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A Construction of Individual-Level Variables

In this appendix, we present comprehensive definitions of the variables we use in our primary
analysis, expanding upon Section II.B.

Parental Characteristics.

Income. Our primary measure of parent income is total pre-tax income at the household level,
which we label parent family or household income. In years where a parent files a tax return, we
define household income as Adjusted Gross Income (as reported on the 1040 tax return) plus tax-
exempt interest income and the non-taxable portion of Social Security and Disability benefits.4?
In years where a parent does not file a tax return, household income is coded as zero.*! Following
Chetty, Hendren, Kline and Saez (2014), we define our baseline parental income measure as the
mean of parents’ household income over five years: 1994, 1995, and 1998-2000, as tax records are
unavailable in 1996 and 1997.42 We exclude children whose mean parent income is zero or negative
(1.0% of children) because parents who file tax returns (as is required to link them to a child)
reporting negative or zero income typically have large capital losses, which are a proxy for having
significant wealth.

Marital Status. We identify parents’ marital status based on their tax filing status in the year
the child is first claimed as a dependent by parents. We say that a child has a “father present” if
one of the tax filers who claims the child as a dependent in that year is male and define “mother
presence” analogously. Children claimed by two people in the year they are first claimed are defined
as having two parents.

Locations. In each year, parents are assigned an address based on the address from which they
filed their 1040 tax return. For non-filers, we use address information from information returns
such as W-2s, which are available beginning in 2003.#® Addresses are coded as missing in years
when a parent does not file or does not have an information return. For children whose parents
were married when they were first claimed as dependents, we prioritize the mother’s location if
marital status changes. Addresses are mapped to geographies such as Census tract or Census block

40We use the term “household” income for convenience, but we do not include incomes from cohabiting partners
or other household members aside from the primary tax filer’s spouse.

“IPrior work (e.g., Chetty et al. 2014) has used information from W-2 forms to measure income for non-filers. We
cannot follow that approach here since income data from W-2 forms are unavailable at the Census Bureau before
2005. However, this has little impact on results. Information from W-2s is more important when measuring the
incomes of children in early adulthood, for whom we do have W-2 data at the Census Bureau.

42Formally, we define mean household income as the mother’s individual income plus the father’s individual income
in each year of 1994-95 and 1998-2000 divided by 10 (or divided by 5 if we only identify a single parent). For parents
who do not change marital status, this is simply mean household income over the 5 year period. For parents who
are married initially and then divorce, this measure tracks the mean household incomes of the two divorced parents
over time. For parents who are single initially and then get married, this measure tracks individual income prior to
marriage and total household income (including the new spouse’s income) after marriage.

43 Address information from W-2s starts in 2003, but income amounts are not available until 2005.
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using a geocoding algorithm developed by the Census Bureau (see Online Appendix A of Chetty
et al. (2018) for details).

Race. We assign race and ethnicity to parents using the information they report on the 2010
Census short form. If the child’s PIK does not appear in the 2010 Census microdata, we use the
2000 Census short form; if the child does not appear in the 2000 Census, we then use the ACS. We
aggregate race and ethnicity categories into a Hispanic ethnicity category and a set of non-Hispanic
races: White, Black, Asian, American Indian or Alaskan Native, and Other, following the Office of
Management and Budget (1997). Individuals who report two or more races, Native Hawaiian or
Pacific Islander, or Some Other Race are classified in the “Other” category.

Children’s Outcomes Observed in Tax Records or Census Short Form.

We report statistics at the Census tract, county, and commuting zone (CZ) levels for the fol-
lowing outcomes, which we observe in the full sample using data from either tax records or the
Census short form.

Income. We define children’s annual household income in the same way as parents’ income
except in our treatment of non-filers. Since W-2 data are available for the years in which we
measure children’s incomes, we define income for a child who does not file a tax return as wage
earnings reported on form W-2. We define children’s individual incomes as their own W-2 wage
earnings plus self-employment and other non-wage income, which we define as Adjusted Gross
Income minus total wages reported on form 1040 divided by the number of tax filers (thereby
splitting non-wage income equally for joint filers). In years in which children have no tax return
and no information returns, both individual and household income are coded as zero. We measure
children’s individual and household incomes as their mean annual incomes in 2014 and 2015, when
children are between the ages of 31 and 37. In addition to these baseline definitions, we also report
mean incomes by age at ages 24, 26, and 29.

Upper-Tail Income. We define indicators for children reaching the top 20% and top 1% of the
income distribution using the baseline definitions of individual and household income above.

Employment. We use two measures of employment, one based on the tax data and one based
on the ACS (defined below). In the tax data, children are defined as working if they have positive
W-2 income in 2015. In addition to this baseline definition, we also report employment rates in the
tax data by age for ages 24, 26, 29 and 32.

Marriage. A child’s marital status is measured based on whether he or she files a tax return
jointly in 2015. In addition to this baseline definition, we report marriage rates by age for ages 24,
26, 29, 32.

Incarceration. Using data from the 2010 Census short form, we define an individual as incar-
cerated on the day of the Census (April 1, 2010) based on whether he or she lives in any of the
following types of group quarters: federal detention center, federal prison, state prison, local jail,
residential correctional facility, military jail, or juvenile correctional facility. This variable is defined
only for children who appear in the 2010 Census.

Teenage Birth. We define a woman as having a teenage birth if she ever claims a dependent
who was born while she was between the ages of 13 and 19. This measure is an imperfect proxy
for having a teenage birth because it only covers children who are claimed as dependents by their
mothers and because it may include others (e.g., siblings or cousins) claimed as dependents who
are not the claimer’s own children. Nevertheless, the aggregate level and spatial pattern of teenage
births in our data are closely aligned with estimates based on the American Community Survey,
with an (unweighted) correlation across states of 0.79.

Spouse’s Income. For children who were married in 2015, we define spouse income analogously
to the child’s own individual income using an average of 2014 and 2015 individual income. To
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capture spouses who are not within our primary analysis sample, we include all spouses born
between 1973 and 1989.44

Living in a Low-Poverty Neighborhood in Adulthood. We measure children’s locations in adult-
hood based on the address from which they file tax returns in 2015. For non-filers, we obtain
address information from W-2 forms and other information returns. If no address information is
available in 2015, we use the most recent year in which an address is available. Among children
with a non-missing address in adulthood, we identify those living in a “low-poverty” neighborhood
as those living in a tract with less than 10% of people living in poverty, as defined by the publicly
available Census 2010 estimates.

Staying in Childhood CZ or Tract. Children are defined as staying in their childhood location
(tract or CZ) if their most recent address matches any tract or CZ that they lived in during
childhood (before age 23). This variable is defined among the set of children with non-missing
addresses in adulthood.

Staying with Parents. Children are defined as staying with their parents if their 2015 address
matches their parents’ 2015 address. This variable is defined among the set of children with non-
missing addresses in 2015 and whose parents have non-missing addresses in 2015.

Income for those who Stay in Childhood CZ. We measure income among the children who stay
in their childhood CZ using the baseline definitions of household and individual income described
above. These variables are defined among the set of children who stayed in their childhood CZ as
adults.

Fraction of Childhood Years Spent in Tract. We calculate the fraction of childhood years that a
child spends in a tract as the total number of years we observe the child in a given tract (based on
their parents’ tax returns) divided by the total number of years for which address data is available
for the child’s birth cohort before age 23. For example, for the 1983 cohort, address information
before the child is 23 is available in 12 tax years (1989, 1994-1995, and 1998-2006). We construct
the fraction of years in tract variable for the 1983 cohort by dividing the total number of years the
child is observed in a given tract by 12.4°

Gender and Age. Gender and age are obtained from the Numident file.

Children’s Outcomes Observed in ACS or Census Long Form.

We report statistics at the county and CZ (but not tract) level for the following outcomes,
which we observe for the subsample of individuals who appear in the Census 2000 long form or the
2005-2015 ACS.

Employment. In the ACS, children are defined as working if they report positive weeks worked
in the past year. This and all other employment-related ACS measures described below are defined
only among children who receive the ACS at age 30 or later.

Hours Worked Per Week. Annual hours of work are measured in the ACS as the product of
hours worked per week and weeks worked per year. Individuals report weeks worked in bins; we
use the midpoint of the bin to assign each individual a single value (e.g., those who choose “27 to
39 weeks” are assigned a value of 33). We convert the annual measures to average weekly hours
worked by dividing annual hours worked by 51 (the midpoint of the top bin of weeks worked).
Those not working in any week are coded as having zero hours of work.

448ince we cannot link children to parents prior to the 1978 birth cohort, we define spouse income percentile ranks
relative to all individuals in the relevant birth cohort, not just those individuals linked to parents (see Section III).

45Because we observe locations only starting in 1989, location information in early childhood is missing for earlier
birth cohorts for instance, for the 1978 birth cohort, we only observe locations starting at age 11. This censoring
problem does not significantly affect our results, since the tract-level estimates remain similar when we use data for
later cohorts (e.g., the 1989 cohort, for whom we observe location from birth).
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Hourly Wage. Hourly wages are measured in the ACS by dividing reported annual wage and
salary income by annual hours worked. The hourly wage is coded as missing for those with zero
hours worked.

FEducational Attainment. We measure children’s educational attainment based on the high-
est level of education they report having completed in the ACS or the 2000 Census long form
(prioritizing the ACS, since it is more recent). We say a student dropped out of high school if
their educational attainment is “12th grade- no diploma” or less (hence, those with GEDs are not
counted as having dropped out). We define some college attendance as having obtained “at least
some college credit.” We define community college completion as having an Associate’s degree and
4-year college completion as having a Bachelor’s degree. Graduate degree completion is defined as
having a Master’s, professional, or doctorate degree. All education variables are defined as having
at least that level of education or higher. High school completion is defined among individuals who
are at least 19 at the time they are surveyed. When measuring some college attendance, community
college completion, and college completion we require that individuals are at least 24. We require
that respondents are at least 30 years old at the time of the survey when measuring graduate degree
completion.

Public Assistance Receipt. Children are coded as receiving public assistance in adulthood if they
report positive public assistance income in the ACS. This variable is defined among individuals who
receive the ACS at age 30 or older.

Income for Children with Native or Immigrant Mothers. We measure income among the children
whose mothers are U.S. natives or immigrants using the baseline definitions of household and
individual income described above. Children are defined as having a “native-born” mother if their
mother was surveyed in the 2000 Census long form or the ACS and reported being born in the
United States in either survey. Children are defined as having an immigrant mother if their mother
received either survey and reported being born outside of the United States.

B Construction of Neighborhood-Level Variables

This appendix provides definitions and sources for covariates used throughout the paper or shown
in the Opportunity Atlas as neighborhood characteristics. Our source data are primarily at the
tract level. We use 2010 Census tract definitions throughout. For covariates defined using 2000
tract boundaries, we use the 2010 Census Tract Relationship Files from the US Census Bureau to
crosswalk 2000 tracts to 2010 tracts, weighting the 2000 tract-level covariates by the fraction of the
2000tract population that lives within the 2010 tract boundaries.

Tract-Level Characteristics:

Jobs Within &5 Miles (2015). The number of jobs within 5 miles of a tract is constructed using
block-level information on the total number of jobs from the Workplace Area Characteristics (WAC)
data files in the LEHD Origin-Destination Employment Statistics (LODES) provided by the Census
Bureau. For each tract we compute the number of jobs within 5 miles as the total number of jobs
in own and neighboring tracts whose centroids fall within a radius of 5 miles from the centroid of
the tract.

Number of High Paying Jobs Within 5 Miles (2015). The number of high paying jobs within 5
miles of a tract is constructed using block-level information on the number of jobs with earnings
greater than $3,333 per month from the Workplace Area Characteristics (WAC) data files in the
LEHD Origin-Destination Employment Statistics (LODES) provided by the Census Bureau. For
each tract we compute the number of high paying jobs within 5 miles as the number of high paying
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jobs in own and neighboring tracts whose centroids fall within a radius of 5 miles from the centroid
of the tract.

Job Growth (2004-2013). The measure of job growth at the tract level shown in the Opportunity
Atlas is constructed using block-level information on the total number of jobs from 2004 to 2013 from
the Workplace Area Characteristics (WAC) data files in the LEHD Origin-Destination Employment
Statistics (LODES) provided by the Census Bureau. We compute job growth in each tract as the
average annualized growth rate from 2004 to 2013.

Job Density (2013). The measure of job density at the tract level shown in the Opportunity
Atlas is constructed combining block-level information on total number of jobs in 2013 from the
Workplace Area Characteristics (WAC) data files in the LEHD Origin-Destination Employment
Statistics (LODES) provided by the Census Bureau and tract-level information on land area in
square miles from the 2010 Census Gazetteer Files. We compute job density as the number of jobs
per square mile in each tract.

Employment Rate (2000). The rate of employment is constructed using tract-level data on labor
market measures from tables NP043E and NP043C of the Census long form SF3a dataset obtained
from the National Historical Geographic Information System (NHGIS) database. We construct the
rate of employment in 2000 for each tract as the total employed population (the sum of employed
females and employed males) divided by the total population 16 years and over.

Poverty Rate (1990, 2000, 2006-2010, 2011-2015). The poverty share variable is constructed as
the share of individuals below the federal poverty line in each tract. For the measure in 1990 we use
table NP117 from the 1990 Census form SFT3, for the measure in 2000 we use table NPO87B from
the 2000 Census long form SF3a, and for the measures for 2006-2010 and 2011-2015 we use table
C17002 from the American Community Survey in relevant years, all obtained from the NHGIS
database.

Single Parent Share (1990, 2000, 2006-2010). We define the share of single parents in each tract
as the number of households with female head (and no husband present) or male head (and no wife
present) with own children under 18 years old present divided by the total number of households
with own children present. We use table NP19 of the 1990 Census form SFT3 for the measure in
1990, tables NPO18E and NPO018G of the 2000 Census SF1la form for the measure in 2000, and
table B11003 of the 2006-2010 American Community Survey for the measure in 2010. All obtained
from the NHGIS database.

Racial Shares (2000, 2010). Racial shares are calculated from the Census long form SFla,
tables NPOOSA and NPO004E, taken from NHGIS database. All races (except Hispanic) exclude
Hispanics and Latinos.

Share Foreign Born (2010). The share foreign born variable that is shown in the Opportunity
Atlas is constructed as the number of foreign born residents in the 2010 Census divided by the sum
of native and foreign born residents (long form SF3a, table NP021A) obtained from the NHGIS
database.

Share with Short Commute to Work and Mean Commute Time (2000, 2006-2010). The share
of workers with a short commute to work and mean commute time are constructed using tract-level
data from table NP031B of the 2000 Decennial Census or tract-level data from table BO8303 of the
the 2006-2010 American Community Survey, both obtained from the NHGIS database. Fraction
with a short to commute to work is computed by taking the share of people who commute less than
15 minutes to work over all workers 16 years and over who did not work at home. Mean commute
time is constructed using the share of workers commuting to work in specific bins (< 5 minutes,
5-9 minutes, 10-14 minutes, etc.), imputing the mean time commuted in a given bin (i.e. for 5-9
minutes, imputing mean commute time of 7 minutes), and then calculating a sum of imputed mean
commute times within each bin weighted by the share commuting.
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Kid Counts (2000). The counts of kids by race and gender used throughout the paper and
shown in the Opportunity Atlas are constructed for kids under 18 using tract-level data from
tables NPO12F and NPCTO12H of the 2000 Decennial Census using the NHGIS database.

Census Return Rate (2010). The Census return rate variable used in Figure IV and shown in
the Opportunity Atlas is obtained from tract-level data from the Census 2016 Planning Database.
It is calculated as the number of 2010 Census mail forms completed and returned over the number
of valid occupied housing units where a Census form was expected to be delivered for mail return
to Census.

Mean Household Income (2000). The measure of mean household income used in Figure IV is
constructed using tract-level data from table NP052A of the 2000 Decennial Census found in the
NHGIS database.

Median Household Income (1990, 2012-2016). The measure of median household income shown
in the Opportunity Atlas is constructed using tract-level data from table NP8OA of the 1990
Decennial Census and table B19013 of the American Community Survey (2012-2016) found in the
NHGIS database.

High School Graduate Wage Growth (2005-2014). The measure of high school graduate wage
growth is constructed using data from the 2005-2009 and 2010-2014 American Community Survey
provided by NHGIS database. High school graduate wages at the tract level are computed by
dividing the average high school graduate annual earnings by the product of overall average weekly
hours worked and 52. High school graduate wage growth is then computed as the difference in
logarithms between high school graduate wages in 2010-2014 and school graduate wages in 2005-
2009.

Share College Graduate (2000, 2006-2010). The share college graduate variable shown in the
Opportunity Atlas is constructed using tract-level data from table NP037C of the 2000 Census long
form SF3a or tract-level data from table B15002 of the 2006-2010 American Community Survey
(both obtained from the NHGIS database), and is calculated as the number of people aged 25 or
older who have a bachelor’s degree, master’s degree, professional school degree, or doctorate degree,
divided by the total number of people aged 25 or older in a tract.

Population Density (2000, 2010). The population density variable used in Figure VIIIc and
shown in the Opportunity Atlas is calculated as the total tract-level population in the Census
obtained from NHGIS database (long form SF1la, table H7V) divided by tract land area in square
kilometers from the 2010 Census Gazetteer Files.

Median Two-Bedroom Rent (2011-2015). The median two-bedroom rent variable that is used in
Figure X and shown in the Opportunity Atlas is constructed from tract-level ACS data (2011-2015)
and is defined as the median gross rent for renter-occupied housing units with two bedrooms that
pay cash rent (table AD79).

Characteristics at Other Levels of Geography:

Job Growth (1990-2010, 2004-2013). The measure of job growth at the CZ or MSA level that
we use in Figure V and Online Appendix Figure V is constructed as the percentage change in
employment between 1990 and 2010 in each CZ/MSA using county-level data from the Local Area
Unemployment Statistics (LAUS) released by the Bureau of Labor Statistics. The measure of job
growth at the county and CZ level that we use in the Opportunity Atlas is constructed as the
average annualized growth rate in employment between 2004 and 2013 in each CZ using county
level data from the Local Area Unemployment Statistics (LAUS) released by the Bureau of Labor
Statistics.

Opportunity Zones. The list of tracts in Qualified Opportunity Zones shown in Online Appendix
Figure IX was downloaded from the Community Development Financial Institutions Fund.

o4


https://www.nhgis.org/
https://www.census.gov/research/data/planning_database/2016/
https://www.nhgis.org/
https://www.nhgis.org/
https://www.nhgis.org/
https://www.nhgis.org/
https://www.nhgis.org/
https://www.bls.gov/lau/
https://www.bls.gov/lau/
https://www.bls.gov/lau/
https://www.cdfifund.gov/Pages/Opportunity-Zones.aspx%20in%20September%202018

Wharton Land Use Regulation Index (2008). The Wharton Land Use Regulation Index is
constructed using city-level data from Gyourko et al. (2008). The cities in the original dataset are
crosswalked to 247 commuting zones (representing 87% of the US population).

3rd Grade Math Score. Data for 3rd grade test scores are downloaded from the Stanford
Education Data Archive and measured at the district level. We create a crosswalk from districts
to tracts by weighting by the proportion of land area that a given school district covers in a tract.

High School Catchment Areas. We match tracts to high school catchment areas across the U.S.
using data on the intersection of census tracts with high school catchment areas in 2017 provided
by Peter Bergman. These data come from Maponics (2017). Tracts are not perfectly nested within
catchment areas; we create an approximate crosswalk by assigning tracts to the school catchment
area that contains the majority of their land area. In a few cases where school catchment areas
overlap (e.g. a whole tract belongs to two different school catchment areas) we assign the tract
to the largest of the catchment areas that contain it. The results of our variance decomposition
analysis are very similar if we alternatively assign these tracts to the smallest catchment area
or simply don’t use these tracts in the analysis. Shape-files of Mecklenburg County high school
catchment areas in 2002 and 2017 come from the Charlotte-Mecklenburg Schools (CMS) education
agency. The shape-files for the 2002 Mecklenburg County boundaries were generously provided by
David Deming.

Other Measures of Opportunity. To compare our Opportunity Atlas measures to existing indices
of economic opportunity, we obtain data for the Kirwan Child Opportunity Index at the metropoli-
tan area level constructed by the Kirwan Institute and the Institute for Child, Youth and Family
Policy (ICYFP) from diversitydatakids.org, and we obtain data for the Area Deprivation Index at
the block level constructed by the University of Wisconsin School of Medicine and Public Health.
Area Deprivation Index.

C Estimating Children’s Mean Incomes in Dollar Levels

In this appendix, we describe how we construct the estimates of mean incomes measured in dollars
(rather than ranks) that we release publicly and use in Figures IT and X. We begin by estimating
equation (2) using child’s household incomes (measured in real 2015 dollars) in adulthood as the
outcome variable ;. Denote these estimates as ygé}fg for children growing up in census tract c,
with parental income percentile p, from racial and ethnic group r and gender g (we also construct
analogous estimates that pool children of all racial and ethnic groups, genders, or both). To limit
the influence of outliers, we replace all income values above the 99th percentile of the national
cohort-specific income distribution with the average value of income above that threshold, and we
replace all negative incomes with 0.

Privacy constraints prevent us from directly disclosing these statistics: in particular, unlike
income ranks, incomes measured in dollars have a long right tail, and thus standard differentially
private noise-infusion algorithms would require addition of substantial noise to release such statistics
directly, considerably reducing their reliability. Therefore, instead of releasing these estimates
directly, we predict these estimates using other adult outcomes for the same children that capture
key moments of the income distribution and that we are able to release publicly: children’s average
household adult lincome rank (Qf;fév K, the fraction of children with adult household income in
the top 20% of the cohort-specific income distribution (ych?gP 20y and the fraction of children with
adult household income in the top 1% of the cohort-specific income distribution (Q;‘Fp?; 1) in each
Census tract (see Section III and Online Appendix A for more details on these outcomes).

95


https://cepa.stanford.edu/seda/download?nid=2016&destination=node/2021
https://cepa.stanford.edu/seda/download?nid=2016&destination=node/2021
http://www.diversitydatakids.org/getdata
https://www.neighborhoodatlas.medicine.wisc.edu/
https://www.neighborhoodatlas.medicine.wisc.edu/

We then estimate the following regression at the Census tract level:

AR = Con + CRAVRGIRANK y (TOPLGTOP! | (TOPRGEOPD (10
for each racial and ethnic group r, as well as for estimates that pool children from all racial
and ethnic groups. We run this regression using the pooled-gender estimates, and we “stack”
observations from p = 25 and p = 75 to provide greater coverage of the potential cell-specific
income distributions. We weight each observation for children at the 25th (75th) percentile of the
parent income distribution using the number of children in the tract and racial and ethnic group
below (above) median parental income.

Online Appendix Table II Panel A reports the coefficients and R-squared from these regres-
sions. We generate predicted values of adult household income for all tract-level cells by combining
the coefficients from Online Appendix Table ITa with the publicly released cell-specific values for
household income rank, top 20%, and top 1%. To confirm that our predictions remain accurate for
children’s outcomes at particular parental income percentiles, and of specific genders (even though
we did not estimate our model separately for those groups), Online Appendix Table IIla presents
correlations of the predicted values from our procedure and the actual cell-specific mean incomes.
Our predictions are highly accurate; for instance, for Black females growing up in a given tract
with parental income at the 25th percentile, our predictions are correlated 0.951 with the original
dollar-level statistic across tracts.

We construct analogous dollar statistics at the county- and CZ-level by combining the same
coefficients reported in Online Appendix Table IIa with the county- and CZ-level statistics on
average household income ranks, top 20% shares, and top 1% shares. In practice, this approach
produces predictions for average adult income levels that are more strongly correlated with the
underlying original statistics across counties and CZs than does an alternative approach that re-
estimates the prediction coefficients at the county- or CZ-level. Intuitively, the greater variation in
income distributions at the tract level provides a better prediction of the average household income
level even across the larger geographic areas.

We repeat the same procedure to estimate individual (rather than household) incomes. Online
Appendix Table IIb presents the prediction coefficients for individual income, and Panels C and D
of Online Appendix Table III report correlations between our predictions and the original statistics.

Standard Errors. We report approximate standard errors for our dollar estimates by rescaling
the standard errors of our rank estimates, which we disclose publicly. We use equation 10 from
above and our variance estimates for the three outcomes in our model, ignoring the covariance
terms and treating our transformation as known:

SE(ILNS) = \/CRANE? - VarGEANT) + TP - Var(GEGP!) + TP - Var(G597™)

We verify in the internal data that the standard errors obtained from this linear approximation using
publicly disclosed statistics are very similar to the actual standard errors on the dollar estimates.
In addition, variance components estimated directly using the actual dollar statistics (both for the
point estimates and standard errors) in the internal data are closely aligned with the estimates
based on our approximations. For example, for children with parents at the 25th parent percentile,
the approximations yield a signal SD of $12,477 and a within-county signal SD of $10,197, very
similar to the true estimates of $12,850 and $10,420.
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D Controlling for Richer Family Characteristics

This appendix presents further details on how we control for other family characteristics beyond
race and parent income in two analyses conducted in Sections III and IV.D and reported in Online
Appendix Table IV and VII. The first analysis investigates the key dimensions along which children’s
outcomes differ beyond parent income at a national level, which guides our choice of the dimensions
on which to allow place effects to vary. The second analysis investigates how much additional
information geographic location adds above and beyond family characteristics. For both analyses,
we obtain data on additional family characteristics from the 2000 Census long form, focusing on
the (random) subsample of children and parents who appear in the long form.

Dimensions of Variation. To answer the first question, we focus on the following vector of
discrete family characteristics X: house size (number of bedrooms), race, gender, number of siblings,
and both the mother and father’s education (measured as no school, less than high school, college
no degree, associate’s degree, bachelor’s degree, and professional degree), occupation (grouping
2000 Census Occupation codes into their Occupation Categories), marital status, and citizenship.
We cycle over members x € X and regress an outcome (e.g., incarceration) on 100 bins of parent
income interacted with z. We select the covariate «* with the highest adjusted R-squared and
remove it from the list X. Then, we cycle over members of x € X again, regressing incarceration
on parent income interacted with z* and x. We select the covariate with the highest adjusted
R-squared and repeat the exercise until we obtain the three covariates xzi,x2,x3 that resulted in
the highest incremental R-squared in this sequential exercise. We list these covariates in Online
Appendix Table IV, along with the R-squareds from regressions of the outcome on parent income,
parent income interacted with x;, parent income interacted with z; and xo, and parent income
interacted with x1,x2, 3. Panel A reports results with individual income rank as the outcome;
Panel B with household income rank; and Panel C with incarceration.

Explanatory Power of Geography. To answer the second question, we expand the set of family
characteristics X above to additionally include several continuous variables: mother and father’s
individual income ranks, their ages, and their household incomes. We also increase the granularity
of our education and occupation measures, measuring education as the sixteen categories in the
2000 Census and occupation at the three digit level. If any variable is missing, we code it as 0, and
including an indicator for the variable being missing.

We then estimate four OLS regressions in a dataset with one observation per child and child-
hood tract (e.g., a child who lived in two different tracts between ages 018 would have two rows in
the dataset), weighting by the fraction of childhood spent in each tract. First, we regress house-
hold income rank in adulthood on parent income in childhood, transformed by the tract-invariant
transformation of parental income rank f,4(p). Second, we regress household income rank on par-
ent income interacted with tract fixed effects. Third, we regress household income rank on parent
income and the vector of family characteristics X. Fourth, we regress household income rank on
parent income and the vector of covariates, interacting parent income with tract fixed effects.

Online Appendix Table VII reports the adjusted R-squareds from these four regressions by
subgroup. The first row is for all observations pooled, and the four specifications are fully saturated
with race and gender fixed effects. The second row onwards report results for various race and
gender subgroups.
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E Alternative Standard Error Estimates

In this appendix, we compare our baseline heteroskedasticity-robust standard errors, which could
be downward-biased in small cells, to an alternative estimator proposed by Kline, Saggio, and
Solvsten Kline et al. (2020) that provides unbiased standard errors.

Construction of Baseline Standard Errors. We estimate our baseline heteroskedasticity-robust
standard errors (HC1) by estimating the following regression in each Census tract and subgroup:

Yi = Qerg + 5crg X frg(p'i) + €4,

We then compute SEs at the desired parent percentiles using the following formula:

Uar(gcrgp) = var(acrg) + var(ﬁcrg) X frg(p)2 + COU<acrga 5crg) X frg(p)2

Construction of KSS Standard Errors. To implement the KSS estimator, we construct the variance

of B (coefficients on equation 1) using the sandwich estimator:

Vg = (XTWX) I XTWOw X (X Twx)™!

where X is the design matrix for each regression, W is the exposure weighting matrix, and Q is
the individual-level variance matrix. What distinguishes the KSS standard errors is €. In the KSS
case, the variances are defined as:

A Yi€i
0 —
Y1 Py
where P;; is the leverage of observation i, the corresponding diagonal element of the hat matrix.
This differs from the HC1 variance matrix, which is simply:

Quorii = €
When sample sizes are small, each observation will exhibit considerable leverage over its own
residual which leads to a downward bias in the individual-level variance term of HC1 standard
errors. The KSS formula corrects this bias.

Comparison of KSS Standard Errors to Conventional Robust Standard Errors. Online Appendix
Figure Ia presents a binned scatterplot of the KSS sampling variances vs. the robust variances for
mean tract-level household income ranks for children with parents at the 25th income percentile.
The correlation between the two variances is 0.96, with a mean absolute difference in variance of
0.000046, or 12%.

To assess the degree of bias of the conventional robust standard errors in small cells, we plot the
average KSS and robust sampling variance as a function of the number of low-income children in
each tract in Online Appendix Figure Ib. In the smallest cells, there is a larger divergence between
the two standard error estimates, as expected, but even in cells with counts below 500, the mean
absolute difference in the sampling variance estimates is 0.000099, or 13.9%.

Finally, we replicate the variance decompositions in Table II using robust standard errors with-
out differential privacy noise added in Online Appendix Table VIa and using KSS standard errors in
Online Appendix Table VIb. In particular, we use Equation (5) of KSS to estimate within-country
variances across tracts. The two methods yield very similar estimates of signal variances and other
variance components.
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We conclude that the KSS standard errors are quite similar to the conventional robust standard
errors in our application.

F Noise Infusion for Privacy Protection

Due to privacy concerns, we are not able to directly release the baseline estimates described in
Section III and Online Appendix E without adding noise. In this appendix, we describe the noise-
infusion procedure we use to protect privacy and release statistics at the tract-, county-, and
CZ-level.

Our method, which follows the method developed in Chetty and Friedman (2019) and is in-
spired by techniques developed in the differential privacy literature, adds independent, normally
distributed noise to each estimate 4. The standard deviation of the noise distribution is chosen
based on the sensitivity of the estimates to a single individual’s data. We calculate the sensitivity
of the estimates by calculating the maximum change in the estimate ¢,y that can result from
adding a single observation to the relevant tract-race-gender cell. Because all of the outcome vari-
ables we process using this approach are bounded, this value is well-defined. We then compute
the maximum sensitivity of the estimates across all tracts within a given state; label this value as
87gs for outcome variable y, state s, racial and ethnic group r,and gender g. We then add noise
with standard deviation of %, that is proportional to this maximum state-level sensitivity and
inversely proportional to the number of observations 7,4 in the relevant subgroup and a parameter
€ that controls the degree of disclosure risk, which we set at £ = 8. We report the SD of the noise
added to each tract-level estimate in the publicly available data.

We also add noise to the standard errors of these estimates following an analogous procedure,
but the resulting standard errors remain only an estimate of the sampling error inherent in the
underlying cell-level estimate {jcp-y and importantly excluding the error resulting from the adding
noise from the procedure described in the previous paragraph. The total sampling variance of the

each released estimate combines the square of the released “raw” standard error plus the square

Y
Tgs

of the standard deviation of added DP noise (TngE) We report the square-root of this total noise
variance in our published datasets.

In each cell, we release statistics (infused with noise) from Census at two parental income per-
centiles (typically p = 25,75), but we report statistics for five parental income percentiles for most
cells in the public data (p = 1,25, 50, 75,100). Using the public estimates for these two points, we
linearly extrapolate to produce estimates at the other values of parent income percentile. It is more
complex to produce estimates of sampling variances at the other parent income percentiles, because
the sampling variance for a linear combination of estimates depends not only on the sampling vari-
ance for each estimate but also on the covariance in sampling variance. For instance, the sampling
variance for an estimate at p = 50 is SVirgp=s50 = 3 (SVergp=25 + SVergp=15 + Cov,fr‘g?p:%’%). We
estimate the relevant covariances using a parametric model.*6 Specifically, using non-noise-infused
estimates of sampling variance inside Census, we estimate a model in which we predict the sampling
variance for the p25 and p75 estimates within a tract using the saturated interaction of indicators
for quintiles of the fraction of children below the median parental income in a given cell, deciles
of the estimate fcprg, and the function 1/, /Meprg (where n is the number of below-median children
in the cell for estimates at p = 25 and number of above-median children in the cell for estimates
at p = 75). We then release the coefficient estimates from this model and construct predictions of

4Directly using noise-infused estimates of the cell-specific covariance term sometimes produces negative-definite
variance-covariance matrices or otherwise unstable estimates.
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the covariance term for each cell combining the model parameters with cell-specific covariates. We
then use the formula above (or an equivalent formula for p = 0,100) to calculate the raw sampling
variance at the other percentiles p = 0,50, 100. Finally, we further add a term reflecting the sam-
pling variance arising from the infused noise, which (due to the independence of the noise infused
into the two released estimates) is simply a linear extrapolation of the variances of the noise infused
at p = 25 and p = 75 using the same weights as for the linear extrapolation of the estimates.

For a small share (6%) of cells, we cannot release estimates at p = 25 (p = 75) due to a very small
number of children from low (high) income families. In cases where fewer than 10% of children in
the tract have parental incomes below (above) median, we instance release (noise-infused) estimates
and standard errors for estimates from p = 0 and p = 50 (p = 50 and p = 100). We then follow the
procedure described above to produce standard errors for those percentiles and then extrapolate the
estimates (linearly) and the standard errors (using the non-linear approach described in the previous
paragraph) to other percentiles. The procedure for extrapolating sampling variances only differs
in that we do not estimate a different prediction function using released sampling variances from
these alternative percentiles; rather, we use the same function as estimated above from p = 25, 75.

G Predicting Contemporary Mobility Using Historical Data

In this appendix, we assess the predictive power of historical estimates of upward mobility from
the Opportunity Atlas for forecasting upward mobility for children growing up today relative to
traditional proxies for opportunity (e.g., poverty rates) that are available contemporaneously while
children are growing up. We focus specifically on predicting the outcomes of children born today
using Opportunity Atlas data, which is based on children who are approximately 30 years old at
the point at which we measured their incomes in adulthood. That is, we seek to forecast upward
mobility for the current generation based on estimates for children born & = 30 cohorts earlier.

Derivation of Estimator. Formally, our goal is to predict expected incomes in adulthood (g.¢) for
the current generation ¢ of children growing up in Census tract ¢ using estimates of mean incomes
in adulthood for an earlier cohort of children (9., %) and contemporary neighborhood poverty
rates (Z.t). We seek to determine how much weight an optimal (MSE-minimizing) linear forecast
would place on §.;—r vs. T, focusing on within-county variation across tracts since that is the
most relevant variation for local applications, such as the Opportunity Zone application discussed
in Section IV.F.

We focus on solving this prediction problem using our estimates pooling children of all races and
genders for children born to parents at the 25th percentile of the parent-income distribution. To
simplify exposition, we drop subscripts for these characteristics. We seek to estimate the parameters
in the regression:

Yet = 0o + By:’)c,t—k + BrZet + wet (11)

for a specific cohort t. We demean g.;—; and Z, within each county in order to isolate within-
county variation. To facilitate interpretation of the coefficients 3, and (3, as relative weights, we
divide g.;—r and Z, by their respective standard deviations, so that both variables have variance
1.

If we could observe g, directly in our data, we could directly estimate (11) using OLS. In
practice, because we only observe 11 birth cohorts, we cannot observe both of these variables when
k = 30. In this appendix, we show how one can nevertheless identify 3, and 3, by estimating the
VCV matrix of {Yet, Yet—k, Ter} in available data under relatively weak stationarity assumptions.
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Let 9.1 denote the residual from a linear regression of g on Ze:

gc,t—k = Qc,t—k — Cov (Qc,t—ka i'ct) Tet,

By the Frisch-Waugh-Lovell theorem, (3, is the coefficient from the regression of ¥ on g :

B o Cov (gcta @c,t—k — Cov (gc,t—kv jjct) ict) . Cov @cu gc,t—k) — Cov (Qc,t—lﬁ jct) Cov (an jjct)
Y Var (Je,i—k — Cov (Ye,t—ks Tet) Tet) 1 — Cov (Ye,t—k» :/Ect)Q .
(12)
In this equation, all covariances and variances are conditional on ¢, so that 3, is a statistic that is
a function of the variation across tracts ¢. An analogous derivation for 3, yields:

h— COV (gch th) - COV ('fcta Z)c,tfk) COV (gcta gc,tfk) ) (13)

1 — Cov (-i'cty fgc,tfk)Q

We can directly estimate Cov (Zet, Uet—k). We cannot directly observe the terms Cov (e, Ter) OF
CoV (Yet, Ye,t—k)- To make progress, we make two assumptions relating to the stability of the joint
distribution of y and = over time.

First, we assume that the outcome y has a stationary autocorrelation structure that decays
exponentially with the lag k£ between periods:

Cov (gcta gc,t—k) = Cov (Qct, gc,tfl)k

for all ¢t and k. The evidence from Figure VII is consistent with this parametric approximation to
the autocorrelation structure of y.; across the 12 cohorts that we can observe in our data, and here
we assume that this proportional decay process continues over a longer period.*”

Second, we assume that the contemporary correlation between y and x is stable over time:

Cov (gctv jct) = Cov (Qc,t—ka jc,t—k)

for all t and k. To evaluate this assumption, in our empirical implementation below, we estimate
this covariance term in two independent samples, once using the 1978-83 birth cohorts and once
using the 1984-89 birth cohorts, and find very similar estimates.

Under these two assumptions, we can calculate the key coefficients from the prediction equation
entirely using moments that we can estimate in our data, in particular the serial correlation in
upward mobility across cohorts and correlation between poverty rates and upward mobility in
earlier cohorts.

Empirical Implementation. We use the formulas in (12) and (13) to predict upward mobility
for children born in 2010 () using poverty rates based on the 2010 Census (Z.;) and the baseline
Opportunity Atlas mean income rank estimates for children with parents at the 25th percentile
in the 1978-83 cohorts (Yc+—k). Weighting tract-level observations by population below median
income and demeaning all variables within county to obtain within-county covariances, we estimate
Cov (Zet, Yet—r) = —0.59 and Cov (Zet—k, Yet—k) = —0.57 (where T, represents poverty rates
based on the 1980 Census). Based on the autocorrelation estimate of 0.99 reported in Figure VII,
we estimate Cov (Jet, Jet—r) = (0.99)30 = 0.74.

4T"While exponential decay is consistent with the available data, other parametric forms also provide a good approx-
imation. We find very similar results with other parametrizations; for instance, if we assume that the autocorrelation
decays linearly across cohorts instead of exponentially, we obtain estimates of 8y = .26 and 8, = —.11 (as compared
with 8, = 0.29 and 8, = —0.09 assuming exponential decay).
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Plugging these values into (12) and (13), we obtain estimates of 5, = 0.29 and 8, = —.09. The
optimal estimator thus places substantial weight on historical opportunity measures — more than
3 times as large as the weight placed on standardized poverty rates — when forecasting long-term
outcomes for children in the 2010 cohort, even conditioning on contemporaneous poverty rates.

Replicating these calculations to forecast outcomes for the 2010 birth cohort using outcomes
for children born around 1990 yields similar results. In particular, we use the Opportunity Atlas
data on mean income ranks at age 26 for the children with parents at the 25th percentile in the
1984-1989 cohorts as ¢k, poverty rates from the 1990 Census as Z.;_x, and poverty rates from
the 2010 Census as Z.. We re-estimate the covariances between poverty and mobility, finding
Cov (Zet, Yet—k) = —0.57 and Cov (Zet—k, Ye,t—k) = —0.57. Using our formula, we obtain estimates
of B8y = .38 and 8, = —.08. We conclude that the historical Opportunity Atlas data has substantial
relevance for targeting current policies, even conditional on contemporary data on poverty rates.

Reconciliation with Data on Changes in Opportunity. Although historical data on upward
mobility are highly predictive of outcomes for the current generation, this does not imply that
rates of upward mobility are completely fixed over time. In a recent paper, Chetty et al. (2024)
focus on how upward mobility changed at the county level between the 1978 and 1992 cohorts
(measuring income ranks in adulthood at age 27). To understand how the changes they identify
are consistent with our results here on the stability of the Opportunity Atlas estimates across
cohorts, observe that

Var (yAct - f';c,t—k) = Var (Z)c,t) + Var (gc,t—k) — 2Cov (Qc,ta gc,t—k) .

The Chetty et al. (2024) data imply that Corr (e 1992, Uc,1978) = 0.83 across counties for children
with parents at the 25th percentile, pooling all racial groups. This is very similar to what one
would expect based on the one-year autocorrelation of 0.99 shown in Figure VII, since 0.99" =
0.86.%® Chetty et al. (2024) also report that SD (Jc1978) = 4.0 ranks and SD (§i1992) = 3.5 ranks.
Together, these parameters imply that SD (Yc 1992 — Uc,1978) = 2.2 ranks. Hence, the standard
deviation of changes in opportunity over the 15 cohorts studied by Chetty et al. (2024) across
counties is 55% as large as the standard deviation in levels of upward mobility in the 1978 cohort
across counties. These calculations show that even though opportunity is highly persistent over
time — with a correlation of 0.83 across 15 cohorts — and is therefore a very useful predictor for
targeting current policies as shown above, there are still meaningful changes in rates of upward
mobility within areas.

H Estimating the Causal Share of Observational Variation Across Tracts

In this appendix, we show how one can interpret our estimates of A in Section V as estimates of
the share of the observational variation in outcomes across Census tracts due to causal effects of
place.

Suppose that child i’s outcome y; = fic(;) p(i) + 0, where pep denotes the causal effect of growing
up in tract ¢ given parents at percentile p and 6; denotes a selection term that reflects family inputs
or other factors unrelated to where a child grows up. Define ., = E[6;|c, p] as the mean income in
adulthood in the observational sample; similarly define écp = FElf;|c,p] as the mean selection effect

48

This estimate is based on persistence at the tract level within counties; in practice, we find similar rates of
persistence over time across and within counties.
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in the observational sample, which can vary across tracts, so that ¥, = picp + écp. We also observe
incomes in adulthood from the experimental sample, which we denote by yg). By construction, the
selection term does not vary across tracts in the experimental sample, and so ygj = liep + 0 (where
O is a constant selection term reflecting selection into the experimental sample).

Consider regressing the tract-level outcomes from the experimental sample (g,) on the tract-
level outcomes from the observational sample (), as in equation 7. The regression coefficient
is
\_ Covyep ep) _ Var(uep) + Cov(lep, piep)

Var(yep) Var(Yep)

If Cov(Ocp, ptep) = 0 in the observational sample — i.e., if the selection and causal components are
uncorrelated across tracts — then the regression coefficient simplifies to A = Var(uep)/Var(yep),
the fraction of the variation in ¥, that is due to causal effects. If instead écp is correlated with i,
the regression coefficient A cannot be interpreted as the variance share of causal effects. However,
even in this case we can still test the null hypothesis that there are no causal effects by estimating
A. Under the null hypothesis where p., = 0, adult outcomesy., would not vary across tracts and
C’ov(yg,, Uep) = 0. As aresult A > 0 < Var(pue) > 0; rejecting the null hypothesis that A = 0 also
rejects the null hypothesis that there are no causal effects.

I Comparison to Moving to Opportunity Estimates

This appendix describes the construction of the site-by-treatment-arm estimates that we use to
compare the observational predictions of the Opportunity Atlas to the causal estimates from the
Moving to Opportunity experiment.

To construct ;Q{‘U/{S,TO (the left-hand-side variable in equation 8), we begin with previously pub-
lished estimates of the intent-to-treat (ITT) effects of assignment to the Section 8 and Experimen-
tal treatment arms (relative to the Control arm) from each of the five sites for children who were
younger than 13 at the time of the experiment (Chetty et al. (2016), Online Appendix Table 7b,
Panel A). We then transform these ITT estimates in treatment-on-the-treated estimates, dividing
by the site- and treatment-arm-specific voucher take-up rate, and then add back the mean observed
earnings in the site-specific control group (Chetty et al. (2016), Online Appendix Table 7b, Panel
A) to arrive at our estimates of §)7©.

To construct ¢,s (the right-hand-side variable in equation 8), we seek to estimate the tract-
specific pooled-race pooled-gender average individual earnings (measured in dollars). We measure
incomes for children at age 26 (the average age at which children’s earnings were measured in
the MTO sample) with parents at the 10th percentile of the income distribution (approximately
the average income percentile of parents in the MTO sample). Due to privacy limitations, we
are unable to directly release these dollar estimates; instead, we predict the mean incomes from
our rank estimates using a procedure analogous to the one described in Online Appendix C.%* We
use the predictions from this model for children at p = 25 and p = 75 to linearly extrapolate to
construct estimates of individual incomes at p = 10. Finally, to create estimates to match each

19We were unable to release tract-level estimates of the probability of reaching the top 20% and top 1% of the
individual income distribution at age 26 because of limitations in our total privacy budget. We therefore estimate the
model from Online Appendix Table II using only mean income ranks to predict individual income. These predictions
turn out to be quite accurate for the sub-population relevant for the MTO exercise; in particular, the true pooled-
race pooled-gender tract-specific estimates of individual income for children from p = 25 are correlated 0.94 with
our predictions from mean income ranks. Intuitively, the upper tail of the tract-specific income distribution are less
important for the rank-to-dollar prediction from children in very low-income, high poverty areas.
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site and treatment arm from MTO, we identify neighborhoods involved in the MTO experiment
by mapping the neighborhood names listed in Online Appendix Table 1c of Chetty et al. (2016)
to Census tracts. We then take a population-weighted mean of the tract-specific individual income
estimates across the relevant Census tracts in each site and treatment arm. For the control group, we
use these estimates directly. Because children younger than 13 at the time of the MTO experiment
were 8 years old on average, they were exposed to their original (pre-MTO) neighborhoods for
8/23 years and their new (post-MTO) neighborhoods for 15/23 years on average. Therefore, for
the Section 8 and Experimental groups, we take a weighted average of the estimates based on
the control group locations and the treatment group locations, with weights of 8/23 and 15/23,
respectively.

The estimate of A that we obtain from regressing §27° on ¢, should be interpreted as a
rough approximation for at least two reasons. First, we use data on the most common initial
neighborhoods to which MTO participants moved (from Appendix Table Ic of CHK) to estimate
Jws rather than the exact locations where MTO children grew up throughout their childhood.
Second, our estimates of 7,,s themselves contain estimation error, AvTo slightly understates the
fraction of the variance in the conditional expectation g, due to the causal effects of place. Given
the reliability estimate of about 0.9 in Table II, the second source of bias leads us to understate A
by about 10%. Quantifying the magnitude and sign of potential bias from the first issue is more
challenging, but we expect that this source of error is likely to be smaller than the uncertainty in
A m1o due to sampling error.

J  Quasi-Experimental Estimates of Causal Effects

In this appendix, we provide further details on the sample construction, variable definitions, empir-
ical specifications, and results underlying the quasi-experimental movers analysis of neighborhood
effects in Section V.B.

Sample Construction and Variable Definitions. Our core sample and data construction are the
same as that described in Section III, but we expand the sample in two directions that increase our
ability to observe moves at younger ages. First, we extend our analysis to include the 1978-1991
cohorts. Second, we focus on income ranks measured at age 24, as in Chetty and Hendren (2018a),
in order to be able to measure income for the most recent (1991) cohort. We also present results
(for a smaller set of ages) for income ranks measured at later ages, up to age 30.5

Using the location of each child’s parents in each year in our sample, we form a sample of one-
time movers. These are defined as children whose parents move across tracts exactly once when
the children are age 28 or below.’! We define the year of the move as the tax year in which the
parents report living in a different tract relative to the previous year. In cases where we do not
observe sequential years of location information (e.g. we do not observe 1990-93 and 1996-97), we
assign the year of move as the midpoint between the two nearest years in which different addresses
are reported (e.g. if we see a new location in 1994 relative to 1989, we assign the year of move to
be 1992.5). In cases where this leads to a non-integer year of move, we randomly select the nearest

59We also analyze impacts on other outcomes: marriage at age 30, incarceration in 2010, and teenage birth. Each
of these variables are defined for a subset of the available cohorts. Marriage at age 30 cannot be observed past the
1985 cohort since our data ends in 2015. Because individual income is only well defined starting in 2005, our age 24
individual income measure is missing for cohorts 1978-1980. Finally, we require incarceration to be measured after
age 23, and therefore omit cohorts 1987 and later for that outcome.

51When constructing the sample, we observe location up to age 30. But, as discussed below, we follow Chetty and
Hendren (2018a) and require that we observe the parents in the destination for at least two years. Therefore, the
oldest age of move for the children is 28.
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year for the move (1992 or 1993 in the case above). We then define the child’s age at the time of
the move as the year of the move minus the child’s cohort.

Following Chetty and Hendren (2018a), we make three additional sample restrictions. First,
we restrict to moves between origins and destinations that have at least 20 observations used to
calculate gop and ggp. As shown in Online Appendix A of Chetty and Hendren (2018a) imposing such
sample restrictions limits the impact of attenuation bias from sampling error in the 7., estimates.
Second, we require that we are able to observe the parents for at least two years after the move
in order to enter the sample (i.e., we only consider moves through 2013, since location is observed
until 2015). Third, we require families to move at least 25 miles to isolate “real” moves; moves
less than 25 miles suffer from more severe measurement error in children’s actual locations, as we
discuss in detail below.

We use the sample of children whose parents are not one-time movers, i.e. those observed in
exactly one or 3+ tracts, to estimate children’s predicted outcomes ¥, in tract c using the regression
specification in (2). We do not include one-time movers to ensure that a child’s own outcome does
not enter our definition of neighborhood quality.

Online Appendix Table XI presents summary statistics for the one-time movers sample and the
complementary sample used to estimate children’s predicted outcomes.

Empirical Specifications. In the one-time movers sample, consider the outcomes of child
with parental income rank p; who moved at age m; from origin tract, o, to destination tract, d.
We estimate childhood exposure effects on a given outcome y; using a specification analogous to
that developed in Chetty and Hendren (2018a). Let A,g, = Ydp — Yop denote the difference in
the income rank of exposure-weighted residents in the destination versus origin for children with
parental income rank p.

We estimate three types of regression specifications: a semi-parametric specification (used in
Figure IX), a parametric specification (used in Online Appendix Table VIII, Column 1), and a
parsimonious specification (used in Online Appendix Table VIII, Column 2). The semi-parametric
specification is given in equation (9) in the main text. In the parametric specification, we pa-
rameterize the age-specific effects plotted in Figure IX using a two-piece linear spline, permitting
different slopes above and below age 23:

28
Yi = Z I(mi = m) [am + Qbmgop + Cmpi] + I(mi < 23) (7/ + ’Vmi)AOdP
m=2
+1(m; > 23)(p + pmi) Avap + & (14)

Here, the coefficient of interest is 7, the annual childhood exposure effect, which is the average
effect of moving to a tract with 1 percentile higher observed income ranks one year earlier, at or
before age 23. The coefficient p measures the corresponding slope for moves after age 23.

The parsimonious specification is:

28
Yi = Z I(m’L = m) [am + Cmpz] + Qb;ngop + I(m’L < 23) ('}’/ + ’Ymi)Aodp
m=2

+1(m; > 23)(p + pmi) Dogp + €

which drops the interaction between age-at-move and origin tract predicted outcomes from the
parametric specification.

In all of these specifications, we account for measurement error in ¥,, and A,q, using a split-
sample instrumental variables approach. We randomly split those in the complementary sample
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into two groups of families (thereby requiring that siblings are included in the same group to ensure
independence of the samples), and instrument for g,, and A,q, measured in one group using the
same variables as measured in the second group.

Baseline Estimates. Column 1 of Online Appendix Table VIII presents OLS regression estimates
of v and p using (14). Consistent with the non-parametric estimate in Figure IX , we obtain an
estimate of v = 0.027, implying that 23 x 0.027 = 62% of the variation in observational estimates
can be attributed to the causal effect of neighborhoods. Column 2 presents estimates from a
more parsimonious specification that eliminates the interactions between age-of-move dummies and
origin place quality ¥y, effectively constraining the coefficient on g, to be constant across ages.
The coefficients are again very similar. Columns 3 and 4 replicate Column 1, replacing household
income with an indicator for being married at age 30 (Column 3) and for being incarcerated on
April 1, 2010 (Column 4).52 We obtain similar estimates of childhood exposure effects — with a
convergence rate of approximately 2.5% per year of exposure to the mean outcomes observed in
the destination — for these outcomes as well.

Validation of Identification Assumption. The preceding analysis rests on the assumption that
the potential outcomes of children who move to better or worse neighborhoods do not systematically
vary with age of move. We evaluate the validity of this assumption using two approaches. First, in
Column 5 of Online Appendix Table VIII, we add family fixed effects to the specification in Column
1. This approach identifies exposure effects from comparisons between siblings. The coefficients in
Column 5 are very similar to those in Column 1.

These sibling comparisons show that confounds due to factors that are fixed within families
are not a significant source of bias in our estimates, but they do not account for time-varying
factors, such as a change in family environment at the time of the move (e.g., a new job) that
directly affects children in proportion to exposure time independent of neighborhoods. To evaluate
whether such unobservables might bias our estimates, we implement a set of outcome-based placebo
tests in Online Appendix Table IX that exploit the heterogeneity in place effects across outcomes
documented in Section I'V.B.

We start from the parsimonious specification in Column 2 of Online Appendix Table VIIT and
include not only ¥,, and A,qg, as regressors, but also analogous tract-level predictions of marriage
rates at age 30, as well as incarceration rates in 2010 (for men) and teenage birth rates (for women),
each interacted with age.?® In Column 1, we use children’s income ranks at age 24 as the dependent
variable, as in Online Appendix Table VIII Column 2. For both men (in Panel A) and women (in
Panel B), the coefficient measuring the exposure effects to neighborhoods based on the income
predictions remains similar to that in our baseline specification. However, moving to an area
with higher incarceration rates (for men), teenage birth rates (for women), or marriage rates has
no significant impact on children’s incomes, conditional on observed incomes in the destination.
Column 2 repeats this exercise with marriage as the dependent variable; Columns 3 and 4 do so
with incarceration and teenage birth (respectively). In each case, the neighborhood quality measure
based on predictions of the dependent variable is strongly significant with a coefficient of similar
magnitude to those reported in Appendix Table VIII, but the coefficients on the other “placebo”
predictions are typically statistically insignificant.

The magnitudes of the placebo and actual coefficients in Panel A of Online Appendix Table IX
cannot be directly compared because each of the outcomes are measured in different units (fractions
for marriage, ranks for income, etc.). To make units comparable and quantify the potential amount

52Note that we replace not only the left-hand side variable but also the neighborhood-specific predictions with
these alternative outcome measures.

53We use the more parsimonious specification to eliminate the multiple sets of interactions, which reduce power;
results are qualitatively similar though noisier with using specification in Column 1 of Appendix Table VIII.
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of bias arising from any failures of these placebo tests, Panel B of Online Appendix Table IX rescales
the coefficients in Panel A by the coefficient obtained by regressing the dependent variable outcome
on the placebo outcome at the individual level. For example, for the placebo test of income rank
on tract-level marriage (Column 1, Row 2), income rank is regressed on a marriage indicator along
with the other controls from our parsimonious movers regression specification, including all variables
except for age at move interacted with move quality. We then multiply the original coefficient by
this regression coefficient. This rescaling quantifies the degree of bias in the own-outcome coefficient
that would emerge through a failure of the placebo. The resulting rescaled placebo coefficients in
Panel B are all an order of magnitude smaller than the actual (non-placebo), indicating that the
scope for bias through channels associated with the placebo outcomes is very small.

Since it is unlikely that a correlated shock - such as an increase in wages when the family moves
- would covary precisely with differences in neighborhood quality across all of these outcomes, these
tests indicate that the variation in children’s outcomes across neighborhoods for movers is driven
by causal exposure effects.?

Heterogeneity Analysis. One concern with our baseline estimates is that they are identified
from the set of families who choose to move to a given area, and hence may capture causal effects
that apply only to the particular families who chose to move to a neighborhood that is good for
their children, rather than a broader population. For example, our estimates of A might not have
external validity to other families who may be induced to move by other factors, such as changes
in housing policies.

In the presence of such selection on heterogeneous treatment effects, we would expect moves to
better areas (Aygy > 0) to produce larger exposure effects in absolute value than moves to worse
areas (Aogqp < 0). Intuitively, in this scenario, children moving to better neighborhoods would gain
even more than we predict based on average earnings, while those moving to worse neighborhoods
would suffer less relative to the observational predictions. We test whether this is the case in
Column 2 of Online Appendix Table X by replicating the specification in Column 1, allowing for
separate exposure effects for moves to better places (where A,q, > 0) and moves to worse places.
We find completely symmetric effects of moves to better vs. worse places, suggesting that there is
relatively little heterogeneity in treatment effects, at least based on observed patterns of selection.

Column 3 replicates Column 1 for the subset of families who make large moves, defined as
moves either from the top decile of neighborhoods in terms of 4. ,—25 to the bottom decile or vice
versa. Once again, the estimates are very similar, suggesting that roughly 60% of the differences
in observed outcomes reflect causal effects even in the tails of the distribution.

Columns 4 and 5 of Table Online Appendix Table X test whether the component of children’s
incomes that is predictable by median rents and the observable characteristics analyzed in Figure
IV have the same causal content as the “unobservable” component of the variation in observed
outcomes. In Column 4, we use the predicted values of 7,, and g4, based on observables to
construct the key right-hand-side regressors in (14); in Column 5, we conversely use the residuals
from the regressions on observables. We find that the estimated exposure effects are nearly identical
between these two components, allaying the concern that the “unobserved” portion of the variation
in children’s outcomes across areas predominantly reflects selection.?®

54Formally, this test relies on the assumption that if unobservables 6; are correlated with exposure to neighborhood
quality as measured by a specific outcome variable y, they must also be correlated with neighborhood quality as
measured by another outcome variable 3’ (conditional on control variables). See Chetty and Hendren (2018a) for
further details.

55We also find little heterogeneity in the exposure effects by the racial composition of the neighborhood to which
children move. For example, Black children who move to neighborhoods with a higher value of g4, at younger ages
experience similar gains irrespective of whether the Black share in the destination neighborhood is small or large.
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Granularity of Causal Effects. We use the movers design to revisit the analysis on the geo-
graphic scale of neighborhoods in Section IV.C, examining whether neighborhoods’ causal effects
also operate at a fine geographic scale. Online Appendix Figure VII plots estimates from a re-
gression that replaces o, and {g, in the parsimonious specification used in Column 2 of Appendix
Table VIII with poverty rates in the origin and destination tracts along with symmetric interactions
between age at move and poverty rates in the ten tracts that are closest to the actual origin and
destination tracts, respectively. We plot the eleven coefficients on the interactions between the
destination-origin difference in poverty rates and age at move (for moves below age 23). These
coefficients can be interpreted as the causal childhood exposure effect of moving to a tract (or near
a tract) that has 1 SD higher poverty rates. Moving to a higher poverty tract earlier in childhood
significantly reduces a child’s earnings. However, moving to an area where surrounding tracts have
higher poverty rates (controlling for poverty rates in one’s own tract) has essentially no impact on
children’s outcomes. This figure replicates the correlational finding in Figure IV , showing that
neighborhood characteristics are predictive not just of sorting patterns at a hyperlocal level but of
causal effects.5

Distance Restriction to Mitigate Measurement Error in Locations. Throughout our analysis, we
include only moves to destination tracts that are at least 25 miles away from the origin tract (based
on distance between tract centroids) to minimize measurement error in locations that is induced
by having a censored sample. For most cohorts in our sample, we do not observe location at early
ages; for example, for children in the 1978 birth cohort, we cannot see location prior to age 11 (in
1989). As a result, some of the children whom we classify as “one-time” movers in the period we
observe are not in fact one-time movers; they have actually moved at earlier ages.

If these earlier moves were uncorrelated in terms of neighborhood quality with later moves, they
would not bias our estimates. However, many families actually move back to a location where they
previously lived, particularly if they move a very short distance. To establish this result, we focus
on the 1986-1991 birth cohorts and truncate the sample to use data only on location from age 11
onwards. Among those children classified as one-time movers in this truncated sample, we then
examine locations before age 11 (which we can see for these more recent cohorts). Around 50% of
both short-distance (less than 25 mile) and long-distance (more than 25 mile) movers have already
moved at least once before age 11. But short-distance movers are disproportionately likely to move
to tracts d which are very close to their pre-age-11 tract o’. Tract o lies within 5 miles of tract d
for 43% of short-distance movers, but only for 11% of long-distance movers.

This pattern of returns to one’s origins induces a correlation between g4, and €; in (9) because
individuals who tend to move to higher-upward mobility areas also tend to have lived in higher-
upward-mobility areas at earlier ages (before we observe their locations). This leads to a systematic
downward bias in our estimates of exposure effects, one that is amplified for short-distance moves.

To obtain further insight into what drives these patterns of return migration at short distances,
we examine heterogeneity by parental marital status. One might expect that the measurement
error problem described above would be particularly pronounced for children with single parents, for
whom short-distance “moves” as recorded in the tax data may simply reflect children being claimed
in different years by separated parents or custodians living in different nearby neighborhoods. This
phenomenon is less likely when one’s parents live far apart or for children of married parents.
Consistent with this hypothesis, we find that children of single parents are indeed more likely to
return to a location near where they lived earlier in their childhood than children of married parents.

To test whether these differences are manifested in our exposure effect estimates, in Online

56We find a similar pattern when using children’s mean observed outcomes or other covariates as regressors instead
of poverty rates: in all cases, what matters are observed outcomes and characteristics in one’s own tract, not nearby
tracts.
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Appendix Table XII, we replicate the specification in Column 1 of Online Appendix Table VIII,
splitting children by parental marital status: single in the initial year where the child is claimed
(Columns 1 and 4); married in the initial year of claiming but later divorced (Columns 2 and 5);
or married in all years of the sample (Columns 3 and 6). For children of married parents, the key
coefficient on the interaction between move quality and age-at-move (below age 23) is -0.022 for
short-distance movers, which is relatively close to the coefficient of -0.030 for long-distance movers.
In contrast, for children of single parents, the key coefficient of interest falls in magnitude from
-0.024 for long-distance moves to -0.006 for short-distance moves. These findings confirm that
the greater measurement error in locations for children of single parents who make short-distance
moves leads to further attenuation of that coefficient. Based on this evidence, we conclude that
short-distance moves are too likely to be returns to prior locations in our censored sample, and
therefore restrict our analysis to those who move more than 25 miles.

K Birth Outcomes Placebo Test for Movers Design

As discussed above, the key identification assumption underlying the movers research design is
that selection effects in neighborhood choice — the extent to which different types of people move to
higher vs. lower quality neighborhoods — do not vary with the age of their children at the point they
move. This appendix — which is inspired by the work of Eshaghnia (2023) and reproduces results
originally reported in Chetty et al. (2023) — presents evidence from a balance test based on birth
outcomes (birthweight and length of gestation). Because birth outcomes are predetermined relative
to childhood neighborhoods, measured accurately in administrative data for large populations, and
correlated with many long-term outcomes of interest (Black et al. 2007, Royer 2009), they provide
ideal pre-move outcomes on which to test for balance. In particular, we ask: are children who move
at earlier ages to high-mobility Census tracts less likely to be born premature or with low birth
weight — which would violate the assumptions of the design — or are their birthweights and lengths
of gestation comparable to those who make similar moves at later ages?

Building on work by Kennedy-Moulton et al. (2022), who link data on the universe of birth
records in California to tax records housed at the U.S. Census Bureau, we analyze birth outcomes
for children born in California between 1978-1999. We construct our analysis sample and define
variables exactly as above, except that we (1) expand the range of birth cohorts we study from
1978-1999 to maximize precision, (2) use data through the 2017 tax year, and (3) subset the sample
to those who appear in the California birth record data (and hence were born in California). We
focus on children who moved across Census tracts exactly once after age 1 (over the age range we
observe them), a sample that consists of 487,000 children.

We first replicate the findings reported in Appendix H above in the subsample of children
born in California. We begin by measuring average upward mobility rates by neighborhood based
on the average household income percentile ranks at age 30 for children with parents at a given
parental income level in the full national sample, excluding one-time movers, as above. We then
analyze how children’s incomes at age 30 vary with the age at which they move to higher- vs.
lower-mobility Census tracts for the subsample of children for whom we observe income at age
30 (the 1978-87 birth cohorts). Online Appendix Figure XV presents this result by replicating
Figure IX in the California subsample, plotting the coefficient on the difference in neighborhood
upward mobility rates between the destination and origin Census tracts interacted with age at
move. See the notes to Figure IX for details on the construction of this figure. Consistent with the
baseline movers estimates reported in Appendix H, we find that children who move at earlier ages
to higher-upward-mobility neighborhoods have higher income ranks themselves in adulthood.

69



Next, we repeat this analysis using birth outcomes as placebos. Panel A of Online Appendix
Figure XIII replicates Online Appendix Figure XV , but replaces the dependent variable with
the child’s birthweight rank. In stark contrast with the pattern observed for income, there is no
gradient in the relationship between birthweight and neighborhood upward mobility rates by age at
move: the relationship is flat across the range and the estimated slope is not significantly different
from 0. Since the relationship between children’s incomes in adulthood and birthweights is highly
non-linear — with birthweights below the 20th percentile associated with particularly low incomes
in adulthood (Online Appendix Figure XVI) — we next replicate the placebo test using an indicator
for birthweight below the 20th percentile (6 pounds 4.7 ounces). Again, we find no gradient by age
at move (Panel B). Finally, in Panel C, we use an indicator for premature birth (before 259 days,
or three weeks before term) as the outcome and again find no gradient by age at move. Hence, all
of these pre-move outcome tests support the constant selection by age identification assumption
that underlies the movers exposure design.?”

To gauge the power of these placebo tests, note that the estimate of the slope in Online Appendix
Figure XIII is sufficiently precise to rule out the hypothesis that the coefficient of birthweight rank
on neighborhood upward mobility declines by more than 0.1% by age at move. In contrast, Online
Appendix Figure XV implies a slope of -1.7% on average over the ages where we observe income
at age 30, an order of magnitude larger. Since the correlation between birthweight and income
ranks is bounded above by 1, we can rule out the hypothesis that differential selection on factors
captured by birthweight ranks drives more than 5% of the exposure effect on income.

We conclude that pre-move birth outcomes are balanced by age at move to tracts with different
levels of economic mobility. Differences in children’s outcomes emerge after, not before, they
move to higher-mobility Census tracts, providing further support for the identification assumption
underlying the movers design.

L Moving to Opportunity Based on Opportunity Atlas Estimates

In this appendix, we estimate the potential earnings gains from defining “high opportunity” neigh-
borhoods using the Opportunity Atlas estimates constructed here instead of the poverty rate mea-
sures used to define high-opportunity areas, as in the Moving to Opportunity (MTO) experiment.
We conduct this analysis both in the MTO sample and for the broader sample of all housing voucher
recipients.

MTO Sample. We begin by identifying affordable high-opportunity neighborhoods that could
have been targeted in the MTO experiment. To do so, we first count the number of tracts that would
have been available to experimental voucher holders in the MTO experiment based on the official
requirement that the poverty rate should be less than 10% in the 1990 census, which we denote
by N.. Then, we identify the N, highest ranking tracts in terms of upward mobility (measured
in terms of individual income at age 26, as in our main MTO analysis) that have both lower
median rents than the areas to which MTO voucher holders moved and shorter commute times
using public transport to the tracts where control group residents lived (see the notes to Online
Appendix Figure XVII for details).?® Online Appendix Figure XIX illustrates some of the areas

57Online Appendix Figure XIII shows that the association between neighborhood upward mobility and children’s
birth outcomes (and, by extension, their potential earnings outcomes) do not vary with age at move, but it does
not establish that those who move at younger vs. older ages have comparable birth outcomes or potential earnings
outcomes. The latter assumption is not required for the movers exposure design.

58We obtain similar results if we further restrict attention to opportunity bargain areas with high rates of racial
diversity (Online Appendix Figure XVIII).
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identified as opportunity bargains in Chicago, which include Uptown (North of the Loop) and
Alsip/Marrionette and Evergreen (Southwest of downtown).

After identifying the set of affordable high-opportunity tracts in each city using this procedure,
we compute average individual earnings in adulthood across the relevant Census tracts using our
observational estimates, conditional on having parents at the 10th percentile of the income dis-
tribution, using the same method as in Online Appendix I. Online Appendix Figure XVII uses
these estimates to predict the earnings children in the MTO experiment would have had if they
had moved to these opportunity bargain tracts. It replicates Figure VIII , but adds five points (in
open circles) that show the observational estimates of income on the z-axis and predicted values
for (hypothetical) movers in the MTO sample corresponding to those estimates. These predictions
are linear extrapolations using the regression line estimated using the actual MTO experimental
estimates, which is shown by the solid line in the figure.

On average, across the five MTO sites, we predict that MTO children’s individual earnings
would have been $2,245 higher had they moved to opportunity bargain areas instead of the areas
to which experimental voucher holders moved. For comparison, the mean earnings gain (relative
to the control group) that was actually realized by children in the experimental voucher group who
moved to low-poverty neighborhoods was $1,893 — implying that one could have achieved more
than double the earnings gains by defining “high opportunity” areas using the new tract-level data
on upward mobility.

All Housing Voucher Recipients. To extend our analysis to Housing Voucher recipients in
general, we obtain publicly available data on the count of of voucher holders by Census tract,
which we denote by n.,, from the Housing and Urban Development agency in 2015 (Housing and
Urban Development, Office of Policy Development and Research, 2015). We calculate the number
of non-voucher-holders n., in tract ¢ by subtracting n., from 2010 Census population estimates.
We calculate the average individual income of children with parents at the 25th percentile in
tracts where voucher holders live by taking a weighted average of our tract level estimates of mean
individual incomes (in dollars, constructed as in Appendix E) with parents at p = 25, weighting
by n¢,. Similarly, we calculate the mean individual income of children with parents at the 25th
percentile in tracts where non-voucher holders live using a weighted average of the same tract-level
statistics, weighting by ncn,. We obtain estimates of $32,254 for voucher holders and $35,590
for non-voucher-holders. Online Appendix Figure XIVa plots the distribution of mean individual
incomes conditional on having parents at the 25th percentile for the voucher vs. non-voucher-
holders, weighting in the same manner. The distribution for voucher holders is shifted leftward,
showing that voucher holders tend to live in areas where children grow up to have lower incomes,
controlling for their own parents’ incomes

Next, to compute the same difference conditional on the price of housing, we use data on median
rents in 2015 from the ACS (see Appendix B). We then reweight the distribution of rents for non-
voucher-holders to match rents in the neighborhoods where voucher holders live.?® The average
individual income in adulthood for children with parents at p = 25 among non-voucher holders
in neighborhoods with comparable rents is $34,402, lower than the raw mean for non-voucher-
holders but still significantly above the mean income of $32,254 in voucher holders’ neighborhoods.
Voucher holders live in lower-mobility areas than non-voucher-holders with comparable income even

59

We implement this by estimating the density of median rents, once weighting by n.,, and once by nc n., and then
taking the ratio of these two densities as weights for the non-voucher holder distribution. Let f,, fn. represent kernel
densities of the distribution of rents, weighting by nc v, ne no respectively. We use weights of Fo(1)_ for tracts with

Fro(r)
rent 7 and calculate the average individual income in adulthood with these weights for non-voucher holders.
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conditional on rents. In Online Appendix Figure XIVb, we replicate this analysis within each CZ
and plot the difference in outcomes between voucher-holders and re-weighted non-voucher holders
across CZs. In virtually all CZs, voucher holders live in systematically worse areas, even conditional
on rent.

Finally, we analyze the potential gain in children’s incomes if voucher holders’ were to move to
low-poverty (below 10% poverty rate) Census tracts vs. high-upward-mobility Census tracts with
comparable rents to those where they currently live, as in the MTO analysis described above. Let
N, now denote the total number of tracts with poverty rates below 10% in 2015. We compute the
average individual income in adulthood for children with parents at p = 25 in these N, low-poverty
tracts, reweighting tracts so that their distribution of rents matches the distribution of rents in the
Census tracts where voucher holders currently live.The resulting mean is $37,929 — $5,675 higher
than the mean in the tracts where voucher holders currently live. Applying our estimate that A =
68% from our MTO analysis of the observational difference in children’s outcomes among voucher
holders is driven by causal effects of place, we conclude that voucher holders’ children could gain
$3,859 in annual income at age 35 if they were to move to low-poverty neighborhoods. Replicating
this exercise selecting the NNV, tracts with the highest levels of upward mobility (individual income
for children with parents at p = 25) instead of low poverty rates yields an estimated income gain
of $7,157. Hence, the gain from moving to higher-opportunity areas as defined by the Opportunity
Atlas measures is 85% larger than the gain from moving to high-opportunity as defined based on
having low poverty rates.
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Table |
Summary Statistics for Primary Analysis Sample

Pooled Male Female
Q) 2) (3)
A. Parental Characteristics
Median Parent Household Income ($) 56,730 56,890 56,560
Mean Parent Household Income Percentile Rank 50.5 50.6 50.5
Father Present in Household? 78.9% 79.7% 78.2%
Mother Present in Household? 89.7% 89.2% 90.3%
Both Parents Present in Household? 68.7% 68.9% 68.5%
B. Children's Income and Employment Outcomes in 2014-15
Median Household Income ($) 42,360 41,250 43,590
Mean Household Income Percentile Rank 50.2 48.9 51.6
Median Individual Income ($) 29,440 35,120 24,390
Mean Individual Income Percentile Rank 50.2 53.9 46.4
Employed (Individual Income > 0)? 76.5% 77.8% 75.1%
C. Outcomes in Adulthood Observed for Full Population
Married in 20157 45.1% 42.6% 47.8%
Incarcerated on April 1, 20107? 1.5% 2.7% 0.3%
Had a Child as a Teenager? 19.7%
Mean Spouse Individual Income Percentile Rank 62.4 53.5 71.2
Living in Low Poverty Tract in 2015? 47.9% 47.4% 48.5%
Living in Childhood CZ in 2015? 66.0% 66.4% 65.5%
Living in Childhood Tract in 2015? 20.5% 22.7% 18.3%
Living with Parents in 20157 15.0% 16.7% 13.3%
D. Outcomes in Adulthood Observed for ACS Subsample
Employed? 84.8% 88.6% 81.0%
Hours Worked Per Week 31.9 35.7 28.1
Median Hourly Wage Rate ($) 18.2 19.3 17.2
Graduated from High School? 86.2% 83.7% 88.6%
Earned Some College Credits? 69.5% 63.8% 75.1%
Graduated with 2-Year College Degree? 46.3% 40.5% 51.9%
Graduated with 4-Year College Degree? 36.4% 31.6% 41.1%
Has Post-Graduate Degree? 13.3% 10.6% 16.0%
Receives Public Assistance? 2.3% 1.4% 3.2%
Mean Household Income Rank | Child of U.S. Native Parents 53.2 52.0 54.4
Mean Individual Income Rank | Child of U.S. Native Parents 52.0 56.4 47.4
Mean Household Income Rank | Child of Immigrant Parents 53.0 51.1 55.1
Mean Individual Income Rank | Child of Immigrant Parents 541 56.4 51.7
Pct. of Observations Included in Opportunity Atlas Public Data 99.98% 99.97% 99.97%
Number of Obs in Full Sample 20,500,000 10,400,000 10,000,000
Number of Obs in ACS Subsample 3,979,000 1,979,000 2,000,000

Notes: This table presents summary statistics for children in our primary analysis sample: children born in the 1978-1983 birth cohorts who are claimed as
child dependents in tax records at some point between 1994-2015 and who have at least one non-missing address before age 23. Panel A presents
summary statistics for parents of the children in our analysis sample; Panel B presents statistics on children's incomes from the tax data; Panel C presents
statistics on other outcomes in adulthood observed in the Census or tax data for the full sample; and Panel D presents statistics for children who received
the ACS at some point between 2005-2015. Employment and wage statistics in Panel D are based on the subset of children who receive the ACS at or
after age 30. See Section Il and Online Appendix A for more details and definitions of variables. All values in this and all subsequent tables and figures have
been rounded to four significant digits as part of the disclosure avoidance protocol. Counts are rounded in the following manner: numbers between 10,000
and 99,999 are rounded to the nearest 500; between 100,000 and 9,999,999 to the nearest 1,000 and above 10,000,000 to the nearest 10,000. Sources for
this and all subsequent tables and figures: authors calculations based on Census 2000 and 2010, tax returns, and American Community Surveys 2005-
2015. See Online Appendix Table | for analogous summary statistics by race and ethnicity.



Table Il
Variance Decomposition for Tract-Level Estimates of Upward Mobility

American Indian

and
All Races White Black Hispanic Asian Alaska Native
(1) (2) (3) (4) (5) (6)
A. Household Income Rank for Children of Parents at the 25th Percentile
Mean 40.46 45.06 32.1 42.79 57.11 31.39
Total SD 6.51 6.14 414 4.63 7.95 7.24
Noise SD 1.97 2.88 2.30 2.83 5.01 3.56
Reliability 0.91 0.78 0.69 0.63 0.60 0.76
Signal SD 6.20 542 3.44 3.66 6.17 6.31
Signal SD ($) $12,850 $12,650 $4,974 $6,718 $23,590 $9,107
Within County Signal SD 4.66 3.55 2.49 2.52 4.38 2.78
Within County Signal SD ($) $10,420 $8,680 $3,583 $5,046 $16,770 $4,420
B. Share Incarcerated for Sons of Parents at the 25th Percentile
Mean 4.80 3.00 11.25 3.34 0.54 6.00
Total SD 4.19 3.53 6.23 3.53 4.61 6.11
Noise SD 2.66 3.02 4.52 2.82 4.42 4.61
Reliability 0.60 0.27 0.47 0.36 0.08 0.43
Signal SD 3.23 1.83 4.28 2.12 1.28 4.01
Within County Signal SD 2.44 1.44 2.69 1.40 0.76 0.92
C. Household Income Rank for Children of Parents at the 75th Percentile
Mean 58.31 60.55 43.69 53.91 65.15 45.80
Total SD 5.65 4.67 6.73 6.89 8.34 11.81
Noise SD 2.07 2.23 4.97 5.40 5.84 7.32
Reliability 0.87 0.77 0.45 0.39 0.51 0.62
Signal SD 5.25 410 4.54 4.28 5.95 9.27
Signal SD ($) $16,580 $15,610 $8,735 $11,990 $31,060 $18,150
Within County Signal SD 4.20 2.82 3.64 3.56 473 3.86
Within County Signal SD ($) $13,510 $11,030 $7,372 $10,250 $22,820 $9,782

Notes: This table reports estimates of variance components of children's outcomes in adulthood by Census tract conditional on parent
income at the 25th and 75th percentiles. Panel A and C analyze the mean household income rank for children with parent incomes at the
25th and 75th percentiles, respectively; Panel B analyzes incarceration rates (defined as being incarcerated on April 1, 2010 based on the
2010 Census) for boys with parents at the 25th percentile. The first row in each panel shows the mean of the outcome in the primary
analysis sample. The total SD is simply the national standard deviation of the conditional means of the relevant outcomes across tracts,
weighted by the number of children in each tract with parent incomes below the median for the 25th percentile calculations and above the
median for the 75th percentile calculations. The noise SD is the square root of the average squared standard error of the tract-level
estimates; the signal SD is the square root of the difference between the total variance and noise variance. Reliability is the ratio of signal
variance to total variance. We report estimates of signal standard deviations in both percentile ranks and real 2015 dollars. Column 1
reports statistics pooling all children; Columns 2 through 6 report the same statistics for children from a specific racial or ethnic subgroup.



Table Il
Correlations Between Tract-Level Estimates of Children's Outcomes Within CZs

A. Mean Household Income Ranks: Correlation Across Racial Groups and Parental Income Levels

Parents at 25th Percentile

American Parents at
White Black Hispanic Asian Indian & 75th Pctile,
Alaska Natives Same Race

(1) (2) (3) (4) (5) (6)

White 1 0.521 0.526 0.467 0.431 0.604
Black 1 0.471 0.311 0.261 0.452
Hispanic 1 0.324 0.395 0.352
Asian 1 0.132 0.463
Am.erlcan Indian & Alaska 1 0.356
Natives

B. Race-Controlled Correlations Across Outcomes for Children with Parents at 25th Percentile

Household Individual Employment Incarceration Teenage Birth

"‘F‘(fr:ﬂe '”F;’;’:;e Rate Rate Rate
(1N (2) (3) (4) (5)
Household Income Rank 1 0.964 0.446 -0.767 -0.870
Individual Income Rank 1 0.559 -0.742 -0.844
Employment Rate 1 -0.334 -0.312
Incarceration Rate 1 0.774
Teenage Birth Rate 1

Notes: This table presents correlations between tract-level estimates of various child outcomes conditional on parent income
at the 25th percentile (Columns 1- 5) or the 75th percentile (Column 6 in Panel A). Columns 1-5 of Panel A present
correlations between mean household income ranks by tract conditional on having parents at the 25th percentile of the
national income distribution across different racial groups. These correlations are estimated using variation across tracts
within CZs and are adjusted for attenuation due to sampling error and noise infusion by inflating the raw correlations by the
square root of the product of the reliabilities of the two outcome variables. Column 6 reports correlations between mean
household income for children of a given race with parents at the 25th and 75th percentile across tracts. Panel B presents
correlations between five different tract-level mean outcomes: household income rank, individual income rank, fraction
employed, fraction incarcerated on April 1, 2010 (see Figure | for more details), and teenage birth rate (defined for women
only as an indicator for claiming a child born when the child is between 13 and 19 years old). To eliminate correlations due to
correlated measurement error, the correlations in Panel B are estimated by splitting families into two random samples,
estimating correlations across the two samples, adjusting for noise by dividing the raw correlation by the product of the
square root of the reliabilities of the two outcome variables, and then averaging between the two estimates obtained from the
two different split samples. These correlations control for race and CZ fixed effects, following the methods described in the
notes to Figure V.



Online Appendix Table la

Summary Statistics for Primary Analysis Sample, by Race and Ethnicity

White Black Hispanic
Pooled Male Female Pooled Male Female Pooled Male Female
()] 2 3 4) (5) (6) (@] (8) 9)

A. Parental Characteristics
Median Parent Household Income ($) 71,470 71,510 71,430 29,600 29,910 29,300 33,470 33,400 33,540
Mean Parent Household Income Percentile Rank 58.4 58.4 58.3 33.1 334 328 36.5 36.4 36.6
Father Present in Household? 86.2% 86.8% 85.5% 49.6% 50.7% 48.4% 73.7% 74.8% 72.7%
Mother Present in Household? 93.4% 92.9% 93.9% 83.0% 82.3% 83.6% 83.5% 82.5% 84.4%
Both Parents Present in Household? 79.6% 79.7% 79.5% 32.5% 33.0% 32.0% 57.2% 57.3% 57.2%
B. Children's Income and Employment Outcomes in 2014-15
Median Household Income ($) 53,920 52,120 55,970 20,740 17,780 22,820 35,250 35,310 35,190
Mean Household Income Percentile Rank 55.8 54.7 57.0 34.9 32.7 37.0 45.7 447 46.8
Median Individual Income ($) 33,760 40,830 26,730 19,630 18,270 20,510 27,220 32,280 23,060
Mean Individual Income Percentile Rank 53.4 58.6 48.0 421 40.9 43.3 48.2 51.7 446
Employed (Individual Income > 0)? 78.6% 81.7% 75.4% 76.2% 71.0% 81.2% 76.9% 77.8% 76.1%
C. Outcomes in Adulthood Observed for Full Population
Married in 2015? 54.7% 51.5% 58.1% 16.3% 16.9% 15.8% 37.3% 35.0% 39.7%
Incarcerated on April 1, 2010? 0.9% 1.5% 0.2% 5.1% 10.3% 0.6% 1.5% 2.9% 0.2%
Had a Child as a Teenager? 13.5% 41.3% 29.3%
Mean Spouse Individual Income Percentile Rank 63.2 54.2 722 57.4 52.8 62.6 58.2 48.5 67.6
Living in Low Poverty Tract in 2015? 54.6% 53.9% 55.2% 27.7% 27.4% 27.9% 36.3% 35.6% 37.1%
Living in in Childhood CZ in 2015? 63.2% 63.9% 62.5% 71.7% 71.1% 72.3% 75.0% 75.1% 74.9%
Living in Childhood Tract in 2015? 19.2% 21.1% 17.1% 22.6% 25.5% 19.8% 24.2% 26.4% 22.0%
Living with Parents in 2015? 11.6% 13.1% 10.1% 21.0% 23.9% 18.6% 23.0% 24.8% 21.2%
D. Outcomes in Adulthood Observed for ACS Subsample
Employed? 86.6% 91.5% 81.6% 75.1% 70.1% 79.6% 81.5% 85.5% 77.8%
Hours Worked Per Week 32.98 37.67 28.34 26.01 24.88 27.05 29.72 33.02 26.60
Median Hourly Wage Rate ($) 18.89 19.76 17.71 14.71 14.72 14.57 16.19 16.90 15.69
Graduated from High School? 88.7% 86.7% 90.8% 78.0% 73.0% 82.6% 76.9% 73.4% 80.3%
Earned Some College Credits? 72.7% 67.4% 78.0% 56.7% 47.2% 65.5% 56.4% 50.3% 62.1%
Graduated with 2-Year College Degree? 50.4% 44.5% 56.2% 29.0% 21.6% 35.7% 30.2% 25.3% 34.9%
Graduated with 4-Year College Degree? 40.1% 35.0% 45.0% 21.0% 15.4% 26.0% 21.3% 17.4% 25.0%
Has Post-Graduate Degree? 14.6% 11.7% 17.4% 8.0% 4.9% 10.8% 7.0% 5.2% 8.7%
Receives Public Assistance? 1.9% 1.3% 2.5% 4.6% 2.0% 6.9% 3.1% 1.5% 4.5%
Mean Household Income Rank | Child of U.S. Native Parents 57.0 56.0 58.1 35.5 33.5 375 47.0 46.0 47.9
Mean Individual Income Rank | Child of U.S. Native Parents 54.2 59.6 48.6 429 41.9 43.8 48.5 52.5 44.8
Mean Household Income Rank | Child of U.S. Immigrant Parents 58.5 56.8 60.4 449 42.2 47.5 48.3 47.0 49.6
Mean Individual Income Rank | Child of Immigrant Parents 56.8 60.5 52.9 51.1 49.5 52.5 50.8 53.9 47.6
Pct. Of Observations Included in Opportunity Atlas Public Data 99.93% 99.81% 99.80% 97.87% 95.41% 95.79% 96.51% 92.53% 92.36%
Number of Obs in Full Sample 13,000,000 6,639,000 6,360,000 2,640,000 1,294,000 1,346,000 2,517,000 1,262,000 1,255,000
Number of Obs in ACS Subsample 2,855,000 1,429,000 1,426,000 433,000 207,000 226,000 443,000 220,000 224,000

Notes: This table replicates Table I, presenting summary statistics by race and gender for children in our primary analysis sample. All racial groups except Hispanics exclude individuals of

Hispanic ethnicity.



Online Appendix Table Ib
Summary Statistics for Primary Analysis Sample, by Race and Ethnicity, cont.
American Indian and

Asian Alaska Native
Pooled Male  Female Pooled Male Female
(10) (11) (12) (13) (14) (15)

A. Parental Characteristics
Median Parent Household Income ($) 53,350 52,680 54,040 36,710 36,820 36,610
Mean Parent Household Income Percentile Rank 494 49.1 49.8 38.2 38.3 38.1
Father Present in Household? 88.5% 88.6% 88.3% 71.1% 72.2% 70.1%
Mother Present in Household? 92.1% 91.8% 92.5% 88.5% 87.8% 89.1%
Both Parents Present in Household? 80.6% 80.4% 80.8% 59.6% 60.0% 59.2%
B. Children's Income and Employment Outcomes in 2014-15
Median Household Income ($) 63,850 56,660 72,050 23,490 22,320 24,550
Mean Household Income Percentile Rank 60.7 57.6 64.0 37.8 36.7 38.8
Median Individual Income ($) 43,790 45,640 41,860 17,440 20,370 15,270
Mean Individual Income Percentile Rank 60.4 61.6 59.1 40.4 43.0 37.7
Employed (Individual Income > 0)? 79.6% 80.5%  78.6% 70.3% 70.5% 70.0%
C. Outcomes in Adulthood Observed for Full Population
Married in 20157? 50.0% 45.4% 54.7% 32.3% 30.2% 34.3%
Incarcerated on April 1, 2010? 0.3% 0.5% 0.0% 2.9% 5.0% 0.8%
Had a Child as a Teenager? 6.8% 31.4%
Mean Spouse Individual Income Percentile Rank 67.4 58.8 75.4 55.6 47.4 63.8
Living in Low Poverty Tract in 2015? 60.7%  59.3% 62.1% 29.2% 29.2% 29.2%
Living in Childhood CZ in 2015? 66.5% 69.2%  63.8% 65.7% 66.3% 65.2%
Living in Childhood Tract in 2015? 224%  26.3% 18.4% 271% 29.0% 25.2%
Living with Parents in 20157 271% 31.8%  224% 20.3% 22.7% 18.0%
D. Outcomes in Adulthood Observed for ACS Subsample
Employed? 882% 90.5%  85.9% 73.6% 77.0% 70.2%
Hours Worked Per Week 34.14 36.31 31.95 24.99 27.15 22.84
Median Hourly Wage Rate ($) 23.96 23.54 24.43 13.96 14.71 13.26
Graduated from High School? 91.4% 90.1% 92.8% 77.3% 74.5% 80.1%
Earned Some College Credits? 84.6% 81.6% 87.7% 51.2% 44.2% 58.2%
Graduated with 2-Year College Degree? 67.3% 62.4% 72.3% 22.8% 18.4% 27.2%
Graduated with 4-Year College Degree? 58.9% 53.9% 64.1% 14.6% 12.0% 17.3%
Has Post-Graduate Degree? 23.4% 19.9%  26.9% 4.2% 3.2% 5.2%
Receives Public Assistance? 1.1% 1.0% 1.3% 4.8% 2.6% 7.0%
Mean Household Income Rank | Child of U.S. Native Parents 58.2 55.8 60.4 38.5 375 39.5
Mean Individual Income Rank | Child of U.S. Native Parents 57.5 60.5 54.8 41.0 43.6 38.3
Mean Household Income Rank | Child of Immigrant Parents 63.3 60.1 66.7 42.2 40.9 43.6
Mean Individual Income Rank | Child of Immigrant Parents 63.1 63.9 62.2 44.6 46.4 42.5
Pct. of Observations Included in Opportunity Atlas Public Data 84.89% 72.90% 70.69% 54.43% 44.26% 45.91%
Number of Obs in Full Sample 673,000 344,000 330,000 134,000 68,000 66,000
Number of Obs in ACS Subsample 128,000 65,000 63,000 31,000 15,500 15,500

Notes : This table replicates Table I, presenting summary statistics by race and gender for children in our primary analysis sample. All
racial groups except Hispanics exclude individuals of Hispanic ethnicity.



Online Appendix Table Il

Predicting Outcomes in Dollars Based on Outcomes in Ranks

American
Indian and
Alaskan
All Races White Black Hispanic Asian Native Other
(1) (2) (3) (4) (5) (6) (7)
A. Household Income in Dollars
Mean Household
Income Rank 85,510 78,900 111,000 114,800 121,700 113,800 112,900
(311.8) (386.6) (291.7) (468.8) (1,725.0) (1,405.0) (961.2)
Prob. of Being in the
Top Percentile 676,900 660,900 462,400 484,000 531,600 518,600 509,600
(1,220.0) (1,220.0) (1,754.0) (1,551.0) (2,141.0) (6,621.0) (2,566.0)
Prob. of Being
Above the 20th
Percentile 77,780 79,370 46,840 47,870 72,960 39,750 51,900
(316.6) (341.4) (352.2) (382.8) (1,068.0) (1,490.0) (757.2)
Constant -3,068 559 -10,960 -12,640 -17,130 -11,300 -10,900
(102.6) (143.6) (89.4) (180.0) (769.1) (451.3) (384.1)
B. Individual Income in Dollars
Mean Individual
Income Rank 60,740 59,120 79,540 79,370 74,840 76,980 77,280
(199.6) (223.9) (243.0) (320.3) (990.2) (1,161.0) (630.6)
Prob. of Being in the
Top Percentile 396,200 387,400 279,900 273,000 335,400 288,000 319,400
(720.4) (727.1) (1,049.0) (963.2) (1,299.0) (4,291.0) (1,543.0)
Prob. of Being
Above the 20th
Percentile 46,820 47,270 27,920 28,750 44,020 27,000 31,060
(181.6) (193.4) (218.6) (236.0) (589.4) (1,079.0) (457.1)
Constant -3,681 -2,692 -9,828 -9,747 -8,572 -8,620 -8,371
(70.3) (83.8) (86.0) (128.9) (448.0) (399.8) (258.7)

Notes: Each column of this table reports estimates from a separate OLS regression of average incomes
measured in dollars on three rank-based outcomes: (1) mean ranks, (2) the probability of being in the top income
percentile, and (3) the probability of being above the 20th income percentile. Each regression is estimated in a
dataset with one observation per tract and parent income level (25th or 75th percentile), pooling genders. The
regressions are weighted by the number of children in each tract with parent incomes below (above) median
income for the 25th (75th) percentile observations. Panel A presents results for household income; Panel B
presents results for individual income. See Appendix C for further details.



Online Appendix Table I
Correlation between Actual Mean Incomes and Predicted Mean Incomes Across Tracts

American
Indian and
Alaskan
All Races White Black Hispanic Asian Native Other
(1) (2) (3) (4) (5) (6) (7)

A. Household Income, Children of Parents at the 25th Percentile
All Genders 0.9785 0.9576 0.9560 0.9430 0.9400 0.9515 0.9229
Male 0.9623 0.9326 0.9465 0.9363 0.9363 0.9647 0.9053
Female 0.9691 0.9455 0.9510 0.9374 0.9333 0.9361 0.9175
B. Household Income, Children of Parents at the 75th Percentile
All Genders 0.9663 0.9554 0.9079 0.8977 0.9210 0.9377 0.8965
Male 0.9472 0.9325 0.9024 0.8873 0.9184 0.9258 0.8935
Female 0.9532 0.9403 0.8982 0.8841 0.9074 0.9447 0.8968
C. Individual Income, Children of Parents at the 25th Percentile
All Genders 0.9748 0.9585 0.9568 0.9387 0.9416 0.9493 0.9278
Male 0.9627 0.9395 0.9477 0.9296 0.9369 0.9497 0.9075
Female 0.9673 0.9496 0.9569 0.9464 0.9327 0.9407 0.9322
D. Individual Income, Children of Parents at the 75th Percentile
All Genders 0.9638 0.9582 0.9084 0.8889 0.9184 0.9063 0.9038
Male 0.9474 0.9405 0.9037 0.8623 0.9087 0.9044 0.8951
Female 0.9532 0.9473 0.9055 0.9028 0.9010 0.9156 0.9238

Notes: This table reports the correlation between actual mean incomes in adulthood and predictions of
those incomes using publicly available rank-based outcomes, constructed using the regression models in
Online Appendix Table Il. The predicted values are correlated with the income estimates within each race,
gender, and percentile cell, weighting 25th (75th) percentile outcomes by the number of kids below (above)
the median income. Panel A reports results for the 25th percentile and Panel B reports results for the 75th
percentile, both using household income measures. Panel C and Panel D reports results for individual
income at the 25th and 75th percentiles respectively. Column 1 reports estimates pooling all racial and
ethnic groups, while Columns 2-7 report race-specific correlations.



Online Appendix Table IV
Variation in Children's Outcomes Explained by Family Characteristics

Adjusted R-Squared

A. Individual Income Rank

Parent Income Only 0.0675
Parent Income, Gender 0.0913
Parent Income, Gender, Race 0.1026
Parent Income, Gender, Race, Mother's Education 0.1122

B. Household Income Rank

Parent Income Only 0.1083
Parent Income, Race 0.1337
Parent Income, Race, Mother's Education 0.1427
Parent Income, Race, Mother's Education, Father's Citizenship 0.1492

C. Incarceration

Parent Income Only 0.0075
Parent Income, Gender 0.0213
Parent Income, Gender, Race 0.0386
Parent Income, Gender, Race, Mother's Occupation 0.0427

Notes: This table reports R-squared values from regressing children's outcomes in
adulthood on parent income percentiles (100 bins) interacted with other family
characteristics. We start from a potential set of childhood characteristics that consists
of: house size (number of bedrooms), number of siblings, and Mother and Father's
educational attainment, occupation, citizenship status, and marital status. These
characteristics are obtained by merging our primary sample with the 2000 Census
Long Form. In the first row of each panel, we report the adjusted R-squared from a
regression of the outcome on parent income percentiles only. In the second row, we
interact parent income bins with each covariate and choose the variable with the
highest adjusted R-squared. We report that variable and the adjusted R-squared from
the corresponding specification. That variable is removed from the list of covariates,
and the exercise is repeated until three covariates are obtained. In Panel A, the
outcome is the child's individual income rank in adulthood; in Panel B, it is the child's
household income rank; and in Panel C, it is an indicator for being incarcerated. See
Online Appendix D for further details.



Online Appendix Table V

Mean Squared Error of Alternative Prediction Models

A. Household Income

Transformed Linear

M

Transformed Quadratic

(2

Local Linear (BW = 10)
(3)

Local Linear (BW = 25)
(4)

Parent Income 1 0.0389 0.0385 0.0414 0.0397
Percentile 25 0.0638 0.0639 0.064 0.0639
50 0.0695 0.0697 0.0696 0.0696
75 0.0698 0.0699 0.0699 0.0698
100 0.0806 0.0807 0.0807 0.0808

B. Incarceration
Parent Income 1 0.1131 0.1209 0.112 0.112
Percentile 25 0.0424 0.0427 0.0424 0.0424
50 0.0215 0.0216 0.0215 0.0215
75 0.0097 0.0097 0.0097 0.0097
100 0.0017 0.0017 0.0017 0.0017

Notes: This table reports the mean squared error (MSE) of alternative prediction models (shown in the four columns) at five percentiles of
the parent income distribution for our baseline household income measure in Panel A and incarceration for men in Panel B. We compute the
MSE using a leave-one-out procedure. For each child i in an estimation cell (tract by race by gender), we compute a prediction for their
outcome in adulthood by fitting our model on all other observations within the cell. The prediction error is the difference between i's actual
outcome in adulthood and this leave-one-out prediction. Then, pooling over all children, we calculate the MSE within each parent income
percentile. The figure presents the MSE for our baseline linear transformation model (described in Section Ill), a quadratic version of that
model, and a local-linear model using a uniform kernel with two different bandwidths: 10 ranks and 25 ranks.



Online Appendix Table Via
Variance Decomposition for Tract-Level Estimates of Upward Mobility Without DP Noise

American Indian

and
All Races White Black Hispanic Asian Alaska Native
(1) (2) (3) 4) (5) (6)
A. Household Income Rank for Children of Parents at the 25th Percentile
Mean 40.26 44.71 32.23 43.01 57.33 32.80
Total SD 6.42 6.00 413 470 7.67 7.42
Noise SD 1.89 2.81 2.33 2.92 5.08 4.01
Reliability 0.91 0.78 0.68 0.62 0.56 0.71
Signal SD 6.14 5.30 3.41 3.69 5.74 6.24
Within County Signal SD 4.83 4.05 2.49 2.66 418 3.42
B. Share Incarcerated for Sons of Parents at the 25th Percentile
Mean 4.81 3.14 11.32 3.27 0.56 5.95
Total SD 3.86 3.00 5.96 3.09 1.84 5.87
Noise SD 2.26 2.54 4.44 2.47 1.66 4.53
Reliability 0.66 0.28 0.45 0.36 0.18 0.40
Signal SD 3.13 1.60 3.98 1.85 0.78 3.72
Within County Signal SD 2.38 1.25 2.40 1.03 1.98
C. Household Income Rank for Children of Parents at the 75th Percentile
Mean 58.06 60.25 43.80 54.16 64.76 48.52
Total SD 5.57 4.60 6.49 6.63 8.16 12.29
Noise SD 2.01 2.23 4.72 5.15 5.82 7.74
Reliability 0.87 0.76 0.47 0.40 0.49 0.60
Signal SD 5.20 4.03 445 4.18 5.71 9.55
Within County Signal SD 4.30 3.02 3.66 3.52 4.51 517

Notes: This table replicates Table Il using tract outcome estimates without added differential privacy noise. In this table, tract-level

robust standard errors are constructed using the conventional HC1 sandwich estimator.



Online Appendix Table VIb
Variance Decomposition for Tract-Level Estimates of Upward Mobility with KSS Standard Errors

American Indian

and
All Races White Black Hispanic Asian Alaska Native
(1) (2) (3) 4) (5) (6)
A. Household Income Rank for Children of Parents at the 25th Percentile
Mean 40.26 44.71 32.23 43.01 57.33 32.80
Total SD 6.42 6.00 413 4.70 7.67 7.42
Noise SD 1.97 2.92 2.45 3.09 5.35 4.33
Reliability 0.91 0.76 0.65 0.57 0.51 0.66
Signal SD 6.11 5.24 3.32 3.55 5.49 6.02
Within County Signal SD 4.79 3.98 2.38 2.49 3.89 3.22
(KSS)
B. Share Incarcerated for Sons of Parents at the 25th Percentile
Mean 4.81 3.14 11.32 3.27 0.56 5.95
Total SD 3.86 3.00 5.96 3.09 1.84 5.87
Noise SD 2.30 2.62 4.57 2.56 1.78 4.71
Reliability 0.65 0.24 0.41 0.31 0.07 0.36
Signal SD 3.10 1.46 3.83 1.73 0.48 3.50
Within County Signal SD
(KSS) 2.35 1.09 2.21 0.86 2.39
C. Household Income Rank for Children of Parents at the 75th Percentile
Mean 58.06 60.25 43.80 54.16 64.76 48.52
Total SD 5.57 4.60 6.49 6.63 8.16 12.29
Noise SD 2.07 2.32 5.18 5.58 6.24 8.53
Reliability 0.86 0.75 0.36 0.29 0.41 0.52
Signal SD 517 3.98 3.91 3.58 5.25 8.85
Within County Signal SD 4.25 2.96 3.06 2.84 3.98 4.45

(KSS)

Notes: This table replicates Online Appendix Table VIb with tract-level robust standard errors constructed using the unbiased
formula from Remark 1 in Kline et al. (2020). The within county signal standard deviation calculations use the leave-one out variance
decomposition method from Example 1 of Kline et al. (2020).



Online Appendix Table VI
Variation in Children's Outcomes Explained by Tract vs. Family Characteristics

Parent Income x

Parent Income x Parent Income Tract and
Parent income Tract and Covariates Covariates
(1) (2) (3) (4)

Pooled 0.1359 0.1872 0.1607 0.2030
White Males 0.0820 0.1321 0.1033 0.1460
White Females 0.0922 0.1432 0.1217 0.1625
Black Males 0.0663 0.1659 0.0911 0.1834
Black Females 0.0821 0.1884 0.1196 0.2101
Asian Males 0.0458 0.1630 0.0828 0.1873
Asian Females 0.0357 0.1644 0.0827 0.1895
Hispanic Males 0.0466 0.1357 0.0639 0.1477
Hispanic Females 0.0573 0.1550 0.0821 0.1711

Notes: This table reports the adjusted R-squared values from regressions of children's household
income rank in adulthood on parent income rank (Column 1), parent income rank interacted with
tract fixed effects (Column 2), covariates and parent income rank (Column 3), and covariates and
parent income rank interacted with tract (Column 4). The covariates are the following family-level
characteristics: number of siblings, number of bedrooms, mother and father's marital status,
educational attainment, age, citizenship status, occupation, and each parent's individual income
rank. Most of these variables are obtained by linking the primary sample to the 2000 Census Long
Form. The first row is fully saturated with race and gender fixed effects. The remaining rows report
results within various race and gender cells. See Online Appendix D for further details.



Online Appendix Table VI
Quasi-Experimental Estimates of Tract-Level Causal Exposure Effects Using Movers

Income Rank Income Rank, Income Rank,
at24 Parsimonious Married at 30 Incarcerated Family FEs
W) (2) (3) (9)

Age <= 23 -0.027 -0.026 -0.027 -0.025 -0.021
(0.001) (0.001) (0.001) (0.005) (0.002)
Age > 23 -0.008 -0.004 0.003 0.010 -0.004
(0.009) (0.008) (0.009) (0.033) (0.009)

Num. of Obs. 2,814,000 2,814,000 1,614,000 1,484,000 2,814,000

Notes: This table reports regression estimates of annual childhood tract level exposure effects on
children's household income ranks at age 24 (Columns 1, 2 and 5), marriage (Column 3), and incarceration
(Column 4). Standard errors are shown in parentheses. Columns 1, 2, and 5 each report estimates from a
split-sample IV regression of a child's household income rank at age 24 on the difference between parent
income-specific predicted income ranks in the destination vs. the origin, interacted with the age of the child
at the time of the move (m). Column 1 reports estimates from equation (9) using all children of one-time
movers in the primary analysis sample. The predicted income ranks are estimated on a sample excluding
one-time movers. We permit separate linear interactions for age m<23 and m>23. The estimates can be
interpreted as the impact of delaying by one year moving to a tract which has a 1 percentile point higher
predicted income rank, essentially a linear fit to the coefficients in Figure IX above and below age 23.
Column 2 estimates exposure effects using a more parsimonious specification that omits the interaction
terms between age and predicted ranks in the origin tract that were included in column 1. Columns 3 and 4
replicate column 1 using marriage rates at 30 and incarceration rates in 2010 respectively (rather than
household income ranks) to measure both the child's outcome (dependent variable) and the predictions
(independent variables). Column 5 adds family fixed effects to the specification in column 1; here we identify
exposure effects from families of one-time movers with two or more children of different ages at the time of
move. See Online Appendix J for further details on sample and variable definitions and the exact
specification used to estimate these coefficients.



Online Appendix Table IX
Quasi-Experimental Estimates of Tract-Level Exposure Effects: Outcome-Based Placebo Tests

Income Rank at 24 Married at 30 Incarceration Teen Birth
(1) (2) (3) (4)
A. Male Children
Mean Income Rank at 24 -0.024 -0.005 0.001
(0.002) (0.006) (0.002)
Frac. Married at 30 0.000 -0.022 0.000
(0.001) (0.003) (0.001)
Incarceration Rate -0.001 -0.009 -0.032
(0.007) (0.016) (0.005)
Num. of Obs. 1,132,000 824,000 734,000
B. Female Children
Mean Income Rank at 24 -0.032 0.002 -0.003
(0.003) (0.007) (0.003)
Frac. Married at 30 -0.003 -0.029 0.004
(0.001) (0.002) (0.001)
Teen Birth -0.005 -0.010 -0.026
(0.002) (0.004) (0.002)
Num. of Obs. 1,068,000 776,000 1,347,000
C. Male Children, Rescaled
Mean Income Rank at 24 -0.024 -0.003 0.000
(0.002) (0.003) (0.000)
Frac. Married at 30 0.000 -0.022 0.000
(0.000) (0.003) (0.000)
Incarceration Rate 0.000 0.003 -0.032
(0.002) (0.005) (0.005)
D. Female Children, Rescaled
Mean Income Rank at 24 -0.032 0.001 0.000
(0.003) (0.004) (0.000)
Frac. Married at 30 0.000 -0.029 0.000
(0.000) (0.002) (0.000)
Teen Birth 0.000 0.000 -0.026
(0.000) (0.000) (0.002)

Notes: This table reports regression estimates of annual childhood exposure effects when simultaneously including tract-level predictions for multiple outcomes
in the regression specification, separately for males (Panel A) and for females (Panel B), and for different outcomes. The underlying specification is analogous to
the parsimonious specification in Column 2 of Online Appendix Table VIII (see those table notes and Online Appendix J for more detail). Here, we include as
explanatory variables not only tract-level predictions for income ranks at age 24, but also for marriage rates at age 30, incarceration rates on April 1, 2010 (for
men), and teenage birth rates (for women). The coefficients reported in this table are for the predictions interacted with the (age<=23) indicator. The estimates in
each column can be interpreted as the impact on a given individual outcome of moving to a tract which has a 1 percentile or 1 percentage point higher predicted
value of each of the regressors one year later prior to age 23. Column 1 uses child income rank at age 24 as the dependent variable, while columns 2, 3, and 4
use marriage at 30, incarceration, and teenage birth as the outcome variables, respectively. Standard errors are shown in parentheses. To facilitate interpretation
of magnitudes given the difference in units across regressors, Panels C and D rescale each coefficient reported in Panels A and B by the coefficient obtained by
regressing the dependent variable outcome on the placebo outcome at the individual level. For example, for the placebo test of income rank on tract-level
marriage (Column 1, Row 2), income rank is regressed on a marriage indicator along with all the other controls from our parsimonious movers regression
specification except for age at move interacted with move quality. We then multiply the original coefficient in Panel A by this regression coefficient. We treat the
scaling coefficient as known, and rescale the standard errors accordingly.



Online Appendix Table X
Quasi-Experimental Estimates of Tract-Level Exposure Effects: Heterogeneity Analysis

Observed Unobserved
Good vs. Bad Component of Component of
Baseline Moves Large Moves Upward Mobility Upward Mobility
(1) (2) (3) (4) (3)
Age <= 23 -0.027 -0.046 -0.020 -0.025
9 (0.001) (0.017) (0.001) (0.003)
Age <= 23, Pos. -0.031
Moves (0.002)
Age <= 23, Neg. -0.027
Moves (0.002)
Observations 2,814,000 2,814,000 22,500 2,692,000 2,692,000

Notes: This table reports regression estimates of annual childhood exposure effects on children's household income
ranks at age 24 for different subgroups of one-time movers. Standard errors are shown in parentheses. Column 1
replicates Column 1 from Online Appendix Table VIII as a reference. Column 2 reports exposure effects separately for one-
time movers who move to tracts with higher (pos. moves) vs. lower (neg. moves) predicted income ranks using a
specification that allows the effects to vary for these two groups. Column 3 restricts to the subgroup of one-time movers
who move either from the top to bottom or bottom to top decile of the within-CZ rankings of upward mobility estimates. In
Column 4, we replace mean observed income ranks on the right hand side of the regression with ranks predicted based
on the following neighborhood characteristics: the total number of jobs within 5 miles (measured in 2015), the total number
of high paying jobs within 5 miles (measured in 2015), local unemployment rates (measured in 2000), local poverty rates
(measured in 2000), grade 3 math scores (measured in 2013), the fraction attending college locally (the fraction of people
25 and older in the tract who have a college degree or higher), the fraction completing high school locally (the fraction of
people 25 and older in the tract who have less than a high school diploma), the median two-bedroom rent in the tract (in
1990), the share of area residents who are owner-occupiers (in 2010), the local share of single-parent families (in 2000),
and area population density (in 2000). In Column 5, we instead use the residuals from the regression on observables (the
"unobservable" component of incomes) as the regressor. All specifications use split-sample instrumental variables, as in
Online Appendix Table VIIl. See notes to Online Appendix Table VIII and Online Appendix J for more details on these
specifications.



Online Appendix Table XI
Summary Statistics for Movers Analysis Sample

Non 1-time Movers

One-time Movers (0 & 2+ Movers)

Parent Family Income Rank Mean 56.9 48.6
Std. Dev. 29.2 28.7
Num. of Obs. 3,100,000 42,000,000
Child Individual Income Rank at 24 Mean 51.5 49.5
Std. Dev. 29.1 28.8
Num. of Obs. 2,400,000 34,000,000
Child Household Income Rank at 24 51.8 49.6
Std. Dev. 29.1 28.8
Num. of Obs. 3,100,000 42,000,000
Child Incarcerated in 2010 Mean 0.9% 1.4%
Std. Dev. 9.4% 11.8%
Num. of Obs. 2,500,000 33,000,000
Child Married at 30 Mean 42.6% 38.1%
Std. Dev. 49.4% 48.6%
Num. of Obs. 1,800,000 22,000,000

Notes : This table presents summary statistics for the samples used in Online Appendix Table VIII, our quasi-
experimental analyses of causal exposure effects based on families who move across tracts. The movers
analysis sample extends the core sample described in Section Il by including additional cohorts up until 1991 in
order to observe moves at younger ages. Column 1 reports summary statistics for children whose parents moved
across tracts exactly once between 1989-2015 when they were age 28 or below and who moved at least 25 miles
(based on their tract centroids). Column 2 reports summary statistics for children whose parents do not move
across tracts throughout our sample window or whose parents move more than once across tracts, the sample
used to estimate the key regressors in equation (9). Parent household income is the average pre-tax household
income from 1994-2000, measured as AGI plus tax-exempt interest income and the non-taxable portion of Social
Security and Disability benefits. Child individual income is defined as the sum of individual W-2 wage earnings and
half of household self-employment income. Incarceration is based on the individual's group home status in the 2010
US population census. Marital status is defined based on the marital status listed on 1040 forms for tax filers in the
2015 tax year; non-filers are coded as single. See Section Il and Appendix A for further details on sample and
variable definitions.



Online Appendix Table Xl
Quasi-Experimental Exposure Effect Estimates by Distance of Move and Parents' Marital Status

Age <=23

Observations

Moves <= 25 miles Moves > 25 miles
Stable Two Mixed Two Stable Two
Single Parent Mixed Two Parent Parent Single Parent Parent Parent
(1) (2) (3) (4) (5) (6)
-0.006 -0.017 -0.022 -0.024 -0.028 -0.030
(0.002) (0.001) (0.002) (0.002) (0.002) (0.002)
2,636,000 3,438,000 2,329,000 704,000 1,212,000 898,000

Notes: This table reports estimates of annual childhood tract-level exposure effects on children's household income ranks at age 24 for
different subgroups of one-time movers using the specification in Column 1 of Online Appendix Table VIII. Columns 1-3 show exposure
effects for moves between tracts that are less than 25 miles apart; columns 4-6 show estimates for moves between tracts that are more
than 25 miles apart. Columns 1 and 4 restrict to children who were claimed by a single parent in the year they were linked to parents
(following the procedure described in Section Il). Columns 2 and 5 restrict to children claimed by two (married) parents who did not remain
married in all years of our sample. Columns 3 and 6 restrict children claimed by two parents who remained married throughout our sample.
See notes to Online Appendix Table VIII for details on these specifications.



FIGURE I: Children’s Outcomes vs. Parental Income Rank

A. Household Income Rank, by Race and Ethnicity
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Notes: This figure plots the relationship between children’s outcomes in adulthood and the income of their parents for non-
Hispanic Black children, non-Hispanic white children, and Hispanic children in our primary analysis sample (1978-83 birth
cohorts). Panel A plots children’s mean household income ranks in adulthood vs. their parents’ income percentile. In each
series, each point represents the mean income rank of children with parents in a single income percentile. Child income is
the mean of 2014-2015 household income (when the child is between 31-37 years old), while parent income is mean household
income from 1994-1995 and 1998-2000. Children are assigned percentile ranks relative to all other children in their birth
cohort, while parents are ranked relative to all parents with children in the same birth cohort. Panel B replicates Panel A,
replacing the outcome with an indicator for being incarcerated on April 1, 2010, as recorded on the 2010 Decennial Census
Short Form, and focusing solely on male children. Incarceration is defined living in a federal detention center, federal prison,
state prison, local jail, residential correctional facility, military jail, or juvenile correctional facility. For each series, we plot
curves showing the lowess fit (with a bandwidth of 0.3) that we use as our estimate of the conditional expectation function
frg(p) discussed in Section III.



FIGURE II: Children’s Outcomes in Adulthood, by Census Tract in Los Angeles

A. All Children: Household Income Given Parents at 25th B. Black Men: Household Income Given Parents at 25th
Percentile Percentile
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Notes: These maps display mean outcomes in adulthood of children who grew up in the Los Angeles metro area, by the tract
in which they grew up. Panel A plots our estimates of mean household income ranks for children whose parents were at the
25th percentile of the national household income distribution (an income of approximately $27,000) using our primary analysis
sample (1978-83 birth cohorts), which we hereafter refer to as “upward mobility.” Upward mobility is estimated separately in
each tract using linear regressions of children’s income ranks on a tract-invariant transformation of parent income rank f,4(p)
that is estimated at the national race-by-gender level using a lowess fit, as shown in Figure I. We weight each child by the
number of years they lived in each tract up to and including the age of 23 when estimating these regressions. Finally, we add
independent Gaussian noise to the resulting tract-level estimates to protect privacy; the standard deviation of this noise is
typically less than one-tenth of the standard error due to sampling variation. Panels B and C replicate Panel A, limiting the
sample to non-Hispanic Black male and female children, respectively. Panel D replicates Panel B for Black men with parents
at the 1st percentile, using an indicator for being incarcerated on April 1, 2010 as the outcome. In each panel, we report point
estimates and standard errors (in parentheses) for selected tracts. The standard errors reported include the noise added to
protect privacy. The dollar values in Panels B and C are constructed as described in Appendix C. Tracts shown in gray are
areas with no estimate due to insufficient data (fewer than 20 observations in the race-by-gender cell). See notes to Figure I
for definitions of income and incarceration.



FIGURE III: Geographic Decomposition of Variance in Upward Mobility
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Notes: This figure presents a geographical variance decomposition of the tract-level estimates of upward mobility (children’s
mean household income ranks given parents at the 25th percentile), which are constructed as described in the notes to Figure
II. We estimate the share of variance explained by each level of geography as the adjusted R-squared in a regression of the
tract-level estimates on fixed effects for different levels of nested geographies, weighted by the number of children in each
tract whose parents earn less than the national median income. We correct for sampling and noise-infusion error by rescaling
the adjusted R-squared by the reliability ratio — the ratio of the signal variance to total variance of the tract-level estimates
reported in Table II. We plot the share of signal variance explained by CZ fixed effects, county fixed effects, high school
catchment area fixed effects, and the residual (attributed to tract-within-school catchment area). Tracts are not perfectly
nested within catchment areas; we create an approximate crosswalk by assigning tracts to the school catchment area that
contains the majority of their land area, as discussed in Online Appendix A.



FIGURE IV: Tract-Level Correlations Between Neighborhood Characteristics and Upward
Mobility
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Notes: This figure plots univariate, race-controlled correlations between various tract-level characteristics and our estimates
of upward mobility in each tract (children’s mean household income ranks given parents at the 25th percentile, constructed as
described in the notes to Figure II). The correlations are weighted by the number of children in each tract whose parents earn
less than the national median income and are estimated using tract-within-CZ variation by demeaning all variables by CZ
prior to estimating the correlations. We control for race when estimating each correlation coefficient by first estimating five
separate correlations for each racial group (non-Hispanic Asian, non-Hispanic Black, non-Hispanic white, American Indian,
and Hispanic populations) and then taking a mean of the five correlations, weighting each of the five groups by its national
population share in the 2000 Decennial Census. We estimate signal correlations that adjust for attenuation due to sampling
error and noise infusion in our upward mobility estimates by dividing the raw correlations by the square root of the reliability
ratio. The reliability ratio is defined as one minus the ratio of the noise variance (estimated as the mean standard error
squared) to the total within-CZ variance of the upward mobility estimates. Red triangles denote negative correlations, while
green circles denote positive correlations. See Online Appendix B for definitions of each of the characteristics.



FIGURE V: Upward Mobility vs. Job Growth in the 50 Largest CZs
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Notes: This figure presents a scatter plot of upward mobility in each CZ vs. the rate of job growth between 1990 and
2010 in the 50 largest CZs based on their populations in 2000. Upward mobility is constructed as described in the notes to
Figure II. Job growth rates are defined as the percentage change in employment in each CZ using data from the Local Area
Unemployment Statistics from the Bureau of Labor Statistics. We omit Las Vegas and Austin from the figure for scaling
purposes as they have exceptionally high growth rates; the x and y coordinates for these CZs are: Las Vegas (107.7, 38.9) and
Austin (87.9, 40.3). We also report the signal correlation across all CZs as a reference (weighted by the number of children in
each CZ with household income below the national median). We estimate this signal correlation that adjusts for attenuation
due to sampling error and noise infusion in our upward mobility estimates by dividing the raw correlation by the square root
of the reliability ratio, which is one minus the ratio of the noise variance (estimated as the mean standard error squared) to
the total variance of the upward mobility estimates.



FIGURE VI: Spatial Decay of Correlation Between Upward Mobility and Poverty Rates

A. Spatial Decay Across Census Tracts
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Notes: This figure plots the spatial decay of the relationship between upward mobility for whites and poverty rates in the top
50 commuting zones by population at two different levels of geography: Census tracts (Panel A) and Census blocks (Panel
B). Upward mobility refers to children’s mean household income ranks given parents at the 25th percentile, constructed as
described in the notes to Figure II. Tract-level poverty rates are obtained from the publicly available 2000 Decennial Census.
Block-level poverty rates are estimated using tax records as the share of families whose total income (wages, social security
income, dividends, interest income, and schedule E gains or losses) falls below the poverty line in 2010. To construct Panel
A, we first standardize both the upward mobility and poverty rate measures, weighting by the number of children whose
parents earn less than the national median. We then regress upward mobility on poverty rates in the same tract and the
ten nearest neighbors (defined by the minimum cardinal distance between centroids) and plot the coefficients. To construct
Panel B, we regress the household income rank of white children whose parents are between the 20th and 30th percentiles of
the income distribution on block-level poverty rates for their own block and the 200 nearest blocks, binned into groups of 5.
95% confidence intervals for the estimates are shown by the dashed lines. In the regressions for both panels, we also include
indicator variables for having neighbors in a given distance bin, as some of the neighboring tracts are non-residential areas
with no households. We report the median distance between the own-tract (or block) and neighboring tracts (or blocks) in
each of the bins as a reference. We replicate this figure for Black families in Online Appendix Figure VI.



FIGURE VII: Stability of Tract-Level Outcomes and Characteristics Over Time

A. Autocovariance of Mean Household Income Rank at Age 26 for Children with Parents at 25th Percentile
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Notes: This figure examines the serial correlation of upward mobility (Panel A) and poverty rates (Panel B) within tracts over
time. Panel A shows the rate of decay in one’s ability to forecast future cohorts’ outcomes using historical data. It plots the
coeflicients from regressions of tract-level estimates of upward mobility for a given cohort ¢ (constructed as described in the
notes to Figure II) on estimates of upward mobility from a different birth cohort ¢ & z, varying x from 1 to 11. The series in
blue circles plots the coefficients when including all tracts in the sample. The series in red diamonds plots coefficients for tracts
in the top or bottom decile of changes in poverty rates between 1990 and 2000, corresponding to absolute changes in poverty
rates of more than 10% (when calculating deciles, tracts are weighted by the number of children with parent incomes below
the median). We normalize the estimates by the coefficient of the regression with the one year lag/lead so that the estimates
that are plotted can be interpreted as the percentage decay in the forecast coefficient. We extend our primary analysis sample
to children born in the 1978-89 birth cohorts and measure children’s incomes at age 26 in this figure in order to estimate
as many lags as possible. To maximize precision, we use all available cohorts to estimate each covariance; for instance, the
covariance at a lag of 1 is estimated using 11 pairs of cohorts. Panel B plots the autocovariance of tract-level poverty rates
using publicly available data from the 1990 and 2000 Decennial Census and ACS data collected between 2006 and 2010 and
between 2011 and 2015, which we pool to obtain an estimate for 2008 and 2013, respectively. This figure is constructed in the
same way as Panel A, estimating the relationship between poverty rates at lags and leads of 5, 8, 10, 13, 18, and 23 years.
See Online Appendix B for definition of poverty rates.



FIGURE VIII: Experimental Estimates of Earnings from Moving to Opportunity Experiment vs.
Observational Estimates from Opportunity Atlas
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Notes: This figure plots estimates of children’s earnings in adulthood from the Moving to Opportunity (MTO) experiment
vs. children’s mean observed earnings in adulthood in the Opportunity Atlas. The y-axis plots fifteen MTO estimates of
earnings outcomes for children who were younger than 13 at the time of the experiment, for each of the five cities (sites) where
MTO was conducted and for each of the three treatment arms (Control group, Section 8 Voucher group, and Experimental
Voucher group). To construct the values, we start from the ITT estimates reported in Chetty, Hendren, and Katz (2016,
Online Appendix Table 7b, Panel A). We then construct implied treatment-on-the-treated (TOT) values for the Section 8
and Experimental groups as the mean observed earnings for the control group in the relevant site plus the site-specific ITT
estimate for each treatment arm divided by the voucher takeup rate in that arm. To eliminate non-experimental variation
across sites, we demean each set of estimates within site, and then add the mean income value observed for those in the MTO
control group in Chicago (thereby normalizing estimates to observed earnings levels in Chicago). The x-axis plots observational
estimates from the Opportunity Atlas of children’s mean earnings in adulthood conditional on having low-income parents for
the neighborhoods corresponding to those where children in each of the MTO groups grew up. To construct these estimates,
we first identify these neighborhoods by mapping the neighborhood names listed in Online Appendix Table lc of Chetty,
Hendren, and Katz (2016) to Census tracts. We then take a population-weighted mean of children’s predicted individual
incomes at age 26 in adulthood (the average age at which children’s earnings were measured in the MTO sample) across the
relevant Census tracts, conditional on having parents at the 10th percentile of the income distribution (approximately the
average income of parents in the MTO sample). We obtain these income estimates using a procedure detailed in Appendix I.
For the Section 8 and Experimental groups, we assign 15/23 weight to the Atlas estimates in those groups and 8/23 weight to
the corresponding control group estimates, to adjust for the average age which a child moved in the MTO sample. As with
the MTO estimates, we demean children’s incomes within site and add back the estimate for the mean over the set of tracts
we use for the control group in Chicago. The best-fit line and slope estimates are based on an unweighted regression of the
MTO estimates on the Opportunity Atlas estimates. The figure reports both the regression coefficient (with standard error
in parentheses) and the corresponding correlation coefficient.



FIGURE IX: Childhood Exposure Effects: Quasi-Experimental Estimates Using Movers
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Notes: This figure plots the effect of moving to a tract where children have one percentile point higher household income
ranks in adulthood, by the age at which children move. To construct the figure, we first estimate mean observed outcomes
in each tract following the methodology described in Figure II, except that we (1) pool data from the 1978-91 birth cohorts
and measure income at age 24 and (2) exclude all children who move exactly once when they were age 28 or below between
1989-2015. We extend our primary sample to the 1978-91 birth cohorts for this analysis in order to observe moves at earlier
ages and exclude one-time movers to avoid having the same observations on the left- and right-hand side of the regression
specifications we use in what follows. We then take the set of children who move exactly once between two tracts that are
at least 25 miles apart, and regress their household income ranks at age 24 on the difference in the observational predictions
between their destination and origin tracts (at the relevant parental income percentile) interacted with indicators for their
ages at move as well as the other controls specified in equation (8). The figure plots the resulting regression coefficients
(bm) vs. children’s ages at move (m), along with a lowess fit to these points below age 23. We also report linear slopes and
standard errors using unweighted OLS regressions of b,, on m, separately for moves at or below age 23 and above age 23.
The parameter § — defined as the mean value of the age-of-move-specific coefficients for moves older than age 23 — represents
a selection effect because moves after age 24 cannot affect income measured at age 24. The dashed horizontal line shows the
value of the selection effect §; the identification assumption underlying the analysis is that the selection effect § does not vary
with the child’s age at move m. Under this assumption, the magnitude of the slope for moves below age 23 represents an
estimate of the average annual causal childhood exposure effect.



FIGURE X: The Price of Opportunity
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Notes: This figure assesses the relationship between our tract-level estimates of upward mobility (constructed as described in
the notes to Figure II) and tract-level median rents (measured in the 1990 American Community Survey as the median rent
in a tract for a two-bedroom apartment and inflated to 2015 dollars). Panel A presents a scatter plot of upward mobility
(measured in dollars) vs. median rent, by tract in the Chicago CZ. We also report the signal correlation between upward
mobility and rent within CZs nationally. This and all subsequent correlations and standard deviations that follow are weighted
by the number of children with below-median income parents. This signal correlation is estimated by first demeaning both
variables within CZs and then adjusting for attenuation due to sampling error and noise infusion in our upward mobility
estimates by dividing the raw correlations by the square root of the reliability ratio, which is the ratio of the noise variance
to the total within-CZ variance of the upward mobility estimates. Panel B reports tract-level within-CZ correlations between
median rents and the observable and unobservable components of our upward mobility estimates. We define the observable
component as the predicted value from a national regression of upward mobility on the set of tract-level characteristics used
in Figure IV. We define the unobservable component as the residuals from the same regression. We adjust for noise in the
unobservable component by reporting a signal correlation. Panel C presents a binned scatter plot of the CZ-specific price
of opportunity vs. the Wharton Residential Land Use Regulation Index (WRLURI). To calculate the CZ-specific price of
opportunity, we first regress median annual rents on individual income upward mobility (estimated as described in Appendix
C) across tracts within a CZ, weighting as specified above. We then inflate this regression coefficient by the reliability of our
upward mobility estimate in that CZ (estimated by that CZ’s population decile) to adjust for noise. This coefficient can be
interpreted as the average annual rental cost of a $1 increase in future annual income for children with parents at the 25th
percentile. The WRLURI is obtained from Gyourko, Saiz, and Summers (2007, Wharton Land Regulation Data File) and is
available for 247 CZs; we limit our sample to these CZs in Panel C. The slope and standard error from a regression of the
price of opportunity on the WRLURI are reported on the plot.



ONLINE APPENDIX FIGURE I: KSS vs. Robust Sampling Variances

A. KSS Sampling Variances vs. Conventional Robust Sampling Variances
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Notes: This figure compares the size of Kline, Saggio, and Solvsten (2020) (KSS) and robust (HC1) sampling variances. Panel
A is a binned scatter plot of the KSS sampling variances vs. the HC1 robust sampling variances for household income ranks
of kids with parents at the 25th income percentile, weighted by the number of children with below-median income parents. .
Details on the construction of both sets of sampling variances can be found in Appendix E. We also plot the 45-degree line as
a reference. Panel B is a binned scatter plot showing the KSS and HC1 sampling variances for household income ranks of kids
with parents at the 25th income percentile as a function of the number of low-income kids in each tract, restricted to tracts
with fewer than 500 low-income children.



ONLINE APPENDIX FIGURE II: School Catchment Zone Boundaries in Mecklenburg County,
NC

— High School Catchment Boundary
Tract Boundary

Notes: This figure presents a map of exact high school catchment areas (bold lines) in Mecklenburg County, North Carolina
overlaid on tract boundaries (thin lines).



ONLINE APPENDIX FIGURE III: Upward Mobility vs. Teenage Birth Rates for White Women
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Notes: This figure presents a scatter plot of mean individual income ranks vs. the teenage birth rate for white women with
parents at the 25th percentile, by Census tract. Mean individual ranks are estimated as described in the notes to Figure II.
Teenage birth is an indicator for ever claiming a dependent on a tax return who was born while the claimer was between
ages 13 and 19. We limit the sample to tracts in which there are at least 100 observations for white women and bottom-code
tracts with negative teenage birth rates to zero (negative values arise due to the addition of noise to the estimates). The
standard deviations of mean income ranks reported conditional on having teenage birth rates in the bottom or top decile of
the distribution are weighted by the number of white women in each tract whose parents earn less than the national median.
We omit one tract in Canton, Michigan for scaling purposes; the x and y coordinates for this tract are (90%, 65.35).



ONLINE APPENDIX FIGURE IV: Tract-Level Correlations Between Neighborhood
Characteristics and Children’s Outcomes Given Parents at the 75th Percentile
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Notes: This figure replicates Figure IV using children’s mean household income ranks given parents at the 75th percentile,
instead of the 25th percentile. See notes to Figure IV for details.



ONLINE APPENDIX FIGURE V: Upward Mobility vs. Job Growth

A. Upward Mobility for Whites vs. Job Growth, 50 largest B. Upward Mobility vs. Job Growth, 30 largest MSAs
CZs
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Notes: Panel A replicates Figure V using upward mobility for whites on the y-axis. Panel B replicates Figure V for the 30
largest metropolitan statistical areas instead of the 50 largest commuting zones. Panel C replicates Figure V using employment
growth from 1980 to 1990. See notes to Figure V for details.



ONLINE APPENDIX FIGURE VI: Spatial Decay of Correlation Between Upward Mobility for
Black Children and Poverty Rates

A. Spatial Decay Across Census Tracts
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Notes: This figure replicates Figure VI for Black children by replacing the dependent variable in the regressions with upward
mobility for Black children instead of white children. See notes to Figure VI for details.



ONLINE APPENDIX FIGURE VII: Predictive Power of Poverty Rates in Actual Destination vs.
Neighboring Tracts
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Notes: This figure plots coefficients from a regression that identifies childhood exposure effects using a specification analogous
to that in Column 2 of Appendix Table IV, which is estimated on the sample of one-time movers who moved at least 25 miles.
In the specification in Appendix Table IV, we regress children’s household income ranks at age 24 on the difference in the
observational predictions between their destination and origin tracts linearly interacted with their age at move (below age 23)
and other controls specified in equation (9). Here, we replace the observational predictions on the right hand side with the
poverty rates in the origin and destination tracts. We also include symmetric interactions between age at move and poverty
rates in the ten tracts that are closest to the actual origin and destination tracts, respectively. We plot the eleven coefficients
on the interactions between the destination-origin difference in poverty rates and age at move (for moves below age 23). These
coefficients can be interpreted as the causal childhood exposure effect of moving to a tract that is x neighbors away from a
tract that has 1 SD higher poverty rates. Dashed lines show 95% confidence intervals for the point estimates. We also report
the median distance between the own-tract and neighboring tracts in each of the bins as a reference.



ONLINE APPENDIX FIGURE VIII: Heterogeneity in Relationship between Upward Mobility
and Population Density

A. Mean Household Income Rank of White Children with Parents at 25th Percentile, North Carolina
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Notes: This figure analyzes the relationship between upward mobility (constructed as described in the notes to Figure II)
and population density across the U.S. Panels A and B replicate Figure Ila, for white children in North Carolina (Panel A)
and Iowa (Panel B). Panel C shows the signal correlation between upward mobility for white children and population density
(measured using the 2000 Decennial Census) within each state, weighted by the number of children in each tract whose parents
earn less than the national median. We estimate signal correlations that adjust for attenuation due to sampling error and
noise infusion in our upward mobility estimates by dividing the raw correlations by the square root of the reliability ratio,
which is one minus the ratio of the noise variance (estimated as the mean standard error squared) to the total variance of the
upward mobility estimates.
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ONLINE APPENDIX FIGURE IX: Targeting Opportunity Zones in Los Angeles

A. Actual Tracts Designated as Opportunity Zones
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Notes: These maps replicate Figure Ila, plotting children’s mean household income ranks given parents at the 25th percentile
in Los Angeles. In Panel A, we outline in green borders the tracts that have been designated as Opportunity Zones in Los
Angeles. Opportunity Zones are a federal incentive included in the Tax Cuts and Jobs Act to spur investment and improve
economic opportunity in low-opportunity neighborhoods. State governments designated qualified areas to receive a host of
tax benefits based on poverty and income. In Panel B, we consider a hypothetical alternative targeting strategy, designating
the same number of zones in Panel A, but choosing the tracts with the lowest rates of upward mobility in Los Angeles county.
In each case, we also report the mean household income rank in adulthood of children with parents at the 25th percentile for
areas designated as Opportunity Zones vs. those that are not. Dollar values are obtained by taking mean household income
outcomes, as defined in Appendix C, within each set of tracts.



ONLINE APPENDIX FIGURE X: Gains from Targeting Using Alternative Methods

A. LA Opp Zones, Ages 31-37 B. LA Opp Zones, Age 26
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Notes: This figure plots mean household income ranks in adulthood of children with parents at the 25th percentile along with
95% confidence intervals. Panels A and C measure incomes between ages 31 and 37 for children born in 1978-1983, as in our
baseline analysis. Panels B and D measure incomes at age 26 for children born in 1978-1983 (“Early Cohort”) and children
born in 1984-1989 (“Late Cohort”). Panels A and B compare mean ranks for children raised in the 269 designated Opportunity
Zone census tracts in Los Angeles (“Opp. Zone Tracts”) with mean ranks for children raised in the 269 census tracts with
lowest upward mobility using Atlas estimates (“Lowest HH Inc. Rank Tracts”). Panels C and D compare mean ranks for
children raised in the 181 designated Tier 1 census tracts among Chicago schools with mean ranks for children raised in the 181
census tracts with lowest upward mobility using Atlas estimates. We report estimates of mean ranks and confidence intervals
constructed using three methods: Naive: conventional means and asymptotic confidence intervals. Shrunk: conventional
means with asymptotic confidence intervals using tract estimates that have been shrunk towards the county mean. Hybrid:
the hybrid “winner’s curse” estimators and confidence intervals proposed by Andrews, Kitagawa, and McCloskey (2020). All
estimates reported in this figure are unweighted means over the relevant tracts.



ONLINE APPENDIX FIGURE XI: Targeting Selective High School Admissions in Chicago

A. Actual Tracts Granted Tier 1 Preferential Admission
Status
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B. Hypothetical Tier 1 Tracts using Upward Mobility
Estimates
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Notes: These maps replicate Figure Ila, plotting children’s mean household income ranks given parents at the 25th percentile
in Chicago. In Panel A, we outline in black borders the tracts that have been designated as Chicago Exam School Tier 1
tracts. The Chicago Public School tier-based admission system was created to give students from underserved areas greater
access to selective schools. Chicago tracts are placed in one of four tracts, where Tier 1 tracts are the most underserved.
In Panel B, we consider a hypothetical alternative targeting strategy, designating the same number of zones in Panel A, but
choosing the tracts with the lowest rates of upward mobility in Cook County. In each case, we also report the mean household
income rank in adulthood of children with parents at the 25th percentile for areas designated as Tier 1 tracts vs. those that
are not. Dollar values are obtained by taking mean household income outcomes, as defined in Appendix C, within each set of
tracts.



ONLINE APPENDIX FIGURE XII: Movers Estimates Using Outcomes at Different Ages
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Notes: This figure replicates our movers analysis from Figure IX. We use the same specification but report estimates in which
we measure earnings (for both the left and right-hand side variables) using age 26 or age 30 income rank as well as age 24.



ONLINE APPENDIX FIGURE XIII: Birth Outcomes Placebo Tests for Movers Design

A. Birthweight Percentile Rank B. Low Birthweight Indicator
> 08 i > 08 i
= I = I
] Slope: 0.001 (SE: 0.001) | 3 Slope:-0.002 (SE: 0009 |
Sc P | Sc i |
=g} i =5 06 !
= ] = I
SE 061 | ge |
5% | 5% o4 |
c0 i 0 i
o2 | 22 |
O ® I O ®© I
Sc 044 | Sc 027 I
22 | 8° ;
£5 £6
52 | Q¢ 0.0 ° |
22 0.2 ¢ e, . . \° 2¢ o’ ®e o 4% o
] ° o N1 : & —s— | 5] B — . o ! ‘
| See, o o* | © ° g 029 ° ° e o o T i
@ * I N i
Q | °® 3 I
©  o0d ‘ 0.4 ‘
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Age at move Age at move
C. Premature Birth Indicator

> 08 i

3 Slope: 0.001 (SE: 0.003) |

§§ 0.6 |

= ® I

|

an |

58 044 1

CD I

= !

85 |

5c 02 !

5D

= = L] I

=0 . 3

S 004 ° . |® 3

Sg b} Se o ! o °

cz . oo ° o ® ; ]

8@ -0.29 . o |

= I

2 1

O 044 :

0 5 10 15 20 25 30
Age at move

Notes: This figure replicates our movers specification with different outcome variables on the left hand side of the regression.
In Panel A, the outcome is within-birth-cohort birthweight percentile rank. In Panel B, it is an indicator for whether a child
is low birthweight, defined by having birthweight below the 20th percentile of the within-cohort birthweight distribution. In
Panel C, the outcome is an indicator for whether the child was born preterm (gestation length below 259 days, 3 weeks less
than full term).



ONLINE APPENDIX FIGURE XIV: Upward Mobility in Neighborhoods Where Voucher
Recipients vs. Non-Recipients Live

A. Distribution of Upward Mobility for Voucher Holders vs.
Non-Voucher Holders
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Notes: Panel A plots the distribution of children’s individual earnings given parents at the 25th income percentile across
tracts, weighted by the number of voucher holders in the tract (blue series) or the number of non voucher holders (red series).
Panel B plots the distribution of the average difference in earnings between tracts where voucher holders grow up versus
average neighborhoods across CZs, first raw and then controlling for rent. Within each CZ, we estimate the average upward
mobility over tracts, weighting by the number of voucher holding residents in 2015, according to publicly available HUD
data. We then compute average upward mobility weighted by the number of non-voucher holders in each tract, which we
obtain by subtracting the number of voucher holders from 2010 Census population data. The blue series (Baseline) plots the
distribution of the difference between these two means across CZs. To construct the series that controls for rents, we estimate
the density of rents across tracts, once weighting by the number of voucher holding residents and once weighting by the number
of non-voucher holding residents, taking the ratio of these two densities as weights. We then compute average mobility for
non-voucher holders weighting by this ratio. Finally, we calculate the difference between upward mobility for voucher-holders
and the rent-adjusted estimates for non-voucher holders, and again plot the distribution of these differences across CZs.



ONLINE APPENDIX FIGURE XV: Impact of Moving to a Higher-Upward-Mobility
Neighborhood on Income at Age 30 in California
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Notes: This figure plots the effect of moving to a Census tract where children have one percentile point higher income ranks
at the age of 30, by the age at which children move. To construct the figure, we first estimate mean observed outcomes in each
tract following the methodology of Section III, except that here we pool across 1978-1987 birth cohorts to measure income
at age 30. We then implement the same specification as in Figure IX, taking the set of one-time movers born in California
(for whom we have birth outcome data) who move between tracts that are more than 25 miles apart and regressing their
household income ranks at age 30 on the difference in observational measures of upward mobility (predicted income rank at
age 30 for non-one-time movers) between their destination and origin tracts interacted with age at move, as well as controls for
parent income and origin upward mobility interacted with age at move. We then plot the resulting regression coefficients on
the difference in upward mobility by age at move, along with a linear fit to these points below age 23. We report unweighted
OLS linear regression slopes and standard errors of the coefficients on the age at move for available ages up to age 23. See
notes to Figure IX for further details.



ONLINE APPENDIX FIGURE XVI: Household Income Rank at Age 30 vs Birthweight Rank
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Notes: This figure is a binned scatter plot of children’s household income percentile rank at age 30 against their birthweight
percentile rank. A lowess fit is shown on the points of the binned scatter plot.



ONLINE APPENDIX FIGURE XVII: Predicted Impacts of Moving to “Opportunity Bargain”
Areas in MTO Cities
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Notes: This figure replicates Figure VIII, adding five additional points (open circles) that show the predicted outcomes of
children who grow up in “opportunity bargain” tracts in each of the five MTO cities. We define opportunity bargain areas
in two steps. First, we count the number of tracts that would have been available to experimental voucher holders in the
MTO experiment based on the official requirement that the poverty rate should be less than 10% in the 1990 census, which
we denote by N.. In the second step, we rank tracts within each city in descending order based on their mean observed
individual income at age 26 conditional on having parents at the 10th percentile in the Opportunity Atlas data. The steps we
take to construct this outcome are detailed in Appendix I. We then take the N. highest ranking tracts from the second step
that satisfy the following two criteria: (1) median rent in 2000 (based on publicly available 2000 Decennial Census data) is
less than or equal to the 90th percentile of the distribution of rents across the tracts where experimental or Section 8 voucher
recipients moved in the same city and (2) the commute time using public transportation (as of May 29, 2018 at 8:00 AM,
obtained from Google Maps) from the MTO control group tracts is less or equal to the 90th percentile of the distribution of
commute times from the control locations to the tracts where experimental or Section 8 voucher recipients moved in the same
city. Tracts where control group members and voucher recipients lived are identified by mapping the neighborhood names
listed in Online Appendix Table 1c of Chetty, Hendren, and Katz (2016) to Census tracts. Once we have identified the set of
opportunity bargain tracts in each city, we compute a population-weighted mean of children’s predicted individual income at
age 26 in adulthood across the relevant Census tracts.



ONLINE APPENDIX FIGURE XVIII: Predicted Impacts of Moving to “Opportunity Bargain”
Areas with High Minority Shares in MTO Cities
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Notes: This figure replicates Appendix Figure XVII, except adding one additional criterion that an “opportunity bargain”
must satisfy: the fraction of residents in a tract who do not self-identify as non-Hispanic white alone must be at least 20%, as
measured in the 2000 Decennial Census. See notes to Appendix Figure XVII for details.



ONLINE APPENDIX FIGURE XIX: Most Common Neighborhoods for MTO Participants vs.
Opportunity Bargain Tracts in Chicago
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Notes: This figure maps tracts in Chicago, plotting children’s mean household income ranks given parents at the 1st percentile.
We mark the most common neighborhoods where families in each of the three treatment arms of MTO lived on the map, using
the list in Online Appendix Table 1c of Chetty, Hendren, and Katz (2016). We also mark selected “opportunity bargain”
neighborhoods in Chicago, which are identified as described in the notes to Appendix Figure XVII.



