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Abstract: Segregation—whether across schools, neighborhoods, or occupations—is regularly invoked
as a cause of social and economic disparities. However, segregation is a complicated causal treatment:
what do we mean when we appeal to a world in which segregation does not exist? One could
take societal contexts as the unit of analysis and compare across societies with differing levels of
segregation. In practice, it is more common for studies of segregation to take persons or households
as the unit of analysis within a single societal context, focusing on what would happen if particular
individuals were counterfactually assigned to social positions in a more equitable way. Taking this
latter framework, this article shows how to study segregation as a cause. The first step is to theorize
a counterfactual assignment rule: what would it mean to assign people to social positions equitably?
The second step is to identify the causal effect of those social positions and simulate counterfactual
outcomes. The third step is to interpret results as the impact of a unit-level (rather than society-level)
intervention. A running example and empirical analysis illustrates the approach by studying the
causal effect of occupational segregation on a racial health gap.
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EGREGATION is a descriptive fact in unequal societies, and it also plays a causal
S role in generating further inequality. As one example, racial segregation of
households in the United States is a causal force that contributes to racial disparities
in wealth through unequal appreciation of home values (Flippen 2004; Markley et al.
2020), disparities in children’s access to well-funded schools (Weathers and Sosina
2022), and disparities in families” exposure to environmental toxins (Sampson and
Winter, 2016). As an example with a different kind of segregation, sex segregation of
people across occupations is often framed as a key contributor to the sex gap in pay
(Blau and Kahn 2017; Petersen and Morgan 1995). From a theoretical perspective, it
is conceptually plausible that disparities would narrow in a counterfactual world
in which various forms of segregation were eliminated.

But how should one study that sort of counterfactual empirically? In practice,
many researchers analyze data on only one society. The researcher is then only able
to observe that society under one pattern of segregation: whatever pattern factually
exists. However, the researcher still has access to variation across persons (or
households) who are unequally allocated to social positions, which is the individual-
level process that aggregates to societal-level segregation. This article shows how to
use that empirical variation to study the causal impact of segregation. The first step
is to define what it would mean to allocate people to social positions equitably. The
second step is to causally study the counterfactual outcomes that would be realized
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under that assignment rule. The third step is to interpret the results locally, aware
that the analysis was carried out with an individual (instead of a society) as the unit
of analysis.

The approach of this article builds on methodological research that decomposes
disparities according to their causal inputs (Jackson and VanderWeele 2018; Lund-
berg 2024). The methodological contribution of the present article is how to carry out
these decompositions when the causal input of interest is categorical—occupations,
neighborhoods, and schools—and when this input may be substantially shaped by
measured confounders. Instead of theorizing a world where units were assigned
to a counterfactual treatment value, this article theorizes a world where units are
assigned to social positions by a counterfactual assignment rule. The broader contri-
bution of the present article is to show in a sociological setting how to use variation
and causal identification at the level of individuals to study the causal impact of an
input (segregation) that is more often defined at the level of a society.

Motivating Example: Occupational Segregation May Con-
tribute to Racial Health Disparities

In 2019, 2.8 million Americans experienced workplace injuries (Bureau of Labor
Statistics 2020). Compared with white workers, black workers disproportionately
hold occupations with high injury rates (Seabury, Terp, and Boden 2017; Stanbury
and Rosenman 2014). Case studies reveal specific links between particular occupa-
tional hazards and health outcomes, from heat-related illness among farmworkers
(Fleischer et al. 2013) to physical trauma among day laborers (Lowry et al. 2010)
and hotel workers (Buchanan et al. 2010). Occupations also expose individuals to
unequal toxins with effects that may accumulative over time. For example, Juon
et al. (2021) find that black workers hold occupations that place them at higher
exposure to dangers such as silica and asbestos, which increase the risk of lung
cancer. Beyond direct injuries, a person’s occupation can indirectly affect health
through pathways such as work hours and scheduling that shape sleep and exercise
(Harknett, Schneider, and Wolfe 2020; Moen et al. 2011), or through changes in other
risk behaviors such as alcohol consumption (Prins et al. 2019). There are numerous
reasons to expect both direct and indirect links between the workplace environment
and health outcomes (Ahonen et al. 2018; Burgard and Lin 2013; Lipscomb et al.
2006; Schulte et al. 2017).

Occupational risks may contribute to racial health disparities because, despite
the Civil Rights Act of 1964, occupations remain extensively segregated by race (Fer-
guson and Koning 2018; Stainback and Tomaskovic-Devey 2012; Tomaskovic-Devey
et al. 2006). Figure 1 presents a descriptive summary using data from the Current
Population Survey (described in detail in a later section). Each occupation (repre-
sented by a dot) is scored on the x-axis by racial composition. On the y-axis, each
occupation is scored by the rate of onset of work-limiting disability: the proportion
of non-disabled workers in year t to report in year ¢ + 1 that they have a disability
limiting the type or amount of work they can do. The descriptive relationship
between these variables is strong. Occupations that are disproportionately held
by non-Hispanic black or Hispanic workers tend to have high rates of onset of
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Figure 1: Dangerous occupations are disproportionately filled by people of color. Each point is an occupation
scaled proportional to its size in the full population. The horizontal dimension is an estimate of the proportion
identifying with a given racial and ethnic category in the occupation in year t. The vertical dimension is
the proportion of all people in that occupation for whom a disability or health condition limiting the kind
or amount of work they can do is reported in year t + 1. Both the horizontal and vertical dimensions are
estimated by multilevel models with random intercepts using data from the 2005 to 2020 Annual Social and
Economic Supplement of the Current Population Survey (details in the online supplement B).

work-limiting disability: home health aides, agricultural workers, and roofers. Oc-
cupations that are disproportionately held by white or other workers tend to have
low onset of work-limiting disability: software developers, physicians, and CEOs.

It is conceptually plausible that macro-level occupational segregation is a con-
tributor to macro-level racial health disparities. One could carry out the analysis at
the macro-level, taking the unit of analysis to be social contexts such as states or
countries that vary in their macro-level characteristics (Heymann 2003; Olafsdéttir
and Beckfield 2020). For example, in a study of residential segregation, Torrats-
Espinosa (2021) estimates the causal effect of county-level residential segregation
on county-level racial disparities in COVID-19 mortality, net of control variables
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defined at the county level. All of the anaysis is at the macro (county) level rather
than the micro (person) level. Although macro-level analysis is powerful when data
enable it, many researchers operate with data only at the micro-level within one
macro-contex. For example, they seek to make a claim about one social context (e.g.,
the United States) using data on units within that social context (e.g., persons). To
study macro-level causes using micro-level data requires careful reasoning about
how individual-level evidence can aggregate up to produce macro-level patterns
(Bearman, Moody, and Stovel 2004; Coleman 1990; Hedstrom and Bearman 2009).
The next section illustrates how to study the impact of occupational segregation on
a racial disparity using micro-level data in the potential outcomes framework of
causal inference (Imbens and Rubin 2015).

Data for Empirical lllustration

To make the discussion below concrete, the analysis uses data from the 2005 to 2020
Current Population Survey (hereafter CPS) on the civilian U.S. population aged
25—60, harmonized by the Integrated Public Use Microdata Series (IPUMS; Flood
et al. 2020). The outcome variable is whether each individual reports “a health
problem or a disability which prevents him/her from working or which limits the
kind or amount of work.” I refer to this as a report of a work-limiting disability.!
Occupation (the treatment) is measured in three-digit codes harmonized by IPUMS
(Flood et al. 2020) to a standard based on the 2010 Census coding system, which
contains 451 unique non-military occupations (e.g., chefs and cooks, elementary and
middle school teachers, cashiers, and roofers). Racial category is self-reported (non-
Hispanic black, non-Hispanic white, Hispanic, and other). The data also contain
covariates such as sex (men and women), education (less than high school, high
school, some college, and college), foreign born, age, year, and a lagged measure of
the standard five-point scale of self-rated health.?

All predictor variables (race, occupation, and covariates) are measured at year .
The outcome is measured 12 months later, taking advantage of the panel structure
of the CPS (online supplement Fig. 13, see Rivera Drew et al. 2014). The main
analyses restrict the sample to those who report at year t that they have never quit
a job for health reasons, are currently employed, and do not have a work-limiting
disability (Fig. 2). This restriction on the lagged outcome and employment reduces
the risk that differences in the outcome observed one year later are consequences of
latent health. The analytical sample contains 244,224 persons.

How to Study the Impact of Segregation Using Person-
Level Potential Outcomes

The empirical task involves two steps: make an estimate for each person and then
aggregate over people. To define the causal estimand, I adopt potential outcomes
notation (Imbens and Rubin 2015). Let y;(d) represents the health (healthy or with
a work-limiting disability) that person i would realize if they held occupation 4
(possibly counter to fact). Because there are 451 occupations in the Census coding
system, each person has 451 potential outcomes.?> Yet we observe only one: the
outcome in the occupation they factually held.
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Figure 2: Sample restrictions. The three rectangles with black outlines correspond to samples analyzed in the

To illustrate, consider a hypothetical population of eight people assigned to one
of three occupations (Fig. 3). We are interested in the health disparity across two
categories of people, here labeled abstractly as circles and diamonds but which
could correspond to categories of race, class, or gender. In this hypothetical setting,
Panel A shows a health disparity: only  of the circles will develop a disability next
year compared with % of the diamonds. That disparity could be a consequence of
segregation: the diamonds are disproportionately home health aids, an occupation

sociological science | www.sociologicalscience.com

875

December 2025 | Volume 12



Lundberg (Causal Impact of Segregation on a Disparity

The contribution of occupational segregation can be theorized
as the difference between a factual and a counterfactual disparity

Legend: 4 Disability onset next year O Q Observed (factual occupation)
v~ Healthy next year Unobserved (counterfactual occupation)

Category 1 Category 2
(e.g- Black) (e.g. white)

A) Factual disparity with occupational segregation as observed

Probability
Administrative Home Health Sales of Onset
Assistant Aid Supervisor of Disability Disparity
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Person 2 @ 0 The average
probability among

Person 3 @ 1 circlesis 1 / 4

Person 4 @ 0

Person 5 1
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Person 8 <-i> 1

The factual disparity is partly because of segregation:
Diamonds are disproportionately home health aids.
B) Counterfactual disparity if occupations were assigned at random
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The counterfactual disparity is not due to segregation:
Diamonds and circles are assigned equitably to occupations.

Figure 3: Consequences of segregation in the potential outcomes framework. Consider eight people assigned
to three possible occupations. Panel A depicts occupations that occur, in which the factual health disparity is
partly a consequence of occupational segregation. Panel B depicts a hypothetical setting where occupations
are instead assigned at random with equal probabilities. If we were able to learn about the counterfactual
setting, the difference between the factual and counterfactual settings would quantify the contribution of
occupational segregation to the health disparity.
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Figure 4: A counterfactual assignment rule illustrated with selected occupations. The size of each dot
corresponds to the probability of assignment to that occupation. The factual assignment rule is how
occupations are assigned in observational data, as a function of not only education but also race and other
variables. In the counterfactual assignment rule, the probability of assignment to each occupation is the
same across all subgroups (e.g., race) within populations defined by education.

which (in this hypothetical example) is very hazardous. What if each person was
instead assigned to a random occupation, so that the disparity in that counterfactual
world could not be attributed to occupational segregation? If we knew the full table
of potential outcomes (Panel B), we could answer that question: randomly assigning
occupations would reduce the disparity from % to %. That provides a metric of the
degree to which occupational segregation contributes to a disparity. Importantly,
there is no notion of changing a circle into a diamond or vice versa; the causal
effect of the category (circles and diamonds) remains undefined. The summary is
about how much the gap between the circles and diamonds (two subpopulations of
people) would close if counterfactually assigned to occupations differently (similar
to the gap closing estimand from Lundberg 2024).

Theorize a Counterfactual Rule to Assign Individuals to Social
Positions

The illustration above considered a counterfactual world where occupations were
assigned with equal probabilities, such that each person has a 1/3 probability of
assignment to each of the three possible occupations. However, this assignment
rule is unrealistically simple for two reasons. First, some occupations are larger than
others and should be assigned at higher probabilities. Second, some occupations
are not accessible to some people, as discussed in other research that analyzes
occupation as a causal treatment (Lundberg, Molitor, and Brand 2025). For example,
someone who did not finish high school could not become a high school teacher.
This constraint limits the scope of counterfactuals that can be empirically studied,
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as we revisit later in a section on scope conditions. To study an intervention that
is empirically tractable, one must define a more realistic assignment rule in which
every unit’s counterfactual treatment is one that the factual world might assign to
that unit with non-zero probability.

This article defines a counterfactual assignment rule that desegregates occupa-
tions within educational categories,

The counterfactual probability is defined the population among people with
for assigning occupation d to equal proportion in education level e
to a person with education e occupation d Jv

w I~
7(d, e) = P (Occupation = d | Education = ) ey
1

Not a function of race.
The counterfactual assignment rule varies by race
only because educational levels are unequal by race.

such that the probability of being assigned to occupation d for a person with
education level e equals the proportion holding that occupation among all people
with that education category. This assignment rule is counterfactual because it
is different from how occupations are factually assigned: in the real world, the
probability of holding a particular occupation is a function of not only education
but also race, sex, age, et cetera (illustrated in Fig. 4).

The choice of a counterfactual assignment rule is non-trivial. It is important to
recognize that a world with occupations assigned by Eq. 1 would still have some
racial segregation: to the degree that black respondents have less education than
white respondents, for example, they would be assigned to different occupations.
When defining a counterfactual assignment rule, one should think carefully about
both an assignment rule that is realistic (e.g., someone who did not finish high
school could not teach high school) and also equitable and socially just (e.g., a
world where occupations are assigned as a function of sex might be considered
unjust, see Jackson 2021).

Identify by Causal Assumptions

To estimate the racial gap under a counterfactual rule for assigning occupations,
we need to predict each person’s potential outcome under each counterfactual
occupation they might have held under this rule. Doing so requires identifying
the causal effect of occupation on the outcome of interest, for which we assume
the causal directed acyclic graph (DAG) in Figure 5. Under this DAG, the health
outcome person i would realize if counterfactually assigned to occupation d can
be estimated by the predicted outcomes of people who are identical to person
i along the measured covariates but who held the counterfactual occupation d.
The credibility of causal identification is strengthened by the inclusion of relevant
confounders: lagged health, demographic variables, and human capital variables.

There are two main threats to identification, both of which involve the coarse
measurement of lagged health. The first threat is that self-reported lagged health
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A) Make causal assumptions in a Directed Acyclic Graph (Pearl 2009)
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T
Inputs Passed Prediction ) ldo Imputed
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E) Report a sample-weighted average of #;(7) over people i in each racial category.

Figure 5: Procedure to estimate counterfactual disparities. Under causal assumptions (A), a predictive
algorithm (B) can impute the counterfactual probability of work-limiting disability onset that each person i
would realize if exposed to any occupation d (C). Weighting those counterfactuals by a new rule for assigning
occupations (D) and averaging over subpopulations (E) yields counterfactual disparity estimates.

may be an insufficient control to block all confounding (online supplement Fig. 11).
Health is a multi-dimensional and continuous construct, which may affect one’s
occupation and one’s health outcomes through pathways not fully captured by a
binary self-report of work-limiting disabilities. This threat exists in any observa-
tional study for which health is a confounder, and it is reduced but not eliminated
by adjustment for several lagged measures of health: no work-limiting disability,
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never quit a job due to health reasons, and five-point self-rated health. If we wish
to study health in a causal framework without becoming fatalistic, a reasonable
path forward is to adjust for many measures of health, as done in this article. The
second threat to identification is that lagged health may be a pre-treatment collider
(Greenland 2003; Greenland, Pearl, and Robins 1999, see the online supplement
Fig. 12). Suppose that to be healthy at year ¢ you either need to have held a safe
occupation in the past or you need to have particularly robust health in unobserved
ways. The less-robust people who held dangerous occupations in the past devel-
oped a work-limiting disability and were dropped out of the sample. Suppose also
that the occupation you held in the past affects the occupation you hold in year ¢,
due to persistence in one’s occupation. In this case, among healthy people those
in the most dangerous occupations would be those with the most robust unob-
served health characteristics. This type of bias would make the study understate
the degree to which dangerous occupations cause health problems, thus potentially
understating the degree to which occupational segregation contributes to racial
health disparities. Because lagged health is an important confounder, the risk of
inducing this type of collider-stratification bias is likely to be outweighed by the
bias-reducing benefits that arise from adjusting for lagged health. Overall, the
two threats discussed here do not undermine the central approach taken in this
article: by adjusting for measured confounders, the analyses marshal existing data
to produce the best possible estimate of the causal contribution of occupational
segregation to racial health disparities.

Estimate with Statistical Models

Under the causal assumptions, we can predict counterfactual outcomes using a
model for the health outcome as a function of the adjustment set and occupation,
as in past research on counterfactual disparities (Jackson and VanderWeele 2018;
Lundberg 2024; VanderWeele and Robinson 2014). Because the analysis focuses
on racial disparities, I allow all parameters to vary by race (with an r superscript)
by estimating separate models by race. Because the treatment (occupation) can
take hundreds of possible values, I estimate by a model with occupation random
intercepts,

P(Y = 1| Occupation = 0, X = ¥,Race = r) = a}, + X'’ )
w ~ N (&', o) ®)

where X are the measured covariates at the individual level, which include the
adjustment set (operationalized linearly) as well as an indicator for years 2014 and
later because of a questionnaire design change at that point (online supplement
Section C). Note that the model implicitly conditions on lagged reports of no
work-limiting disability (a lagged dependent variable) and never quitting a job
for health reasons by restricting the sample along these variables. The second
line is an occupation-level model for the occupation random intercepts, in which
Z, is a vector containing the proportion Hispanic, non-Hispanic black, and other
(with white omitted) in occupation 0. Thus, the model allows occupations to have
randomly varying effects that are regularized toward a linear function of the racial
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composition of the occupation. The model is estimated using the bam function in the
mgcv package in R (Wood 2017), which is designed to estimate a random intercept
model quickly in a large sample size.

With the estimated prediction function, I then impute the counterfactual proba-
bility of work-limiting disability onset 7;(d) for each person i in each occupation
d (Fig. 5C). Then, I average over a counterfactual assignment rule for occupations,
weighting each potential outcome §;(d) by the prevalence of the occupation d
among people with the education level of person i (Fig. 5E). Finally, I aggregate the
person-specific estimates over people in each subpopulation defined by race and
ethnicity, using survey weights (Fig. 5E).

Interpret as an Intervention on Individuals, Not Societies

Because the analysis focuses on individuals, interpretations should likewise focus
on individuals. We cannot say what would happen if the United States suddenly
experienced a massive desegregation of occupations. Rather, we can draw a con-
clusion about individuals: if a few individuals were counterfactually exposed to a
desegregated rule for assigning occupations, to what degree would a racial health
disparity narrow? In short, the evidence collected at the level of individuals speaks
to the causal role that macro-level segregation plays in the lives of individuals,
leaving unanswered questions about how structures would shift under a massive
reorganization of the labor market.

To draw broader societal-level conclusions from individual data would require
arguments about the degree to which the intervention might change the mapping
between treatments and outcomes (Jackson 2021), which might lead to encoding
in a formal model (Jackson and Arah 2020). These are important questions for
future research at the intersection of empirical evidence and theory. In the absence
of strong theory about how systems would change if occupations desegregated,
we focus here on the individual-level consequences of segregation on the health
outcomes of individuals.

Results

Among the U.S. civilian population aged 25—60 in 2005—2020, work-limiting dis-
abilities are common and disparate across categories of race/ethnicity: a work-
limiting disability is reported for 13.1 percent of those who identify as non-Hispanic
black but only 8.4 percent of non-Hispanic whites, 6.2 percent of Hispanics, and
6.1 percent of those who identify with another racial category (Fig. 6 Panel A).
Focusing on the subpopulation who are employed and do not report a disability
in year t, there are also disparities in the onset of disability by year t + 1, which
is reported by 2.8 percent of non-Hispanic black workers compared with only 2.2
percent of non-Hispanic white workers, 2.0 percent of Hispanic workers, and 1.8
percent of those who identify with another racial category (Fig. 6 Panel B). Although
the prevalence of disability onset (Panel B) is lower than the overall prevalence of
disability (Panel A), focusing on onset is useful because it directs attention to the
process by which those overall disparities arise.
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Figure 6: Disparities in work-limiting disability across population subgroups. Each panel pools data from the
2005 to 2020 March Supplement of the Current Population Survey. Error bars depict 95 percent confidence
intervals based on variance estimates calculated using replicate weights (online supplement Section D).

To what degree are the disparities in Figure 6 Panel B a consequence of occupa-
tional segregation? Figure 7 summarizes the onset of work-limiting disability in
the factual population and under the counterfactual assignment rule. Equalizing
occupational assignments within education categories would reduce the onset of
work-limiting disability among non-Hispanic black individuals from 2.7 percent
to 2.6 percent and increase it slightly among non-Hispanic white individuals (who
are now exposed to riskier occupations) (Panel A). The counterfactual black—white
disparity is 61 percent smaller (95 percent CI: 27 percent, 56 percent) than the
factual disparity: a reduction from a disparity of 0.59 percentage points to 0.35
percentage points (Panel B). A reduction of 0.24 percentage points corresponds to a
large number of people: it implies that approximately 47,040 black workers who
experienced onset of a work-limiting disability in a given year would not have done
so if occupations were allocated equitably.* Unequal allocation to occupations is
therefore responsible for some of the black—white disparity in the onset of work-
limiting disability. It is noteworthy that such a large portion is accounted for even
though the counterfactual assignment rule does not fully desegregate occupations
but only desegregates them within educational categories. It is also noteworthy
that the amount accounted for is not nearly the whole initial disparity. Structural
racism shapes health in many forms, and other contributors to the racial disparity
(e.g., neighborhood environments) expose people to differential hazards outside of
work. Occupational segregation is a substantial part of the story, but it is not the
whole story.

The two other counterfactual disparities (Hispanic vs. non-Hispanic white and
other vs. non-Hispanic white) follow a different pattern. Each of these factual dispar-
ities runs in the opposite direction of the black—white disparity: these groups have
lower onset of work-limiting disability compared to non-Hispanic whites. Yet they
also work in more dangerous occupations. Equalizing occupational assignments
would increase the Hispanic-white gap by 77 percent (95 percent CI: —10 percent, 263
percent) and the other-white gap by 42 percent (95 percent CI: 11 percent, 72 per-
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A) Equalizing occupational assignments for a sample would reduce the onset of work-
limiting disability for all groups except non-Hispanic whites
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B) Equalizing occupational assignments for a sample would reduce the Black-white
disparity by 61%. It would increase the health advantage of the other categories
compared to non-Hispanic whites.
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Figure 7: Factual and counterfactual probabilities of work-limiting disability onset. The counterfactual
quantities refer to the subgroup average of the individual average potential outcome realized if occupations
were assigned proportional to their prevalence within one’s educational category. In Panel B, the black—white
disparity reduction and other-white disparity increase noted with arrows are all statistically significantly
different from zero at the 0.05 level. The Hispanic-white disparity increase is not statistically significant.
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cent). The ability to make those claims is a key benefit of a causal perspective: even
though these groups have descriptively better health than non-Hispanic whites,
we would expect their health to be even better in a counterfactual world where
occupations were allocated equitably. Hispanic individuals in the United States, for
example, possess other covariates that are associated with good health, such as a
younger age distribution and a higher proportion immigrants.® They do not fully
realize the better health we might expect given those covariates in part because they
are employed in more hazardous occupations.

Scope Conditions

Having defined and illustrated the method, this section revisits several scope
conditions that future researchers should consider when applying this approach.
The analysis requires the researcher to make choices that are not driven by data,
including the definition of the causal question and the causal assumptions to answer
that question. When researchers make these choices, they should convey to readers
the resulting scope conditions on inferences.

First, the approach estimates the causal effect of one particular definition of seg-
regation. The researcher operationalizes segregation when defining the treatment
variable and potential outcomes. In the empirical illustration, segregation is across
three-digit Census occupation codes. A counterfactual world that desegregates
three-digit Census occupation codes does not eliminate segregation in other forms.
Segregation may remain within the treatment categories: perhaps black taxi drivers
serve areas that are more dangerous than the areas served by white taxi drivers. One
could imagine a series of increasingly fine-grained social positions, with the number
of treatments growing toward infinity. It is possible (though not guaranteed) that
the effect of segregation would be larger if segregation were defined on a more
fine-grained level with more treatment categories (e.g., occupations interacted with
workplaces instead of just occupations). Researchers can only draw conclusions
about the effect of segregation over the set of social positions that they define for
the analysis. Researchers should also recognize that desegregation of one domain
does not entail desegregation of other domains: people whose occupations are
desegregated may still experience racial residential segregation, for instance, and
their children may attend segregated schools. A benefit of the proposed approach
is its transparency on this front: the researcher defines what they mean by segrega-
tion when they define the treatment and potential outcomes. Results only apply
to this particular operationalization of segregation, and researchers should scope
interpretations to the particular definition of segregation that they study.

Second, the approach is scoped to empirically tractable counterfactuals. Al-
though we might like to know what would happen if occupations were fully
desegregated, some counterfactual occupations are not empirically observed within
confounder subgroups. People who did not graduate high school are never em-
ployed as high school teachers. As in research in social mobility that studies occu-
pation as a causal treatment (Lundberg et al. 2024), data cannot answer questions
about occupations that never happen within an educational group. The illustration
avoided this problem by studying a world that desegregates occupations within
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educational categories. Viewed as a limitation, this choice may bake in a substantial
amount of occupational segregation that arises due to racial inequality in education.
Viewed as an opportunity, this scope condition focuses the analysis on a particular
step in the process that produces racial inequality. Unequal educational attainment
is one step of the stratification process, and unequal occupational attainment within
educational categories is a second step. Research on the first step is left as a separate
topic of research, for which the causal exposure variable should be education rather
than occupation. When researchers develop a counterfactual assignment rule that
is constrained to empirically tractable counterfactuals, they should be transparent
about the sources of the disparity that are not addressed by their analysis. In this
case, the focus is on occupational segregation within educational categories rather
than occupational segregation as a whole.

Third, the approach assumes that the prediction function mapping predictors
to potential outcomes is the same in the factual (segregated) setting as in the
counterfactual (desegregated) setting. As an example in which that would fail,
consider a counterfactual in which the number of white roofers rises dramatically.
White people might then use their political power to enact new regulations to
improve the safety of roofing, for example, requiring improved safety harnesses.
The prediction function mapping roofing to health risks would change. In other
words, people with resources who are exposed to a new health risk may use their
resources to reduce the danger associated with that risk, which is one reason social
conditions have long been theorized as fundamental causes of disease (Link and
Phelan 1995). General equilibrium dynamics where the mapping changes when
many people’s treatments change are an important area for future research (Jackson
and Arah 2020). An implication for the present approach is that researchers should
be transparent that inference is about counterfactuals defined over individuals,
not societies, as discussed earlier in the article. If an individual’s social position
changes, that individual is not powerful enough to change social structures. Without
studying what would happen if everyone’s social positions changed all at once,
one can still study a more local claim about how the existing structure shapes the
outcomes of individuals on average.

Fourth, inference is only as credible as the causal identification assumptions. As
with all observational causal inference, results could be misleading if individuals
select into the social positions (e.g., occupations) as a function of their potential
outcomes (e.g., their potential health in a particular occupation). The prediction
function learned in the factual world would then not apply in the counterfactual
world. An explicitly causal framework makes this limitation transparent, because
the researcher must state and defend causal assumptions, for example, with a DAG.
When interpreting results, researchers should bear in mind that inference is only as
credible as those assumptions.

Discussion

It is conceptually plausible that social disparities may be caused in part by segre-
gation, whether across occupations, schools, or neighborhoods. Yet studies rarely
carry out analyses to explicitly consider the causal effects of segregation. One reason
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causal studies are uncommon may be that segregation is often conceptualized as a
characteristic of society, whereas many data sets contain variation across individuals
within a single society. This article showed how to study occupational segregation
as a cause of disparities using potential outcomes defined at the individual level.

The approach of this article grew from a concrete substantive question: to what
degree does racial occupational segregation cause racial disparities in reporting a
work-limiting disability? By analyzing panel data under a set of causal assumptions,
results showed that the black—white gap in the onset of work-limiting disability
would close by 61 percent in a counterfactual world where individuals were exposed
to occupations by a rule that depended only on their education. Substantively, this
result emphasizes the importance of occupational segregation for understanding
racial disparities in health.

The primary contribution of this article is methodological. Although sociologists
have begun to study the causal inputs that shape disparities, past work has focused
on binary treatment variables (e.g., Lundberg 2024). The present article broadens
those ideas to study how disparities can be caused by segregation across a categori-
cal exposure (occupation). Defining the causal effect of occupational segregation in
the potential outcomes framework is especially useful because it bridges questions
in sociology often posed at the macro level (segregation) to methodological ap-
proaches in the potential outcomes framework that are more often applied to purely
micro-level questions. There will always be an important place for macro-level anal-
yses of macro-level phenomena. In addition to that well-studied path, the approach
of this article shows how microdata analyzed in a micro-level causal framework can
answer questions relevant to macro-level claims. One can study how individuals
respond causally to changes in the individual-level exposure (occupation) that
collectively comprises a macro-level phenomenon (segregation). Future studies
will hopefully build on this example to answer causal questions with microdata
that speak to causal effects that may help us understand macro-level causes such as
segregation.

Notes

1 This measurement of work-limiting disability is widely used in studies using the CPS
(e.g., Brucker et al. 2015; Jajtner et al. 2020) as well as studies relying on similar questions
in the Health and Retirement Study (e.g., Burkhauser et al. 1999), the Panel Study of
Income Dynamics (e.g., Meyer and Mok 2019), and the National Longitudinal Survey
of Youth (e.g., Pais 2014). The online supplement Section C discusses limitations of this
operationalization of work-limiting disability: it only captures respondent perceptions
of their own health, and the CPS survey instrument changed slightly over time.

2 Supplementary analyses contain a more thorough adjustment set at the cost of narrowing
the scope of years involved. Beginning in 2009, the CPS added a series of six questions
in which respondents reported whether they had any difficulty with hearing, vision,
remembering, walking, or climbing stairs, performing basic activities outside the home
alone, or taking care of their personal needs. Analyses on the subset of people who
answer no to all of those questions yield substantively similar results (online supplement
Fig. 16).
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3 The empirical analysis focuses on the 428 occupations for which the data contain people
of all four racial categories studied.

4 In the fourth quarter of 2019, there were 19.6 million employed black Americans (Ed-
wards and Smith 2020). The above estimate (based on 2005—2020) implies that 0.24
percent of these individuals experience disability onset and would not have experienced
that onset if occupations were allocated equitably. That corresponds to 0.24 percent x
19.6 million = 47,040 people.

51In an alternative specification restricted to the native born population, the onset of
work-limiting disabilities is factually slightly higher for Hispanics compared with non-
Hispanic whites (online supplement Fig. 15).
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