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Abstract

Disparities across social categories are central in social stratification. Statistical
analyses are challenging, however, because the categories of interest are often complex
social constructs such as race, gender, and class. The very definition of these categories
is contestable, and it can be difficult to imagine a manipulation to alter the category
to which one is assigned. Drawing on literature in epidemiology, this paper reviews a
related causal estimand: the gap across categories which would persist under a local
intervention to equalize a treatment. The estimand is agnostic about the definition of
social categories; it is tractable under a variety of assumptions about their reality and
causal power, or lack thereof. Unlike most causal estimands, a post-intervention gap
involves potential outcomes under a single treatment, instead of two treatment levels.
After reviewing the identification assumptions, I present a doubly-robust estimator
that combines treatment and outcome modeling. I illustrate with an example about
the gap in pay by class origins under an intervention to equalize occupational class
destinations. The paper concludes with implications for practice: post-intervention
gaps provide tools for the rigorous study of inequality across social categories that
could inform policies to close gaps.
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1 Introduction

Social categories such as race, gender, and class appear to have dramatic consequences

for life outcomes in the contemporary United States. Yet, it is debatable whether “conse-

quences” is the right word because of ambiguity about whether social categories have causal

effects. Statisticians have long argued that the causal effect of race is poorly defined because

they view race as “immutable”: it is difficult to imagine an intervention to change someone’s

race, so the outcome under such an intervention is difficult to define (Holland, 1986). The

immutable characteristics perspective may appear to stand in opposition to a constructivist

perspective that views racial categories as malleable over the life course (Saperstein and Pen-

ner, 2012) and assigned as a product of political struggles (Omi and Winant, 1994). Yet, even

in the constructivist perspective one might acknowledge that categories like race or ethnicity

are “sticky” in the sense that they typically change only over long time periods or across

generations (Chandra, 2006). It remains difficult to conceptualize an intervention that would

alter someone’s race without reducing the complex, historically-contingent process that cre-

ates a category like race (Kohler-Hausmann, 2018) or breaking off only one component of

the broader construct (Sen and Wasow, 2016). Race is not alone in its complexity; class and

gender are also constructions not easily amenable to hypothetical manipulation.

This paper advocates post-intervention gaps that sidestep the manipulation problem

while maintaining a causal framework. A post-intervention gap is the disparity across social

categories that would persist on average under an intervention to expose members of both

categories to the same manipulable treatment. Post-intervention gaps are causal because

they involve an intervention, but the social categories across which the disparity is defined

play no causal role: they simply indicate collections of individuals, thus bypassing concerns

about what the categories mean. Categories can be viewed as mutable or immutable, as

inherent to identities or simply as labels applied from outside, and as consequential in and

of themselves or as only markers of pre-existing disadvantage. All that is required is that

we care about the gap in the outcome variable across individuals marked by one category
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compared with the other. Post-intervention gaps have appeared previously in epidemiology

(VanderWeele and Robinson, 2014; Jackson and VanderWeele, 2018). Beyond introducing

these estimands to the field of sociology, this paper makes two novel contributions. The

first contribution extends post-intervention gaps to address more complex interventions that

would equalize a treatment assignment rule rather than a single treatment value (Table 1).

The second contribution develops an augmented inverse probability weighting estimator for

these estimands that links post-intervention gaps to the growing literature in robust methods

for estimating causal effects that combine treatment and outcome modeling (Robins and

Rotnitzky, 1992; Bang and Robins, 2005; Chernozhukov et al., 2018).

The informal language of sociological scholarship already suggests a widespread in-

terest in post-intervention gaps. Sociologists already study the employment gap by race (a

social category) that would persist under an intervention to incarceration (a manipulable

treatment, Western 2006), the wage gap by gender (a social category) that would persist un-

der an intervention to equalize occupational attainment (a manipulable treatment, Petersen

and Morgan 1995), and the income gap among those of different family origins (a social

category) under an intervention to send them to college (a manipulable treatment, Zhou

2019). Post-intervention gaps make all of these goals explicitly causal without constraining

the definitions of the categories involved.

The paper proceeds in several sections. First, I define post-intervention gaps and ar-

gue for their importance. Second, I formalize procedures to learn post-intervention gaps from

data, highlighting the causal assumptions required and developing estimation approaches.

Third, I illustrate the method by extending previous work about the gap in pay by class ori-

gins (Laurison and Friedman, 2016). Fourth, I draw connections between post-intervention

gaps and other methods. The paper concludes with implications for social science practice:

post-intervention gaps would transform the study of race, class, and gender by freeing so-

ciologists to make explicitly causal claims about interventions that could close gaps across

social categories, thereby promoting transparency about research goals and assumptions as
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One population of units
Difference between

two populations of units

Descriptive summaries
No intervention

Causal effects
Intervention compares

two treatments per unit

Post-intervention gaps
Intervention assigns

one treatment per unit

Marginal equalization
Intervention equalizes

the rule that assigns
treatments

Conditional equalization
Intervention equalizes

the rule that assigns
treatments within

covariate strata

Descriptive mean
1
n

∑n
i=1 yi

Descriptive gap
1
nx

∑
i:Xi=x

yi
− 1
nx′

∑
j:Xj=x′

yj

Average causal effect

1
n

∑n
i=1

(
yi(t
′)− yi(t)

) Effect heterogeneity

1
nx

∑
i:Xi=x

(
yi(t
′)− yi(t)

)
− 1
nx′

∑
j:Xj=x′

(
yj(t

′)− yj(t)
)

Post-intervention mean
1
n

∑n
i=1 yi(t)

Post-intervention gap
1
nx′

∑
i:Xi=x′

yi(t)

− 1
nx

∑
j:Xj=x

yj(t)

Marginal equalization mean
1
n

∑n
i=1

∑
t πityi(t)

πit = P(T = t)

Marginal equalization gap
1
nx′

∑
i:Xi=x′

∑
t πityi(t)

− 1
nx

∑
j:Xj=x

∑
t πjtyj(t)

πit = P(T = t)

Conditional equalization mean
1
n

∑n
i=1

∑
t πityi(t)

πit = P(T = t | ~L = ~̀
i)

Conditional equalization gap
1
nx′

∑
i:Xi=x′

∑
t πityi(t)

− 1
nx

∑
j:Xj=x

∑
t πjtyj(t)

πit = P(T = t | ~L = ~̀
i)

Table 1. Estimands examining category averages and differences. Post-intervention
gaps are similar to descriptive summaries because they rely on a single potential outcome
or average of potential outcomes for each unit, rather than a difference across treatment
conditions. They are similar to causal effects because they consider counterfactual potential
outcomes under an intervention that might be different from the treatments observed.

3



well as improving the policy-relevance of sociological research.

1.1 Social categories complicate causal inference

Causal inference is most straightforward in settings with crisply-defined treatment

variables. For example, suppose that an athlete with an inflamed tendon considers medica-

tions to reduce inflammation. The difference in their potential inflammation under a dose of

400mg of ibuprofen compared with 200mg of ibuprofen is a well-defined causal effect because

these treatments are extremely precise. One can easily imagine a randomized controlled trial

in which athletes are assigned to each of these dosages, with the causal effect estimated by

the average difference in inflammation across the two treatment conditions. If causal infer-

ence is most straightforward for treatments like ibuprofen, it is not at all straightforward

when social categories are squeezed into the role of a treatment. Problems arise for two key

reasons: (1) social categories are complex constructions with disputed definitions, and (2) it

is conceptually difficult to imagine even a hypothetical manipulation of these categories.

Any operationalization of social categories is bound to be disputed in ways that would

not occur for treatments like ibuprofen. Gender could be operationalized by a binary cate-

gory, but doing so would ignore the fact that this construct is enacted in complex ways unique

to each context (West and Zimmerman, 1987; Butler, 1990; Lorber, 1994), with growing ac-

knowledgment of a diversity of nonbinary sex and gender identities in both public discussion

and academic study (Schilt and Lagos, 2017; Meadow, 2018). The fluidity of gender cat-

egories over social contexts is in many ways analogous to race (Brubaker, 2018). Racial

categories are not inherent properties of individuals but are the product of institutional and

political forces (Davis, 1991; Omi and Winant, 1994). The racial categories with which in-

dividuals self-identify change with shifts in government classification systems (Lee, 1993)

and can even change within an individual’s lifespan in tandem with shifts in other racialized

social statuses (Saperstein and Penner, 2012). What it means for someone to be black is

much more complex and historically contingent than what it means to swallow a particular
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dose of ibuprofen. Class could be operationalized by any number of standard categoriza-

tions (Erikson et al., 1979; Wright, 1997; Weeden and Grusky, 2005), yet one could respond

that none of these categories capture the richness of the durable dispositions embodied in

one’s habitus as a constitutive aspect of class position (Bourdieu, 1980). Because race, class,

and gender are complex social constructions, rigorous study of categorical inequality along

these dimensions benefits from robust discussion about the meaning of analytical categories

and the ever-shifting boundaries between them. Including these variables in a statistical

model without interrogating their meanings risks reinforcing the widespread but incorrect

view that these are fixed characteristics innate to individuals (James, 2008). Such errors are

consequential; scientific discourse can shape public opinion in this regard (Morning, 2011).

The complexity of social categories contributes to the second problem: hypothetical

manipulations to one’s social category are difficult to conceptualize. Although statisticians

view categories like race as fixed characteristics that cannot be understood as causal vari-

ables (Holland, 1986, 2008), social scientists have been incredibly creative at finding settings

in which some aspect of a social category is manipulable (Sen and Wasow, 2016). Our under-

standing of racial discrimination is invaluably improved by evidence that employers’ hiring

decisions can be influenced by even the most modest racial signals (Pager, 2003; Bertrand

and Mullainathan, 2004). Qualitative investigations of gender through the eyes of transgen-

der men who have been perceived in both categories illuminate our understanding of gender

(Schilt, 2010). Class barriers take on a new hue when understood through the stories of those

who have experienced upward mobility (Friedman and Laurison, 2019). Whether through

explicit experimental manipulation of some signal or through the study of individuals whose

categorization has changed over the life course, these studies have contributed greatly to

scientific understanding. Yet, these research designs always leave something on the table.

Retrospective histories of those whose social category changed over the life course require us

to direct attention to a potentially thin slice of the population. Experimental evaluations

that directly manipulate a signal of social categories reduce the definition of these categories
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to a narrow operationalization that may not capture the full force of historical forces that

have constructed the categories. Some have argued that the manipulability problem is so se-

vere that researchers should entirely abandon the counterfactual causal model when studying

constructed categories like race (Kohler-Hausmann, 2018).

Instead of reducing social categories to manipulable signals or abandoning the coun-

terfactual causal model, this paper advocates a strategy to sidestep the problem. The first

step toward this strategy involves an operationalization of socially constructed categories as

collections of individuals. For each person i, let Xi indicate the category membership of that

individual. A social category is the set of all people i such that Xi = x. The category is

“real” only insofar as it denotes a well-defined set of units. For instance, Xi might capture

the self-identified racial category that individual i selects among the options in a particular

survey at a particular time. As many researchers would acknowledge, a variable Xi cannot

capture all the complexity that is race, class, or gender, and it does not necessarily map

onto anything inherent in the identity of the individual. Achieving these ends with an op-

erationalization of a variable is not necessary. All that is necessary is that Xi provides an

analytical tool to distinguish sets of individuals, such that we care about the disparity in an

outcome across the sets.

A perspective that views social categories as mere collections of individuals builds on

established theories of race and ethnicity. It agrees with Brubaker’s (2002) call for viewing

social categories in “disaggregated terms” that are “variable and contingent rather than fixed

and given” rather than falling into a groupism that reifies them as “internally homogeneous

and externally bounded.” This perspective pushes toward language that refers to social

categories (which need not have any internal solidarity) as opposed to social groups, thus

allowing that “the extent to which ‘race’ becomes a basis of group association and identity as

a consequence of imposed racial categorization is historically variable,” (Loveman 1999:892).

A view of categories as collections of individuals takes no position on whether race is a

basis of group association: it is agnostic on this point. Races can have interests that “are
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collective rather than individual” (Bonilla-Silva 1997:470), or their interests can be purely

individual. For the purpose of studying disparities, all that matters is that the population

has individuals labeled with two categories, such that we care about the disparity across

the categories. The causal power or collective solidarity of the categories is an important

argument, but it can be separated from the task of estimating disparities.

1.2 Post-intervention gaps provide a causal framework for

a ubiquitous social scientific research goal

Post-intervention gaps take categories defined as collections of individuals and inter-

vene to assign them to some value of a manipulable treatment. Suppose we have two social

categories (collections of individuals) denoted by the sets {i : Xi = x} and {j : Xj = x′},

such as Americans identified as black and as white in the U.S. Census. Post-intervention

gaps examine the disparity across these collections of individuals that would persist if we

equalized a treatment variable Ti at some value t. For instance, we might consider the

gap that would persist if we intervened to help individuals from both categories complete

a college degree. The estimand requires manipulability of Ti but does not require manipu-

lability of category membership Xi. It makes no claim to have identified the causal effect

of the category Xi, but rather examines the disparity across categories that persists under

an intervention to the treatment Ti. Post-intervention gaps therefore place race, gender,

and class gaps within a causal framework without requiring us to squeeze these variables

into a category of “treatments” where they do not easily fit. We need not argue about that

race, class, and gender can be viewed as assigned categories with well-defined effects (Gangl

2010:39); whether the effect of these categories exists is entirely separate from our goal. A

post-intervention gap simply tells us how the disparity across categories would change under

another well-defined intervention. This knowledge may even be useful for policy: we might

be able to reduce a disparity by intervening on the treatment Ti.

Although researchers rarely state their goal as a combination of a descriptive category
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and a causal treatment, the discussion surrounding published estimates often points directly

toward a post-intervention gap. This is especially true in the study of race, class, and gender.

Those who study race frequently explore the degree to which racial inequality would be

different under alternative sets of institutional arrangements. Western (2006) studies the role

of incarceration in the racial earnings gap among men. Although incarceration substantially

harms earnings, it is rare enough that “the difference in earnings between blacks and whites

would be reduced only by about 3 percent if the incarceration rate were zero,” (Western

2006:127). This is a post-intervention gap because it involves descriptive components (the

initial racial gap and the proportion incarcerated) but turns crucially on a causal effect (the

effect of incarceration on the earnings of black and white men). Ciocca Eller and DiPrete

(2018) examine the black-white gap in college degree completion. They conclude “if black

students matched to colleges in the same way as white students with similar backgrounds,

their dropout rate would decrease from 50.4 to 47.5 percent, and the BA attainment rate

would increase from about 19 to 20 percent,” (Ciocca Eller and DiPrete 2018:1194). Some

studies make explicit the fact that the estimand of interest involves the causal effect of

some treatment. Killewald and Bryan (2016:123) identify the effect of home ownership on

wealth and then conduct a simulation to show that “altering their [blacks] homeownership

experiences to be comparable to those of whites would substantially narrow race gaps in

midlife wealth.” The study of racial gaps quite often turns to the question of how these gaps

would differ if an intervention occurred to some policy-amenable variable.

Studies of social class often invoke questions about the gap that would persist across

class origins if we intervened to help people attain some treatment that could potentially

break them free from the constraints of birth. In the example to which this paper returns

repeatedly, Laurison and Friedman (2016) study the earnings of British workers in higher

managerial and professional occupations. Within this subcategory, the authors examine the

class gap in pay between the intergenerationally stable (those whose parents were in this

class) and the upwardly mobile (those whose parents were in a lower occupational class).
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The authors control for a series of variables that might be consequences of class origins

(a social category X) but causes of class destinations (a manipulable treatment T ). This

estimand can be framed causally as a post-intervention gap: the difference in pay between

those of lower- and upper-class backgrounds, if we intervened to assign them to upper-class

destinations. Similarly, studies about the role education in social mobility often involve

implicit claims about the post-intervention gap between those of different family origins if

we intervened to send them to college (Hout, 1988; Torche, 2011; Zhou, 2019).

Gender inequality likewise begets claims about how gender gaps would be different

under alternative conditions. For instance, the gender wage gap within jobs is very small.

Petersen and Morgan (1995:338) motivate this estimand clearly in language that closely re-

sembles a post-intervention gap: “Suppose sex segregation—by occupation, establishment,

or occupation-establishment—were abolished; what then would the remaining gender rela-

tive wages be?” The gender wage gap is purely a descriptive quantity, but the hypothetical

intervention of equalizing the distribution across occupations and establishments invokes a

causal effect of occupations and establishments on wages. Given persistent gender segrega-

tion across occupations with unequal pay (Blau and Kahn, 2017), this post-intervention gap

remains central to the study of gender wage inequality today.

1.3 Potential outcomes make post-intervention gaps precise

Post-intervention gaps require us to infer the expected outcome that a randomly

sampled individual of each category of interest would realize under a particular intervention.

The language of causal inference provides one tool to formalize this goal. This section

briefly reviews results by VanderWeele and Robinson (2014) and Jackson and VanderWeele

(2018) which formalize the notion of disparities that persist under an intervention. I use

the the potential outcomes notation of Imbens and Rubin (2015). Let yi(t) denote the

potential outcome that unit i would realize under an intervention to fix treatment at a

value Ti = t. Define the post-intervention mean θx(t) as the average potential outcome
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yi(t) in the subcategory with Xi = x. A post-intervention gap is the difference between the

post-intervention means for two subcategories.

Post-intervention mean: θx(t) ≡

Mean over collection of
individuals with Xi=x︷ ︸︸ ︷

1

nx︸︷︷︸
Number

with Xi=x

∑
i such that
Xi=x

of the potential
outcome under

treatment value t︷︸︸︷
yi(t) (1)

Post-intervention gap: τx′,x(t) ≡ θx′(t)︸ ︷︷ ︸
Post-intervention

mean in category x′

− θx′(t)︸ ︷︷ ︸
Post-intervention
mean in category x

(2)

The estimand τx′,x(t) is a function of the treatment value t because the gap may differ if

treatment is equalized at different values: τx′,x(t) 6= τx′,x(t
′).

1.4 Post-intervention gaps involve a local intervention

A post-intervention gap could be interpreted in two ways: globally and locally. Inter-

preted globally, one could say that the post-intervention gap captures the disparity across

categories that would persist under a massive intervention to assign all units in the population

to treatment t simultaneously. Interpreted locally, one could say that the post-intervention

gap captures the average disparity we would expect if we sampled a small number of individ-

uals from both categories and assigned them to treatment t. While sociologists often default

to the global interpretation, the local interpretation is both more empirically defensible and

more relevant for policy.

Global interpretations are common in sociology. The examples highlighted previously

dealt with interventions to set the incarceration rate to zero (Western 2006:127), to abolish

occupational sex segregation (Petersen and Morgan 1995:338), or to create “a utopian world

of ‘college for all’,” (Zhou 2019:466). All of these claims involve interventions that simultane-

ously alter the treatment assignments of vast swaths of the population. They correspond to

an essential strength of the discipline: our willingness to reason about what Wright (2013)

terms “emancipatory alternatives to dominant institutions and social structures” that in-
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volve a “sociology of the possible, not just the actual.” The problem of inequality is so

immense that it is sometimes important to speculate about massive interventions that might

help.

Yet inference about a world in which treatment assignments were radically changed

at the population level must be labeled as what it is: speculation. To take one example,

only 35% of the U.S. population ages 25 and older in 2018 held a bachelor’s degree or higher

(author’s tabulation from Table 3 in U.S. Census Bureau 2019). An intervention to send

one more individual to college might be empirically tractable, but a world in which everyone

attended college would be radically different from the world in which we live. The structure of

the labor market would change markedly under such a massive intervention. Past studies of

education expansion have shown that elites find ways to maintain their advantages (Raftery

and Hout, 1993; Lucas, 2001) and that the benefits of being in the pool of college graduates

may decline as the size of that pool grows (Horowitz, 2018). Thus, the outcome realized

under a college degree depends on how many other people are also assigned to a college

degree. While speculation about a population-level intervention can be suggestive, it must

be paired with transparency about the limited empirical base from which one can draw

sweeping conclusions about a world in which the treatment assignments of many units are

all changed simultaneously.1

A local interpretation of Eq. 2 is more empirically tractable. Fig. 1 illustrates the local

interpretation by appeal to a hypothetical experiment. First, randomly sample one unit from

each subcategory X = x′ and X = x. Then, intervene to assign treatment value t for each of

these units and record the gap in the outcome. Finally, average over many repetitions of this

procedure. Although this experiment may not be feasible in practice, it clarifies a research

1The general equilibrium problem is assumed away under standard individualistic definitions of potential
outcomes as functions yi(t) of each individual’s treatment rather than functions yi(~t) of the treatments in the
entire population. Related work in epidemiology about disparities that persist under an intervention follows
this definition and otherwise does not mention the issue of local and general equilibrium (Jackson and Van-
derWeele, 2018). Yet, it is well-known that individualistic potential outcomes are at best an approximation
(Imbens and Rubin 2015:11). Researchers should be cautious about drawing general equilibrium claims that
rely heavily on this assumption.
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i : Xi = x′

• • •
• •

j : Xj = x
• • •
• •

Pre-existing
categories

Sample 1 person
per category

• •

Apply the
intervention

Assign Ti = t
Observe yi(t)

Assign Tj = t
Observe yj(t)

Record the difference: yi(t)− yj(t)

Average over
many repetitions

Fig. 1. A post-intervention gap corresponds to a local experiment. Although this
paper estimates post-intervention gaps with observational data, a hypothetical experiment
helps to clarify the research goal. The tractable estimand is not the gap that would persist
under a massive intervention to assign all units to treatment t simultaneously. Instead, it
corresponds to the average over many repetitions of the gap between a pair of randomly
selected units assigned to treatment t. By appealing to this local experiment, researchers
can avoid a widespread problem of general equilibrium interpretations in sociology (Sec. 1.4)

goal that is much closer to the observed data because it only considers changing the treatment

assignments of two units at a time. One might take the local evidence and speculate about

what could happen under a global intervention, but such extrapolation should be recognized

as speculation. Appeal to the hypothetical experiment can help us partition claims about

post-intervention gaps into those that are empirically supported (local claims) and those

that require substantial additional speculation beyond the scope of the data (global claims).

1.5 An explicit causal goal allows more complex interventions

The discussion above has focused on the post-intervention gap when a treatment is

equalized at a fixed value t. It is also possible to equalize the assignment rule by which

one of the candidate treatments is assigned to each unit. Let a matrix π denote treatment

probabilities with each row indexing an individual i and each column indexing a treatment
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value t. Let each element πit denote the probability that person i is assigned to treatment

t under the assignment rule, such that
∑

t πit = 1 for each individual i. Eq. 3 states the

post-intervention mean if the treatment assignment rule is set to π.

θx(π) =
1

nx

∑
i such that
Xi=x

∑
t

πit︸︷︷︸
Probability that unit i
assigned to treatment t
under the intervention

yi(t)︸︷︷︸
Potential outcome
under treatment t

(3)

As with assignment to a single treatment, the post-intervention gap τx′,x(π) = θx′(π)− θx(π)

is best understood with respect to a local experiment: randomly sample units from each

category, assign them a treatment by the rule, record the gap in the outcomes, and average

over many hypothetical interventions (Fig. 1).

Two assignment rules are of particular interest. First, we might assign each unit

to treatment t with probability equal to the marginal prevalence of that treatment in the

population.

Marginal equalization: πMarginal
it = P(T = t)︸ ︷︷ ︸

Independent of X and ~L

∀i (4)

In the study of pay gaps by class origin, marginal equalization would assign each individual

to an occupational class T with probability proportional to the size of that class in the

general population. The gap under marginal equalization is a weighted average of the post-

intervention gaps that would persist under each particular treatment.

τ
(
πMarginal

)
=
∑
t

P(T = t)︸ ︷︷ ︸
Weight on treatment t

(independent of X and ~L)

τx′,x(t)︸ ︷︷ ︸
Post-intervention gap

under treatment value t

(5)

A second assignment rule is conditional equalization: assign treatments to each unit
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according to their conditional distribution within each covariate stratum ~L.

Conditional equalization: πConditional
it = P

(
T = t | ~L = ~̀

i

)
︸ ︷︷ ︸
Independent of X given ~L

∀i (6)

Conditional equalization assigns treatments independently of category membership X within

subcategories of the covariates ~L. The covariates ~L may be unequally distributed across the

social category X, however. If X indicates class origin, ~L includes completion of college,

and T is occupational attainment, then conditional equalization may still assign those of

upper class origins X to high-paying occupations T at higher rates because they are more

likely to complete college ~L compared with those of lower class origins. Conditional equal-

ization is therefore an assignment rule that still allocates treatments with different marginal

probabilities across the categories.

The benefit of conditional equalization is that it restricts us to interventions that

are realistic: treatment t only receives substantial weight if observationally-similar (~L = ~̀)

cases actually received this treatment. Formally, this improves the credibility of a required

positivity assumption (Sec. 2.1) that unit i has non-zero probability of receiving treatment

t. It avoids estimands that may include unrealistic interventions: if we have not observed

any individuals with less than a high school degree ~L employed as lawyers T , a conditional

equalization assignment rule for occupations will place zero weight on the (unrealistic) po-

tential earnings that these individuals would realize in the implausible world in which they

were employed as lawyers.

2 Learning post-intervention gaps from data

Like causal effects, post-intervention gaps involve potential outcomes that are not

observed for some units. For this reason, strategies to learn post-intervention gaps are

analogous to those that are already standard for estimating causal effects. Both settings
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require untestable identification assumptions that must be defended on conceptual grounds as

well as an estimation approach. This section applies the general techniques that already exist

for estimating causal effects to the specific setting of post-intervention gaps. Throughout the

discussion, I focus on estimating the post-intervention mean θx(t) in one subcategory. Given

estimates θ̂x′(t) and θ̂x(t), an estimate of the post-intervention gap τx′,x(t) is straightforward

as the difference between the estimated post-intervention means.

2.1 Identification

The post-intervention mean θx(t) is the average of the potential outcome yi(t) for

all individuals i in the subcategory with Xi = x. Only some of these individuals, however,

are actually observed with treatment Ti = t. The fundamental problem of causal inference

(Holland, 1986) is that we do not observe the potential outcome yi(t) for units with Ti 6=

t. The only way to learn θx(t) is by untestable assumptions about these data that are

not observed. The terminology for these assumptions differs across statistics (Imbens and

Rubin, 2015), computer science (Pearl, 2000), economics (Angrist and Pischke, 2008), and

biostatistics (Hernán and Robins, 2020). Because the study of disparities that persist after

equalizing a treatment is most developed in biostatistics, I use the three assumptions most

common in biostatistics. The first assumption (consistency, Yi = yi(Ti)) equates the observed

outcome with the potential outcome each unit would realize under its observed treatment

assignment; it is the link between potential outcomes and observed random variables. The

second assumption (positivity, P(Ti = t) > 0) requires that each unit has non-zero probability

of receiving the treatment value t of interest; if positivity did not hold, the post-intervention

gap under that quantity would be a philosophical rather than an empirical question. The

third assumption (conditional mean independence) requires that treatment assignment T is

unconfounded given the observed covariates. This is the same assumption that would be

applied to two treatment levels t and t′ if our aim was to estimate the causal effect of an

intervention from t to t′. Appendix A provides more details about these assumptions and
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proves that they are sufficient for identification.

Fig. 2 illustrates key issues in the identification of post-intervention gaps using Di-

rected Acyclic Graphs (DAGs, Pearl 2000).2 The central benefit of post-intervention gaps is

that they can be identified under a wide range of assumptions about the social category X.

A social category X like race may be understood as assigned prior to all other variables (Sen

and Wasow, 2016), so that covariates ~L are potential consequences of race (Panel A). The

ability to adjust for these variables when estimating the potential outcome under treatment

T is critical. On the other hand, whether social categories like race have causal effects is

a heavily-debated subject (Rubin, 1986; Holland, 2008; Glymour and Glymour, 2014). For

those who believe race has no causal effect, post-intervention gaps can still be identified in

this setting (Panel B). Further, some critics suggest that self-reported social categories may

be consequences rather than causes of changes in other variables that are part of the social

construction of race (Saperstein and Penner, 2012). In the DAG, the social category X can

be a consequence of other covariates ~L without undermining identification (Panel C). The

reason for this flexibility is that X is not regarded as a causal treatment, but instead is

simply a marker of two collections of units across which we seek to summarize a gap.

A post-intervention gap is identified whenever the expected potential outcome under

treatment t is identified. The conditions for this are similar to the conditions for identifying

the causal effect of the treatment T on the outcome Y . If a backdoor path cannot be

blocked due to an unobserved variable V that affects both the treatment and the outcome,

then the post-intervention gap is not identified (Panel D). As in the estimation of causal

effects, confoundedness can also arise in more complex situations (Panel E). If the pre-

treatment covariates ~L are a consequence both of an unobserved variable U that also affects

2A DAG invokes assumptions that are stronger than needed for conditional mean independence. A DAG
implies that treatment is independent of the potential outcomes given the conditioning set. The weaker
condition that the mean of the potential outcomes is independent of treatment is sufficient. Second, because
a post-intervention gap focuses exclusively on one treatment level t, conditional mean independence only
needs to hold for that treatment level. The other potential outcomes, which are not the object of study, may
be related to treatment assignment without threatening identification. Despite making stronger assumptions
than necessary, DAGs facilitate reasoned argument about these assumptions.
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A post-intervention gap is identified under a wide range of assumptions about X.

A) X can have causal effects

U

~L

X

T Y

B) X can have no causal effects

U

~L

X

T Y

C) X can be a consequence of ~L

U

~L

X

T Y

Above, the causal effect of X does not exist (B) or is not identified (A,C) due to the
backdoor path X ← U → Y through unobserved U . The post-intervention gap is
nonetheless identified.

A post-intervention gap is not identified when T → Y is not identified.

D) Classic confounding

U

~L

X

T Y

V

E) M -bias (Greenland et al., 1999)

U

~L

X

T Y

V

Fig. 2. Identification of post-intervention gaps. Observed variables include the social
category X (e.g. race, class, gender), the manipulable treatment variable T (e.g. college

completion, occupational attainment), and other pre-treatment covariates ~L. Nodes U and
V are unobserved. The blue T → Y edge represents the causal effect that must be identified.
The red edges in (D–E) represent threats to identification. DAGs present assumptions that
are stronger than needed; identification is possible under the slightly weaker assumption of
conditional mean independence for the potential outcome Y (t) under the treatment value t
of interest (Appendix A).
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the outcome directly and an unobserved variable V that also affects the treatment directly,

then ~L is a collider variable and conditioning on it can open a backdoor path T ← V → ~L ←

U → Y (Elwert and Winship, 2014). Post-intervention gaps can therefore be susceptible to

problems of M -bias that can threaten identification of causal effects (Greenland et al., 1999;

Greenland, 2003). This possibility illustrates the need for a clear translation between our

beliefs about the causal structure of the world and the mathematical assumptions required

for identification, similar to the need in any setting targeting estimation of causal effects.

By leaving the causal nature of post-intervention gaps implicit, standard research practices

lack the ability to reason clearly about these assumptions.

2.2 Estimation

When some potential outcomes are unobserved, a post-intervention gap can be esti-

mated by building a model of the outcome, building a model of the treatment, or combin-

ing the two in a doubly-robust approach. These general classes of approaches are already

well-established (Robins and Rotnitzky, 1992; Bang and Robins, 2005; Chernozhukov et al.,

2018), and the contribution of this section is to apply these general approaches to the specific

setting of post-intervention gaps. To focus on the general ideas in the simplest setting, I

focus on inferring the post-intervention mean θx(t) under a single treatment value t using a

simple random sample. Appendix B extends this estimator to the marginal and conditional

equalization estimands and to the setting of a complex survey sample.

The central hurdle to estimation is that some potential outcomes yi(t) are unobserved.

By the identification assumptions, we can impute the expected potential outcome by using

the observed outcomes for observationally-similar units with equivalent values of X and

~L. In a limited sample size, however, we may not observe very many individuals with any

particular value of these predictors. An outcome model shares information across the values
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of the predictors according to an assumed model specification g().

Outcome model: g(t, x, ~̀) = IE(Y | T = t,X = x, ~L = ~̀) (7)

For example, one could estimate g() by an OLS regression with T , X, and ~L included

as predictors. In an approach known as the g-formula (Robins 1986, Hernán and Robins

2020:166), we could replace unknown potential outcomes with an estimate ĝ(), thereby im-

puting the potential outcome under treatment t for all units regardless of whether that

particular unit is observed in this treatment condition.

θ̂Imputation
x (t) =

1

nx

∑
i such that
Xi=x︸ ︷︷ ︸

Mean in category x

ĝ(t, x, ~̀i)︸ ︷︷ ︸
of imputed outcome
under treatment t

(8)

An estimate ĝ() of the outcome function thus translates to an estimate θ̂Imputation
x of the

post-intervention gap.

In some settings, a researcher may be better-equipped to build a model of treatment

assignment instead of a model of the outcome. The generalized propensity score (Imbens,

2000) generalizes treatment modeling to the task of inferring the population-average potential

outcome under a single treatment value t. The first task in such an approach is to build a

propensity score model m() for that particular treatment value.

Treatment model: m(t, x, ~̀) = P(T = t | X = x, ~L = ~̀) (9)

For example, one could estimate m() by a logistic regression model for whether T = t,

with X and ~L included as predictors. The task of inferring the population-average potential

outcome then becomes analogous to the task of inferring a population mean from a prob-

ability sample. In a probability sample, one would infer the population mean of Yi by a

weighted mean of the observed Yi, weighted by the inverse probability of inclusion in the
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sample (Horvitz and Thompson, 1952). In the present setting, one would infer the popula-

tion mean of yi(t) by a weighted mean of the observed yi(t), which are observed if unit i is

observed with Ti = t so that Yi = yi(t) with weights equal to the probability that Ti = t.

The generalized propensity score m() plays the role of the probability of sample inclusion

(Rosenbaum and Rubin, 1983; Robins, 1986).

θ̂IPWx (t) =
1∑

i:Xi=x
I(Ti=t)
m̂(x,t,~̀i)

∑
i:Xi=x′

1

m̂(x, t, ~̀i)︸ ︷︷ ︸
Inverse probability weighted mean

Yi︸︷︷︸
of observed
outcomes

I(Ti = t)︸ ︷︷ ︸
among
treated
units

(10)

An estimate m̂() of the generalized propensity score thus translates to an estimate θ̂IPWx of

the post-intervention gap.

Doubly robust approaches combine treatment and outcome modeling to yield an

estimator that is consistent if either the estimated treatment model ĝ() or the estimated

outcome model m̂() is correct (Robins and Rotnitzky, 1992; Bang and Robins, 2005; Glynn

and Quinn, 2010). Although the mathematical form of these estimators can appear complex,

the intuition behind them is relatively straightforward. We might begin with an imputation

estimate θ̂Imputation
x (t) based on an outcome model ĝ(). However, that outcome model ĝ() may

be systematically biased due to model misspecification that is more severe at some covariate

values. For the units with Ti = t, we are able to observe these errors ĝ(t, x, ~̀i) − Yi. By

reweighting the errors by the inverse probability of treatment, we can estimate the bias of

the imputed potential outcomes in the target population. An augmented inverse probability

weighting (AIPW) estimator subtracts the estimated bias off from the imputation estimator.

θ̂AIPW
x (t) =

Imputation
estimate︷ ︸︸ ︷

θ̂Imputation
x (t)−

Augmentation term to correct for the average error of ĝ()︷ ︸︸ ︷
1∑

i:Xi=x
I(Ti=t)
m̂(x,t,~̀i)

∑
i:Xi=x′

1

m̂(x, t, ~̀i)︸ ︷︷ ︸
Inverse probability weighted mean

(
ĝ(t, x, ~̀i)− Yi

)
︸ ︷︷ ︸

of observed
errors

I(Ti = t)︸ ︷︷ ︸
among
treated
units

(11)
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All of the estimators above have assumed that we know the parametric form of the

treatment model m() or the outcome model g(), such as a particular assumed OLS or logistic

regression model. If these parametric forms are unknown, one might employ a flexible

machine learning approach to predict the treatment (McCaffrey et al., 2004; Lee et al.,

2010) or the outcome (Hill, 2011). The danger of this strategy is that predictive algorithms

make a tradeoff between bias and variance when estimating ĝ() and m̂(). Even if this tradeoff

is optimal for predicting the individual treatments Ti and outcomes Yi, it may be suboptimal

for estimating the aggregate post-intervention mean θx(t). Appendix B.4 discusses how the

AIPW estimator can be improved by sample splitting if machine learning tools are used for

estimation (Robins et al., 2008; Zheng and van der Laan, 2011; Chernozhukov et al., 2018).

All of these estimation procedures can be extended to marginal and conditional equal-

ization estimands and to estimation from complex survey samples (Appendix B). Although

the formulas are more involved, the core ideas are equivalent to the simpler case above. For

this reason, these estimators are presented in the appendices only. Variance estimation is

possible by computational strategies such as the bootstrap in simple random samples and

balanced repeated replication in complex surveys (Appendix C). Appendix F demonstrates

that the estimators perform well in a simulated setting.

3 Empirical example: Class ceiling in pay

Laurison and Friedman (2016) explore the log incomes of British workers who attain

higher managerial and professional occupations. Among this high-attainment subcategory,

mean log income is still lower for those whose parents held working-class occupations. The

authors coin the term “class ceiling” for this intriguing descriptive result. I extend this

result to a related estimand which is causal: what gap in pay by class origin would per-

sist if we randomly assigned individuals to higher managerial and professional occupational

destinations? This post-intervention gap makes no restrictions on the meaning or causal
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importance of class origin Xi (the social category), which simply denotes the collections of

individuals whose parent held a working-class vs. professional occupation. The estimand di-

rects attention to the manipulable treatment Ti: one’s own occupational attainment, coded

into a binary indicator. It becomes important to adjust for observed confounders ~Li of the

association between one’s own occupational attainment and pay, but not of confounders

between class origin and pay. The end product is a post-intervention gap that answers a

straightforward question: whether an intervention to one’s own occupational attainment Ti

can break one free from the constraints of class origin Xi.

I assess this new question in the U.S. context. To highlight the concept of a post-

intervention gap, I keep other aspects of the empirical example as simple as possible (e.g.

only four control variables). The purpose of this example is to make a post-intervention gap

concrete, not to provide the final word on the class ceiling in the United States. Results

indicate that a post-intervention gap points toward a substantively different research goal

with a different point estimate from the regression coefficients that lie at the core of a

traditional approach.

3.1 Sample

I analyze data from the pooled 1975–2018 General Social Survey (GSS, Smith et al.

2018).3 The advantage of the GSS is that it has consistently asked questions about the

respondent’s occupation and the occupation of the father figure with whom the respondent

lived at age 16, making it a standard dataset in the study of social mobility (Jonsson et al.,

2009; Beller, 2009; Pfeffer and Hertel, 2015). Because the analysis focuses on respondent-level

variables and only one respondent per household was interviewed, those residing in larger

households had lower probabilities of selection. These weights are incorporated into the

analysis as formalized in Appendices C–E. Because I pool across years, I adjust the weight

variable to give equal total weight to each survey year in the analytic sample. Pooling across

3This excludes the 1972 and 1973 waves, in which respondent incomes were not recorded, and the 1974
wave, in which the sample design variables used to calculate standard errors are unavailable.
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years yields a sufficiently large sample to illustrate the key differences between the post-

intervention gap and other estimands of potential interest; future research might explore

how the post-intervention gap has changed over time. I restrict the sample to those in the

prime working ages of 30–45 (N = 19, 617) for whom the occupation of the father figure is

not a valid skip (e.g. a father figure exists, N = 15, 929), own occupation is not a valid skip

(e.g. respondent has been employed, N = 15, 502), and income in the past year is non-zero

(N = 12, 328). Missing values on other variables (less than 3% per variable, weighted) are

singly imputed for constructing each point estimate, with imputation conducted separately

on each balanced repeated replicate simulation to capture uncertainty (Appendix C).

3.2 Variables

I operationalize class by whether an individual holds an occupation in Class I of the

Erikson-Goldthorpe-Portocarero (EGP) schema (Erikson et al., 1979), which Laurison and

Friedman (2016) highlight as the U.S. parallel to the U.K. National Statistics Socioeconomic

Classification used in their study. Class I occupations are a broad set of higher manage-

rial and professional jobs including managers, engineers, scientists, and lawyers. The GSS

harmonizes occupations according to 2010 Census codes, and I categorize these into EGP

classes according to a crosswalk provided in a GSS methodological memo (Morgan, 2017).

Although the EGP schema is not designed to represent a single dimension of occupational

hierarchy, for simplicity of discussion I use the term upper class in reference to all EGP Class

I occupations and lower class in reference to all other occupations.

The social category X is an indicator for having upper class origins: whether one’s

father held a Class I occupation (10.1% of sample, weighted). Conceptually, I make no as-

sumption that one could intervene on this variable, and it is allowed to encompass all the

complexity that class origins entail. The gap-closing intervention T is an indicator for having

an upper class destination: whether one personally attains a Class I occupation (9.6% of

sample, weighted). This intervention is subject to hypothetical manipulation, which is em-
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pirically tractable because we observe some pre-treatment covariates that are causally prior

to this treatment. The outcome Y is log annual income. To identify the post-intervention

gap, I condition on a set of confounding variables ~L that are likely to affect attainment of an

upper class destination and also affect income directly. Because the aim is not to estimate

the effect of the social category, these variables may be consequences of class origins with

no consequence. I condition on race (white, black, other), sex, age, and highest degree at-

tained (less than high school, high school, junior college, bachelor’s, or a graduate degree).

Appendix Table 2 provides descriptive statistics.

3.3 Identification

Identification in this setting is similar to the general discussion of Sec. 2.1. The

post-intervention gap under class destination t is identified if the population average poten-

tial outcome under this class destination is equal for those observed and not observed in

this class destination, within subgroups of the observed covariates. Identification of causal

effects in mobility research is always challenging, and this assumption is unlikely to hold

perfectly, especially with only four covariates. The aim of this paper is to introduce esti-

mation procedures for post-intervention gaps, and the decision to focus on a setting with

only a few covariates highlights how this research goal can yield conclusions that are sub-

stantially different from standard practice even when the set of control variables is relatively

simple. Future work might re-estimate post-intervention gaps involving class mobility in

other settings where the identification assumptions are more plausible but which would be

more complex for illustrating the method.

3.4 Estimation

I estimate the outcome function g and the treatment propensity function m by ordi-

nary least squares and logistic regression, respectively (Appendix Table 3). I aggregate these

functions to an estimate by the AIPW estimator (Eq. 11), with estimates by the alternative
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approaches reported in Appendix Fig. 4. I estimate the variance by balanced repeated repli-

cation (BRR), a computational strategy for variance estimation in complex survey samples

(Krewski and Rao 1981:1013). Appendix C details the variance estimation procedure.

3.5 Results

Fig. 3 presents results. Log incomes are 0.32 points higher for those from upper

class origins as opposed to lower class origins. One might argue that this unadjusted gap is

driven by the fact that 24 % of those from upper class origins attain upper class destinations

compared with only 8 % of those from lower class origins (Appendix Table 2). The post-

intervention gap addresses this question: if we randomly chose people of lower and upper

class origins and assigned them to upper class destinations, the gap would fall only slightly,

to τ̂(1) = 0.29. This reinforces the general conclusion of Laurison and Friedman (2016):

attaining an upper class occupation is insufficient to erase the disparity by class origin. It

just reinforces it to a much greater degree than the conclusions of the original paper: one’s

own attainment of an upper class destination reduces the disadvantage of class origin by

only a tiny amount.

The confidence interval for τ(1) is extremely wide. This occurs because the proportion

of the sample observed in upper class destinations is relatively small (10 %), so that we

have limited evidence about outcomes under this treatment. In contrast, the gap by class

origins that would persist under an intervention to prevent individuals from attaining high

class destinations (τ(0) = 0.23) is estimated with substantially greater precision. Specificity

about the intervention to the treatment (τ(0) vs. τ(1)) can be crucial for both the point

estimate and the confidence interval.

More complex interventions are also possible. If individuals were assigned to class

destinations with probabilities proportional to their marginal prevalence, then 9.6 % of those

from each class origin would be assigned to upper class destinations. The resulting post-

intervention gap under marginal equalization of τ̂(πMarginal) = 0.23 is approximately equal
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Fig. 3. Equalizing occupational class destinations only slightly closes the pay
gap by class origins in the U.S. Result illustrates a conceptual idea from Laurison and
Friedman (2016). Data come from the pooled 1975–2018 General Social Survey. Incomes
are in constant 1986 dollars, logged for analysis. The unadjusted gap (0.32) is the mean
difference in log incomes across two social categories: those from upper class origins (father
figure held an EGP-Class 1 occupation) compared with lower class origins (all others). Under
an intervention to send individuals of both categories to an upper (lower) class destination,
the gap would be reduced to 0.29 (0.23). If we sent individuals to class destinations by
their marginal prevalence (10% upper, 90% lower), the gap in pay by class origins would
be 0.23. If we sent individuals to class destinations by their conditional prevalences within
subcategories of covariates other than class origin, the gap by class origin would be 0.29. All
estimates rely on augmented inverse probability weighting estimators (Eq. 11) with g and
m estimated by weighted linear and logistic regression, respectively (Table 3). Confidence
intervals are calculated by balanced repeated replication (Appendix C). Appendix Fig. 4
presents estimates under alternative estimation approaches. The dashed line represents
the coefficient on an upper class origin in an OLS regression that also includes the other
covariates: race, sex, age, and education (Table 3 Column 1). Because this standard practice
holds all of these variables constant, it does not correspond to a post-intervention gap.

to τ̂(0) since the proportion assigned to upper class destinations by this intervention is

relatively small. The final estimate in Fig. 3 shows the gap that would persist under a

conditional equalization intervention that assigned upper vs. lower class destinations based

on their relative prevalence conditional on covariates, independently of class origins within
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covariate subcategories. The estimated gap of τ̂(πConditional) = 0.29 is slightly higher than

the gap under marginal equalization, as should be expected since conditional equalization

does not fully equalize occupational destinations. Because those from upper class origins

attain more education, for instance, conditional equalization assigns them to upper class

destinations with an average probability of 0.18 compared with 0.09 for those of lower class

origins.

3.6 All post-intervention gaps are far from standard practice

All of the post-intervention gaps are far from the quantity that researchers often

report: a regression coefficient. A common empirical approach examines the gap in the

outcome Y across the social category X unconditionally and then conditional on a set of

other variables, for instance by adding them to an OLS regression model. This empirical

strategy does not target a post-intervention gap because it examines a descriptive comparison

across categories once all the predictors are held constant. In an OLS regression that includes

all of the predictors, the coefficient on having an upper class family origin is only 0.01 (dashed

line in Fig. 3).4 It is much smaller than the post-intervention gap under any of the considered

interventions to class destination alone. The fact that the regression coefficient is smaller

is unsurprising: it holds everything constant, whereas a post-intervention gap focuses on an

intervention to a single variable. Nothing is inherently wrong with either estimate; they just

target different estimands of potential interest. Post-intervention gaps allow one to focus on

the degree to which a specific variable closes a gap, rather than examining that gap while

holding many variables constant simultaneously. The coefficient tells us that a descriptive

gap by class origins remains net of many confounding variables, but it misses a key takeaway

of the post-intervention gaps in Fig. 3: an intervention to equalize class destinations would

4The coefficient of Fig. 3 is not identical to the model specification of Laurison and Friedman (2016).
In addition to using data from a different country with different control variables, Laurison and Friedman
(2016) restrict the analytic sample to those who attain an upper class occupational destination (T = 1).
Following that strategy in these data yields a coefficient of 0.11, which is still smaller than any of the
estimated post-intervention gaps.
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hardly close the gap in pay by class origins at all.

Sociologists have learned much from the widespread study of conditional gap esti-

mands estimated by regression coefficients. Post-intervention gaps do not undermine what

prior research has shown: they simply unlock opportunities for new research goals that may

have been missed in many subfields due to the default tendency of sociologists to focus on

regression coefficients. Post-intervention gaps represent one response to calls by sociolo-

gists for studies to explore estimands that are more complex than any single coefficient of a

regression model (Lundberg et al., 2020).

4 Related estimands

Post-intervention gaps are closely related to several other common estimands: Blinder-

Oaxaca decompositions, controlled mobility, treatment effect deviation, and controlled direct

effects. The intended audience of this section is specialists who may wonder how the estimand

in this study differs from related quantities of interest.

4.1 Blinder-Oaxaca decompositions

Conditional gap estimands that adjust for many covariates appear frequently in so-

ciological research in the form of Blinder-Oaxaca decompositions. Originally proposed by

Blinder (1973) and Oaxaca (1973), this technique (or the extension to generalized linear mod-

els by Fairlie 2005) appears in examinations of inequality over numerous social categories

in sociology: class origins (Laurison and Friedman, 2016), race (Ciocca Eller and DiPrete,

2018), disability (Shandra, 2018), sexual orientation (Mize, 2016), and gender (Weisshaar,

2017), to name a few. These decompositions inherit the problems of fully conditional esti-

mands. They tell us about the descriptive gap among those who are equal on all observed

covariates, but without additional assumptions they say nothing about what gap would

persist under an intervention to a particular treatment of interest.
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The interpretations authors give to Blinder-Oaxaca decompositions, however, fre-

quently reach beyond the descriptive claim to a causal goal. It is common to attribute

“sources” of the gap or to reason about what gap would persist if covariates were equal.

For example, Mize (2016:1144) writes “even if bisexual women had the same education,

were in similar professions, of a similar age, and equivalent on all other characteristics—

they would still earn less than heterosexual women.” This claim invokes a causal quantity:

what would happen under an alternative state of the world. In that sense, the goal stated

in the text is closer in spirit to a post-intervention gap than to the descriptive quantity

estimated by a Blinder-Oaxaca decomposition. This goal, however, is far more grand than

a post-intervention gap. It seems to require an intervention to education, profession, age,

and all other characteristics at once. Further, it appears to involve an intervention to these

variables for all individuals simultaneously, creating challenges for inference about global

interventions and generalized equilibrium effects. Rather than drawing sweeping conclusions

from a descriptive decomposition, I propose that researchers use post-intervention gaps to

formally identify the effect of a specific intervention to one variable, with transparency about

the required identification assumptions.

4.2 Treatment effect deviation

An and Glynn (2019) propose an extension of Blinder-Oaxaca decomposition to a

causal framework. Their discussion differs from the present paper in one critical respect:

they conceptualize the social category as a treatment which could be manipulated. The

authors show that a Blinder-Oaxaca decomposition in this setting decomposes a difference

between the two treatment arms into a selection component (endowment effects) and a

causal component (coefficient effects), under a linear parametric assumption. To move away

from the parametric assumption, they propose a new estimand—treatment effect deviation—

which explores how the estimated causal effect of a social category changes when a given

pre-treatment covariate is omitted from the model or the matching procedure. Treatment
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effect deviation is an important contribution that may be especially useful when the social

category is a manipulable treatment, but it does not apply to the setting of a difference

across non-manipulable categories that is causally modified by some intervention. For this

setting, a post-intervention gap is necessary.

4.3 Controlled mobility

Zhou (2019) proposes an estimand—controlled mobility—which can be interpreted

as a special case of post-intervention gaps. The paper focuses on the role of education in

intergenerational income mobility, following substantial prior literature (Hout, 1988; Torche,

2011). The gap is the income differential in adulthood among those who begin with different

family incomes in childhood, and the intervention is completion of a college degree. The

controlled mobility estimand is defined as follows.

Controlled mobility...reflects the degree of mobility we would observe among col-

lege graduates if, given parental income, college graduation did not depend on

other predictors of adult income (i.e., after we control for selection processes that

may confound the causal effect of a college degree on intergenerational mobility).

(Zhou 2019:466).

This definition makes an important contribution by highlighting the need to adjust for con-

founders of the college-income association. Yet it falls short of the precision possible in

post-intervention gaps in three key respects. First, while the text statement invokes a causal

effect, the mathematical statement (Eq. 4 in the original paper) defines this quantity without

potential outcomes or do-operators, thus not invoking any formal framework of causal infer-

ence (see Sec. 1.3). Second, the author draws a general equilibrium conclusion about “college

for all” (Zhou 2019:466); this relies on speculation beyond the local evidence available in the

data (see Sec. 1.4). Third, the definition of controlled mobility by a particular conditional

independence assumption points toward a particular class of estimation strategies: those
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that focus on adjustment of the distribution of pre-treatment variables (e.g. regression with

residuals or inverse probability weighting) rather than outcome modeling. Post-intervention

gaps, by contrast, place the research goal squarely within the domain of causal inference and

therefore more clearly open the door to numerous estimation strategies developed for the

estimation of causal effects, including those that combine treatment and outcome modeling

(see Sec. 2.2). To summarize, Zhou (2019) makes an important contribution by proposing

controlled mobility as a theoretically-motivated estimand paired with a technique for estima-

tion. This paper simply points out that controlled mobility is one example of a broader class

of post-intervention gaps that can be made even more precise through the formal notation

and results of causal inference.

4.4 Controlled direct effects

Post-intervention gaps are similar to controlled direct effects (Pearl, 2001; Robins,

2003; Acharya et al., 2016; Zhou and Wodtke, 2019). A controlled direct effect is best

understood in the context of a hypothetical experiment. It is the expected difference in an

outcome Y if we intervene to assign someone to treatment X = x′ or control X = x while

intervening to hold a post-treatment intervention at some fixed value T = t. Using the

notation yi(x, t) to denote the potential outcome for unit i under intervention to set Xi = x

and Ti = t,

CDE(t) =
1

N

N∑
i=1

(
yi(x

′, t)− yi(x, t)
)

(12)

A post-intervention gap, by contrast, does not invoke a hypothetical intervention to the

variable X over which the gap is defined; potential outcomes are defined over the treatment

only (Eq. 2). This is an essential difference because the CDE requires identification of the

effect of X on Y , thereby losing applicability to settings in which X is viewed as immutable.5

5An and Glynn (2019) discuss controlled direct effects as one possible interpretation of Blinder-Oaxaca
decompositions in which the category membership has a causal effect and covariates are consequences of the
social category, though they note that this interpretation requires very strong assumptions.
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5 Discussion

This paper presents a post-intervention gap estimator by which sociologists can tar-

get inquiry toward the gap in an outcome Y between pre-existing categories X that would

persist if we intervened to assign random individuals to a fixed value of some gap-closing

intervention T . This estimator links a problem common in sociology to an estimand devel-

oped in biostatistics (Jackson and VanderWeele, 2018) and an estimator from statistics and

machine learning (Robins and Rotnitzky, 1992; Bang and Robins, 2005; Chernozhukov et al.,

2018), extending each of these to the specific settings common in sociological research. The

tools developed in this paper may empower social scientists with a flexible model to explic-

itly target the quantity most relevant to theories about disparities across social categories.

Post-intervention gaps exemplify the clarity of research goal that becomes possible when

social scientists embrace estimands stated nonparametrically using the language of causal

inference (Lundberg et al., 2020).

If sociologists applied post-intervention gap estimators in the study of social inequal-

ity, this would substantially change the language with which we talk about race, class, gender,

and other characteristics that some would argue are immutable. Instead of discussing the

“effect” or “influence” of these variables (in scare quotes), researchers would formalize their

research goals in the precise language of causal inference: the degree to which an interven-

tion to some other treatment T would close the class, race, or gender gap in some outcome

of interest. We would no longer hide behind vague phrases like “the role of T” and would

instead acknowledge the causal component of our research questions. At the same time, we

would not have to reify social categories or assign them causal power, because they could

be viewed as mere collections of individuals. Substantively, a shift away from conditional

gap estimands (regression coefficients) and toward post-intervention gaps might reveal that

post-intervention disparities are actually larger than standard practice would suggest, as

illustrated in the empirical example of this paper, because post-intervention gaps focus on

an intervention to one variable rather than holding all variables constant. This shift would
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improve rhetorical clarity and also contribute to the policy-relevance of sociological research,

since policymakers can clearly understand that the research implies that an intervention to

the variable studied might plausibly reduce categorical inequality. Post-intervention gaps

provide a language for clarity about the target of statistical inference, thereby promoting

transparent research and new estimators like the one developed in this paper to directly

target the quantities we most want to know.
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A Identification proof for post-intervention gaps

A post-intervention gap τx′,x(t) is identified under assumptions of consistency, posi-

tivity, and conditional mean indpendence.

The first required assumption (consistency) links the observable data to the potential

outcomes: the observed outcome for unit i is the potential outcome under the treatment

assignment that unit i actually experiences.

Assumption 1. (Consistency) Yi = yi(Ti) ∀ i

The second assumption (positivity) ensures that we can learn from data about each

unit’s potential outcome by requiring that each unit has some non-zero probability of being

assigned to treatment Ti = t.

Assumption 2. (Positivity) P(Ti = t) > 0 ∀ i

The third assumption (conditional mean independence) addresses confounding: as-

sume the mean potential outcome under treatment t for those observed in this treatment

is equal to the population-average potential outcome under this treatment, within subcate-

gories of the social category X and the pre-treatment covariates ~L.

Assumption 3. (Conditional mean independence)

1

Nt,x,~̀

∑
i:{Ti,Xi,~Li}={t,x,~̀}

yi(t) =
1

Nx,~̀

∑
i:{Xi,~Li}={x,~̀}

yi(t) ∀ ~x, ~̀

where Nt,x,~̀ denotes the population size with treament t, social category x, and pre-treatment

covariates ~̀ andNx,~̀ defines the population size summed over all treatments. The assumption

is termed conditional mean independence because the conditional mean of yi(t) does not

depend on the observed treatment value Ti, within subcategories of X and ~L.

The post-intervention gap τx′,x(t) is identified under consistency, positivity, and con-
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ditional mean independence by the following proof.

τx′,x(t) =
1

Nx′

∑
i:Xi=x′

yi(t)︸ ︷︷ ︸
Denote θx′ (t)

− 1

Nx

∑
i:Xi=x

yi(t)︸ ︷︷ ︸
Denote θx(t)

(13)

θx̃(t) =
1

Nx̃

∑
i:Xi=x̃

yi(t) for each x̃ = {x′, x} (14)

=
∑
~̀

Nx̃,~̀

Nx̃

 1

Nx̃,~̀

∑
i:Xi=x̃,~Li=~̀

yi(t)

 (15)

=
∑
~̀

Nx̃,~̀

Nx̃

 1

Nt,x̃,~̀

∑
i:Ti=t,Xi=x̃,~Li=~̀

yi(t)

 by conditional mean independence (16)

=
∑
~̀

Nx̃,~̀

Nx̃

 1

Nt,x̃,~̀

∑
i:Ti=t,Xi=x̃,~Li=~̀

Yi

 by consistency (17)

Positivity guarantees that an infinite sample with Ti = t would be observed in an infinite

sample within each subcategory with Xi = x̃ and ~Li = ~̀. In the sense that they can be

estimated with infinite data, θx′(t) and θx(t) are identified by the causal assumptions. By

extension, τx′,x(t) is also identified.

B Point estimation in more general settings

This section generalizes the methods of Section 2.2 to address estimation from com-

plex survey samples that require weights, estimation of marginal and conditional equalization

estimands, and estimation by machine learning. This section provides the technical details

that support the results in the main text (Fig. 3) as well as the results for alternative esti-

mators presented here in Fig. 4.
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Fig. 4. (Appendix) Post-intervention gaps by alternative estimators. Outcome
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on weights estimated by logistic regression models of treatment assignment. Augmented
inverse probability weighting combines these approaches and is reported in the main text.
Double machine learning relies on outcome and treatment models estimated by random
forests, with cross-fitting used to remove the aggregate bias induced by regularization.
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B.1 Defining survey weights

Although much of the literature in doubly robust methods or combining causal in-

ference with machine learning assumes a simple random sample (e.g. Chernozhukov et al.

2018), many social science studies rely on complex survey samples in which individuals are

selected with unequal probabilities. Let Si indicate sample inclusion for each unit i, and

assume that non-response is ignorable so that the probability of sample inclusion for each

individual is known from the survey design.

Assumption 4. (Probability sample) P(Si = 1) = 1
ηi

∀ i

In this notation, the survey weight ηi is the inverse probability of inclusion in the sample.

B.2 Learning conditional mean functions with weights

If the parametric specification of g() and m() was known to be correct and the survey

weights were a function of the predictors only, then maximal efficiency would be realized by

estimating ĝ() and m̂() by algorithms (e.g. OLS) that ignore the sampling weights (Winship

and Radbill, 1994). The motivation for doubly-robust estimation, however, is that we are

unsure whether the parametric specifications of g() and m() are correct. If we view these

model specifications as approximations, then one may prefer to estimate the conditional

mean functions ĝ() and m̂() by algorithms that apply the survey weights ηi, thus prioritizing

model fit in the regions of the covariate space that are more heavily weighted. In this paper,

ĝ() and m̂() are always estimated with survey weights.

B.3 A general statement of all post-intervention estimands

The main text focuses primarily on the simplest setting of a post-intervention gap

τx′,x(t) under a treatment equalized at one value t. To provide a more general set of results,

this section focuses on the post-intervention gap τ(π) under an intervention to fix the treat-

ment assignment rule to π, where each element πit denotes the probability of treatment t for
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unit i and
∑

t πit = 1. A post-intervention gap τx′,x(t) is the special case when the t column

of π contains all 1 values and all other columns contain all 0 values. Marginal equalization is

the special case when each column of π has a constant value equal to the marginal prevalence

of that treatment. Conditional equalization is the special case when each cell πit contains

the probability of treatment t among the subcategory with covariates ~L = ~̀
i. A general

estimator for τ(π) thus contains estimators for all of the estimands in the paper as special

cases.

B.4 Four general estimators: Imputation, IPW, AIPW, and DML

All outcome modeling approaches considered in this paper involve a sum over units

i. To apply these estimators with survey weights, one can weight each unit-specific quantity

by ηi and normalize the weight over the units in question. For example, Eq. 18 estimates

the post-intervention mean in category x under treatment t.

θ̂Imputation,Weighted
x (π) =

1∑
i:Xi=x

ηi

∑
i:Xi=x

ηi︸ ︷︷ ︸
Weighted mean in
category x with

sampling weights ηi

∑
t

πitĝ(t, xi, ~̀i)︸ ︷︷ ︸
of imputed outcomes

weighted by the
assignment rule π

(18)

Inverse probability weighted estimators proceed by weighting the observed potential

outcome yi(t) by the inverse probability of observing that outcome. In complex survey

samples, the probability of observing a particular potential outcome is the product of the

sample selection probabilities and the probability of observing that particular treatment.

For the post-intervention mean under assignment rule π,

θ̂IPW,Weighted
x (π) =

∑
i:Xi=x

ŵiYi (19)

where ŵi ∝ ηi︸︷︷︸
Survey weight

1

m̂(ti, xi, ~̀i)︸ ︷︷ ︸
Inverse probability

of observed treatment

πiti︸︷︷︸
Treatment weight
under intervention

(20)
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and the ŵi are normalized to sum to 1 within each category X = x′ and X = x.6

An AIPW estimator uses the same weights ŵi in the augmentation term.

θ̂AIPW,Weighted
x (π) =

1∑
i:Xi=x

ηi

∑
i:Xi=x

ηi
∑
t

πitĝ(t, xi, ~̀i)︸ ︷︷ ︸
Imputation estimate

−
∑
i:Xi=x

ŵi

(
ĝ(ti, xi, ~̀i)− Yi

)
︸ ︷︷ ︸

Augmentation

(21)

Te estimators above all assume that the outcome model g() and treatment model

m() follow a parametric form that is known. Yet, the parametric form of the model is of-

ten unknown. Flexible machine learning methods such as random forests (Breiman, 2001)

can be applied to learn ĝ() and m̂() with data-driven functional forms selected to maximize

out-of-sample predictive performance. In the machine learning setting, one can improve the

rate at which the AIPW estimator converges toward the true value θx(t) by imposing sam-

ple splitting: estimate the treatment and outcome models on a separate set of observations

from those used to aggregate to θ̂AIPW
x . Split the sample randomly into folds f = 1, . . . , F .

Let ĝ(−f) and m̂(−f) denote treatment and outcome functions estimated on the subsample

of units not in fold f . Let fi denote the fold membership of each unit i. Then, make pre-

dictions for each unit i based on fits ĝ(−fi) and m̂(−fi) fit on samples that exclude unit i,

and aggregate these out-of-sample predictions according to Eq. 11. This strategy improves

the bias reduction step because the errors in the augmentation term are out-of-sample pre-

diction errors. Recent work has labeled this a double/debiased machine learning estimator

(Chernozhukov et al., 2018), although the strategy of sample splitting appeared in a series

of previous publications deploying machine learning models for causal inference (Zheng and

van der Laan, 2011) and estimation with high-dimensional nuisance functions (Robins et al.,

2008).

To make the DML estimator precise, define ŵi,(−fi) analogously to wi but estimated

6Inverse probability estimators that normalize the weights are sometimes termed Hajek (1971) estimators.
They are biased, unlike the unbiased Horvitz and Thompson (1952) estimator which divides by the known
size of the finite population instead of the sum of the weights in the sample. Because the survey weights
are known but the population size is unknown, I apply the Hajek estimator in the empirical example of this
paper.
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with the treatment function m̂(−fi) learned in folds other than the fold fi of observation i.

θ̂DML,Weighted
x (π) =

1∑
i:Xi=x

ηi

∑
i:Xi=x

ηi
∑
t

πitĝ(−fi)(t, xi,
~̀
i)︸ ︷︷ ︸

Imputation estimate

−
∑
i:Xi=x

ŵi,(−fi)

(
ĝ(−fi)(ti, xi,

~̀
i)− Yi

)
︸ ︷︷ ︸

Augmentation

(22)

C Variance estimation with complex survey samples

The GSS survey design includes a series of strata, with two Primary Sampling Units

(PSUs) selected at random from each stratum. The distribution of the sample across strata

is fixed by the survey design and would not change under new draws of the sample. The

source of sampling uncertainty is randomness in which PSUs are selected within each stratum.

Balanced Repeated Replication (BRR, Krewski and Rao 1981:1013) is a strategy to simulate

this uncertainty. BRR creates many simulated replicate samples that include only one of

the two PSUs within each stratum. Similar to the bootstrap for simple random samples,

in complex surveys BRR results in many estimates τ̂ ∗ with an empirical variance across

balanced repeated replication V̂(τ̂ ∗). This empirical variance is an estimate of the variance

of the original estimator over repeated samples. One complexity is that the sampling of PSUs

must be balanced across the replicate draws, so that there are not patterns such that certain

PSUs tend to be selected together. I use the survey package in R (Lumley, 2019) to generate

the balanced repeated replicates in a way that meets the balancing requirements. I construct

95% confidence interval by a normal approximation centered at τ̂ with the estimated variance

V̂(τ̂). A key advantage of this strategy is that it is entirely computational. Within each

replicate I repeat the entire data analysis pipeline: sample restrictions, imputation of missing

values, estimation of g and m, and aggregation to the target parameter. The variance

estimator thus incorporates the consequences of sampling uncertainty throughout the entire

process without requiring variance formulas designed specifically for the estimation algorithm
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applied.

D Parametric estimation of g() and m()

In the main text, I estimate the outcome function g() and the treatment function m()

by linear and logistic regression, respectively.

logit

(
m
(
t, x, ~̀

))
= logit

(
P
(
T = t | X = x, ~L = ~̀

))
(23)

=︸︷︷︸
By parametric
approximation

αm + xβm + ~̀′~γm (24)

g
(
t, x, ~̀

)
= IE

(
Y | T = t,X = x, ~L = ~̀

)
(25)

=︸︷︷︸
By parametric
approximation

αg + xβg + tλg + (x× t)νg︸ ︷︷ ︸
Category, treatment, and interaction

+ ~̀′~γg︸︷︷︸
Pre-treatment
covariates

(26)

I estimate these equations with survey weights in order to arrive at a parametric approxi-

mation that prioritizes closeness to the true function in the regions of the covariate space

which are more heavily weighted.

For marginal equalization, I estimate the marginal proportion treated by the weighted

mean of the treatment in the observed sample. For conditional equalization, I estimate the

treatment assignment probabilities by the predicted values from a logistic regression that

does not condition on category membership.

logit
(

P(T = t | ~L = ~̀)
)

= η + ~̀′~µ (27)

π̂Conditional
it = logit−1

(
η̂ + ~̀′

i~̂µ
)

(28)
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E Nonparametric estimation of g() and m()

For nonparametric estimation of g() and m(), I apply a random forest as implemented

in the ranger package in R with the default options (Wright and Ziegler, 2017). Because

of the complex survey design, I incorporate weights with the case.weights option, which

modifies the algorithm to select a weighted bootstrap sample rather than a simple random

sample for learning each tree. Because g() and m() are both conditional mean functions for

which the true function would minimize squared prediction error, I estimate all models with

the outcome coded numerically so that the forest seeks to minimize squared prediction error.

To conduct cross-fitting, I first block the sample by the GSS sampling strata (VSTRAT)

and randomly assign half of all observations to fold 1 within each stratum. I learn ĝ(), m̂(),

and the conditional equalization π̂it on the first fold and evaluate the DML estimator on

the second fold. Then, I learn these same functions on the second fold and evaluate the

DML estimator on the first fold. I average the two resulting estimates to arrive at the

cross-fitting DML estimate. For variance estimation, I carry out the entire procedure within

each balanced repeated replicate and calculate the variance across the replicates as with the

parametric approaches.
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F Simulation

A simulation illustrates the properties of the proposed estimator. I repeat the follow-

ing data generating process to produce a population of N = 50k units.

L ∼ N (0, 1) (29)

X ∼ Bernoulli
(
logit−1(L)

)
(30)

T ∼ Bernoulli
(
logit−1(−.5 +X + L)

)
(31)

Y (0) ≡ −.5 +X + L (32)

(Line above implies τ(0) = 1)

Y (1) ≡ L+ 1 (33)

(Line above implies τ(1) = IE(L | X = 1)− IE(L | X = 0))

Y ≡


Y (1) if T = 1

Y (0) if T = 0

(34)

To mimic a sampling process with unequal probabilities, I define the sampling prob-

abilities as a function of the covariate L,

1

ηi
= logit−1(L) (35)

so that ηi is a survey weight and 1
ηi

is proportional to the sampling probabilities. I draw R =

1, 000 samples of size n = 100 with replacement, where each unit is selected by probability

proportional to 1
ηi

.

I calculate the true values of the post-intervention gaps in the full population of

N = 50k observations (triangles in Fig. 5). On each repeated sample, I conduct the AIPW

estimation procedure and store the point estimate. The points in Fig. 5 show the mean esti-

mate across repeated samples. Intervals depict the middle 95% of estimates. The estimator
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is approximately unbiased, with a mean that approximately equals the known truth in the

simulated population. The middle 95% of simulated estimates is sufficiently narrow at this

sample size that different estimands, such as equalization at 0 vs. 1, often lead to different

point estimates.
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Fig. 5. (Appendix) The AIPW estimator successfully recovers the truth in a
simulation. Error bars indicate the middle 95% of simulated estimates. Simulation details
are provided in Appendix F.
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Upper class Lower class
X Father’s occupational class origin X = 1 origin X = 0
Y Log income 9.97 9.65
T Upper class destination (own occupational class) 0.24 0.08
L1 Race: White 0.87 0.83
L2 Race: Black 0.04 0.11
L3 Race: Other 0.08 0.06
L4 Degree: Less than high school 0.02 0.12
L5 Degree: High school 0.27 0.54
L6 Degree: Junior college 0.07 0.08
L7 Degree: Bachelor’s 0.38 0.18
L8 Degree: Graduate 0.26 0.09
L9 Female 0.45 0.48
L10 Age 37.20 37.31
N 1,374 10,954

Table 2. (Appendix) Weighted means of variables in the analytic GSS sample.
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Model for conditional
treatment assignment

Standard practice Outcome model ĝ Treatment model m̂ π̂Conditional

(OLS predicting log income) (OLS predicting log income) (logit predicting treatment) (logit predicting treatment)
(1) (2) (3) (4)

Upper class origin 0.01 -0.01 0.46
(father figure held an ( 0.03) ( 0.04) ( 0.10)
upper class occupation)

Treated 0.40 0.37
(respondent holds an ( 0.03) ( 0.03)
upper class occupation)

Treated × upper class origin 0.11
( 0.07)

( 0.08) ( 0.08) ( 1.18) ( 1.17)

Age 0.02 0.02 0.02 0.02
( 0.00) ( 0.00) ( 0.01) ( 0.01)

Highest degree
(less than high school omitted)
High school 0.46 0.46 1.72 1.74

( 0.03) ( 0.03) ( 1.14) ( 1.13)
Junior college 0.62 0.62 2.55 2.59

( 0.04) ( 0.04) ( 1.14) ( 1.13)
Bachelor’s 0.86 0.87 3.58 3.67

( 0.04) ( 0.04) ( 1.13) ( 1.13)
Graduate 1.06 1.06 4.72 4.83

Race (white omitted)
( 0.05) ( 0.05) ( 1.13) ( 1.13)

Black -0.02 -0.02 -0.49 -0.54
( 0.03) ( 0.03) ( 0.16) ( 0.16)

Other -0.14 -0.15 0.37 0.39
( 0.04) ( 0.04) ( 0.13) ( 0.13)

Female -0.71 -0.71 -0.77 -0.78
( 0.02) ( 0.02) ( 0.08) ( 0.08)

Table 3. (Appendix) Coefficients of parametric outcome and treatment models.
All models are estimated with survey weights. Column (1) is the model used to estimate the
dashed line in Fig. 3. Columns 2–3 are the treatment and outcome models used to estimate
the post-intervention gaps in Fig. 3 and 4. Column 4 is the model used to estimate the
conditional equalization assignment probabilities πConditional

it (Eq. 6).
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