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INTRODUCTION

WHAT IS THE CHILD OPPORTUNITY INDEX, AND WHY IS IT NEEDED?

Neighborhoods are important for families and children, shaping the economic, social and environmental
contexts of their everyday lives and influencing their long-term socioeconomic and health outcomes.*?®
Neighborhoods differ in the extent to which they provide access to important resources such as good schools,
high quality jobs and safe and healthy outdoor spaces, producing a profoundly inequitable geography of
neighborhood opportunity. Residential segregation racializes these inequities, so that Black, Hispanic and
Indigenous children grow up in neighborhoods with much lower levels of opportunity than those of White and
Asian children.” %1317 Understanding how racial/ethnic segregation intersects with the geography of

neighborhood opportunity is crucial for developing effective remedies that benefit all children.

The Child Opportunity Index (COIl) is a composite index of neighborhood features that help children thrive,
capturing variation in opportunity across U.S. neighborhoods and over time. The COIl has been used to
understand racial/ethnic inequities in access to neighborhood opportunity, the importance of neighborhoods
in children’s healthy development and to design and implement policies, programs and interventions to
increase equity for families and children.'® The COI allows users to answer questions such as: In a given metro
area, state or across the country, which neighborhoods have the highest and lowest levels of child
opportunity? How large is the gap between lower and higher opportunity neighborhoods within and between
metro areas? Do all children enjoy access to higher opportunity neighborhoods, or are there racial/ethnic
inequities? The COI has been used by over 100 peer-reviewed publications to assess the impact of children’s
neighborhood environments on health and other developmental outcomes.*®

Many studies and applications use single indicators, such as the neighborhood poverty rate, to represent
neighborhood resources or disadvantage. Single indicators fail to capture the multi-dimensional, intersecting
and cumulative effects by which neighborhoods shape child development.’ %8 1* Compared to a single metric
of neighborhood quality, the Child Opportunity Index has greater content validity because it captures the many
ways in which the neighborhood environment impacts children and families. Additionally, it recognizes the
compounding benefits that multiple sources of advantage provide. For example, the COl identifies
neighborhoods that have better educational opportunities as well as healthier physical environments and
more economic and social resources. The COI captures a multiplicity of causal pathways at the neighborhood-
level and should therefore be more predictive of children’s outcomes than any single metric of neighborhood
quality.

The composite nature of the Child Opportunity Index means it better reflects the legacy of structural racism on
the geography of contemporary neighborhood opportunity. Structural racism has led to opportunity hoarding
in affluent, predominantly White communities and the concentration of disadvantage in many Black, Hispanic
and Native American communities.!® 2922 For example, compared to White children, Black children more often
live in neighborhood environments with lower-performing schools, higher rates of pollution and fewer
economic opportunities.?® 2* The mechanisms generating these compounding inequities are multifold,
including historical redlining, exclusionary zoning, racial/ethnic discrimination in the drawing of school
attendance boundaries or placement of polluting industry sites.?? >33 A multi-dimensional composite index
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such as the COl is best suited to measure how structural racism contributes to racial/ethnic inequity in access
to neighborhood resources across multiple domains.

While the Child Opportunity Index is focused on neighborhood attributes important for child development, it is
also an appropriate metric for assessing the quality of neighborhood contexts for adults and has shown to be a
strong predictor of adult outcomes. For example, a recent study found sizeable associations between the COI
and child mortality risk, but it found even stronger associations with the mortality risks for a child’s adult
caregivers.® The validation analysis performed below also suggests that the COl outperforms other composite
indices constructed for the general population in predicting adult health and intergenerational socioeconomic
mobility. Adult neighborhood contexts mirror the neighborhood contexts experienced in childhood and
adolescence.?*%” Residing in a low-opportunity neighborhood as a child can have cumulative effects on
education, employment, health and social networks that influence the type of neighborhood where that child

will eventually reside as an adult and raise their own children.® % 1113

COl versions 1.0 and 2.0 have been used in over 100 peer-reviewed articles to study children’s health,
education and housing as well as the association between health and longevity in the general population.® 38 In
this document, we describe the rationale and construction of the newest version of the COl—version 3.0—and
present evidence on its validity relative to other widely-used metrics of neighborhood quality.

HOW DOES THE CHILD OPPORTUNITY INDEX 3.0 DIFFER FROM PREVIOUS VERSIONS?

The Child Opportunity Index (COI) 3.0 is the most recent version of the COl, succeeding COI 1.0, published in
2014, and COI 2.0, published in 2020, by diversitydatakids.org. Each successive version builds on the last, but
adds more relevant indicators, improves the underlying methodology and increases the amount of available
data. The following table summarizes key differences across the three versions and charts the evolution of the
col.

NUMBER OF INDICATORS AND DOMAINS. The indicators that comprise the COIl are selected for their relevance
to child wellbeing, their quality, reliability and availability across all census tracts. The number of indicators has
grown from 19 in COI 1.0 to 29 in COI 2.0 to 44 in COI 3.0. Tables 3 through 5 list the 44 indicators included in
COI 3.0. Indicators are grouped into three domains: education, health and environment and social and
economic. In COI 1.0 and 2.0, the COIl was calculated as an overall index and for each of the three domains. For
COI 3.0, we additionally calculate and publish an index for each of 14 subdomains.

TABLE 1. CHILD OPPORTUNITY INDICES 1.0, 2.0 AND 3.0

col 1.0 CO0l 2.0 col3.0
NUMBER OF INDICATORS 19 29 44
DOMAIN AND SUBDOMAIN METRICS 3 domains 3 domains 3 domains, 14 subdomains
YEARS 2012 2012, 2017 2012 to 2021
SOURCE GEOGRAPHY Census tract Census tract Census block*

*Only census tract data is publicly available.
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COI AVAILABILITY BY YEAR. COI 1.0 was available for one year (2012), COI 2.0 for two years (2012 and 2017),
and COI 3.0 is available for ten consecutive years (2012 through 2021). With COI 3.0, we have changed our
convention for labeling years. COl component indicators combine data from multiple years. While the number
of years used to construct to each estimate varied across indicators for COI 2.0, we harmonized all COI 3.0
indicators to cover a five-year period. For COI 2.0, we labeled five-year periods by their mid-point year, i.e.,
“2015” for data covering 2012-2017. For COI 3.0, we label five-year periods by their terminal year, i.e. “2017”
for data covering 2012-2017.

SOURCE GEOGRAPHY. COI 1.0 and 2.0 were constructed for census tracts (2010 Decennial Census definition).
COI 3.0 is constructed at the census block level, for both the 2010 and 2020 Decennial Census blocks.
Constructing COI 3.0 at the block level supports flexible aggregation to multiple geographic summary levels
(such as census tracts, cities, etc.). COI 3.0 is publicly available for 2010 census tracts.

KEY METHODOLOGICAL CHANGES BETWEEN COI 2.0 AND COI 3.0. Because of changes in its construction, COI
3.0 cannot be compared to COI 2.0 data. We changed data sourcing of some component indicators to improve
measurement quality and facilitate more timely updates. We added new indicators and revised the methods
used to process component indicators and construct the composite index. We relied on new tools, such as
embeddings published by OpenAl to classify food retailers, and machine learning algorithms (Lasso Regression,
Ridge Regression, and Random Forests) to improve data quality and predictive validity. We added improved
measures for school quality and access to green space, new measures for social capital, and introduced new
subdomains and measures for socioeconomic inequity, housing quality and wealth.

For COI 2.0, we grouped component indicators into three domains (education, health and environment and
social and economic). We constructed the overall index by first averaging indicators within these domains into
three domain scores, and then computed the overall index by averaging the three domain scores. For COI 3.0,
we group similar indicators into 14 subdomains (e.g., elementary education, educational resources). We then
compute the overall COl scores and the three domain scores from the subdomain scores. While COI 2.0 was
constructed from the three domain scores, the COI 3.0 is constructed from 14 subdomain scores. By increasing
the number of domains/subdomains from which the overall index is constructed from three domains (COI 2.0)
to 14 subdomains (COI 3.0), we enable users to perform more fine-grained analyses with subdomain metrics
(e.g., for early childhood education, elementary education, secondary and post-secondary education or
educational resources) in addition to the broader domain metrics (e.g., education).

UPDATES AND FUTURE VERSIONS OF THE COl

We intend to update COI 3.0 biannually, using the same protocols for the foreseeable future. Small
adjustments will likely be necessary and implemented during updates in order to improve the validity of the
COL. For example, these adjustments may affect newly released data and/or previously published COI 3.0 data
if some underlying data are updated, corrected or filled in retroactively. For example, certain measures of
school quality in COI 3.0 are time-constant, e.g., test scores. In future COl updates, we expect to replace these
time-constant with time-varying school quality indicators.

Such changes will have a very small effect on the COIl because it is constructed from many different indicators,
making the overall index robust to changes in a subset of its components. Nevertheless, even very small
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adjustments can result in changes in Child Opportunity Scores and Opportunity Levels for at least some
neighborhoods. For example, neighborhoods that ranked just above or below the cutoff separating moderate-
and high-opportunity neighborhoods could see their Opportunity Levels change.

We are committed to comprehensive improvement of the Child Opportunity Index. We continually review
both existing and emerging data sources for potential component indicators, along with exploring innovative
methods for constructing the index. We closely follow the rapidly evolving scientific research base and explore
newly published databases and technologies. While we will continue to update COI 3.0, we aim to develop and
launch a new version of the COl once we reach a critical mass of innovations that significantly justifies such a
release.

HOW DOES THE CHILD OPPORTUNITY INDEX DIFFER FROM OTHER COMPOSITE INDICES?

Table 2 summarizes key differences between COI 3.0 and two widely used composite neighborhood indices,
the Area Deprivation Index (ADI)* and Social Vulnerability Index (SVI1)*. The ADI and SVI are exclusively
sourced from the American Community Survey (ACS); the COI contains some of the same ACS-based measures
included in the ADI and SVI but also indicators from many other sources. The COl is most comprehensive in
terms of scope, measuring many aspects of neighborhoods that ADI and SVI omit, such as the school and
physical environment. The COI captures more distinct content areas (domains) using more refined
measurement approaches. A key limitation of the ADI relative to the other indices, discussed further below, is
an error in its construction: the component indicators measured on different scales were not standardized
prior to combining them into a composite index. Other differences are as follows:

UPDATE FREQUENCY. The SVI has been updated every other year. The ADI has recently been updated annually.
COI 3.0 will be updated annually.

YEARS AVAILABLE. Annual COI 3.0 data is available from 2012 to 2021. ADI data is available for 2020 and 2021.
The SVl is available for 2000, and for every other year from 2010 to 2020. All three indices are built from
indicators that cumulate data over a five-year period.

SMALLEST GEOGRAPHY. COI 3.0 is published at the census tract-level, but constructed at the census block-level.
Constructing the COI at the census block-level allows us to flexibly aggregate to other geographic summary
levels, including census block groups and census tracts. The smallest geography for the ADI is census block
groups, and for the SVI, census tracts.

STANDARDIZATION OF COMPONENT INDICATORS. To combine component indicators measured on different scales,
such as percentages or dollars, standardization is necessary. This process ensures that the indicators are
mapped onto a common scale before they are combined into an index. The ADI component indicators have
not been standardized.***® For the SVI, component indicators are converted into percentile ranks: tracts are
sorted on the raw indicator value, grouped into 100 ordered groups of the same size and labelled from 1 to
100. For COI 3.0, component indicators are standardized using the z-score transformation.

COMPONENT INDICATOR WEIGHTS. Each COI component is weighted as a function of the correlation between the
component indicator and four socioeconomic and health outcomes. Components that demonstrate a stronger
association with these outcomes receive a larger weight. The SVI weighs each component equally when
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combining them into domain and overall scores. The ADI uses principal component loadings obtained by Singh
from a county-level principal component analysis (PCA).* 4

COMPARABLE OVER TIME. The ADI metrics are based on ranking census block groups for a given year, which limits
their comparability over time. SVI metrics are similarly based on ranking census tracts for a given year. As a
result, changes in neighborhood ranks over successive years do not capture changes in overall conditions (e.g.,
a recession or economic boom) that affect all block groups equally. COl component indicators are standardized
for comparability over time, unlocking additional modes of analysis, such as descriptive analyses of trends in
opportunity, and multivariate analyses that leverage over-time variation in census tract measures.

DOMAIN-SPECIFIC METRICS. The ADI is available only as a single metric. The SVI and COl allow for more fine-grained
analyses of vulnerability/opportunity across different domains. The SVI is constructed by first grouping
component indicators into four domains (themes) and then deriving domain-specific metrics, from which an
overall SVI is constructed. In addition to the overall COI, we also publish three domain and 14 subdomain
metrics.

MEASURES OF RACIAL/ETHNIC COMPOSITION INCLUDED. The COIl and ADI do not include measures of racial/ethnic
composition, such as the percentage Hispanic residents or the percentage of residents who do not speak
English well. The SVI includes a measure of language proficiency and the percentage of residents who are not
non-Hispanic white. The rationale for including measures of racial/ethnic composition is discussed further
below.

REGIONALLY NORMED VERSIONS. U.S. states and metros differ in terms of their average opportunity. All three
metrics therefore provide—in addition to a nationally-normed metric—state-normed versions for each U.S.
state. The COI additionally provides metro-normed data for each of the 100 largest metro areas. Regionally-
normed metrics can better reveal regional spatial inequalities than nationally-normed metrics. For example, to
determine eligibility for a federal subsidy, we might rank all census tracts in the U.S. in terms of income and
determine that the bottom 20% were eligible for the subsidy. However, this eligibility criterion may not work
well for a state-level subsidy. Massachusetts residents, for example, have higher income overall than the U.S.
as a whole, and we would find that far fewer than 20% of tracts meet the nationally-defined eligibility
criterion. Massachusetts lawmakers may therefore prefer a state-normed eligibility criterion that defines the
20% of census tracts with the lowest incomes in Massachusetts as eligible.

COI 3.0 Technical Documentation | Last updated: 03/13/2024 10



diversitydatakids.org

data for a diverse and equitable future

TABLE 2. KEY DIFFERENCES BETWEEN THE CHILD OPPORTUNITY INDEX, AREA DEPRIVATION INDEX,
AND SOCIAL VULNERABILITY INDEX

Child Opportunity Index
(coi) 3.0

Area Deprivation Index

(ADI)

Social Vulnerability Index

(SvI)

PUBLISHER

UPDATE FREQUENCY

NUMBER OF INDICATORS

CONTENT AREAS

SMALLEST GEOGRAPHY

YEARS

STANDARDIZATION OF
COMPONENT INDICATOR

TRACK CHANGE OVER
TIME

COMPONENT INDICATOR
WEIGHTS

REGIONALLY NORMED
VERSIONS?

DOMAIN-SPECIFIC
METRICS?

MEASURES OF
RACIAL/ETHNIC
COMPOSITION INCLUDED

diversitydatakids.org

Annual

44

Early childhood education,
elementary education, secondary
and post-secondary education,
education resources, pollution,
healthy environments, safety- and
health-related resources, economic
opportunities, economic resources,
concentrated inequity, housing
resources, social resources, wealth

Census tract

2012-2021, annual data

z-score transformation

Yes

Based on correlation between
component indicator and outcomes

National, state, metro areas

Metrics for three domains and
fourteen subdomains

No

Neighborhood Atlas,
University of Wisconsin

Annual

17

Education, occupation,
economic opportunities,
economic resources,
wealth, social resources,
housing resources,
transportation

Census block group

2020, 2021

No

No

Based on principal
component analysis by
Singh

National and state

No

No

Centers for Disease Control

and Prevention

Every two years

15

Education, economic

opportunities, economic

resources, household

composition, disability,
racial/ethnic composition,

housing resources,
transportation

Census tract

2000, 2010, 2014, 2016,

2018, 2020

Percentile ranking

No

None

National and state

Four domains

Yes
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COMPONENT INDICATORS

Neighborhood factors shape children’s access to resources and experiences that promote healthy
development. Neighborhoods are multi-dimensional, influencing child development through numerous
features and causal pathways. We group neighborhood features into three domains, through which
neighborhood contexts influence child development: education, health and environment and social and
economic opportunity. Each domain in turn includes subdomains that capture distinct features, e.g., secondary
education or exposure to environmental pollution.

EDUCATION DOMAIN

EARLY CHILDHOOD EDUCATION. There is strong evidence of sizable long-term effects of some high-quality preschool
education programs targeted at children from disadvantaged backgrounds.*¢* Similarly, evaluations of
universal preschool programs at the city- or state-level find beneficial long-term effects, particularly for
children from disadvantaged backgrounds.*® %3 Unlike in K-12 education, private preschool providers account
for a much larger share of enrollment and also utilize funding from both public and private sources.>* We
therefore included two measures of preschool enrollment, enroliment in public preschool and enrollment in
private preschool.

ELEMENTARY EDUCATION. Standardized tests measure student proficiency in reading and math. Variation in test
scores reflect variation in students’ cognitive ability and learning-related socio-emotional skills>> as well as
variation in educational opportunities provided by families, schools and neighborhoods.*® Schools are central
to student learning, and a growing number of studies show that malleable school features impact student
learning and long-term socioeconomic outcomes.>”’° Therefore, variation in school quality likely contributes to
the variation in student proficiency observed between schools and across school districts.>®

School-level measures derived from standardized test scores are one metric to capture school quality.>® 6% 66

For example, studies have found that children residing in neighborhoods that report higher test scores will
tend to have higher income as adults,®” and that attending schools with higher average test scores will boost

student test scores as well.%*

However, it is difficult to measure the independent effect of school quality using
test scores because student family background is strongly correlated with both school quality and achievement

on test scores.>® 7

We measure the quality of elementary schools using metrics that are based on standardized reading/language
arts and math tests administered in public schools from grades three to eight. In addition to average
standardized test scores in math and reading, we also incorporate two metrics that are either weakly
correlated or uncorrelated with student socioeconomic composition: growth in standardized test scores and
poverty-adjusted standardized test scores. Reardon argues that growth in standardized test-scores is both a
better measure of school quality than average school test scores and shows that is only very weakly with
average school test scores.>® Based on the work of Angrist et al., we compute a poverty-adjusted test score
metric that is uncorrelated with the socioeconomic composition of the student body by construction.”
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TABLE 3. EDUCATION DOMAIN INDICATORS

Indicator

Definition

Early childhood education subdomain

Private pre-K enrollment

Public pre-K enroliment

Percentage of 3- and 4-year-olds enrolled in private nursery school, preschool or
kindergarten

Percentage of 3- and 4-year-olds enrolled in public nursery school, preschool or
kindergarten

Elementary education subdomain

Reading and math test scores

Reading and math test score
growth

Poverty-adjusted reading and
math test scores

Standardized test scores in math and reading/language arts

Growth in standardized test scores in math and reading/language arts

Poverty-adjusted standardized test scores in math and reading/language arts

Secondary and post-secondary education subdomain

Advanced Placement course
enrollment

College enrollment in nearby
institutions

High school graduation rate

Percentage of 9th-12th graders enrolled in at least one AP course

Percentage of 18-24-year-olds enrolled in college within a 20-mile radius

Percentage of ninth graders graduating from high school on time

Educational resources subdomain
Adult educational attainment

Child enrichment-related non-
profits

Teacher experience

School poverty

Percentage of adults aged 25 and over with a Bachelor's degree or higher

Density of non-profit organizations providing enrichment opportunities for
children, such as after-school programs, recreational sports leagues and
mentoring programs

Percentage of teachers in their first and second year, reversed

Percentage of students in elementary schools eligible for free or reduced-price
lunches, reversed

SECONDARY AND POST-SECONDARY EDUCATION. Post-secondary education, particularly four-year college degrees,

have a large impact on labor markets, socioeconomic status and health outcomes.”> 7 However, there is

considerable variation among neighborhoods in the educational opportunities they provide, especially

regarding norms, expectations and access to post-secondary education.'® %7477 We measure inequities in

neighborhood-level post-secondary opportunities using three indicators: high school graduation rates,

Advanced Placement (AP) course enrollment and college enrollment in nearby institutions. High school

graduation rates and AP course enrollment reflect both neighborhood-level norms and expectations, but also

the availability of educational resources within schools and communities that facilitate educational

achievement in K-12 and beyond. High rates of college enrollment in nearby institutions reflects local access to

post-secondary education, but can also impact student aspirations. AP course enrollment has been linked to
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increased college attendance and completion.”®8 Studies find that incentives to complete high school and
obtain post-secondary education, such as compulsory schooling laws and college proximity, not only increase
educational attainment, but also have long-term effects on labor market outcomes, health and life

expectancy.®88

EDUCATIONAL RESOURCES. The educational resources subdomain includes indicators measuring both tangible and
intangible neighborhood resources that benefit children’s educational attainment. First, we have included
measures of adult college attainment and school poverty, which capture variation in the socioeconomic
composition of peers in schools and adults in the neighborhood. Both are associated with educational
achievement.?'8992 They capture aspects of the neighborhood social environment, including role models,
norms, preferences and aspirations related to educational attainment. These factors, in turn, influence
educational outcomes like high school graduation or college completion.'% 1% 74 76:92 Both may also directly or
indirectly impact learning-related resources in schools, including teacher quality and the quality of facilities, as
well as peer effects such as educational aspirations and classroom disruptions. Teacher experience and child-
enrichment-related non-profits capture more tangible resources that advance child development both inside
and outside of schools. Teacher experience is a robust predictor of student learning and long-term
outcomes.55 569397 Child enrichment non-profits (e.g., libraries, museums, recreation clubs, youth centers,
after-school programs, youth sports leagues and Big Brothers & Big Sisters programs) provide important
community resources outside school hours that support families and provide children with opportunities for

physical, social and emotional development.9810°

HEALTH AND ENVIRONMENT DOMAIN

There are large spatial and racial/ethnic inequities in access to healthy neighborhood environments,?# 101-109
Black, Hispanic and Indigenous children are more like to grow up in neighborhoods with higher rates of
pollution and less access to green space. These neighborhood features impact adults and children alike,
starting in utero, and exert long-term effects on health and other developmental outcomes. For COI 3.0, we
grouped neighborhood health and environmental features into four subdomains: pollution, healthy
environments, safety-related resources and health resources.

PoLLUTION. We included two indicators of neighborhood air pollution: airborne microparticles (PM2.5) and
ozone concentration. These indicators have been linked to adverse neurodevelopmental and birth outcomes,
chronic ilinesses and long-term adverse health and education outcomes.*'%1?* We also included an index
measuring exposure to over 600 toxic chemicals emitted into the air or water by US facilities, which require
reporting to the EPAs Toxics Release Inventory. The index as well as the toxic chemicals it includes have been
linked to multiple developmental and health issues in children.??**?° The pollution subdomain also
incorporates a measure of proximity to hazardous waste dump sites (uncleaned Superfund sites) that harm
nearby residents through both air and water contamination, and increase the risk of adverse birth outcomes,

reduce educational attainment and adversely affect health and life expectancy.'3%13>
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TABLE 4. HEALTH AND ENVIRONMENT DOMAIN INDICATORS

Indicator

Definition

Pollution subdomain

Airborne microparticles

Ozone concentration

Industrial pollutants in air, water
or soil

Hazardous waste dump sites

Mean estimated microparticle concentration (PM2.5; micrograms per cubic
meter), reversed

Mean estimated 8-hour average ozone concentration (parts per billion), reversed

Index of toxic chemicals released by industrial facilities, reversed

Average number of Superfund sites within a 2-mile radius, reversed

Healthy environments subdomain

Fast food restaurant density*
Healthy food retailer density*
Extreme heat exposure

NatureScore

Walkability

Percentage of restaurants that serve fast food, reversed
Percentage of food retailers selling healthy food
Number of summer days with maximum temperatures above 90F, reversed

NatureScore measures exposure to healthy natural environments using data on
green space, tree canopies, parks, and air, noise and light pollution

EPA Walkability Index

Safety-related resources

Community safety-related non-
profits

Vacant housing

Density of non-profit organizations focused on increasing community safety

Percentage of housing units that are vacant, reversed

Health resources
Health-related non-profits

Health insurance coverage

Density of non-profit organizations providing health-related services

Percentage of individuals aged 0-64 with health insurance coverage

Note: *The fast food and healthy food retailer density metrics are combined into the access to healthy food index. Only the latter is
included in the calculation of the healthy environments subdomain score.

HEALTHY ENVIRONMENTS. Due to global climate change, extreme heat exposure is worsening in the US, with low
income and non-White communities at increased risk.1%% 136137 There is strong evidence that heat exposure is
associated with higher risk of adverse birth outcomes, heat stress, heat-related illness, death in children and
reduced academic achievement.%% 138145 A rapidly growing literature has examined the health benefits of
exposure to natural environments, which has been linked to increased physical activity, reduced stress and
improved mental wellbeing.}*¢14° We measure exposure to natural environments using NatureScore.
NatureScore improves upon single-indicator measures of green space to consider a range of features from
numerous sources, including measures of green vegetation, bodies of water, and human-made structures,

such buildings and roads.*>%*>?

Neighborhood walkability has been linked to increased physical activity and reduced cardiovascular disease
risk.1>31%6 Walkable communities may also encourage social interaction.'®” Similarly, the neighborhood food
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environment is linked to improved nutritional quality, decreased diabetes risk and increased food security. We

158-163

measure healthy food access using two indicators: access to healthy food retailers and exposure to fast

food restaurants,160-162:164: 165 \While the benefits of healthy food retailers (e.g., supermarkets) is not

166; 167

definitive, we include it because proximity to healthy food stores is a prerequisite for a healthy diet.

SAFETY-RELATED RESOURCES. Children’s exposure to violent crime has been linked to a range of adverse
developmental outcomes, including reduced cognitive and socio-emotional skills as well as reduced
intergenerational socioeconomic mobility.> 168174 Dye to the lack of a nationally comparable dataset on
neighborhood exposure to violent crime, we use two neighborhood measures that are predictive of violent
crime: the density of local non-profits focused on increasing community safety and housing vacancy rates.
Sharkey et al. show that the density of non-profits dedicated to increasing community safety is associated with
lower violent crime rates.'’® Several observational and experimental studies have linked the presence of
vacant or abandoned housing with diminished perceptions of safety, reduced mental health and increased

violent crime.17¢-181

HEALTH RESOURCES. The health resource subdomain includes both neighborhood health insurance coverage rates
for individuals under age 65 and the density of health-related nonprofit organizations. Health insurance
coverage rates are a marker of health care access, as coverage reduces costs and increases the demand for
health care in a given area. However, expansions in health insurance coverage also impacts providers, who
may increase the provision and quality of services to meet the increased demand.'®218¢ Empirical research on
the impact of health-related non-profits is limited, but there is suggestive evidence that their activities may

improve community health.% 18

SOCIAL AND ECONOMIC DOMAIN

The social and economic domain includes neighborhood indicators that measure different forms of economic
and social capital, such as household income and friendship networks. These resources are unequally
distributed across neighborhoods and highly predictive of children’s short and long-term developmental
outcomes. These indicators have also been interpreted as indicative of intangible features of the neighborhood
social environment, such as norms and aspirations related to educational attainment, labor market
participation and family formation. For example, neighborhood employment rates can influence the future
employment status of children by connecting youth to employment opportunities through social networks and
by shaping work-related norms and aspirations.

EMPLOYMENT AND ECONOMIC RESOURCES. Access to and the quality of employment is central to family economic
wellbeing. In the employment subdomain, we include three measures capturing distinct facets of local
economic opportunities: (1) the employment rate, which captures variation in access to jobs but might also
measure less concrete resources, such as labor market networks that facilitate job finding and job mobility, (2)
high-skill employment, which captures access to high-income jobs that also provide other amenities such as
more stable employment and access to flexible work schedules, and (3) labor market earnings. In the economic
resources subdomain, we include three measures capturing different facets of household income: (1) the
poverty rate, (2) the public assistance rate, and (3) median household income.
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TABLE 5. SOCIAL AND ECONOMIC DOMAIN INDICATORS

Indicator

Definition

Employment subdomain
Employment rate

High-skill employment rate

Full-time year-round earnings

Percentage of adults aged 25-54 who are employed

Percentage of individuals aged 16 and over employed in management, business,
financial, computer, engineering, science, education, legal, community service,
health, arts and media occupations

Median earnings in the past 12 months for civilian employees working full-time,
year-round

Economic resources subdomain
Median household income

Poverty rate

Public assistance rate

Median household income of all households

Percentage of individuals living in households with incomes below 100% of the
federal poverty limit, reversed

Percentage of households receiving cash public assistance or Food
Stamps/Supplemental Nutrition Assistance Program, reversed

Concentrated socioeconomic inequity subdomain

Adults with advanced degrees

Very high-income households

Adults without high school degrees

Very low-income households

Percentage of individuals with master’s, professional or doctoral degrees
Percentage of households with incomes at or above $125,000
Percentage of individuals without a high school degree, reversed

Percentage of households with incomes below $20,000, reversed

Housing resources subdomain
Broadband access

Crowded housing

Percentage of households with connections to high speed broadband internet

Percentage of housing units with >1 occupant per room, reversed

Social resources subdomain

Mobility-enhancing friendship
networks

Single-parent families

Non-profit organizations

The prevalence of high-socioeconomic status (SES) friends among low-SES
individuals (economic connectedness)

Percentage of family households that are headed by a single-parent, reversed

Density of non-profit organizations

Wealth subdomain
Homeownership rate
Aggregate home values

Aggregate capital income

Aggregate real estate taxes

Percentage of housing units that are owner-occupied
Aggregate home value (dollars) divided by the number of children aged 0-17

Aggregate interest, dividends, or net rental income (dollars) divided by the
number of children aged 0-17

Aggregate real estate taxes paid (dollars) divided by the number of children
aged 0-17
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These variables encompass some of the most widely-utilized single-indicator measures of neighborhood
resources, and have been consistently identified as among the strongest neighborhood-level predictors of
children’s outcomes. % 14: 173174, 188-190 Nejghborhoods high in economic resources have more capital to invest
in amenities that rely on local funding, such as schools, parks and after-school programs. Higher income
neighborhoods also have greater purchasing power, attracting private businesses and service providers. High-
quality jobs and the economic resources they provide also have less tangible benefits: The sociologist William
Julius Wilson proposed a causal link between the disappearance of jobs in poor, urban neighborhoods and the
resulting breakdown of social structures.'® Recent studies have underscored the importance of jobs and
economic resources in shaping inequality of opportunity across U.S. communities. These studies link economic
shocks from globalization not only to reduced employment and earnings,*** but also to reduced family
formation, as well as increased mortality rates, notably due to drug and alcohol poisoning, HIV infection, and
homicides.9% 192

CONCENTRATED SOCIOECONOMIC INEQUITY. While the employment and economic resource subdomains include
measures of median earnings and median household income, measures of central tendency do not capture all
important facets of the distribution of resources within neighborhoods. Research employing the Index of
Concentration at the Extremes (ICE), an index measuring the prevalence of either very rich or very poor
households, has been shown to demonstrate superior predictive validity compared to single-indicator
measures of neighborhood resources, such as the poverty rate.!1%* Other studies have documented non-
linear associations between area-level social determinants of health and health outcomes or life expectancy,
where outcomes decline much more rapidly at the very low end of the income distribution.?®> 1% We therefore
included two indicators capturing the extremes of the income distribution: the percentage of households with
incomes above $125,000 per year and the percentage of households with incomes less than $20,000 per year.
We also included two indicators capturing the extremes of the education distribution: the percentage of
individuals with an advanced degree (master’s, professional or doctoral) and the percentage of individuals
without a high school degree.

HOUSING RESOURCES. Housing quality is one channel through which unequal opportunities translate into unequal
outcomes.’®”1% The COI includes two indicators of housing quality that are predictive of children’s outcomes.
The first of these indicators is crowded housing conditions, which have been linked to children’s health and
educational attainment by disrupting sleep and study schedules and increasing the risk of contracting
infectious diseases.!”: 198 200206 Second, broadband internet connection availability increases access to
information which has been linked to improved education, labor market and health outcomes. Having internet
access, particularly in-home broadband, improves employment outcomes by facilitating job search?’2%, may

210-212

improve students educational outcomes and may have mitigated learning losses during the COVID-19

pandemic.2!¥ 214 Additionally, it improves access to health information and telehealth medicine.?*>%7

SOCIAL RESOURCES. Sociologists have long highlighted the importance of social capital for individual and
community well-being.'% 218220 Drawing on the work of Chetty et al., we have included a measure of economic
connectedness, or the prevalence of high-socioeconomic-status friends for low-socioeconomic-status
individuals.??! High-status friends can be a source of information, shape aspirations, provide mentoring or job
contacts.??! Drawing on the work of Putnam, we also include a measure of non-profit organization density.
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Non-profits provide an institutional infrastructure that facilitate volunteering and the provision of community-
focused resources, and therefore contribute to the formation of community social capital.®® 218 222-224
Furthermore, high neighborhood rates of single-headed households have been shown to have direct
independent effects on children’s long-term outcomes, even after controlling for economic factors that are
strongly correlated with high rates of single-headed households (e.g., lower family incomes).1% 74 225 potential
explanations for this effect are reduced availability of parental supervision and weakened informal social

control, as well as fewer (male) role models.?252%°

WEALTH. Present day inequities in community wealth, such as those observed in home ownership and home
values, reflect a long history of discriminatory policies and practices in the housing and real estate sector.
These include direct discrimination, government redlining and exclusionary zoning, which have perpetuated
substantial wealth inequality across neighborhoods, as well as significant disparities in access to wealthy
neighborhoods among children with different racial/ethnic backgrounds.® 2 239 231 \ealth provides families
with economic safety and a means to invest in their children’s future. Wealth represents an important channel
for the intergenerational transmission of opportunity,?%2% but it also benefits communities through property
taxes. Property taxes account for a significant share of local government revenue, therefore communities with
more valuable residential properties generate greater returns that are used to finance local amenities,
including schools, parks or public libraries. Increased local tax revenue also generates demand for housing,
resulting in higher home values.?%2% Wealth also benefits community amenities through local philanthropy
and charitable giving.?** COI 3.0 includes four indicators capturing different facets of neighborhood wealth:
home ownership, home values, real estate taxes paid and capital income.

SHOULD RACE/ETHNICITY BE INCLUDED AS A COMPONENT INDICATOR?

We do not include measures of neighborhood racial/ethnic composition, such as the percentage of Black
residents, in the Child Opportunity Index. Including these measures would, as Dyer et al. note, confuse the
causes and effects of structural racism.?*> While studies have found causal effects of neighborhood

racial/ethnic composition, for example, on intergenerational mobility,2%% 247

it is not the presence of specific
racial/ethnic groups per se that generates inequities in opportunity across neighborhoods. Rather, it is
racial/ethnic discrimination and structural racism that have generated and sustain structural inequities across
neighborhoods where children of different races/ethnicities reside. For example, government redlining in the
1930s has resulted in lower homeownership and lower accumulation of wealth in predominantly Black
communities.?® Our approach is to directly measure these structural features—lower homeownership and
lower wealth—rather than use race as a proxy. Furthermore, by omitting racial/ethnic composition from the
COl itself, we separate structural features of neighborhoods from the racial/ethnic composition of
neighborhoods, allowing us to quantify racial/ethnic inequities in access to neighborhood opportunity. Those
inequities will then not be confounded by the inclusion of race/ethnicity into our measure of neighborhood
opportunity.
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DATA AND METHODS

OVERVIEW

This section covers general concepts underlying the construction of COI 3.0 and describes the methodology
used to construct the index from its component indicators. Appendices 1 through 4 contain more detailed
information on the construction of component indicators, including definitions and sources (Appendix 1), data
on schools (Appendix 2), data on non-profit organizations (Appendix 3) and point to block aggregation
(Appendix 4). Appendix 5 describes our protocol for crosswalking data from 2010 census tracts geographies to
2020 census tract geographies and vice versa. Appendix 6 details our protocol for reconciling changes in 2010
census tract definitions.

All COI 3.0 component indicators were sourced and constructed to be comparable over time and across the
U.S. COI 3.0 is constructed from 44 neighborhood indicators, listed in Tables 3 through 5 above and in
Appendix 1. The indicators are drawn from different sources and harmonized into a single, common format:
annual five-year moving-average census block data for census blocks covering the period from 2012 to 2021.
We have published census tract-level COI 3.0 subdomain, domain and composite index metrics for 2010 census
tracts, i.e., census tracts as defined for the 2010 Decennial Census.

COIl component indicators were drawn from public sources, including, for example, the Census Bureau,
National Center for Health Statistics (NCHS), U.S. Department of Education and the Environmental Protection
Agency (EPA). Two proprietary data sets were used: NatureScore, a metric of healthy natural environments
produced using satellite imagery, and data from DataAxle (formerly Infogroup) on the location of restaurants
and food retailers.

The source data that we construct COl indicators from is published at different geographic levels, ranging from
point data (e.g., school-level data) to ZIP codes. When multiple geographic levels of data were available, we
used the most granular level. The only exceptions are indicators sourced from the American Community
Survey where we used census tract-level data for every indicator because more granular block group data is
not consistently available over time. The only metric sourced at a more aggregate level than census tracts is
data on friendship networks, which was available for ZIP codes only.

COl source indicators are measured on different time scales, ranging from hourly, e.g., ambient temperature,
to five-year averages, e.g., census tract data from the American Community Survey (ACS) such as the poverty
rate. For consistency, all indicators that were not available as five-year averages in their raw form were
converted to five-year averages. Pooling of observations across years improves the reliability of spatially
granular estimates, smooths out short-term fluctuations and helps to identify persistent, structural inequities
across neighborhoods. For example, we average temperature data over a five-year period to smooth over
short-term weather variation and identify more persistent local and regional temperature differentials.

Most COl component indicators are available for all years covered by COI 3.0 and are constructed using
consistent methodology over that time period. However, for some indicators, such as those derived from
school-level data, we lack information from after 2018. For other indicators, time-varying data could not be
obtained at all. Appendix 1 contains detailed information on the sources and temporal availability of each
component indicator.
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To combine component indicators measured on different scales, e.g., percent or dollars, into an index, the raw
values of each indicator were standardized using the common z-score transformation. We then combined
standardized indicator z-scores into 14 subdomain scores using weights that reflect the strength of the
association between each indicator and four health and socioeconomic outcomes. Using the same weighting
approach, the subdomain z-scores were then aggregated into an overall index z-score and into three domain
scores: education, health and environment, and social and economic. Lastly, we constructed easily
interpretable metrics, Child Opportunity Scores and Child Opportunity Levels, for every subdomain, domain
and the overall index. Child Opportunity Levels group neighborhoods into five ordered levels, labeled very low-
, low-, moderate-, high- and very high-opportunity. Child Opportunity Scores group neighborhoods into one
hundred ordered groups, and assign numeric labels from 1 (lowest opportunity) to 100 (highest opportunity).

We generate three different versions of the Child Opportunity Scores/Levels, i.e., nationally-normed, state-
normed and metro-normed. For nationally-normed Scores/Levels, census tracts are ranked and compared to
all other tracts in the U.S.; for state-normed Scores/Levels, census tracts are ranked and compared to all other
tracts in that state; for metro-normed Scores/Levels, census tracts are ranked and compared to all other tracts
in that metropolitan area. Metro- and state-normed metrics are not comparable across metro areas and
states, respectively. See the section “Choosing between metro-, state- and nationally-normed Child
Opportunity Levels and Scores” below for further guidance.

GEOGRAPHIC DEFINITION AND SOURCES

For every Decennial Census, the Census Bureau reviews and revises the delineation of census blocks, block
groups and tracts. Census blocks are the smallest geographic summary level defined by the Census Bureau, and
all COl component indicators are harmonized at the census block level. Census blocks defined for the 2010 and
2020 Decennial Censuses differ in many instances. We therefore harmonized every component indicator for
both 2010 and 2020 block geographies. Census tract-level COIl data is derived as a final step of index
construction, by aggregating census block-level subdomain, domain and overall index composite z-scores from
block- to tract-level.

In social science and health research, census tracts are often used as proxies for neighborhoods. Tracts are
drawn to include an area of about 8,000 residents, and their boundaries generally follow visible or identifiable
local boundaries, such as intersections, roadways, streams or other bodies of water and boundaries of
administrative entities (e.g., cities, towns and counties). Census blocks nest perfectly within census tracts.

Lists of 2010 and 2020 census blocks and census tracts, as well as their population weighted centroids, were
obtained from Census Bureau TIGER/Line shapefiles. To crosswalk data collected for 2010 geographies to 2020
geographies and vice versa, we used the Census Bureau’s census block relationship files, which map 2000 to
2010 blocks and 2010 to 2020 blocks (see Appendix 5). Metropolitan areas were defined using 2020 Office of
Management and Budget (OMB) definitions. The 100 largest metro areas are defined as the metropolitan
statistical areas with the largest population of children aged 0-17 in 2020. COI 3.0 metro-normed data is only
available for the 100 largest metro areas.
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DATA USED FOR CALCULATING WEIGHTS AND VALIDATION ANALYSES

To calculate indicator weights and for validation analyses, we relied on several data sources providing census
tract-level data on health outcomes, socioeconomic outcomes, racial/ethnic composition and other metrics of
neighborhood opportunity, deprivation or vulnerability.

Data used to calculate indicator weights

We used four variables to calculate indicator weights. Two of these variables were drawn from the
Opportunity Atlas measures of intergenerational mobility. Based on Census Bureau data linked to IRS tax
records, Chetty et al. estimated socioeconomic outcomes in 2015 for the birth cohort 1978 to 1983,
aggregated to the census tract that individuals resided in during childhood and adolescence.?*® We used the
following Opportunity Atlas variables for calculating COl indicator weights:

e Mean household income rank at age 35 for children with parents at the 50th percentile (median) of
the parent income distribution

e Probability of living in a low poverty census tract at age 35 for children with parents at the 50th
percentile (median) of the parent income distribution

We also used two health outcome variables from the CDC PLACES dataset.?* These data are estimated using
multilevel modeling combined with poststratification using survey data from the 2019 Behavioral Risk Factor
Surveillance System (BRFSS).?*% 25! We used the following indicators for calculating weights:

e Mental health not good for 14 or more days among adults aged 18 and older

e Physical health not good for 14 or more days among adults aged 18 and older

Data used for validation analysis

We used the following variables from the Opportunity Atlas?*® for the validation analysis, all measured for
children at the median of the parent income distribution: the probability of being incarcerated, having a
teenage birth, having any earnings, having an income in the top one percent of the household income
distribution, having an income in the top 20 percent of the household income distribution, having an income in
the top one percent of the personal income distribution, having an income in the top 20 percent of the
personal income distribution and personal income rank.

The following PLACES?* variables, measured as percentages of the population aged 18 or older at the census
tract-level, were used for validation analyses: all teeth lost, arthritis, asthma, cancer, chronic kidney disease,
COPD, coronary heart disease, depression, diabetes, high blood pressure, high cholesterol, obesity, stroke,
general health, annual checkup, cervical cancer screening, cholesterol screening, colorectal cancer screening,
core preventive services (men), core preventive services (women), dental visit, health insurance,
mammography, taking blood pressure medication, binge drinking, current smoking, physical inactivity, sleeping
less than 7 hours.

We also used census tract-level life expectancy data from the CDC USALEEP project for validation analyses.?*%
252
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It is important to note that Opportunity Atlas, PLACES and USALEEP data are modeled estimates. In particular,

PLACES and USALEEP use data on racial/ethnic composition and income/poverty in the estimation of census

tract level health and life expectancy estimates.

250-252

Other neighborhood metrics used in validation analyses include:

Child Opportunity Index 2.0 overall index z-scores, 2017, from diversitydatakids.org.?4® 249

Social Vulnerability Index (SVI), 2016, from the CDC. The CDC constructed the SVI to enable
communities and policymakers to better prepare for natural disasters, such as hurricanes, or
anthropogenic hazardous events, such as harmful chemical spills.*

Area Deprivation index (ADI), 2015, is published by the Neighborhood Atlas.?% 2% The ADl is a
composite index at the census block group level that captures neighborhood deprivation, such as lack
of income, employment, education or access to health care. To obtain census-tract level estimates, we
averaged ADI national percentiles (1-100) across block groups within census tracts using the number of
children aged 0-17 in each block group as weights. The published ADI is constructed from component
indicators that were not standardized before combining them into an index.*! The ADI values are
therefore nearly fully determined by the component indicators for home values and median household
income, which are measured on a dollar scale while most of the remaining variables are proportions
and vary between 0 and 1.4%%3

Area Deprivation Index (ADI), corrected, 2017: We computed a corrected version of the Area
Deprivation Index using 2017 5-year ACS data. Our corrected version uses the same component
indicators (sourced at the census tract level), but standardizes them using the z-score transformation
and then combining the standardized indicators into a composite z-scores using weights published by
Kind et al.?*3

Median household income, 2017, from 5-year ACS data (5-year ACS Table B19013, api.census.gov). Our
analyses show that median household income was among the strongest single predictors of health and

socioeconomic outcomes.

Index of Concentration at the Extremes (ICE), 2017: The ICE is computed here from 5-year ACS data as
the number of individuals residing in households with incomes above $125,000 minus the number of
individuals residing in households with incomes less than $20,000.1°3 This difference is divided by the
total number of individuals in the census tract. The resulting metric varies between 1 (all individuals
reside in households with incomes above $125,000) and -1 (all individuals reside in households with
incomes below $20,000). While median household income measures variation across census tracts in
terms of the income of the median household, the ICE captures variation in the prevalence of either
very rich or very poor households.

To examine the association between different metrics of neighborhood opportunity and neighborhood

racial/ethnic composition, we obtained data on the number of children of a given race/ethnicity from the 2017

American Community Survey (5-year ACS Table B01001*, api.census.gov) at the census tract-level.
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ALGORITHM TO CONSTRUCT COMPOSITE INDEX

To construct the composite index, we take component indicators measured in their original scale, e.g., dollars
or percent, and convert them to 5-year moving averages at the census block-level for the period from 2012 to
2021. The main steps of the algorithm that combines component indicators into subdomain, domain and
overall index z-scores are as follows:

e Combine component indicators within a subdomain into a single dataset and remove census blocks
that are missing more than 50% of the component indicators

e Top- and bottom-code raw component indicators

e Compute means and standard deviations for component indicators

e Standardize indicators by subtracting their mean and dividing by their standard deviation
e Top- and bottom-code every standardized indicator

e Compute indicator weights

e Combine block-level standardized and top/bottom-coded indicator data into a composite subdomain
z-score using component indicator weights

We outline the algorithm for the construction of subdomain composite z-scores below. The algorithm to
construct domain and overall index composite z-scores from subdomain composite z-scores is identical except
that the inputs are subdomain composite z-scores rather than unstandardized component indicators.

Methodological differences for national-, state- and metro-normed COI

The algorithm produces three different sets of composite z-scores for subdomains, domains and the overall
COl: metro-normed, state-normed and nationally-normed z-scores. For nationally normed z-scores, indicator
means and standard deviations are computed across all census blocks in the U.S. For metro- and state-normed
z-scores, indicator means and standard deviations are computed for each of the 100 largest metros (metro-
normed) and each of the 50 U.S. states plus D.C. (state-normed).

Within-region (metro or state) standardization is necessary for the estimation of region-specific indicator
weights, a new feature of COI 3.0. For COI 2.0, we estimated component indicator weights using data for all
U.S. census tracts. For COI 3.0, we still follow this strategy for the nationally-normed version. For region-
specific versions, however, we estimate region-specific component indicator weights that vary across metros
(metro-normed) and states (state-normed) using ridge regression (REF).

Census block exclusions
We excluded all blocks for which one or more of the following criteria were met:
e The block was fully covered by water.
e More than 50% of component indicators combined within a subdomain had missing data.

o The block did not have at least one child aged 0-17 in either the 2010 or 2020 Decennial Census.
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The total number of 2010 census tracts with COI 3.0 index data varies between 72,587 and 72,650 across years
covered by COI 3.0 (2012-2021).

Top and bottom coding of outliers

Some component indicators had skewed distributions, for example, the metric measuring exposure to
hazardous waste sites. Extreme skewness can produce very large z-score values after standardization, resulting
in outliers that exert an outsize influence on the composite z-score. To reduce the impact of extreme outliers,
we top- and bottom-coded every indicator in two steps. First, every raw indicator was bottom-coded at the
0.1th percentile and top-coded at the 99.9th percentile. This step was performed year by year for every
indicator. Second, after standardization, we bottom-coded indicators with z-scores below —4 standard
deviations and top-coded indicators with z-scores above +4 standard deviations, which impacted only a small
subset of the component indicators.

Standardization

Component indicators are measured on different scales, for example, percent (e.g., poverty rate), U.S. dollars
(e.g., median household income) or parts per billion (ozone concentration). In order to combine indicators
measured on different scales into a composite index, some form of standardization is necessary.
Standardization rescales the indicators so that they are all measured on a common scale. Failure to standardize
would result in some variables exercising outsize influence on the composite index just because of the scale
they are measured on.*% 43

For the nationally-normed version, we performed the common z-score standardization for each raw or
untransformed indicator x; using the following formula:

zije = (xXije — 1)) / 9
where i denotes census blocks, j denotes indicators, t represents time in years, and Zijt i the standardized
version of the untransformed indicator x;;;. 4; and g; are the unweighted arithmetic mean and unweighted
standard deviation of indicator j, computed over all years t and all census blocks i for the nationally-normed
version of the COI. The resulting z-scores for indicator j are comparable both across census blocks and over
time. Standardization rescales each component indicator to have a mean of zero and standard deviation of

one. The standardized (z-score transformed) component indicators are now on a common scale and can be
combined into composite z-scores.

For the metro- and state-normed version versions, standardization was performed within metro areas or
states. We computed unweighted means and standard deviations for every component indicator and every
metro area and state separately, and then used the formula above to standardize component indicators for
each metro area and state. Metro- and state-standardized indicator z-scores are only comparable within a
given metro or state.

To ensure that higher values always indicate more opportunity, we standardized the directionality of each
indicator by multiplying the standardized z-scores of some indicators by -1. Those indicators are labeled as
“reversed” in Tables 3, 4 and 5.
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General considerations for the derivation of indicator weights

When combining component indicators, an important consideration is the weight each indicator should
receive. For COI 3.0, we use empirically-derived weights that reflect how important a given indicator is as a
predictor of children’s outcomes. A strong empirical determinant of children’s long-term outcomes should
have greater weight in the construction of subdomain, domain and overall scores. We obtain these weights by
(1) computing bivariate correlations between an index of health and socioeconomic outcomes and component
indicators within a subdomain and (2) rescaling the resulting correlation coefficients to reduce their variability.

Rescaling is necessary to ensure that subdomain scores are not completely determined by a single indicator
that is much more strongly associated with outcomes than other indicators in the subdomain. The COl is
designed to be a composite index, and our approach seeks to ensure that each component contributes
meaningfully to the overall index. We also reduce variability because the associations between component
indicators and outcomes are biased measures of their true causal effects. Potential biases can either artificially
inflate or reduce the component indicator-outcome correlation and the indicator weights derived from them.
By rescaling the correlation coefficients, we guard against potential biases resulting in an indicator having an
outsize weight (or no weight at all) in the construction of a subdomain composite score. Rescaling preserves
the ordering of component indicators in terms of the weight assigned to them within a subdomain but shrinks
the variation across weights.

We report descriptive statistics on component indicator weights as part of our descriptive analysis below.
Overall, our approach is conceptually very similar to COIl 2.0. However, for COI 3.0, we compute separate
weights for the national-, state-, and metro-normed COI versions, with the nationally-normed weights
constructed using OLS regression and the state- and metro-normed weights constructed using ridge
regression, as explained below.

Derivation of indicator weights for nationally-normed Child Opportunity Index

For the nationally-normed version of the COI, weights are obtained from bivariate regression of an outcome
index on a given component indicator. The outcome index is based on the four outcome measures described
above: mean household income rank and the probability to reside in a low-poverty census tract from the
Opportunity Atlas, and metrics for mental and physical health from the PLACES database. All four outcomes
are measured for 2010 census tracts. While health outcomes are measured in 2021, socioeconomic outcomes
are measured in 2015. We use 2018 component indicator z-scores in the weight estimation.

Because the outcome index is measured for 2010 census tracts, we first aggregate the component indicator z-
scores from 2010 census blocks to 2010 census tracts using block-level child population counts as weights. To
compute the outcome index, we standardize the four outcome variables and norm the two health variables
directionally by multiplying their standardized values by -1 so that higher values indicate better outcomes. We
then average the four outcomes to create the final outcome index. We construct datasets that include each of
the component indicator z-scores along with the outcome index, drop observations with missing data for
either the outcomes or the component indicator z-score, and then standardize each to ensure that both
outcome and predictor have a mean of 0 and standard deviation of 1. We then run a bivariate OLS regression
of the standardized outcome index on the standardized component indicator and retrieve the beta regression
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coefficient for the component indicator z-score. In this way, we obtain standardized beta regression
coefficients for all component indicators in a given subdomain.

We then rescale the beta coefficients to derive the final component indicator weights. We first bottom code
the coefficients at 0.05. Some component indicators are only very weakly, or in some cases, negatively
associated with the outcome index.?* Bottom-coding ensures that every indicator at least has a minimum
(positive) weight and contributes some variation to a subdomain composite score.

Furthermore, if, for a given subdomain, the ratio between the largest and smallest coefficient exceeds a
constant ¢, we shrink the weights towards constant m by averaging each beta coefficient within the given
subdomain with constant m. For a given subdomain, m is defined as

c X ﬁmin

m = Bmax — c—1

To compute m, we set ¢ to be equal to 5, i.e., we shrink the beta coefficients towards m for a given subdomain
whenever the largest beta coefficient, B4, €xceeds the smallest beta coefficient, 5,5, by a factor of 5 or
more. m is defined such that the maximum shrunken coefficient is no larger than c times (5 times) the
minimum inflated coefficient. We then average each coefficient with the constant m. Coefficients with values
greater than m are shrunk and coefficients with values less than m are inflated towards m. We apply shrinkage
only if the ratio between the largest and smallest beta coefficient exceeds 5.

Lastly, regardless of whether or not bottom-coding or shrinkage was applied, we construct the final weights by
rescaling so that they sum to one within each subdomain.

Derivation of indicator weights for state- and metro-normed Child Opportunity Index

For the state- and metro-normed versions, we use ridge regression to compute the underlying regression
coefficients. While the following description focuses on the metro-normed version, we use the same approach
for the state-normed version. The basic rationale for computing metro-area specific weights is that the extent
to which certain indicators matter for overall opportunity can vary across metro areas. For example, the effect
of summer time heat may vary across metro areas as a function of metro-area variation in average summer
time temperatures and green space. Moreover, indicators that show less spatial variation within and more
spatial variation across metro areas should be less important for explaining neighborhood differences in
outcomes within metro areas, but more important for explaining variation across metro areas. For example,
temperatures vary less across neighborhoods within a metro area than they do nationally. Therefore, metro-
level weights for heat exposure should be smaller than the national weights for heat exposure. We therefore
compute component indicator weights for each of the 100 largest metro areas (metro-normed version) and all
50 states plus D.C. (state-normed version).

Replicating the OLS regression approach used to derive the beta coefficients for the national version turns out
to be problematic in a metro-based context. For at least some indicators and metro areas there is not enough
information to robustly identify the coefficients. Some of the 100 largest metro areas have less than 100
census tracts, making it difficult to robustly identify the indicator-outcome association because of a relatively
small number of cases. Some of the component indicators remain skewed despite the normalizations we apply
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and/or show relatively little variation within a metro area. As a result, and in particular when these issues arise
in combination, we found that bivariate metro-specific OLS regression results could be sensitive to outliers and
overfitting.

Instead of conducting metro-specific OLS regressions, we utilized outcome and component indicator data for
all census tracts in the 100 largest metro areas combined. We then estimated a ridge regression model with
metro area-specific coefficients that shrank poorly identified metro-specific coefficients towards a national
average beta coefficient. The metro-specific ridge coefficients were close to their OLS analogs—the beta
coefficient from a metro-specific OLS regression—whenever there is a clear, well-identified association
between the outcome index and component indicator in a given metro area. When this association is less well-
identified, for example, because the number of tracts in a metro area is small or the outcome or component
indicator (or both) are strongly skewed or lack variation, the metro area-specific beta coefficient is shrunk
towards a global national average coefficient estimated using all census tracts from the 100 largest metro
areas. In other words, metro area-specific beta coefficients are indeed only metro area-specific if sufficient
information is available to robustly identify them. Otherwise, they approximate the average metro area-
coefficient common to all metro areas.

To implement this approach, we use a dataset that includes the outcome index and a given component
indicator for all census tracts in the 100 largest metro areas, both standardized within metro areas. We then
create an identical copy of this dataset and stack original (dataset 1) and copy (dataset 2). For a given
indicator, the linear model is specified as follows:

Yem = @+ Bxem + Vmd + Ipdxem + e

where y.,, is the outcome index y in census tract ¢ and metro area m, and €., is an idiosyncratic error term. «
is a common intercept and £ is the common standardized regression coefficient for indicator x. 8 quantifies
the strength of the correlation between outcome index and component indicator across all census tracts in the
100 largest metro areas. y,,d and 9,,dx ., are interactions between metro-specific intercepts (y;,) and metro-
specific slope coefficients (9,,,d) specified as the interaction with an indicator variable d=1 for dataset 2 and
zero otherwise, i.e., metro-specific intercepts and slopes are only estimated for observations in dataset 2,
while a and [ are estimated using all observations from both datasets. This model allows us to estimate the
association between outcome index and component indicators across all census tracts in the 100 largest metro
areas (), and estimate 100 metro-specific associations (9,,) as deviations from (3, where we let the ridge
estimator shrink the 9, towards . We need two copies of the data because otherwise it would not be
possible to jointly estimate both 8 and one 9,,, for each of the 100 largest metro areas in the same model.

We estimate this model using ridge regression with five-fold cross-validation using the glmnet R library (REF to
Tibshirani/Hastie), specifying penalty factors equal to one for the 9, coefficients and zero for all other
coefficients. A penalty factor of zero exempts an estimated coefficient from shrinkage, i.e., we only shrink the
Y, coefficients. The resulting model allows us to estimate the average correlation between outcome and
predictors across all census tracts in the 100 largest metros (), and any metro-specific deviations from that
national average (9,,) that may be shrunk towards the national average § whenever metro-specific
associations are poorly identified.
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We extract the beta and 9,,, coefficients, and obtain the metro-specific standardized correlation coefficient by
summing S and 9,,, for each metro area m. Lastly, we process—for a given subdomain and metro—the beta
coefficients as described above, by optionally bottom coding and shrinking, and then rescaling the final
weights to sum up to one across indicators for a given subdomain and metro area.

Construction of composite z-scores

After component indicator weights have been derived and rescaled so that they sum up to one within a
subdomain, we compute subdomain composite z-scores by multiplying each indicator with its respective
weight and sum over the products. If data on an indicator is missing for a given block, the weights for that
block no longer sum up to one. In these cases, the weights for the indicators with available data for a given
block are rescaled to sum up to one.

The subdomain composite z-score just constructed in turn becomes an input in the index construction
algorithm just described. We use exactly the same algorithm that we used to combine component indicators
into subdomain composite z-scores to combine subdomain z-scores into domain scores, and to combine
subdomain z-scores into an overall index score. The algorithm thus produces, for both 2010 and 2020 census
blocks, standardized z-scores for all component indicators and composite z-scores for all subdomains, domains
and the overall index for the period from 2012 to 2021.

CHILD OPPORTUNITY METRICS

We use the composite subdomain, domain and overall z-scores to compute two easy-to-work-with metrics:
Child Opportunity Scores and Child Opportunity Levels. Child Opportunity Scores divide neighborhoods into
one hundred ordered groups and take values from 1 to 100. Child Opportunity Levels divide neighborhoods

” u

into five ordered groups that we label “very low,” “low,” “moderate,” “high” and “very high.” We provide Child
Opportunity Scores and Levels for convenience and to facilitate use of the COl data. We also encourage users
to use the composite z-scores as appropriate, for example to derive their own version of Child Opportunity
Scores or Levels within their analysis sample. Composite z-scores, Child Opportunity Levels and Child

Opportunity Scores are published as metro-normed, state-normed and nationally-normed versions.

COI 3.0 Child Opportunity Levels

Child Opportunity Levels are constructed so that they divide neighborhoods into five groups containing 20% of
the child population each in 2021. We ordered neighborhoods in 2021 from lowest to highest in terms of their
composite z-score. We then computed cut points (percentiles) that divide the neighborhoods in 2021 into five
ordered groups containing 20% of the child population each (children aged 0-17, 2021 5-year ACS). We then
applied the same cut points to data from other years as well. The resulting metric defines Child Opportunity
Levels in terms of the 2021 distribution of children across neighborhoods with varying levels of opportunity.
Child Opportunity Levels were defined in relation to the 2021 distribution of children across neighborhoods,
therefore we observe exactly 20% of children at each level in 2021 data only.

Specifically, census tracts with composite z-scores at or below the 20" population-weighted 2021 percentile
were sorted into the “very low” group. Tracts above the 20™ and at or below the 40%" population-weighted
2021 percentile were classified as “low opportunity.” Tracts above the 40" and at or below the 60™"
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population-weighted 2021 percentile were classified as “moderate opportunity,” tracts above the 60" and at
or below the 80™ population-weighted 2021 percentile were classified as “high opportunity” and tracts above
the 80™ population-weighted 2021 percentile were classified as “very high opportunity.”

In empirical analyses and for visualization, Child Opportunity Levels are often treated as a categorical variable.
In our COI mapping application (diversitydatakids.org/maps), we visualize five distinct, uniquely color-coded

opportunity levels. In empirical analyses, many studies have computed separate descriptive statistics for each
of the five levels, or estimated separate regression coefficients for each of the five levels (omitting one of them
as the reference group).

COI 3.0 Child Opportunity Scores

While Child Opportunity Levels divide neighborhoods into five ordered groups, Child Opportunity Scores divide
them into 100 ordered groups. We ordered neighborhoods in 2021 from lowest to highest in terms of their
composite z-score. We then computed cut points (percentiles) that divide the neighborhoods in 2021 into 100
ordered groups containing 1% of the child population each, and applied the same cut points to data from other
years as well. The lowest ranked group of tracts was assigned a score of 1, the next lowest was assigned a
score of 2, and so forth, until the top-ranked group, which was assigned a score of 100. Because Child
Opportunity Scores are defined in relation to the 2021 distribution of children across neighborhoods, we
observe exactly 1% of children at each level in 2021 data only.

In empirical studies, researchers have utilized Child Opportunity Scores as a continuous dependent variable
that can be modeled using OLS regression.?’ As appropriate, users can also employ Child Opportunity Scores as
a continuous predictor variable to summarize the association between an outcome and neighborhood
opportunity using a single variable/coefficient, rather than the five Child Opportunity Level categories. If
sample sizes permit, researchers can also treat Child Opportunity Scores as a categorical variable, which
enables the identification of non-linear associations between an outcome and neighborhood opportunity at
the very low and very high end of the opportunity distribution.

COI 3.0 Composite Z-Scores

Child Opportunity Scores and Levels collapse the information encoded in the composite z-scores into 100
distinct values (Scores) or 5 distinct values (Levels). Composite z-scores are the most detailed composite metric
of neighborhood opportunity we publish. We encourage users to utilize the composite z-scores as appropriate.
For example, users may use composite z-scores to derive their own version of Child Opportunity Levels
whenever they find that the published Opportunity Levels do not efficiently divide their analysis dataset into
five groups of roughly equal size. This can occur for several reasons:

e |[f data are drawn from an area with relatively high opportunity, there will be a disproportionate
number of high- and very high-opportunity neighborhoods, and relative few low- and very low-
opportunity neighborhoods.

e  Opportunity Levels may also not be balanced in a sample from the early 2010s: Because opportunity
grew over time (see following section), there are fewer high- and very high-opportunity neighborhoods
in the earlier years covered by the COl.
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e Users are working with data for a geographic area that does not correspond to an area for which we
have published state- or metro-normed metrics, for example, if the area crosses state and/or metro-
area boundaries, such as a hospital service area.

e For administrative uses or program implementation, users may require specific, exact divisions of their
geographic areas into different opportunity levels.

By defining new opportunity levels within their analysis data, users will obtain the most balanced distribution
of their analysis units (e.g., children, patients, health care encounters) across opportunity levels. Users can
then compare their own opportunity levels to published Child Opportunity Levels to determine where in the
national opportunity distribution their sample falls.

CHOOSING BETWEEN METRO-, STATE- AND NATIONALLY-NORMED CHILD OPPORTUNITY LEVELS AND
SCORES

For users interested in data for a given metro area (state) only, we recommend the metro-normed (state-
normed) opportunity metrics as a default. For users interested in areas located outside the 100 largest metro
areas within the same state or when comparing some metro and some non-metro areas within the same state,
we recommend the state-normed metrics. In all other cases, we recommend the use of nationally-normed
metrics. Metro-normed (state-normed) opportunity metrics are only comparable within a given metro area
(state) and are not comparable across metro areas (states).

States and metro areas across the U.S. differ in their levels of neighborhood opportunity. For metro areas that
have high-opportunity levels compared to other metro areas nationwide, using the nationally-normed index
conceals within-metro area inequalities because a disproportionate number of neighborhoods are assigned to
the high- and very high-opportunity levels. However, there are situations in which even users interested in
exploring a specific metro area may benefit from examining nationally-normed Opportunity Scores or Levels,
as those metrics may provide important contextual information because they identify where a neighborhood
ranks compared to all other neighborhoods in the U.S. The same reasoning and caveats apply to using state-
versus nationally-normed data.

DESCRIPTIVE STATISTICS

The following section reports descriptive statistics on COl component indicators and composite z-scores. Data
in Table 6 is based on census blocks, while data in Tables 7 and 8 is based on census tracts. Table 6 contains
selected percentiles of the raw component indicator distributions in their native scale (e.g., percentages or
dollars). All component indicators were harmonized so that they are measured at the same geographic scale,
i.e., census blocks, and temporal scale, i.e., five-year moving averages. Here and below, we only report
descriptive statistics for 2010 census blocks, i.e., census blocks as defined for the 2010 Decennial census. Table
6 reports percentiles for 2012, covering the five-year period from 2008 to 2012, and 2021, covering the period
from 2017 to 2021.

Table 6 is based on component indicator data in their native scales after applying the inclusion criteria
described above. The number of blocks with valid data varies between 7.2 and 8.1 million across indicators and
years, with an average of 7.6 million blocks. Table 7 reports the same percentiles after component indicators
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were standardized, top and bottom coded and aggregated from 2010 census blocks to 2010 census tracts. The
number of tracts with valid data varies between 70,425 and 72,650 across indicators and years, with an
average of 72,380. Table 8 reports the same percentiles for composite subdomain, domain, and overall index
z-scores. The number of tracts with valid data varies between 72,302 and 72,648 across indicators and years,
with an average of 72,569.

We only drop a block if it is missing more than 50% of component indicators within a subdomain. If 50% or
more of the indicators have valid data, we derive the composite z-scores using only the indicators with non-
missing data. The same applies to blocks with missing data on subdomain z-scores when combining them into
domain and overall index z-scores. Our approach results in a low overall missing rate that is mainly determined
by our block inclusion criteria defined above. We observe 72,585 tracts in 2021 with non-missing overall
composite index z-scores, or 99.4% of all 2010 census tracts.

Tables 6 through 8 provide evidence of an overall increase in neighborhood opportunity between 2012 and
2021. The 50th percentile of the overall index z-score grew by 26% of a standard deviation (Table 8). The
increase in composite z-scores is largest for the first percentiles (+0.37) and then declines monotonically with
the smallest increase at the 99th percentile (+0.19). We observe higher composite z-scores in 2021 than 2012
for virtually all subdomains, with the strongest gains driven by reductions in pollution, increased access to
health resources, reductions in extreme socioeconomic inequities and improvements in secondary and access
to post-secondary education, housing resources and employment. Growth at the 50th percentile is fastest in
the health and environment domain, followed by the social and economic, and education domains.

24 and increases in health

At the component indicator-level (Table 7), we observe reductions in air pollution
insurance coverage following the passage of the Affordable Care Act in 20102%, as well as increases in high
school graduation rates®® as drivers of the overall increase in opportunity. We also observe gains in
educational attainment—both a decrease of adults without high school degrees and an increase of adults with
Bachelor’s and advanced degrees—and improved economic indicators reflecting a period of sustained labor
market expansion following the Great Recession?’, including increased employment rates, increased median
incomes (though not at the first percentile) and reduced poverty rates. The decline in extreme heat exposure is
due to the choice of reference periods: The 2012 estimate combines data from 2008 through 2012, which saw

stronger heat waves than the 2017 to 2021 period.?*®

While growth has been faster in the lower tail of the neighborhood opportunity distribution (Table 8), the
overall gaps in opportunity are still extremely large across neighborhoods. For example, the 25th percentile
increased by 30% of a standard deviation, from -0.8 to -0.5, while the 75th percentile increased by 25% of a
standard deviation, from 0.55 to 0.80. If these rates persist over the coming decades, it would take about 320
years for the 25th percentile to catch up with the 75th percentile.

Table 9 reports the component indicator weights used to construct the nationally-normed COI and reports the
means and standard deviations for the metro- and state-specific weights derived. Our approach constrains the
largest weight within a subdomain to be no larger than five times the smallest weight. For example, within the
elementary education domain, reading and math test scores are assigned a weight of 0.65, while test score
growth has a weight of 0.21 and poverty-adjusted test scores has the smallest weight of 0.13 (one fifth of the
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largest weight). In the social and economic domain, weights differ little from one another within subdomains.
There is more variability in the subdomains in the education and health and environment domain than in the
social and economic domain. The non-profit density indicators have a relatively small weights within their
respective subdomains, accounting for much of the within subdomain variation in weights.

The metro- and state-normed weights display relatively little variation. The average standard deviation across
component indicators 0.03 for state- and 0.04 for metro-specific weights. Two notable exceptions are the
weights for NatureScore and heat exposure. The association between NatureScore and the outcomes used to
calculate the weights is notably stronger within metro areas than within states or across the country. Within
metro areas, access to green nature is typically higher in suburban areas, where we also tend to observe better
health and socioeconomic outcomes compared to urban areas. For heat exposure, we observe stronger
associations nationally compared to states and metro areas, reflecting the greater variation in climates across
the U.S. compared to within regions.
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TABLE 6. SELECTED PERCENTILES OF THE RAW COMPONENT INDICATOR DISTRIBUTIONS, 2010 CENSUS BLOCK DATA

pl p25 p50 p75 P99

2012 2021 2012 2021 2012 2021 2012 2021 2012 2021
Early childhood education
Public pre-K enrollment 0.0 0.0 9.9 0.0 24.2 21.9 40.9 43.2 100.0 100.0
Private pre-K enrollment 0.0 0.0 0.0 0.0 11.8 5.7 29.3 26.1 100.0 100.0
Elementary education
Reading and math test scores -1.8 -1.8 -0.4 -0.4 0.1 0.1 0.6 0.6 1.9 2.0
Reading and math test score growth -2.0 -2.1 -0.6 -0.6 -0.1 -0.1 0.4 0.5 1.9 1.9
Poverty-adjusted reading and math test scores -1.8 -1.8 -0.4 -0.4 0.1 0.1 0.6 0.6 1.8 1.8
Secondary and postsecondary education
Advanced Placement course enrollment 0.0 0.0 1.0 0.4 8.2 8.4 17.3 18.2 46.1 50.9
High school graduation rate 51.0 60.1 75.6 83.1 84.0 89.0 90.2 93.1 97.5 97.9
College enrollment in nearby institutions 10.5 9.6 25.2 24.6 32.7 32.2 43.6 43.2 82.5 81.1
Educational resources
School poverty 2.7 6.4 35.5 39.3 52.4 55.0 67.8 71.3 95.6 97.2
Teacher experience 1.1 1.2 6.4 6.5 9.5 9.7 133 13.6 294 30.1
Adult educational attainment 34 4.2 12.6 15.4 18.6 22.8 29.6 35.9 74.3 80.3
Child enrichment-related non-profits 0.6 1.0 2.8 3.8 4.1 53 5.9 7.3 18.0 22.6
Healthy environments
Walkability 1.8 1.8 4.5 4.5 6.7 6.8 10.2 10.5 17.8 18.0
NatureScore 0.0 0.0 0.3 0.4 0.5 0.5 0.7 0.7 1.0 0.9
Extreme heat exposure 0.0 0.0 10.6 6.0 33.0 23.4 78.4 60.0 170.6 173.0
Fast food restaurant density 23.1 31.3 56.4 58.8 62.8 65.3 68.8 71.2 85.2 87.0
Healthy food retailer density 13.3 10.7 41.4 35.1 50.6 43.9 60.2 53.4 89.5 83.3
Pollution
Airborne microparticles 5.4 4.5 8.4 7.1 9.7 8.1 10.8 8.8 13.1 13.1
Ozone concentration 29.4 30.0 37.6 36.0 39.6 37.0 41.8 38.2 49.6 50.1
Industrial pollutants in air, water or soil 0.0 0.0 81.6 57.8 562.6 4129 2919.4 1941.7 106539.3 56568.9
Hazardous waste dump sites 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.0 1.0
Safety-related resources
Vacant housing 0.0 0.0 6.7 5.5 11.4 10.5 18.4 18.2 58.5 58.0
Community safety-related non-profits 0.1 0.1 0.6 0.7 0.9 1.1 1.5 1.7 5.8 7.2
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pl p25 p50 p75 P99

2012 2021 2012 2021 2012 2021 2012 2021 2012 2021
Health resources
Health insurance coverage 54.6 62.0 77.5 85.2 84.2 91.1 89.8 95.1 98.3 99.6
Health-related non-profits 0.1 0.2 0.8 1.1 1.3 1.7 2.1 2.5 8.0 9.7
Employment
Employment rate 34.6 36.7 69.0 71.5 76.2 78.9 81.8 84.6 91.1 94.2
High-skill employment rate 9.1 10.0 24.1 26.6 30.4 34.0 38.6 43.6 68.9 74.7
Full-time year-round earnings 28439.0 28965.3  42223.2  43908.5 49330.7 51205.2 593139 62164.2  128158.5 139096.7
Economic resources
Poverty rate 1.1 0.8 7.6 6.3 12.8 10.9 20.1 17.8 49.9 46.9
Public assistance rate 0.0 0.0 5.6 5.4 10.4 10.2 17.2 17.3 45.9 48.1
Median household income 23803.1 23315.6  48596.5 52387.8 61284.5 67051.3 79268.8 87718.7 175967.2  202827.0
Concentrated socioeconomic inequity
Adults with masters, professional or doctoral degrees 0.4 0.5 3.6 4.5 5.9 7.5 10.4 13.4 37.8 43.3
Very high-income households 0.0 0.6 4.2 9.4 7.6 15.9 14.3 26.8 55.7 69.2
Adults without a high school degree 0.9 0.4 7.7 5.3 12.7 9.3 19.9 15.3 48.8 42.5
Very low-income households 1.9 0.8 11.2 7.5 17.5 12.4 25.3 19.1 52.7 46.0
Housing resources
Crowded housing 0.0 0.0 0.5 0.3 1.5 1.5 33 35 20.9 19.7
Broadband access 15.7 18.1 46.0 53.0 59.9 66.4 73.2 78.4 92.2 94.3
Social resources
Single-parent families 4.0 0.0 20.9 20.3 30.4 31.2 42.3 45.0 83.5 88.2
Non-profit organizations 1.5 2.5 6.4 8.5 9.6 12.1 14.2 17.4 59.8 69.9
Mobility-enhancing friendship networks 0.4 0.4 0.7 0.7 0.8 0.8 1.0 1.0 1.4 14
Wealth
Homeownership rate 13.2 13.0 63.8 62.0 76.2 76.1 83.9 84.8 96.6 97.5
Aggregate home value per capita 34670.2 0.0 160205.2 173156.0 244327.2 280354.1 398890.0 475450.8 2153041.2 2806518.7
Aggregate capital income per capita 34.4 0.0 1841.0 1794.9 4063.3 4717.4 8611.8 10955.6 82789.9 107579.2
Aggregate real estate taxes per capita 181.6 0.0 1267.7 1411.4 2402.4 2756.2 4390.6 5246.3 19034.3 25052.4

COI 3.0 Technical Documentation | Last updated: 03/13/2024 35



diversitydatakids.org

data for a diverse and equitable future

TABLE 7. SELECTED PERCENTILES OF THE STANDARDIZED COMPONENT INDICATOR DISTRIBUTIONS, 2010 CENSUS BLOCK DATA

pl p25 p50 p75 P99

2012 2021 2012 2021 2012 2021 2012 2021 2012 2021
Early childhood education
Public pre-K enrollment -1.18 -1.18 -0.87 -1.18 -0.18 -0.25 0.61 0.68 3.20 3.20
Private pre-K enrollment -0.90 -0.90 -0.90 -0.90 -0.27 -0.47 0.66 0.47 3.33 3.33
Elementary education
Reading and math test scores -2.21 -2.15 -0.71 -0.67 -0.04 -0.02 0.60 0.62 2.18 2.19
Reading and math test score growth -2.38 -2.38 -0.66 -0.65 -0.03 -0.01 0.59 0.60 2.20 2.23
Poverty-adjusted reading and math test scores -2.38 -2.32 -0.64 -0.62 0.01 0.03 0.66 0.67 2.48 2.53
Secondary and postsecondary education
Advanced Placement course enrollment -1.10 -1.10 -0.77 -0.79 -0.24 -0.23 0.42 0.49 2.55 2.82
High school graduation rate -3.49 -2.56 -1.08 -0.29 -0.19 0.35 0.50 0.81 1.32 1.36
College enroliment in nearby institutions -1.72 -1.81 -0.70 -0.77 -0.09 -0.14 0.65 0.61 3.27 3.18
Educational resources
School poverty -1.63 -1.68 -0.71 -0.85 0.01 -0.14 0.79 0.61 2.00 1.89
Teacher experience -3.08 -3.48 -0.44 -0.54 0.18 0.14 0.69 0.66 1.50 1.50
Adult educational attainment -1.42 -1.36 -0.84 -0.66 -0.36 -0.10 0.47 0.81 2.74 2.98
Child enrichment-related non-profits -1.16 -1.03 -0.59 -0.30 -0.23 0.11 0.28 0.71 3.99 4.00
Healthy environments
Walkability -1.63 -1.63 -0.76 -0.76 -0.07 -0.07 0.93 0.93 2.00 2.00
NatureScore -1.81 -1.75 -0.66 -0.54 0.04 0.18 0.70 0.84 1.61 1.76
Extreme heat exposure -2.63 -2.70 -0.53 -0.19 0.45 0.64 0.81 0.89 1.01 1.01
Fast food restaurant density* -1.95 -2.09 -0.42 -0.61 0.21 0.02 0.89 0.67 2.43 2.23
Healthy food retailer density* -1.87 -2.12 -0.44 -0.83 0.17 -0.26 0.82 0.38 2.25 1.91
Access to healthy food* -1.90 -2.15 -0.38 -0.68 0.24 -0.05 0.92 0.62 2.56 2.24
Pollution
Airborne microparticles -2.76 -2.58 -1.18 -0.02 -0.57 0.48 0.16 0.98 1.94 2.57
Ozone concentration -2.82 -3.11 -0.64 0.09 -0.10 0.43 0.46 0.70 2.55 2.23
Industrial pollutants in air, water or soil -3.91 -2.25 0.03 0.13 0.20 0.23 0.25 0.25 0.26 0.26
Hazardous waste dump sites -3.68 -3.55 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25
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pl p25 p50 p75 p99

2012 2021 2012 2021 2012 2021 2012 2021 2012 2021
Safety-related resources
Vacant housing -4.00 -4.00 -0.66 -0.53 0.07 0.21 0.55 0.67 1.18 1.18
Community safety-related non-profits -0.93 -0.86 -0.51 -0.34 -0.17 0.04 0.36 0.65 4.00 4.00
Health resources
Health insurance coverage -3.57 -2.50 -0.96 -0.04 -0.18 0.56 0.45 0.95 1.28 1.37
Health-related non-profits -0.96 -0.87 -0.51 -0.30 -0.17 0.10 0.37 0.71 4.00 4.00
Employment
Employment rate -4.00 -3.89 -0.67 -0.36 0.05 0.32 0.58 0.85 1.52 1.74
High-skill employment rate -1.89 -1.74 -0.78 -0.56 -0.22 0.05 0.52 0.86 2.51 2.82
Full-time year-round earnings -1.33 -1.30 -0.67 -0.60 -0.26 -0.19 0.33 0.45 3.32 3.85
Economic resources
Poverty rate -3.65 -3.17 -0.60 -0.33 0.20 0.34 0.71 0.77 1.22 1.20
Public assistance rate -3.21 -3.30 -0.36 -0.38 0.34 0.31 0.78 0.75 1.18 1.18
Median household income -1.51 -1.54 -0.78 -0.66 -0.34 -0.18 0.27 0.50 3.02 3.60
Concentrated socioeconomic inequity
Adults with masters, professional or doctoral degrees -1.15 -1.11 -0.75 -0.62 -0.38 -0.17 0.32 0.65 3.50 3.92
Very high-income households -1.13 -1.11 -0.87 -0.52 -0.58 0.01 0.06 0.89 2.66 3.41
Adults without a high school degree -3.46 -2.74 -0.54 -0.16 0.19 0.44 0.65 0.80 1.16 1.17
Very low-income households -3.86 -3.03 -0.86 -0.27 -0.04 0.38 0.57 0.82 1.33 1.35
Housing resources
Crowded housing -4.00 -3.69 0.00 -0.05 0.43 0.40 0.64 0.63 0.71 0.71
Broadband access -2.75 -2.49 -0.82 -0.42 -0.01 0.31 0.67 0.88 1.53 1.60
Social resources
Single-parent families -3.01 -3.09 -0.67 -0.74 0.11 0.09 0.73 0.74 1.78 1.77
Non-profit organizations -0.87 -0.78 -0.48 -0.29 -0.21 0.02 0.25 0.54 4.00 4.00
Mobility-enhancing friendship networks -1.93 -1.93 -0.71 -0.71 -0.07 -0.07 0.68 0.68 2.41 2.41
Wealth
Homeownership rate -2.86 -2.89 -0.66 -0.74 0.22 0.18 0.79 0.78 1.47 1.47
Aggregate home value per capita -0.76 -0.82 -0.47 -0.45 -0.22 -0.13 0.26 0.44 4.00 4.00
Aggregate capital income per capita -0.45 -0.45 -0.37 -0.36 -0.24 -0.19 0.06 0.21 4.00 4.00
Aggregate real estate taxes per capita -0.88 -0.93 -0.61 -0.60 -0.28 -0.20 0.35 0.53 4.00 4.00

Note: *The fast food and healthy food retailer metrics are combined into the access to healthy food index. Only the latter is included in the calculation of the healthy environments subdomain score.

COI 3.0 Technical Documentation | Last updated: 03/13/2024 37



diversitydatakids.org

data for a diverse and equitable future

TABLE 8. SELECTED PERCENTILES OF THE COMPOSITE SUBDOMAIN, DOMAIN AND OVERALL INDEX Z-SCORES, CENSUS BLOCK DATA FOR 2012

AND 2021
pl p25 p50 p75 p99

2012 2021 2012 2021 2012 2021 2012 2021 2012 2021
Subdomains
Early childhood education -1.19 -1.19 -0.75 -0.85 -0.25 -0.37 0.66 0.48 3.26 3.26
Elementary education -2.40 -2.32 -0.69 -0.65 -0.06 -0.03 0.58 0.60 2.29 2.32
Educational resources subdomain -1.71 -1.67 -0.72 -0.68 -0.11 -0.06 0.62 0.72 2.32 2.43
Secondary and post-secondary education -2.79 -2.13 -0.96 -0.47 -0.25 0.10 0.49 0.72 2.16 2.22
Pollution -3.42 -2.84 -0.89 0.07 -0.36 0.56 0.26 0.98 1.70 2.08
Health resources -3.48 -2.42 -0.92 -0.01 -0.16 0.60 0.46 1.00 1.49 1.81
Safety-related resources -4.00 -4.00 -0.70 -0.49 0.07 0.28 0.58 0.75 1.34 1.42
Healthy environments -2.35 -2.48 -0.35 -0.36 0.30 0.29 0.88 0.82 1.91 1.78
Concentrated socioeconomic inequity -2.38 -1.88 -0.86 -0.39 -0.25 0.19 0.41 0.87 2.20 2.56
Employment -2.22 -2.05 -0.79 -0.56 -0.17 0.07 0.51 0.78 2.43 2.82
Economic resources -2.84 -2.67 -0.62 -0.47 0.07 0.17 0.62 0.70 1.89 2.07
Housing resources -2.64 -2.25 -0.75 -0.40 0.05 0.31 0.70 0.86 1.51 1.57
Social resources -2.37 -2.40 -0.70 -0.71 0.00 0.02 0.70 0.74 2.15 2.20
Wealth -2.31 -1.68 -0.58 -0.55 -0.13 -0.04 0.47 0.68 4.00 4.00
Domains
Education -1.99 -1.82 -0.78 -0.64 -0.17 -0.07 0.57 0.64 2.45 2.44
Health and environment -3.09 -2.34 -1.04 -0.24 -0.21 0.48 0.48 1.03 1.67 1.97
Social and economic -2.27 -1.99 -0.75 -0.52 -0.10 0.12 0.58 0.81 2.22 2.45
Overall Index
Overall Child Opportunity Index -2.15 -1.78 -0.82 -0.52 -0.16 0.10 0.55 0.80 2.22 2.41
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TABLE 9. COMPONENT INDICATOR WEIGHTS WITHIN SUBDOMAINS FOR NATIONAL VERSION,
MEANS/STANDARD DEVIATIONS OF WEIGHTS FOR STATE- AND METRO-NORMED VERSIONS

National State version St?m.:lard Met.ro d:\t/?:t?:r:dof
version average dewatlon.of version metro
weights weights state Yersmn ave.rage version
weights weights weights
Early childhood education
Public pre-K enrollment 0.17 0.17 0.00 0.17 0.00
Private pre-K enrollment 0.83 0.83 0.00 0.83 0.00
Elementary education
Reading and math test scores 0.65 0.63 0.04 0.60 0.06
Reading and math test score growth 0.21 0.18 0.04 0.18 0.05
Poverty-adjusted reading and math 0.13 0.19 0.06 0.23 0.07
test scores
Secondary and postsecondary education
Advanced Placement course 0.25 0.26 0.04 0.22 0.06
enroliment
High school graduation rate 0.45 0.49 0.06 0.52 0.07
College enrollment in nearby institutions 0.30 0.25 0.05 0.26 0.09
Educational resources
School poverty 0.39 0.39 0.02 0.36 0.02
Teacher experience 0.15 0.16 0.02 0.21 0.04
Adult educational attainment 0.38 0.37 0.02 0.36 0.02
Child enrichment-related non-profits 0.08 0.08 0.00 0.07 0.00
Healthy environments
Fast food restaurant density* 0.79 0.60 0.09 0.60 0.12
Healthy food retailer density* 0.21 0.40 0.09 0.40 0.12
Healthy food access* 0.34 0.18 0.07 0.12 0.04
Walkability 0.13 0.16 0.06 0.11 0.02
NatureScore 0.15 0.44 0.15 0.51 0.09
Extreme heat exposure 0.38 0.23 0.09 0.26 0.11
Pollution
Airborne microparticles 0.25 0.23 0.07 0.33 0.15
Ozone concentration 0.22 0.22 0.06 0.14 0.07
Industrial pollutants in air, water or soil 0.33 0.28 0.06 0.30 0.12
Hazardous waste dump sites 0.20 0.28 0.05 0.23 0.09
Safety-related resources
Vacant housing 0.83 0.80 0.05 0.81 0.06
Community safety-related non-profits 0.17 0.20 0.05 0.19 0.06
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National State version St?m.:lard Met.ro d:\t/?ant?:r:dof
version average dewatlon.of version metro
weights weights state Yersmn ave.rage version
weights weights weights
Health resources
Health insurance coverage 0.83 0.83 0.00 0.83 0.00
Health-related non-profits 0.17 0.17 0.00 0.17 0.00
Employment
Employment rate 0.31 0.31 0.02 0.28 0.05
High-skill employment rate 0.34 0.34 0.02 0.36 0.03
Full-time year-round earnings 0.35 0.36 0.01 0.36 0.02
Economic resources
Poverty rate 0.33 0.33 0.01 0.33 0.01
Public assistance rate 0.34 0.34 0.01 0.34 0.01
Median household income 0.33 0.32 0.01 0.32 0.01
Concentrated socioeconomic inequity
Adults with masters, professional or 0.22 0.21 0.01 0.22 0.01
doctoral degrees
Very high-income households 0.26 0.26 0.01 0.26 0.01
Adults without a high school degree 0.23 0.26 0.01 0.26 0.01
Very low-income households 0.29 0.27 0.02 0.26 0.02
Housing resources
Crowded housing 0.28 0.40 0.04 0.42 0.04
Broadband access 0.72 0.60 0.04 0.58 0.04
Social resources
Single-parent families 0.43 0.44 0.03 0.45 0.03
Non-profit organizations 0.09 0.10 0.00 0.10 0.01
Mobility-enhancing friendship 0.47 0.47 0.02 0.46 0.02
networks
Wealth
Homeownership rate 0.21 0.23 0.02 0.26 0.03
Aggregate home value per capita 0.28 0.28 0.01 0.27 0.01
Aggregate capital income per capita 0.19 0.19 0.02 0.18 0.02
Aggregate real estate taxes per capita 0.32 0.30 0.02 0.29 0.02

Note: *The fast food and healthy food retailer density metrics are combined into the access to healthy food index. Only the latter is
included in the calculation of the healthy environments subdomain score.
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TABLE 10. SUBDOMAIN WEIGHTS WITHIN OVERALL AND DOMAINS INDICES

State Standard Metro Standard

Natic?nal version deviation of version deviation of

version state metro

weights ave.rage version ave.rage version

weights weights weights weights

Overall index
Early childhood education 0.06 0.06 0.01 0.05 0.01
Elementary education 0.08 0.07 0.00 0.07 0.00
Educational resources 0.09 0.09 0.00 0.09 0.00
Secondary and post-secondary education 0.06 0.07 0.00 0.07 0.01
Pollution 0.02 0.02 0.00 0.03 0.01
Health resources 0.07 0.07 0.01 0.07 0.01
Safety-related resources 0.05 0.04 0.01 0.04 0.02
Healthy environments 0.03 0.04 0.01 0.04 0.01
Concentrated socioeconomic inequity 0.10 0.10 0.00 0.09 0.00
Employment 0.10 0.09 0.00 0.09 0.00
Economic resources 0.10 0.10 0.00 0.09 0.00
Housing resources 0.09 0.09 0.00 0.09 0.00
Social resources 0.09 0.09 0.00 0.09 0.00
Wealth 0.08 0.08 0.00 0.08 0.01
Education domain
Early childhood education 0.19 0.19 0.02 0.18 0.02
Elementary education 0.27 0.26 0.01 0.26 0.01
Educational resources 0.33 0.32 0.01 0.31 0.01
Secondary and post-secondary education 0.22 0.23 0.01 0.24 0.02
Health and environment domain
Pollution 0.09 0.10 0.02 0.15 0.06
Health resources 0.45 0.44 0.06 0.38 0.06
Safety-related resources 0.32 0.25 0.07 0.23 0.07
Healthy environments 0.14 0.20 0.07 0.24 0.05
Social and economic domain
Concentrated socioeconomic inequity 0.18 0.18 0.00 0.18 0.00
Employment 0.17 0.17 0.00 0.17 0.00
Economic resources 0.18 0.18 0.00 0.18 0.01
Housing resources 0.15 0.16 0.01 0.17 0.01
Social resources 0.17 0.17 0.00 0.16 0.01
Wealth 0.13 0.14 0.01 0.14 0.01
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VALIDATION ANALYSES

The following sections present evidence supporting the predictive and equity validity of the Child Opportunity
Index. The analyses focus on the nationally-normed version of the COI, but the pattern of results is similar for
the state- and metro-normed versions.

PREDICTIVE VALIDITY. Compared to single-indicator metrics of neighborhood context, such as neighborhood
median household income, multi-dimensional neighborhood metrics capture numerous distinct neighborhood
features that are causally linked to positive outcomes. By virtue of measuring numerous neighborhood
features and causal pathways linked to socioeconomic and health outcomes, multi-dimensional neighborhood
metrics have superior predictive validity compared to single indicator metrics of neighborhood context. We
operationalize predictive validity of neighborhood metrics by measuring the strength of the association
between neighborhood metrics and health/socioeconomic outcomes. COI 3.0 includes more distinct domains,
or measures of distinct causal pathways; therefore it should have better predictive validity compared to other
composite indices.

EQuITY VALIDITY. Structural racism has generated large racial/ethnic inequities in access to neighborhood
opportunity. White and Asian children are growing up in neighborhoods that have more resources across
multiple dimensions (economic, social, environmental, etc.), while Black, Hispanic, and Indigenous children
grow up in neighborhoods that lack resources across multiple dimensions. Because composite metrics capture
cumulative, multi-dimensional neighborhood advantages or disadvantages, they should be more strongly
associated with neighborhood racial/ethnic composition than single-indicator metrics of neighborhood
opportunity. We term this property of neighborhood metrics equity validity, and we quantify equity validity as
the strength of the association between neighborhood metric and neighborhood racial/ethnic composition: A
metric with high (low) equity validity is strongly (weakly) associated with neighborhood racial/ethnic
composition. Specifically, we will quantify the extent to which children of different races/ethnicities are
concentrated at either the top or bottom of the neighborhood distribution using different neighborhood
metrics. Because COI 3.0 includes more distinct dimensions/domains, it should have greater equity validity
compared to other composite indices.

DATA AND METHODS

The validation analyses use 29 health and 7 socioeconomic outcome variables (see above) to quantify
predictive validity. Health outcomes include life expectancy and measures of health status, conditions and
health care access taken from the CDC PLACES database. Socioeconomic outcomes include measures of
intergenerational social and economic mobility from the Opportunity Atlas. All variables are measured at the
census tract-level and are available for virtually all U.S. census tracts. COI data is measured for 2018. All other
variables are measured between 2015 and 2021.

To measure predictive validity, we run bivariate OLS regressions of a given health or socioeconomic outcome
on a given predictor. Predictors are the COIl and its components as well as other neighborhood metrics, such as
neighborhood median household income or the Area Deprivation Index. Outcomes and predictors are
standardized over the set of observations with non-missing data for both variables. We run OLS regressions of
each outcome on each predictor and record the R? values. For a given predictor, we then quantify predictive
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validity as the average R? value over all socioeconomic outcomes and as the average R? value over all health
outcomes.

To measure equity validity, we do not use OLS regression to quantify the association between neighborhood
metrics and racial/ethnic composition because it tends to produce results that were sensitive to minor
specification changes. This sensitivity itself reflects the strong relationship between race/ethnicity and
neighborhood opportunity. Different racial/ethnic groups are concentrated in different parts of the
neighborhood opportunity distribution, which makes it difficult to quantify the association between
neighborhood racial/ethnic composition and neighborhood metrics using linear models. 8 259

Instead, we construct an index to quantify the extent to which a given neighborhood metric reproduces
racial/ethnic inequities in access to neighborhood opportunity. This equity validity index /; follows the
definition of the Index of Concentration at the Extremes'® and is defined as

(hj = k;)

n;

;=
where h; is the number of children aged 0-17 belonging to racial/ethnic group j residing in the top 20% of
neighborhoods as defined by a given neighborhood metric. k; is the number of children belonging to
racial/ethnic group j residing in the bottom 20% of neighborhoods as defined by a given neighborhood metric.
n; is the total number of children belonging to racial/ethnic group j. The resulting metric will vary between -1
(all children in group j reside in bottom 20% of neighborhoods) and +1 (all children in group j reside in the top
20% of neighborhoods). We compute I; separately for Asian, Black, Hispanic, Indigenous (American Indian or
Alaska Native) and non-Hispanic White children. We find that for all metrics, Asian and White children have I;
values greater than zero for all neighborhood metrics, while Black, Hispanic and Indigenous children have
values less than zero for all neighborhood metrics.

To simplify presentation of results, we take the absolute value of I; and average the I; across all racial/ethnic
groups for a given neighborhood metric. The resulting metric measures the degree to which children of
different races/ethnicities are concentrated at either the top or bottom of the neighborhood distribution.
Larger values indicate greater concentration at either top or bottom of the neighborhood distribution.

RESULTS

Predictive validity of COl component indicators
The following analyses show that the COl components are predictive of important health and socioeconomic
outcomes. We will also discuss some limitations to the predictive validity analyses.

Using census tract level data, we estimated OLS regressions of socio-economic outcomes on COI 3.0
component indicators. For a given component indicator, we then averaged the R? values from these
regressions separately across health and socioeconomic outcomes. We report the resulting two averaged R?
values for every component indicator in Figures 1a and 1b. The sign of the regression coefficients was positive
in all but a few cases. If the association between a component indicator and outcomes was negative, we
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multiplied the R? value from these regressions with -1 so that we can still display results for those indicators
alongside the others in Figure 1b.

Overall, COl component indicators are more predictive of health than socioeconomic outcomes. This in part
reflects the fact that the health outcomes are model-based estimates, and the models used to estimate them
include indicators taken from the American Community Survey. Some of these indicators (or closely related
indicators calculated from the same underlying sample) are included in the Child Opportunity Index, but also
other composite neighborhood indices such as the Area Deprivation Index (ADI) or Social Vulnerability Index
(SVI1). The socioeconomic outcomes, while also model-based, are not estimated as a function of ACS variables,
and therefore there is no “built-in” association between them and COI components or neighborhood metrics.

In part reflecting this deterministic relationship, most of the variables that are strongly associated with health
and socioeconomic outcomes are sourced from the American Community Survey (ACS). School poverty,
reading and math test scores and mobility-enhancing friendship networks are among the most predictive
variables that are not—or in case of friendship networks, only partly—sourced from the ACS. These three
variables are also among the top-five most powerful predictors of socioeconomic outcomes. Around half of the
component indicators have average R? values of 10% or less, and about one third have average R? values of
five percent or less.

Figure 1 also shows that median household income has the highest predictive validity across both sets of
outcomes. This is why we have selected it as the single-indicator metric of neighborhood context in the
analysis comparing multi- and single-indicator metrics below.

We caution against placing too much emphasis on the predictive validity analysis in the overall assessment of
neighborhood metrics. The bivariate associations reported here are biased estimates of the causal effect of
neighborhood variables on outcomes. The estimated associations are likely upwardly biased by failing to
control for important individual-level confounders. For health outcomes, the estimated associations are also
upwardly biased because these outcomes are estimated using variables that are included in the COI, as well as
the ADI and SVI. Similarly, estimated association might sometimes be downward biased. For example, we
observe small and even negative associations for public pre-K enrolment, likely reflecting a selective rollout of
public pre-K in lower opportunity areas, while private pre-K has a moderately strong association with different
outcomes. The negative association for NatureScore likely reflects the prevalence of high NatureScore values
in rural areas with older, less healthy populations. These limitations are further discussed below.

Association between the COI 3.0 overall index and its components

Figure 2 reports R? values from bivariate OLS regressions of the COI 3.0 overall composite index z-score on the
subdomain z-scores. It is constructed using 2018 COI data. The figure shows that the overall COl is strongly
associated with many of its subdomain components. The shared variation between the overall COl and its
subdomains exceeds 50% for eight of the 14 subdomains, and exceeds 25% for 11 of the 14 subdomains. Three
of the four subdomains associated with the health and environment domain—community safety, healthy
environments and pollution—share the least variation with the overall COI.
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FIGURE 1. AVERAGE PERCENT VARIANCE EXPLAINED IN HEALTH AND SOCIOECONOMIC OUTCOMES
BY COI 3.0 COMPONENT INDICATORS
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Note: Using census tract level data, we estimated OLS regressions of 29 health and 7 socioeconomic outcomes on COl component
indicators listed here. For a given predictor, we averaged the R? values from these regressions separately across health and
socioeconomic outcomes. In a few cases, the average association between component indicators and outcomes was negative. To
preserve this information, we multiplied the R? value from these regressions with -1 for display in this figure.
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FIGURE 2. PERCENT VARIANCE EXPLAINED IN OVERALL COI 3.0 COMPOSITE Z-SCORE BY COI 3.0
SUBDOMAIN Z-SCORES
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Note: The COI 3.0 composite z-score is a weighted average of 14 subdomain composite z-scores. The subdomain-specific weights for the
nationally-normed version of COI 3.0 are reported in Table 10. For this figure, we report R? values from bivariate OLS regressions of the
standardized overall COI 3.0 composite z-score on the standardized composite subdomain z-scores it is constructed from.

These patterns show that the overall COI strongly reflects socioeconomic inequities across U.S. neighborhoods,
i.e., inequities in schooling, educational attainment, employment, income and wealth, which are central to
understanding why neighborhoods differ in terms of the opportunities they provide. At the same time, the COI
also includes indicators and subdomains that show no or only a weak association with the overall CO|, i.e.,
variables that are largely uncorrelated with school-related and socioeconomic variables reflected in the overall
index. While uncorrelated with neighborhood school and socioeconomic variables, they nevertheless
represent important neighborhood features that have well-documented effects on health and socioeconomic
outcomes.

Association between COI 3.0 and other neighborhood metrics

Figure 3 reports R? values from bivariate OLS regressions of the COI 3.0 overall index z-score on other
neighborhood metrics. The other metrics are: Child Opportunity Index 2.0 overall index z-score, a corrected
version of the Area Deprivation Index (ADI) with component indicators properly standardized, the ADI as
published by the Neighborhood Atlas, the Social Vulnerability Index published by the CDC, the Index of
Concentration at the Extremes (income-version) and census tract median household income from the
American Community Survey.
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FIGURE 3. PERCENT VARIANCE EXPLAINED IN OVERALL COI 3.0 COMPOSITE Z-SCORE BY OTHER
NEIGHBORHOOD METRICS
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Note: This figure reports R? values from bivariate OLS regressions of the standardized overall COI 3.0 composite z-score on other
neighborhood metrics.

Figure 3 indicates that COI 3.0 has a moderate to strong association with all neighborhood metrics examined
here. COI 3.0 is most strongly associated with the COI 2.0 overall index z-score (R? = 82.9%) and the corrected
Area Deprivation Index (R? = 82.2%). It is weakly correlated with the published Area Deprivation Index. While
the associations between COIl and the other metrics are strong, the metrics are not identical. The differences
between metrics will become consequential once they are used, for example, to define eligibility for subsidies
or services.* 260

Predictive and equity validity of COI 3.0 and other neighborhood metrics

For a comparative analysis of predictive validity, we ran bivariate OLS regression for every outcome-metric pair
and recorded the R? values from each regression. For a given metric, we measure predictive validity as the
average R? value over all socioeconomic outcomes and as the average R? value over all health outcomes. Figure
4 summarizes the results.

As we found for the component indicators of COI 3.0, all neighborhood metrics explain more variation in
health than in socioeconomic outcomes. COI 3.0 explains more variation in health (average R? = 36.2%) and
socioeconomic outcomes (average R? = 26.8%) than any other metric. It is followed by COI 2.0 and the
corrected Area Deprivation Index (ADI). The Social Vulnerability Index (SVI) explains the least variation in both
health and socioeconomic outcomes. The predictive validity advantage of COI 3.0 relative to its rivals is larger
for socioeconomic than health outcomes. For example, the average R? for health outcomes is 36.2% for COI 3.0
and 33.6% for the corrected Area Deprivation Index, an eight percent advantage. The corresponding average
R? values for socioeconomic outcomes are 26.8% for COI 3.0 and 22.8% for the corrected ADI, an 18%
advantage.

To quantify equity validity, we computed an index that measures the extent to which children of a given
race/ethnicity are concentrated at either the top or bottom of the neighborhood distribution. We computed
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this index for five racial/ethnic groups using each of the neighborhood metrics. For Figure 3, we averaged the
absolute value of the index across racial/ethnic groups for a given metric, and multiplied it by 100. Larger
values indicate greater concentration of racial/ethnic groups at either top or bottom of the neighborhood
distribution measured using one of the seven metrics. COI 3.0 again outperforms the other metrics in terms of
equity validity, with the exception of the SVI. The SVI has high equity validity, but it is also the only metric that
includes one component indicator measuring racial/ethnic composition (percentage not non-Hispanic White)
and a measure that is highly correlated with migrant status (English language skills), which contribute to its
superior performance in this test.

For Figure 5, we averaged the two R? values shown for each metric in Figure 4 (health and socioeconomic
outcomes) and plotted this average predictive validity estimate against the equity validity index results also
shown in Figure 4. We hypothesized that multi-indicator, composite indices outperform single-indicator
neighborhood metrics both in terms of predictive and equity validity, which is largely supported by the data
shown in Figure 5. COI 3.0, COI 2.0 and the corrected ADI outperform the ICE (two indicators), published ADI
(de-facto two indicators), and median household income (single indicator).

FIGURE 4. ASSOCIATION OF SEVEN NEIGHBORHOOD METRICS WITH NEIGHBORHOOD HEALTH
OUTCOMES, SOCIOECONOMIC MOBILITY AND RACIAL/ETHNIC COMPOSITION

@ Health Socio-economic mobility @ Raciallethnic composition

Child Opportunity Index 3.0 - o @

Child Opportunity Index 2.0 - -
Area Deprivation Index (corrected) - @

Index of Concentration at the Extremes - (]
Social Vulnerability Index - @ @
Area Deprivation Index (published) - ® @
Median household income - » o
15 20 25 30 35

Note: To quantify the strength of the association between seven neighborhood metrics and census tract health and socioeconomic
outcomes, we estimated bivariate OLS regressions for every pair of outcomes (29 health and 7 socioeconomic mobility outcomes) and
neighborhood metric. For a given neighborhood metric, we averaged the R? values from these regressions separately across health and
socioeconomic outcomes. To quantify the association between neighborhood metrics and neighborhood racial/ethnic composition, we
computed an index that measures the extent to which children of a given race/ethnicity are concentrated at either the top or bottom of
the neighborhood distribution. Larger values indicate greater concentration of racial/ethnic groups at either top or bottom of the
neighborhood distribution measured using one of the seven metrics.
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The results for the two versions of the ADI, which use the same components but different methods for index
construction, support both hypotheses concerning the superior predictive and equity validity of composite
indices. The published ADI nearly exclusively reflects variation in two variables: neighborhood home values and
neighborhood income. In contrast, the corrected ADI is a true composite index that reflects variation in all of
its component indicators. The results show that the corrected ADI — because it reflects variation in 17 rather
than two variables — outperforms the published ADI in terms of both predictive and equity validity.

Figure 5 also shows that the ICE outperforms median household income predictively. Both metrics measure
neighborhood income. The ICE measures variation in the tails of the neighborhood income distribution, i.e.,
variation in the prevalence of either very high- or very low-income households, while median household
income focuses on the center of the neighborhood income distribution. In other words, for prediction, it is
more important to know whether there are many very high- or very low-income households in the
neighborhood than knowing the median household income.

FIGURE 5. PREDICTIVE AND EQUITY VALIDITY OF SEVEN NEIGHBORHOOD METRICS

COl13.0
o

30-
- CQOl2.0
= @ ADI (corrected)
© ICE o
S ®
2 ADI (published)
}63 o Median household income
3 25-
o

SVI
20-
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Note: For Figure 5, we averaged the average R? values for health and socioeconomic outcomes for each neighborhood metric displayed
in Figure 4. This average is plotted on the y-axis (predictive validity). The x-axis shows the index measuring the concentration of
racial/ethnic groups at either top or bottom of the neighborhood distribution measured using one of the seven metrics as shown in
Figure 4.
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DISCUSSION

The preceding analyses show that COI 3.0 is moderately to highly correlated with other leading composite
indices, but outperforms these indices both in terms of predictive validity and equity validity. It is more
strongly associated with adult health and socioeconomic outcomes (predictive validity) and neighborhood
racial/ethnic composition (equity validity) than either COI 2.0, published ADI, corrected ADI or SVI. The SVI
does well in terms of equity validity, in part because it includes measures of racial/ethnic composition, but it is
the worst performing metric among the ones tested here in terms of predictive validity.

The results presented here suggest that the COI 3.0 has desirable properties for health equity-focused research
and applications. Scholars seeking a summary measure of neighborhood context will tend to find the
neighborhood effects or inequities using COI 3.0 that are as large as or larger than those found using alternate
composite indices. Similarly, policymakers and practitioners will find that the COI powerfully measures
neighborhood structural inequities that are highly predictive of long-term health and socioeconomic
outcomes. They will also find that the COI exhibits a stronger association with racial/ethnic neighborhood
composition than most rival metrics, even though the COI does not include measures of racial/ethnic
composition among its components. Therefore, utilizing the COI for the spatial allocation of resources will tend
to benefit groups historically most affected by structural racism, and help to alleviate the profound
racial/ethnic inequities in access to neighborhood opportunity generated by structural racism.

The ADI, SVI and ICE have been designed to quantify neighborhood inequities across age groups, whereas the
COl has been designed to focus specifically on children. There are three potential explanations for the COl’s
relatively strong performance compared to these general population metrics in predicting adult socioeconomic
and health outcomes: First, adult neighborhood contexts mirror the neighborhood contexts experienced in
childhood and adolescence. Residing in a low-opportunity neighborhood as an adult therefore often reflects
exposure to low-opportunity neighborhood environments from an early age, which has cumulative effects on
educational attainment, labor market outcomes, health and social networks. Second, high-opportunity
neighborhoods might reduce parental stress by providing families with more resources that help their children
thrive. Third, regardless of whether adults have children or not, the majority of the COl component indicators
measure features that affect adults too, including access to social and economic resources and healthy
neighborhood environments.

An important limitation of the predictive validity analysis using health outcomes is that these outcomes are
constructed in part as a function of the component indicators included in the different metrics compared here.
As a result, all composite indices using ACS variables have a built-in association with health outcomes, and that
association will be stronger the more closely the index components resemble the variables used to estimate
the health outcomes. In a similar way, the high equity validity of the SVI reflects a built-in association with
neighborhood racial/ethnic composition. Further research is required that compares the predictive
performance of different composite indices using individual-level data. For example, three recent studies have
used large individual datasets to compare the predictive performance of COIl, SVI and ADI.26%2%3 Aris et al.
examine incident asthma and childhood BMI and find larger and more robust associations using the COI vs.
SVI.%6%:262 Beyer et al. examine externalizing behaviors and find larger and more robust associations using the
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ADI vs. COI.28 Similar studies, using a broader set of neighborhood metrics and outcomes, are needed to
further validate composite neighborhood indices.
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LOOKING AHEAD

Composite indices are appealing for many reasons. They turn large amounts of publicly available
neighborhood-level data into comprehensive measures of neighborhood quality for researchers. They provide
efficient and actionable metrics for policymakers and program administrators. Figure 6 shows the number of
papers listed on PubMed citing at least one of the following indices: Area Deprivation Index, Social
Vulnerability Index, Index of Concentration at the Extremes and/or Child Opportunity Index. The exponential
growth in the adoption of composite indices among scholars reflects a growing recognition of the importance
of residential environments for health inequity and a growing recognition that residential environments are
multidimensional. While there are no statistics on the applied use of composite indices by companies,
organizations and government agencies, we believe that the uptake has been no less rapid, and may be further
fueled by the rapidly growing evidence base.

More research on the construction, validation and application of composite indices is required to put their use
on a more solid scientific foundation. First, it is of critical importance that data providers are funded not just
for the development and dissemination of a new index, but for instituting rigorous quality control mechanisms
and providing detailed documentation on its construction. Second, funders, data providers and users need to
develop a shared understanding of the protocols and procedures required to establish that an index is properly
constructed.

FIGURE 6. CUMULATIVE NUMBER OF PAPERS ON PUBMED CITING ONE OF FOUR NEIGHBORHOOD
INDICES, 1999-2024
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Source: PubMed.
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For example, in its guidelines on the development and use of software as medical devices (SaMD), the U.S.
Food and Drug Administration presupposes that development and product deployment follow accepted
quality management principles in the software development/product life cycle. The guidelines also highlight
the necessity to demonstrate analytical validation, which “measures the ability of a SaMD to accurately,
reliably and precisely generate the intended technical output from the input data.”?%* Similarly, Acevedo-
Garcia et al. and Rehkopf and Phillips put forward conceptual frameworks and criteria that should govern the

development, dissemination and application of composite neighborhood indices.** 26

Third, little is known about how content and construction of composite neighborhood indices impact their
validity and application. For example, Petterson investigates the distributional effects of using two versions of
the Area Deprivation Index, i.e., which neighborhoods stand to benefit or lose from the application of a given
metric, for example, in the distribution of government funds.*®

Lastly, there is little research examining how the methods of index construction impact their content,
predictive and equity validity, and consequently it is unclear how validity can be optimized. Existing indices
could certainly be improved by refining the use of existing data or tapping into new data sources to measure
thus far unmeasured constructs. Existing indices could also benefit from refining the methods used to combine
component indicators into a composite index. Improvements along these dimensions should increase the
effectiveness of indices in applied settings, for example, by providing better measures of eligibility for a
program or policy and therefore potentially increase equity in program or policy effects. Lastly, “ground-
truthing” index components and construction is an important facet of validation. Previous research has shown
that community feedback can deepen our understanding of composite indices and their limitations, and

provide important evidence supporting further refinements.26% 267

With the Child Opportunity Index 3.0, we have put forward the most comprehensive composite neighborhood
index available to the public to date. In this document, we provide detailed documentation on its construction,
its content and its predictive validity. COI 3.0 is available to the public for download on our website and for
exploration on our interactive mapping platform, where it can be analyzed in relation to racial/ethnic
residential segregation and historical government redlining. We hope that the index and the research
supporting it will be useful to a wide community of scholars and practitioners across different fields and
sectors, and we encourage scholars and practitioners to reach out to us with their questions and comments.
We look forward to continue our interactions with an ever-growing community of COI users, and we look
forward to supporting and learning from them.
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APPENDIX 1. INDICATOR DESCRIPTIONS

EDUCATION DOMAIN

Early childhood education subdomain

Public pre-K enrollment

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Percentage of 3- and 4-year-olds enrolled in public nursery school, preschool or kindergarten

2012 - 2021

Percent

5-year ACS (api.census.gov), Table B14003

Census tract

The number of 3- and 4-year-olds enrolled in public nursery school, preschool or kindergarten
divided by the number of 3- and 4-year-olds for whom enrollment status is known, times 100.

Private pre-K enrollment

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Percentage of 3- and 4-year-olds enrolled in private nursery school, preschool or kindergarten
2012 - 2021

Percent

5-year ACS (api.census.gov), Table B14003

Census tract

The number of 3- and 4-year-olds enrolled in private nursery school, preschool or kindergarten
divided by the number of 3- and 4-year-olds for whom enrollment status is known, times 100.

Elementary education subdomain

Reading and math test scores

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Notes:

Standardized test scores in math and reading/language arts

2008/09 — 2017/18 school years

Cohort standardized (standard deviation)

Stanford Education Data Archive, Version 4.1%68% 269

School latitude/longitude

Math and reading/language arts standardized test scores, averaged over students, grades,
subjects and school years. See Appendix 2 for details on the processing of school-level data and
Appendix 4 for aggregation of school-level data to census blocks.

School-level estimates are cohort-standardized and comparable across the U.S.

Reading and math test score growth

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Notes:

Growth in standardized test scores in math and reading/language arts

2008/09 — 2017/18 school years

Cohort standardized (standard deviation)

Stanford Education Data Archive, Version 4.1%68% 269

School latitude/longitude

Math and reading/language arts standardized test score growth, averaged over students,
grades, subjects and school years. See Appendix 2 for details on the processing of school-level
data and Appendix 4 for aggregation of school-level data to census blocks.

School-level estimates are cohort-standardized and comparable across the U.S.
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Poverty-adjusted reading and math test scores

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Notes:

Poverty-adjusted standardized test scores in math and reading/language arts

2008/09 — 2017/18 school years

Standardized (standard deviation)

Stanford Education Data Archive, Version 4.1%68% 269

School latitude/longitude

Poverty-adjusted math and reading/language arts standardized test scores, averaged over
students, grades, subjects and school years. See Appendix 2 for details on the processing of
school-level data and Appendix 4 for aggregation of school-level data to census blocks.
School-level estimates are standardized and comparable across the U.S.

Secondary and post-secondary education subdomain

Advanced Placement course enrollment

Description:

Years:

Scale:

Source:

Source geography:
Definition:

College enrollment in

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Notes:

Percentage of 9th to 12th graders enrolled in at least one AP course

2011/12,2013/14, 2015/16, 2017/18 school years

Percent

U.S. Department of Education Office for Civil Rights Data Collection (CRDC)?”°

School latitude/longitude

Percentage of 9th-12th graders enrolled in at least one AP course, averaged across school years.
See Appendix 2 for details on the processing of school-level data and Appendix 4 for aggregation
of school-level data to census blocks.

nearby institutions

Percentage of 18- to 24-year-olds enrolled in nearby colleges or graduate schools

2012 -2021

Percent

5-year ACS (api.census.gov), Table B14004

Census tract

The number of individuals aged 18-24 years enrolled in nearby public or private colleges,
universities or graduate schools divided by the number of adults aged 18-24 years, times 100.
We allocated the census tract counts of individuals aged 18-24 (denominator) and individuals
aged 18-24 who are enrolled in college or graduate school (numerator) to the census block level
using block-level child population estimates as weights. We then aggregated the numerator and
denominator within a convex hull defined around each census block centroid as described in
Appendix 4.

High school graduation rate

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Percentage of ninth graders graduating from high school on time

2009/10 —2018/19 school years

Percent

U.S. Department of Education EDFacts Four-Year Adjusted-Cohort Graduation Rates Data Files?’*
School latitude/longitude

Adjusted four-year high school graduation rate. All students who enter ninth grade for the first
time form a cohort that is subsequently adjusted for transfers and deaths. The four-year
adjusted cohort graduation rate is then defined as the percentage of students of that adjusted
cohort that graduate from high school with a regular diploma in four years or less. See Appendix
2 for details on the processing of school-level data and Appendix 4 for aggregation of school-
level data to census blocks.
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Educational resources subdomain

Adult educational attainment

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Percentage of adults aged 25 and over with a college degree or higher

2012 - 2021

Percent

5-year ACS (api.census.gov), Table B15002

Census tract

The number of adults aged 25 years and older who have completed a bachelor’s degree or
higher divided by the number of adults aged 25 years and older, times 100.

Child enrichment non-profit organizations

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Teacher experience

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Notes:

School poverty

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Density of non-profit organizations providing enrichment opportunities for children, such as
after-school programs, recreational sports leagues and mentoring programs

2012 - 2021

Number of organizations per 1000 children

National Center for Charitable Statistics IRS Business Master File
Non-profit organization latitude/longitude

See Appendix 3 for further details on the data source and Appendix 4 for the aggregation of non-
profit location data to census blocks.

272

Percentage of teachers in their first and second year

2011/12, 2013/14, 2015/16, 2017/18 school years

Percent

U.S. Department of Education Office for Civil Rights Data Collection (CRDC)?”°

School latitude/longitude

Percentage of teachers in their first and second year, averaged across school years. See
Appendix 2 for details on the processing of school-level data and Appendix 4 for aggregation of
school-level data to census blocks.

According to the CRDC documentation, “[t]he number of year(s) of teaching experience
including the current year but not including any student teaching or other similar preparation
experiences. Experience includes teaching in any school, subject or grade; it does not have to be
in the school, subject, or grade that the teacher is presently teaching.”?”3

Percentage of students in elementary schools eligible for free or reduced-price lunches

2007/08 to 2020/21 school years

Percent

National Center for Education Statistics Common Core of Data (CCD)?’*

School latitude/longitude

The number of students in grades 1 through 5 who are eligible for free or reduced-price lunches
divided by the total number of students enrolled in grades 1 through 5, times 100. See Appendix
2 for details on the processing of school-level data and Appendix 4 for aggregation of school-
level data to census blocks.
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HEALTH AND ENVIRONMENT DOMAIN

Pollution subdomain

Airborne microparticles

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Notes:

Ozone concentration

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Notes:

Mean estimated microparticle concentration (PM2.5; micrograms per cubic meter)

2008 — 2020

Micrograms per cubic meter (pg/m?3)

EPA Fused Air Quality Surface Using Downscaling (FAQSD) output files?’> 276

Census tracts

Microparticle exposure is defined as the mean estimated daily 24-hour average microparticle
(PM 2.5) concentration. For every census tract, we computed the annual average across all daily
observations.

The EPA used output from a Bayesian space-time downscaling fusion model called “downscaler
model” (DS). The DS combines air quality data from State and Local Air Monitoring Stations
(SLAMS) and the Community Multiscale Air Quality (CMAQ) model to predict daily
concentrations for all U.S. census tracts (2010 definition) in the contiguous U.S. Census tract
data for Alaska and Hawaii is not available.

Mean estimated ozone concentration

2008 — 2020

Parts per billion (ppb)

EPA Fused Air Quality Surface Using Downscaling (FAQSD) output files?”> 27

Census tracts

Ozone concentration is defined as the daily maximum 8-hour average ozone concentration
within 3 meters of the surface of the earth. For every census tract, we computed the annual
average across all daily observations.

The EPA used output from a Bayesian space-time downscaling fusion model termed “downscaler
model” (DS). The DS combines air quality data from State and Local Air Monitoring Stations
(SLAMS) and the Community Multiscale Air Quality (CMAQ) model to predict daily
concentrations for all U.S. census tracts (2010 definition) in the contiguous U.S. Census tract
data for Alaska and Hawaii is not available.

Industrial pollutants in air, water or soil

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Notes:

Index of toxic chemicals released by industrial facilities (RSEI Score)

2008 — 2020

See definition

EPA 2020 Aggregated Grid Cell Microdata Core files provided by Abt Associates?””

Raster grid cell centroid latitude/longitude

The RSEI Score is calculated by combining information on the toxicity and estimated
concentration based on emissions data of over 600 toxic chemicals.

The Risk-Screening Environmental Indicators (RSEl) index measures the release, the fate and
transport through the environment, size and location of the exposed population and toxicity
level of over 600 toxic chemicals. The RSElI model uses the reported quantities of EPA Toxics
Release Inventory (TRI) to estimate the risk-related impacts associated with each type of toxic air
and water release or transfer by every TRI facility. The model relies on identifying where
facilities are located, where people live in relation to facilities and attributes of the physical
environment, such as meteorology, in the areas surrounding each facility. To locate the facilities
and attribute corresponding data, the model describes the U.S. and territories on an 810m by
810m grid. We used the Aggregated Grid Cell Microdata, which contain a grid-level index
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(ToxConc) defined as the estimated concentration of chemicals for a grid cell multiplied by an
inhalation toxicity weight, summed over all chemicals impacting the grid cell. To map grid cells to
latitude/longitude values, we used a shapefile provided by the EPA containing latitude and
longitude of every grid cell centroid. We then assigned each census block the ToxConc value of
the nearest grid cell.

Hazardous waste dump sites

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Average number of Superfund sites within a 2-mile radius

2008 —2021

Count

EPA Superfund National Priorities List (NPL)?"8

Point data (latitude/longitude)

We linked each census block to all Superfund sites within a 2-mile radius from the block centroid
that were uncleaned in a given year, and counted the number of uncleaned sites meeting these
criteria for every block and year.

Healthy environments subdomain

Fast food restaurant density

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Notes

Percentage of restaurants that serve fast food

2008 — 2021

Percent

DataAxle company database

Point data (latitude/longitude)

Percentage of nearby restaurants that serve fast food.

We first limit our universe of entities to those within the restaurant industry using Standard
Industrial Classification (SIC) codes self-reported by businesses. We then conduct both manual
coding and entity name keyword searching to assemble a training dataset comprised of
restaurants that serve fast food and those that do not. Next, we utilize natural language
processing techniques, specifically employing word embeddings derived from the OpenAl text-
embedding-ada-002 model. These embeddings allow us to encode semantic information from
company names into numerical vectors. By combining these embeddings with SIC codes and
other entity-specific information such as business size and number of employees, we apply
LASSO for feature selection. We employ a random forest classifier based on the selected
features to classify entities as fast food vs. non-fast food restaurants. We remove entities
identified as fast food restaurants from the universe of entities and repeat the process to classify
the remaining entities either as full-service restaurants or non-restaurants. To quantify the
accuracy of our approach, we sampled observations at random and manually classified them.
The accuracy of our model for fast food restaurants and all types of restaurants were 89% and
87%, respectively. We then construct the fast food density indicator as the percentage of
restaurants (fast food and full service) that are fast food restaurants. Appendix 4 describes how
we aggregate the point-level information on the location of restaurants to the block-level.

Healthy food retailer density

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Percentage of retailers selling healthy food

2008 — 2021

Percent

DataAxle company database

Point data (latitude/longitude)

Percentage of nearby food retailers selling healthy food. See Appendix 4 for aggregation of
point-level data to census blocks.
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Description:

Years:

Scale:

Source:

Source geography:
Definition:

Notes:
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We first limit our universe of entities to those within the food retail industry using Standard
Industrial Classification (SIC) codes self-reported by businesses. We then conduct both manual
coding and entity name keyword searching to assemble a training dataset comprising businesses
that are food retailers and those that are not (for example, liquor or conveniences stores). Next,
we utilize natural language processing techniques, specifically employing word embeddings
derived from the OpenAl text-embedding-ada-002 model. These embeddings allow us to encode
semantic information from company names into numerical vectors. By combining these
embeddings with SIC codes and other entity-specific information such as business size and
number of employees, we apply LASSO for feature selection. We employ a random forest
classifier based on the selected features to classify entities as healthy food retailers vs.
unhealthy food retailers. We remove entities identified as healthy food retailers from the
universe of entities and repeat the process to classify the remaining entities either as food
retailers or non-food retailers. To quantify the accuracy of our approach, we randomly sampled
observations and manually classified them. The accuracy of our model for healthy food retailers
and all types of food retailers were 89% and 91%, respectively. Appendix 4 describes how we
aggregate the point-level information on the location of restaurants to the block level.

Index of fast food restaurant and healthy food retail density

2008 — 2021

Index value (standard deviations)

DataAxle company database

Census block

Index of fast food restaurant and healthy food retail density

The index is computed as the weighted average of the fast food restaurant density and healthy
food retailer density component indicators. To combine the two component indicators into the
healthy food index, we used the same algorithm that was used to combine component
indicators into subdomain scores. Only the healthy food access index is included in calculation of
the healthy environments subdomain score.

Extreme heat exposure

Description:
Years:
Scale:
Source:

Source geography:
Definition:
Notes:

NatureScore

Description:

Years:
Scale:
Source:

Number of summer days with maximum temperatures above 90 degrees Fahrenheit

2008 — 2021

Count

North American Land Data Assimilation System Phase 2 (NLDAS-2) Primary Forcing Data
(NLDAS_FORAO0125 H), NASA Goddard Earth Sciences Data and Information Services Center?’®
Raster grid cell centroid latitude/longitude

Number of summer days with maximum temperatures above 90 degrees Fahrenheit.

The number of extreme heat days, or days over 90F, was calculated using data from NASA's
North American Land Data Assimilation System Phase 2 (NLDAS). These data consist of hourly
temperature measurements covering the contiguous U.S. states. Data for Alaska and Hawaii is
not available. Temperature measurements are interpolated to fill a 1/8 by 1/8 degree raster grid.
Each census block was assigned the 5-year average number of extreme heat summer days of the
grid cell nearest to the block’s centroid.

NatureScore measures exposure to healthy natural environments using data on green space,
tree canopies, parks, and air, noise and light pollution

2018, 2020

Index units ranging from 0 to 1

NatureQuant
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Walkability

Description:
Years:
Scale:
Source:

Source geography:
Definition:
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Census block

NatureScore is a proprietary index measuring the quantity and quality of healthy, green and
natural environments. It is constructed from datasets of different environmental features,
including satellite images of vegetation and land use, data on parks, tree canopy, noise levels,
artificial light, air pollution, buildings, roads, and aerial and street view images. The index uses
machine learning to construct a weighted average, where weights reflect the components
association with health outcomes.1>%; 248

NatureScore data is not publicly available. NatureScore was not available before 2018. We
linearly interpolated the 2019 value from 2018 and 2020 data. We used the 2018 values for the
period from 2012 to 2017 and the 2020 value for 2021.

EPA Walkability Index

2020

Index units ranging from 1 (least walkable) to 20 (most walkable)

U.S. Environmental Protection Agency and U.S. General Services Administration Smart Location
Database, version 3, January 2021280 281

Census block groups

The walkability index was developed by the EPA and uses 2018 Census TIGER/Line geographic
definitions. It is a weighted average of four block group features that predict the likelihood of
residents making walk trips: (1) street intersection density, weighted to reflect connectivity for
pedestrian and bicycle travel; (2) distance from population centers to nearest transit stop in
meters; (3) the mix of employment types in a block group (such as retail, office or industrial) and
(4) the mix of employment types and occupied housing. A block group with a diverse set of
employment types (such as office, retail and service) plus many occupied housing units will have
a relatively high value. Blocks were ranked on each score and assigned a rank score from 1 to 20
based on their quantile position, where a higher score indicates a greater probability of walking.
To calculate the index, the four rank scores are averaged, where intersection density and
proximity to transit stops receive a weight of 1/3 and employment mix and household mix
receive a weight of 1/6, respectively. Source variables were gathered for somewhat different
time points that represent conditions over the period from 2018 to 2020.2%°

Safety-related resources subdomain

Community safety-related non-profits

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Vacant housing

Description:

Years:

Scale:

Source:

Source geography:

Density of non-profit organizations focused on increasing community safety (number of
organizations per 1,000 children)

2012 - 2021

Number of organizations per 1,000 children

National Center for Charitable Statistics IRS Business Master File
Non-profit organization latitude/longitude

See Appendix 3 for further details on the data source and Appendix 4 for the aggregation of non-
profit location data to census blocks.

272

Percentage of housing units that are vacant
2012 - 2021

Percent

5-year ACS (api.census.gov), Table B25002
Census tract
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The number of vacant housing units, excluding housing units for seasonal, recreational and
occasional use, divided by the number of total housing units, times 100.

Information on vacancy status in the ACS was obtained both through internet self-responses and
personal interviews. Before 2013, it was obtained only via personal interviews for a sample of
cases.?8?

Health resources subdomain

Health-related non-profits

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Density of non-profit organizations providing health-related services (number of organizations
per 1,000 children)

2012 - 2021

Number of organizations per 1,000 children

National Center for Charitable Statistics IRS Business Master File
Non-profit organization latitude/longitude

See Appendix 3 for further details on the data source and Appendix 4 for the aggregation of non-
profit location data to census blocks.

272

Health insurance coverage

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Percentage of individuals aged 0-64 with health insurance coverage

2012 - 2021

Percent

5-year ACS (api.census.gov), Table B27001

Census tract

The number of individuals aged 0-64 with health insurance coverage divided by the number of
individuals aged 0-64, times 100.

SOCIAL AND ECONOMIC DOMAIN

Employment subdomain

Employment rate

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Percentage of adults aged 25-54 years who are employed

2012 - 2021

Percent

5-year ACS (api.census.gov), Table B23001

Census tract

The number of adults aged 25-54 years who are employed in the civilian labor force divided by
the number of adults aged 25-54 years, times 100.

High-skill employment rate

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Percentage of individuals aged 16 years or older who are employed in high-skill occupations
2012 - 2021

Percent

5-year ACS (api.census.gov), Table C24010

Census tract

The number of individuals aged 16 years and over who are employed in management, business,
financial, computer, engineering, science, education, legal, community service, health care
practitioner, health technology or arts and media occupations divided by the number of
individuals aged 16 years and over, times 100.
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Full-time, year-round earnings

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Median earnings in the past 12 months for civilian employees working full-time, year-round
2012 - 2021

2021 U.S. Dollars

5-year ACS (api.census.gov), Table B24022

Census tract

Median earnings in the past 12 months for civilian employees working full-time, year-round. Full-
time, year-round work is defined as working 35 hours or more per week for 50 to 52 weeks in
the past 12 months.

Economic resources subdomain

Median household income

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Poverty rate

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Public assistance rate

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Median household income

2012 -2021

2021 U.S. Dollars

5-year ACS (api.census.gov), Table B19013
Census tract

Median income across all households.

Percentage of individuals living in households with income below 100% of the federal poverty
threshold

2012 - 2021

Percent

5-year ACS (api.census.gov), Table B17001

Census tract

The number of individuals of all ages living in households with incomes below 100% of the
federal poverty threshold divided by the number of individuals of all ages living in households for
whom poverty status could be determined, times 100.

Percentage of households receiving cash public assistance or Food Stamps/Supplemental
Nutrition Assessment Program (SNAP)

2012 - 2021

Percent

5-year ACS (api.census.gov), Table B19058

Census tract

The number of households receiving cash public assistance or Food Stamps/Supplemental
Nutrition Assessment Program (SNAP) divided by the number of households, times 100.

Concentrated socioeconomic inequity subdomain

Adults with advanced education degrees

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Percentage of adults aged 25 and over with master’s, professional or doctoral degrees

2012 - 2021

Percent

5-year ACS (api.census.gov), Table B15002

Census tract

The number of individuals aged 25 or older with a master’s degree, professional school degree,
or doctorate degree divided by the number of all individuals aged 25 or older, times 100.
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Very high-income households

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Percentage of households with income greater than $125,000 in the past 12 months

2010 -2021

Percent

5-year ACS (api.census.gov), Table B15002

Census tract

The number of households with income greater than $125,000 in the past 12 months divided by
the number of households, times 100.

Adults without a high school degree

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Percentage of individuals aged 25 and older without a high school degree

2010-2021

Percent

5-year ACS (api.census.gov), Table B15002

Census tract

The number of individuals aged 25 or older without a high school degree, divided by the number
of all individuals aged 25 or older, times 100.

Very low-income households

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Percentage of households with income less than $20,000 in the past 12 months

2012 -2021

Percent

5-year ACS (api.census.gov), Table B15002

Census tract

The number of households with income less than $20,000 in the past 12 months divided by the
number of households, times 100.

Housing resources subdomain

Broadband access

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Crowded housing

Description:

Years:

Scale:

Source:

Source geography:
Definition:

Notes:

Percentage of households with connections to high speed broadband internet

2017 - 2021

Percent

5-year ACS (api.census.gov), Table $S2801

Census tract

The number of households with connections to high speed broadband internet (including cable,
fiber optic and DSL connections) divided by the number of households, times 100.

Percentage of housing units with more than one occupant per room

2012 -2021

Percent

5-year ACS (api.census.gov), B25014

Census tract

The number of households with more than one occupant per room divided by the number of
households, times 100.

The following types of rooms are included in the count: “living rooms, dining rooms, kitchens,
bedrooms, finished recreation rooms, enclosed porches suitable for year-round use, and lodger's
rooms. [...] [P]ullman kitchens, bathrooms, open porches, balconies, halls or foyers, half-rooms,
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utility rooms, unfinished attics or basements, or other unfinished space used for storage” are not
counted.?®

Homeownership rate

Description: Percentage of occupied housing units that are owner-occupied

Years: 2012 -2021

Scale: Percent

Source: 5-year ACS (api.census.gov), B25003

Source geography: Census tract

Definition: Number of occupied housing units that are owner-occupied divided by the number of occupied

housing units, times 100.
Social resources subdomain

Mobility-enhancing friendship networks

Description: Prevalence of high-socioeconomic status (SES) friends among low-SES individuals (economic
connectedness)

Years: 2022

Scale: Index units

Source: Opportunity Insights?2% 283

Source geography: 2022 ZIP codes

Definition: Economic connectedness is defined as two times the share of high-SES friends among low-SES
individuals, averaged over all low-SES individuals in the ZIP code.

Notes ZIP code estimates of economic connectedness were allocated to 2010 census tracts using USPS

ZIP Code Crosswalk Files published by the U.S. Department of Housing and Urban Development
Office of Policy Development and Research (PD&R).284 285 For a census tract that intersects with
more than one ZIP code, the tract estimate is computed as the weighted average of the
intersecting ZIP codes, where weights are the proportion of the census tract’s addresses with a
given ZIP code.

Single-headed households

Description: Percentage of single-parent family households

Years: 2012-2021

Scale: Percent

Source: 5-year ACS (api.census.gov), Table B17010

Source geography: Census tract

Definition: The number of single-parent (male householder with no wife present or female householder

with no husband present) family households with children aged 0-17 years related to the
householder divided by the number of family households with children aged 0-17 related to the
householder, times 100.

Notes: For ACS tabulations, a family “consists of a householder and one or more other people living in
the same household who are related to the householder by birth, marriage, or adoption. All
people in a household who are related to the householder are regarded as members of his or her
family. A family household may contain people not related to the householder, but those people
are not included as part of the householder’s family in tabulations.”28?

Non-profit organizations

Description: Density of non-profit organizations (number of organizations per 1,000 children)
Years: 2012 -2021
Scale: Number of organizations per 1,000 children
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Source: National Center for Charitable Statistics IRS Business Master File?”?
Source geography: Non-profit organization latitude/longitude
Definition: See Appendix 3 for further details on the data source and Appendix 4 for the aggregation of non-

profit location data to census blocks.
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APPENDIX 2. SCHOOL DATA

OVERVIEW

COI 3.0 includes seven indicators calculated from school-level data listed in Table A2.1. In this section, we

describe the protocol for processing school-level data up until the point of aggregation to the block level,

which is described in Appendix 4.

We lack school-level data for several indicators after 2017/18. Standardized testing and reporting of school-

level data were disrupted by the COVID pandemic starting with the 2019/20 school year, and post-pandemic

data from several of the sources utilized here is not yet available nationwide. We expect to retroactively

update these indicators with future updates of the Child Opportunity Index.

TABLE A2.1. COI 3.0 COMPONENT INDICATORS SOURCED FROM SCHOOL DATA

Indicator

Description (Source)

Universe

School Years

READING AND MATH TEST
SCORES

READING AND MATH TEST
SCORE GROWTH

POVERTY-ADJUSTED
READING AND MATH TEST
SCORES

ADVANCED PLACEMENT
(AP) COURSE ENROLLMENT

HIGH SCHOOL GRADUATION
RATE

TEACHER EXPERIENCE

SCHOOL POVERTY

Average school-wide standardized test
scores in math and reading/language
arts (SEDA)

Average school-wide standardized test
score growth rates in math and
reading/language arts (SEDA)

Poverty-adjusted average school-wide
standardized test scores in math and
reading/language arts (SEDA)

Percentage of 9t"-12t" graders enrolled
in at least one AP course (CRDC)

Percentage ninth graders graduating
from high school on time (EdFacts)

Percentage teachers in their first and
second year, reversed (CRDC)

Percentage students in elementary
schools eligible for free or reduced-
price lunches, reversed (CCD)

Public elementary
schools

Public elementary
schools

Public elementary
schools

Public high
schools

Public high
schools

Public elementary
schools

Public high
schools

Single estimate covering
2007/08 through 2017/18

Single estimate covering
2007/08 through 2017/18

Single estimate covering
2007/08 through 2017/18

2009/10 to 2018/19
(biannual)

2010/11 to 2018/19
(annual)

2009/10 to 2018/19
(biannual)

2007/08 to 2020/21
(annual)
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We utilized school data from the following sources:

National Center for Education Statistics Common Core of Data (CCD): The CCD is an annual database of
all public elementary and secondary schools published by the U.S. Department of Education’s National
Center for Education Statistics. From the CCD, we drew a comprehensive list of public schools as well
as information on total and grade-specific enrollment counts, total enrollment counts by
race/ethnicity, number of students eligible for free and reduced-price lunches (FRPL), school location
(longitude and latitude) and other school features, including whether it is subject to the Community
Eligibility Provision (see below).?’% 28

Stanford Education Data Archive (SEDA) Version 4.1: The SEDA data files contain school-level data on
math and reading proficiency that is comparable across states. It is based on standardized tests
administered in grades three to eight across all U.S. public schools during the school-years 2007/08
through 2017/18.268: 269

U.S. Department of Education EDFacts State Assessments in Mathematics and Reading/Language Arts
Data Files: We used EDFacts assessment files to retrieve information on the number of students that
are economically disadvantaged for all public schools enrolling students in grades three to eight.
Annual data was available from the 2009/10 to 2018/19 school years.?®’

U.S. Department of Education EDFacts Four-Year Adjusted-Cohort Graduation Rates Data Files: We
used publicly available EDFacts assessment files to retrieve information on the number of students
that are economically disadvantaged for all public high schools, as well as high school graduation rates

for all public high schools. Annual data was available from the 2009/10 to 2018/19 school years.?”*

U.S. Department of Education Office for Civil Rights Data Collection (CRDC): The CRDC is a biennial
survey required by the U.S. Department of Education’s Office for Civil Rights (OCR). It collects data
from all public local educational agencies (LEA) and schools.?’® We retrieved data on student’s
enrollment in at least one AP course and teachers in their first or second year of teaching. We used
data from the following school-years: 2011/12, 2013/14, 2015/16, 2017/18 school years. Data from
2009/10 was omitted because of quality concerns.

UNIVERSE OF SCHOOLS
To define our universe of schools, we begin with all schools listed in the NCES Common Core of Data (CCD). We

then remove schools if they meet any of the following criteria:

Schools located outside the 50 states and Washington, D.C.

Schools with missing data on latitude or longitude, or schools matching any of the following
coordinates: zero degrees latitude and longitude, degrees of latitude greater than zero or degrees of
longitude greater than -50

Schools for which kindergarten is the highest grade
Schools for which adult education is the highest grade

Schools with zero or missing total enrollment
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e Schools that are virtual only. We include all schools that are non-virtual or have missing virtual status,
a category inflated by the COVID pandemic for the 2019/20 and 2020/21 school years

e We excluded schools designated as “special education” schools. Furthermore, we excluded schools
with names designating that they are serving either children with special needs or are affiliated with
hospitals, children’s homes, prisons or jails or schools for rehabilitating juvenile offenders. Specifically,
we excluded schools if their name matched a list of 37 terms such as, “for the blind,” “jail,” “prison,”

L

“psychiatric,” “children’s home” or “transition services.”

We define two universes of schools: public elementary schools that have at least one student enrolled in
grades one to five and public high schools that have at least one student enrolled in grades nine to 12. We
omit schools solely enrolling students in grades six to eight from our universe. Each of our school indicators
(see Table 1) is computed for one of those two universes. We use all schools enrolling at least one student in
grades one to five to compute school poverty, academic proficiency and teacher experience, and all schools
enrolling at least one student in grades nine to 12 to compute high school graduation and AP enrollment.
Across the 2007/8 to 2020/21 school years, the resulting dataset includes between 92,000 and 93,000 schools
per school year.

The following sections describes the processing of SEDA, CCD, CRDC, and EDFacts school-level datasets used to
generate the school level indicators listed in Table 1. Appendix 4 describes how census blocks were linked to
nearby schools and how school data described in this section was aggregated to the block level to construct
annual, block-level indicators based on school data.

SCHOOL POVERTY

School poverty is defined as the percentage of students in grades one to five eligible for free and reduced-price
lunches (FRPL) as reported in the NCES CCD. With the introduction of the Community Eligibility Provision (CEP)
in a growing number of states beginning with the 2011/12 school year, all students within a district gain access
to free meals, regardless of the student composition of a specific school.?® Thereby, the introduction of CEP
systematically biases the spatial measurement of school poverty using FRPL-eligible students counts within and
across school districts. Under the CEP, a school-level estimate of 100% FRPL eligibility might reflect district-
wide policies and likely overstates the amount of economic need in at least some schools in the district.2%®
Because we equate FRPL status with poverty, the CEP likely inflates FRPL eligibility for some schools in poorer
districts.

As proposed by Fahle et al., we correct for this bias by setting FRPL status to missing for schools subject to the
CEP and then impute it.2%° Before CEP’s introduction, there already were a limited number of schools with
missing FRPL status—7% in the 2008/09 school year. However, after setting FRPL to missing for schools
reporting to be eligible for CEP, the number of schools with missing FRPL status increases steadily over time
and reaches 23% of schools in our universe for the school poverty indicator in the 2020/21 school year. After
finding evidence of FRPL misreporting during the introduction of CEP in California, we set FRPL counts to
missing for all Californian schools in the 2011/12 school year.

The increasing rate of missingness biases estimates of school poverty, because missingness becomes a function
of economic need. For this reason, we impute missing FRPL status using, first, Multiple Imputation by Chained
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Equations (MICE) to impute missing feature data, and then Random Forests to predict FRPL status.?% 289 We
use school-level racial/ethnic composition— the proportion of students who are economically disadvantaged
(EDFacts)—and school latitude and longitude as main features predicting FRPL status. We take advantage of
the panel structure of the data by using lead and lagged feature data and lead and lagged FRPL status. We first
create MICE imputed datasets for a given school year with contemporaneous, lead and lag features, and then
run a Random Forest year by year to predict the proportion of students eligible for FRPL. The average cross-
validated R? in the training data is 0.96 and shows no trend over time (min = 0.88, max = 0.98). We observe the
lowest R? (0.88) in 2012, the year in which the CEP was introduced. We then use the Random Forest model
results to predict the proportion of students eligible for FRPL whenever missing. The resulting dataset contains
fully imputed racial/ethnic composition, percent students economically disadvantaged and counts of students
eligible for FRPL status for all schools in our universe.

We use this data to compute the school poverty COl component indicator at the census block-level using the
methods described in Appendix. We also use this dataset to process and impute school-level data on teacher
experience and academic proficiency. Lastly, we created a similar dataset for our universe of public high
schools that we use for processing and imputing school data on AP enrollment and high school graduation.

READING AND MATH TEST SCORES

We obtained school-level data on reading and math proficiency from the Stanford Education Data Archive
(SEDA), Version 4.1. The SEDA files include school-level estimates of students’ reading and math proficiency
based on internal Department of Education data. SEDA reading and math proficiency estimates are based on
school-level data collected through nationally mandated standardized tests administered across grades 3-8
over the school years 2008/9 through 2017/18. Test score data is processed so that the resulting proficiency
metrics are comparable across U.S. states that administer different tests and apply different reporting
standards. We obtain two metrics of learning/proficiency from the SEDA data, average school-level
reading/math proficiency and average school-level reading/math test score growth. We also construct a third
metric, poverty adjusted reading/math proficiency, described further below. School-level proficiency and test
score growth estimates combine test scores from all school years, grades and groups of students and combine
math and reading test results. Therefore, for each school, we have a single estimate of reading and math
proficiency (and reading/math proficiency growth) that combines data collected across the 2008/09 through
2017/18 school years.

We obtain variables from the SEDA data files that measure reading and math proficiency (pooled, cohort-
standardized Empirical Bayes estimates) at the school- and district-level, as well as reading and math
proficiency growth rates at the school- and district-level. We merge this school- and district-level proficiency
data onto the fully imputed data file described in the preceding section containing annual school-level data,
which captures all schools in our universe of elementary schools observed from the 2008/09 school year
onwards.

In the resulting merged data file, 4% of observations had missing data on average reading/math proficiency,
and 21% of schools lacked data on reading/math test score growth. We examined whether the missing pattern
for each variable shows a gradient with respect to the proportion of students eligible for FRPL. The presence of
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a gradient would likely result in biased block-level proficiency estimates, for example, if schools in poorer
communities were more likely to have missing proficiency data. We detected no gradient for the missing rate
on average reading/math proficiency, and therefore dropped all observations with missing data on average
reading/math proficiency. We found an inverse FRPL gradient for missingness on reading/math test score
growth. We observed the highest percentage of missing data (24%) among the 20% of schools with the lowest
proportion of students eligible for FRPL, and we observe the lowest percentage of missing data (17%) among
the 20% of schools with the highest proportion of students eligible for FRPL. We therefore imputed
reading/math test score growth first using MICE to impute features with missing data (four percent missing on
reading/math test scores) and then Random Forest to impute missing test-score growth data. The cross-
validated R? in the training data was 0.92. After imputing reading/math test score growth, we took total
enrollment weighted averages of the imputed observations across school years, and also computed total
enrollment weighted proportions of students eligible for FRPL. We then combined time-invariant estimates of
reading/math proficiency, partially imputed estimates of reading/math test score growth and the proportion
of students eligible for FRPL in a dataset for further processing.

The use of unadjusted measures of average reading/math proficiency as indicators of school quality is often
criticized because of the very strong relationship between student composition and proficiency scores.
Because test scores are strongly associated with features of students’” home environments, they might
primarily reflect educational resources available within families and say relatively little about the quality of
instruction and overall effectiveness of schools.>® 7! For example, the correlation between proportion students
eligible for FRPL and unadjusted average student proficiency is very strong (Pearson’s rho =-0.79).

To address the concern that (unadjusted) reading/math proficiency primarily reflects home and not school
environments, the elementary education subdomain in COI 3.0 combines reading/math proficiency with test
score metrics that are weakly correlated or uncorrelated with school poverty: test score growth, which is only
weakly correlated with the proportion of students eligible for FRPL (Pearson’s rho = -0.15), and poverty-
adjusted test scores, which are uncorrelated with school poverty by construction.

To construct poverty-adjusted proficiency estimates, we follow the approach outlined by Angrist et al. and
regression-adjust average school reading/math proficiency using the proportion of students eligible for FRPL.”*
We first standardize school average proficiency and percentile-transform the proportion FRPL, by first ranking
schools on FRPL and then grouping them into 100 groups containing one percent of schools each. We then
regress standardized proficiency non-parametrically on percentile-transformed FRPL status. The residual from
this regression is our poverty-adjusted measure of average school reading/math proficiency. It is uncorrelated
with the proportion of students eligible for FRPL by construction, but still strongly correlated with unadjusted
average school reading/math proficiency (Pearson’s rho = 0.61).

The resulting data-file contains three time-invariant proficiency estimates per school. We standardize each

estimate across schools using the z-score transformation.

TEACHER EXPERIENCE
We obtain school-level data on the proportion of teachers in their first or second year of teaching from the
NCES CRDC data. CRDC data is available biennially for the 2011/12, 2013/14, 2015/16, and 2017/18 school
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years. We merge this data with the fully imputed file, capturing our universe of elementary schools described
in the “School Poverty” section, and also merge in time-invariant reading and math proficiency estimates
described in the preceding section. We subset the resulting data file to those school years with available CRDC
data. The annual missing rate for teacher experience varies between three and five percent. We impute the
missing observations first using MICE and then Random Forest using an approach similar to the one described
in the “School Poverty” section. The cross-validated R? in the training data was 0.65. Lastly, we take total
enrollment weighted averages of the number of teachers in their first/second year and the total number of
teachers across the four school-years included in the analysis. The resulting data file contained time-invariant
measures of the number of teachers in their first/second year and the total number of teachers.

HIGH SCHOOL GRADUATION RATE

The high school graduation rate indicator is defined as the four-year adjusted cohort graduation rate: All
students who enter ninth grade for the first time form a cohort that is subsequently adjusted for transfers and
deaths. The four-year adjusted cohort graduation rate is then defined as the percentage of students of that
adjusted cohort who graduate from high school with a regular diploma in four years or less. Annual, school-
level data on high school graduation was available for the 2010-11 through 2018-19 school years.

For privacy protection in the publicly released EDFacts data files, graduation rates are bounded into intervals in
many cases. Roughly 50% of values are reported as intervals that are five- or 10-percentage-point-wide
intervals, e.g. 90-95% or 70-80%. Twenty percent of values are bounded into wider intervals, and about 30%
are reported as integer percentages, e.g., 91%. To obtain comparable data across all schools, we impute
integer percentages for all graduation rates reported as intervals.

We first merged the EDFacts data files with our data file containing the universe of high schools and fully
imputed school features described in the Section “School Poverty (CCD)” above and subset to the school years
with available high school graduation rate data. The resulting dataset has between 20,000 and 21,000 high
schools each year for the 2010/11 to 2018/19 school years. Next, we generated a high school graduation rate
variable for training a Random Forest. The variable contains either percentage graduation rates reported with
integer precision or the midpoint of interval-reported graduation rates that are reported as a five-percentage-
point-wide interval. We then predict this variable using a Random Forest, taking advantage of the panel
structure of the data by using lead and lagged feature data and lead and lagged graduation rates, as well as the
lower and upper bound of the interval-reported graduation rates. We first create MICE imputed datasets for a
given school year with fully imputed contemporaneous, lead and lag features, and then run the Random
Forest. The average cross-validated R? in the training data is >0.99 across all school years. Lastly, we use the
Random Forest model results to predict the integer percentage graduation rate for all interval-reported
graduation rates, including those reported with a five-percentage-point-wide interval.

AP ENROLLMENT

AP courses are courses sponsored by the College Board, through which students may earn college credit and

advanced college placement by demonstrating mastery on accompanying standardized AP exams. We obtain
school-level data on the number of students enrolled in AP courses from the NCES CRDC data, and also retain
data on the number of students taking SAT or ACT tests that will be used to impute AP enrollment in some
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cases. CRDC data is available biennially for the 2011/12, 2013/14, 2015/16, and 2017/18 school years. We
merged this data with the fully imputed file capturing our universe of high schools described in the “School
Poverty (CCD)” section, and also merge in data on high school graduation rates described in the preceding
section. We subset the resulting data file to those school years with available CRDC data. We define AP
enrollment as the school-reported percentage of students enrolled in grades nine through 12 (NCES CCD) who
are taking at least one AP course (CRDC). The AP enrollment rate was missing for 19% of observations across
all years. We impute the missing observations first using MICE and then Random Forest using an approach
similar to the one described in the “School Poverty” section. The cross-validated R? in the training data was
0.92. Lastly, we took 9th-12th grade enrollment weighted averages of the AP enrollment rate across all school
years with available CRDC data. The resulting data file contained time-invariant measures of students enrolled
in AP courses and the number of students enrolled in grades nine through 12.
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APPENDIX 3. NON-PROFIT DATA

Non-profit organizations generate social capital and provide community-focused services.?!® 222223 They
provide community members with opportunities for volunteering and socializing, sometimes across social
groups and classes. They also provide educational, health, and safety-related services to communities and take
on important social safety-net functions. Scholars have highlighted the role non-profit organizations play to
address racial, economic and other inequalities.?®® 2! Non-profit organizations play a crucial role in
neighborhoods by fostering institutional environments where knowledge sharing, social connections, and
positive community experiences thrive. The COI 3.0 captures three pathways through which non-profit
community organizations are associated with improved child neighborhood opportunity: provision of
educational and health-related services and opportunities, reduction in violence and crime, and providing civic
infrastructure that supports the development of positive social capital % 175 222 292; 293

We measure the local density of non-profit organizations by counting—at the census block level-the number of
“nearby” (see below) 501c3s. 501c3 organizations represent a special sector of public-oriented organizations
that are tax exempt because they exist for charitable purposes. The IRS defines charitable purposes to broadly
include religious, educational, scientific, athletic, and social support organizations that engage in pro-social
activities, including, for example: poverty relief, community service, educational activities, and amateur sports
leagues.?®* 501c3 organizations are distinct from advocacy organizations in that they are prohibited from direct
or indirect participation in any political campaigns, and are distinct from other social enterprises in that they
are subject to a non-distribution constraint, meaning they must reinvest any profits into the organization
rather than distributing them to any private shareholder or individual.?*

The original data for the 501c3 non-profit component indicators for COl 3.0 comes from yearly tax-exempt
filings provided by every non-profit organization to the IRS. Due to the nature of the agreement between non-
profits and the IRS regarding their tax-exempt status, the IRS maintains a public database of 501c3s that is
continually updated. The National Center for Charitable Statistics (NCCS) has worked with the IRS to provide at
least yearly snapshots of this data in downloadable tables that date back to the 1980s. The Business Master
File (BMF) contains key variables on every registered non-profit entity in existence at that time. The BMF data
includes every organization registered as a non-profit for tax exemption regardless of size, unlike other sources
of non-profit data that are derived from tax forms only required from organizations with an annual revenue of
$50,000 or greater. Because the NCCS did not release the Business Master File in 2021, we linearly
interpolated census block indicators based on the IRS data for 2021 using 2020 and 2022 data.

For every organization that receives tax exempt status at the time of observation, the BMF contains their
employer identification number, national taxonomy of exempt entities (NTEE) classification label, and address.
Because many national organizations with multiple chapters use the same tax filing address, we identified
multiple filings at the same address through matching organization root names and removed duplicate
organizations that shared a name and major NTEE code. We submitted all address information for geocoding
through a commercial geocoding service (geocod.io) that takes all available address information and codes it
to the nearest geographic point (in degrees latitude and longitude), which can be a rooftop, a point in front of
a parcel on the street, or a ZIP code centroid.
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We used organizations’ NTEE codes to define three groups of non-profits:

e Child enrichment non-profits that provide service or facilitate activities that are physically, socially or
educationally enriching for children, for example: museums, recreation clubs, youth centers, after-
school programs, youth sports leagues and Big Brothers & Big Sisters programs.

e Safety-related non-profits that provide services or facilitate activities increasing community safety. We
used the classification system developed by Sharkey et al. (2017) to identify non-profits that have been
linked to reductions in violent crime, including organizations focused on crime prevention,
neighborhood development and job training.}”®

e Health-related non-profits that focus on the provision of health-related services that benefit children
and families, including hospitals, community clinics and community mental health centers.

There is overlap across groups, because some NTEE codes were used for more than one group. For example,
Big Brothers & Big Sisters non-profits were included in both the child enrichment and safety-related non-profit
groups. Using methods described in the following section (Appendix 4), we then counted up the number of
non-profits belonging to each group for a polygon (see section on convex hulls in Appendix 5) defined around
each census block to compute three indicators measuring the density of child enrichment, safety-related and
health-related non-profits. We also computed a fourth indicator that simply measured the density of non-
profits of any type.
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APPENDIX 4. POINT TO BLOCK AGGREGATION

Several COI 3.0 component indicators were computed from data on schools, food retailers or non-profit
organizations that had exact data on their exact geographic location measured in degrees latitude and
longitude. For school data, we relied on the latitude and longitude information in the Common Core of Data
(CCD). For college enrollment in nearby institutions, we allocated census tract data to blocks and used block-
level population-weighted centroids. For food retailers, latitude and longitude was provided by the vendor,
DataAxle (formerly Infogroup). For non-profit organizations (501c3s), we used a commercial geo-coding service
to convert address data to latitude and longitude.

To derive census block-level estimates from point-level (latitude/longitude) data, we used one of two
approaches: To aggregate point data on the location of non-profit organizations (501c3), restaurants and food
retailers, we constructed a convex hull around each block centroid and obtained the inverse-distance weighted
count of entities/children within each hull, further described below. To aggregate school-level point data, we
took spatially weighted averages across “nearby” (defined below) schools. Data on industrial pollutants and
temperature was available in raster format. We allocated to each block the value of the nearest raster grid cell
using the distance between the grid cell centroid and the population-weighted block centroid.

CONVEX HULLS TO FOR BLOCK-LEVEL ESTIMATES DERIVED FROM POINT DATA

To measure the density of non-profit organizations, for example, around a census block, we counted the
number of non-profits within a convex hull and divide it by the number of children residing in blocks located
within the convex hull. A convex hull is defined as the smallest convex polygon that contains all points in a set.
(The convex polygon cannot have indentations or concave portions.) We algorithmically defined a convex hull
around each census as follows: We matched each block to all other blocks within a 20-mile radius. For a given
block, we ranked nearby blocks by distance (block centroid to block centroid) from nearest to farthest. We
then defined an initially empty set of blocks, and added blocks to the set from nearest to second-nearest and
so forth until two criteria were met: The last block added to the set was at least two miles away from the focal
block and the sum of children residing in the blocks in the set (including the focal block) was equal to or
exceeded 8,000 children. The convex hull around this set of blocks is the smallest polygon that contains all
points in the set. Lastly, we summed up the number of, e.g., non-profits and children within each hull using
inverse-distance weighting.

While census tracts are drawn to contain approximately 1,000 children, we drew convex hulls to contain
approximately 8,000 children. Unlike census tracts, we did not take into consideration topographical or other
geographic features. Most convex hulls were approximately circular around the focal block, but the focal block
can also be on the boundary of the convex hull in cases where it borders a sparsely populated area. In remote
rural areas, the population criterion threshold was sometimes not met if there were not enough children
residing within the 20-mile radius of a given block. In densely populated areas, the population threshold was
sometimes exceeded because every hull has to contain at least one block that is two miles away from the focal
block.

Underlying this approach is the assumption that the proximity of geographically accessible resources varies
with population density. Residents in sparsely populated, rural areas can travel further in the same amount of
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time, because rural areas suffer less from traffic congestion. We assumed that families can travel at least two
miles to, e.g., a non-profit offering an after-school program, and that entities further than 20 miles away do
not contribute to opportunities available in a given block. The algorithm then drew smaller polygons in densely
populated urban areas, often not exceeding the minimum distance of two miles between the focal block and
the furthest block on the convex hull, because the population criterion was already met at this distance. It
drew larger polygons in rural areas, where the population threshold was only reached at larger distances. This
logic mirrors a feature of census tracts which are often smaller in urban areas and can be very large in rural
areas. The population threshold of 8,000 children corresponds to the number of children residing in about
eight 2010 census tracts. Our approach results in polygons that have a roughly equal number of children, but
differ in size. The same is true for census tracts, which can be very small in densely populated areas and very
large in rural areas.

To derive the numerator for block-level estimates, we computed inverse-distance weighted sums of the
number of entities, e.g., non-profits, within the convex hull for the numerator. The inverse-distance weights
applied to each entity were constructed as follows: They are constant, equal to one, from zero to two miles
and then decline linearly from one to 0.2 at 20 miles distance. The further an entity is outside the two-mile
radius, the less it contributes to the count of entities accessible from a given block. Lastly, the weights were
rescaled so that they sum to the number of entities within the set.

To derive the denominator, we computed either the sum of children within the hull (non-profit indicators) or
the number of entities in the underlying universe (food indicators). For the latter, the universes are the
number of all restaurants (including, e.g., full-service restaurants) for the fast food indicator, and the number
of all food retailers (including, e.g., convenience stores) for the food retail indicator. In either case, we applied
the same inverse-distance weights used for the numerator.

We computed the block-level indicator as the ratio of the number of non-profits per 1,000 children (non-profit
indicators), the percentage of restaurants (food retailers) that serve fast food (sell healthy food). For college
enrollment in nearby institutions, we computed the inverse-distance weighted total number of individuals
aged 18-24 enrolled in college or graduate school and divided it by the inverse-distance weighted number of
individuals aged 18-24.

BLOCK-LEVEL ESTIMATES FROM DATA ON NEARBY SCHOOLS

Our goal was to create block-level estimates of school features of those schools that children residing in a
given block are likely to attend based on proximity. We began by uniquely assigning each block and each
school to either a primary and a secondary geographic school district, or to a unified geographic school district.
For each block, we defined a subset of in-district schools which are nearest to the block centroid. We tried to
include a sufficient number of schools to obtain robust indicator estimates without adding schools that are so
distant that children are unlikely to attend them. We then applied inverse distance weighting to place a
greater emphasis on the nearest schools and their characteristics. With the exception of high school
graduation and AP enrollment, which are measured for high schools, school indicators are measured for
elementary schools. For precise definitions of the school universes, see Appendix 2.
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Data on schools, school districts and census blocks

We relied on the National Center for Education Statistics (NCES) Composite School District Boundary
shapefiles, which combine primary, secondary, and unified school district boundaries from the Census
Bureau’s TIGER/Line shapefiles. These shapefiles are published annually, reflecting incremental changes in
districts and district boundaries over time, and encode the spatial areas covered by U.S. primary, secondary
and unified school districts. Data on school location (latitude and longitude) was sourced from the NCES
Common Core of Data (CCD). We used annual data on school location because some schools move. Census
blocks are spatially defined using their population-weighted centroid, obtained from the Census Bureau’s
TIGER/Line shapefiles for 2010 and 2020 census blocks, i.e., census blocks as defined for the 2010 and 2020
Decennial Censuses.

Every block was linked — year by year — to either a primary or secondary school district, or to a unified school
district. This linkage was performed by school year because district boundaries can change. Similarly, every
school is linked — year by year — to either a primary or secondary school district, or to a unified school district.
School-district linkages can change over time because schools move or districts change boundaries. Lastly,
every block was linked to all schools within a 20-mile radius within the same district in which the block was
located.

The school-to-district linkage was performed separately for the two school universes we defined for the school
data-based COl component indicators: public elementary schools and public high schools (see Appendix 2).
Elementary schools were only linked to either primary or unified districts. A small number of elementary
schools could not be linked to either primary or unified districts and were therefore assigned to a state-wide
synthetic district and matched to blocks on the basis of proximity alone, i.e., without consideration of the
school district to which that block is linked. Similarly, high schools were only linked to secondary or unified
districts, or, in a few cases, to a state-wide synthetic district.

Defining nearby schools, inverse distance weighting and aggregation

To construct the set of in-district schools matched to each block, we first deleted all schools with missing
outcome data for a given indicator. Each block was then matched to all in-district schools within a 20-mile
radius as well as to schools assigned to the synthetic state-wide district if they fell within the 20-mile radius.
We then sorted schools in terms of distance from the (population-weighted) block centroid from nearest to
farthest. For each block, we defined an initially empty set of schools and algorithmically added schools to the
set starting from the nearest school, then the second nearest school, and so forth until two criteria were
jointly met: The set included at least three schools for elementary school-based indicators (two schools for
high school-based indicators) enrolling at least 1,500 elementary (or high school) students. If there were fewer
than the minimum number of schools required, we select however many in-district schools were available
within the 20-mile radius. Similarly, if after adding the required number of schools, the student enrollment
criterion was not met, we keep adding schools within the 20-mile radius until it was met, though not all
districts have a sufficient number of students to fulfill the enrollment criterion. We used these criteria to
ensure that block-level estimates were derived from a reasonably large underlying student population drawn
from different schools in close proximity to a given block.
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After defining a set of in-district schools for each block, we create a weight for each school. Weights are a step
function of distance between school and block centroid and are larger for schools nearer to the block centroid.
Specifically, we defined the weight for school s in block b and year y as wpsy, = 1/dbsy Where dssy is the distance
between school s and centroid of block b in year y whenever dys, was greater than or equal to one mile. If the
distance was less than one mile, we set wys, = 1. We top-coded the weights of schools within a one-mile radius
to a value of 1 in order to prevent schools in the immediate vicinity of the block centroid from exercising an
outsize influence on the block-level statistics. Finally, we rescaled the weights so that they sum up to the
number of schools within the block’s school set.

When computing the percentage of students that receive free or reduced-price lunches (school poverty
indicator) at the block level, the median number of schools in each block’s set was 3. The median distance of
those schools was 2.2 miles from the population-weighted block centroids. At the high school level, when
computing high school graduation at the block level, the median number of schools in each block’s school set
was 2 and their median distance from the block centroid was 3.6 miles.

After defining the set of in-district schools with non-missing data for each block, and computing the school
weights, we multiply those weights with the respective school-level numerator and denominator, e.g., the
total number of students receiving free and reduced-price lunches (numerator) and the total number of
students enrolled (denominator). We then sum the weighted numerator and weighted denominator across
schools for each block’s set of schools to obtain a block-level statistic.
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APPENDIX 5. CROSSWALKING BETWEEN CENSUS BLOCK VINTAGES

All COl component indicators were harmonized into a single, common format: annual five-year moving-
average census block data for both 2010 and 2020 census blocks covering the period from 2012 to 2021. COI
component indicators that were sourced from point-level data were directly mapped to either 2010 or 2020
census blocks, but the majority of component indicators were sourced at the census tract-level, including all
indicators from the American Community Survey (ACS).

The Census Bureau publishes new census tract data from the ACS every year, but changes the geographic
boundaries of the underlying census tracts every ten years with the decennial census. ACS data from 2012
through 2019 is published for census tracts as defined for the 2010 Decennial Census, or “2010 census tracts”
for short; 2020 and 2021 census tract-level ACS data is published for 2020 census tracts, i.e., census tracts as
defined for the 2020 Decennial Census. Census tracts are defined to have a size between 1,200 and 8,000
people. They are redrawn, split or merged due to population changes to approximately realize an optimum
size of 4,000 people. In 2010, the Census Bureau divided the 50 US states plus D.C. into 73,057 census tracts. In
2020, the number of census tracts was 84,414.

Since their geographic boundaries differ, data for 2010 census tracts cannot, in many cases, be compared to
data for 2020 census tracts. Because the Census Bureau only releases data for either 2010 or 2020 census
tracts, we need to allocate (or transfer) data available for 2010 census tracts to 2020 census tracts and vice
versa in order to obtain a consistent time series for 2010 and 2020 census tracts from 2012 to 2021. To
allocate data from one census tract vintage to another—for example, to allocate data collected for the year
2021, which is only available for to 2020 census tract boundaries, to 2010 census tract boundaries—we
allocated data from census tracts to census blocks, crosswalked census block data from one vintage to another
and then aggregated it back up to the tract level (https://www.nhgis.org/geographic-crosswalks). Census
blocks are perfectly nested within census tracts.

To crosswalk data for 2010 blocks to 2020 blocks, we used census block relationship files published by the
Census Bureau. These relationship files specify, for example, for each 2010 block, the 2020 blocks it intersects
with and how much area it shares in common with those 2020 blocks. As a hypothetical example, say 2010
block B has been divided into two blocks in 2020, B1 and B2, where B1 is 40% and B2 is 60% of the former B’s
area. The relationship file would then contain two rows for block B, one for each segment it was divided into,
and provide the area size of each segment. To crosswalk data from 2010 blocks to 2020 blocks, we allocate, for
example, the count of poor households in proportion to the segment area sizes. In this case, if there were 100
poor households in the 2010 block B, we would allocate 40 poor households to B1 (40% of the area) and 60
poor households to B2 (60% of the area). To crosswalk data from 2020 to 2010 blocks, we would—in this
example—sum the data from 2010 blocks B1 and B2 to obtain the 2010 block B value.

The specifics of this approach differ depending on the scale of the data being allocated. For count data, e.g.,
the number of poor households, we first allocate data from the census tract to the census block level using
internal estimates of the proportion of the child population within the census tract that resides in a given
block. The construction of these estimates is described below. For all other data, i.e., currency (U.S. dollars) or
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concentration (air pollution metrics), we assign the same census tract value to all constituent census blocks
with non-zero child population.

ANNUAL CENSUS BLOCK CHILD POPULATION ESTIMATES

To allocate census tract count data to the census block-level, we designed a protocol that relies on annual five-
year moving average block-level child population count estimates. Their derivation is described in this section.
As a hypothetical example, say for a given census tract, the ACS estimate of the number of poor households is
400. If this census tract is comprised of 40 blocks, we could allocate the same number of poor households to
each of the blocks, i.e., 10 poor households per each of the 40 blocks. This approach would allocate
households to blocks regardless of whether the blocks are (or could be) residential environments for children,
i.e., industrial areas, parks, golf courses or areas that are very remote and inaccessible by common modes of
transportation. Instead of equally distributing households across blocks within a tract, we allocated households
in proportion to the census block-level child population. If the block-level child population estimate was zero,
e.g., because it was located in an industrial area, we allocated zero poor households to that block. Specifically,
to allocate the number of poor households from census tract to census block-level, we computed the
proportion of children in a census tract who reside in a given block and multiplied this proportion with the
count of poor households.

This procedure requires time-varying block-level estimates of the number of children aged 0-17 as one input.
Block-level population data is collected every ten years by the Census Bureau through the Decennial Census.
The Census Bureau does not publish block-level population data in intercensal years. We therefore estimated
annual five-year average census block child population counts for the period from 2008 to 2021 by combining
data from the 2000, 2010 and 2020 Decennial Censuses, the Census Bureau’s Intercensal Population Estimates
Program (PEP) and the American Community Survey (ACS). We derived these estimates for both 2010 and
2020 census blocks, but focus on the derivation of the 2010 block estimates here.

In brief, we crosswalked child population counts from 2000 and 2020 census blocks to match the 2010 census
block geographies, computed the proportion of children within a county that resides in a given 2010 block, and
linearly interpolated this proportion between 2000 and 2010, and between 2010 and 2020. We allocated
county-level annual population counts using the linearly interpolated proportions as weights. We then
computed five-year moving averages of these annual block-level population count estimates and corrected
them using census tract-level population estimates from the American Community Survey from the same five-
year period.

The Decennial Censuses are the only publicly available source of block-level child population data. Because
census blocks are redrawn with every census, we first crosswalk child population counts collected in the 2000
(2020) census for 2000 (2020) census block geographies to 2010 census block geographies using block
relationship files published by the Census Bureau (see preceding section). The resulting dataset had the
number of children aged 0-17 for all 2010 census blocks for the years 2000, 2010 and 2020. Next, we linearly
interpolate the number of children for all years between 2000 and 2010 and between 2010 and 2020. Because
we require data up until 2021, we extrapolate the 2020 block-level population counts to 2021. We then subset
the resulting dataset to the years 2008 to 2021.
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We used the Census Bureau’s Population Estimates Program for spatially granular, annual child population
counts. PEP data are estimated by combining data from the Decennial Census, the ACS and data on live births,
deaths and migration, and are the most accurate source of age-specific, spatially granular population counts.
PEP data is not available at the census tract level. We therefore used county-level data. Using the linearly
interpolated census block-level population count data, we computed, for each county, the proportion of the
county child population that resided in a given block in each year. We then multiplied this annual proportion
with annual county level PEP child population counts to obtain an annual estimate of the block-level child
population.

We corrected this block-level child population estimate using ACS data. First, we computed five-year moving
averages of the estimated annual block population counts — matching the temporal scale of the ACS. We then
aggregate the five-year block-level counts to the census tract level. If the block-based census tract total thus
derived exceeded (or fell below) the upper (lower) bound of the 90% margin of error of the ACS child
population estimate, we recoded the block-based total to the upper (lower) bound. Whenever we recoded
block-based census tract population counts because they fell outside the ACS estimate’s lower or upper
bound, we reallocated the corrected total to the block level using the block proportion of the population in a
given tract as weights.

We thus obtained annual five-year average child population counts at the census block level that incorporates
information from three sources: The Census Bureau’s intercensal population estimates (PEP), the Decennial
Census and the American Community Survey. The block population counts are used to allocate census tract
count data to the block level and aggregate block-level composite subdomain, domain and overall z-scores to
higher geographic summary levels, including census tracts.
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APPENDIX 6. CHANGING 2010 CENSUS TRACT DEFINITIONS

While census tracts are highly stable between Decennial Censuses, a few 2010 census tracts did undergo some
changes between the 2010 and 2020 Censuses. This issue only affects component indicators sourced from the
ACS between 2012 and 2019. In some cases, both the geographic boundaries and the geographic identifier
changed, but in the majority of cases, boundaries stayed intact and only their unique geographic identifier
changed. We resolved these issues as follows: We deleted 2010 census tract 36085008900, which was entirely
comprised of water and merged with another tract in 2011. A few tracts were assigned a new geographic
identifier (FIPS code), the 11-digit variable uniquely identifying each census tract. The change in GEOIDs was
almost always due to a renaming of the tract following a renaming of the county it is located in, while leaving
the boundaries unchanged. However, in two cases, the geographic boundaries changed, too, though this
change is likely to be consequential for only one tract: The boundaries of Los Angeles County census tract
number 06037930401 (2010 GEOID) were redrawn, and its comparability over time is therefore limited. Table
A6.1 lists all census tracts with changed geographic identifiers and the reason for the change. The column
“New GEOID” lists the geographic identifier assigned in the year a change occurred, and “2010 GEOID” lists the
2010 GEOIDs that the new GEOIDs were crosswalked to in order to create an uninterrupted time series for
each tract over the entire period.
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TABLE A6.1. CHANGES IN 2010 CENSUS TRACT DEFINITIONS AND IDENTIFIERS

Year

2010 Name Change or .
change GEOID New GEOID Reason for Change Explanation
occurred
2011 36053940101 36053030101 9401.01 is now 0301.01
2011 36053940102 36053030102  9401.02 is now 0301.02
2011 36053940103 36053030103  9401.03 is now 0301.03
2011 36053940200 36053030200 9402.00 is now 0302.00
2011 36053940300 36053030300 9403.00is now 0303.00 Census tracts renumbered in Madison County, NY
2011 36053940401 36053030401 9404.01 is now 0304.01
2011 36053940700 36053030402  9407.00 is now 0304.02
2011 36053940403 36053030403  9404.03 is now 0304.03
2011 36053940600 36053030600 9406.00 is now 0306.00
2011 36065940100 36065024700 9401.00 is now 0247.00 Census tracts renumbered in Oneida County, NY
2011 36065940000 36065024800 9400.00 is now 0248.00 T
A small portion of 2010 tract 0230.00 was reallocated to
Geographic boundary 2010 tract 9402.00. The newly formed tract is labeled
2011 36065940200 36065024900 changed 0249.00. Because the reallocated area was small, we
assume that 0230.00 is comparable and that 9402.00
(2010) and 0249.00 (2011) are comparable over time.
2012 04019002701 04019002704 27.01is now 27.04
2012 04019002903 04019002906  29.03 is now 29.06
2012 04019410501 04019004118 4105.01is now 41.18
2012 04019410502 04019004121 4105.02is now 41.21 Census tracts renumbered in Pima County, AZ.
2012 04019410503 04019004125  4105.03 is now 41.25
2012 04019470400 04019005200  4704.00 is now 52.00
2012 04019470500 04019005300 4705.00 is now 53.00
9304.01 (2010) has been combined with part 8002.04
Geographic boundary (2010) to form 1370.00 (2012). 9304.01 (2010) and
2012 06037930401 06037137000 changed 1370.00 (2012) are not strictly comparable. 8002.04 is
also not strictly comparable, because part of its area has
been reallocated. Los Angeles County, CA.
Bedford City merged Bedford City, VA, changed its legal status and was
2014 >1515050100 51019050100 into Bedford County absorbed into Bedford County, VA.
2015 02270000100 02158000100  County code changed v 2d¢€ Hampton Census Area, AK, was renamed as
Kusilvak Census Area.
2015 46113940500 46102940500 County code changed
2015 46113940800 46102940800  County code changed 221':1:\723;’;;‘2:&93’22 ;incahrzrfg;st?)gllgls fLrZ':;’tf L5
2015 46113940900 46102940900 County code changed
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