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Abstract

Whether selection processes contribute to group-level disparities or merely reflect pre-
existing inequalities is an important societal question. In the context of observational
data, researchers, concerned about omitted-variable bias, assess selection-contributing
inequality via a kitchen-sink approach, comparing selection outcomes of different-group
individuals net of various characteristics. We introduce a conceptual framework that
clearly defines the quantity of interest and argue that researchers should only control for
the extent to which individuals meet selection criteria. Informed by this framework, we
use directed acyclic graphs and structural equation modeling to show that traditional
practices can inaccurately represent selection-contributing inequality because chosen
controls frequently capture selection-irrelevant characteristics, which we define as the
correlated proxy problem. Using Black-White disproportionality in special education
as a case study, we show that typical practices of using test scores as covariates likely
drastically underestimate the influence of selection-contributing inequality to Black
over-representation in special education.

Keywords: selection processes; group-level inequalities; statistical controls; included-
variable bias.

1 Introduction

Social stratification research is largely concerned with documenting and explaining differ-

ences in outcomes across individuals of different social categories (e.g., different outcomes for

different-class, different-race or different-gender individuals), what are known as group-level

inequalities (Grusky 1994; Hout and DiPrete 2006; Massey 2007; Shores et al. 2020; Tilly

1998). In this paper, we are concerned with the quantitative methodological problem of

identifying whether a selection process is contributing to group-level inequality as opposed

to simply reflecting group-level inequalities that have emerged, perhaps over a long history,

prior to the selection process itself — what we refer to as ex ante inequalities (Goel et al.

2016). For the sake of terminology, we say that we are interested in understanding whether

a selection process produces selection-contributing and/or selection-reflecting inequalities

across different-group individuals.1

1Some of the existing literature, such as assessments of hiring processes (Quillian and Midtbøen 2021), rely
on the concept of discrimination. Our view is that this concept might be too narrow to capture the quantity
of interest. Discrimination is often associated with the actions of gatekeepers; i.e., is usually understood that
discrimination exists only if it can be shown that gatekeepers give different decisions for different-category
individuals which are similar across relevant characteristics (Lucas 2009). However, selection processes are
multi-staged and the decisions of gatekeepers is only one of such stages. Hiring processes, for example,
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Take, as a simple example, an exam for a driver’s license. Two students from different

schools go to take the exam. Student A (male) attends an all male school where driver’s

education is emphasized, whereas student B (female) attends an all female school where

driver’s education is not. Consequently, at the time of the exam, student A has better

driving abilities than student B. Suppose that student A passes the exam and student B

fails. In this case, we observe gender disparities in exam-passage outcomes, but the selection

mechanism simply reflects inequalities in opportunities for preparation (and, hence, only

produces a selection-reflecting inequality).

In contrast, suppose that students A and B had equal preparation and were actually

equally qualified to pass the exam. Suppose, further, there is a human grader for the driving

portion of the exam that systematically evaluates female drivers more stringently, leading

student A to pass and student B to fail. In this case, we again observe gender disparities in

exam-passage outcomes but the selection mechanism contributes to inequality (and, hence,

produces a selection-contributing inequality).

Understanding whether selection processes contribute to (versus merely reflect) inequality

has important policy implications, though scrutiny of these policy implications is warranted.

If a selection process simply reflects pre-existing inequalities, then equity-focused interven-

tions should prioritize addressing disparities that emerge before selection decisions. When

selection processes actively contribute to inequality, reforming these decision mechanisms

becomes an additional avenue for intervention. We note here that this focus on selection

processes, while politically expedient because they appear more readily changeable, may

divert attention from deeper structural inequities that ultimately generate larger disparities

(e.g., Royce 2022). Beyond immediate policy implications, selection-contributing inequality

remains a significant marker of inequity, as discriminatory gatekeeping provokes particular

involve the processes via which individuals (a) learn about job openings; (b) chose to apply for a position;
(c) are selected for a call-back; and, finally, (d) receive a job offer. If we are interested in identifying
discrimination per se in the hiring process, then analyses are restricted to stages (c) and (d). Here, we avoid
the concept of discrimination and, rather, rely on the notion of selection-contributing inequality to dialogue
with quantitative assessments of group favoritism across any (or all) stages of selection processes.
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moral concern since it violates basic principles of procedural fairness and equal treatment

(e.g., for a review Lind and Tyler 2013; MacCoun 2005; Miller 2001). For instance, people

often view unfair selection mechanisms as especially objectionable because they represent

active choices to perpetuate inequality rather than passive reflection of existing disparities

(Akbaş et al. 2019).

Informed by these policy motivations, social scientists have long been interested in quan-

titatively identifying whether (and to what extent) various selection processes contribute to

group-level inequalities. Examples of such selection processes include, but are not limited

to, hiring processes (Brand 2015; Pedulla 2020; Quillian and Midtbøen 2021); within-firm

promotions (Rivera and Tilcsik 2019; Skaggs and Bridges 2013); mortgage-lending decisions

(Pager and Shepherd 2008; Quillian et al. 2020); police-stopping decisions (Goel et al. 2016;

Legewie 2016; Ray et al. 2024); child protected services determinations (Feely and Bosk

2021); health care provision and treatment decisions (Spencer and Grace 2016), college ad-

missions decisions (Jayakumar and Page 2021; Warikoo 2022); disciplinary decisions within

schools (Muñiz 2021; Skiba et al. 2016b); and selection into educational services/programs

(Domina et al. 2017) such as advanced courses (Lucas et al. 2020; Mickelson 2001), gifted

and talented programs (Pearman and McGee 2022; Peters et al. 2019) and special education

services (Fish 2017; Harry and Klingner 2014; Mayes 2023).

Quantifying selection-contributing inequality is a challenging task. Due to historical and

structural sources of group-level inequality (Massey 2007; Tilly 1998), groups might differ in

substantial ways at the time in which selection processes take place, and, given a selection

mechanism that values factors associated with group-level differences, these differences might

explain differential selection outcomes. Thus, to identify selection-contributing inequality the

researcher must, ideally, compare the selection outcomes of different-group individuals who

are similar across relevant ex ante characteristics. This type of comparison presents two

complications: first, the researcher must clearly define which ex ante differences are relevant

for the comparison of interest; second, the researcher needs to quantitatively operationalize
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such relevant characteristics, many of which are unlikely to be empirically observable.

Methodologically, field experiments are known as the best available strategies to tackle

these issues (Pager and Shepherd 2008; Quillian and Midtbøen 2021) and have provided

a significant contribution to social scientific understanding of selection processes — see,

for instance, audit studies of discrimination in hiring processes (Gaddis 2018). However,

due to practical and ethical concerns, the possibility of field experiments across the many

domains of interest is limited (Pager and Shepherd 2008). Therefore, many (if not most)

quantitative examinations of the extent to which selection processes contribute to inequality

rely on observational data, leveraging available covariates to try and control for ex ante

characteristics.

Among the fields mentioned above, consider, for instance, the following examples, which

use covariates, such as test scores and/or socio-demographic variables, to try and iden-

tify group inequality due to selection mechanisms: hiring processes (Farber and Valletta

2015; Fernandez and Sosa 2005; Petersen et al. 2005; Petersen and Togstad 2006); within-

firm promotions (Blau and DeVaro 2007; DiPrete and Soule 1988; Petersen and Saporta

2004) mortgage-lending decisions (Gotham 1998); police-stopping decisions (Gelman et al.

2007); health care provision and treatment decisions (Baglivio et al. 2017; Balsa et al. 2005),

child protected services determinations (Font et al. 2012; Putnam-Hornstein et al. 2013; Ri-

vaux et al. 2008) college admissions decisions (Arcidiacono et al. 2022; Espenshade et al.

2004; Grossman et al. 2024b); disciplinary decisions within schools (Barrett et al. 2021; Ed-

wards 2016; Huang 2020); and selection into educational services/programs such as advanced

courses (Conger et al. 2009; Irizarry 2021; Kelly 2009; Riegle-Crumb et al. 2019), gifted and

talented programs (Grissom and Redding 2015; Long et al. 2023) and special education

services (Fish 2019; Hibel et al. 2010; Morgan et al. 2015; Skiba et al. 2005).

As evidenced by these various studies, the traditional approach of leveraging observa-

tional data to assess selection-contributing inequality is to estimate a regression model that

compares the selection outcomes of individuals from different groups that are similar on
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a set of relevant characteristics. However, the notion of relevant characteristics is rarely

clearly defined. Most commonly, scholars essentially adopt a kitchen-sink approach; that

is, they statistically account for a series of available measures that differ across groups that

are also associated with outcomes. One can understand why this approach is appealing. If

the researcher fails to control for relevant group-level differences that matter for outcomes

related to the selection mechanism, then estimates will fail to distinguish between the ex

ante causes of the inequality and the selection mechanism itself. Failing to make this dis-

tinction is a form of omitted-variable bias — i.e., absent controls, different social category

individuals have different exposures to structural inequalities, causing unequal ex ante prob-

abilities of meeting this selection mechanism’s requirements, resulting in different outcomes

unrelated to the selection mechanism itself. Controlling for various measures minimizes this

risk. It is this traditional regression-based approach of using observational data to assess

selection-contributing inequality that our paper targets.

We argue and illustrate that while this kitchen-sink approach has dominated observa-

tional studies around this question, it is vulnerable to two important, but often unrecognized,

methodological problems. First, like many quantitative investigations (Lundberg et al. 2021),

it lacks a conceptual framework to explicitly define the statistical quantity of interest (the

estimand) and to define what the relevant characteristics of interest are. Second, perhaps

due to the lack of such a conceptual framework, concerns for omitted-variable bias have

overlooked another, but less-often-recognized, potential issue: the fact that the inclusion of

control variables might also bias estimates if different-group individuals who appear dissim-

ilar net of control variables are, in fact, similar across all relevant characteristics, what we

call the correlated proxy problem. While noted by selected statistical studies (Ayres 2005,

2010; Jung et al. 2024), this issue is yet to be formally and intuitively described. We call

this issue the correlated proxy problem.2

2The methodological issue we describe here has been originally introduced by statisticians under the
terminology of “included-variable bias” (Ayres 2010). However, we choose to refer to it as the correlated
proxy problem because the umbrella term of included-variable bias can be generically used to represent a
host of instances of “bad controls”, such as the problem of controlling for mediators (Sampson 2008) and of
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Informed by these issues, the goals of this paper are (1) to provide a conceptual frame-

work that clearly defines the estimand of interest in quantitative assessments of selection-

contributing inequality; and, informed by this conceptual framework, (2) to formally (and

intuitively) describe how this often-neglected statistical issue might arise.

To make our analyses more concrete, the paper is structured around a running research

question: to what extent is Black-White inequality in special education receipt attributable

to the selection process by which students are identified to receive special education ser-

vices (selection-contributing inequality) versus Black-White differences in ex ante selection-

relevant characteristics (selection-reflecting inequality)? We choose this case study for two

reasons. First, this question has clear policy implications, and has been a source of lively aca-

demic and policy debate (Cruz and Rodl 2018; Morgan and Farkas 2015; Morgan et al. 2015;

Skiba et al. 2016a). Second, federal guidelines, described below, require educators to make

precisely the distinction that researchers have struggled to capture: determining whether

a student’s characteristics, such as lower academic performance, stem from unequal edu-

cational opportunity (a selection-irrelevant cause) or from a disability (a selection-relevant

cause). This alignment between federal requirements and our theoretical framework allows

us to use special education as an illustrative case for examining how researchers might better

approach the measurement of selection-contributing inequality.

In what follows, we first situate our study by linking it to related methodological literature

and summarizing our running example of disproportionality in special education. We then

provide a conceptual framework that clearly defines the quantity of interest in assessments

of selection-contributing inequality. We formalize this conceptual framework and define the

bias using linear simultaneous equation models (LSEMs) and directed acyclic graphs (DAGs).

Finally, we illustrate and assess the correlated proxy problem using the example of racial

disproportionality in special education.

controlling for post-treatment effects (Rosenbaum 1984).
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2 Background

Relationship to Literature on Control Variable Selection

Two strands of methodological research inform our analysis of selection-contributing in-

equality. First, the “bad controls” literature demonstrates how controlling for certain vari-

ables can introduce bias in causal estimates, even absent traditional omitted variable concerns

(Cinelli et al. 2024; Elwert and Winship 2014). This research identifies several mechanisms

through which controls bias estimates: mediation bias when controls lie on the causal path

between treatment and outcome (Sampson 2008), post-treatment bias from controlling for

variables affected by treatment (Rosenbaum 1984), collider bias when conditioning on com-

mon effects (Pearl 2000), and various forms of M-bias arising from specific causal structures

(Ding and Miratrix 2015). The back-door criterion synthesizes these insights by formalizing

conditions under which controls yield unbiased causal estimates: controls should block non-

causal paths while preserving causal paths between treatment and outcome (Cinelli et al.

2024).

Our framework shares this literature’s goal of isolating relationships of interest through

careful control variable selection. However, our focus is on a different estimand —selection-

contributing inequality— which implies measuring how selection mechanisms contribute to

group differences in outcome Y . As we will argue in this paper, this estimand requires

researchers using observational data to control for between-group differences in selection-

relevant characteristics (Z), such as the ability to drive effectively in our earlier example.

The bad controls literature, however, would typically flag Z as a problematic control since it

mediates the relationship between group membership and outcomes. Thus, while the “bad

controls” literature has provided tools for thinking rigorously about control variable selection,

assessing selection-contributing inequality requires an adaptation of this framework.

The mediating role of selection-relevant characteristics connects our work to a second

strand of literature: causal mediation analysis. This approach, developed by Baron and

Kenny (1986) and extended by others (e.g., Imai et al. 2010; Pearl 2014), decomposes total
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causal effects into direct and indirect pathways. Traditional mediation analysis separates

the direct effect (T → Y ) from the indirect effect (T → M → Y ). Similarly, our framework

decomposes group disparities into selection-contributing inequality (G → Y , not through Z)

and selection-reflecting inequality (G → Z → Y ). This decomposition allows us to isolate

disparities arising from selection mechanisms versus those reflecting pre-existing qualification

differences.

Here, as well, our setting presents a key distinction, as the latent variable Z (e.g., rep-

resenting the unobserved ability to effectively drive a car) is inherently unobservable. Thus,

researchers face an unavoidable trade-off: they must include proxies to address confounding

while avoiding ones that conflate selection-contributing and selection-reflecting inequalities.

Using methods from both literatures—directed acyclic graphs (DAGs) and linear structural

equation modeling (LSEM)—we demonstrate how attempts to proxy for Z can confound

these two components of between-group inequality, even when following best practices for

control variable selection.

Running example: racial disproportionality in special education

Descriptive analyses consistently show that racially minoritized students, and Black stu-

dents especially, receive special education services, measured as the receipt of an Individ-

ual Educational Program (IEP), at higher rates than White students, with the majority

of research focusing on Black-White inequality (Artiles 2013; Donovan and Cross 2002;

Dunn 1968). These disparities have been of concern to researchers and policymakers for

decades, and federal policy has required states to monitor and address this “disproportion-

ality” since 2004 (IDEA-Sec.300.309 2006). The prevailing wisdom has long been that the

over-representation of Black students (relative to Whites) is attributed to two main pro-

cesses: racial bias in disability identification via school-based processes (Artiles et al. 2002;

Donovan and Cross 2002; Fish 2017; Harry and Klingner 2014; Mayes 2023)— what is, to

use the terminology proposed here, a selection-contributing inequality — and structural in-

9



equalities that lead Black students to be, on average, more likely than White students to

have disabilities qualifying them for special education services (Artiles et al. 2002; Donovan

and Cross 2002; Shifrer 2018) — a selection-reflecting inequality.

Just as in the observational methods described above, quantitative researchers try to dis-

tinguish between these competing explanations by estimating a regression model of students’

IEP receipt status on race and a series of covariates, such as socioeconomic status and levels

of academic preparedness, usually encoded as test scores (e.g., Fish 2019; Hibel et al. 2010;

Kincaid and Sullivan 2017; Morgan et al. 2012, 2015, 2020; Shifrer 2018; Sullivan and Bal

2013). Intuitively, this approach aims to contrast IEP receipt rates for Black and White stu-

dents who are comparable in terms of economic disadvantage and achievement. Though the

purposes of these covariates are not stated in the terminology we propose here (i.e., proxy

variables), they can broadly be said to represent proxies for either disability itself (Hibel

et al. 2010; Morgan 2021) or clinical need, implying that test scores and socio-demographic

information are useful for understanding who should receive special education services (Moll

et al. 2014; Shifrer 2018).

The conclusion drawn from this framework is that Black students are actually less likely

to receive special education than comparable White students, as the conditional rate of

IEP receipt for Black students is less than it is for White students given these covariates

(see Morgan et al. (2017) for a synthesis of this literature). This result points to selection

mechanisms that contribute to racial inequity in the form of under -representation of Black

students in special education. These results have had a notable effect on policy, shifting

focus away from reducing the unconditional over-representation of Black students in special

education to identifying more Black students with disabilities to receive special education

services (e.g., Barnum 2018; Burke 2024: p. 334).

We can contrast what researchers traditionally do to identify whether selection processes

contribute to racial disproportionality in special education with what is legally required

by federal special education policy under the Individuals with Disabilities Education Act of
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2004 (IDEA 2004). To make our running example more concrete, consider the case of spe-

cial education services for specific learning disabilities (SLDs), the most common disability

category (U.S. Department of Education 2019). Under IDEA regulations, a student has a

specific learning disability if the student does not meet the approved grade-level standards

in at least one of 8 domains representing oral, listening, written, reading and mathematics

abilities, and, notably, if such low academic performance is not explained by “exclusionary

factors” — factors (such as inappropriate instruction, other disabilities, emotional distur-

bances, limited English proficiency, and cultural or economic disadvantages) that can create

unequal educational opportunities (IDEA-Sec.300.309 2006). Essentially, IDEA states that

if a student’s below grade level academic performance is due to some other disability or

unequal educational opportunity, then it is not a specific learning disability. Educators are

then tasked with ruling out these other causes of disability before a designation is made.

Because of this academic and policy relevance, we believe this area of inquiry provides a

valuable context for an empirical illustration of what we call the correlated proxy problem.

3 Conceptual framework

The quantity of interest: selection-contributing inequality

For generality, let us first introduce some terminology. There are a wide range of selection

processes that can contribute to inequality. As discussed in the introduction, these selection

processes can range from hiring decisions to college admissions. To capture these wide range

of processes, let the language of “program” capture the resource, policy, service, or program

for which individuals are being selected. Further, let program disproportionality refer to

the under- or over-representation of some group A (relative to another group B) in a given

program.

Recall that to identify whether a selection process itself contributes to group-level inequal-

ity (i.e., is selection-contributing), researchers would like to compare the selection outcomes of

different-group individuals among those individuals with the same set of relevant character-
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istics. In our introductory example, we implicitly indicated that such relevant characteristics

capture factors such as ability to drive (e.g., knowledge of rules and demonstration of parallel

parking), and in our specific learning disability example, we used IDEA’s definition to say

that relevant characteristics include below academic grade performance not attributable to

educational opportunities or other disabilities. Now, we build on this intuition to provide a

general framework that clearly defines which characteristics are relevant in the comparisons

of interest. To do so, it is necessary to clearly define our estimand, that is, what does it mean

to say that a selection process contributes to (as opposed to simply reflects) inequality?

We illustrate this question through an example. Suppose an administrator observes

that, in a given school, Black students are more likely to receive special education services

(an IEP) for an SLD than White students and asks: are we, as school-level personnel,

contributing to this inequality by, for example, over-estimating the incidences of SLDs for

Black students? Or, in contrast, is it that structural differences in the life experiences of

Black and White students (such as differences in exposure to lead and access to appropriate

health care) have made it so that these groups of students currently have different incidences

of learning disabilities? Essentially, what the educator wants to know is whether the school-

implemented special education selection process is creating additional Black-White inequality

in IEP receipt rates above the structural inequality that gave rise to differential incidences

of special education needs in the first place.

Recall that, according to IDEA, we can define a learning disability as an academic diffi-

culty that cannot be explained by exclusionary factors — i.e., factors which can negatively

affect student learning but are considered distinct from other disabilities or lack of educa-

tional opportunities. Then, in this context, Black students with lower academic performance

are not by default considered to have a learning disability; rather, school personnel must

evaluate whether students’ reduced academic performance is not caused by economic cir-

cumstances or/and lack of educational opportunities. Differentiating these mechanisms is

the job of the referral team, and what our hypothetical administrator is asking is whether
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the referral team is effectively doing their job of following IDEA regulations to ensure exclu-

sionary factors are not included as part of the referral process. To assess the administrator’s

question, researchers should, therefore, implement similar safeguards and also distinguish

between these mechanisms.

This example illustrates a key principle: to determine whether a selection process con-

tributes to (rather than merely reflects) group-level disparities in program access, we must

compare individuals that similarly meet the criteria that should govern selection.3 In our

case, this means comparing students with the same severity of learning disability. Group-level

differences in program access that persist even when comparing individuals with equivalent

levels of the relevant underlying characteristic would indicate that the selection process itself,

rather than pre-existing differences in qualification, is contributing to observed disparities.

Therefore, to properly assess the selection-contributing effect, we must identify and con-

trol for these criterion-relevant characteristics—those that capture legitimate differences in

qualification for the program.

To operationalize this principle, researchers should therefore follow two key steps: (a)

quantify the latent concept that captures the extent to which different-group individuals

meet the selection criteria, and (b) compare selection outcomes between groups at equivalent

levels of this latent measure. If group-level disparities in program access are fully explained

by differences in the latent measure, this indicates selection-reflecting inequality. Conversely,

disparities that persist after accounting for these criteria-related differences provide evidence

of selection-contributing inequality.

To illustrate this conceptual framework, let us continue with the questions raised by

the administrator. Suppose that some objective measure of learning disability could be

created and that the administrator could apply a universal diagnostic tool to compute this

measure for all students. Then, the administrator could observe whether Black students

3This framework borrows insights from the legal perspective of discrimination known as disparate im-
pact (for an overview, see Lucas 2009). See Goel et al. (2016) for this argument in the context of racial
discrimination in stop-and-frisk practices based on an statistical interpretation of legal requirements.

13



with (or without) a learning disability are (or are not) receiving special education services;

a similar exercise could be conducted for White students. Table 1 presents a hypothetical

data resulting from such an exercise.

Table 1: Hypothetical data for the assessment of selection-contributing
inequality in the receipt of special education services for specific learn-
ing disability (SLD).

With a learning disability Without a learning disability

Panel A: Sample Statistics

Black Students

With an IEP 20 4
Without an IEP 1 40

White Students

With an IEP 40 14
Without an IEP 2 139

Panel B: IEP and Disability Rates

Black Students

Proportion with a learning disability 32.3% (21/65)
Proportion receiving an IEP 36.9% (24/65)
Proportion under-served 4.8% (1/21)
Proportion over-served 9.1% (4/44)

White Students

Proportion with a learning disability 21.5% (42/195)
Proportion receiving an IEP 36.9% (54/195)
Proportion under-served 4.8% (2/42)
Proportion over-served 9.1% (4/44)

In this stylized example, raw disproportionality in IEP receipt rates is about 10 percentage

points, but because true learning disability rates are observed, it can be seen that neither

Black nor White students are different in their rates of over- or under-receiving services;

rather, the difference in IEP receipt rates is attributable to the difference incidences of a

learning disability between groups. Using language introduced above, we would say that, in

the context of these hypothetical data, the administrator should conclude that the raw racial

disproportionality reflects a selection-reflecting inequality, i.e., gaps in IEP receipt rates are

fully explained by ex ante criteria-related differences.
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Two fundamental measurement problems

This conceptual framework helps clarify that addressing this research question implies

two measurement problems, which are central to methodological issue we are concerned with

in this paper.

The first measurement problem is that the determination of the selection criteria is nor-

mative. Here we mean that other selection criteria might be suggested that could reveal

different levels of selection-contributing inequality, holding all the same data fixed. For ex-

ample, in the segregated southern part of the United States prior to Brown, race would

have been a selection criteria to determine program eligibility. Then, clearly, comparing

program participation rates among those meeting the selection criteria — in this case, race

itself —- would reveal no selection-contributing inequality across racial lines. It is clear from

this example that some selection-relevant criteria can be normatively wrong. Other, more

contested, examples exist. For enrollment into advanced placement (AP) courses4, a criteria

condition might be academic preparedness — a probability of succeeding in an AP class —

or, alternatively, having taken a set of prerequisite courses, such as pre-calculus for AP cal-

culus. These different criteria conditions are disputable and could provide different accounts

of selection-contributing inequality if utilized (Souto-Maior and Shroff 2024).

In the empirical literature on selection-contributing inequality, researchers typically em-

ploy control variables without explicitly stating what latent selection criteria these controls

are meant to represent, or, even, whether the implied criteria are legitimate requisites of

program access. Studies generally move directly to statistical estimation without first es-

tablishing what constitutes a valid basis for group differences. Our theoretical framework

demonstrates why this omission matters: without clearly specifying the assumed selection

criteria, researchers cannot properly define their estimand of interest or appropriately mea-

sure the extent to which selection processes contribute to group-level inequality.

4A set of courses which provide advanced, college-preparatory, curriculum to selected high school students
in the US.
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The second fundamental measurement problem is that, supposing a selection criteria

could be agreed upon or at least proffered by the researcher or policymaker, it might not in

practice be possible to measure it. In the case where the selection criteria include prerequisite

courses, then the criteria is observable with transcript data, and the researcher can condition

on students with matching prerequisites. In other cases — perhaps the modal case — the

selection criteria is latent or not directly observable. In our running example, we acted

as if the administrator could go out and evaluate all students to determine whether some

learning disability existed or not. However, no such diagnostic exists, for many reasons,

perhaps most relevantly is that disability cannot be directly observed (Fletcher et al. 2018),

and the definitions of disability are themselves contested (Maroto et al. 2019; Shakespeare

2013; Shifrer and Frederick 2019).

Given the absence of directly observable selection criteria, researchers often rely on prox-

ies for one (though as we note, the specific latent variable for which proxies are used is

rarely explicated). For special education research, as we described before, test scores and

socio-demographic variables might be used as proxies for disability itself or as evidence of

clinical need for special education services. Further, given the absence of a direct measure of

the selection-relevant criteria and well-known concerns about omitted-variable bias (Angrist

and Pischke 2009; Farkas and Vicknair 1996; Morgan 2021), it is common for researchers

to saturate their regressions with as many available covariates as possible. However, this

conventional approach may capture group-level differences unrelated to the selection criteria

itself, risking what we call the correlated proxy problem. Below, we formalize what this risk

is.

4 Formalization of our conceptual framework

We now formalize this conceptual framework to clearly articulate and illustrate what we

mean by the correlated proxy problem.

Suppose that, for a population of N individuals, the researcher is interested in identifying
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the extent to which the selection mechanism for a given program Y (e.g., special education

services) produces selection-contributing inequalities with respect to group membership G

(e.g, race). Following the framework proposed above, the researcher should account (statisti-

cally control) for the extent to which different-group individuals meet the selection criteria.

For each student i, we have the following variables (subscript “i” omitted throughout to

simplify notation):

• Y is a binary indicator for whether the student has access to the program.

• G is an indicator of i’s group membership. For simplicity, we assume only two group

categories: G = 1 if the individual is a member of the group of interest and G = 0 if

the individual is a member of the reference group category. For example, suppose that

G represents race, and that we are only interested in the “Black” and “White” racial

categories. Using “White” as the reference category, we set G = 1 if i’s race is “Black”

and 0 if “White”.

To illustrate in an empirical context, let us go back to our running example. In this

context, Y captures a binary indicator for whether the student receives special education

services, defined as an Individual Education Plan (IEP); G is a binary indicator of i’s racial

category where G = 1 if i’s race is “White” and G = 1 if i’s race is “Black”.

The raw model

The simplest kind of evidence with respect to program disproportionality involves esti-

mates of raw (or unconditional) disparities. These estimates capture the extent to which

access to a given program varies across groups without accounting for any pre-existing group-

level differences. These raw measures provide useful information. For instance, under the

well-supported premise of no innate or biological race differences in incidences of disability

(Mayes 2023), evidence of unconditional racial disproportionality in receipt of special educa-

tion services points to the existence of social processes — inside and outside of school — that

shape racial disparities in special education services (Donovan and Cross 2002; Fish 2017).
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Raw group-level inequality in program Y with respect to group membership G can be

computed by a regression of Y on G, what we call the raw model :

Y = βraw
1 G+ ϵ. (raw model)

Here we must make a small methodological aside. This regression model, as well as

the subsequent models presented here, are written as linear probability models and so, are

estimated through ordinary least squares (OLS). The coefficient on G can be interpreted as

the average marginal difference between the category of interest (as opposed to the reference

category) in the predicted probability of program enrollment. Many existing studies estimate

these models through a logistic regression rather then a linear probability model. We choose a

linear probability model (and the marginal difference/effects interpretation) because a central

objective of this paper is to assess how the coefficient on G varies across the inclusion of

different control variables. Unlike linear regression coefficients, logistic regression coefficients

are affected by the level of unobserved heterogeneity in the model — they are influenced by

omitted variables, “even when those variables are unrelated to the independent variables

in the model” (Mood 2010: p. 67). Thus, with logistic regression, adding control variables

changes how the model accounts for unexplained variation, making it impossible to attribute

changes in coefficients solely to the substantive effect of those controls (Mize 2019; Mood

2010).

In the raw model, if β̂raw
1 is statistically different from 0, then we observe raw group-level

inequality. This is the coefficient which earlier special education research focused on (Artiles

et al. 2002; Donovan and Cross 2002; Harry and Klingner 2014; Skiba et al. 2005) and which

consistently indicates a higher rate of special education receipt for Black students relative

to White students.

From a DAG representation, this model estimates the pathway displayed in Figure 1,

below:
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Figure 1: A DAG representation of the pathway of interest when estimating
raw group-level program disproportionality.

G Y
α1

The ideal model

While informative, the raw model does not indicate whether students with the same

selection-relevant characteristics are over- or under-represented in the outcome Y . Suppose

a given variable (or set of variables), Z, captures the extent to which individual i meets

the selection criteria. In the context of our running example, Z captures the extent to

which student i has a learning disability (as defined by IDEA) prior to special education

identification decisions. Without loss of generalizability and to align with latent variable

measurement, we propose Z to be interpreted as the standardized probability (or risk) that

student i has a learning disability.5

In an ideal, hypothetical, scenario in which Z is observable to the researcher, the data-

generating process of interest can be described by the DAG in Figure 2, below:

G Z Y
α1 α2

α3

observable factors

unobservable factors

selection-reflecting inequality

selection-contributing inequality

Figure 2: The data-generating process of interest if Z is observable by the
researcher.

This DAG presented in Figure 2 illustrates the paths of interest through which differences

in the outcome Y between group membership G can occur. First, there are pathways (α1

and α2) that pass through Z. Path α1 captures potential group-level differences with respect

to criteria-related characteristics and path α2 represents the extent to which criteria-related

5While disability is typically coded as a binary category for administrative purposes, this reflects practical
considerations rather than theoretical ones. We treat Z as continuous to avoid imposing arbitrary thresholds
to dichotomize disability status.
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differences influence selection outcomes. Using the terminology introduced earlier, this path

only captures the source of selection-reflecting inequality, i.e., group-level inequalities that

arise through this path result from group-level differences in how individuals meet the selec-

tion criteria or group-level differences in the relationship between the selection criteria and

the outcome.

The remainder of group-level differences in program enrollment are captured by path

α3. This path captures group-level differences in Y that cannot be attributed to differences

in how different-group individuals meet the selection criteria and, thus, following earlier

terminology, captures the source of selection-contributing inequality. Therefore, α3 is what

we would like to estimate.

Returning to our running example, due to ex ante inequalities, such as exposure to

environmental toxins and family stress (Cichy et al. 2012; Sampson and Winter 2016), it is

possible that, at the time of school-based special education identification processes, Black

students are, on average, more likely than White students to have a learning disability

(path α1). In addition, differences in learning disabilities might shape how gatekeepers make

selection decisions, leading to group-level differences in special education receipt rates (path

α2), a further source of selection-reflecting inequality. However, if group-level differences

in special education receipt are not based on differences in Z — that is, if group-level

differences occur for students with similar Z — then path α3 will arise, representing a

selection-contributing inequality.

Group-level differences in incidences of learning disability might not fully explain dis-

parities in special education receipt rates (α3 ̸= 0) for numerous reasons; here, we highlight

two. First, the mechanisms by which students are selected for special education programs

are often subjective, giving strong decision power to gatekeepers — e.g., school-level per-

sonnel such as teachers, administrators and social workers — and thus, might be subject to

pressures from families or biases from gatekeepers. Second, the actual selection mechanism

used by schools when making special education decisions might not appropriately select on
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the basis of learning disability. For instance, most schools rely on at least some measure of

student performance when making special education decisions, which may associate racial

differences in educational opportunities along with disability rates.

In the ideal scenario where Z is observable, we can identify selection-contributing in-

equality by simply comparing the program enrollment rates of different-group individuals

which are similar with respect to Z. The following regression captures this ideal strategy:

Y = βideal
1 G+ β2Z + ϵ. (ideal model)

If β̂ideal
1 is statistically different from 0, the empirical model would indicate the existence of

selection-contributing inequality.

The proxy-based model

The challenge for the researcher is that, in practice, Z is (almost always) unknown. This

means that we can only observe raw between-group inequality (the effect of G on Y as

defined by the raw model), but we cannot estimate the ideal model to assess the extent to

which it can be attributed to selection-reflecting and/or selection-contributing inequality.

Researchers are well-aware that it is problematic to infer that an β̂1

raw
which is statis-

tically different from 0 implies a selection-contributing inequality. For this conclusion to

be true, an unlikely scenario would need to hold. It would have to be the case that α1 or

α2 in Figure 2’s DAG were 0, allowing us to say that the selection criteria plays no role

in explaining group-level differences in program enrollment. In this very specific case, β̂raw
1

would, in fact, only indicate selection-contributing inequality.

Given the structural foundations of group-level inequalities (Massey 2007; Tilly 1998), it is

reasonable to assume that, in most contexts (such as our example of racial disproportionality

in special education), individuals from different groups will likely have different values of Z at

the time of selection decisions (α1 ̸= 0) or that selection decisions are likely to be influenced

by Z (α2 ̸= 0).

Given that Z is unobservable, researchers often use a variable (or set of variables) as a
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proxy for Z. This is implicitly what the traditional kitchen-sink approach attempts to do.

LetX represent the chosen control variable(s). Here, we acknowledge that covariate-selection

practices in quantitative research provide some guidance for the selection of X (e.g., Cinelli

et al. 2024). Specifically, X should not introduce problems traditionally associated with “bad

controls”, such as covariates containing group-level measurement errors or post-treatment

effects (i.e., controls observed concurrently or after the selection process that are correlated

with the regressor of interest (Gaebler et al. 2022)). Other examples from this literature, such

as the problem of conditioning on a mediator, will not help researchers with the selection

of X in our context, as the aim here is to isolate disparities that exist after accounting for

selection-relevant criteria, which requires controlling for certain mediating pathways (Z).

Thus, here and throughout, we reiterate that the data generating processes we characterize

do not have the problems of group-level measurement errors or post-treatment controls.

While X can be interpreted as a set of variables, for clarity our examples will focus on the

case where X captures a single variable.

Then, the general practice is to assess selection-contributing inequality via what we call

the proxy-based model :

Y = βproxy
1 G+ β2X + ϵ. (proxy-based model)

As observed in prior studies, researchers use different kinds of variables to define X. By

emphasizing that the chosen controls must function as proxy for Z, we are able to differentiate

between two implicit strategies.

First, the researcher might choose a control variable because it is assumed to be affected

by Z; call this type-A proxy. In studies of special education racial disproportionality, a

common type-A proxy is prior academic performance, usually measured as a composite of

students’ test scores prior to disability-identification decisions (e.g., Fish 2019; Hibel et al.

2010; Kincaid and Sullivan 2017; Morgan et al. 2012, 2015, 2020; Shifrer 2018; Sullivan and

Bal 2013). Intuitively, the idea is that any existing racial differences in disability would

manifest in racial differences in one dimension of learning, such as a test score. Then, a test
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score would serve as a proxy for disability because disability is assumed to be a determinant

of lower test scores.

Second, the researcher might choose a control variable because it is assumed to directly

affect Z; call this type-B proxy. In studies of special education racial disproportionality, a

common type-B proxy is a measure of socioeconomic status (e.g., Fish 2019; Hibel et al.

2010; Kincaid and Sullivan 2017; Morgan et al. 2012, 2015, 2020; Shifrer 2018; Sullivan

and Bal 2013). Intuitively, the idea is that socioeconomic disadvantages capture factors,

such as exposure to environment toxins during early childhood, that can cause disabilities.

Then, a socioeconomic indicator could serve as a proxy for disability because socioeconomic

disadvantages are assumed to be determinants of disability.

At first, choosing a proxy based on theoretically informed assumptions about whether

it causes (or is caused by) the latent variable of interest might seem like a reasonable idea.

Indeed, the traditional understanding is that the primary concern around proxy X is that it

should be free of omitted-variables; that is, assuming that X follows best variable-selection

practices,6 as long as there is no omitted-variable bias, then the estimate of selection-

contributing inequality will be accurate. In the context of our example, this traditional

understanding suggests that the inclusion of a control variable, such as test scores, as an

additional proxy for disability could be problematic only if such variable has measurement

error (e.g., if the scoring of exams is vulnerable to racial bias) or if such variable is a post-

treatment variable (e.g., test scores measured after disability identification decisions) (Fish

et al. 2024). If not for these issues, the inclusion of an additional variable is beneficial as it

might help with the central concern of omitted-variable bias. However, as we will demon-

strate below with the correlated proxy problem, estimates of selection-contributing inequality

can be biased even if these well-known conditions of best practices for variable selection and

no omitted-variable bias are met.

Let us explicitly outline this traditional understanding through DAGs. Assume that X

6Though we see no mention of this in the special education literature, following best practices, X should
also not contain group-level measurement error or a post-treatment effect.
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does not have measurement error, does not captures a post-treatment effect, and that it

captures all group-level differences with respect to Z (a no-omitted-variable bias assump-

tion). Then, the data-generating process for type-A and type-B proxies can be defined by

Figures 3A and 3A.

(A) Type-A proxy, Z → X

G Z X Y
α1 α2 α3

α4

(B) Type-B proxy, X → Z

G ZX Y
α1 α2 α3

α4

observable factors

unobservable factors

selection-reflecting inequality

selection-contributing inequality

Figure 3: Two possibilities of chosen proxies and the implicit data-generating
processes to appropriately assess selection-contributing inequality

In each of these cases, the effect of G on Y that passes through Z is the same as the effect

of G on Y that passes through the chosen control variable, X. Therefore, when controlling for

X in the proxy-based model the researcher is fully controlling for criteria-related group-level

differences and, hence, the proxy-based model and ideal model will yield identical results.

Omitted-variable bias concerns

Briefly, we can illustrate the omitted variable bias concern; that is, the bias that occurs

when the variable (or set of variables) X fails to fully capture group-level criteria-related

differences. To illustrate, let V represent the unobserved variable (or set of variables) omitted

from the proxy-based model. From a DAG representation, this means that, in contrast to
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Figures 3A and 3B, the true data-generating processes might actually follow Figures 4A

and 4B, below.

(A) Type-A proxy, Z → X

G Z X

V

Y
α1 α2 α3

α4

θ1 θ2

(B) Type-B proxy, X → Z

G Z

V

X Y
α1

θ1 θ2

α2 α3

α4

observable factors

unobservable factors

selection-reflecting inequality

selection-contributing inequality

Figure 4: Omitted variable bias for type-A and type-B proxies.

To make sense of this figure, let us revisit our running example. Definitionally, a spe-

cific learning disability is unexplained low test score performance (IDEA-Sec.300.309 2006);

therefore, the test score alone might not be a sufficient proxy for disability. If, conditional

on test scores, there exist group-level differences with respect to exclusionary factors — such

as educational opportunity and other disabilities— these differences must be accounted for.

Consider cases where researchers use test scores as type-A proxies, as illustrated in Figure 4A,

where X is exemplified by a test score variable. Let V represent an exclusionary factor, such

as a visual impairment, and allow V to (conditional on X) differ by race, meaning that Black
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students are more at risk than White students to have visual impairments. By omitting V ,

unobserved differences between Black and White students in Z (e.g., visual impairments)

persist as unmeasured confounders through θ2 and result in omitted variable bias. The path

θ1 represents residual unobserved differences in Z as represented by V , whereas θ2 represents

racial differences in gatekeepers’ selection responses to those differences. If paths θ1 and θ2

exist, then omitting V from the proxy-based model will omit criteria-related differences and,

therefore, will yield an inaccurate estimate of selection-contributing inequality.

Now consider the type-B proxy, shown in Figure 4B, where X is exemplified by a fam-

ily economic disadvantage. Certainly, family economic disadvantage is not deterministic of

disability Z. It is likely that there are other structural inequalities, V , such as racial differ-

ences in exposure to lead (e.g., Lanphear et al. 1996), that (net of economic disadvantage)

remain correlated with race and disability. As before, path θ1 captures residual differences

across G in the latent variable Z that affect Y , and θ2 captures residual differences in the

influence of Z on Y . If paths θ1 and θ2 are non-zero, then, again, omitting V from the

proxy-based model will omit criteria-related differences leading to an inaccurate estimate of

selection-contributing inequality.

This issue of omitted-variable bias governs much of the empirical quantitative literature

on selection-contributing inequality. In fact, attempting to mitigate such concerns, special

education studies (e.g., Fish 2019; Hibel et al. 2010; Kincaid and Sullivan 2017; Morgan

et al. 2012, 2015, 2020; Shifrer 2018; Sullivan and Bal 2013) often introduce various other

controls, such as indicators of health (e.g., birth weight); indicators of early childhood expe-

riences (e.g., frequency of reading at home, frequency of visits to health centers, center care,

birth order and parental background information); and additional measures of academic

background (e.g., attendance and suspension rates). Even after the inclusion of all these

controls, concerns of omitted-variable bias remain, informing sensitivity-based strategies to

assess the robustness of estimates to additional unobserved confounders (Morgan 2021).

While omitted-variable bias is certainly an important methodological concern, we show
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that accurate estimates of selection-contributing inequality can persist even when omitted-

variable bias is not present due to the correlated proxy problem, detailed in the next section.

5 The correlated proxy problem

To start, maintaining our prior assumption that X does not contain measurement error

or a post-treatment effect,let us consider a hypothetical scenario in which the condition of

no omitted-variable bias is satisfied, as shown in Figures 3A and 3A. Finally, as noted above,

for clarity of exposition, our examples consider contexts in which X is defined by a single

variable.

The issue is that the failure to capture group-level differences with respect to Z (omitted-

variable bias) is not the only way controls can create false impressions about selection-

reflecting inequality. The specific form of the correlated proxy problem depends on the

kind of proxy chosen by the researcher (type-A or type-B), and the DAGs in Figures 5A

and 5B illustrate the correlated proxy problem for both types. Importantly, note that the

DAGs presented in this Figure modify the previously assumed data-generating processes

(Figures 3A and 3B) while keeping the assumption of no omitted-variables bias.

First, let us focus on type-A proxy, Figure 5A. In this revised data-generating process,

we introduce path γ, which defines an effect of G and X that does not passes through Z.

In less abstract language, this means that there might exist some ex ante factors that lead

X to vary across group membership but that do not explain why Z varies across groups.

The effect of G on Y that passes through Z is no longer the same as the effect of G on Y

that passes through X. Consequently, the effect of X on Y (α3) can now capture both a

selection-contributing and selection-reflection inequality, what we highlight by changing its

color to blue. Hence, when we estimate the proxy-based model, we are not controlling only

for criteria-related differences (paths α1, α2 and α3) but also for criteria-unrelated ones (path

γ).

To illustrate, let us go back to our running example of racial disproportionality in special
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(A) Type-A proxy, Z → X

G Z X Y
α1

γ

α2 α3

α4

(B) Type-B proxy, X → Z

G ZX Y
α1 α2 α3

γ

α4

observable factors

unobservable factors

selection-reflecting inequality

selection-contributing inequality

selection-contributing and selection-reflecting inequality

Figure 5: The correlated proxy problem under two types of chosen proxies

education for students with SLD. In this case, Z, represents whether a student has developed

a learning disability prior to special education identification decisions. Recall that IDEA

defines a learning disability as an academic difficulty that cannot be attributed to other

disabilities or the lack of educational opportunities. The correlated proxy problem can arise

in this case if the chosen type-A proxy (exemplified by test scores) captures Black-White

differences in educational opportunities. If that is the case, a model that controls for test

scores is implicitly controlling for factors that are, as represented by Figure 5A, distinct from

a learning disability, thereby biasing the estimate of interest.

Consider, for instance, the fact that parental practices, such as reading habits and the
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nature of parent-child interactions, play a central role in the development of children’s cog-

nitive skills (Britto et al. 2017; Hemmerechts et al. 2017; Imhof et al. 2023; Mendive et al.

2017). Due to historical and structural racial inequalities, different-race families might have

different financial and cultural resources that translate into differential parental practices

and, ultimately, into racial differences in test scores (path γ). The problem, therefore, is

that test scores might capture these unequal learning opportunities that, by definition, are

not legitimate causes of learning disability.

Controlling for test scores in this regression would lead us to compare students at the

same achievement level while failing to distinguish between those who are low-achieving due

to a learning disability (the necessary covariate to identify selection-contributing inequality)

versus those who are low-achieving due to lack of educational opportunity (the component

of selection-reflecting inequality). This statistical adjustment would therefore underesti-

mate true selection-contributing racial disparities in special education access by incorrectly

attributing all achievement differences to selection-reflecting factors. In other words, by con-

trolling for test scores that capture both legitimate disability-related differences and illegiti-

mate opportunity-related differences, we risk masking the selection-contributing component

of racial disparities that stems from differential educational opportunities.

Second, consider type-B proxy, Figure 5B. In the revised data-generating process, we

introduce path γ, which posits that the extent to which group-level differences in X matter

for Y do not fully operate through Z. The effect of G on Y that passes through Z is no longer

the same as the effect of G on Y that passes through X. While the effect of G on Y that

passes through Z only captures selection-reflecting inequality (paths α1, α2, α3), the effect

of G on Y that passes through X captures both selection-reflecting (paths α1, α2, α3) and

selection-contributing inequalities (path γ). Therefore, when we estimate the proxy-based

model, we are not solely controlling for criteria-related differences (paths α1, α2 and α3) but

also for criteria-unrelated ones (path γ).

To illustrate, let socioeconomic background be the type-B proxy the researcher uses to
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identify selection-contributing inequality for group-differences in identification of students

with SLDs. It is possible that a student’s socioeconomic background matters for special

education receipt in ways that are not explained by learning disability. For instance, consider

the case of parental involvement. Through involvement in the school, parents can exert

pressure on teachers and administrate — as well as can teach their children to exert such

pressure on their own (Calarco 2018) — to customize educational experiences, influencing, for

instance, whether their children are assigned to various educational services, such as gifted

and talented programs, advanced-coursework and special education (Cowhy et al. 2024;

Lareau 2011; Lewis and Diamond 2015; Lewis-McCoy 2014; Tyson 2011). One’s ability to

successfully influence school practices is highly correlated with socioeconomic background

(path γ), since social position conveys cultural and social capital resources necessary for

effective parental influence (Calarco 2018; Lareau 2011; Lewis-McCoy 2014). Therefore, a

model that controls for a socieconomic indicator might account for racial differences in special

education receipt that are unrelated to learning disability, hence, biasing the estimate of

selection-contributing inequality.

Controlling for socioeconomic background in this regression would lead us to compare

students of similar socioeconomic status while failing to distinguish between differences in

special education receipt that stem from learning disability status (the necessary covariate

to identify selection-contributing inequality) versus those that stem from parents’ differen-

tial ability to advocate for services (the component of selection-reflecting inequality). This

statistical adjustment would therefore underestimate true selection-contributing racial dis-

parities in special education access by incorrectly attributing all socioeconomic differences

to selection-reflecting factors. In other words, by controlling for socioeconomic status that

captures both legitimate disability-related differences and illegitimate advocacy-related dif-

ferences, we risk masking the selection-contributing component of racial disparities that

stems from differential ability to navigate the special education system.

One might point out that, in practice, to minimize concerns of omitted-variable bias,
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studies report a series of proxy-based models, estimating models that include several proxy

variables. It is reasonable to ask: how we can make sense of the correlated proxy problem in

a context where X is defined by multiple variables? Figures B.1A and B.1A in Appendix B

extend our conceptual framework to show how a correlated proxy problem can arise when the

proxy-based model is defined by two control variables. Following the DAGs in Figures 4A

and 4B, we assume that two variables (X and V ) are needed so that the data-generating

process meets the assumption of no-omitted-variable bias. Therefore, the inclusion of V into

the model is necessary to satisfy the no omitted-variable bias assumption. However, it is un-

likely that such an additional variable can help mitigate the extent to which X brings about

concerns regarding a correlated proxy problem (paths γ in Figures 5A and 5B). In fact,

such additional variable can introduce further backdoor paths (paths γ2 in Figures B.1A and

B.1B), creating additional possibilities of bias via a correlated proxy problem. This exercise

shows that balancing concerns between omitted-variable bias and potential further corre-

lated proxy problems is a fundamental statistical challenge of regression-based frameworks

assessing selection-contributing inequality.

A formalization of the correlated proxy problem

Given the intuition for the correlated proxy problem developed so far, we now formally

derive how it might introduce bias in the estimand of interest. The form of the bias depends

on the type of proxy chosen by the researcher. Therefore, we separately discuss the biases

introduced by type-A and -B proxies.

Type-A proxy

Informed by Ding and Miratrix (2015), we can represent the data-generating process from

Figure 5A’s DAG through the following linear simultaneous equations model (LSEM):
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G ∼ B(p)

ϵ1, ϵ2, ϵ3
ind∼ N(0, 1)

Z = α1G+ ϵ1

X = γG+ α2Z + ϵ2

Y = α3X + α4G+ ϵ3

(1)

In this system, G represents a binary variable distributed with probability p according

to a Bernoulli distribution. For mathematical simplicity and generality, let Z, X and Y be

continuous variables. Z is the (standardized) probability that individual imeets the selection

criteria; X is the (standardized) proxy variable (or composite of proxy variables) for Z; and

Y is the (linear) probability that individual i is assigned to the program. Parameters define

linear relationships between variables. The γ parameter captures the problematic path

that brings about the correlated proxy problem as shown in Figure 5B’s DAG. If γ = 0,

the structure of the data-generating process will match exactly what we would need to

assume for the proxy-based model to appropriately assesses selection-contributing inequality

(Figure 3A’s DAG).

Based on this data-generating process, we can now derive the values of β̂raw
1 , β̂ideal

1 and

β̂proxy
1 . See Appendix A for derivations.

β̂raw
1 = α1α2α3 + α3γ + α4; (2)

β̂ideal
1 = α3γ + α4; (3)

β̂proxy
1 = α4. (4)

These results help us formally illustrate the arguments outlined above. First, we highlight

that the estimate from the raw model, Eq. 2, depends on all of the paths through which group

G matters for selection into program Y , paths α1, α2, α3, α4 and γ in Figure 5A’s DAG.

This illustrates mathematically that the raw model cannot appropriately assess selection-

contributing inequality because it captures the multiple processes through which program

disproportionality emerges.
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Second, and most importantly, these results show that, despite assuming a data-generating

that allows the proxy-based model to meet the condition of no omitted-variable bias, we ob-

serve a difference between the β̂1

ideal
, Eq. 3, and β̂1

proxy
, Eq. 4. This result shows that the

proxy-based model does not necessarily provide an accurate estimate of selection-contributing

inequality (what is done by the ideal model). In fact, the difference between β̂1

ideal
and β̂1

proxy

captures the level of bias in the proxy-based estimate introduced by the correlated proxy

problem (5’ DAG). Formally, the correlated proxy problem for a type-A proxy can be written

as:

CPP = β̂1

ideal
− β̂1

proxy
= γα3. (5)

From this exercise, we learn that further conditions — in addition to no omitted-variable bias

and that the proxy does not contain measurement error or a post-treatment effect — need

to hold for a proxy-based model (that is based on a type-A proxy) to accurately estimate

selection-contributing inequality, CPP = 0. Specifically, it must be the case that at least

one of the paths γ or α3 in Figure 5A’s DAG is equal to 0.

If α3 = 0, then we have a data-generating processes in which the proxy does not explain

group-level differences in program enrollment. Note that if that is the case, then all models

will produce the same estimate, β̂1

raw
= β̂1

ideal
= β̂1

proxy
= α4, suggesting that α4 is the

only path through which group membership shapes Y . This result, while mathematically

true, should be of little relevance to practice since, in reality, the chosen proxy should, by

definition, explain group-level differences in program enrollment. In fact, α3 is reported by

existing empirical estimates (i.e., it is the coefficient on X in the proxy-based model) and is

rarely (if ever) reported to be 0.

Give that α3 is empirically known and, by assumption, α3 ̸= 0, then the extent to

which the proxy-based model is vulnerable to the correlated proxy problem depends on γ.

Intuitively, the γ path captures the extent to which the chosen proxy is correlated with

group-level differences that are unrelated to Z. If such correlation is 0, then β̂1

ideal
= β̂1

proxy

and, hence, there will be no correlated proxy problem.
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This result differs from standard omitted variable bias in several important ways. First,

in typical omitted variable bias, we worry that excluding a variable leads to biased esti-

mates because that variable affects both the treatment and outcome. Here, even when we

meet the standard conditions for avoiding omitted variable bias, we still face the correlated

proxy problem because the proxy itself (X) captures group differences through two distinct

pathways - one through the latent characteristic (Z) and another directly (γ).

Second, while omitted variable bias typically suggests adding more controls would im-

prove our estimates, the correlated proxy problem shows that controlling for certain variables

can actually introduce bias even when they appear to be relevant controls. This occurs be-

cause the proxy captures both legitimate differences that should be controlled for (via Z)

and illegitimate differences that should not be controlled for (via γ).

Third, unlike omitted variable bias which can often be addressed through better mea-

surement or additional controls, the correlated proxy problem presents a fundamental iden-

tification challenge. As shown in equation 5, the bias depends on γ, which captures the

extent to which group differences in the proxy are unrelated to the latent characteristic we

actually want to measure. Since γ is inherently unobservable and α3 is typically non-zero in

practice, we cannot eliminate this bias simply by adding more variables to the model.

Overall, this derivation shows that assessing whether a proxy-based model based on a

type-A proxy which meets the well-know condition of no omitted-variable bias (and follows

best practices of not capturing measurement error or post-treatment effects) can accurately

assess selection-contributing inequality depends on the unknown nature of γ.

Type-B proxy

Now, let us consider the case where the researcher chooses a proxy under the assumption

that the proxy is a cause (instead of an effect) of the latent concept of interest, Z — what we

have called a type-B proxy. We can represent the data-generating process from Figure 5B’s
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DAG through the following linear simultaneous equations model (LSEM):

G ∼ B(p)

ϵ1, ϵ2, ϵ3
ind∼ N(0, 1)

X = α1G+ ϵ1

Z = α2X + ϵ2

Y = α3Z + α4G+ γX + ϵ3

(6)

The definition of variablesG, Z, X and Y follow the LSEM 1. Now, however, the γ parameter

captures the problematic path that brings about the correlated proxy problem as shown in

Figure 5B’s DAG. If γ = 0, the structure of the data-generating process will match exactly

what we would need to assume for the proxy-based model to appropriately assesses selection-

contributing inequality (Figure 3B’s DAG).

The values of β̂raw
1 , β̂ideal

1 , β̂proxy
1 and of the correlated proxy problem (CPP ) can now be

written as follows. See Appendix A for derivations.

β̂raw
1 = α1α2α3 + α1γ + a4; (7)

β̂ideal
1 =

α1γ + α2
2α4 + α4

α2
2 + 1

; (8)

β̂proxy
1 = α4; (9)

CPP = β̂1

ideal
− β̂1

proxy
=

α1γ

α2
2 + 1

. (10)

Similar to what have seen in the analysis of a type-A proxy, we observe that the estimate

from the raw model, Eq. 7, depends on all of the paths through which group G matters for

selection into program Y , paths α1, α2, α3, α4 and γ and, thus, that the raw model captures

all the processes (selection-contributing and -reflecting) through which program group-level

disproportionality emerges.

Further, we see, again, that β̂1

ideal
̸= β̂1

proxy
and, thus, that the proxy-based model does

not necessarily provide an accurate estimate of selection-contributing inequality. The form

of the correlated proxy problem, in this case, is captured by Eq. 10, which depends on α1,

α2 and γ. Now, we will have no correlated proxy problem if at least one of paths γ or α1 are

0.
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A data-generating process where α1 = 0 implies that there are no group-level differences

in the chosen proxy. The idea of a proxy is, by assumption, to capture group-level differ-

ences with respect to the latent concept of interest, Z. Therefore, as empirically observed,

researchers choose a proxy such that α1 ̸= 0. Note that results here indicate that, assuming

that γ ̸= 0, the more X differs across groups (as captured by α1) the stronger the correlated

proxy problem will be.

Given that α1 is empirically observed, the level of the correlated proxy problem depends

on two unknowns, α2 and γ. Parameter γ specifies that the more X explains group-level

differences in program enrollment through paths that are unrelated to criteria-related dif-

ferences the stronger the correlated proxy problem will be. Further, parameter α2 captures

that the higher the relationship between the chosen proxy and the latent concept of interest,

Z, the weaker the correlated proxy problem will be.

Like the Type-A case, the Type-B correlated proxy problem presents a distinct challenge

from omitted variable bias. Even when we satisfy traditional conditions for avoiding omitted

variable bias, the proxy variable (X) affects program enrollment (Y ) through two distinct

mechanisms: one mediated by the latent characteristic (Z) through paths α1 and α2, and

another direct effect through path γ.

The key distinction is that in standard omitted variable bias, adding controls helps re-

duce bias by accounting for confounding relationships. However, in the Type-B correlated

proxy problem, controlling for the proxy variable can actually introduce bias even when it

appears to be a relevant control. This occurs because the proxy’s relationship with program

enrollment combines both legitimate effects (operating through the latent characteristic Z)

and illegitimate effects (operating directly through γ).

Moreover, as shown in equation 10, the magnitude of this bias depends on both γ and

α2—parameters that cannot be directly observed. Since α1 is typically non-zero by design

(as we choose proxies specifically because they vary across groups), we cannot eliminate this

bias through conventional approaches to addressing omitted variable bias. This creates a
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fundamental identification challenge that persists even when standard econometric conditions

are met.

Overall, this derivation shows that assessing whether a proxy-based model based on a

type-B proxy which meets the well-know condition of no omitted-variable bias (and follows

best practices of not capturing measurement error or post-treatment effects) can accurately

assess selection-contributing inequality depends on the unknown natures of α2 and γ.

6 Empirical illustration of the correlated proxy-problem

So far, we have argued that the correlated proxy problem can lead proxy-based mod-

els to (in theory) produce biased estimates of selection-contributing inequality even when

models are not vulnerable to common concerns of omitted-variable bias. Now, we apply the

framework above to an empirical context and illustrate how this methodological issue is not

simply a theoretical possibility and that it can, in fact, be meaningful to existing academic

and policy debates.

Here we empirically examine our running example of racial disproportionality in special

education. We consider data from the National Center for Education Statistics (NCES) 1998

Early Childhood Longitudinal Study, Kindergarten cohort (ECLS-K, public-use version) to

assess how the receipt of special educational services (defined as the receipt of an IEP)

for any disability category (program Y ) varies across Black and White students (group

membership G, where “Whites” is the reference category). We chose the ECLS-K for this

empirical exercise because it is the most frequently used data source in quantitative studies

of racial disproportionality in education. We note, however, that the ECLS-K has important

limitations for the analyses of special education — e.g., it has small sample sizes, making it

difficult to achieve statistically significant inferences; its weight-adjusted estimates of special

education receipt rates do not closely follow what national-level data suggests (Skiba et al.

2016a). Despite these limitations, the ECLS-K provides the best accessible student-level

data for a national-level assessment of special education disproportionality. Therefore, by

37



relying on the ECLS-K, we can demonstrate how relevant the correlated proxy problem is

to the existing literature.

According the framework proposed here, to derive appropriate conclusions around selection-

contributing inequality, researchers should, first, clearly articulate what is the normative se-

lection criteria governing selection, variable Z. Special education services for students with

an SLD are reserved for students with a specific learning disability—by definition, not caused

by other disabilities or exclusionary factors.7

Next, the researcher should compare group-level differences in program enrollment rate

net of differences in how individuals meet the selection criteria. This means that, ideally, we

should estimate Black-White differences in IEP receipt rates net of Black-White differences

in incidences of latent disability (prior to selection decisions).

However, the latent concept of disability is unobservable to the researcher. Existing quan-

titative analyses of the ECLS-K adopt what we have been calling a proxy-based strategy,

where scholars estimate Black-White differences in IEP receipt rates net of various con-

trols. To illustrate the correlated proxy problem for a type-A and type-B proxy, we focus

on two most common chosen variables throughout our examples above. First, a composite

of students’ test scores measured at kindergarten entry (and, thus, before special education

decisions take place). In this case, as outlined above, the implicit assumption is that test

scores could appropriately operationalize disability because disabilities are assumed to man-

ifest into lower test scores. Thus, test scores exemplify a type-A proxy for disability. Second,

a composite measure of students’ socioeconomic background measured at kindergarten entry.

The implicit assumption in this case is that economic disadvantages can create conditions

(such as exposure to lead, poor air quality) that can lead to disabilities. Then, socioeconomic

status exemplifies a type-B proxy for disability.

7In the public-use ECLS-K we can only observe a binary indicator for whether a student has an IEP or not,
and therefore must treat this omnibus disability category as if it also adheres to (IDEA 2004) specifications
about the definition of disability and exclusionary factors. Given that SLD is the most common disability
category, this treatment of the IEP variable seems reasonable for illustration purposes.
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Data

We use data from ECLS-K’s 6th round of data collection (grade 5). To closely dialogue

with existing research, our sample-selection and data-handling practices follows prior quan-

titative assessments of racial disproportionality in special education (e.g., Hibel et al. 2010).

Of the students that had available data in the 6th round of data collection, we only consider

students who had non-missing indicators of IEP receipt status on students’ records abstract.

Because of our focus on Black-White inequalities, we concentrate only on the subsample of

Black (n = 1,007) and White (n = 5,479) students.

Following existing research, our test score measure is a standardized composite of stu-

dents’ math and reading scores in item-response theory exams in the first semester of kinder-

garten (and thus, measured before the special education decisions of interest — 6th round of

data collection — take place). Further, our SES measure is based on an ECLS-K-provided

composite which captures factors such as level of parental education, occupational prestige,

and household income. As prior studies, we handle missing cases in the test score and

SES composites by conditional multiple imputation and compute estimates using ECLS-K’s

student-level longitudinal weights and heteroskedasticity-consistent Huber–White standard

errors (Hibel et al. 2010; Morgan et al. 2015).

Raw and proxy-based models

Given this quantitative operationalization of variables Y , G and X, we now estimate the

raw model and proxy-based model defined above. Table 2 reports the results. Coefficients

capture the average marginal difference of being from the “Black” racial category (as opposed

to the “White” racial category). This unconditional point estimate of 0.03 matches data from

the Office of Special Education Programs (U.S. Department of Education 2019) but is not

statistically significant due to the ECLS-K having a small sample size, a result reported

previously (e.g., Hibel et al. 2008; Kincaid and Sullivan 2017). Thus, for the sake of this

empirical illustration, we do not concentrate on statistical significance and focus on the
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Table 2: Raw and proxy-based models. Coefficients capture the average
marginal difference of variables of interest on one’s likelihood of special education
education receipt.

Proxy-based model, Proxy-based model,
Raw model Type-A proxy Type-B proxy

(X = test score) (X = SES)

(Intercept) 0.13∗∗∗ 0.48∗∗∗ 0.14∗∗∗

(0.01) (0.04) (0.01)
race = Black 0.03 −0.09∗∗∗ 0.01

(0.03) (0.03) (0.03)
test score −0.28∗∗∗

(0.02)
SES −0.04∗∗

(0.01)

∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05

magnitude of the effects. To understand how to interpret these results, consider the Raw

model. A 0.03 average marginal difference of Black versus White on the probability of special

education receipt means that, on average, Black students’ probability of special education

receipt is 3 percentage points higher than Whites’. Note that only about 10% of students in

our sample receives special education services and, thus, that a 3-point percentage difference

is, in fact, quite substantial. To better visualize these results, Figure 6 plots the predicted

probabilities of special education receipt according to the coefficients in Table 2. For the two

proxy-based models, control variables are held at their means.

The results using test score and socioeconomic proxies as covariates replicate prior studies

(e.g., Hibel et al. 2008, 2010). These proxy-based models show that racial differences in

prior test scores or socioeconomic status (chosen proxies for disability) can explain (at least

partially) such disparities. When test score is the chosen control, we observe that Black

students are, in fact, less likely than White students to receive an IEP. When socioeconomic

status is the chosen control, we observe that Black students are almost just as likely as Whites
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Figure 6: Predicted probabilities of special education receipt according the
coefficients in Table 2. For the two proxy-based models, control variables are
held at their means..

to receive an IEP. These results have been used as evidence that Black students are under-

represented in special education relative to White students, once appropriate comparison

groups are established via covariate adjustment (e.g., Gordon 2017; Morgan and Farkas

2015). In terms of the language we propose here, these models have been interpreted as

evidence of selection-contributing inequality, meaning that Black students have been denied

access to services for which they are eligible at greater rates than White students.

Now, we assess how the proxy-based models presented above can be vulnerable to the

correlated proxy problem. Naturally, these models can also be vulnerable to the issue of

omitted-variable bias. The purpose of this exercise, however, is to show that, in contrast

to traditional understanding, omitted-variable bias is not the only methodological issue we

should be concerned about and that the proxy-based model can inaccurately assess selection-

contributing inequality even if it is not vulnerable to omitted-variable bias.

To do so, let us consider the (perhaps hypothetical) case in which the chosen proxy-based

models meet the no-omitted-variable bias condition. Then, we assess how problematic paths

(as defined by DAG 5A and 5A) can bring about the correlated proxy problem.
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Type-A proxy (X = test score)

Our goal in this exercise is to generate a plausible range of values for γ to test the

effect of introducing correlated proxies on Black-White differences in the receipt of special

education services. Based on Eq. 5, the correlated proxy problem for a type-A proxy only

depends on α3 and γ. Parameter α3 is known to the researcher as it is directly estimable

through the proxy-based model. In fact, from Table 2, we know that α3 = −0.28. Therefore,

to assess the extent to which the proxy-based estimate, ˆβproxy
1 is robust to the correlated

proxy problem, there is only one unknown, γ, which in this empirical application, captures

the extent to which test scores, X, differ across students of different races, G, but similar

levels of disability, Z. Thus, we can rely on empirical and theoretical insights to assume a

plausible range for γ. Based on this range, we can construct an interval around the proxy-

based estimate, ˆβproxy
1, displaying the extent to which the correlated proxy problem would

allow it to vary.

To define a plausible range for γ, consider that national descriptive statistics show that,

on average, Black students have lower test scores than White students, at between 0.50 to

0.75 standard deviations depending on the data, year, and grade (Quinn 2015; Reardon et al.

2019a,b). Further, it is certainly the case that factors beside disability, such as racial segre-

gation (Reardon et al. 2019b) and economic inequality (Christopher 1996), cause differences

in test scores, and, thus, that racial differences in disability are unlikely to fully explain the

Black-White test-score gap. Thus, we assume that for the highest plausive level of Black-

White differences in disability, variable Z could fully explain the Black-White test score gap,

but not reverse it. That is, it is unreasonable to believe that, conditional on disability, Black

students would have higher test scores than Whites, given the multiple structural inequalities

undergirding test scores. This means that we can safely assume that γ ≤ 0 — i.e, condi-

tional on disability, the Black-White test score gap is, at most, 0. To define a lower bound

for γ, we assume that for the lowest plausive level of Black-White differences in disability,

Z would play no role in explaining Black-White differences in test scores. Then, γ would be
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the same as the coefficient on G for a regression of X on G, the unconditional Black-White

difference in test scores. For our sample, such a coefficient is -0.47. Therefore, we assume

γ ∈ {−0.47, 0}.

To help with the interpretation of our results, note that when defined within this range,

chosen values of γ imply an assumption about the percentage of the Black-White test score

gap which is explained by disability. A value of γ = −0.47 implies, for instance, that the

Black-White test score gap is the same regardless of whether we control for Z and, therefore,

indicates that disability explains 0% of the Black-White test score gap. Conversely, a value

of γ = 0 indicates that disability explains 100% of the Black-White test score gap. More

formally, let d capture the Black-White test score gap conditional on disability over the

unconditional Black-White test score gap. Then, γ = −0.47 implies d = 0% and γ = 0

implies d = 100%.

Based on this chosen range, and based on the fact that the ideal estimate (Eq. ideal

model) is simply the sum of (β̂proxy
1 ) and the correlated proxy problem (CPP = α3γ), we

can compute a range of plausible values for the ideal estimate (β̂ideal
1 ), thereby assessing how

the correlated proxy problem might bias the proxy-based estimate. Figure 7 presents the

results of this exercise. Given our assumptions about the nature γ, the correlated proxy-

problem will be non-negative, and the ideal estimate will fall somewhere between the raw

gap and the proxy-based estimate.

To help interpret our analyses, Figure 7 shows how the ideal estimate varies with assumed

values of γ. We highlight what these values of γ imply about the percentage, d, of the Black-

White test score gap explained by disability, Z. This helps readers assess which values are

more plausible.

Setting γ = 0 implies that disability explains 100% of the Black-White test score gap.

For context, socioeconomic status explains about 29% of the Black-White achievement gap

in our data, consistent with prior research (Reardon et al. 2019a). If disability explains

100% of the Black-White test score gap, this implies a magnitude for the disability to non-
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Figure 7: Robustness of the proxy-based model (for type-A proxy, X = test
score) estimated in Table 2 to the correlated proxy problem. The sensitivity band
defines the range of possible values for the ideal estimate for γ ∈ {−0.47, 0}.
Parameter α3 is known from data (= -0.28). To facilitate interpretation, we
highlight the sensitivity estimates where γ ∈ {−0.47,−0.352,−0.235,−0.117, 0}.
Values of γ imply an assumption about the percentage, d, of the Black-White
test score gap that is explained by disability, Z.

disability gap, assuming other parameters. For example, assigning population parameters to

the (unobserved) disability rate and Black-White disability gap (15% overall disability rate

and a very conservative 22.5% to 7.5% Black-White disability gap) entails a disability-related

achievement gap of more than 4 standard deviations (SD), a value nearly 6.5 times larger

than current estimates of 0.62 SD (Gilmour et al. 2019). Alternatively, if we now allow the

disability-related achievement gap to be 0.62 SD, then the true (unobserved) disability rate

gap for Black and White students would need to be 117%, a number that is impossible. Even

if disability explains just 25% of the achievement gap (γ = −0.352), the implied disability

achievement gap would be 1.17 SD, or the Black-White disability rate gap would be 28.2%.

See Appendix C for details on these calculations.

These calculations mean that using test scores to control for Black-White differences in

IEP receipt very likely exaggerates the magnitude (and perhaps mis-estimates the sign) of

selection-contributing inequality by conflating structural factors affecting the Black-White

44



achievement gap with unobserved differences in disability probability between Black and

White students. While the true disability rate, racial differences in disability rates, and

achievement levels of students with disabilities are unknown, our calculations use conserva-

tive assumptions that, if adjusted, would imply even larger disability gaps.

Type-B proxy (X = SES)

Based on Eq. 10, the correlated proxy problem for a type-B proxy depends on α1, α2 and

γ. Parameter α1 is known to the researcher as it captures the average group-level differences

with respect to X. In our data, α1 = −0.74.

To assess the extent to which the proxy-based estimate, ˆβproxy
1, is robust to the correlated

proxy problem, there are, therefore, two unknowns, α2 and γ. Then, as done for the empirical

assessment of type-A proxy in the section above, we can rely on empirical and theoretical

insights to assume plausible ranges for α2 and γ.

Parameter α2 captures the correlation between the chosen proxy, socioeconomic status,

and the latent concept of interest, disability. Under the theoretical assumption articulated

above, that socioeconomic disadvantages lead to factors, such as exposure to environmental

toxins and family stress, that, ultimately, influence the development of disabilities, it follows

that α2 ≤ 0. To provide a lower bound for α2, we suppose that, at most, the absolute value

of the correlation of socioeconomic status and disability is equal to the correlation between

socioeconomic status and test scores, which, in our data is equal to 0.22. Therefore, we

assume α2 ∈ {−0.22, 0}.

Parameter γ captures the extent to which X explains group-level differences in program

enrollment through pathways that are unrelated to disability. As proposed in the discussion

of Figure 5B’s DAG, this path can arise because parents’ ability to influence gatekeepers deci-

sions depend on cultural and social capital resources which come together with socioeconomic

advantages (Calarco 2018; Lareau 2011; Lewis-McCoy 2014). Therefore, net of disability, so-

cioeconomic status should have a non-positive effect on special education receipt (γ ≤ 0).
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To provide a lower bound for γ, recall the Y equation in LSEM 6:

Y = α3Z + α4G+ γX + ϵ3. (11)

Note that if X were to explain group-level differences in program enrollment through path-

ways that fully operate through Z (which implies α3 = 0), we could rewrite the Y equation

as

Y = α4G+ γX + ϵ3. (12)

Then, γ would be, simply, the effect of X on Y conditional on G. From our data, we

know that this value is -0.04. We propose -0.04 to be the lower bound for γ and, thus,

γ ∈ {−0.04, 0}.

To help with interpretation, note that, when defined within this range, assumed values

for γ capture how much of the effect of X in explaining group-level differences in program

enrollment operate through Z. For instance, γ = 0 implies that all (100%) of the effect of X

in explaining group-level differences in program enrollment operate through Z. Conversely,

γ = −0.04 implies that none (0%) of the effect of X in explaining group-level differences in

program enrollment operates through Z. More formally, let d the percentage of the effect of

X on group-level differences in enrollment which operate through Z. Then, γ = 0 implies

d = 100% and γ = −0.04 implies d = 0%.

Based on this proposed range, we can construct an interval around the proxy-based

estimate, ˆβproxy
1, displaying the extent to which the correlated proxy problem would allow

it to vary. Figure 8 presents the results of this exercise. For easier visualization, we plot

sensitivity estimates for the chosen range of γ while keeping α2 = −0.22 (the strongest

possible assumed correlation between disability and socioeconomic status). Figure B.2 in

Appendix B shows that other values of α2 for α2 ∈ {−0.22, 0} have only a minor effect on

the sensitivity estimates displayed here. As before, results illustrate that, given assumptions,

plausible values for the true estimate will fall within the raw and proxy models.

To help interpret our analyses, Figure 8 shows how the ideal estimate varies for specific

assumed values of γ. We also highlight what these values of γ imply about the percentage,
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Figure 8: Robustness of the proxy-based model (for type-B proxy, X = SES)
estimated in Table 2 to the correlated proxy problem. The sensitivity band defines
the range of possible values for the ideal estimate for γ ∈ {−0.04, 0}. Parameter
α1 is known from data (= -0.74) and α2 = −0.22 (see Figure B.2 in Appendix
B for sensitivity estimates where α2 ∈ {−0.22, 0}). To facilitate interpretation,
we highlight the sensitivity estimates where γ ∈ {−0.04,−0.03,−0.02,−0.01, 0}.
Values of γ imply an assumption about the percentage, d, of the effect of X on
group-level differences in enrollment which operate through Z.

d, of the effect of X on group-level differences in enrollment which operate through Z. This

exercise shows that unless all (d = 100%) of the effect of socioeconomic status in explaining

group-level differences in special education receipt operates through disability, the proxy-

based model will understate the level of selection-contributing inequality. We emphasizes

that d = 100% implies a very unlikely scenario since, as highlighted by the case of parental

involvement discussed above, sociologists and educators are well-aware of pathways through

which socioeconomic status might shape special education receipt even net of disability.

Assessment of empirical exercise

This exercise reveals serious limitations in using test scores and, to a lesser extent, so-

cioeconomic status to control for disability status when measuring racial disproportionality

in special education. For test scores to fully capture disability differences, they would need
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to show an implausibly large achievement gap between disabled and non-disabled students -

over 4 standard deviations, or near 6.5 times larger than empirically observed. Alternatively,

given an achievement gap between disabled and non-disabled students, the implied disabil-

ity rate gap between Black and White students is impossibly large, at 117%. Even if test

scores captured just 25% of true disability differences—meaning that the Black-White gap in

special education receipt is nearly zero—the implied disability achievement gap would still

be nearly twice what research suggests, or the implied differences in disability rates would

be about nine times larger than they are currently. These calculations mean that existing

proxy-based estimates understate the extent to which special education identification pro-

cesses contribute to racial inequality. More to the point, it is almost certainly the case that

the consensus of under -representation of Black students in special education is exaggerated.

Instead, our analysis suggests that commonly used statistical controls may systematically

mask real disparities in how students are identified for services.

7 Discussion

In this paper, we reflected on the methodological practice of using observational data

to determine whether a selection process is contributing to inequality as opposed to simply

reflecting inequalities that have emerged prior to the selection process itself. To clearly

articulate the quantities of interest we propose new terminology detailing that the task at

hand is to define whether a selection process produces selection-contributing or selection-

reflecting inequality.

Identifying whether a selection process produces selection-contributing (as opposed to,

or in addition to, selection-reflecting) inequality is a question of great sociological and pol-

icy relevance and concerns selection processes spanning different domains, including hiring

decisions, within-firm promotions decisions, mortgage lending decisions, college/higher edu-

cation admissions, a selection into various educational programs (e.g., Advanced Placement

courses, gifted and talented programs and special education services).
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Given the limited possibility of field experiments, much of this literature leverages ob-

servational data to assess selection-contributing inequality. This paper provides two central

contributions to this line of quantitative inquiry.

First, we provide a conceptual framework to clearly define the quantity of interest. We

suggest that to estimate selection-contributing inequality across groups, the researcher should

compare the selection outcomes of different-group individuals who (at the time of the se-

lection decision) similarly meet the criteria governing the selection process. This frame-

works provides two important insights. First, statistical attempts to assess the existence

of selection-contributing inequality cannot avoid the normative (and challenging) task of

clearly defining what is (or should be) the criteria governing the selection process of interest.

Second, a central challenge for researchers is to operationalize the latent concept of interest,

the extent to which individuals meet the selection criteria. Implicitly, therefore, the goal

of introducing a series of variables as statistical controls is to try to proxy for this latent

concept.

Second, by providing this framework, we illustrate that traditional approaches have over-

looked an important statistical issue, which we call the correlated proxy problem. Tradition-

ally, studies rely on a kitchen-sink approach that compares the selection outcomes between

different social groups net of a series of controls. This practice is informed by the under-

standing that the statistical issue preventing this kitchen-sink approaches from accurately

capturing selection-contributing inequality is the issue of omitted-variable bias, i.e., the fail-

ure to control for group-level criteria-related differences. We show that this is not the case.

If the chosen control (or proxy, to use the language proposed here) is correlated with other

variables in the model in ways that are not fully explained by criteria-related differences

(what we call the correlated proxy problem), then estimates can yield inaccurate estimates

of selection-contributing inequality even when omitted-variable bias is not present.

Throughout the text, we have illustrated (and empirically demonstrated) the correlated

proxy problem in the context of racial disproportionality in receipt of special education ser-

49



vices in US schools. A central reason for choosing this example is that IDEA provides a clear

definition of the selection criteria for special education, particularly in the context of specific

leaning disabilities, clearly stipulating that educator professionals rule out some causes of

lower academic performance, called “exclusionary factors”, such as ex ante differences in ed-

ucational opportunities. Then, by definition, if the chosen proxy explains racial differences

in program enrollment through such exclusionary factors, a correlated proxy problem can

arise. Special education services are, therefore, uniquely well suited to make it clear that

the chosen proxy should capture criteria-related group-level differences while not capturing

criteria-unrelated ones. And, as we have emphasized throughout this paper, while educa-

tor professionals have been charged with parsing the dual signals contained in a test score,

researchers have not.

The correlated proxy problem extends beyond special education. In hiring decisions, re-

searchers often control for educational credentials as a proxy for job qualification, but these

credentials may capture group differences in interview preparation or networking skills unre-

lated to actual job capability. In child protective services, poverty indicators are commonly

used to proxy for child neglect/abuse risk, but these may reflect neighborhood character-

istics that influence official decisions through pathways unrelated to actual child welfare

concerns. Similarly, in college admissions, essay quality might proxy for college readiness,

but could instead capture access to tutoring resources rather than true academic preparation.

In each case, proxy variables may explain group differences through pathways unrelated to

the selection-relevant criteria, potentially masking true selection-contributing inequality. In

Appendix E we provide further details for these applications to the correlated proxy problem.

Implications for future research

Our analysis demonstrates fundamental limitations in using regression-based methods

to estimate selection-contributing inequality. The correlated proxy problem, like omitted-

variable bias, can systematically bias estimates in ways that mislead policy and practice. This
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is particularly concerning given the widespread use of kitchen-sink regression approaches to

assess selection-contributing inequality across many domains.

Two key methodological improvements emerge from our analysis. First, researchers must

explicitly define the normative selection criteria governing the selection process before choos-

ing control variables. This clarifies what characteristics are relevant for comparing groups

and helps identify appropriate proxy measures. Second, researchers need to consider both

omitted variable bias and the correlated proxy problem when selecting controls and inter-

preting results. We demonstrate how directed acyclic graphs and sensitivity analyses can

help assess these dual sources of bias, though they cannot fully resolve the fundamental

challenge of measuring selection-contributing inequality with observational data.

Recent methodological innovations such as the threshold test (Pierson et al. 2018; Simoiu

et al. 2017), risk-adjusted regression (Grossman et al. 2023, 2024a; Jung et al. 2024; Souto-

Maior and Shroff 2024), and variations of well-known benchmark and outcome tests (Gaebler

et al. 2022; Gaebler and Goel 2024) offer promising alternatives to traditional regression

approaches. Under specific circumstances, these approaches may better handle the inherent

challenges of measuring selection-contributing inequality using observational data.

For special education specifically, our analysis suggests that existing research has not

adequately measured whether Black and White students who are comparable in terms of

selection-relevant characteristics—i.e., disability—have different likelihoods of receiving ser-

vices. We demonstrate that the current practice of using test scores and socioeconomic status

as proxies for disability or clinical need for services does not produce plausible estimates of

inequality created by disability identification procedures. Research claiming Black students

are under-represented are, at best, less definitive than previously suggested. Therefore,

current debates about whether Black children are over- or under-represented in special ed-

ucation, relative to comparable White children, remain unresolved. This uncertainty leaves

policymakers and education leaders without clear evidence on the magnitude of selection-

contributing inequality for children receiving special education services, but our findings
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suggest that policy should not be altered to encourage greater identification of Black stu-

dents with disabilities. Further research is crucial to understanding and addressing inequality

in special education.

To better understand the role special education selection mechanisms have in contributing

(or not) to racial inequality, new measures of disability status would be especially useful. As

one example, such a measure may be constructed by more closely tying existing educator

professional practices—those that require referral teams to determine whether exclusionary

factors are causes of a student’s lower academic performance—to secondary data collection.

These assessments may be transferable to quantitative data and serve as representations of

the desired latent variable. Other empirical approaches that do not rely on observational

data, such as audit studies, will continue to have value given the challenges summarized

here.
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Appendix A Derivation of the correlated proxy prob-

lem

General strategy

For the ideal model, we estimate a regression model of the form Y = β0 + βraw
1 A + ϵ.

Estimating it through OLS (E(ϵ) = 0), we can write β̂raw
1 as:

β̂raw
1 =

Cov(Y,G)

Var(G)
(13)

For the proxy-based model, we estimate a regression of the form Y = β0 + βproxy
1 G +

β2X+ϵ. Estimating it through OLS (ϵ ⊥⊥ (G,X) and E(ϵ) = 0), we can solve for (β̂proxy
1 , β̂2),

using the following two moment conditions (Ding and Miratrix 2015):{
Cov(Y,G) = β̂proxy

1 Var(G) + β̂2Cov(G,X)

Cov(Y,X) = β̂proxy
1 Cov(G,X) + β̂2Var(X)

(14)

From these two moment conditions, we can write β̂proxy
1 as:

β̂proxy
1 =

Cov(Y,G)Var(B)− Cov(Y,X)Cov(G,X)

Var(G)Var(X)− Cov(G,X)2
(15)

For the ideal model, we estimate a regression of the form Y = β0 + βideal
1 G + β2Z + ϵ.

Then, analogously to 15, we can write the OLS estimator for β̂proxy as:

β̂ideal
1 =

Cov(Y,G)Var(B)− Cov(Y, Z)Cov(G,Z)

Var(G)Var(Z)− Cov(G,Z)2
(16)

Then, to solve for β̂raw
1 , β̂proxy

1 and β̂ideal
1 for a given data-generating process, we need to

derive the values of Var(G), Var(X), Var(Z), Cov(Y,G), Cov(Y,X), Cov(Y, Z), Cov(G,X)

and Cov(G,Z). We can do so by, first, writing endogenous variables in terms of the exogenous

variables in the system and, second, by using the properties of variances and covariances —

i.e., for random variables X and Y and constants a and b, we have that Cov(X + Y, Z) =

Cov(X,Z) + Cov(Y, Z) and that Cov(aX, Y ) = aCov(X, Y ).

We apply this approach to solve for β̂raw
1 , β̂proxy

1 and β̂ideal
1 given the data-generating

processes defined in the main text, LSEM in Eq. 1 (for a type-A proxy) and LSEM in Eq.

6 (for a type-B proxy).
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Type-A proxy

First, we write variables Z, X and Y only in terms of the exogenous variables in the

system, G. Variable Z is already defined only in terms of G:

Z = Gα1 + ϵ1. (17)

To do the same for X, we replace Z = Gα1 + ϵ1 into the equation for X, writing it as:

X = Gγ + α2(Gα1 + ϵ1) + ϵ2. (18)

Then, we use Eq.18 to replace X in the equation for Y , writing Y as:

Y = Gα4 + α3(Gγ + α2(Gα1 + ϵ1) + ϵ2) + ϵ3. (19)

Then, we solve for variances and covariances of interest. To illustrate, consider Cov(Y, Z),

which can be written as the product of Eqs.17 and 19. Using the fact that Var(G) = p(1−p)

and the properties of variances and covariances, we can Cov(Y, Z) as:

Cov(Y, Z) = α2
1α2α3p(1− p) + α1α3γp(1− p) + α1α4p(1− p) + α2α3 (20)

We do the same for all the variances and covariances of interest. Replacing all solutions into

Eqs. 13, 15 and 16 and simplifying, we get:

β̂raw
1 = α1α2α3 + α3γ + α4; (21)

β̂ideal
1 = α3γ + α4; (22)

β̂proxy
1 = α4. (23)

Type-B proxy

As above, we, first, write variables Z, X and Y only in terms of the exogenous variables

in the system, G. Variable X is already defined only in terms of G:

X = Gα1 + ϵ1. (24)
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To do the same for Z, we replace X = Gα1 + ϵ1 into the equation for Z, writing it as:

Z = α2(Gα1 + ϵ1) + ϵ2. (25)

Then, we replace Eqs. 24 and 25 into the equation for Y , writing it as:

Y = α3(α2(Gα1 + ϵ1) + ϵ2) +Gα4 + γ(Gα1 + ϵ1) + ϵ3. (26)

The, we solve for variances and covariances of interest. To illustrate, consider, again,

Cov(Y, Z), which can be written as the product of Eqs. 25 and 26. Using the fact that

Var(G) = p(1− p) and the properties of variances and covariances, we can Cov(Y, Z) as:

Cov(Y, Z) = α2
1α

2
2α3p(1− p) + α2

1α2γp(1− p) + α1α2α4p(1− p) + α2
2α3 + α2γ + α3 (27)

We do the same for all the variances and covariances of interest. Replacing all solutions into

Eqs. 13, 15 and 16 and simplifying, we get:

β̂raw
1 = α1α2α3 + α1γ + a4; (28)

β̂ideal
1 =

α1γ + α2
2α4 + α4

α2
2 + 1

; (29)

β̂proxy
1 = α4. (30)
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Appendix B Supplemental figures

(A) Type-A proxy, Z → X

G Z X

V

Y

γ1

γ2

(B) Type-B proxy, X → Z

G Z

V

X Y

γ1

γ2

observable factors

unobservable factors

selection-reflecting inequality

selection-contributing inequality

selection-contributing and selection-reflecting inequality

Figure B.1: The correlated proxy problem when two proxies are needed to meet
the condition of no omitted-variable condition.
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Figure B.2: Variations in the sensitivity estimate presented in Figure 8 in the
main text for α2 ∈ {−0.22,−0.21, ...,−0.01, 0}. Parameter α1 is known from data
(= -0.74) and γ ∈ {−0.04,−0.03,−0.02,−0.01, 0}.

Appendix C Supplemental calculations for interpreta-

tion of Figure 7

The goal of this exercise is to identify a disability versus non-disability achievement gap

that would be necessary to explain the totalizing influence of test scores for explaining racial

disproportionality in special education. Defining terms, let tnd be the average test score for

students without disabilities; t − d be the average test score for students with disabilities;

and, finally, tnd−d be the average difference in test score between students without and with

disabilities (tnd−d = tnd − td). This number is not known given that the true disability rate

is unobserved but can be inferred if we assign other values.

For example, following national-level demographics, we take as a population one com-

posed of 15% Black students, 50% White students, and 35% others race groups. Then,

assume an overall disability rate of 15% (this number is not known, given the latent variable

problem but roughly matches current national estimates). Next, we allow for a Black-White

disability gap that is 3:1, meaning that Black student disability rates are 3 times that of
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White students (i.e., disability rate is 22.5% for Blacks and 7.5% for Whites). This, too, is not

known, and greatly exceeds current estimates disproportionality, allowing for the possibility

of true over-representation of Black students in the population. Then, following known test

score inequality (e.g., Reardon et al. 2019a), let the Black-White test score gap for the over-

all population be 0.7 standard deviations. In sum, we have conservatively allowed for racial

differences in disability rates to be much larger than are observed in practice. Even with

this conservative allowance, as we will see, the implied necessary disability to non-disability

achievement gap is implausibly large.

Given these initial conditions, we can solve for tnd−d in terms of parameter d Figure 7,

i.e., the percentage of the Black-White test score gap that is explained by disability, Z.

Given that the unconditional test score gap is 0.7, we can write the size of the gap to be

explained as:

d0.7 = tw − tb (31)

The average test score for Whites, tw, can be written as:

tw = 0.925(tnd) + 0.075(tnd − tnd−d) (32)

= tnd − 0.075tnd−d (33)

Similarly, the average test score for Blacks, tb, can be written as:

tb = 0.775(tnd) + 0.225(tnd − tnd−d) (34)

= tnd − 0.225tnd−d (35)

Given Eq. 31, have that:

tb = tw − d0.7. (36)

Substituting Eqs. 33and 35 into the equation above:

tnd − 0.225tnd−d = tnd − 0.075tnd−d − d0.7, (37)
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which simplifies to:

d0.7 = 0.15tnd−d, (38)

and we find that:

tnd−d =
d0.7

0.15
(39)

Therefore, if d = 100%, then the average difference in test scores between students

without and with disabilities (tnd−d) is about 4.67 standard deviations. Similarly, if d = 25%,

then the average difference in test score between students without and with disabilities (tnd−d)

should be about 1.17 standard deviations.

Manipulation of different values — for example, allowing the disability to non-disability

achievement gap to be 0.62 SD (Gilmour et al. 2019) — allows us to calculate the implied

disability rate gap between Black and White students. Here we now solve for the values 0.225

and 0.075 from above (i.e., defining the difference as db−w and solve for tnd−d. If d = 100%,

then db−w = 1.17, an impossible number, and if d = 25%, then db−w = 0.282, a value that

is 9.4 times larger than current differences in the rates Black and White students receive

special education services.

Appendix E Other examples of policy significance of

the correlated proxy problem

Group-level disparities in hiring decisions

Broadly, we might say that hiring committees would like to hire the candidate who is

best qualified for the job (the selection criteria). This latent concept is unobservable to the

researcher. Then, to analyze selection-contributing inequality in the context of hiring prac-

tices, researchers often control for the candidate’s educational background (e.g., whether the

individual has a college degree). Such indicator might be a determinant of job qualification

and, thus, might seem like a reasonable type-B proxy. However, it is not necessarily the case
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that individuals with different educational backgrounds have different levels of job qualifica-

tion — in fact, firms increasingly perceive an ambiguity between educational credentials and

job qualification and many are moving to skills-based hiring practices (Fuller et al. 2022).

This imperfect correlation of the educational background with the latent concept of interest

leaves room for educational background to explain group-level differences in hiring outcomes

through pathways (e.g., the fact that college-goers might have received targeted training

on how to appropriately navigate job interviews) that are unrelated to job qualification,

path γ in Figure 5B’s DAG. This means that while controlling for educational background

might lead the model to explain group-level differences hiring outcomes, it is not necessarily

the case that, in doing so, the model is explaining such group-level disparities in terms of

differences in job qualification.

Group-level disparities in allocation to child protective services

According to federal guidelines, a child should be selected for child protective services

based on wether they are experiencing child neglect or abuse (Fong 2020), the selection

criteria. As in the example above, this latent concept is unobservable to the researcher.

Common practice is to rely on poverty indicators as proxies for it. Poverty, by bringing

about social and economic hardships, can be a determinant of child neglect/abuse. Thus, it

can be seen as a reasonable type-B proxy. However, it is possible that other factors (e.g.,

neighborhood quality), which are correlated with poverty, shape influence child protective

service official’s decisions through pathways that are unrelated to the selection criteria, path

γ in Figure 5A’s DAG. Thus, controlling for poverty indicators might explain group-level

differences in allocation to child protected services through pathways that are unrelated to

the selection criteria.

Group-level disparities in college admissions

Consider that universities (arguably) should admit the students who are more likely to

have academic success in college (perhaps by actually getting a college degree, what is often
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capture by the idea of college readiness (the selection criteria). Ideally, perhaps, one might

think we should control, for instance, for essay content — a central factor in US college

admissions. Intuitively, essay content can be seen as a manifestation of college readiness

and, thus, it might be a reasonable type-A proxy. However, it is possible that other factors

(e.g., parents’ ability to afford a college tutor) shape essay context through pathways that

are unrelated to college readiness, path γ in Figure 5A’s DAG. This means that controlling

for essay content might allow the model to explain group-level differences in admissions

outcomes via group-level differences which do not exclusively capture college readiness.
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