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Abstract: Persistent disparities in academic achievement between students from high- and low-
poverty neighborhoods are widely attributed to differences in school quality. Using nationally
representative data from more than 18,000 students and nearly 1,000 elementary schools, we
examine how the schools serving students from different neighborhoods vary across more than 160
characteristics, including detailed measures of their composition, resources, instruction, climate,
and effectiveness. Our findings document significant differences in demographic composition
between schools serving high- and low-poverty neighborhoods but comparatively little variation
in other dimensions of the school environment. With novel machine learning methods tailored
for high-dimensional data, we estimate that equalizing all these different factors would reduce
the achievement gap by less than 10 percent, primarily through changes in school composition.
These results suggest that the main drivers of place-based disparities in achievement lie outside of
elementary schools, underscoring the need to address broader structural inequalities as part of any
effort to reduce achievement gaps.
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Y the end of third grade, students from high-poverty neighborhoods exhibit
B substantial disadvantages in academic achievement compared to their peers
from low-poverty neighborhoods. For example, students from neighborhoods with
a poverty rate exceeding 20 percent score, on average, about half a standard devia-
tion (SD) lower on standardized tests of reading and math skills than those from
more affluent neighborhoods.! Although standardized tests have well-documented
limitations (Jackson 2018; Jennings et al. 2015), the disparities they reveal are con-
cerning, especially given that test scores reliably predict many other outcomes, such
as educational attainment, earnings, and health later in adulthood (Auld and Sidhu
2005; Heckman, Stixrud, and Urzua 2006).

Although many factors contribute to the achievement gap between students
from high- and low-poverty neighborhoods—including inequalities in family back-
ground (Duncan and Murnane 2011), exposure to violent crime (Sharkey et al. 2014),
and environmental health hazards (Wodtke, Ramaj, and Schachner 2022), among a
variety of other possibilities—differences in school quality are widely regarded as an
important driver of this disparity (Ainsworth 2002; Arum 2000; Sanbonmatsu et al.
2006). According to institutional resource theory (Jencks and Mayer 1990; Johnson
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2012), along with media accounts and public narratives (e.g., Kozol 2012; Semuels
2016), students from high-poverty neighborhoods often attend schools with fewer
resources, less effective teaching, and less supportive learning environments. In
other words, children from “poor neighborhoods” are widely believed to attend
“bad schools,” which harm student learning and contribute to the persistent gaps in
achievement observed across neighborhoods with varying levels of poverty.

Despite widespread assertions that students from high-poverty neighborhoods
attend lower-quality schools, rigorous evidence evaluating this claim is surprisingly
scarce (Owens and Candipan 2019). Most prior studies have focused on a narrow
set of easily quantifiable school characteristics that are recorded in national admin-
istrative data, such as free lunch participation rates, student-teacher ratios, and
per-pupil expenditures. Moreover, findings from this body of research are mixed:
schools serving poor neighborhoods appear disadvantaged on some measures but
do not consistently under-perform across all, or even most, of these metrics (Owens
and Candipan 2019; Wodtke and Parbst 2017). Similarly, another set of recent
studies drawing on indicators of school value added have also failed to reveal
large differences in the academic skills imparted by schools serving high- versus
low-poverty communities (Downey, Quinn, and Alcaraz 2019; Hanselman and Fiel
2017; Wodtke et al. 2023). Taken together, these findings suggest that schools may
have a more limited influence on socioeconomic gaps in academic achievement,
rather than acting as a primary source of these disparities (Condron, Downey, and
Kubhfeld 2021; Downey 2020).

Nevertheless, prior studies are constrained by how they conceptualize and
measure school quality. School quality is a broad and multifaceted concept that is
exceedingly difficult to define and operationalize (Ladd and Loeb 2013; Raudenbush
and Eschmann 2015). Studies that rely on convenient indicators from administrative
data (e.g., Wodtke and Parbst 2017) or noisy estimates of school value added (e.g.,
Wodtke et al. 2023) capture only fragmented aspects of what might make a school
“good” or “bad.”

In reality, school quality encompasses a myriad of different factors—everything
from physical infrastructure to classroom management strategies. These diverse
elements of the school environment may vary across neighborhoods and affect
students in complex, intertwined ways. Furthermore, what constitutes a quality
school may depend on the characteristics of the students it serves, as instructional
approaches that benefit one student may not work for another. Even though school
quality is multidimensional and contingent on student needs, it is typically reduced
to a simplistic, low-dimensional set of indicators that are naively assumed to affect
all students uniformly. These limitations risk oversimplifying—and potentially
misrepresenting—the role schools play in shaping academic disparities.

In this study, we examine how the elementary schools serving students from
high- and low-poverty neighborhoods differ, using a multidimensional approach to
conceptualizing and measuring the school environment. We then investigate the
extent to which these differences are associated with achievement gaps linked to
concentrated poverty. Finally, we estimate the impact of hypothetical interventions
designed to equalize school environments across neighborhoods, evaluating their
potential to reduce achievement gaps.
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Analyzing the link between schools, neighborhood poverty, and academic
achievement presents a number of methodological challenges. The first challenge
involves the difficulty of measuring school quality, a multidimensional and con-
tingent concept that cannot be easily captured by a few basic indicators. The
second challenge lies in accurately modeling the association between differences
in school quality and gaps in achievement. Given the many dimensions of the
school environment, this relationship is likely to be complex, involving nonlinearity,
interactions among different school characteristics, and intersectionality in how
these factors influence students. Identifying the effects of hypothetical interventions
presents a third major challenge. It requires strong assumptions about the absence
of unobserved confounding, which are difficult to satisfy by design and cannot be
empirically verified.

We address these challenges by leveraging data from the Early Childhood Lon-
gitudinal Study, Kindergarten Class of 2010-11 (ECLS-K; Tourangeau et al. 2015),
along with novel methods tailored for high-dimensional data. Using the ECLS-K,
we measure more than 160 distinct characteristics of the school environment across
five broad dimensions: composition, resources, instruction, climate, and effective-
ness. School composition refers to the demographic and socioeconomic makeup
of the student body and staff, whereas school resources encompass the funding,
staffing, and facilities that support student learning. A school’s instruction includes
the teaching methods, curriculum content, and assessment practices employed by
teachers. School climate captures the social, emotional, and cultural atmosphere of
the school, measured through factors such as classroom disorder, administrative
leadership, and teacher morale. And finally, school effectiveness gauges the impact
of the school on its students” learning, assessed using conventional estimates of
value added.

To analyze how differences in these dimensions of the school environment are
linked to achievement gaps, we use a novel set of multiply robust estimating equa-
tions together with supervised machine learning. This approach employs flexible,
data-adaptive algorithms that inductively learn to approximate complex relation-
ships in high-dimensional data. With these methods, we perform both a descriptive
and causal decomposition of achievement disparities between students from high-
and low-poverty neighborhoods. The descriptive decomposition identifies the
specific dimensions of the school environment that vary significantly across neigh-
borhoods and that are most strongly associated with student achievement, whereas
the causal decomposition focuses on the impact of hypothetical interventions that
equalize characteristics of the schools serving different communities. To address
the challenge of causal identification in this analysis, we adjust for a comprehensive
set of potential confounders, including baseline measures of student achievement,
and we conduct a sensitivity analysis to evaluate the robustness of our inferences
against bias from unobserved selection.

Our analysis reveals large differences in the demographic composition of schools
attended by students from high- and low-poverty neighborhoods. However, we
find relatively few, and mostly small, differences in nearly all other dimensions
of the school environment. Furthermore, our estimates suggest that equalizing all
these dimensions of schools would, collectively, reduce the achievement gap by less
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than 10 percent, with most of this reduction driven by changes in school composi-
tion. These results are highly robust to bias from unobserved confounding, which
suggests that differences in school quality are not a primary driver of disparities in
achievement between students from high- and low-poverty neighborhoods.

This study makes three contributions to research on neighborhood, school, and
educational inequalities. First, methodologically, it introduces a new approach to
operationalizing school quality and decomposing achievement disparities using
high-dimensional data. Second, it empirically challenges the widely held view that
disparities in achievement between students from high- and low-poverty neighbor-
hoods are driven by differences in access to quality schools. Third, theoretically,
these findings prompt a reconsideration of the institutional resource perspective.
Contrary to this theoretical model, our results suggest that elementary schools likely
play a more benign role in the etiology of academic disparities across more versus
less disadvantaged neighborhoods.

What Is School Quality?

School quality is a complex construct. It is shaped by many different characteris-
tics of the school environment, each of which may influence individual students
in diverse ways. However, studies of achievement disparities often simplify this
complexity by focusing on a few isolated features of schools and assuming these
factors contribute uniformly to student learning. For example, although Wodtke
et al. (2023) recognize that school quality is multifaceted and adopt a more com-
prehensive measurement strategy than many earlier studies, they still rely on a
limited set of basic indicators and constrain their influence on achievement to be
invariant across different types of students. This persistent tension between the-
oretical conceptions of school quality as multidimensional and contingent, and
empirical approaches that reduce this complexity to facilitate analysis, may distort
our understanding of how access to quality schools varies across neighborhoods
and contributes to disparities in achievement.

We define a school’s quality as encompassing both the investment and consump-
tion value of the education it provides to students, each broadly construed (Ladd
and Loeb 2013). The investment value of schooling refers to its tangible benefits,
such as improved skills, greater knowledge, better health, higher earnings, and
stronger social networks. In contrast, the consumption value of a school reflects the
immediate, intrinsic gratification that students gain from learning and from their
social interactions within the school environment. However, because investment
benefits may take years to materialize and the consumption value of education
is inherently difficult to quantify, directly measuring school quality is essentially
impossible. As a result, researchers must always rely on measurable proxies for this
construct (Wodtke et al. 2023).

Proxies for school quality can be broadly categorized into school inputs, school
outputs, and the internal structure, culture, and practices that transform inputs into
outputs. School inputs encompass both the characteristics of the student body and
the resources available to support student learning. Common measures of school
inputs include the racial and socioeconomic composition of students (Lauen and
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Gaddis 2013; Willms, 2010), as well as different types of educational resources, such
as financial expenditures, student-teacher ratios, and staff qualifications (Clotfelter,
Ladd, and Vigdor 2010; Jackson, Johnson, and Persico 2016). The demographic
composition of a school, along with the availability of resources, is widely thought
to influence the quality of the education it provides to students (Arum 2000; Wodtke
and Parbst 2017).

Another approach to measuring school quality focuses on outputs—typically,
a limited set of short-term outputs that are relatively easy to quantify. For exam-
ple, school quality is often assessed using value-added scores, which capture how
effectively a school improves the performance of their students on standardized
tests (Downey et al. 2019; Wodtke et al. 2023). Value-added scores are intended
to isolate a school’s unique contribution to student learning by adjusting for other
confounding factors that operate outside the school environment. Although these
scores capture certain aspects of student growth and predict some long-term ben-
efits of education (Chetty, Friedman, and Rockoff 2014a,b), they are not without
limitations. In particular, they do not accurately account for the full range of school
outputs that students, families, or society may value. In addition, they often exhibit
low reliability and can fluctuate from one school year to the next (Emslander et al.
2022; von Hippel 2009).

School quality can also be evaluated by examining a school’s “technology.”
Within the framework of an educational production function, the technology of a
school refers to its internal structure, culture, and practices that transform inputs
into outputs (Ladd and Loeb 2013). This technology includes many different com-
ponents, such as curricular content, instructional techniques, and the academic
climate, which collectively shape the social and learning environment of a school,
influencing its value to students as both an investment vehicle and a source of
immediate enrichment (Crosnoe et al. 2010; Raudenbush 2008; Wang and Degol
2016). Despite extensive research on the many different components of a school’s

7

technology, consensus on which specific features are optimal remains somewhat
elusive (Ladd and Loeb 2013). As but one example, the debate over the effective-
ness of phonics, whole language, or balanced approaches to reading instruction
continues on, even after decades of research in this area (National Reading Panel
2000; Pressley, Allington, and Pressley 2023).

Although school quality can be broadly linked to inputs, technology, and out-
puts, each of these categories is itself complex and multidimensional, with compo-
nents that can be disaggregated even further. Consider, for example, the category
of school inputs, which encompasses the characteristics of the students enrolled
and the resources available to educate them. Each of these subcategories subsumes
many more specific features of the school environment. The resources available to a
school include its funding, staffing levels, teacher qualifications and skills, physical
infrastructure, and instructional equipment. And these particular resources can be
unpacked further still-into funding from different sources, staffing levels across dif-
ferent subject areas, and the suitability of specific equipment on campus. Similarly,
the technology of a school includes its curriculum design and instructional practices,
which cover everything from the amount of class time allocated to different topics
to the teaching methods employed in the classroom. A school’s technology also
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Figure 1: School quality as a multidimensional taxonomy:.

encompasses its social and academic climate, which is shaped by teacher morale,
classroom disorder, and parental engagement, among a variety of other factors.

In this way, the school environment can be viewed as a nested taxonomy of
inputs, outputs, and the technology that connects them, with each element further
divided into its component parts. This taxonomy is illustrated in Figure 1, which
presents a stylized diagram depicting how school quality can be broken down into
different elements at varying levels of specificity.

Adding to this multidimensional complexity, the quality of a school is also
contingent on the unique characteristics and dispositions of individual students.
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Schools are not static environments experienced uniformly. Rather, the benefits
that students derive from specific inputs, practices, or climatic traits are highly
individualized and shaped by their particular interactions with different elements
of the school environment. What benefits one student may be less effective—or even
counterproductive—for another, depending on their learning styles, personality,
prior experiences, or baseline abilities (National Research Council 2000; Tomlinson
2014). Whether a particular school is “good” or “bad,” then, may reflect not only its
resources, instruction, climate, and so on but also the extent to which these elements
align with or can adapt to student idiosyncrasies. In other words, a school’s quality
depends on how its inputs and technology intersect with the individual needs of
students.

Moreover, the myriad dimensions of a school often interact in complex ways
to shape the quality of the education it provides (Bryk et al. 2010; Hassrick, Rosen,
and Raudenbush 2017). For example, students with an aptitude for math may
only reach their full potential if they attend a school that provides a well-equipped
classroom, dedicates sufficient time to math instruction, keeps the size their math
classes manageable, employs knowledgeable and enthusiastic math teachers, and
cultivates a social and academic climate that supports and values interest in math.
The absence of any one of these factors could undermine the quality of education for
such students, as the value of particular resources, instructional practices, and the
school’s climate depends on how they interact with and reinforce one another. Dif-
ferent elements of the school environment work in concert, rather than in isolation,
to foster student learning.

To summarize, school quality is a complex, multidimensional, and contingent
construct that cannot be adequately represented by a few convenient proxies. A
comprehensive, multifaceted approach to measurement is therefore essential, as is
an analytic strategy that accommodates interaction and individual contingency.

Neighborhoods, Schools, and Achievement Disparities

How do the schools serving students from high- and low-poverty neighborhoods
differ, and are these differences linked to disparities in achievement? Institutional
resource theory suggests that children from poor neighborhoods perform worse aca-
demically because they attend lower-quality schools (Arum 2000; Jencks and Mayer
1990; Johnson 2012). In many U.S. districts, public school enrollment is based on
geographic assignment rules that establish a direct link between neighborhood de-
mographics and school composition. Although charter schools, magnet schools, and
intra-district open enrollment policies provide some flexibility, travel constraints
generally limit families to schools within reasonable commuting distance of their
homes. As a result, children from high-poverty neighborhoods typically attend
schools with a higher concentration of disadvantaged peers (Saporito and Sohoni
2007), even amid the expansion of school choice programs (Rich, Candipan, and
Owens 2021).

Schools with a high concentration of disadvantaged students are thought to
face many educational challenges, including limited access to resources, difficulties
in delivering rigorous instruction, and obstacles to fostering a supportive climate
(Boyd et al. 2005; Clotfelter et al. 2010; Kahlenberg 2001). Together, these challenges
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may constrain a school’s capacity to impart academic skills and promote student
development.

According to this perspective, schools serving low-income communities often
suffer from significant resource constraints (Jencks and Mayer 1990; Johnson 2012).
These schools may receive less funding due to the reliance of public school financing
on local property taxes, which generate less revenue in economically disadvantaged
areas. However, compensatory funds from state and federal programs now largely
mitigate the financial disparities created by differences in local government support
(Owens and Candipan 2019). Nevertheless, resource gaps may still persist within
districts because families in high-poverty neighborhoods have less capacity to
supplement government funding for schools through private contributions or
in-kind support (Kahlenberg 2001). As a result, schools serving disadvantaged
communities may struggle to attract and retain qualified, experienced teachers,
and they may operate with larger class sizes, substandard facilities, or outdated
instructional materials (Borman and Dowling 2008; Boyd et al. 2005; Owens and
Candipan 2019).

Schools serving large numbers of low-income students may also encounter chal-
lenges that constrain the rigor of their curriculum and instructional practices. These
schools often enroll students who are not as well prepared academically and who
exhibit higher rates of behavioral problems. In response, instructional practices may
be adapted to accommodate these challenges, leading to a slower pace of instruc-
tion, a less demanding curriculum, and a greater focus on disciplinary enforcement
(Kahlenberg 2001; Lauen and Gaddis 2013; Willms 2010). Difficulties in attracting
and retaining experienced staff, along with larger class sizes, might also limit the use
of appropriate teaching methods or individualized instruction. These disparities in
instruction reflect upstream differences in resources and school composition, and
they may further compromise the quality of the education provided to students
from high-poverty neighborhoods.

A high concentration of disadvantaged students can also influence a school’s
climate. Because schools in high-poverty neighborhoods may contend with higher
rates of absenteeism, more frequent classroom disruptions, and more limited
parental engagement, they might struggle to cultivate a social milieu that pro-
motes academic excellence (Kahlenberg 2001; Willms 2010). In schools beset by the
harms of poverty, academic expectations can decline, teacher morale may wane, and
the school’s focus may shift primarily to maintaining order. In addition, exposure to
crime and violence in the surrounding community-or even within the school itself-
can erode interpersonal trust and entrench an authoritarian disciplinary culture
(Devine 1996; Nolan 2011). These challenges may engender a school climate that,
rather than supporting student learning, can actually impede academic progress.

In summary, schools serving disadvantaged communities are thought to face
significant constraints on their resources, instruction, and climate, all of which may
limit their effectiveness at imparting skills and knowledge. These limitations erode
a school’s capacity to provide a high-quality education and hinder their students’
achievement. Thus, institutional resource theory asserts that neighborhood poverty
directly shapes the quality of schools that children attend, which, in turn, contributes
to disparities in their achievement.
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Conversely, an alternative perspective, which we refer to as compensatory school-
ing theory, suggests that schools may play a neutral-or even equalizing—role in
shaping academic disparities (Condron et al. 2021; Downey 2020). According to
this view, schools can mitigate some of the disadvantages associated with concen-
trated poverty by acting as buffers, rather than amplifiers, of inequality. Although
neighborhood and school composition are closely intertwined, the resources, instruc-
tion, climate, and effectiveness of elementary schools serving high- and low-poverty
neighborhoods may not differ all that much due to legal regulations and other or-
ganizational constraints that limit their variability. In addition, the complexities of
parental decision making about where to send their children to school may weaken
the relationship between demographic composition and other dimensions of the
school environment.

Supplementary funding from state and federal sources, coupled with bureau-
cratic standardization of staffing and facility requirements, systematically reduce
variation in per-pupil spending, class size, teacher qualifications, and physical in-
frastructure between schools in high- and low-poverty neighborhoods. Elementary
school curricula are also fairly uniform, often focusing on foundational skills and
instructional methods that align well with the learning needs of disadvantaged stu-
dents (Downey 2020). As a result, schools serving low-income neighborhoods may
not be any less effective at fostering student learning (Downey et al. 2019; Wodtke
et al. 2023). Instead, schooling may compress or merely channel, rather than exacer-
bate, socioeconomic disparities in achievement-gaps that are already pronounced
before children enter kindergarten and that tend to remain stable thereafter (von
Hippel, Workman, and Downey 2018).

Elementary education is largely delivered by individual teachers in specific
classrooms. Research indicates that variation in teacher effectiveness—-measured by
value added to student test scores—is much greater within schools than between
them (Hanushek and Rivkin 2012). This suggests that the quality of instruction
received by students is shaped mainly by which teacher they are assigned, not
which school they attend. Moreover, differences in teacher value added between
high- and low-income students appear minimal, sometimes amounting to less than
one-hundredth of a SD (Hanselman 2018; Isenberg et al. 2022). The pronounced
variation in teacher effectiveness within schools, rather than between them, coupled
with the negligible differences across socioeconomic groups, aligns with the view
that place-based inequality in students’ school experiences may not contribute to
disparities in achievement.

Variation in school quality across high- and low-poverty neighborhoods may
also be reduced by the imperfect information available to parents. Although many
parents leverage their financial resources in an effort to secure better educational
opportunities for their children, their choices are often based on incomplete or
inaccurate information about the schooling options available to them (Abdulka-
diroglu et al. 2020; DeLuca and Rosenblatt 2010). Even high-income parents, despite
their advantages, may struggle to identify schools that best match their children’s
specific needs and learning styles. Instead, they often use convenient but unreliable
heuristics, such as informal reputations within parental networks or the demo-
graphic composition of the student body (Billingham and Hunt 2016; Thompson
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2024), when making these choices. As a result, the link between a family’s socioeco-
nomic status, their neighborhood composition, and the quality of the schools their
children attend may be weaker than is commonly assumed.

Even when accurate information about school quality is available and actionable,
parents also make enrollment decisions partly based on non-academic factors, such
as athletic programs, social relationships, or transportation convenience, which
reflect their idiosyncratic preferences or broader developmental goals for their
children. These diverse priorities introduce additional variability into how families
sort themselves across social contexts in pursuit of educational resources and may
further attenuate the link between neighborhood composition and school quality
(Wodtke et al. 2023).

Given the complexities of parental decision making and the structural con-
straints on formal education, the compensatory schooling perspective suggests that
the schools serving disadvantaged neighborhoods may perform better than antici-
pated by institutional resource theory. By providing critical support for low-income
students, these schools may potentially mitigate some of the challenges they face
outside the school environment. At minimum, differences between the schools
attended by students from high- and low-poverty neighborhoods are unlikely to
contribute to or deepen disparities in academic achievement, according to this
perspective.

Despite these conflicting theoretical arguments, existing research on the rela-
tionship between schools and disparities in student achievement is limited, and
its results are mixed. Some studies find that schools with a higher concentration
of disadvantaged students negatively impact their academic performance, thereby
contributing to achievement gaps associated with poverty and other indicators of
socioeconomic status (Owens 2010; Rumberger and Palardy 2005; Willms 2010). In
contrast, other research suggests that schools play only a modest role in shaping
achievement disparities, particularly across high- and low-poverty neighborhoods,
with factors outside the school seemingly driving most of the observed differences
(Lauen and Gaddis 2013; Wodtke and Parbst 2017; Wodtke et al. 2023). Simi-
larly, evaluations of a wide range of school reforms indicate that many have left
achievement disparities between different groups of students essentially unchanged
(Angrist and Lang 2004; Bifulco and Ladd 2006; Cullen, Jacob, and Levitt 2005),
whereas other studies have identified interventions that appear to substantially
narrow these disparities in certain situations (Dobbie and Fryer 2011; Hassrick et al.
2017; Jackson et al. 2016).

These mixed findings leave the question of how schools contribute to achieve-
ment gaps—and the extent to which school-based interventions can help to close
them-largely unresolved. A key source of inconsistency in prior research may stem
from limitations in how school quality has been operationalized. In this study,
we examine differences in school quality between high- and low-poverty neigh-
borhoods and assess whether these disparities contribute to gaps in achievement,
while measuring the school environment and modeling its relationship with student
outcomes as flexibly as current data and methods allow.
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Methods

Data

To this end, we use data from the Early Childhood Longitudinal Study, Kindergarten
Cohort of 2010-2011 (ECLS-K; Tourangeau et al. 2015). The ECLS-K is a nationally
representative, longitudinal survey of American schools and their students that
began in fall of 2010 when participants first entered kindergarten. All schools
offering a kindergarten program, both public and private, were eligible for inclusion
in the study, and within selected schools, kindergarten students were sampled with
approximately equal probability. The study collected data at both the fall and spring
of kindergarten, first grade, and second grade, as well as in the spring of third,
fourth, and fifth grades. The analytic sample for this study consists of all n = 18,170
children attending i = 950 schools who were enrolled in the study at the start of
kindergarten.?

The ECLS-K collected a wide array of data, covering students, their families,
and the school environments they experienced. These data are particularly well-
suited for a multidimensional analysis of school quality, as they include hundreds
of measures related to the schools children attended, all derived from surveys
completed by teachers and school administrators. Standardized assessments of
reading and math achievement were also administered at each wave of the study,
enabling detailed analyses of student learning over time. In addition, the ECLS-K
provides restricted access to geographic and school identifiers, which we use to link
the survey with external data on children’s neighborhoods and schools.?

Specifically, we use census tract identifiers for each sample member’s home
address to link them with data on the demographic composition of their residential
neighborhoods. These demographic indicators were drawn from the Neighborhood
Change Database (NCDB), which integrates tract-level data from the 2010 U.S.
Census and the 2006-2010 American Community Surveys (GeoLytics 2012). Using
school identifiers from the ECLS-K, we also linked sample members to additional
information on their schools from the U.S. National Center for Education Statistics.
Public school students were matched to information from the Common Core of
Data (CCD), whereas private school students were matched to data from the Pri-
vate School Universe Survey (PSS). Although the ECLS-K itself already contains
an abundance of information about sampled schools, the CCD and PSS provide
additional data on district finances and school staffing.

Measures
Academic Achievement

Academic achievement is measured using item-response theory (IRT) scores from
the ECLS-K assessments of reading and math abilities. These scores provide ver-
tically scaled, equal-interval measures of achievement, enabling meaningful com-
parisons across time. The reading assessment evaluates a range of skills, including
vocabulary knowledge and reading comprehension, whereas the math assessment
covers number properties, arithmetic, and measurement as well as basic algebra
and geometry. The IRT scores for both reading and math exhibit high reliability,
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strong construct validity, and minimal differential item functioning (Najarian et al.
2019).

Neighborhood Poverty

Neighborhood poverty is measured using linked data from the NCDB. Specifi-
cally, we measure neighborhood poverty as the proportion of families in a sample
member’s home census tract with incomes below the federal poverty threshold.
Although poverty is a multidimensional construct that could be assessed using
several different indicators of neighborhood composition, we focus on an income
poverty rate because it is easy to interpret and strongly correlated with other di-
mensions of socioeconomic disadvantage. In part A of the online supplement, we
include a conceptual replication of our key findings using a multidimensional index
of neighborhood disadvantage, which incorporates not only the poverty rate but
also other measures, such as the unemployment rate, the proportion of households
headed by single parents, and racial composition.

School Quality

To measure school quality, we construct 168 indicators of different inputs, outputs,
and features of a school’s technology, using teacher and administrator surveys
fielded as part of the ECLS-K, as well as matched data from the CCD and PSS.
These measures span five key dimensions of the school environment: composition,
resources, instruction, climate, and effectiveness.

Specifically, we include 11 measures of school composition, reflecting the racial
and socioeconomic makeup of the student body and the proportion of students
enrolled in gifted and talented, special education, and English as a second language
(ESL) programs. We also include 40 measures of school resources, which capture
funding and staffing levels, class sizes, staff qualifications, and the quality of a
school’s facilities. In addition, we incorporate 91 distinct features of a school’s
instructional practices, including measures of the time allocated to different subjects
as well as the use of different teaching methods, classroom management strategies,
and curriculum content, among a variety of other factors. School climate is assessed
with 24 measures that variously capture classroom misbehavior, student absen-
teeism, communication with parents, staff morale, parental and community support,
and administrative leadership. Finally, we include two indicators of school effec-
tiveness, which are based on value-added scores for reading and math achievement
in first grade.

Value-added scores estimate the average learning gains that a school provides
to its students, above and beyond what would be expected based on their prior
achievement and demographic characteristics. These estimates are calculated using
linear mixed models with school-level random effects fit to data from the ECLS-K.
The models predict students’ reading and math test scores at the end of first grade
while controlling for prior test scores at both the beginning and end of kindergarten,
as well as for gender, race, and parental education. To account for variations in
the timing of assessments across schools, the models also adjust for the number of
months that elapsed between test administrations. With these models, a school’s
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value-added score is given by the empirical Bayes estimate of its random effect
on achievement at the end of first grade. By incorporating value-added scores as
measures of school effectiveness, we aim to capture the influence of unobserved or
imperfectly measured inputs, instructional practices, and climatic characteristics on
several key outputs—specifically, reading and math achievement during the early
elementary years.

A complete list of all the school characteristics used in this analysis is provided
in part B of the online supplement. It includes a description of each measure, a key
with the abbreviated labels used to identify them throughout the results section,
and basic summary statistics describing their distribution in our sample.

Before including all 168 measures of the school environment as separate vari-
ables, we explored whether these data could be reduced to a smaller set of under-
lying factors or discrete classes using a range of dimension reduction techniques.
However, our analyses demonstrated that these measures cannot be effectively
condensed, indicating that each variable captures a distinct aspect of the school
environment. Results from these analyses are provided in part C of the online
supplement.

Baseline Controls

In our causal analyses, we address the potential for confounding by adjusting
for a wide range of child and family characteristics, all measured at the fall or
spring of kindergarten. Specifically, we control for a sample member’s gender,
race, and birth weight. In addition, we adjust for a sample member’s test scores
in reading and math at baseline, as well as several other developmental indicators
measured during the fall of kindergarten. These include teacher-reported measures
of a child’s propensity for engaging in internalizing and externalizing behaviors,
interviewer-reported measures of the child’s attention, motivation, and cooperation,
and a parent-reported measure of the child’s overall health.

The family controls included in this analysis are parental age, marital status,
employment status, education, and occupation, along with family income, house-
hold size, the primary language spoken at home, and indicators denoting receipt of
several forms of government assistance. We also account for parental engagement,
as measured by the frequency with which parents read books or practice numbers
with their child, as well as parental expectations regarding their child’s educational
attainment.

Finally, we include controls for several geographic characteristics of a sample
member’s residence at baseline. Specifically, we adjust for urban versus rural
residence, categorized as living in a large, medium, or small city, a suburb, or a rural
area. We also control for geographic region using an indicator for whether a sample
member lived in the “northeast,” “midwest,” “south,” or “west.” Additional details
on how all control variables were measured, along with a full set of summary
statistics, are provided in part D of the online supplement.

” o

A Graphical Model

Figure 2 presents a graphical model illustrating our hypothesized relationships
between neighborhood poverty, school quality, and academic achievement. In this
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Figure 2: A graphical model of the relationships between neighborhood poverty, school quality, and academic
achievement. Note: C denotes the vector of baseline confounders, X denotes neighborhood poverty, S;
denotes the set of variables measuring school composition, S, denotes the set of variables measuring school
resources, S3 denotes the set of indicators capturing a school’s instruction, S4 denotes the set of measures
reflecting a school’s climate, S5 denotes the value-added scores measuring school effectiveness, and Y
denotes a student’s achievement test scores. The baseline confounders and neighborhood poverty are
measured during the kindergarten waves of data collection. All school characteristics are based on the fall
and spring waves of data collection during first grade. The outcome, student achievement, is measured later
in the spring of third, fourth, or fifth grade.

model, X represents whether a student resides in a high-poverty neighborhood,
defined as a census tract with a poverty rate greater than or equal to 20 percent. In
addition, C denotes the set of baseline control variables, and Y represents a student’s
achievement test scores. The different dimensions of school quality are represented
by the following sets of variables: S; = {511,512, ...,S1,11}, which denotes our
11 measures of school composition; Sy = {S;1, S22, ..., S240}, which denotes the
40 measures of school resources; Sz = {S31, 532, ..., 5391}, which captures the 91
indicators of instructional practices; Sy = {S41,S42, ..., Sa24 }, which denotes the 24
measures reflecting a school’s climate; and S5 = {Ss 1, S5}, which represents our
two value-added measures of school effectiveness.

The temporal ordering of key variables is depicted by the brackets at the bottom
of Figure 2. The baseline controls (C) and neighborhood poverty (X) are based on
data from the kindergarten waves of the ECLS-K. All measures of school quality,
represented by S; through Ss, are derived from the fall and spring waves of data
collection during first grade. The outcome variable, student achievement (Y), is
assessed later, during the spring of third, fourth, or fifth grade.

The model depicted in Figure 2 posits that neighborhood poverty influences
every dimension of school quality, each of which is linked to student achievement
in turn. It also accounts for inter-dependencies among the different dimensions of
school quality. Inputs, such as school composition and resources, shape a school’s
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technology, like its instructional practices and climate. These interconnected inputs
and elements of a school’s technology then influence its overall effectiveness. In
addition, baseline characteristics of students and their families may influence all
downstream factors, including their residential location, the quality of the school
they attend, and their academic achievement.

In the results section, we focus on analyses of student achievement at the spring
of third grade. Parallel analyses using test scores from the fourth and fifth grade
assessments, presented in part E of the online supplement, yield similar results.
Our analysis prioritizes the early years of elementary school because these grades
offer the most reliable and comprehensive data on school quality. Furthermore,
early elementary school is an important period for developing foundational skills
that are critical for future academic success.

Analyses

Our analyses proceed in three stages. First, we describe differences in the character-
istics of schools attended by students from high- and low-poverty neighborhoods.
This analysis provides a broad overview of how school environments vary across
these residential contexts.

Second, we conduct a descriptive decomposition of the achievement gap be-
tween students from high- and low-poverty neighborhoods. This decomposition
examines whether and how disparities in achievement are associated with differ-
ences in the schools attended by children from different neighborhoods.

Finally, in the third stage, we perform a causal analysis of the achievement gap.
This analysis estimates how disparities in test scores between students from high-
and low-poverty neighborhoods would change under hypothetical interventions
designed to equalize different dimensions of school quality.

School Differences by Neighborhood Poverty

In the first stage of our analysis, we begin by estimating standardized mean dif-
ferences for each characteristic of the schools attended by students from high-
and low-poverty neighborhoods. These differences can be formally expressed as
follows:
E [SjxlX = 1] —E Syl x = 0]
D Sik = ’ (1)
Var {S]',k]

where S; ;. denotes the kth measure in the jth vector of school characteristics, X = 1
indicates residence in a neighborhood with a poverty rate greater than or equal to
20 percent, and X = 0 indicates residence in a neighborhood with a poverty rate
less than 20 percent. This metric quantifies the strength of the association between
each characteristic of the school environment and neighborhood poverty, adjusting
for differences in scale.

Because many of our school characteristics are binary or ordinal, the standard-
ized mean difference may not always be the most appropriate measure of associ-
ation. To address this, we also examined a number of other measures, including
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several tailored for categorical data, and all of them produced substantively similar
results. Thus, for simplicity, we report only the standardized mean difference.

A Descriptive Decomposition of Place-Based Achievement Gaps

In the second stage of our analysis, we investigate the extent to which differences in
the schools attended by students from high- and low-poverty neighborhoods are
associated with the observed gap in achievement between these groups. Specifically,
we conduct a descriptive decomposition of the achievement gap by partitioning
it into a series of mean differences in test scores that are sequentially adjusted for
different sets of school characteristics.

The observed gap in achievement is defined as follows:

A=E[Y|X=1]-E[Y|X =0], @)

M1 Ho

where Y represents a student’s observed test score and X denotes neighborhood
poverty. In this expression, y; = E [Y|X = 1] represents the mean test score for
students in high-poverty neighborhoods, yy = E [Y|X = 0] denotes the correspond-
ing mean for those in low-poverty neighborhoods, and A captures the difference
between them.

The achievement gap between students from high- and low-poverty neighbor-
hoods can be partitioned into components that reflect its association with different
sets of school characteristics (Opacic, Wei, and Zhou 2025). Formally, we decompose
the gap as follows:

A=E[Y|X=1]—-E[Y|X =0],

= il (141,;,1 - Vl,g,») + (m,g, - Vo), 3)
j=

As, Al

where pi1 s, = E []E {Y|X = 1,§]} |X = 0}, S; = {S1,.., S;} represents all school
characteristics up through dimension j, and S; = @ is an empty set, such that
#1,s, = M1 In substantive terms, His; captures the mean test score among students
in high-poverty neighborhoods, adjusted for differences in the school characteristics
included in S;. For example, ji1 g, represents the mean test score among students
from high-poverty neighborhoods after accounting for differences in the composi-
tion (S1) and resources (Sy) of the schools they attend, compared with the schools
attended by their counterparts in low-poverty neighborhoods.

Equation 3 represents a nonparametric analog of the Kitagawa-Oaxaca-Blinder
(KOB) decomposition. In this formulation, Ag; quantifies the portion of the achieve-
ment gap that can be “statistically explained” by differences in the school char-
acteristics included in S, net of differences in all preceding dimensions of the
school environment. For example, Ag, reflects the portion of the gap explained by
differences in school composition across high- and low-poverty neighborhoods,
whereas Ag, represents the contribution of differences in school resources, net of
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composition. The second term in the decomposition, A, captures the residual
portion of the achievement gap that cannot be explained by any of the school char-
acteristics we measure. Conversely, the sum of Ag; across each dimension of school
quality, from j = 1 to 5, represents the portion of the gap explained by the combined
influence of all school characteristics. This version of the KOB decomposition is
nonparametric in that it does not impose any restrictions, such as linearity or addi-
tivity, on the relationships between school characteristics, neighborhood poverty,
and student test scores.

To implement this decomposition, we need to estimate 1, o, and ps; for
each set of school characteristics j. The observed means, y1 and j, are estimated
using their sample analogs. To estimate the adjusted means, s, we use a de-
biased machine learning (DML) approach. DML combines flexible, data-adaptive
machine learning methods with targeted estimators derived from nonparametric
efficiency theory (Hines et al. 2022). This approach ensures precise estimation and
valid inference for the parameters of interest, even when they involve complex,
high-dimensional data. By addressing potential biases due to over-fitting and reg-
ularization that can arise with certain machine learning methods, DML produces
estimates with desirable asymptotic properties similar to those of traditional para-
metric estimators. Crucially, it achieves this without imposing any restrictions on
the distribution of the data or relationships among variables. This makes DML
particularly well-suited for the decomposition in Equation 3, which involves a
high-dimensional set of school characteristics whose relationships with test scores
and neighborhood poverty may involve complex forms of nonlinearity, interaction,
and heterogeneity.

Specifically, we implement DML using the following estimator for Hs;:

A

x P(x=0s)

. 1 2
s = 5 L PX=0)p(x=1ls)) (Elp=rs)
n p(lX_:XO)]E [Y|X - 1,5]} , @)

where “hats” denote estimated values (Opacic et al. 2025). In this expression,
P (X = x) denotes the estimated marginal probability of residing in a high-poverty
(X = 1) or a low-poverty (X = 0) neighborhood. Similarly, P (X = x|§j> represents
the estimated probability of living in a neighborhood with a poverty level given by x,
conditional on the set of school characteristics §j' The term E {Y|X =1, §]} denotes
the estimated mean test score for students attending schools with characteristics §j,
after setting X to indicate residence in a high-poverty neighborhood.

To compute ﬁl,§j/ we first estimate each of its component terms. Estimates of
the marginal probabilities, P (X = 1) and P (X = 0), are obtained from their corre-
sponding sample proportions. Then, for the conditional means and probabilities,
we train a series of “super learners” to model [E {Y|X, §]} and P (X IS j) , from which
we obtain predictions for all the remaining terms in the estimator.

A super learner is a stacking algorithm that combines multiple models to create
an ensemble predictor that is guaranteed to perform at least as well as the most
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accurate individual model (Van der Laan, Polley, and Hubbard 2007). When the
models included in this ensemble are flexible, data-adaptive machine learning
algorithms, a super learner can approximate complex functions in high-dimensional
data with exceptional accuracy. In our analysis, we specify the super learners to
include a random forest (RF; Breiman 2001) and a gradient boosted tree (GBT;
Friedman 2001), along with a conventional generalized linear model (GLM) for
reference.

RFs and GBTs use recursive partitioning to create regression or classification
trees by iteratively dividing the sample into subgroups based on binary partitions
of the predictors. Each split is chosen to minimize a loss function that measures
prediction error. RFs are composed of many complex trees, each constructed using
a random sample of observations drawn with replacement from the observed data
and a random subset of predictors selected as candidates for partitioning at each
step. Predictions from a RF are obtained by averaging the predictions from all the
individual trees that compose it. In contrast, GBTs build a sequence of simple trees
with fewer partitions, but where each tree is trained to correct the prediction errors
of its predecessors. Predictions from a GBT are given by a weighted sum of the
predictions from all the trees in the sequence. Tree-based learners such as RFs and
GBTs excel at accurately modeling complex relationships in high-dimensional data
because they naturally handle interactions and non-linearities by partitioning the
predictor space into smaller, more homogeneous regions.

When using machine learning models to compute an estimator like fis,, itis
important to implement them in conjunction with a sample-splitting procedure
(Chernozhukov et al. 2018). This involves dividing the data into separate subsam-
ples, with one portion used to train the models and another used to evaluate the
estimator. Sample splitting eliminates the risk of bias that can arise if machine
learning models are trained on the same data used for estimation. Thus, we employ
a repeated cross-fitting procedure, which initiates by randomly dividing the data
into five separate subsamples. Next, at the first iteration of the procedure, four
subsamples are used to train the machine learning models, whereas the fifth is used
to estimate the target parameter of interest. The procedure then rotates through all
the subsamples, alternating whether they are used for training or estimation, and it
produces a final estimate by averaging the results across iterations.

DML estimation is optimal in that fius; will be /n-consistent, asymptotically
normal, and nonparametrically efficient as long as the super learners converge
to E [Y|X, §]} and P (X\§j) at a rate faster than n!/4. This rate can be achieved
by all the models we submit as candidates to our super learner, including RFs
(Wager and Walther 2015) and GBTs (Zhang and Yu 2005). Because super learners
inherit the fastest convergence rate of their candidate models, our approach ensures
accurate estimation and valid inference for a decomposition that incorporates a
high-dimensional representation of school quality.

Post-Intervention Gaps in Achievement

Although the descriptive decomposition illustrates how differences in school qual-
ity are associated with the achievement gap, it does not capture how equalizing
school quality across neighborhoods would impact these disparities. In the third
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stage of our analysis, we examine the extent to which gaps in achievement between
students from high- and low-poverty neighborhoods would change after hypotheti-
cal interventions aimed at equalizing different dimensions of the school environ-
ment (Lundberg 2024).

To define these post-intervention gaps, we use potential outcomes notation.
Let G; represent a random vector of school characteristics drawn from f (§j X =
0, C), the joint distribution of S = {S1,...,S;} observed among students from low-

poverty neighborhoods (X = 0) with baseline covariates C. In addition, let Y (Q]-
denote the test score a student would achieve if they attended a school with the
characteristics given by G;.

With this notation, we quantify the portion of the observed gap in achievement
that would be eliminated by a stochastic intervention equalizing the distribution
of school characteristics to match that observed among students from low-poverty
neighborhoods. Formally, this estimand can be defined as follows:

As, = E[Y|X =1] —E[Y(G))|X = 1], )

M M,s. y

which represents the disparity eliminated by aligning the distribution of S; for
students from different neighborhoods. In this expression, the first term, y; =
E [Y|X = 1], is the mean test score observed among students in high-poverty neigh-
borhoods, as defined previously. The second term, ns; = E {Y (Qj) |X = 1},
represents the counterfactual mean score for these same students if they attended
schools with the distribution of characteristics S; observed among their counterparts
who have the same baseline covariates C but live in low-poverty neighborhoods.
Thus, Aﬁj captures how the observed gap in achievement would change under an
intervention that aligns the distribution of school characteristics for students in
high-poverty neighborhoods with that of their peers in low-poverty neighborhoods.

The disparity eliminated, As;, differs from some other estimands commonly
examined in prior research on neighborhood and school inequality (e.g., Wodtke
and Parbst 2017; Wodtke et al. 2023). Specifically, it does not represent a causal effect
of living in one type of neighborhood versus another. Instead, it captures how the
observed disparity in achievement between students from different neighborhoods
would change under a hypothetical intervention that shifts access to schools of
varying quality. In other words, rather than assess a causal effect of neighborhood
poverty, it evaluates a causal effect of modifying access to different types of schools
on the achievement gap between neighborhoods.

The disparity eliminated can be nonparametrically identified under an ignor-
ability assumption, which requires that a student’s potential outcomes are inde-
pendent of their observed school characteristics, conditional on neighborhood
poverty and the baseline controls. Formally, this condition can be expressed as
Y (gj) 1 §j | {X =1,C} forall j, where Y (§j> denotes a potential outcome under
attendance at a school with the specific set of characteristics s;. In substantive terms,
this assumption requires that, after accounting for residence in a high-poverty
neighborhood and the baseline controls, school assignment must be as good as
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random-that is, not confounded by unobserved factors that may influence selection
into schools and student achievement.

This is a strong assumption that could be violated in our analysis. We attempt
to mitigate this concern by adjusting for an extensive set of baseline covariates, in-
cluding prior measures of achievement taken at kindergarten entry. In addition, we
conduct a sensitivity analysis to assess the robustness of our results to hypothetical
patterns of unobserved confounding.

Although ignorability of school assignment is a stringent assumption, it is
weaker than the assumptions needed to identify the combined effects of
neighborhood and school contexts together. Identifying these joint effects requires
multiple, highly restrictive assumptions that are even harder to satisfy and more dif-
ficult to comprehensively evaluate in a sensitivity analysis. In contrast, the disparity
eliminated depends solely on the causal effects of different school environments,
making it comparatively easier to identify and consistently estimate than the joint

effects of neighborhoods and schools together.

Under the assumption that school assignment is ignorable, the disparity elim-
inated can be consistently estimated using another DML approach. Specifically,
for the counterfactual mean 71,5, we implement this approach using the following

estimator:

(y IE[Y|X71CS]>

+P(1?;X)§E B( [Y|X—1cs { [Y\XflCSMX:O,CD
+p(XX 5 (E{ {Y\Xflcs]\X:O,C]f [ [ [Y|X71CS]|X:O,C}|X:1]>
+IE{ { [Y\Xfl,C,Q]} |X:0,C} |X:1]. ©)

As with the descriptive decomposition, we predict the components of this estimator
using repeated cross-fitting and a series of super learners that include a RF, GBT,
and conventional GLM. However, for estimating s,/ these super learners are
trained to model a different set of functions.

Specifically, we train the super learners to model P(X|C), the probability of
living in a high- versus low-poverty neighborhood conditional on the baseline
covariates; P(X|C, S;), the same probability conditional on both baseline controls

and the school characteristics in S s E [Y| X, C, §]} , the conditional mean of student
test scores given neighborhood poverty, baseline controls, and the vector of school
characteristics; and finally, E {]E {Y|X =1,C, §]} |X, C} , an iterated expectation
reflecting how this conditional mean varies with neighborhood poverty and the
baseline controls alone. These models can be used to predict the key terms needed
for estimating the counterfactual mean 18, whereas the observed mean y1 in the
disparity eliminated is simply estimated using its sample analog.

Provided that the super learners converge to these functions at sufficiently fast
rates, the resulting estimator for the disparity eliminated is /n-consistent, asymp-
totically normal, and nonparametrically efficient. As before, this is achieved without
imposing any functional form restrictions on the distribution of the data, allowing
for complex relationships among neighborhood poverty, student achievement, and
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Figure 3: Standardized mean differences in measures of school composition between high- and low-poverty
neighborhoods. Note: The standardized mean differences contrast residence in a neighborhood with a
poverty rate > 20 percent versus < 20 percent. Source: Geolytics (2012); U.S. Department of Education,
National Center for Education Statistics, Early Childhood Longitudinal Study, Kindergarten Class of 2010-
2011 (ECLS-K:2011), Restricted-Use Data File.

our high-dimensional representation of school quality. A detailed derivation of this
estimator and its properties is provided in part F of the online supplement.

Inference

To account for the clustering of students within schools in the ECLS-K, we employ
cluster-robust inferential statistics in all analyses. For our DML estimators, this
involves modifying the cross-fitting algorithm to partition the sample by schools
rather than students and then applying a cluster-robust estimator to compute the
variance of both 1 g; and 71 s;.

To address the challenge of missing data, we replicate our analysis across five
multiply imputed data sets. For each of these data sets, missing values for all
variables are imputed using chained RFs, a nonparametric approach that does not
impose any restrictive assumptions on the distribution from which the imputed
values are sampled (Hong et al. 2020). Results from across the imputed data sets
are combined following Rubin (1987) to account for the additional uncertainty
introduced by missing data. The proportion of missing information in our sample
is 0.22, which is mainly due to a combination of item-specific non-response, survey
non-response among teachers and administrators, and panel attrition from the
ECLS-K.
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Results

Differences in School Composition

Figure 3 displays standardized mean differences in school composition, comparing
students from neighborhoods with a poverty rate of 20 percent or higher to those
from neighborhoods with a poverty rate below 20 percent. Specifically, the figure
presents a dot-and-whisker plot, where the horizontal axis shows the estimated
differences in SD units, along with their 95 percent confidence intervals, and the
vertical axis lists each measure of school composition, ordered by the magnitude of
the differences.

School composition varies substantially across high- and low-poverty neigh-
borhoods, reflecting the strong connection between residential location and school
assignment. Students from high-poverty neighborhoods attend schools with much
larger proportions of peers who are eligible for free lunch (Dsl,k = 0.99 SDs; % Free
lunch), black (D51,k = 0.68 SDs; % black), Hispanic (f)sl/k = 0.65 SDs; % Hispanic),
and English language learners (Dsl,k = 0.64 SDs; % ELL). Conversely, they have
much lower exposure to white peers (Dsl,k = —0.90 SDs; % white), white prin-
cipals (Dsl,k = —0.65 SDs; Prcpl white), and white teachers (Dsl,k = —0.49 SDs;
Tchr white). There are no significant differences in the proportion of students en-
rolled in special education or gifted and talented programs. Thus, the racial and
socioeconomic composition of students and staff differ sharply between high- and
low-poverty neighborhoods, but these differences do not extend to participation in
specialized programs.

Differences in School Resources

Figure 4 presents standardized mean differences in school resources, again contrast-
ing students from high- versus low-poverty neighborhoods. Overall, differences in
school resources between these residential contexts are substantially smaller than
those observed for school composition.

There are few notable differences in measures of school funding, although
students from high-poverty neighborhoods attend schools where staff are somewhat
less likely to have received a salary increase in the past year (Dsz,k = —0.18 SDs; Schl
salary inc). Staffing levels are also broadly similar across neighborhoods, except that
students from high-poverty areas attend schools with more ESL teachers (DSz,k =
0.43 SDs; ESL tchrs/stdnt) and translators (DSz,k = 0.21 SDs; Schl translators), which
reflects the larger number of English language learners in these settings. Differences
in staff qualifications, including their educational attainment and certification, are
generally small.

School facilities are also rated quite similarly across high- and low-poverty
neighborhoods. Modest differences emerge for specific pieces of infrastructure,
with multi-use rooms (DSz,k = —0.20 SDs), art rooms (DSz,k = —0.16 SDs), and
music rooms (Dsz,k = —0.13 SDs) rated somewhat lower in quality at schools
attended by students from high-poverty neighborhoods. However, no significant
differences are observed in the quality ratings of regular classrooms, auditoriums,
IT labs, libraries, or gyms.
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Differences in Instruction

Figure 5 presents standardized mean differences in instructional practices and cur-
ricular content, comparing students from high- versus low-poverty neighborhoods.
Overall, differences in instruction by neighborhood poverty are small and relatively
infrequent, despite examining more than 90 distinct measures of this dimension of
school quality. Moreover, the few and mostly minor differences that are observed
do not clearly suggest superior instruction for either group. For example, students
from high-poverty neighborhoods are more likely to receive reading instruction
using decodables (Rd decodables), basal series (Rd basal series), and big books
(Rd big books), where each measure is about one-fifth of a SD higher for these
students compared to those from low-poverty neighborhoods. In general, though,
the primary conclusion from Figure 5 is that the schools serving students from
high- and low-poverty neighborhoods appear to offer strikingly similar instruction
during first grade.

Differences in School Climate

Figure 6 displays standardized mean differences in school climate. Although these
estimates are smaller than those observed for school composition, many are both
statistically and practically significant, suggesting meaningful differences in the
social and cultural environment of these schools.

For example, students from high-poverty neighborhoods attend schools where
administrators perceive lower levels of parental (Dg 4 — —0.43 SD; parental sup-
port) and community support (Ds 4 = —0.39 SD; community support), which
represent the largest differences observed in school climate. Students from high-
poverty neighborhoods are also less likely to have teachers with high morale, as
fewer of them report enjoying their jobs (Dg . = —0.19 SD; Tehr enjoys job) or
express a desire to choose the same career again (1554,]{ = —0.10 SD; Tchr teach
again). In addition, perceptions of administrative support are lower in schools
serving students from high-poverty neighborhoods, with fewer teachers feeling
accepted (Ds 4 = —0.18 SD; Tchr accepted), encouraged (Ds 4 — —0.17 SD; admin
encouraging), or aligned with the school’s mission (Ds 4 — —0.155D; aligned on
mission). Moreover, class disorder is higher in these schools, as indicated by a
greater frequency of physical altercations (Ds 4 = 0.30 SD; freq fights) and class-
room misbehavior (Dg o = 0:225D; class disorder).

Thus, while still smaller than compositional differences, the disparities in school
climate across high- and low-poverty neighborhoods are not trivial, particularly
with respect to perceptions of parental, community and administrative support,
teacher morale, and student behavior.

Differences in School Effectiveness

Figure 7 presents density plots of school effectiveness, as measured by value-added
scores in reading and math during first grade. The distributions for students from
high- versus low-poverty neighborhoods overlap substantially, suggesting that
students from different residential contexts attend elementary schools with broadly
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comparable effectiveness at imparting academic skills. On average, students from
high-poverty neighborhoods attend schools whose value-added scores are about
one-tenth of a SD lower than those from low-poverty neighborhoods, as shown by
the vertical lines overlaying the estimated densities.

To summarize, the primary differences between schools attended by students
from high- and low-poverty neighborhoods involve their composition. In contrast,
differences in resources, instruction, and effectiveness are small, whereas dispari-
ties in school climate are evident and meaningful but still comparatively modest.
Contrary to prevailing assumptions, then, we find rather limited evidence that
students from high-poverty neighborhoods consistently attend low-quality schools.
Although the schools serving students from disadvantaged neighborhoods differ in
their composition and climate, these differences do not appear to undermine their
quality of instruction or capacity to foster an effective learning environment. When
school quality is comprehensively assessed along multiple dimensions, its distribu-
tion across neighborhoods is more complex, with substantial overlap between more
and less disadvantaged communities in many cases.

The Association of School Differences with Disparities in Achieve-
ment

Figure 8 summarizes our descriptive decomposition of the achievement gap be-
tween students from high- and low-poverty neighborhoods. The top row displays
the observed disparity in reading and math scores, measured during the spring
of third grade. It indicates that students from high-poverty neighborhoods score
approximately one-half of a SD below their peers from low-poverty neighborhoods.

The second row presents estimates for the portion of this disparity that can be
“statistically explained” by differences in school composition. Specifically, it shows
DML estimates of Ag,, which captures the contribution of demographic differences
across the schools serving high- versus low-poverty neighborhoods. These estimates
indicate that differences in school composition account for roughly four-fifths of
the disparity in achievement. This finding reflects the strong association between
neighborhood poverty, the socioeconomic composition of schools, and student
achievement.

The subsequent rows of Figure 8 display DML estimates for Ag, through Ag,,
which capture the extent to which differences in school resources, instruction, cli-
mate, and effectiveness might statistically explain the achievement gap. In contrast
to school composition, none of these other factors explain an appreciable share of
the disparity in test scores between students from high- and low-poverty neigh-
borhoods. Once differences in composition are taken into account, adjusting for
additional dimensions of school quality leaves the achievement disparity virtually
unchanged.

Finally, the bottom row of Figure 8 shows estimates of A, which represents
the residual portion of the achievement gap that cannot be explained by any of
the school characteristics included in our analysis. This unexplained component
amounts to roughly one-fifth of the overall disparity in achievement.
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Taken together, these results suggest that differences in school composition are
strongly associated with disparities in achievement between students from high-
and low-poverty neighborhoods. This finding highlights the tight coupling of resi-
dential context, the demographic makeup of schools, and student achievement. In
contrast, the other dimensions of school quality do not account for any meaningful
portion of the achievement gap, above and beyond differences in composition, even
when they are measured using rich, high-dimensional data.

The Impact of Equalizing Schools on Disparities in Achievement

The descriptive decomposition discussed previously does not have a causal interpre-
tation—that is, it does not capture how changes in access to different types of schools
might impact the achievement gap. To build on these descriptive results, Table 1
presents DML estimates of the disparity eliminated under hypothetical interven-
tions aimed at equalizing various dimensions of school quality. These estimates
assess how the achievement gap would change if students from high-poverty neigh-
borhoods had access to schools with characteristics similar to those of their peers in
low-poverty neighborhoods.

The results suggest that equalizing school characteristics between students from
high- and low-poverty neighborhoods would lead to only modest reductions in the
achievement gap. For example, aligning the composition of schools serving students
from high- and low-poverty neighborhoods is estimated to reduce the disparity
in reading scores by just 0.027 SDs, representing about 6 percent of the observed
gap. A similar pattern holds for math scores, where the estimated reduction in the
achievement disparity is somewhat smaller but substantively similar. Moreover,
additionally aligning the resources, instruction, climate, or effectiveness of these
schools also appears to have little impact on achievement disparities, above and
beyond equalizing their composition.

Overall, equalizing any set of school characteristics is estimated to reduce the
achievement disparity by no more than 0.03 SDs for either reading or math, and the
proportion of the gap eliminated remains consistently below 10 percent. In fact, we
estimate that aligning the distribution of all school characteristics together would
reduce the disparity in reading scores by only 0.027 SDs and the gap in math scores
by just 0.024 SDs. Although these point estimates are not entirely negligible, they
are small in practical terms, and all of their confidence intervals span zero.

Our estimates of the disparity eliminated rely on the strong assumption that
selection into different types of schools is not influenced by unobserved factors
that also affect student test scores. This assumption cannot be empirically verified,
and it may not hold in our analysis. Although we adjust for a large set of baseline
covariates, it remains possible that unmeasured variables confound the relationship
between school quality and student achievement. These variables might include
unobserved characteristics of a student’s family, like parental wealth, or unmea-
sured features of their home environment, such as the presence of environmental
health hazards. To address potential distortions from unobserved confounding,
we conduct a formal sensitivity analysis to evaluate the robustness of our causal
inferences.
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Table 1: De-biased machine learning estimates of the disparity eliminated between students from high- and
low-poverty neighborhoods.

Label Estimand Point Est. 95% CI Prop. Elim.
Reading test scores
Observed disparity A —0.480 [—0.529, —0.431]
Disparity eliminated by equalizing:
(1) School composition As, —0.027 [—0.072,0.018] 0.06
(2) School resources + (1) As, —0.027 [—0.074,0.020] 0.06
(3) Instructional practices + (2) As, —0.026 [—0.073,0.021] 0.05
(4) School climate + (3) As, ~0.029 [—0.076,0.018] 0.06
(5) School effectiveness + (4) As, —0.027 [—0.074,0.020] 0.06
Math test scores
Observed disparity A —0.507 [—0.558, —0.456]
Disparity eliminated by equalizing:
(1) School composition As, —0.018 [—0.067,0.031] 0.04
(2) School resources + (1) As, —0.025 [—0.072,0.022] 0.05
(3) Instructional practices + (2) As, —0.025 [—0.076,0.026] 0.05
(4) School climate + (3) As, ~0.024 [—0.077,0.029] 0.05
(5) School effectiveness + (4) As, —0.024 [—0.079,0.031] 0.05

Note: All estimates are reported in SD units. Est. = estimate; CI = confidence interval; Prop. Elim. =
proportion eliminated, which is calculated as the disparity eliminated divided by the observed disparity.
Source: Geolytics (2012); U.S. Department of Education, National Center for Education Statistics, Early
Childhood Longitudinal Study, Kindergarten Class of 2010-2011 (ECLS-K:2011), Restricted-Use Data File;
U.S. Department of Education, National Center for Education Statistics, CCD, “School District Finance
Survey (F-33),” fiscal year 2012, Provisional Version 1a; U.S. Department of Education, National Center
for Education Statistics, CCD, “Local Education Agency Universe Survey,” “Public Elementary/Secondary
School Survey,” 2011-12, Version Provisional 1a; and U.S. Department of Education, National Center for
Education Statistics, PSS, 2011-12.

Specifically, we construct bias-adjusted estimates for the disparity eliminated
that results from equalizing the full set of school characteristics (i.e., As,). These
estimates are derived by subtracting multiples of a bias term, denoted by 1, from
our focal estimates reported in Table 1. We define ¢ as the observed change in our
point estimates for Ag after omitting all controls for family background from the
super learners used to construct them. In other words, ¢ captures the magnitude
of the bias introduced to our estimates by excluding controls for parental income,
education, occupation, employment status, and family structure. We then assess
the robustness of our findings by subtracting multiples of ¢ from our point and
interval estimates, which allows us to quantify how strong any unobserved con-
founding would need to be-relative to that introduced by omitting controls for
family background-to alter our main conclusions.

Figure 9 plots these bias-adjusted estimates of the disparity eliminated against
multiples of ¢. Although our original estimates are substantively small, they do
not appear particularly sensitive to unobserved confounding. The results in this
figure suggest that even if we omitted a variable or set of variables with twice the
confounding influence of family background, our conclusions about the limited
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impact of equalizing access to schools of different quality would remain largely
intact.

Indeed, our estimates would understate the disparity eliminated only if there
were unobserved factors whose confounding influence operated in the opposite
direction to that of family background. For example, if students from high-poverty
neighborhoods selected into lower-quality schools based on unobserved advantages,
rather than disadvantages, this would attenuate our estimates of the degree to
which equalizing school environments might reduce disparities in achievement.
This pattern of unobserved confounding seems unlikely, although we cannot rule
it out empirically. Overall, the results of our sensitivity analysis suggest that
our inferences about the disparity eliminated are highly robust to unobserved
confounding.

Why do hypothetical interventions aimed at equalizing school environments
appear to have only modest effects on achievement disparities, even when allowing
for potential bias due to unobserved confounding? To address this question, Fig-
ure 10 displays the estimated marginal effects of each school characteristic included
in our analysis on student test scores. Specifically, the vertical axis of the plot shows
the average marginal effect of each school characteristic on test scores, as computed
from our super learners, whereas the horizontal axis represents the standardized
mean difference in each of these characteristics, comparing students from high-
versus low-poverty neighborhoods.

School characteristics located in the corners of the plot would represent those
that (1) have large marginal effects on test scores and (2) differ substantially across
high- and low-poverty neighborhoods. However, the roughly spherical distribution
of estimates centered in the middle of Figure 10 suggests that few school charac-
teristics strongly influence test scores, net of other factors, and exhibit pronounced
differences by neighborhood poverty. In other words, the plot shows that the char-
acteristics of schools that are most strongly linked to student performance are not
those that vary significantly across neighborhoods with high- versus low-poverty
rates. As a result, the corners of the plot are largely empty.

For example, while measures of school composition, such as the proportion
of students who are eligible for free or reduced-price lunch, differ substantially
between high- and low-poverty neighborhoods, they are not strongly associated
with student test scores, controlling for other factors. Conversely, characteristics that
are stronger predictors of student achievement, such as school value added, exhibit
relatively little variation across neighborhood poverty levels. Moreover, most of
the school characteristics measured in the ECLS-K are only weakly associated with
both student achievement and neighborhood poverty. This is reflected in the dense
cluster of unlabeled points near the origin of the plot at (0,0), which represent
school characteristics that neither predict test scores nor differ much between high-
versus low-poverty neighborhoods.

To summarize, our results provide little evidence that equalizing the distribution
of school characteristics across high- and low-poverty neighborhoods would appre-
ciably reduce disparities in reading or math achievement. This conclusion holds
even under plausible patterns of unobserved confounding. It is driven primarily by
the fact that the single dimension of school quality that differs markedly between
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high- and low-poverty neighborhoods-school composition-is only weakly linked
to student achievement once baseline confounders have been controlled.

Ancillary Analyses

Beyond concerns about unobserved confounding, our inferences may also be influ-
enced by several other analytic decisions that warrant special scrutiny. One such
decision involves how we define high- and low-poverty neighborhoods. Through-
out our analysis, we distinguished between neighborhoods with poverty rates of
20 percent or higher and those with rates below 20 percent. This threshold might
obscure more pronounced disparities between students from extremely poor neigh-
borhoods and those from areas with very low-poverty rates. To assess the sensitivity
of our findings to these measurement choices, Part G of the online supplement
replicates our analyses using alternative definitions of high- and low-poverty neigh-
borhoods. Specifically, we compare students from neighborhoods with poverty
rates of > 30 percent versus < 30 percent, > 20 percent versus < 10 percent,
and > 30 percent versus < 5 percent. Across all specifications, our results are
substantively similar to those presented previously.

We also focused on the disparity eliminated that results from equalizing the
distribution of school characteristics between students from high- and low-poverty
neighborhoods who otherwise share similar covariates at baseline. However, an alterna-
tive approach might consider the disparity that would remain after aligning school
characteristics across neighborhoods irrespective of student attributes. Formally, this
quantity can be expressed as follows:

s, = E[Y(H;)|X =1] —E[Y(H;)|X = 0], @)

where H; denotes a random vector of school characteristics drawn from f (§j |X =0)
—that s, from the joint distribution of school characteristics S j = {S4,..,S j} observed
among students in low-poverty neighborhoods, without conditioning on the base-
line covariates C. This alternative disparity represents the counterfactual gap in
achievement that would persist if all students attended schools with characteristics
drawn from the distribution observed in low-poverty neighborhoods, regardless of
their individual traits or family background.

In part H of the online supplement, we estimate this alternative disparity using a
novel approach that combines permutation weighting with DML. These results are
substantively similar to those presented previously, indicating that our conclusions
are insensitive to whether school characteristics are equalized among students who
are comparable at baseline or whether they are equalized with no attention to
student covariates. In other words, our main findings are also robust to alternative
conceptualizations of the hypothetical intervention aimed at equalizing access to
quality schools.

Finally, our analyses focused on estimating the disparity eliminated across the
total population of students. However, equalizing the distribution of school charac-
teristics could potentially have greater impacts among specific subpopulations. To
examine this possibility, part I of the online supplement presents ancillary analyses
in which we estimate the disparity eliminated separately by gender, race, parental
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education, and geographic region. These subgroup estimates largely mirror those
from our main analyses targeting the entire population of students as a whole. Thus,
our key conclusion-that equalizing school environments would yield only modest
reductions in the achievement gap between students from high- and low-poverty
neighborhoods—appears consistent across a range of demographic and regional
subpopulations.

Discussion

Students from high-poverty neighborhoods score significantly lower on standard-
ized tests of academic achievement than their peers from more affluent communi-
ties. Although this disparity stems from multiple factors, unequal access to high-
quality schools is widely viewed as a central cause. To investigate this possibility,
the present study employed a high-dimensional approach to measure differences
in school environments across high- and low-poverty neighborhoods, assessed
whether these differences help explain the observed gap in achievement, and evalu-
ated the potential for interventions aimed at equalizing school conditions to reduce
disparities associated with concentrated poverty.

Using nationally representative data from more than 18,000 students in nearly
1,000 elementary schools, along with 168 distinct measures to characterize their
learning environments, we document substantial differences in demographic com-
position between schools serving high- and low-poverty neighborhoods. Never-
theless, we find relatively limited variation in other dimensions of schools, includ-
ing their resources, instruction, and effectiveness. Similarly, with novel machine
learning methods tailored for high-dimensional data, we show that compositional
differences are strongly associated with the achievement gap between students
from high- and low-poverty neighborhoods, whereas other school characteristics
account for little, if any, of the disparity in test scores. Moreover, our causal analyses
suggest that equalizing the distribution of all school characteristics across neigh-
borhoods would reduce the achievement gap by less than 10 percent, primarily
through changes in student composition. This suggests that the primary drivers of
disparities in achievement between high- and low-poverty neighborhoods originate
outside the school environment.

These findings complicate widespread narratives that children from “poor”
neighborhoods are routinely trapped in “bad” schools. They also challenge insti-
tutional resource theory, which contends that students from disadvantaged neigh-
borhoods perform worse academically in part because they attend inferior schools
that impede their learning and, by extension, widen achievement gaps. In contrast,
our results suggest that the elementary schools serving students from high-poverty
neighborhoods are, in general, “not so bad.” Although these schools differ starkly in
demographic composition-and, to a lesser extent, academic climate—their resources,
instruction, and effectiveness are broadly similar to those serving less disadvan-
taged areas. Ill-equipped, dysfunctional, and ineffective schools certainly do exist
in high-poverty communities, but our results suggest that they are not typical,
nor are they prevalent enough to account for a sizable portion of the achievement
disparities linked to neighborhood poverty.
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Our findings align more closely with the compensatory schooling perspective
(Condron et al. 2021; Downey 2020). Although we find no evidence that differences
among schools attenuate achievement gaps between high- and low-poverty neigh-
borhoods, our results suggest that elementary schools function less as engines of
inequality and more like neutral institutions: they tend to reproduce, rather than
amplify, disparities generated outside their walls.

Specifically, we find little evidence that schools in high- and low-poverty neigh-
borhoods differ in ways that might produce large achievement gaps. This relative
uniformity may reflect structural features of elementary education in the United
States—such as curricular standardization, teacher certification requirements, build-
ing regulations, grade-level benchmarks, and accountability policies—that constrain
variation across schools (Downey 2020). In addition, because instruction occurs
mainly in individual classrooms, and because teacher effectiveness varies more
within schools than between them (Hanushek and Rivkin 2012), students’ learn-
ing opportunities may depend largely on classroom assignments rather than any
broader differences in the schools serving their communities. Finally, while school
sorting is often viewed as a central mechanism through which educational inequal-
ities are generated and maintained, the modest differences we observe in most
school characteristics across high- and low-poverty neighborhoods suggest that
parental choices are shaped by diverse preferences, constrained options, and incom-
plete information, all of which may weaken the link between family resources and
access to higher-quality schools (Wodtke et al. 2023).

Taken together, these institutional and behavioral constraints seem to engender
a stratification process in which achievement disparities-largely established before
school entry—persist with little disruption throughout the elementary years (von
Hippel et al. 2018). Rather than actively producing inequality, schools appear to
function more like conduits, merely channeling disparities generated by differences
across families, neighborhoods, and other factors, with only modest alteration
(Coleman et al. 1966).

Nevertheless, while our findings suggest that elementary schools currently
function as relatively neutral institutions, this pattern is neither inevitable nor
permanent. There is no universal law that prevents schools from becoming a
disequalizing force. Our conclusions should therefore be considered historically and
contextually bounded. Schools almost certainly produced or exacerbated inequality
at certain points in the past, and they could do so again in the future. Indeed, the
relative uniformity observed today at least partially reflects decades of policies
aimed, however imperfectly, at promoting equality in elementary education. These
include Title I of the Elementary and Secondary Education Act, the Individuals with
Disabilities Education Act, school nutrition programs, English Language Learner
(ELL) services, compensatory state funding policies, and the implementation of
Common Core standards, among a variety of other efforts.

The current policy landscape is precarious, however. Proposals like “Project
2025,” a conservative blueprint for government that recommends phasing out or
converting many of these programs into unrestricted block grants (The Heritage
Foundation 2023), suggest that institutional conditions could quickly change. Cou-
pled with increasing income and wealth inequality, such changes could widen dif-
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ferences across schools serving high- and low-poverty communities and transform
them from relatively passive conduits into more active generators of achievement
disparities, deepening the chasmic gaps that already exist.

At the same time, there is also no reason that elementary schools could not be
restructured to play a more compensatory role. A substantial body of research
demonstrates that certain school interventions can improve outcomes for disadvan-
taged students and close achievement gaps (e.g., Dobbie and Fryer 2011; Hassrick
et al. 2017). Our analyses, however, suggest that interventions focused solely on
making the elementary schools in high-poverty neighborhoods more similar to
those in low-poverty areas are unlikely to reduce achievement disparities—largely
because the schools serving these communities already exhibit relatively little varia-
tion across most dimensions of quality. By the same logic, efforts that aim only to
increase access to schools located outside one’s residential neighborhood—for exam-
ple, by expanding school choice or implementing intra-district open enrollment-are
also unlikely to meaningfully narrow the achievement gaps linked to concentrated
poverty.

Although our findings do not rule out the potential for schools to help close
these gaps, they do suggest that effective reforms may have to transcend the goal
of achieving equality of conditions or access. Instead, they may demand a more
ambitious—and contentious-normative commitment to equity rather than equality,
which would require tailoring the distribution of resources, supports, and practices
to meet the needs of students from high-poverty neighborhoods.

The implications of this study for theory and policy should be interpreted cau-
tiously in light of several limitations. First, although we incorporated an unusually
wide range of school characteristics, it is still possible that we omitted some im-
portant indicators of quality. Schools are complex institutions, and social surveys,
however sophisticated, cannot fully capture the depth and diversity of educational
experiences within them.

Second, some of the measures we employed are imperfect. Teacher and adminis-
trator reports about their school’s climate, infrastructure, and instructional practices
may be subject to random measurement error or influenced by local reference points.
For example, perceptions of what constitutes an “adequate” classroom may vary
depending on location and the social context in which a school operates, potentially
introducing bias into comparisons across high- and low-poverty communities. It is
therefore possible that meaningful differences across communities go undetected
simply because the measures used in ECLS-K lack the sensitivity to capture them.
Similarly, our estimates of value-added scores are derived from relatively small
samples of students within each school, which reduces their reliability and increases
the influence of random noise. Nevertheless, these measures still appear to cap-
ture meaningful variation, as they rank among the strongest predictors of student
achievement measured several years later, from third through fifth grades.

Third, although we used novel methods of causal inference designed to mitigate
concerns about measurement and model misspecification, our identification strategy
ultimately depends on the strong assumption that, conditional on a set of baseline
covariates, school selection is effectively random. To bolster the plausibility of this
assumption, we included a rich set of theoretically relevant controls, and we also
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conducted a sensitivity analysis to assess robustness to unobserved confounding.
Nevertheless, the possibility of bias persists. Because some experimental and quasi-
experimental studies have found larger effects of certain school factors than those
estimated in observational studies like ours (e.g., Dobbie and Fryer 2011; Jackson et
al. 2016), it remains possible that our results may understate the extent to which
differences in schools contribute to achievement disparities between high- and
low-poverty neighborhoods.

Fourth, our analysis focused exclusively on standardized test scores. These
scores capture important academic skills, but they represent only a small subset
of the broader competencies that schools aim to cultivate. Elementary education
also attempts to foster social and emotional development, as well as knowledge
of science, history, civics, and the arts. By concentrating solely on reading and
math achievement, this study may obscure how schools contribute to place-based
disparities in other aspects of student development.

Finally, our data on school quality are limited to the first grade, a period when
school environments may be less variable due to shared curricular goals and more
standardized instructional practices. However, as students progress through the
education system, schools likely become more differentiated and unequal due
to increased curricular tracking and more variable pedagogical priorities. These
differences could exert a greater influence on educational outcomes during middle
and high school, when both institutional variation and student sensitivity to their
school environment may increase (Jennings et al. 2015). Future research should
therefore examine how disparities in school quality evolve over time and how
they contribute to achievement gaps between students from high- and low-poverty
neighborhoods during later stages of schooling.

Despite these limitations, our study provides considerable evidence that the
schools serving students from high- and low-poverty neighborhoods are more alike
than different-and that whatever differences exist do not appreciably contribute
to the large achievement disparities between these groups. Thus, schools in high-
poverty neighborhoods should not be routinely targeted for blame, derision, or
overhaul. Many of these schools resemble those serving more advantaged pop-
ulations and appear to deliver instruction of comparable effectiveness, even as
they work with student populations facing significant challenges and operate in
an academic climate shaped by the strain of these circumstances. If schools are
to play a more active role in reducing achievement disparities, rather than merely
preventing these gaps from widening, the focus should be on equipping them with
additional resources, supports, and practices that are responsive to their students’
needs, not dismantling institutions that often keep their students moving forward
in the face of strong headwinds.

Notes

1 Authors’ calculations using the Early Childhood Longitudinal Study, Kindergarten Class
of 2010-2011.

2 All sample sizes are rounded to the nearest 10 in accordance with U.S. Institute for
Education Sciences (IES) disclosure risk guidelines.

sociological science | www.sociologicalscience.com 147 February 2026 | Volume 13



Wodtke, White and Zhou Poor Neighborhoods, Bad Schools

3 The data used in this analysis are derived from restricted-access files provided by IES
under contractual arrangements that preclude the authors from distributing them. In-
structions for accessing these data are provided as part of the study’s reproducibility
package.
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