£6 sociological science

Supplement to:

Wodtke, T. Geoffrey, Kailey White, and Xiang Zhou.
2026. “Poor Neighborhoods, Bad Schools? A High-
Dimensional Model of Place-Based Disparities in

Academic Achievement” Sociological Science 13:
109-153.

S1



Wodtke, White and Zhou Poor Neighborhoods, Bad Schools

Online Supplementary Materials for
“Poor Neighborhoods, Bad Schools? A High-dimensional Model of

Place-based Disparities in Academic Achievement”

Geoffrey T. Wodtke!, Kailey White?, and Xiang Zhou?

1Department of Sociology, University of Chicago
2Crime Lab and Education Lab, University of Chicago

3Depawtment of Sociology, Harvard University

sociological science | www.sociologicalscience.com S2 February 2026 | Volume 13



Wodtke, White and Zhou Poor Neighborhoods, Bad Schools

A Analyses with a Multidimensional Disadvantage Index

In this appendix, we replicate our descriptive decomposition and causal analyses using a multidimensional
index of neighborhood disadvantage. This index is constructed through a principal components analysis
of multiple tract-level characteristics, including the poverty rate, measures of educational attainment and
family structure, the unemployment rate, and racial composition. We estimate observed, adjusted, and
counterfactual disparities that compare students from neighborhoods in the top quintile of this index to
those from the bottom four quintiles. Results from the descriptive decomposition are shown in Figure A.1,
while estimates of the disparity eliminated appear in Table A.1. Overall, these results are nearly identical

to those presented in the main text, which are based on the poverty rate alone.
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Table A.1: De-biased Machine Learning Estimates of the Disparity Eliminated between Students from
High- and Low-poverty Neighborhoods Defined in terms of a Multidimensional Index of Socioeconomic

Disadvantage.
Label Estimand Point Est. 95% CI Prop. Elim.
Reading Test Scores
Observed disparity A -0.568 [-0.621, -0.515 |
Disparity eliminated by equalizing:
(1) School composition As, -0.012 [-0.067, 0.043 | 0.02
(2) School resources + (1) As, -0.012 [-0.073, 0.049 ] 0.02
(3) Instructional practices + (2) As, -0.013 [-0.074, 0.048 ] 0.02
(4) School climate + (3) As, -0.012 [-0.073, 0.049 ] 0.02
(5) School effectiveness + (4) As, -0.012 [-0.071, 0.047 ] 0.02
Math Test Scores
Observed disparity A -0.605 [-0.660, -0.550 |
Disparity eliminated by equalizing:
(1) School composition As, 0.001 [-0.068, 0.070 ] 0.00
(2) School resources + (1) As, -0.008 [-0.082, 0.066 ] 0.01
(3) Instructional practices + (2) As, -0.009 [ -0.083, 0.065 | 0.01
(4) School climate + (3) As, -0.008 [-0.088, 0.072 | 0.01
(5) School effectiveness + (4) As, -0.007 [-0.081, 0.067 ] 0.01
Note: All estimates are reported in standard deviation units. Est. = Estimate; CI = Confidence Inter-

val; Prop. Elim. = Proportion Eliminated, which is calculated as the disparity eliminated divided by the
observed disparity. The disparities contrast the top with the bottom four quintiles of a multidimensional
disadvantage index, which comes from a principal components analysis of tract poverty, educational compo-
sition, family structure, unemployment, and racial composition. 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 Cen-
ter for Education Statistics, Common Core of Data (CCD), “School District Finance Survey (F-33),” fiscal
year 2012, Provisional Version la; U.S. Department of Education, National Center for Education Statistics,
Common Core of Data (CCD), “Local Education Agency Universe Survey,” “Public Elementary/Secondary
School Survey,” 2011-12, Version Provisional la; U.S. Department of Education, National Center for Edu-
cation Statistics, Private School Universe Survey (PSS), 2011-12.
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C Dimension Reduction

In this appendix, we report results from several attempts to reduce the dimension of our 168 measures of the
school environment. First, we applied a clustering algorithm known as partitioning around medoids (PAM)
to group schools into discrete clusters that are internally similar but externally distinct. Figure C.1 displays
the average silhouette width for a range of PAM solutions. This metric assesses how well each school fits
within its assigned cluster relative to other clusters, where higher values indicate more clearly defined and
homogeneous groupings. Values above 0.25 are generally considered to reflect at least some modest degree
of clustering in the data, which would indicate that it might be reasonably summarized by a smaller number
of discrete groups. In our case, however, the average silhouette width never exceeds 0.15 for any solution
and remains below 0.05 for most, providing essentially no evidence of clustering in these data.

We also attempted to reduce the dimension of our school characteristics using principal components anal-
ysis (PCA) and factor analysis of mixed data (FAMD). These techniques aim to represent high-dimensional
data using a smaller set of components or latent factors that retain most of its original variation. Figure C.2
presents a scree plot showing the proportion of variation explained by ten factors extracted via FAMD. No
single factor accounts for more than 5% of the total variation in these data, and cumulatively, all ten explain
less than 15%. Results from a PCA were nearly identical, even though this approach is not as suitable for
data that include binary and ordinal variables.

In sum, these findings suggest that our high-dimensional measures of school quality are not easily reducible
to a smaller set of underlying clusters or factors. Rather, they appear to capture distinct features of the

school environment.
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Figure C.1: Average Silhouette Width across Clustering Solutions based on Partitioning Around Medoids.

Note: This plot contains the average silhouette width for different clustering solutions obtained via partition-
ing around medoids. Source: 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, Common Core of Data (CCD),
“School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department of Ed-
ucation, National Center of Education Statistics, Common Core of Data (CCD), “Local Education Agency
Universe Survey,” “Public Elementary/Secondary School Survey,” 2011-12, Version Provisional la; U.S. De-
partment of Education, National Center for Education Statistics, Private School Universe Survey (PSS),
2011-12.
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Figure C.2: Scree Plot based on a Factor Analysis of Mixed Data.

Note: This plot contains the proportion of total variation explained by each factor obtained from a fac-
tor analysis of mixed data (FAMD). Source: 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, Common Core of
Data (CCD), “School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Depart-
ment of Education, National Center of Education Statistics, Common Core of Data (CCD), “Local Education
Agency Universe Survey,” “Public Elementary/Secondary School Survey,” 2011-12, Version Provisional 1a;
U.S. Department of Education, National Center for Education Statistics, Private School Universe Survey
(PSS), 2011-12.
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D Sample Characteristics in the ECLS-K

In this appendix, we report a full set of summary statistics and describe how key control variables were
measured. Gender is coded as a binary variable, 1 for male and 0 otherwise. Race captures whether the
sample member is White (non-Hispanic), Black (non-Hispanic), Hispanic, or another race. And birth weight
is recorded in pounds. Parental age is measured in years, marital status is a binary indicator coded 1 for
“married” and 0 otherwise, and family income is expressed in dollars. Employment status indicates whether

a parent is “not in the labor force,” “

working fewer than 35 hours per week,” or “working 35 hours or
more per week.” The highest level of education achieved by a child’s parents is classified into categories
ranging from “less than high school” to a “graduate degree,” while parental occupation is measured using
the highest occupational status score achieved by either parent. The primary language spoken at home is
a binary variable coded 1 for “English” and 0 otherwise. Family size reflects the total number of people
residing in the child’s household. Parental involvement is measured by the frequency with which parents
read to or practice numbers with the sample member, where responses range from “not at all” to “every

9

day.” Government assistance is captured with a series of binary indicators denoting whether the family
received benefits from the Special Supplemental Nutrition Program for Women, Infants, and Children (WIC),
the Supplemental Nutrition Assistance Program (SNAP), or the Temporary Assistance for Needy Families
(TANF) program. Urban versus rural residence is categorized as living in a large, medium, or small city,
a suburb, or a rural area. Geographic region is measured using an indicator for whether a sample member

lived in the “Northeast,” “Midwest,” “South,” or “West” census divisions. Summary statistics for all control

variables, along with our measures of neighborhood poverty and test scores, are provided in Table D.1.
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Table D.1: Sample Characteristics.

Variable Percent Mean Std. Dev.
Outcomes

Reading test scores, 3rd grade spring 2.94 0.37
Reading test scores, 4th grade spring 3.15 0.37
Reading test scores, 5th grade spring 3.36 0.43
Math test scores, 3rd grade spring 3.64 0.65
Math test scores, 4th grade spring 3.95 0.65
Math test scores, 5th grade spring 4.23 0.66

Neighborhood poverty

Neighborhood poverty level

High poverty (> 20%) 23.57
Low poverty (< 20%) 76.43
Neighborhood poverty rate 0.14 0.11

Baseline confounders

Gender

Male 48.78

Female 51.22
Race

White (non-Hispanic) 47.62

Black (non-Hispanic) 12.82

Hispanic 25.52

Asian 8.07

Other 5.98
Child age (months) 67.41 4.47
Birth weight (Ibs) 7.24 1.33
Parents married at birth 66.30
English is child’s first language 82.19

Continued on next page
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Table D.1: Sample Characteristics

Variable Percent Mean Std. Dev.
Household size 4.57 1.36
Parent 1 age 33.97 6.75
Parent 2 age 36.52 7.36
Parent 1 employment status

Not in the labor force 38.86

Less than 35 hours per week 18.41

35 or more hours per week 42.73
Parent 2 employment status

Not in the labor force 8.58

Less than 35 hours per week 4.53

35 or more hours per week 86.89
Parent education (highest level)

Less than high school diploma 9.66

High school diploma 20.58

Vocational/technical degree 32.01

Bachelor’s degree 21.63

Graduate degree 16.11
Family income ($1000s) 63.41 58.06
Parent occupational status (highest level) 45.51 11.95
Family received WIC in past 6 months 50.94
Family received food stamps in past year 27.12
Family received TANF ever 4.80
Parent is currently married 74.19
Two biological parents in household 71.29
Parent practices numbers with child

Not at all 0.51

Once or twice a week 5.92

3-6 times a week 27.78

Continued on next page
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Table D.1: Sample Characteristics

Variable Percent Mean Std. Dev.

Everyday 65.79
Parent reads books to child

Not at all 1.01

Once or twice a week 12.31

3-6 times a week 32.34

Everyday 54.34
Parental expectations for child

No post-secondary education 4.35

Some post-secondary education 12.19

Bachelor’s degree 47.07

Graduate degree 36.39
Locale

Large city 15.67

Medium city 9.71

Small city 7.32

Suburb 36.33

Rural 30.97
Region

Northeast 15.44

Midwest 22.08

South 36.97

West 25.50
Child externalizing behaviors (teacher reported), fall K 1.58 0.62
Child internalizing behaviors (teacher reported), fall K 1.45 0.49
Child motivation level (interviewer reported), fall K 341 0.85
Child cooperation level (interviewer reported), fall K 3.93 0.79
Child attention level (interviewer reported), fall K 3.35 0.90
Child health (parent reported), fall K 1.55 0.79

Continued on next page
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Table D.1: Sample Characteristics

Variable Percent Mean Std. Dev.
Reading test scores, fall K 0.00 1.00
Math test scores, fall K 0.00 1.00

Note: All test scores are standardized using the mean and standard deviation from the
fall of kindergarten assessment.

Source: Geolytics (2012); U.S. Department of Education, National Center for Educa-
tion Statistics, Early Childhood Longitudinal Study, Kindergarten Class of 2010-2011
(ECLS-K:2011), Restricted-Use Data File.
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E Analyses based on Fourth and Fifth Grade Test Scores

This appendix reports a set of parallel analyses using test scores from assessments administered by the
ECLS-K during the spring of fourth and fifth grade. Figure E.1 presents results from the descriptive de-
composition of disparities in fourth grade scores, while Figure E.2 shows the corresponding results for fifth
grade. Similarly, Tables E.1 and E.2 report estimates of the disparity eliminated based on fourth and fifth
grade test scores, respectively. Across both grades, the results are similar to those presented in the main

text, which are based on assessments administered during the spring of third grade.
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Table E.1: De-biased Machine Learning Estimates of the Disparity Eliminated between Students from High-
and Low-poverty Neighborhoods based on Test Scores Measured during the Spring of 4th Grade.

Label Estimand Point Est. 95% CI Prop. Elim.
Reading Test Scores
Observed disparity A -0.464 [-0.513,-0.415 ]
Disparity eliminated by equalizing:
(1) School composition As, -0.021 [-0.068, 0.026 ] 0.05
(2) School resources + (1) As, -0.022 [-0.067, 0.023 ] 0.05
(3) Instructional practices + (2) As, -0.021 [-0.070, 0.028 | 0.05
(4) School climate + (3) As, -0.024 [-0.071, 0.023 | 0.05
(5) School effectiveness + (4) As, -0.022 [-0.069, 0.025 ] 0.05
Math Test Scores
Observed disparity A -0.499 [-0.552, -0.446 |
Disparity eliminated by equalizing:
(1) School composition As, -0.011 [ -0.060, 0.038 | 0.02
(2) School resources + (1) As, -0.017 [-0.066, 0.032 ] 0.03
(3) Instructional practices + (2) As, -0.012 [-0.061, 0.037 | 0.02
(4) School climate + (3) As, -0.014 [-0.063, 0.035 | 0.03
(5) School effectiveness + (4) As, -0.016 [ -0.065, 0.033 | 0.03
Note: All estimates are reported in standard deviation 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 Statis-
tics, 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, Common Core of Data
(CCD), “School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department
of Education, National Center for Education Statistics, Common Core of Data (CCD), “Local Education
Agency Universe Survey,” “Public Elementary/Secondary School Survey,” 201112, Version Provisional 1a;
U.S. Department of Education, National Center for Education Statistics, Private School Universe Survey
(PSS), 2011-12.
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Table E.2: De-biased Machine Learning Estimates of the Disparity Eliminated between Students from High-
and Low-poverty Neighborhoods based on Test Scores Measured during the Spring of 5th Grade.

Label Estimand Point Est. 95% CI Prop. Elim.
Reading Test Scores
Observed disparity A -0.481 [-0.532, -0.430 |
Disparity eliminated by equalizing:
(1) School composition As, -0.019 [-0.062, 0.024 | 0.04
(2) School resources + (1) As, -0.018 [-0.063, 0.027 | 0.04
(3) Instructional practices + (2) As, -0.014 [-0.063, 0.035 | 0.03
(4) School climate + (3) As, -0.017 [ -0.064, 0.030 | 0.04
(5) School effectiveness + (4) As, -0.014 [-0.061, 0.033 ] 0.03
Math Test Scores
Observed disparity A -0.531 [-0.586, -0.476 |
Disparity eliminated by equalizing:
(1) School composition As, -0.032 [-0.081, 0.017 | 0.06
(2) School resources + (1) As, -0.037 [-0.086, 0.012 ] 0.07
(3) Instructional practices + (2) As, -0.035 [-0.082, 0.012 | 0.07
(4) School climate + (3) As, -0.036 [-0.083, 0.011 | 0.07
(5) School effectiveness + (4) As, -0.033 [-0.078, 0.012 | 0.06
Note: All estimates are reported in standard deviation 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 Statis-
tics, 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, Common Core of Data
(CCD), “School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department
of Education, National Center for Education Statistics, Common Core of Data (CCD), “Local Education
Agency Universe Survey,” “Public Elementary/Secondary School Survey,” 201112, Version Provisional 1a;
U.S. Department of Education, National Center for Education Statistics, Private School Universe Survey
(PSS), 2011-12.
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F DML Estimation of the Disparity Eliminated

In this section, we describe how the disparity eliminated can be nonparametrically identified and consistently
estimated using machine learning (ML) methods. Nonparametric identification of the disparity eliminated
depends on three assumptions: ignorability, positivity, and consistency.

The ignorability assumption can be formally expressed as Y (gj) 15; | X =1,Cforj=1,...,J, where
Y (§j) denotes a student’s potential outcome under exposure to a school with characteristics given by s;.
Substantively, this assumption implies that, conditional on living in a high-poverty neighborhood (X = 1)
and the set of baseline covariates C, school selection is as good as random.

The positivity assumption requires that P (Sj =s; | X, C) > 0 for any s;. In words, this condition
requires that there must be a nonzero probability of attending schools with any combination of characteristics
in 8; among individuals with different values on the baseline covariates C and who live in neighborhoods
with different levels of poverty.

Finally, the consistency assumption requires that a student’s observed outcome must correspond to their
potential outcome under the set of school characteristics they did in fact experience. Formally, this condition
can be expressed as Y =Y (§j)-

To identify the disparity eliminated, it suffices to identify m,s, = E[Y(G,)|X = 1], where G, represents
a random vector of school characteristics drawn from the joint distribution observed among students from
low-poverty neighborhoods (X = 0) with baseline covariates C. Under the assumptions of ignorability,

positivity, and consistency, Ms, 1s nonparametrically identified by the following function of observable data:

ms, =E[V(G;)|1X =1]
= Z E[Y(gj) X =1,C]P (Qj = g],\C) P(ClXx =1) by iterated expectations
cg
=S E[Y(s,)|X = 1,C]P (S, = 5,/ X = 0,C) P(C|X = 1) by definition of G,
©8;
|X =0,C) P(C|X =1) by ignorability/positivity

=Y E[V(s))|X =1,C,8; =5,]P(S; =s

X=0,C)P(CIX=1) by consistency

<

J

=Y E[V|X=1,CS8,;=5]P(S; =5
=E[E[E[Y|X =1,C,8,]|X =0,C] |X =1]. by definition

The final equality provides the nonparametric identification formula for s, The innermost expectation in

this expression captures the average value of the outcome Y for individuals in high-poverty neighborhoods
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(X = 1), conditional on both their school characteristics 8; and baseline covariates C. This expected value is
then averaged over the distribution of school characteristics observed in low-poverty neighborhoods (X = 0),

conditional on C. Finally, the outermost expectation averages this result again, now over the distribution of

the baseline covariates C observed among those in high-poverty neighborhoods (X = 1). This identification

formula is a special case of the generalized mediation functional introduced by Zhou (2022).

Under the same set of assumptions, the identification formula for 7M1, can also be expressed as follows:

X P(X=1C) P(X=0CS) _
P(X=1)P(X=0[C) P (X =1|C,S,) (Y-E[riX=1,C,8])

term 1

- —1/C
+ szfl)igz(l)}cg E[Y|X=1,C,8,] ~E[E[Y|X =1,C,8,] [X =0,C])

s, = E

term 2

+%(E[E[Y|X:LQ§]} |IX=0,C]-E[E[E[Y|X =1,C,8,]|X =0,C]|X =1])

term 3

+E[E[E[Y|[X =1,C,8;]|X =0,C] |X =1]

term 4

In this expression, term 4 corresponds exactly to the identification formula for M8, derived previously,
while the remaining terms—term 1, term 2, and term 3—have mean zero by construction. This alternative

identification formula is useful for constructing a multiply robust estimator that is amenable for use with

ML methods.

Specifically, it indicates that 7 s, can be estimated using a combination of regression imputation and

inverse probability weighting, as outlined by the following expression:

R 1 X PXx=1C)P(X=0C,S,)
ms; = *Z -
7 me~P(X=1)P(X=0C)P(X=1|CS,)

(v-E[vix=1C58))

1-X P(X=1[C) /- L
ThPX =P =00 (E[vix=1c8,]-E[E[v|]X =1,C,8] X =0,C])
+M+( [Bl¥IX =1,C8,] X =0,C] ~E[E[E[V]x = 1,0,8,] X =0,0] X =1])

+E[ { [Y|X =1,C,8,] \X:O,C} \X:l].

In this estimator, P(X = z|C) denotes the estimated probability of living in a neighborhood with a poverty
level given by x, conditional on the baseline covariates C. Similarly, P(X = x|C,§j) denotes an estimate for
this same probability but now conditional on both the baseline covariates C and school characteristics S;.

The term ]]::[Y\X =1,C,S;] denotes the estimated mean of student test scores given the baseline covariates

Poor Neighborhoods, Bad Schools
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C and school characteristics S, setting X equal to one. The iterated expectation, IE[IE[Y\X =1,CS/]|X =
0, C], estimates the average value of this mean, conditional on the baseline controls, now setting X equal
to zero. Each of these components is referred to as a nuisance term—that is, a quantity not of immediate
scientific interest, but still needed to construct an estimator for the target quantity Ms,- The hats are used
to distinguish estimates of the nuisance terms from their true but unknown values.

The estimator ﬁ1,§] has several desirable properties. First, it does not require modeling the distribution
of S;, which would be prohibitively difficult given its high dimensionality.

Second, fhéj is multiply robust, meaning that it achieves consistency under multiple, distinct conditions.
In particular, it is consistent if any one of the following three conditions holds, in addition to the identifi-
cation assumptions outlined previously: (i) the outcome mean E [Y|X s C,§j] and its iterated expectation
E [E [Y|X =1,C,8;] |X, C] are correctly modeled; (ii) the outcome mean E [Y|X, C,S;] and the probabil-
ity of group membership P(X = z|C) are correctly modeled; or (iii) both probabilities of group membership,
P(X = 2z|C) and P(X = z|C,8;), are correctly modeled. When condition (i) holds, 1,8, converges to a con-
sistent regression-imputation estimator. Under condition (ii), it converges to an imputation-based weighting
estimator that is also consistent. And under condition (iii), it converges to a consistent inverse probability
weighting estimator.

Although the multiple robustness property of 7j; S, offers some protection against model misspecification,
accurately estimating any of its nuisance terms can be very difficult in practice, particularly when the vector
of school characteristics S; is high-dimensional. A third key advantage of this estimator, however, is its
compatibility with data-adaptive ML algorithms for fitting the requisite nuisance terms. This advantage
essentially obviates the need to correctly specify models for the outcome or for group membership.

The estimator’s compatibility with ML methods stems from the form of its bias, which involves a sum of
products of prediction errors across different pairs of nuisance terms. This multiplicative structure implies
that 71,5, can attain /n-consistency even when the nuisance terms themselves are estimated with methods
that converge at slower rates, such as those typically achieved by data-adaptive ML algorithms. Specifically,
v/n-consistency for 7); 8, can be achieved as long as the product of the convergence rates for each relevant pair
of nuisance terms exceeds y/n. For example, if the methods used to estimate each nuisance term all converge
at a rate faster than n'/%, then s, will be y/n-consistent. This rate condition can be achieved by a wide

range of ML algorithms, including those employed in the present study (Wodtke and Zhou Forthcoming).
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G Alternative Contrasts between Neighborhoods

In this appendix, we replicate our descriptive decomposition and causal analyses using alternative definitions
of high- and low-poverty neighborhoods. Specifically, we estimate observed, adjusted, and counterfactual
disparities comparing students from neighborhoods with poverty rates of (i) > 30% versus < 30%, (ii) > 20%
versus < 10%, and (iii) > 30% versus < 5%. Results from the descriptive decomposition based on these
alternative contrasts are presented in Figures G.1 to G.3, while estimates of the disparity eliminated are
shown in Tables G.1 to G.3.

Across all of these contrasts, our results are substantively similar to those reported in the main text,
which focused on neighborhoods with poverty rates of > 20% versus < 20%. The main difference is that the
observed disparities grow larger as the contrast between neighborhood poverty rates becomes more extreme.
However, estimates for the disparity explained and the disparity eliminated remain broadly similar, both in
absolute and relative terms. These findings suggest that our key conclusions are robust to variations in how

high- and low-poverty neighborhoods are operationally defined.
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Table G.1: De-biased Machine Learning Estimates of the Disparity Eliminated between Students from
Neighborhoods with a Poverty Rate > 30% versus < 30%.

Label Estimand Point Est. 95% CI Prop. Elim.
Reading Test Scores
Observed disparity A -0.513 [-0.580, -0.446 |
Disparity eliminated by equalizing:
(1) School composition As, -0.046 [-0.136, 0.044 ] 0.09
(2) School resources + (1) As, -0.033 [-0.117, 0.051 | 0.06
(3) Instructional practices + (2) As, -0.038 [-0.122, 0.046 ] 0.07
(4) School climate + (3) As, -0.037 [-0.119, 0.045 ] 0.07
(5) School effectiveness + (4) As, -0.031 [-0.117, 0.055 ] 0.06
Math Test Scores
Observed disparity A -0.530 [-0.599, -0.461 ]
Disparity eliminated by equalizing:
(1) School composition As, -0.012 [ -0.086, 0.062 | 0.02
(2) School resources + (1) As, -0.022 [-0.095, 0.051 ] 0.04
(3) Instructional practices + (2) /\§3 -0.019 [-0.095, 0.057 ] 0.04
(4) School climate + (3) As, -0.021 [-0.101, 0.059 ] 0.04
(5) School effectiveness + (4) As, -0.017 [-0.091, 0.057 ] 0.03
Note: All estimates are reported in standard deviation units. Est. = Estimate; CI = Confidence Inter-

val; Prop. Elim. = Proportion Eliminated, which is calculated as the disparity eliminated divided by the
observed disparity. The disparities contrast the top with the bottom four quintiles of a multidimensional
disadvantage index, which comes from a principal components analysis of tract poverty, educational compo-
sition, family structure, unemployment, and racial composition. 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 Cen-
ter for Education Statistics, Common Core of Data (CCD), “School District Finance Survey (F-33),” fiscal
year 2012, Provisional Version la; U.S. Department of Education, National Center for Education Statistics,
Common Core of Data (CCD), “Local Education Agency Universe Survey,” “Public Elementary/Secondary
School Survey,” 2011-12, Version Provisional la; U.S. Department of Education, National Center for Edu-
cation Statistics, Private School Universe Survey (PSS), 2011-12.
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Table G.2: De-biased Machine Learning Estimates of the Disparity Eliminated between Students from
Neighborhoods with a Poverty Rate > 20% versus < 10%.

Label Estimand Point Est. 95% CI Prop. Elim.
Reading Test Scores
Observed disparity A -0.615 [-0.666, -0.564 |
Disparity eliminated by equalizing:
(1) School composition As, -0.038 [-0.083, 0.007 ] 0.06
(2) School resources + (1) As, -0.035 [-0.080, 0.010 ] 0.06
(3) Instructional practices + (2) As, -0.035 [-0.080, 0.010 ] 0.06
(4) School climate + (3) As, -0.038 [-0.083, 0.007 | 0.06
(5) School effectiveness + (4) As, -0.039 [-0.086, 0.008 ] 0.06
Math Test Scores
Observed disparity A -0.639 [-0.692, -0.586 |
Disparity eliminated by equalizing:
(1) School composition As, -0.024 [-0.071, 0.023 | 0.04
(2) School resources + (1) As, -0.025 [-0.076, 0.026 | 0.04
(3) Instructional practices + (2) As, -0.022 [-0.075, 0.031 | 0.03
(4) School climate + (3) As, -0.023 [-0.076, 0.030 | 0.04
(5) School effectiveness + (4) As, -0.023 [-0.074, 0.028 | 0.04
Note: All estimates are reported in standard deviation 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 Statis-
tics, 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, Common Core of Data
(CCD), “School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department
of Education, National Center for Education Statistics, Common Core of Data (CCD), “Local Education
Agency Universe Survey,” “Public Elementary/Secondary School Survey,” 201112, Version Provisional 1a;
U.S. Department of Education, National Center for Education Statistics, Private School Universe Survey
(PSS), 2011-12.
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Table G.3: De-biased Machine Learning Estimates of the Disparity Eliminated between Students from
Neighborhoods with a Poverty Rate > 30% versus < 5%.

Label Estimand Point Est. 95% CI Prop. Elim.
Reading Test Scores
Observed disparity A -0.828 [-0.902, -0.754 |
Disparity eliminated by equalizing:
(1) School composition As, -0.064 [-0.178, 0.050 ] 0.08
(2) School resources + (1) As, -0.071 [-0.175, 0.033 | 0.09
(3) Instructional practices + (2) As, -0.065 [-0.159, 0.029 | 0.08
(4) School climate + (3) As, -0.069 [-0.177, 0.039 | 0.08
(5) School effectiveness + (4) As, -0.065 [-0.165, 0.035 ] 0.08
Math Test Scores
Observed disparity A -0.835 [-0.909, -0.761 ]
Disparity eliminated by equalizing:
(1) School composition As, -0.031 [-0.113, 0.051 | 0.04
(2) School resources + (1) As, -0.050 [-0.152, 0.052 ] 0.06
(3) Instructional practices + (2) As, -0.064 [-0.164, 0.036 | 0.08
(4) School climate + (3) As, -0.058 [-0.150, 0.034 | 0.07
(5) School effectiveness + (4) As, -0.058 [-0.150, 0.034 | 0.07
Note: All estimates are reported in standard deviation 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 Statis-
tics, 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, Common Core of Data
(CCD), “School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department
of Education, National Center for Education Statistics, Common Core of Data (CCD), “Local Education
Agency Universe Survey,” “Public Elementary/Secondary School Survey,” 201112, Version Provisional 1a;
U.S. Department of Education, National Center for Education Statistics, Private School Universe Survey
(PSS), 2011-12.
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H The Disparity Eliminated by Marginal Equalization

In our main analysis, we assessed the impact of equalizing schools on disparities in achievement by focusing
on post-intervention gaps that would result from equalizing the distribution of school characteristics between
students from high- and low-poverty neighborhoods who otherwise share similar baseline covariates. Alter-
natively, we might consider an intervention that equalizes the distribution of school characteristics between
students from high- and low-poverty neighborhoods regardless of their baseline attributes. The corresponding

post-intervention gap can be defined as follows:
¥s, = E[V(H,)|X = 1] —E[Y (H;)|X = 0], (1)

where H; denotes a vector of school characteristics randomly drawn from f(S;|X = 0)—that is, from
the joint distribution of school characteristics S; = {Si,...,S;} observed among students in low-poverty
neighborhoods, without conditioning on the baseline covariates C. This alternative estimand captures the
achievement gap that would persist if every student attended a school with characteristics randomly drawn
from their joint distribution observed in low-poverty neighborhoods, regardless of the student’s individual
characteristics. Thus, unlike the intervention in our main analysis, this intervention constitutes a form
of marginal as opposed to conditional equalization (Opacic et al., 2025). A corresponding version of the
disparity eliminated can be defined as A — s, where A = E[Y[X = 1] - E[Y|X = 0].

The post-intervention gap s, can be nonparametrically identified under the same assumptions of ignor-
ability, positivity, and consistency discussed in Appendix F. To identify the post-intervention gap, it suffices
to identify C1,5, = E[Y'(H;)|X = 1] and (o,s, = E[Y'(H;)|.X = 0]that is, the post-intervention mean scores
for students from high-poverty and low-poverty neighborhoods, respectively. Without loss of generality, let
us consider identifying CLs,- Under the assumptions of ignorability, positivity, and consistency, Cléy is

nonparametrically identified by the following function of observable data:

Gs, =E[Y (H;)IX =1]

= ZE[Y(h,)\X =1,C]P(H; =h;|C) P(C|X =1) by iterated expectations
ch;
=Y E[Y(s;)|X =1,C]P(8; =s,[X =0) P(C|X =1) by definition of H;

=Y E[Y(s;)|X =1,C,8; =s;]P (8, =s,;/X =0) P(C|X =1) by ignorability/positivity

=) E[Y|X =1,C,8; =s5;]P (8, =5,/X =0) P(C|X =1) by consistency.

c.s;
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The final equality provides the nonparametric identification formula for ¢; S, The expectation IE[Y|X =
1,C.8; = §j} captures the average value of the outcome Y for students in high-poverty neighborhoods
(X = 1), conditional on both their school characteristics S; and baseline covariates C. This expected
value is then averaged over the distribution of school characteristics observed in low-poverty neighborhoods
(X = 0). Finally, this result is averaged again, now over the distribution of the baseline covariates C observed
among those in high-poverty neighborhoods (X = 1). Note that, unlike the identification formula for .S,

the expression above cannot be written as an iterated expectation.

Under the same set of assumptions, the identification formula for (i, can also be written as follows:

_ X P (81X =0) _
C1,§] —]E{ PX = l)P(ﬁj\X - 1,0) (Y*E [Y\X— 1,C,§j])
term 1
X
+ m;E[Y‘X: 1,C.8; =5,|P (S, =s5,|X =0)
=i
term 2

In this expression, the expected value of term 2 is equal to the identification formula for CLs, derived
previously, while term 1 has mean zero by construction. This alternative identification formula is useful for
constructing a doubly robust estimator that is amenable for use with ML methods.

Specifically, it indicates that C1‘§j can be estimated using a combination of inverse probability weighting

and Monte Carlo simulation, as outlined by the following expression:

s, = %Z (ﬁﬁ/(yfﬁ VX = 1,c,§]})

term 1
X . N
B R ap—— ElY|IX=1,C,S,=s,|P(S;,=s,]X=0) ),
P (X — 1) SZ [ | ] ]] ( J ]‘ ) >
term 2
: . . P(8;1X=0) . . A
where W denotes an estimator for the weight W = m In this expression, P (X = 1) represents

the sample proportion of students residing in high-poverty neighborhoods, P (§j =5;|X = 0) denotes an
estimated probability of school characteristics within low-poverty neighborhoods, and H:][Y\X = 1,C,§j]
denotes an estimated mean test score given the student’s baseline covariates C and school characteristics
S;, after setting neighborhood poverty X to 1. Substantively, term 2 can be interpreted as the predicted
test score for a student living in a high-poverty neighborhood with baseline characteristics C under an
intervention that equalizes school characteristics marginally.

Because the school characteristics S; are high-dimensional, it is difficult to directly estimate their proba-
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bility. Nonetheless, term 2 in the above expression can be evaluated through Monte Carlo simulation. Specif-
ically, for each student, term 2 can be computed using an average of the estimated scores E[Y|X =1, C,§j]
across a large number of different values for S; drawn randomly from their joint distribution observed in
low-poverty neighborhoods.

Estimating term 1 is similarly complicated by the curse of dimensionality. This is because the weight W
also involves probabilities of school characteristics within low- and high-poverty neighborhoods, which are
hard to estimate directly. To circumvent this challenge, we leverage a novel technique called permutation
weighting (Arbour et al., 2021).

In our implementation of this approach, we begin by using Bayes’ rule to rewrite the weight W as follows:

P (8,|x =0)
W =
P(8;/X=1,0C)
_ P(§;[X=0) P(5;/X=0,0)
© P(8,/X =0,C) P(S,/X =1,C)
P(8;|X =0)P(C|X =0) P(X =0[S;,C)P(X =1|C)

- 7P(§j,C|X =0 P(X= 1|§]:7 C)P(X =0/C) @

ISVR)

term 1 term 2

With this alternative representation of W, term 1 is a ratio that captures the dependency of the school
characteristics 8; and student attributes C within low-poverty neighborhoods (X = 0). Specifically, the
numerator is the product of their respective marginal probabilities among students residing in low-poverty
neighborhoods, and the denominator is their joint probability among the same students.

As Arbour et al. (2021) show, this ratio can be estimated via permutation weighting. In our application,
this consists of the following steps: (i) restrict the analytic sample to students residing in low-poverty
neighborhoods (X = 0); (ii) stack this subsample with a permuted version of itself, in which the school
characteristics S; are reshuffled across rows and therefore independent of C in expectation; (iii) in the
combined dataset, use a binary classification model to estimate the probability that a given observation
belongs to the permuted sample (Z = 1), conditional on C and S;, which can be denoted as Pz = 1C,8;).

P(z=1|C,8 . . . .
( | '*J)) provides a consistent estimator for term

If the model in step (iii) is correctly specified, then Th(z=11Cs,)

1 in Equation 2. To reduce chance dependence between C and S; in the permuted sample, we iterate steps

P(z=1|CS,)

m over these iterations to estimate term 1.

(ii) and (iii) five times and use the average of
The second term in Equation 2 is more straightforward to estimate. Specifically, term 2 in this expression
can be estimated by first fitting two models predicting residence in a high- versus low-poverty neighborhood—

one conditional on the baseline covariates C and one conditional on both the baseline covariates C and the

school characteristics S;. Next, we use these models to predict the corresponding probabilities—]s(X =
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0|C), P(X =1|C), P(X = 0[S;,C), and P(X = 1]8;, C)—and then substitute them for their population
counterparts in Equation 2.

The resulting estimator CAL§J has several desirable properties. First, it does not require modeling the
distribution of S;, which would be prohibitively difficult given its high dimensionality. Second, G 8, is doubly
robust. In particular, under the identification assumptions outlined previously, it is consistent if either the
outcome model for E [Y\X , C,§j] is consistently estimated or the weight W is consistently estimated, but
not necessarily both. When the first condition holds, fl .8, converges to a consistent regression-imputation
estimator. When the second condition holds, it converges to a weighting estimator that is also consistent
(Opacic et al., 2025).

Although the double robustness property of 51,§j offers some protection against model misspecification,
accurately estimating either the outcome model or the weight W can be very difficult in practice, particu-
larly when the vector of school characteristics S; is high-dimensional. Fortunately, similar to our proposed
estimator 7y 8, for post-intervention disparities under conditional equalization, fl 8, is also compatible with
data-adaptive ML algorithms for fitting the requisite nuisance terms. This advantage essentially obviates
the need to correctly specify models for the outcome or for group membership.

Figures H.1 and H.2 report our DML estimates of vs , the disparity in test scores that would remain after
equalizing the school characteristics in S; across neighborhoods, regardless of students’ baseline characteris-
tics. Figure H.1 presents estimates for reading scores, while Figure H.2 displays the corresponding estimates
for math. The results align closely with those presented in the main text, which focused on the disparity
eliminated by equalizing school characteristics between students from high- and low-poverty neighborhoods
who share similar covariates at baseline. This indicates that equalizing the distribution of school character-
istics across neighborhoods—with or without attention to differences in students’ prior achievement, family
background, or other baseline factors—does not appear to appreciably reduce disparities in achievement test

scores.
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Figure H.1: Observed and Counterfactual Disparities in Reading Test Scores after a Hypothetical Interven-
tion to Equalize the Distribution of School Characteristics Unconditionally.

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, Common Core of Data (CCD),
“School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department of Ed-
ucation, National Center of Education Statistics, Common Core of Data (CCD), “Local Education Agency
Universe Survey,” “Public Elementary/Secondary School Survey,” 2011-12, Version Provisional la; U.S. De-
partment of Education, National Center for Education Statistics, Private School Universe Survey (PSS),
2011-12.
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Math Scores
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Figure H.2: Observed and Counterfactual Disparities in Math Test Scores after a Hypothetical Intervention
to Equalize the Distribution of School Characteristics Unconditionally.

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, Common Core of Data (CCD),
“School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department of Ed-
ucation, National Center of Education Statistics, Common Core of Data (CCD), “Local Education Agency
Universe Survey,” “Public Elementary/Secondary School Survey,” 2011-12, Version Provisional la; U.S. De-
partment of Education, National Center for Education Statistics, Private School Universe Survey (PSS),
2011-12.
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I Subgroup Analyses

This appendix presents estimates of the disparity eliminated separately for specific subpopulations of stu-
dents. Tables I.1 and 1.2 report results for boys and girls, respectively. Tables I.3 through 1.6 report estimates
separately by race, focusing on those groups for which we have a large enough sample to produce reasonably
precise estimates. Tables 1.7 and 1.8 present results for students with and without a college-educated parent.
And finally, Tables 1.9 to I.11 provide estimates for students living in different census regions.

Across all these subgroups, the results are broadly consistent with those presented in the main text
for the total population of students. Point estimates of the disparity eliminated are somewhat larger for
students living in the South (Table 1.10) than those for other regions or subpopulations, but they are
subject to considerable sampling variability and are not statistically significant at conventional thresholds.
Overall, these findings suggest that equalizing access to schools of differing quality across high- and low-
poverty neighborhoods would yield only modest reductions in the achievement gap, regardless of students’

demographic background or geographic location.
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Table I.1: De-biased Machine Learning Estimates of the Disparity Eliminated between High- and Low-
poverty Neighborhoods among Boys.

Label Estimand Point Est. 95% CI Prop. Elim.
Reading Test Scores
Observed disparity A -0.485 [-0.548, -0.422 ]
Disparity eliminated by equalizing:
(1) School composition As, -0.038 [-0.103, 0.027 ] 0.08
(2) School resources + (1) As, -0.036 [-0.105, 0.033 ] 0.07
(3) Instructional practices + (2) As, -0.036 [-0.103, 0.031 ] 0.07
(4) School climate + (3) As, -0.037 [-0.106, 0.032 | 0.08
(5) School effectiveness + (4) As, -0.037 [-0.108, 0.034 ] 0.08
Math Test Scores
Observed disparity A -0.540 [-0.607, -0.473 |
Disparity eliminated by equalizing:
(1) School composition As, -0.022 [-0.085, 0.041 | 0.04
(2) School resources + (1) As, -0.021 [-0.082, 0.040 | 0.04
(3) Instructional practices + (2) As, -0.021 [ -0.082, 0.040 | 0.04
(4) School climate + (3) As, -0.021 [-0.084, 0.042 | 0.04
(5) School effectiveness + (4) As, -0.020 [-0.083, 0.043 | 0.04
Note: All estimates are reported in standard deviation 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 Statis-
tics, 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, Common Core of Data
(CCD), “School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department
of Education, National Center for Education Statistics, Common Core of Data (CCD), “Local Education
Agency Universe Survey,” “Public Elementary/Secondary School Survey,” 201112, Version Provisional 1a;
U.S. Department of Education, National Center for Education Statistics, Private School Universe Survey
(PSS), 2011-12.
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Table 1.2: De-biased Machine Learning Estimates of the Disparity Eliminated between High- and Low-
poverty Neighborhoods among Girls.

Label Estimand Point Est. 95% CI Prop. Elim.
Reading Test Scores
Observed disparity A -0.474 [-0.531, -0.417 ]
Disparity eliminated by equalizing:
(1) School composition As, -0.015 [-0.070, 0.040 ] 0.03
(2) School resources + (1) As, -0.014 [-0.081, 0.053 | 0.03
(3) Instructional practices + (2) As, -0.011 [-0.072, 0.050 ] 0.02
(4) School climate + (3) As, -0.011 [-0.072, 0.050 | 0.02
(5) School effectiveness + (4) As, -0.012 [-0.073, 0.049 ] 0.03
Math Test Scores
Observed disparity A -0.471 [-0.530, -0.412 ]
Disparity eliminated by equalizing:
(1) School composition As, -0.012 [-0.069, 0.045 | 0.03
(2) School resources + (1) As, -0.014 [-0.075, 0.047 | 0.03
(3) Instructional practices + (2) As, -0.012 [-0.071, 0.047 | 0.03
(4) School climate + (3) As, -0.010 [-0.073, 0.053 | 0.02
(5) School effectiveness + (4) As, -0.013 [-0.076, 0.050 | 0.03
Note: All estimates are reported in standard deviation 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 Statis-
tics, 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, Common Core of Data
(CCD), “School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department
of Education, National Center for Education Statistics, Common Core of Data (CCD), “Local Education
Agency Universe Survey,” “Public Elementary/Secondary School Survey,” 201112, Version Provisional 1a;
U.S. Department of Education, National Center for Education Statistics, Private School Universe Survey
(PSS), 2011-12.
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Table 1.3: De-biased Machine Learning Estimates of the Disparity Eliminated between High- and Low-
poverty Neighborhoods among White Students.

Label Estimand Point Est. 95% CI Prop. Elim.
Reading Test Scores
Observed disparity A -0.293 [-0.381, -0.205 |
Disparity eliminated by equalizing:
(1) School composition As, -0.035 [-0.131, 0.061 | 0.12
(2) School resources + (1) As, -0.028 [-0.126, 0.070 ] 0.10
(3) Instructional practices + (2) As, -0.026 [-0.116, 0.064 | 0.09
(4) School climate + (3) As, -0.027 [-0.117, 0.063 | 0.09
(5) School effectiveness + (4) As, -0.031 [-0.125, 0.063 ] 0.11
Math Test Scores
Observed disparity A -0.284 [-0.370, -0.198 |
Disparity eliminated by equalizing:
(1) School composition As, -0.040 [-0.144, 0.064 | 0.14
(2) School resources + (1) As, -0.027 [-0.117, 0.063 | 0.10
(3) Instructional practices + (2) As, -0.023 [-0.103, 0.057 | 0.08
(4) School climate + (3) As, -0.028 [-0.108, 0.052 | 0.10
(5) School effectiveness + (4) As, -0.022 [-0.102, 0.058 | 0.08
Note: All estimates are reported in standard deviation 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 Statis-
tics, 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, Common Core of Data
(CCD), “School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department
of Education, National Center for Education Statistics, Common Core of Data (CCD), “Local Education
Agency Universe Survey,” “Public Elementary/Secondary School Survey,” 201112, Version Provisional 1a;
U.S. Department of Education, National Center for Education Statistics, Private School Universe Survey
(PSS), 2011-12.
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Table 1.4: De-biased Machine Learning Estimates of the Disparity Eliminated between High- and Low-
poverty Neighborhoods among Non-White Students.

Label Estimand Point Est. 95% CI Prop. Elim.
Reading Test Scores
Observed disparity A -0.410 [-0.465, -0.355 |
Disparity eliminated by equalizing:
(1) School composition As, -0.034 [-0.085, 0.017 ] 0.08
(2) School resources + (1) As, -0.032 [-0.083, 0.019 | 0.08
(3) Instructional practices + (2) As, -0.026 [-0.077, 0.025 | 0.06
(4) School climate + (3) As, -0.029 [-0.078, 0.020 | 0.07
(5) School effectiveness + (4) As, -0.029 [-0.078, 0.020 ] 0.07

Math Test Scores

Observed disparity A -0.433 [-0.492, -0.374 |

Disparity eliminated by equalizing:
(1) School composition As, -0.016 [-0.071, 0.039 | 0.04
(2) School resources + (1) As, -0.025 [-0.076, 0.026 | 0.06
(3) Instructional practices + (2) As, -0.019 [-0.074, 0.036 | 0.04
(4) School climate + (3) As, -0.022 [-0.075, 0.031 | 0.05
(5) School effectiveness + (4) As, -0.018 [-0.071, 0.035 | 0.04

Note: All estimates are reported in standard deviation 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 Statis-
tics, 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, Common Core of Data
(CCD), “School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department
of Education, National Center for Education Statistics, Common Core of Data (CCD), “Local Education
Agency Universe Survey,” “Public Elementary/Secondary School Survey,” 201112, Version Provisional 1a;
U.S. Department of Education, National Center for Education Statistics, Private School Universe Survey
(PSS), 2011-12.
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Table 1.5: De-biased Machine Learning Estimates of the Disparity Eliminated between High- and Low-
poverty Neighborhoods among Black Students.

Label Estimand Point Est. 95% CI Prop. Elim.
Reading Test Scores
Observed disparity A -0.282 [-0.376, -0.188 |
Disparity eliminated by equalizing:
(1) School composition As, -0.023 [-0.090, 0.044 ] 0.08
(2) School resources + (1) As, -0.032 [-0.099, 0.035 | 0.11
(3) Instructional practices + (2) As, -0.029 [-0.092, 0.034 | 0.10
(4) School climate + (3) As, -0.029 [-0.096, 0.038 | 0.10
(5) School effectiveness + (4) As, -0.022 [-0.091, 0.047 ] 0.08
Math Test Scores
Observed disparity A -0.334 [-0.428,-0.240 ]
Disparity eliminated by equalizing:
(1) School composition As, -0.041 [-0.115, 0.033 | 0.12
(2) School resources + (1) As, -0.058 [-0.140, 0.024 | 0.17
(3) Instructional practices + (2) As, -0.051 [-0.131, 0.029 | 0.15
(4) School climate + (3) As, -0.055 [-0.139, 0.029 | 0.16
(5) School effectiveness + (4) As, -0.054 [-0.134, 0.026 | 0.16
Note: All estimates are reported in standard deviation 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 Statis-
tics, 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, Common Core of Data
(CCD), “School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department
of Education, National Center for Education Statistics, Common Core of Data (CCD), “Local Education
Agency Universe Survey,” “Public Elementary/Secondary School Survey,” 201112, Version Provisional 1a;
U.S. Department of Education, National Center for Education Statistics, Private School Universe Survey
(PSS), 2011-12.
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Table 1.6: De-biased Machine Learning Estimates of the Disparity Eliminated between High- and Low-
poverty Neighborhoods among Hispanic Students.

Label Estimand Point Est. 95% CI Prop. Elim.
Reading Test Scores
Observed disparity A -0.315 [-0.388, -0.242 |
Disparity eliminated by equalizing:
(1) School composition As, -0.038 [-0.105, 0.029 | 0.12
(2) School resources + (1) As, -0.032 [-0.108, 0.044 | 0.10
(3) Instructional practices + (2) As, -0.027 [-0.103, 0.049 ] 0.09
(4) School climate + (3) As, -0.030 [-0.106, 0.046 | 0.10
(5) School effectiveness + (4) As, -0.025 [-0.103, 0.053 ] 0.08
Math Test Scores
Observed disparity A -0.251 [-0.322,-0.180 ]
Disparity eliminated by equalizing:
(1) School composition As, -0.005 [-0.079, 0.069 | 0.02
(2) School resources + (1) As, -0.015 [-0.084, 0.054 ] 0.06
(3) Instructional practices + (2) As, -0.009 [-0.078, 0.060 | 0.04
(4) School climate + (3) As, -0.010 [-0.081, 0.061 | 0.04
(5) School effectiveness + (4) As, -0.006 [ -0.080, 0.068 | 0.02
Note: All estimates are reported in standard deviation 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 Statis-
tics, 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, Common Core of Data
(CCD), “School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department
of Education, National Center for Education Statistics, Common Core of Data (CCD), “Local Education
Agency Universe Survey,” “Public Elementary/Secondary School Survey,” 201112, Version Provisional 1a;
U.S. Department of Education, National Center for Education Statistics, Private School Universe Survey
(PSS), 2011-12.
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Table 1.7: De-biased Machine Learning Estimates of the Disparity Eliminated between High- and Low-
poverty Neighborhoods among Students without a College-educated Parent.

Label Estimand Point Est. 95% CI Prop. Elim.
Reading Test Scores
Observed disparity A -0.245 [-0.308, -0.182 |
Disparity eliminated by equalizing:
(1) School composition As, -0.035 [-0.098, 0.028 | 0.14
(2) School resources + (1) As, -0.041 [-0.104, 0.022 ] 0.17
(3) Instructional practices + (2) As, -0.041 [-0.102, 0.020 ] 0.17
(4) School climate + (3) As, -0.035 [-0.092, 0.022 | 0.14
(5) School effectiveness + (4) As, -0.035 [-0.096, 0.026 ] 0.14
Math Test Scores
Observed disparity A -0.281 [-0.344, -0.218 ]
Disparity eliminated by equalizing:
(1) School composition As, -0.028 [-0.085, 0.029 | 0.10
(2) School resources + (1) As, -0.029 [-0.096, 0.038 | 0.10
(3) Instructional practices + (2) As, -0.029 [-0.096, 0.038 | 0.10
(4) School climate + (3) As, -0.022 [-0.087, 0.043 | 0.08
(5) School effectiveness + (4) As, -0.019 [ -0.084, 0.046 | 0.07
Note: All estimates are reported in standard deviation 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 Statis-
tics, 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, Common Core of Data
(CCD), “School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department
of Education, National Center for Education Statistics, Common Core of Data (CCD), “Local Education
Agency Universe Survey,” “Public Elementary/Secondary School Survey,” 201112, Version Provisional 1a;
U.S. Department of Education, National Center for Education Statistics, Private School Universe Survey
(PSS), 2011-12.
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Table 1.8: De-biased Machine Learning Estimates of the Disparity Eliminated between High- and Low-
poverty Neighborhoods among Students with a College-educated Parent.

Label Estimand Point Est. 95% CI Prop. Elim.
Reading Test Scores
Observed disparity A -0.400 [-0.463, -0.337 |
Disparity eliminated by equalizing:
(1) School composition As, -0.024 [-0.093, 0.045 ] 0.06
(2) School resources + (1) As, -0.025 [-0.092, 0.042 ] 0.06
(3) Instructional practices + (2) As, -0.018 [-0.087, 0.051 | 0.04
(4) School climate + (3) As, -0.022 [-0.087, 0.043 | 0.05
(5) School effectiveness + (4) As, -0.014 [-0.085, 0.057 ] 0.03
Math Test Scores
Observed disparity A -0.437 [-0.498, -0.376 |
Disparity eliminated by equalizing:
(1) School composition As, -0.015 [-0.078, 0.048 | 0.03
(2) School resources + (1) As, -0.015 [-0.082, 0.052 ] 0.03
(3) Instructional practices + (2) As, -0.011 [-0.076, 0.054 | 0.03
(4) School climate + (3) As, -0.017 [-0.084, 0.050 | 0.04
(5) School effectiveness + (4) As, -0.015 [-0.084, 0.054 | 0.03
Note: All estimates are reported in standard deviation 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 Statis-
tics, 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, Common Core of Data
(CCD), “School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department
of Education, National Center for Education Statistics, Common Core of Data (CCD), “Local Education
Agency Universe Survey,” “Public Elementary/Secondary School Survey,” 201112, Version Provisional 1a;
U.S. Department of Education, National Center for Education Statistics, Private School Universe Survey
(PSS), 2011-12.
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Table 1.9: De-biased Machine Learning Estimates of the Disparity Eliminated between High- and Low-
poverty Neighborhoods among Students in the Midwest and Northeast Census Regions.

Label Estimand Point Est. 95% CI Prop. Elim.
Reading Test Scores
Observed disparity A -0.539 [-0.625, -0.453 |
Disparity eliminated by equalizing:
(1) School composition As, -0.021 [-0.103, 0.061 | 0.04
(2) School resources + (1) As, -0.005 [-0.085, 0.075 ] 0.01
(3) Instructional practices + (2) As, -0.006 [-0.084, 0.072 ] 0.01
(4) School climate + (3) As, -0.009 [-0.089, 0.071 | 0.02
(5) School effectiveness + (4) As, -0.016 [-0.094, 0.062 ] 0.03
Math Test Scores
Observed disparity A -0.582 [-0.666, -0.498 |
Disparity eliminated by equalizing:
(1) School composition As, 0.003 [-0.103, 0.109 | -0.01
(2) School resources + (1) As, -0.003 [-0.111, 0.105 ] 0.01
(3) Instructional practices + (2) As, 0.000 [-0.104, 0.104 | 0.00
(4) School climate + (3) As, -0.001 [-0.095, 0.093 | 0.00
(5) School effectiveness + (4) As, -0.003 [-0.095, 0.089 | 0.01
Note: All estimates are reported in standard deviation 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 Statis-
tics, 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, Common Core of Data
(CCD), “School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department
of Education, National Center for Education Statistics, Common Core of Data (CCD), “Local Education
Agency Universe Survey,” “Public Elementary/Secondary School Survey,” 201112, Version Provisional 1a;
U.S. Department of Education, National Center for Education Statistics, Private School Universe Survey
(PSS), 2011-12.
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Table 1.10: De-biased Machine Learning Estimates of the Disparity Eliminated between High- and Low-
poverty Neighborhoods among Students in the South Census Region.

Label Estimand Point Est. 95% CI Prop. Elim.
Reading Test Scores
Observed disparity A -0.431 [-0.505, -0.357 |
Disparity eliminated by equalizing:
(1) School composition As, -0.052 [-0.125, 0.021 | 0.12
(2) School resources + (1) As, -0.066 [ -0.140, 0.008 | 0.15
(3) Instructional practices + (2) As, -0.057 [-0.128, 0.014 | 0.13
(4) School climate + (3) As, -0.057 [-0.128, 0.014 | 0.13
(5) School effectiveness + (4) As, -0.058 [-0.134, 0.018 ] 0.13
Math Test Scores
Observed disparity A -0.456 [-0.536, -0.376 |
Disparity eliminated by equalizing:
(1) School composition As, -0.052 [-0.130, 0.026 | 0.11
(2) School resources + (1) As, -0.063 [-0.136, 0.010 | 0.14
(3) Instructional practices + (2) As, -0.051 [-0.124, 0.022 | 0.11
(4) School climate + (3) As, -0.055 [-0.126, 0.016 | 0.12
(5) School effectiveness + (4) As, -0.056 [-0.129, 0.017 | 0.12
Note: All estimates are reported in standard deviation 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 Statis-
tics, 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, Common Core of Data
(CCD), “School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department
of Education, National Center for Education Statistics, Common Core of Data (CCD), “Local Education
Agency Universe Survey,” “Public Elementary/Secondary School Survey,” 201112, Version Provisional 1a;
U.S. Department of Education, National Center for Education Statistics, Private School Universe Survey
(PSS), 2011-12.
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Table 1.11: De-biased Machine Learning Estimates of the Disparity Eliminated between High- and Low-

poverty Neighborhoods among Students in the West Census Region.

Label Estimand Point Est. 95% CI Prop. Elim.
Reading Test Scores
Observed disparity A -0.451 [-0.553, -0.349 |
Disparity eliminated by equalizing:
(1) School composition As, -0.023 [-0.125, 0.079 ] 0.05
(2) School resources + (1) As, -0.017 [-0.125, 0.091 | 0.04
(3) Instructional practices + (2) As, -0.006 [-0.108, 0.096 ] 0.01
(4) School climate + (3) As, -0.005 [-0.111, 0.101 | 0.01
(5) School effectiveness + (4) As, -0.002 [-0.108, 0.104 ] 0.00
Math Test Scores
Observed disparity A -0.450 [-0.546, -0.354 ]
Disparity eliminated by equalizing:
(1) School composition As, 0.014 [-0.078, 0.106 | -0.03
(2) School resources + (1) As, 0.012 [-0.080, 0.104 ] -0.03
(3) Instructional practices + (2) As, 0.014 [-0.076, 0.104 | -0.03
(4) School climate + (3) As, 0.019 [-0.075, 0.113 | -0.04
(5) School effectiveness + (4) As, 0.020 [-0.072, 0.112 | -0.04
Note: All estimates are reported in standard deviation 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 Statis-
tics, 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, Common Core of Data
(CCD), “School District Finance Survey (F-33),” fiscal year 2012, Provisional Version la; U.S. Department
of Education, National Center for Education Statistics, Common Core of Data (CCD), “Local Education
Agency Universe Survey,” “Public Elementary/Secondary School Survey,” 201112, Version Provisional 1a;
U.S. Department of Education, National Center for Education Statistics, Private School Universe Survey
(PSS), 2011-12.
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