.039)
Overall 0.165 0.134 1.512 0.496
(0.082) (0.054) (0.967) (0.500)
Within firm 0.132 0.126 1.215 0.309
(0.083) (0.078) (0.417) (0.462)
Within occupation 0.126 0.118 1.247 0.316
(0.070) (0.050) (0.677) (0.465)

Note: Means, with standard deviations in parentheses.

40



Figure 13: Occupational Segregation Indices: Within vs. Between Firm and Occupation
(Gender)
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Note: Box plots represent the interquartile range and median. The scatter plots show the
percent of firms whose occupational segregation index is statistically differentiable from the
distribution of the index under representative hiring.
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Table 7: Industry-level segregation measures

Within firm Between firm  Within occupation B

Accommodation and Food Services
Administrative and Support Services
Construction

Consumer Services

Education

Energy Technology

Entertainment Providers

Farming, Ranching, Forestry
Financial Services

Government Administration

Holding Companies

Hospitals and Health Care
Manufacturing

Oil, Gas, and Mining

Parts Distribution

Professional Services

Real Estate and Equipment Rental Services
Retail

Technology, Information and Media
Transportation, Logistics, Supply Chain and Storage
Unknown

Utilities

Wholesale

1.545 2.632 1.480
1.491 4.725 1.513
1.729 6.981 1.660
1.433 4.968 1.466
1.409 4.445 1.467
1.493 7.643 1.466
1.400 3.904 1.471
1.441 3.581 1.406
1.489 3.169 1.438
1.442 4.025 1.416
1.400 3.249 1.305
1.599 7.632 1.435
1.482 5.165 1.403
1.579 6.707 1.416
2.398 19.893 2.339
1.498 4.510 1.456
1.338 3.861 1.514
1.481 5.205 1.666
1.501 4.861 1.429
1.542 4.687 1.438
1.371 5.158 1.400
1.515 5.532 1.378
1.521 5.714 1.499
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Figure 14: Occupational Segregation Indices: Within vs. Between Firm and Occupation
(Education)
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Note: Bozx plots represent the interquartile range and median. The scatter plots show the
percent of firms whose occupational segregation index is statistically differentiable from the
distribution of the index under representative hiring.
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Appendix D: Theoretical Model of Occupational Segregation and Firm

Outcomes

This appendix develops the two-occupation, two-group model underlying the four hypothe-

ses in Section 4.

Setup. Consider a firm with two occupations, H (higher-paying) and L (lower-paying),
and two equally-sized groups of workers, M and W (e.g., men and women), each with total
labor supply normalized to 1. Wages wy > wy, are determined by labor market clearing: the
firm faces downward-sloping labor demand curves Dy (wg) and Dy (wy), with Dy (-) < 0.
Let ¢9, € [0,1] denote the share of group g € {M,W} working in occupation H, with
09 =1 —¢9,. Total labor supply to each occupation equals the sum of allocations across

groups, and wages adjust to clear each occupation’s market.

Case 1: No Segregation. Both groups allocate labor freely. In the symmetric equi-
librium, both groups allocate share ¢* € (0,1) to H. Total labor supply is N}, = 2¢* to
occupation H and N} = 2(1 — £*) to occupation L, with equilibrium wages wj; = wg (26*)
and w; = wr,(2(1 — £%)).

Case 2: Full Segregation. Group W is excluded from H and works entirely in L:
W =0, %V =1. Group M works entirely in H: ¢ =1, /M = 0. Labor supply becomes
Ny®=1and N;*®* =1.

The key sufficient condition for the following results is that W would have supplied
some labor to H absent segregation (¢£* > 0). In the empirically relevant case where H is
a minority occupation (£* < 1/2, e.g., management), full segregation reduces supply to H

from 2¢* to 1 and increases supply to L from 2(1 — £*) to 1.2 Relative to Case 1:

Awg = wiy® — w >0 (supply to H falls, wage rises) (22)
Awp, = wP® —w} <0 (supply to L rises, wage falls) (23)

Total employment is held fixed: dng = —dnp,.

20f ¢ > 1/2, the directional wage effects reverse. The empirically natural case is £* < 1/2, where
most workers are in the lower-paying occupation and segregation sends the excluded group from a minority
occupation into the majority one.
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Hypothesis 1: Average Wages. The firm’s average wage is w = agwyg + apwy, where
g = ng/n is occupation k’s employment share. Taking a total derivative and imposing

fixed total employment:

dw = ag dwg + ar, dwr, + (wg — wr) dayg (24)
price-shift effect composition effect

The price-shift effect is ambiguous in sign: dwy > 0 contributes positively and dwy, < 0
contributes negatively, with the net sign determined by relative demand elasticities and
occupational employment shares.

The composition effect is unambiguously negative: as W is excluded from H, employ-
ment shifts toward the lower-paying occupation (day < 0), and since wy > wy, the product
(wg —wr)dag < 0. This direct reallocation of workers from higher- to lower-paying jobs
depresses average pay. The prediction of lower average wages follows from the sum of an
ambiguous price-shift and an unambiguous negative composition effect.

Hypothesis 1: Firms with occupational segregation should have lower paying jobs

than firms with no occupational segregation, all else equal.

Hypothesis 2: Pay Dispersion. In this model, the 90th percentile of firm pay corre-
sponds to wy and the 10th percentile to wy. The 90-10 ratio is R = wy/wy. Moving from

Case 1 to Case 2 raises wy and lowers wry,:

OR  Awp  wi|Awyg]
dseg  wi (wy)?

>0 (25)

Both terms are strictly positive. This prediction is unambiguous under any downward-
sloping demand and does not depend on relative elasticities.
Hypothesis 2: Firms with occupational segregation should have a larger ratio of the

90th to 10th percentile of pay (greater compensation variance).

Hypothesis 3: Applications Per Post. Let A; and V} denote applications and vacan-
cies in occupation k. Under no segregation, vacancies in H attract applicants from both M
and W. Under full segregation, W is excluded from H: the applicant pool for H contracts
to M only, reducing Ag by W’s contribution (approximately halving raw applicant volume

if groups applied at equal rates).
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For occupation L: the applicant pool expands as W is redirected there, but Vi, also
rises as the employment share of L increases. Whether Ay /Vy rises or falls is therefore
uncertain. Moreover, workers better suited for H who are constrained to L represent lower-
quality matches, increasing screening costs and reducing effective application quality.

The firm’s aggregate applications-per-post ratio is:

-tur
The reduction in Ay is a large, direct effect on the firm’s most contested roles. The change
in Az, /Vy, is uncertain in sign and smaller in magnitude. The dominant effect is the thinned
pool in H, yielding a net reduction in applications per vacancy.

Hypothesis 3: Firms with occupational segregation should have fewer applications per

job post.

Hypothesis 4: New-Hires-to-Employees Ratio. Let r; be the hiring rate in occupa-
tion k (new hires divided by employment). The firm-level ratio is » = (rgng + rng)/n.
Under segregation, higher wages in H reduce labor demand there (by a magnitude propor-
tional to 1y, the demand elasticity), while lower wages in L increase demand (proportional
to nr). The net effect:

dr < np |Awr| — ng |Awg]| (27)

is indeterminate: if labor demand in L is more elastic, the hiring rate rises; if demand in H is

more elastic, it falls. Since Awy and Awy, are themselves determined by the demand-curve

slopes, no further sign restrictions follow without additional parametric assumptions.
Hypothesis 4: Firms with occupational segregation have ambiguous differences in new-

hires-to-employees ratios, depending on relative demand elasticities across occupations.
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