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There is a body of peer-reviewed scholarly research and government reports demonstrating that growing
up in a racially segregated, impoverished neighborhood reduces children’s well-being on a variety of
indicators. Over the past three decades, multiple review articles have summarized the scholarly research
across disciplines on neighborhood effects on children and adolescents in the U.S. (e.g., Duncan and
Raudenbush 1999; Durlauf 2004; Ellen and Turner 1997; Jencks and Mayer 1990; Leventhal and Brooks-
Gunn 2000; Mayer and Jencks 1989; Pebley and Sastry 2004; Sampson, Morenoff, and Gannon-Rowley
2002; Sharkey and Faber 2014). The bulk of the evidence indicates that growing up in a socioeconomically
disadvantaged neighborhood with many non-white neighbors reduces children’s well-being.

Early Studies of Neighborhoods

The contemporary neighborhood effects literature is characterized by quantitative reports identifying
statistical relationships between residents’ outcomes and the socioeconomic and demographic
characteristics of their neighborhoods. This research base flourished following the publication of William
Julius Wilson’s widely read and cited book The Truly Disadvantaged (1987), which detailed conditions in
black inner-city neighborhoods. While this body of research grew considerably after Wilson’s book,
evidence on the detriments of racial/ethnic segregation and growing up in disadvantaged neighborhoods
existed before 1987. In the social science literature, the idea of neighborhood effects dates to at least the
19" century (Briggs, Popkin, and Goering 2010; Sampson 2012), gaining prominence in the U.S. in the late
19'" and early 20*" centuries via the work of Jacob Riis ([1890] 2010), W.E.B. DuBois ([1899] 1996), and the
Chicago School of Sociology (Park and Burgess [1925] 1984). These early scholars documented
impoverished conditions in inner-city neighborhoods in New York, Philadelphia, and Chicago, arguing that
neighborhood conditions constrained individuals’ behavior. In the 1960s and 1970s, a number of studies,
many using in-depth ethnographic techniques, documented the conditions of racially and socially isolated,
impoverished neighborhoods, arguing that residents’ social and economic relationships and outcomes
were shaped by their neighborhoods (Clark [1965] 1989; Drake and Cayton [1945] 1993; Liebow 1967;
Rainwater 1970; Stack 1974; Suttles 1968).

A prominent government study on the topic of racially segregated neighborhoods—the report of the
National Advisory Commission on Civil Disorders (“The Kerner Commission”)—was published in 1968. The
Commission was convened to investigate the “racial disorder” occurring in the summer of 1967, when
nearly 150 cities reported incidents in black neighborhoods ranging from minor disturbances to large-
scale uprisings in places like Newark and Detroit. This report was one of a series of White House
conferences, commissions, and national policy reports from the early 1960s to the early 1980s on
conditions in inner-city neighborhoods.

In their investigation of the causes of the disorder, the Kerner Commission examined the broad conditions
of life in racially segregated, poor “ghetto” inner-city neighborhoods, hearing testimony from 130
witnesses ranging from Dr. Martin Luther King, Jr to J. Edgar Hoover, undertaking 1200 interviews and
surveys in 23 cities, visiting 8 cities, and reviewing social science evidence. The commission concluded
“Our nation is moving toward two societies, one black, one white—separate and unequal... Segregation
and poverty have created in the racial ghetto a destructive environment totally unknown to most white
Americans” (The National Advisory Commission on Civil Disorders [1968] 1988:1-2). The report details
how “segregation and poverty converge on the young to destroy opportunity and enforce failure,”
describing the lack of economic opportunities, poor sanitation, high crime rates, commercial exploitation,
failing schools, and substandard housing in black urban communities (10). The in-depth report argues that
disadvantaged neighborhoods have consequences for residents’, particularly children’s, educational,



economic, and health outcomes and strongly advocates the need for policies aimed at integration. The
report states:

“Federal housing policies must be given a new thrust aimed at overcoming the prevailing patterns
of racial segregation. If this is not done, those programs will continue to concentrate the most
impoverished and dependent segments of the population into the central-city ghettos where
there is already a critical gap between the needs of the population and the public resources to
deal with them... [Policymakers should] reorient federal housing programs to place more low- and
moderate-income housing outside of ghetto areas.” (28)

The report was controversial due to its strong language and calls for sweeping change, and it was largely
dismissed by President Lyndon B. Johnson and questioned by white Americans. However, it received
considerable media and public attention and was published as a paperback by Bantam Books in 1968,
quickly becoming a bestseller (Zelizer 2016).

Quantitative Evidence on Neighborhood Effects

The contemporary quantitative neighborhood effects literature flourished following the publications of
The Truly Disadvantaged (Wilson 1987) and American Apartheid (Massey and Denton 1993), both of which
detailed increasing poverty in racially segregated black neighborhoods. Building on these seminal works,
newly available data and statistical methods for isolating causal effects spurred the growth of the modern
neighborhood effects literature.

Researchers have long noted the challenge of identifying causal effects of neighborhoods because
households select where to live. People are not randomly assigned a “treatment” of living in a certain
neighborhood, as in an experiment. People who move into different neighborhoods have different
characteristics, so isolating the effect of neighborhood rather than individual and family characteristics is
challenging. For example, high-income households can afford to live in expensive neighborhoods where
other households are also high income. When estimating the causal effect of living among high-income
neighbors on a person’s well-being, his own household’s income must be taken into account. Comparisons
should be made between individuals with similar characteristics who live in different types of
neighborhoods. When they are not, this leads to a problem known as selection bias, where different
outcomes may be observed across individuals living in different neighborhoods even when neighborhoods
do not in fact have a causal effect.

Past scholarship generally takes three approaches to addressing this problem of selection bias. First,
researchers analyze observational survey data with advanced statistical techniques to carefully account
for differences in individuals’ characteristics across neighborhoods. Recent developments in causal
methodology provide approaches that plausibly account for neighborhood selection to generate robust
estimates of neighborhood effects. Second, researchers take a macro geographic perspective and
examine the association between segregation between neighborhoods at the city or metropolitan area
level with individuals’ outcomes. Selection bias at the city or metropolitan area level is of lesser concern
than at the neighborhood level, as discussed below. Third, researchers analyze data from social programs
that randomly induce residential moves, like the Moving to Opportunity (MTO) housing demonstration.
Below, | summarize peer-reviewed research that aims to identify causal neighborhood effects on
children’s and adolescents’ outcomes via each of these approaches.

Findings from Observational Data



A substantial body of social science literature, dating from the early 1980s, draws on observational (non-
experimental) survey data to document neighborhood effects on residents’ outcomes. These studies,
which use statistical controls to account for individual and family characteristics, show that growing up in
a socioeconomically disadvantaged neighborhood reduces educational success and increases the odds of
teenage childbearing (e.g., Aaronson 1998; Ainsworth 2002; Brooks-Gunn et al. 1993; Brooks-Gunn and
Duncan 1997; Chase-Lansdale and Gordon 1996; Crane 1991; Crowder and South 2011; Datcher 1982;
Duncan 1994; Duncan, Brooks-Gunn, and Klebanov 1994; Ensminger, Lamkin, and Jacobson 1996; Foster
and MclLanahan 1996; Harding 2003; Hogan and Kitagawa 1985; Klebanov et al. 1998; Owens 2010; South
and Crowder 1999; Sucoff and Upchurch 1998). (An earlier body of literature documents the effects of
schools’ socioeconomic mix, which is closely related to neighborhoods’ socioeconomic mix (Jencks and
Mavyer 1990)). A few studies relying on regression models to statistically control for individual and family
characteristics document mixed or null effects of neighborhood characteristics on individual outcomes
(e.g., Ginther, Haveman, and Wolfe 2000; Plotnick and Hoffman 1999), perhaps due to the challenge of
properly specifying the statistical model to account for selection. However, later studies applying more
advanced techniques to these same datasets do find significant causal relationships between
neighborhood characteristics and residents’ outcomes. The weight of the evidence in these studies
indicates an association between neighborhood composition and children’s well-being, controlling for
characteristics of the children and their families.

Developments in causal methodology provide new approaches to identifying neighborhood effects
beyond statistical control in regression analyses, which may be biased by unobserved variables’
contribution to neighborhood selection. An approach using inverse probability of treatment weighting
directly models selection into and out of neighborhoods over time based on families’ characteristics.
These models account for changing neighborhood contexts and the timing of exposure to neighborhoods,
contending that neighborhood effects may be lagged, not contemporaneous, and cumulative, with a
longer length of exposure to a neighborhood having larger effects. This counterfactual approach
statistically weights children depending on how similar they are on observable individual and family traits
that may contribute to residential choice, mimicking an experiment by creating “treatment” and “control”
groups that appear identical on measured background characteristics that affect residential choices.
Provided that the most important determinants of residential choices are observed, these studies provide
strong causal evidence for neighborhood effects.

In terms of educational outcomes, a nationally representative study using this statistical approach shows
that if black children live in the most disadvantaged neighborhoods throughout childhood, about 76%
graduate from high school (Wodtke, Harding, and Elwert 2011). If comparable black children live in the
least disadvantaged neighborhoods, the graduation rate rises to about 96%. The impact among nonblack
children is smaller, a graduation rate of about 87% in the most disadvantaged neighborhoods compared
to 95% in the least disadvantaged.* Neighborhood effects on the odds of high school graduation are also
larger among low-income children than among high-income children. Living in the most compared to the
least disadvantaged neighborhood reduces the graduation rate among poor black children by over 20
percentage points; among non-poor black children, the effect size is 9 percentage points (Wodtke, Elwert,
and Harding 2016).

1 This study measures neighborhood disadvantage by combining neighborhood poverty rate, unemployment rate,
welfare receipt rate, proportion of families headed by single females, proportion of residents without a high school
diploma, proportion of residents with a college degree, and proportion of residents employed in managerial or
professional jobs. Most and least disadvantaged neighborhoods are defined as the highest and lowest quartile in the
United States.



Other studies employing causal statistical analyses demonstrate effects on cognitive skills. Among black
children growing up in Chicago in the 1990s, living in a neighborhood of concentrated disadvantage
reduced later verbal ability (measured ~3 years later) by the equivalent of missing a year of schooling
(Sampson, Sharkey, and Raudenbush 2008).2 There is also evidence that neighborhood environments can
have effects on cognitive skills over multiple generations. A child’s cognitive ability may be affected not
only by his neighborhood, but also by the neighborhood his parent grew up in. His parent’s childhood
neighborhood may have affected their own educational, economic, or health outcomes, which in turn
contribute to the child’s well-being directly and via the neighborhood his parent can afford as an adult.
Children whose families were exposed to high-poverty neighborhoods in two successive generations had
reading and math scores more than half a standard deviation lower than children whose families lived in
non-poor neighborhoods over generations (Sharkey and Elwert 2011).3

Neighborhood disadvantage also affects the odds of adolescent parenthood: the odds of adolescent
parenthood are 80% higher among black children who grew up in high- compared to low-poverty
neighborhoods (Wodtke 2013). Among non-black children, growing up in a high-poverty neighborhood
more than doubles the odds of adolescent parenthood.*

Another approach to estimating causal effects compares siblings who were different ages when their
families moved—who were exposed to more or less disadvantaged neighborhoods for different lengths
of time. Comparing siblings provides strong causal evidence because it accounts for dimensions of the
family environment, including those that may be hard to observe or measure via a survey or interview,
e.g., parent-child interaction style. This study design assumes that parents do not purposely time their
moves to provide an advantage for one child over another. By treating the timing of moves as random,
researchers can estimate effects of exposure to more or less disadvantaged neighborhoods.

Using this approach, analyses of tax record data from over 5 million families across the U.S. with children
born between 1980 and 1991 show that spending one’s entire childhood in a county whose outcomes are
one standard deviation better increases a child’s income in young adulthood by 10% (Chetty and Hendren
2016).° Each additional year spent in a better county improves outcomes, with similar effects of moving
during early and later childhood. Moving to a better neighborhood also increases the likelihood of children
attending college and getting married and reduces the likelihood of teen pregnancy.

2 This study measures neighborhood disadvantage by combining neighborhood poverty rate, unemployment rate,
welfare receipt rate, proportion of households headed by a single female, proportion African-American, and
proportion of children under 18. Concentrated disadvantage neighborhoods are defined as the most disadvantaged
quartile of neighborhoods in Chicago.

3 High poverty neighborhoods have poverty rates of at least 20% and non-poor neighborhoods have poverty rates
below 20%.

4 High-poverty neighborhoods have poverty rates above 20%, moderate-poverty neighborhoods have poverty rates
of 10 to 20%, and low-poverty neighborhoods have poverty rates below 10%. Moderate-poverty neighborhoods
increase the odds of parenthood by about 75% among blacks and 60% among non-blacks, compared to low-poverty
neighborhoods.

5 Counties are categorized by the outcomes of children already living there, specifically by children’s expected
earnings conditional on their parents’ income. Correlates of “better” neighborhoods include fewer black residents,
lower racial segregation, lower income inequality, higher K-12 school quality, more social capital, and more two-
parent homes. This paper has not undergone final peer review yet; it is a working paper at the National Bureau of
Economic Research.



Over the past several decades, researchers have used statistical techniques to estimate neighborhood
effects from survey data, and the substantial bulk of the evidence indicates that growing up in
socioeconomically disadvantaged neighborhoods is detrimental for children’s future outcomes.

Findings from Macro-Level Segregation Studies

Several studies measure the effects of segregation between neighborhoods within metropolitan areas,
rather than characteristics of neighborhoods themselves, on the outcomes of black and white residents.
Racial segregation produces neighborhoods that are more homogenously black or homogenously white.
The logic of these studies is that greater black-white segregation between neighborhoods is
disadvantageous for black residents (and potentially beneficially for white residents). Studies of racial
(black-white) segregation between neighborhoods indicate that in more highly segregated metropolitan
areas, black young adults have lower educational attainment and worse labor market outcomes than they
would in less segregated places (Ananat 2011; Cutler and Glaeser 1997; Quillian 2014). Cutler and Glaeser
(1997) conclude that “a one standard deviation reduction in segregation ... would eliminate one-third of
the gap between whites and blacks in most of our outcomes” (865). Similar studies examining economic
segregation demonstrate that economic segregation is disadvantageous for poor youths’ educational
outcomes (Mayer 2002; Quillian 2014).

This approach provides the methodological advantage of reducing concern about selection bias because
the independent variable, variation in segregation, is measured for metropolitan areas rather than
neighborhoods. Metropolitan areas are much larger and more diverse than neighborhoods, and while
families may choose their neighborhoods with their children’s well-being in mind, families choose to live
in metropolitan areas for reasons like family history or job opportunities.® Measuring neighborhood
segregation is also an appealing conceptual approach because it directly captures inequality between
neighborhoods in a larger geographic space, rather than just estimating the composition of one’s
immediate surrounding neighborhood. Higher levels of segregation may induce greater prejudice in a city
or inequalities in public goods like school funding (Quillian 2014).

Findings from Experimental and Quasi-Experimental Data

Researchers have also identified neighborhood effects from situations in which a random “shock” to a
household induced a move to a different neighborhood. These situations reduce concerns about selection
bias—a household’s neighborhood changed due to something beyond their control, so the population
who experiences a residential change is theoretically no different from the population that did not. Several
of these situations have arisen from housing subsidy programs. The MTO experiment was a U.S.
Department of Housing and Urban Development (HUD) demonstration in five cities (Baltimore, Boston,
Chicago, Los Angeles, and New York) beginning in 1994. MTO randomly assigned families living in public
housing to one of three groups: the experimental group, which received a housing voucher to be used in
a neighborhood with a poverty rate below 10%; the Section 8 group, which received a standard Section 8

5 Nonetheless, these studies include statistical methods to test for the possibility of selection bias or reverse causality
(that inequality in outcomes between black and white residents could lead to later segregation). Specifically, they
use an instrumental variables approach, wherein the analyst identifies a variable theoretically related to the
treatment (here, segregation) but not to the outcome. In these studies, researchers use characteristics of the
metropolitan area (e.g., railroad tracks, municipal government boundaries) that induce segregation but should not
affect residents’ outcomes through pathways other than segregation as instrumental variables. Instrumental
variables analyses confirm that black young adults who grew up in more highly segregated places have reduced
educational and economic outcomes compared to those who grew up in more integrated places.
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voucher (now known as a Housing Choice Voucher); and the control group, which received no additional
housing assistance aside from their public housing unit.

Participants were surveyed and interviewed periodically over a ten-year period (interim and final impacts
are summarized in (Briggs et al. 2010; Goering and Feins 2003)). Examining all children, researchers found
no evidence of clear impacts on educational outcomes. However, children in the experimental group who
were younger than 13 at the time of random assignment have greater educational attainment, higher
income in young adulthood and lower odds of single motherhood compared to the control group (Chetty,
Hendren, and Katz 2016). Specifically, compared to the control group, young children whose families used
the experimental voucher to move to low-poverty neighborhoods had earnings in young adulthood about
30% higher, were about 30% more likely to go to college, went to higher-quality colleges, and were about
25% less likely to become single mothers (for females) compared to young children in the control group.
The larger effects found among children who moved early in childhood demonstrate the importance of
neighborhoods as a developmental context for young children and also underscore that the amount of
time one spends in a disadvantaged neighborhood has cumulative effects, as some observational studies
described above also note. Evidence from the MTO study also indicates long-lasting, intergenerational
effects: children whose families received MTO vouchers live in lower-poverty neighborhoods as young
adults compared to children from the control group (Chetty et al. 2016; Owens and Clampet-Lundquist
2017).

The Gautreaux Housing Demonstration is another program that induced families’ residential mobility. The
ACLU initiated a lawsuit against the Chicago Housing Authority (CHA) in 1966 alleging the CHA engaged in
racial discrimination by building public housing in neighborhoods with high concentrations of minority
residents. The consent decree of the Supreme Court case Hills v. Gautreaux (1976) required the CHA to
provide vouchers for public housing residents to move to private-sector apartments located in areas with
fewer than 30% black residents, with moves occurring from the mid-1970s through the 1990s.” While the
distribution of vouchers was not random—families had to apply and meet tenancy standards—the CHA
placed families in city or suburban locations based on the first available housing. Because families did not
select their neighborhood, researchers have analyzed Gautreaux as a “quasi-experimental” program,
comparing city and suburban movers. The Gautreaux program produced substantial gains in educational
outcomes for children who moved to suburban communities with fewer black residents. Children of
suburban movers went to higher-quality schools, received higher grades, and were more likely to attend
college than city movers (54% of suburban movers compared to 21% of city movers attended college)
(Rubinowitz and Rosenbaum 2000). Like MTO, Gautreaux produced intergenerational effects: children
who moved to the suburbs via Gautreaux live as young adults in neighborhoods with lower poverty rates
and greater racial integration than their origin neighborhood (Keels 2008). Similar causal evidence comes
from Denver, where children’s families are quasi-randomly assigned to public housing developments in
different neighborhoods. While effect sizes vary by children’s race/ethnicity, living in disadvantaged
neighborhoods generally reduces adolescents’ school performance and educational attainment (Galster
et al. 2016).

The weight of the evidence from housing programs that induced neighborhood mobility indicate that
children benefit from growing up in more advantaged neighborhoods, especially when they move to these
neighborhoods when they are young and experience more time in these contexts. Some research on such
social experiments has shown null or mixed effects on children’s education (Burdick-Will et al. 2011;

7 The decree allowed up to 1/3 of vouchers to be used in neighborhoods with higher minority populations, so some
families that moved did not live in racially integrated areas.
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Fauth, Leventhal, and Brooks-Gunn 2007; Jacob 2004). This may indicate heterogeneous effects: that
neighborhood contexts matter for certain groups more than others (e.g., younger children compared to
older children, or low-income children compared to high-income children) or that, while a child moved,
the move did not induce a change in a meaningful neighborhood characteristic that matters for children’s
well-being, like local school quality or neighborhood violence.

Measuring Neighborhood Characteristics

Studies of neighborhood effects on children and adolescents measure neighborhood conditions in various
ways. Conceptually, these studies typically try to capture the degree of opportunity a neighborhood
provides for youths’ present and future health, educational, and economic well-being. Researchers,
including those cited above, often use measures of socioeconomic well-being, like poverty rate, median
household income, unemployment rate, welfare receipt rate, residents’ occupational status, residents’
educational attainment, or rate of households headed by a single mother, to measure social and
institutional resources that can shape children’s life chances. Neighborhood violence is another
characteristic shown to negatively affect children’s educational outcomes (Burdick-Will et al. 2011;
Sharkey 2010; Sharkey et al. 2014). A study of New York public school students found that if a violent
crime occurred on an African American student’s street in the week prior to a standardized test, his
probability of passing an English language arts assessment decline by about 3 percentage points,
equivalent to about one-fifth of the black-white gap in passing rates (Sharkey et al. 2014)

Neighborhood racial composition correlates strongly with measures of neighborhood socioeconomic
status. In their study of all metropolitan Census tracts in the U.S. in 2013, Schwartz, McClure, and Taghavi
(2016) show that around 90% of majority-black and majority-Hispanic neighborhoods had high or very
high levels of distress, compared to 13% of white neighborhoods. Neighborhood distress is an index based
on neighborhoods’ poverty rate, rate of female-headed households, unemployment rate, rate of
households receiving public assistance, and proportion of adults not in school and without a high school
diploma. High or very high levels of distress indicate a neighborhood is in the 4™ or 5 quintile of the
distress index nationally. Over 70% of majority-black neighborhoods were in the very top quintile of
neighborhood distress, compared to just 3 percent of majority-white neighborhoods (62% of majority-
Hispanic neighborhoods and 17% of racially integrated neighborhoods were in the top quintile of
neighborhood distress).? Forty percent of majority-white neighborhoods, compared to 1% or less of
majority-black or Hispanic-neighborhoods, were in the lowest neighborhood distress quintile. Therefore,
even if researchers do not explicitly include neighborhood racial composition in their measure of
neighborhood disadvantage, the two are highly related, with most white neighborhoods having low levels
of neighborhood distress and high levels of opportunity and most black and Hispanic neighborhoods
having high levels of neighborhood distress and low levels of opportunity (Sharkey 2014). Minority
neighborhoods are largely detrimental for children’s well-being because of the association between
residential racial composition and neighborhood resources, rather than because of racial composition per
se (Galster and Santiago 2017).

Even comparing neighborhoods with similar poverty rates, however, black and white neighborhoods differ
on other opportunity dimensions. In their analyses of neighborhoods where MTO residents moved,
Aliprantis and Kolliner (2015) find that low-poverty black neighborhoods (those with poverty rates below

8 Majority-black and majority-Hispanic neighborhoods have over 50% black or Hispanic residents, respectively.
Majority-white neighborhoods have over 75% white residents. This measurement difference adjusts for the greater
share of white residents in the overall population.



10%, the MTO voucher cutoff) are more similar to high-poverty white neighborhoods than low-poverty
white neighborhoods in terms of residents’ educational attainment, unemployment rates, and single
female-headed households.® Neighborhood racial composition is a key dimension of contextual
inequality, and it may explain why MTO did not produce as large of effects as many expected, particularly
for adults’ outcomes. While families in the experimental group moved to neighborhoods with poverty
rates below 10%, the neighborhoods were still majority-minority (and many were experiencing rising
poverty rates) (Orr et al. 2003). In contrast, the Gautreaux program may have produced larger effects
because families moved to neighborhoods that were not racially isolated (Rubinowitz and Rosenbaum
2000).

In addition to differences in their own socioeconomic profiles, black and white neighborhoods differ in
their spatial proximity to disadvantaged neighborhoods. In 2000, over 64% of majority-black
neighborhoods bordered at least one severely disadvantaged neighborhood, compared to only 8% of
majority-white neighborhoods (Sharkey 2014).2° Even black middle- and upper-class neighborhoods are
more likely than white middle- or upper-class neighborhoods to be geographically proximate to lower-
income neighborhoods with high levels of violence, social problems, and low-quality institutions (Pattillo-
McCoy 2000). In 2000, advantaged black tracts were three times more likely than advantaged white tracts
to border at least one severely disadvantaged neighborhood (Sharkey 2014).1!

Researchers measure socioeconomic and demographic characteristics of neighborhood that capture
opportunities that may bear on residents’ future outcomes. Neighborhood racial composition is a key
correlate of opportunity, given the history of racial segregation and inequality in the United States. Black
neighborhoods are not only much more likely to be disadvantaged than white neighborhoods, they are
also much more likely to be surrounded by disadvantaged neighborhoods, regardless of their own
socioeconomic status.

Conclusion

A large research literature indicates that growing up in socioeconomically disadvantaged, racially
segregated neighborhoods is disadvantageous for children’s well-being and future life chances. While
there is variation in effect sizes depending on the outcome of interest and measurement of neighborhood
characteristics, the weight of the evidence strongly indicates negative effects of growing up in
impoverished neighborhoods. Some research indicates that neighborhoods may have particularly strong
effects for young children who spend more time in these contexts and for lower-income and minority
children. Over a century of social science research across methods—qualitative ethnographies,
guantitative analyses of observational data, and experimental data—leads to the same overall conclusion
that neighborhood disadvantage has deleterious effects on children.

9 This report is part of a series of commentaries published by the Federal Reserve Bank of Cleveland and may not
undergo external peer review.

10 Neighborhood disadvantage is an index including the neighborhood’s rates of welfare receipt, poverty,
unemployment, female-headed households, and density of children. Severe disadvantage indicates neighborhoods
with disadvantage levels two standard deviations above the mean.

11 Advantaged tracts are those with neighborhood disadvantage scores (see previous footnote) below the national
mean.
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of social, cultural, and linguistic isolation; a
breakdown of collective cohesion among resi-
dents; scarce institutional resources; and envi-
ronmental health hazards.

Empirical research, however, has produced
mixed results regarding effects of neighbor-
hoods on educational attainment, often find-
ing small effects, and sometimes finding no
effects at all (Jencks and Mayer 1990; Samp-
son, Morenoff, and Gannon-Rowley 2002;
Small and Newman 2001). For example,
Brooks-Gunn and colleagues (1993) find no
effect of neighborhood income on high school
graduation among blacks and only small
effects among nonblacks. Similarly, Ginther,
Haveman, and Wolfe (2000) find few signifi-
cant effects of neighborhood context on high
school graduation after adjusting for a wide
range of family characteristics. Other studies
document negative effects of disadvantaged
neighborhoods on educational attainment, but
these effects are typically small and often
quite sensitive to the particular contextual
measures used in the analysis (Aaronson
1997; Brooks-Gunn et al. 1997; Crane 1991,
Harding 2003).

These mixed results, we contend, may be
due at least in part to a set of interrelated prob-
lems regarding the role of time in neighbor-
hood-effects research (Crowder and South
2011; Sampson, Sharkey, and Raudenbush
2008; Sharkey and Elwert 2011; South and
Crowder 2010; Timberlake 2007; Turley 2003;
Wilson 2009). First, although theories of
neighborhood effects all specify mechanisms
based on long-term exposure to disadvantaged
neighborhoods, most previous studies measure
neighborhood context only once or over just a
short period (e.g., Brooks-Gunn et al. 1993;
Harding 2003). This measurement choice con-
flates children who were recently exposed to
disadvantaged neighborhoods with those who
experienced long-term residential disadvan-
tage. To the extent that neighborhood effects
are lagged or cumulative, estimates based on
point-in-time measurements of neighborhood
context may substantially understate the effect
of sustained neighborhood disadvantage. Sec-
ond, because neighborhoods are not a static
feature of a child’s life—many families move

in and out of different communities or remain
in areas that change around them (Briggs and
Keys 2009; Quillian 2003; Timberlake 2007)—
estimating neighborhood effects poses difficult
methodological problems that are rarely
addressed in empirical research. The central
challenge is that selection into different neigh-
borhood contexts across time is based in part
on time-varying characteristics of the family,
such as parental employment status, parental
marital status, and family income (Quillian
2003; Sampson and Sharkey 2008; South and
Crowder 1997a), that are themselves influ-
enced by previous neighborhood conditions
(Wilson 1987, 1996). Prior studies, however,
rely almost exclusively on conventional regres-
sion models that mishandle this dynamic
neighborhood selection process and “control
away” indirect effects of neighborhoods that
operate through time-varying family character-
istics. Such over-control of indirect pathways
may further understate the effect of long-term
neighborhood disadvantage.

Building on previous work investigating
the temporal dimensions of neighborhood
effects (Crowder and South 2011; Jackson
and Mare 2007; Sampson et al. 2008; Sharkey
and Elwert 2011), this study extends research
on neighborhood context and child develop-
ment by (1) measuring duration of exposure
to disadvantaged neighborhoods throughout
childhood and adolescence, (2) explicitly
defining neighborhood effects within a coun-
terfactual causal framework for time-varying
exposures, and (3) using novel statistical
methods of adjusting for dynamic neigh-
borhood selection that overcome critical
shortcomings of conventional regression.
Specifically, we estimate effects of sustained
exposure to different levels of neighborhood
disadvantage on high school graduation, a
central dimension of social stratification
(Rumberger 1987). Because educational
attainment is one of the most extensively
studied outcomes in neighborhood-effects
research (e.g., Aaronson 1997; Brooks-Gunn
et al. 1993; Crane 1991; Crowder and South
2011; Ginther et al. 2000; Harding 2003), we
can compare our estimates, which take expo-
sure duration and dynamic neighborhood
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selection into account, with results of past
analyses that neglect these issues.

We begin by reviewing the theoretical
mechanisms through which long-term exposure
to disadvantaged neighborhoods is thought
to affect educational attainment. Next, we
review past estimates of neighborhood effects,
focusing on limitations of static models and
point-in-time measurements, and delineate
the dynamic neighborhood selection process.
Following this discussion, we specify coun-
terfactual models for the longitudinal effects
of neighborhood disadvantage on high school
graduation, explain the challenges that
dynamic selection processes pose for the esti-
mation of duration-dependent neighborhood
effects, and describe procedures to estimate
these effects using inverse probability of
treatment weights. Then, with data from the
Panel Study of Income Dynamics, we follow
a cohort of children from birth through early
adulthood, measuring neighborhood context
once per year, every year, for 17 years, and
estimate effects of sustained exposure to dif-
ferent levels of neighborhood disadvantage
on high school graduation.

Results of this analysis indicate that expo-
sure to disadvantaged neighborhoods through-
out the early life course has a severe negative
impact on the chances of high school gradua-
tion for black and nonblack children. These
effects are considerably larger than estimates
from prior research and appear to be mediated
by time-varying characteristics of the family.
In other words, our findings suggest that
neighborhood effects on children operate in
part through neighborhood effects on parents.
We conclude that a temporal framework is
essential for understanding the deleterious
effects of disadvantaged neighborhoods on
child development.

NEIGHBORHOOD
MECHANISMS AND
EXPOSURE DURATION

Failure to graduate from high school is the
result of a cumulative process of academic and
social disengagement that unfolds over time

(Rumberger 2004). The proximate determi-
nants of disengagement from school include
low educational aspirations, poor academic
performance, absenteeism, behavioral prob-
lems and delinquency, parenthood, and family
economic demands (Cairns, Cairns, and
Neckerman 1989; Ensminger and Slusarcick
1992; Rumberger 1987, 2004). Theoretical
models of neighborhood effects on educational
attainment describe mechanisms through
which local communities affect the proximate
determinants of school engagement. These
theories can be broadly classified into four
categories: those based on social isolation,
social organization, neighborhood resources,
and the physical environment.

Social isolation theories argue that resi-
dents of poor neighborhoods are isolated
from social networks and institutions that
provide access to job information and impor-
tant links to mainstream culture. As a result,
adults in such neighborhoods fail to provide
role models that encourage success in school
for local children (Jencks and Mayer 1990;
Wilson 1987, 1996). According to Wilson
(1987), social isolation from mainstream
institutions, particularly the labor market,
leads to the development of “ghetto-specific”
cultural repertoires. Similarly, other research-
ers contend that social isolation gives rise to
alternative or oppositional cultures, which
emerge in response to structural constraints
on upward social mobility (Anderson 1999;
Massey and Denton 1993). According to this
perspective, deviant subcultures that emerge
in disadvantaged neighborhoods devalue for-
mal schooling and valorize risky behaviors
that may lead to poor educational outcomes.
Linguistic isolation is another potential con-
sequence of social isolation in disadvantaged
neighborhoods. Black children raised in poor,
racially segregated neighborhoods are more
likely to speak Black English Vernacular,
which can impede success in school because
it is devalued by mainstream institutions
(Massey and Denton 1993). To the extent that
disadvantaged, socially isolated neighbor-
hoods affect children’s educational outcomes
by socializing them into deleterious attitudi-
nal and behavioral patterns, sustained exposure
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is required for local values and behaviors to
become sufficiently internalized.

Social organization theories of neighbor-
hood effects emphasize the role of social cohe-
sion among neighbors and its impact on
regulation of crime and other deviant behavior
(Sampson et al. 2002). Neighborhood poverty
is linked to a breakdown of mutual trust among
resident adults, which hampers their ability to
monitor and control youth behavior (Sampson
2001). Lacking collective supervision, chil-
dren in disadvantaged neighborhoods may be
more likely to engage in deviant behaviors that
disrupt progression through school (Browning
et al. 2008; Browning, Leventhal, and Brooks-
Gunn 2005). Moreover, exposure to violent
crime that results from social disorganization
may have a number of harmful effects on cog-
nitive and emotional development through, for
example, maladaptive biological responses to
stress (Harding 2009; Massey 2004). The
cumulative risk of victimization necessarily
increases with one’s duration of residence in
high-crime neighborhoods, and harmful bio-
logical processes resulting from stress require
sustained exposure. Similarly, the chances that
children engage in behaviors that disrupt pro-
gression through school increase with the
amount of time they spend in social environ-
ments that provide few deterrents to such
behaviors. Thus, social organization theories
also suggest the importance of long-term expo-
sure to disadvantaged neighborhoods.

Resource theories of neighborhood effects
contend that poor neighborhoods lack impor-
tant institutional resources, such as quality
schools, daycare centers, grocery stores, phar-
macies, and recreational areas, that promote
child development and academic achieve-
ment (Brooks-Gunn et al. 1997; Small and
Newman 2001; Wilson 1987). In the United
States, the quality of a child’s school environ-
ment is often directly linked to neighborhood
socioeconomic conditions because public
school funding is geographically determined.
School quality is likely a primary mechanism
through which neighborhood context affects
educational outcomes, and research suggests
it is important to account for the length of

time that children spend in different school
environments (Halpern-Manners, Warren,
and Brand 2009). Resource deprivation in
poor neighborhoods also makes effective par-
enting more difficult. For example, children
of working parents may be left unsupervised
for longer periods of time in neighborhoods
with fewer recreational programs or daycare
centers. Without such institutions, disadvan-
taged neighborhoods provide less deterrence
against problem behaviors that interfere with
schooling. Because the harmful consequences
of resource deprivation for child development
likely compound over time, sustained expo-
sure to disadvantaged neighborhoods ought to
have a more severe impact on school progres-
sion than would transitory exposure.

Environmental theories of neighborhood
effects focus on the poor physical condition
of disadvantaged neighborhoods (Crowder
and Downey 2010). Much research in this
tradition focuses on health outcomes (Schulz
et al. 2005). Because of their proximity to
major freeways and industrial centers, impov-
erished urban neighborhoods are dispropor-
tionately exposed to air pollution, which has
a negative impact on residents’ health (Ponce
et al. 2005). Poor neighborhoods also contain
dilapidated housing, which can affect resi-
dents’ health through exposure to indoor
allergens, toxins, and structural hazards
(Rosenfeld et al. 2010). Health problems
resulting from residence in disadvantaged
neighborhoods may impede timely progres-
sion through school. For example, exposure
to air pollutants is a major risk factor for
asthma, which in turn is associated with
school absences (Clark et al. 2010; Moonie
et al. 2006). The extent to which individuals
are harmed by environmental health hazards
depends on the length and severity of expo-
sure (Schwartz 2006), providing yet another
reason to consider the amount of time that
children reside in different neighborhood
contexts. In summary, all four broad theories
of neighborhood effects on educational out-
comes involve a temporal dimension. Empiri-
cal research thus requires careful attention to
duration of exposure.
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PREVIOUS ESTIMATES OF
NEIGHBORHOOD EFFECTS

Previous research on neighborhood effects
has used both experimental and observational
designs. Experimental studies randomly
assign subjects to treatment and control
groups and thus avoid the problem of selec-
tion bias because random assignment should
form groups of subjects identical on all fac-
tors, whether observed or not, except for the
exposure of interest. Observational studies,
on the other hand, estimate effects of neigh-
borhood context from data in which subjects
self-select into different neighborhoods.

The most comprehensive neighborhood
experiment to date is the Moving to Opportu-
nity (MTO) study, which randomly assigned
low-income residents of poor inner-city
neighborhoods to receive Section 8 housing
vouchers, enabling a subset of participants to
move into more affluent suburban neighbor-
hoods. Neighborhood-effect estimates from
the MTO experiment are mixed. Early evalu-
ations indicated that children who moved into
low-poverty neighborhoods had significantly
better developmental outcomes, including
higher test scores, fewer behavioral problems,
and better mental health (Ladd and Ludwig
1997; Ludwig, Duncan, and Hirschfield
2001). However, a second round of evalua-
tions conducted four to seven years after the
intervention revealed few significant differ-
ences between treatment and control groups
(Ludwig et al. 2008).

Although the MTO experiment contrib-
uted important evidence about neighborhood
effects on children, it is not without limita-
tions, some of which are particularly relevant
to the present study. First, the MTO study
provides conservative estimates of neighbor-
hood effects because families who received
housing vouchers often moved to highly seg-
regated, mostly black neighborhoods that
were only slightly less poor than the neigh-
borhoods in which they lived previously
(Clampet-Lundquist and Massey 2008;
Sampson 2008). Second, because families in
the treatment group had to move to live in

neighborhoods with lower poverty rates,
results from the MTO study confound effects
of neighborhood poverty and residential
mobility. Third, both the treatment and con-
trol groups were, in fact, exposed to high-
poverty neighborhoods for some period of
time. Only families from disadvantaged
neighborhoods were eligible for the study, so
all parents and children who subsequently
moved to less disadvantaged suburbs were
exposed to high-poverty neighborhoods prior
to the intervention. Evaluations of MTO,
therefore, compare treatment and control
groups that may be quite similar in terms of
cumulative exposure to neighborhood pov-
erty. If the impact of neighborhood poverty
on child development is cumulative or lagged,
then estimates from MTO fail to capture the
total effect of sustained exposure to disadvan-
taged neighborhoods.

Neighborhood-effect estimates from obser-
vational studies are also at times contradictory
or inconclusive (e.g., Aaronson 1997, 1998;
Brooks-Gunn et al. 1993; Evans, Oates, and
Schwab 1992; Ginther et al. 2000; Harding
2003; Jencks and Mayer 1990; Sampson et al.
2002; Small and Newman 2001). A serious
limitation of previous observational research is
the near exclusive reliance on static models
and short-term measurements of neighborhood
context. Because children move between dif-
ferent neighborhood environments, point-in-
time measures cannot capture the time-varying
sequence of neighborhood conditions that
children experience throughout the early life
course (Briggs and Keys 2009; Quillian 2003;
Timberlake 2007). By mixing children who
were recently exposed with those who lived in
disadvantaged neighborhoods for an extended
period, previous studies that use static models
and point-in-time measurements of neighbor-
hood context likely underestimate effects of
long-term exposure.

Several prior studies have attempted to
assess the temporal dimension of neighbor-
hood effects. Jackson and Mare (2007) and
Crowder and South (2011) analyze effects of
neighborhood characteristics averaged over
many years during childhood (e.g., from birth
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to age 18) on a variety of developmental out-
comes but ultimately reach opposite conclu-
sions about the importance of longitudinal
measurement. Both of these studies, however,
use conventional regression-based methods,
which do not properly account for the dynamic
selection of families into different neighbor-
hood contexts and therefore likely understate,
perhaps severely, effects of cumulative expo-
sure—a point we explain in greater detail
below (see also Kunz, Page, and Solon 2003;
South and Crowder 2010). Another study
reanalyzed MTO data, taking into account
the amount of time that subjects were exposed
to different neighborhood contexts in the
years following the intervention (Clampet-
Lundquist and Massey 2008). Duration-
weighted estimates from this analysis suggest
a more substantial influence for neighbor-
hood context on adult economic self-suffi-
ciency, yet these results still do not capture
the impact of lifetime neighborhood condi-
tions. Sampson and colleagues (2008), using
estimation methods that provide for improved
adjustment of confounding when selection is
time-varying, find that past exposure to disad-
vantaged neighborhoods has a severe nega-
tive effect on children’s verbal ability
measured years later, but because this study is
based on longitudinal data with only two fol-
low-up waves, the full impact of sustained
exposure to disadvantaged neighborhoods
throughout childhood could not be assessed.

DYNAMIC NEIGHBORHOOD
SELECTION

Previous research on residential mobility and
spatial attainment (e.g., Quillian 2003;
Sampson and Sharkey 2008; South and
Crowder 1997a, 1997b, 1998a, 1998b) fore-
shadows a central methodological problem
for estimating effects of extended exposure to
neighborhood disadvantage: the dynamic
selection of families into and out of different
neighborhood environments, in which deter-
minants of future residential choices are
themselves affected by past neighborhood
conditions. To estimate longitudinal effects of

neighborhood disadvantage, knowledge of
the neighborhood selection process is critical
(Sharkey and Elwert 2011).

Research on determinants of neighbor-
hood context emphasizes the role of the life
course, family structure, and socioeconomic
characteristics. Marital status, age, and family
size are all linked to neighborhood socioeco-
nomic characteristics (Sampson and Sharkey
2008; South and Crowder 1997b, 1998a; South
and Deane 1993; Speare and Goldscheider
1987). Neighborhood attainment is also
related to education, income, employment,
receipt of public assistance, and homeowner-
ship; individuals who have a more advanced
education, work regularly, earn higher
incomes, do not receive public assistance, and
own rather than rent their dwellings are more
likely to live in non-poor neighborhoods
(Sampson and Sharkey 2008; South and
Crowder 1997a, 1997b, 1998a). In addition,
longitudinal studies of neighborhood mobility
indicate that abrupt changes to the family
environment predict future neighborhood
attainment. For example, parents who have
recently divorced or become unemployed are
at greater risk of moving to poor neighbor-
hoods (Sampson and Sharkey 2008; South
and Crowder 1997a).

Race is another important determinant of
neighborhood attainment, as it constrains res-
idential choices for minorities, especially
blacks (Charles 2003; Massey and Denton
1993). Audit studies and survey experiments
indicate that blacks face extensive discrimi-
nation from realtors, lenders, and white
neighbors (Charles 2003; Yinger 1995).
Because of extreme residential segregation,
neighborhood selection processes operate dif-
ferently for whites and blacks. A number of
studies show that blacks have much more
difficulty converting personal resources into
improved neighborhood conditions, and
blacks of all income levels are more likely to
live in high-poverty neighborhoods than are
comparable whites (Charles 2003; Iceland
and Scopilliti 2008; Massey and Denton
1993). Moreover, blacks are less likely than
whites to move, and when blacks do change
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residences, they are less likely to improve
their neighborhood conditions (South and
Deane 1993).

Research on spatial attainment therefore
shows that a variety of demographic and eco-
nomic factors are important determinants of
residence in different neighborhood environ-
ments. Conversely, theory and research also
indicate that past neighborhood context in turn
affects many of the same characteristics that
influence future neighborhood selection. For
example, spatial mismatch theories contend
that poor neighborhoods are located far from
areas with employment opportunities at appro-
priate skill levels, making it difficult for resi-
dents to acquire and maintain jobs (Fernandez
and Su 2004; Wilson 1987, 1996). Further-
more, Wilson (1987) argues that the decline of
manufacturing during the 1970s diminished
the pool of marriageable men (i.e., employed
men with income sufficient to support a fam-
ily) in urban black neighborhoods, leading to
delayed marriage and increasing non-marriage
among this population.

A number of family characteristics may
thus simultaneously confound and mediate
the effects of disadvantaged neighborhoods
on children’s educational outcomes. That is,
certain time-varying characteristics of the
family, such as parental employment and
marital status, affect both children’s educa-
tional attainment and the chances of living in
different neighborhood environments and are
in turn affected by prior neighborhood condi-
tions. As we explain below, time-varying con-
founders affected by past neighborhood
context pose unique methodological chal-
lenges for estimating neighborhood effects
that cannot be addressed with conventional
regression models.

METHODS

Data

This study uses data from the Panel Study of
Income Dynamics (PSID) and the GeoLytics

Neighborhood Change Database (NCDB)
(GeoLytics 2003). The PSID is a longitudinal

study of families who were first interviewed in
1968. PSID core respondents consist of an
equiprobable sample of approximately 2,800
households from the contiguous United States
together with a sample of about 2,000 low-
income households selected from Standard
Metropolitan Statistical Areas (SMSAs) in the
North and non-SMSAs in the South. The PSID
conducted annual interviews of core family
units (FUs) and new families formed by core
FU members from 1968 to 1997; interviews
were conducted biennially thereafter.

The analytic sample for this study consists
of the 4,154 children present at age 1 year in
PSID core FUs between 1968 and 1978. We
gather information on these children for every
year until age 20 or they are lost to follow-
up.! Two thousand and ninety-three chil-
dren—834 black and 1,259 nonblack—are
continuously present in a responding PSID
FU from age 1 to 17 years and are present in,
or reported on by, a PSID FU at age 20 (we
describe methods used to adjust for sample
attrition below). The PSID wave, indexed by
k, in which a child is age 1 year defines the
baseline time period (k = 0) when neighbor-
hood context and a rich set of covariates are
first measured. We then measure neighbor-
hood context and all time-varying covariates
once per year from age 2 to 17 years. Baseline
neighborhood context is not used to estimate
neighborhood effects but rather is absorbed
into the vector of control variables measured
at age 1. Thus, our study uses K = 16 post-
baseline waves of follow-up—each of the
waves in which children are between ages 2
and 17 years—to estimate educational effects
of neighborhood context. The outcome of
interest in this study, high school graduation,
is measured at age 20, defined as the end of
follow-up.’

Treatment

Measurements of neighborhood context come
from the NCDB, which contains nationwide
tract-level data from the 1970 to 2000 United
States Censuses with variables and tract
boundaries defined consistently across time.
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Tract data for intercensal years are imputed
using linear interpolation. We use principal
component analysis to generate a composite
score of neighborhood disadvantage based on
seven tract characteristics: poverty, unem-
ployment, welfare receipt, female-headed
households, education (i.e., percent of resi-
dents age 25 years or older without a high
school diploma; percent of residents age 25 or
older with a college degree), and occupational
structure (i.e., percent of residents age 25 or
older in managerial or professional occupa-
tions).” We then divide census tracts into
quintiles based on the national distribution of
the composite disadvantage score and create a
time-varying ordinal treatment variable,
coded 1 through 5, that records the neighbor-
hood quintile in which a child resides at each
wave. The first quintile contains the least
disadvantaged census tracts, and the fifth
quintile contains the most disadvantaged cen-
sus tracts. For example, in the average first
quintile tract, less than 5 percent of residents
are poor, only 2 percent receive welfare, and
about 40 percent of adults are college gradu-
ates. By contrast, in the average fifth quintile
tract, nearly 30 percent of residents are poor,
about 19 percent receive welfare, and less
than 50 percent of adults have graduated from
high school (see Part A of the online supple-
ment for details). In the analysis below, we
use this ordinal wave-specific treatment vari-
able to compute a measure of duration-
weighted exposure to different levels of
neighborhood disadvantage between ages 2
and 17 years.*

Covariates

This study includes an extensive set of covari-
ates to control for potential confounding of
neighborhood effects on high school gradua-
tion. The time-invariant baseline covariates
are race, gender, birth weight, mother’s age at
birth, mother’s marital status at birth, and FU
head’s education.’ Race is coded 1 for black
and 0 for nonblack; gender is coded 1 for
female and 0 for male; birth weight is
expressed as a dummy variable equal to 1 if

the child was less than 2,500 grams at birth
and 0 otherwise; mother’s age at birth is mea-
sured in years; and a dummy variable is used
to indicate whether the mother was married at
the time of childbirth. FU head’s education is
expressed as a series of dummies for “less
than high school,” “high school graduate,”
and “at least some college.” The time-varying
covariates in this analysis, measured at each
wave k, include marital status, employment
status, and work hours of the FU head, as well
as family size, homeownership, receipt of Aid
to Families with Dependent Children (AFDC),
total family income, and residential mobility.
Marital status is coded 1 for married and 0 for
unmarried; employment status is coded 1 for
employed and 0 for not employed; and work
hours is equal to the average number of hours
worked per week during the preceding year.
Family size is defined as the total number of
people present in a child’s family at wave £;
homeownership is expressed as a dummy
variable indicating whether the family owned
the residence they occupied at the time of the
interview; and AFDC receipt is coded 1 if a
family received AFDC income during the
past year and O otherwise. Total family
income is measured as the sum of taxable
income the family head, partner, and other FU
members earned over the past year, inflated/
deflated using the Consumer Price Index
(CPI-U) to 1990 dollars. We define residen-
tial mobility as the total number of times a
child moved prior to wave k. For all variables,
we use multiple imputation to fill in missing
values due to item-specific nonresponse.’

Counterfactual Models for Time-
Varying Neighborhood Exposures

This study relies on potential outcomes nota-
tion to define causal effects of time-varying
neighborhood exposures on high school grad-
uation (Holland 1986; Robins, Hernan, and
Brumback 2000; Rubin 1974). Let
A€ {1,2,...,5} represent neighborhood expo-
sure status at the kth wave since start of fol-
low-up, where 4 it denotes residence in the
least disadvantaged quintile of neighborhoods
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and 4 = 5 denotes residence in the most dis-
advantaged quintile. The sequence of neigh-
borhood contexts experienced by a child
through wave k is written as a=(a;..a,),

anda = a, represents a child’s complete treat-
ment trajectory from age 2 to 17 years (over-
bars in this notation signify covariate history).
Let Y be the observed outcome equal to 1 for
children who graduated from high school by
age 20 and 0 for those who did not. Y, then,

is the potential outcome indicating whether a
child would have graduated from high school
had she been exposed to the sequence of
neighborhood contexts &, possibly contrary to
fact. For example, Y( 555 is a child’s out-
come had she been continuously exposed to
the most disadvantaged quintile of neighbor-
hoods, Yys. .5 is the child’s outcome had she
been exposed to a 4th-quintile neighborhood
during the first follow-up wave and neighbor-
hoods in the most disadvantaged quintile
thereafter, and so on. The observed outcome,

Y, equals the potential outcome, Y for the
one exposure trajectory the child d1d in fact
experience; all other Y_are not observed (i.e.,
counterfactual). ‘

The average causal effect of some specific
neighborhood exposure trajectory @ com-
pared to another exposure trajectory @’ is
defined as the expected difference between
corresponding potential outcomes,

EY.-Y.)=EX,)-EY.) (1)
:P(Yy :1)_P(YE’ =1),

where P(Y_= 1) is the probability of high
school gra?iuation had all children experi-
enced the neighborhood exposure trajectory
a, and P(Y; = 1) is the analogous probability
of high school graduation if all children had
experienced the exposure sequence da'.
Because the same individual cannot simulta-
neously be exposed to two different treatment
trajectories, the effects of interest are impos-
sible to observe directly and must be esti-
mated. In principle, effects of neighborhood
context could be analyzed non-parametrically
by comparing expectations, as in Equation 1,
for all possible exposure trajectories. How-
ever, with a five-level ordinal treatment and

K = 16 waves of follow-up, there are 5'°, or
more than 150 billion, possible exposure tra-
jectories and the same number of potential
outcomes. Data limitations thus force the
imposition of simplifying functional form
assumptions about the exposure-outcome
relationship.

To investigate effects of sustained expo-
sure to different neighborhood contexts on
high school graduation, we specify the fol-
lowing parametric model for counterfactual
probabilities:

logit(P(Y, =1)) = 0, + el(zil a, /16). 2)

Equation 2 is called a marginal structural
model (MSM) because it models the marginal
distribution of potential outcomes and because
causal models are referred to as structural in
the treatment-effects literature (Robins 1999;
Robins et al. 2000). In this model, the proba-
bility of high school graduation is a function
of duration-weighted exposure to different
levels of neighborhood disadvantage (i.e., the
average of ordinal wave-specific treatments
from wave k =1 to 16). The log odds ratio 91
captures the effect of growing up in neighbor-
hoods that are, on average, located in quintile
q of the composite disadvantage distribution
rather than the less disadvantaged quintile ¢
— 1. This parsimonious specification allows
for contrasts between exposure trajectories of
key theoretical interest, for example, between
children who spend their entire childhood in
the least disadvantaged quintile of neighbor-
hoods and children with long-term exposure
to neighborhoods in the most disadvantaged
quintile.”

The causal effect defined earlier can be
identified from observational data if the level
of neighborhood disadvantage at each wave k&
is independent of potential outcomes given
observed covariate history and past treat-
ments (Robins 1987, 1999). This condition is
expressed formally as

Y, 14, |I_’k’Zk—1’ 3)
where L = (L, - L) represents observed
covarlate h1st0ry up to wave £, Ak , encodes

treatment history through the prior wave, and
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A. Hypothesized causal relationships

B. Not conditioning on Z,incurs confounding

R
L, A, L, 4142} Y

D. Conditioning on Zincurs collider-stratification bias

U
A

Figure 1. Causal Graphs for Exposure to Disadvantaged Neighborhoods with Two Waves of

Follow-up

Note: Ak = neighborhood context, Lk = observed time-varying confounders, U = unobserved factors, Y =

outcome.

1 denotes statistical independence. Substan-
tively, this says that children with the same
combination of observed covariate values do
not systematically select into different neigh-
borhood contexts based on factors predictive
of the outcome. Condition 3 is satisfied if
there are no unobserved covariates that affect
both neighborhood exposure status and high
school graduation (i.e., if there is no unob-
served confounding of treatment).

Failure of Conventional Regression
Estimators

To understand the limitations of conventional
regression models for estimating effects of
time-varying neighborhood exposures, con-
sider the simplified two-wave example
depicted in Figure 1A. This figure contains a
directed acyclic graph (Pearl 1995, 2000) that
shows the hypothesized causal relationships
between neighborhood disadvantage, time-
varying characteristics, high school gradua-
tion, and unobserved factors. All arrows
between the temporally ordered variables
represent direct causal effects, and the absence
of an arrow indicates there is no causal effect.
In Figure 1A, neighborhood selection is

affected by prior time-varying covariates, and
neighborhood context in turn affects future
time-varying factors. Exposure to neighbor-
hood disadvantage at each wave, then, has a
direct effect on high school graduation and
also an indirect effect that operates through
future levels of observed time-varying covari-
ates. Note that we permit the existence of
unobserved factors that directly affect time-
varying covariates and the outcome but do
not affect treatment.® In other words, there is
no unobserved confounding of treatment, and
following from Equation 3, the causal effect
of any neighborhood exposure trajectory on
high school graduation is therefore identifi-
able from the observed data.

Given this set of relationships, suppose that
our goal is to estimate the effect of duration-
weighted exposure to neighborhood disadvan-
tage on high school graduation. The problem
with conventional regression models is their
inability to properly handle time-varying con-
founders affected by past treatment, specifi-
cally, L. As Figure 1B highlights, L is a
confounder of treatment at wave k£ =2 and thus
must be controlled for. However, conditioning
onL, in a conventional regression model (i.e.,
including L as a regressor) creates two distinct
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problems. First, Figure 1C shows that time-
varying confounders measured at the second
follow-up wave, L , are on the causal pathway
from past treatment, 4,to high school gradua-
tion, Y. Thus, conditioning on L ) will remove
from our treatment-effect estimate the indirect
effect of past treatment, which operates through
future time-varying factors. The neighbor-
hood-effects literature refers to this problem as
over-control of indirect pathways (see Samp-
son et al. 2002). Figure 1D depicts the second
problem with regression adjustments for time-
varying confounders: L_ is a “collider” varia-
ble; thatis, ) is a common effect of unobserved
factors, U, and prior exposure status, 4. Con-
ditioning on a collider necessarily induces an
association between its common causes, in this
case, unobserved factors and prior treatment,
as illustrated by the dashed arrow in Figure 1D
(Pearl 1995, 2000). Because unobserved fac-
tors also affect high school graduation, condi-
tioning on L , creates a new biasing path for the
effect of past treatment. This problem is called
collider-stratification bias in the literature on
causal inference (see Greenland 2003).

This two-wave example demonstrates that
conventional regression models cannot con-
sistently estimate effects of a time-varying
treatment when time-varying confounders are
affected by past treatments, even if there is no
unobserved confounding (i.e., no direct arrow
from U into A4 k) In this situation, both an
unadjusted regression model that does not
condition on time-varying confounders and
an adjusted regression model that does condi-
tion on these factors yield biased estimates of
the desired treatment effect. Alternative meth-
ods are thus needed to adjust for dynamic
neighborhood selection.

Estimation Using Inverse Probability
of Treatment Weights

Inverse probability of treatment (IPT) weight-
ing is an alternative approach specifically
developed to adjust for confounding by time-
varying covariates (Robins 1999; Robins
et al. 2000).° This method has important
advantages over conventional regression

models because it resolves the problems out-
lined in the previous section without making
additional assumptions about the dynamic
selection process. Intuitively, the method
involves weighting observations to generate a
pseudo-population in which treatment is no
longer confounded by measured covariates.
An unadjusted model for the observed out-
come can then be fit to the weighted pseudo-
population to obtain unbiased and consistent
treatment-effect estimates under assumptions
described below.

The IPT weight for the ith child is given by

K 1

" Hk:] P(4, =a, |Zk—1 = a(k—l)i’zk = Za) ()

The denominator of the weight is the proba-
bility that a child was exposed to her actual
neighborhood quintile at wave & conditional
on past treatment and confounders. At each
wave, IPT weighting “balances” treatment
assignment across prior confounders by giv-
ing more (or less) weight to children with
covariate histories that are underrepresented
(or overrepresented) in their current treatment
group. Figure 2 illustrates the effect of weight-
ing by w, in our simplified two-wave exam-
ple. In the weighted pseudo-population,
treatment at each wave is independent of
prior confounders; that is, exposure to differ-
ent neighborhood contexts behaves as if it
were sequentially randomized with respect to
prior observed covariates. Conditioning on
confounder history, therefore, is no longer
necessary, and an unadjusted model for the
observed outcome can be fit to the weighted
observations to estimate the treatment effects
of interest.

In practice, the weights defined in Equa-
tion 4 yield imprecise effect estimates with
non-normal sampling distributions. To
improve the formal properties of our esti-
mates, we use stabilized IPT weights,

- _HK P4, =a, ‘qu :a(k—l)i’LO :lo)
' k:]P(Ak:aki“Zk—1:7 L :Zci)’

Aie_nyio Ly

)

which are less variable than w, and are centered
around 1. Estimates based on stabilized
IPT weights have smaller variance and an
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Observed data

U \‘\ IPT weights
L, //“\ B /14—2\ v > L]

Weighted pseudo-population

S~

Figure 2. Causal Graphs for the Effect of Weighting by the Inverse Probability of Treatment

(IPT)

Note: Ak = neighborhood context, Lk = observed time-varying confounders, U = unobserved factors, Y =

outcome.

approximately normal sampling distribution
(Hernan, Brumback, and Robins 2002; Robins
et al. 2000). Because confounders measured at
baseline are included in both the numerator
and denominator of the stabilized weight, the
outcome model fit to the weighted pseudo-
population must condition on these factors to
obtain unbiased estimates of the desired treat-
ment effects. Note that regression adjustments
for baseline covariates do not suffer the limita-
tions described in the previous section.
Because the true IPT weights are unknown,
they must be estimated from the data. We
estimate the denominator in Equation 5 from
an ordinal logistic regression model for the
probability of exposure to different levels of
neighborhood disadvantage. Specifically, the
probability of treatment at each wave is mod-
eled as a function of treatment status at wave
k-1, covariates measured at baseline (includ-
ing baseline treatment status), time-varying
covariates measured at wave k and wave k —
1, and a flexible dummy specification for
birth year and age. We also include interac-
tions between measures of marital status and
employment status at waves k£ and £ — 1 to
permit unique effects for recent divorce and
job loss on neighborhood selection. We com-
pute treatment probabilities in the numerator
of the stabilized weight from a constrained
version of the denominator model that
excludes time-varying covariates. We esti-
mate all models separately by race because
prior research on spatial attainment suggests
that neighborhood selection processes differ

for blacks and nonblacks (Charles 2003; Ice-
land and Scopilliti 2008; Massey and Denton
1993; South and Deane 1993)."° Part B of the
online supplement reports coefficient esti-
mates from the treatment models.

To demonstrate the importance of using
methods that can properly adjust for dynamic
neighborhood selection, we compute unad-
justed, regression-adjusted, and stabilized IPT-
weighted estimates for the effect of
duration-weighted exposure to neighborhood
disadvantage on high school graduation, sepa-
rately by race. Unadjusted estimates come from
conventional logit models fit to the observed
data in which the probability of high school
graduation is a function of only duration-
weighted exposure to neighborhood disadvan-
tage. The regression-adjusted estimates are from
logit models that condition on duration-weighted
exposure, baseline covariates, and time-varying
covariates averaged over ages 2 to 17 years.
Stabilized [PT-weighted estimates are based on
logit models of high school graduation fit to the
weighted pseudo-population. We use Huber-
White robust standard errors to account for
clustering of siblings within families."

The IPT-weighted estimator is unbiased and
consistent under assumptions of no unmeas-
ured confounders, no model misspecification,
and positivity (i.e., there is a nonzero probabil-
ity of treatment for every level and combina-
tion of confounders) (Cole and Hernan 2008;
Robins et al. 2000). These are strong assump-
tions, but they are the same assumptions
required to make causal inferences about
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time-varying treatments using conventional
regression methods. Regression-adjusted esti-
mators, however, require the additional
assumption that observed time-varying con-
founders are not affected by past treatment.
This assumption, which is untenable in neigh-
borhood-effects research, is not necessary
when estimating MSMs using IPT weights.

Sample Attrition

In our analytic sample, some children drop
out of the PSID before age 20 and are said to
be lost to follow-up. Of the 4,154 children
present at baseline, 2,093 remain in the study
continuously until age 20. To correct for
potential nonrandom attrition, we use stabi-
lized weights analogous to those derived for
selection into treatment, but now the weights
adjust for the differential probability of
remaining in the study through the end of
follow-up (Robins et al. 2000). Let C, be a
binary variable equal to 1 if a child drops out
of the study at wave k and 0 otherwise. The
stabilized weight that adjusts for nonrandom
attrition based on observed covariates is
given by
¢ P(C,=0|C,_ =0,
o :HHP(Q =0/C,,=0,4_-a

where C, = 0 denotes that a subject remained
in the study through wave k — 1. Similar to
IPT weights, we estimate stabilized attrition
weights from logistic regression models for
the probability of leaving the study at each
follow-up wave (results not shown). The
effect estimates reported below are computed
exactly as outlined above, except we weight
observations by the product of the stabilized
IPT weight and the stabilized attrition weight
(ew, x SWi).

RESULTS

Sample Characteristics

Tables 1 and 2 display descriptive statistics
for the time-invariant and time-varying
covariates used in this analysis. A comparison

between black and nonblack children reveals
considerable racial differences: on the major-
ity of measured characteristics, black children
were substantially more disadvantaged than
nonblack children. Black children were more
likely than nonblack children to be part of a
family unit in which the head was unmarried,
unemployed, and worked fewer than 40 hours
per week. The average black child also lived
in a family with lower income and a greater
number of family members.

Perhaps the most staggering disparity
between black and nonblack children is their
different rates of exposure to disadvantaged
neighborhoods. For example, among blacks,
68.71 percent lived in the most disadvantaged
quintile of neighborhoods at age 10, while a
mere 3.60 percent lived in the least disadvan-
taged neighborhoods. By contrast, only 14.93
percent of nonblack children lived in the most
disadvantaged neighborhoods at age 10, and
19.14 percent lived in the least disadvantaged
neighborhoods. Moreover, the extreme dis-
parities in the types of neighborhoods to
which black and nonblack children were
exposed widened over the early life course.
Although racial differences in exposure to the
most disadvantaged neighborhoods narrowed
slightly between ages 1 and 17 years, the pro-
portion of nonblacks who lived in the least
disadvantaged neighborhoods increased sub-
stantially, from 13.34 to 20.65 percent, while,
over the same time period, the proportion of
blacks who lived in these neighborhoods
remained virtually constant at about 3.50
percent.

Longitudinal Neighborhood
Exposure Patterns

Table 3 describes long-term exposure to dif-
ferent levels of neighborhood disadvantage
throughout childhood, demonstrating the het-
erogeneity in neighborhood environments
across and within children over time. The first
panel in Table 3 presents descriptive statistics
for our independent variable, duration-weighted
exposure to neighborhood disadvantage.
This measure is the average of ordinal
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Table 1. Time-Invariant Sample Characteristics

Blacks Nonblacks

Variable (n=834) (n=1,259)
High school graduation, percent

Did not graduate high school 23.38 11.60

Graduated high school 76.62 88.40
Gender, percent

Male 52.04 50.99

Female 47.96 49.01
Birth weight, percent

5.5 lbs or more 90.77 94.52

Less than 5.5 lbs 9.23 5.48
Mother’s marital status at birth, percent

Unmarried 41.97 5.56

Married 58.03 94.44
FU head’s education, percent

Less than high school 55.28 22.72

High school graduate 26.26 26.29

At least some college 18.46 50.99
Mother’s age at birth, mean 24.34 26.12

Note: FU = family unit. Statistics reported for children not lost to follow-up before age 20 (first

imputation dataset).

wave-specific treatments from age 2 to 17
years; higher values represent sustained expo-
sure to more disadvantaged neighborhoods,
and lower values indicate long-term residence
in less disadvantaged neighborhoods. Black
and nonblack children had starkly different
cumulative exposure patterns. About 65 per-
cent of black children were exposed to a
sequence of neighborhoods during childhood
that were, on average, extremely disadvan-
taged. Less than 1 percent of blacks experi-
enced long-term exposure to the least
disadvantaged neighborhoods. By contrast,
among nonblack children, only 8.74 percent
spent the majority of their childhood in the
most disadvantaged neighborhoods, and about
12 percent were continuously exposed to the
least disadvantaged neighborhoods. Black
children, therefore, were about seven times
more likely than nonblack children to experi-
ence long-term residence in the most disad-
vantaged 20 percent of American
neighborhoods. The lower panel of Table 3
describes the number of moves between

neighborhoods in different quintiles of the
composite disadvantage index (i.e., the num-
ber of times a subject moved between levels of
the ordinal treatment). Only 37.53 percent of
blacks and 16.52 percent of nonblacks never
moved between neighborhood quintiles
throughout the early life course; 29.86 and
44.24 percent of blacks and nonblacks, respec-
tively, moved between different neighborhood
contexts at least three times. These data thus
reveal frequent neighborhood mobility.

Two substantive findings emerge from our
descriptive analysis of longitudinal patterns of
exposure to different neighborhood contexts.
First, the racial disparity in long-term exposure
to the most disadvantaged neighborhoods is
more pronounced than the cross-sectional racial
disparities in neighborhood environments
observed at any given age. Second, for both
blacks and nonblacks, neighborhood context
appears to be a fairly transient ecological set-
ting, with many families moving between
different neighborhood environments (see
also Briggs and Keys 2009; Quillian 2003;
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Table 2. Time-Dependent Sample Characteristics

Blacks (n = 834) Nonblacks (n = 1,259)

Variable Age1l Age10 Age17 Agel Agel0 Agel7
NH disadvantage index, percent

1st quintile 3.48 3.60 3.48 13.34 19.14 20.65

2nd quintile 3.24 3.72 6.00 19.46 18.67 21.84

3rd quintile 5.28 5.88 7.79 26.13 23.27 22.48

4th quintile 14.87 18.11 18.47 26.13 23.99 21.13

5th quintile 73.14 68.71 64.27 14.93 14.93 13.90
FU head’s marital status, percent

Unmarried 33.93 44.84 52.04 5.88 11.36 15.09

Married 66.07 55.16 47.96 94.12 88.64 84.91
FU head’s employment status, percent

Unemployed 27.22 32.61 33.09 8.10 8.02 9.69

Employed 72.78 67.39 66.91 91.90 91.98 90.31
Public assistance receipt, percent

Did not receive AFDC 81.06 75.66 82.37 96.27 96.19 97.93

Received AFDC 18.94 24.34 17.63 3.73 3.81 2.07
Homeownership, percent

Do not own home 69.66 53.48 50.12 40.19 22.32 20.73

Own home 30.34 46.52 49.88 59.81 77.68 79.27
FU income in $1,000s, mean 19.68 25.04 27.45 32.59 46.65 57.50
FU head’s work hours, mean 30.08 26.82 27.51 42.65 40.84 40.68
FU size, mean 5.75 5.32 4.81 4.22 4.69 4.33
Cum. residential moves, mean .32 2.48 3.64 .32 2.16 3.02

Note: NH = neighborhood; FU = family unit. Statistics reported for children not lost to follow-up before
age 20 (first imputation dataset).

Table 3. Exposure to Neighborhood Disadvantage from Age 2 to 17 Years

Blacks Nonblacks

Variable (n=834) (n=1,259)
Duration-weighted exposure to NH disadvantage, percent

1.0 to 1.4 (least disadvantaged NHs) .84 12.31

1.5to02.4 2.64 20.57

2.5t03.4 6.24 30.26

3.5t0 4.4 24.82 28.12

4.5 to 5.0 (most disadvantaged NHs) 65.47 8.74
Number of moves between exposure levels, percent

0 37.53 16.52

1 12.83 22.40

2 19.78 16.84

3+ 29.86 44.24

Note: NH = neighborhood. Statistics reported for children not lost to follow-up before age 20 (first
imputation dataset). NH disadvantage quintiles are based on distribution of the NH disadvantage index
across all U.S. census tracts between 1970 and 2000.
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Table 4. Stabilized Treatment and Attrition Weights

Percentiles
Weight Mean SD 1st 25th 75th 99th
Blacks (n = 834)
Stabilized treatment weight (SW) 1.03 .58 .27 .73 1.18 4.62
Stabilized attrition weight (CW) 1.00 12 .76 .92 1.06 1.44
SW x CW 1.04 .61 .26 71 1.18 4.80
Nonblacks (n = 1,259)
Stabilized treatment weight (SW) 1.00 .31 .32 .84 1.10 2.54
Stabilized attrition weight (CW) 1.00 .14 71 .93 1.03 1.70
SW x CW 1.00 .37 .32 .81 1.10 3.00

Note: Statistics reported for children not lost to follow-up before age 20 (first imputation dataset).

Table 5. Effects of Duration-Weighted Exposure to Neighborhood Disadvantage on High

School Graduation (log odds ratios)

Blacks (n = 834)

Nonblacks (n = 1,259)

Model Coef SE Coef SE

Unadjusted -.703 (.170) sokk -.581 (.109) ok
Regression-adjusted -.416 (.196) ® -.212 (.125)

Stabilized IPT-weighted -.525 (.190) ok -.274 (.128) *

Note: Analyses based on children not lost to follow-up before age 20. Coefficients and standard errors
are combined estimates from five multiple imputation datasets.
*p <.05; **p <.01; ***p <.001 (two-sided tests of no effect).

Timberlake 2007). This dynamic neighborhood
selection demonstrates the need for IPT-
weighted estimation.

Weights

Table 4 shows descriptive statistics for the
stabilized IPT weights, attrition weights, and
final weights, separately by race. Stabilized
IPT weights adjust for selection into different
neighborhoods across time based on observed
time-varying covariates. We estimate them
from the ordinal logistic regression models of
treatment status at each wave &, reported in
Part B of the online supplement. The treatment
weights are well-behaved—centered around 1
and not highly variable. We also compute sta-
bilized attrition weights to adjust for nonran-
dom loss to follow-up. These weights exhibit
desirable properties with observed means close

to 1 and small variance. The product of the
stabilized IPT weight and the stabilized attri-
tion weight give the final weight used to com-
pute neighborhood-effect estimates. Weights
are truncated at the 1st and 99th percentiles to
improve efficiency and avoid disproportionate
influence from outlying observations (Cole
and Hernan 2008; Sharkey and Elwert 2011).

Neighborhood Effect Estimates

Table 5 shows unadjusted, conventional regres-
sion-adjusted, and stabilized IPT-weighted esti-
mates for the effect of duration-weighted
exposure to different neighborhood contexts on
the probability of high school graduation. The
unadjusted logit estimates suggest that long-
term exposure to disadvantaged neighborhoods
is strongly and negatively related to high school
graduation for black (6= -.703, p <.001) and
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nonblack (6= —581, p < .001) children."
Specifically, the unadjusted point estimates
indicate that long-term exposure to neighbor-
hoods in quintile ¢ of the composite disadvan-
tage distribution, rather than neighborhoods
in the less disadvantaged quintile ¢ — 1, is asso-
ciated with about 50 percent lower odds of
graduation for blacks (exp(—.703) = .495) and
about 45 percent lower odds for nonblacks (exp
(=.581) = .559). These estimates are biased,
however, because they do not adjust for nonran-
dom selection into different neighborhood
contexts.

The next set of results comes from con-
ventional logit models that condition on
duration-weighted exposure, all covariates
measured at baseline, and time-varying
covariates averaged over ages 2 to 17 years.
These adjustments substantially reduce the
estimated effect of long-term exposure
to neighborhood disadvantage for blacks
(6] = —416, p = .034) and nonblacks (6=
—212, p = .091). The problem with these
estimates is that the models from which they
are derived include time-varying covariates
as regressors. Because neighborhood effects
are likely mediated by time-varying charac-
teristics of the family, these regression-
adjusted estimates are biased due to
over-control of indirect pathways and col-
lider stratification.

The stabilized IPT-weighted estimates come
from logit models for high school graduation fit
to the weighted pseudo-population in which
neighborhood exposure status at each wave is
independent of prior time-varying covariates.
Regression-adjusted and  stabilized IPT-
weighted estimates differ only in the way they
adjust for confounding by time-varying factors.
Under assumptions of no unmeasured con-
founders, no model misspecification, and posi-
tivity, IPT weighting—but not conventional
regression—provides unbiased estimates of
average causal effects. The stabilized IPT-
weighted estimates indicate that living in a
more disadvantaged neighborhood throughout
childhood has a substantial negative effect on
the chances of high school graduation among
blacks (6" = —.525, p = .006) and nonblacks

(6= —274, p = .033). For blacks, sustained
exposure to the most disadvantaged quintile of
neighborhoods between ages 2 and 17 years,
compared to residence, on average, in 3rd-
quintile neighborhoods, reduces the odds of
high school graduation by about 65 percent
(exp((5 — 3)%x(—.525)) = .350). For nonblacks,
these estimates indicate that long-term expo-
sure to the most disadvantaged neighborhoods
reduces the odds of high school graduation by
about 40 percent, compared to residence,
on average, in 3rd-quintile neighborhoods
(exp((5 — 3) x (—274)) = .578). Compared to
growing up in the least disadvantaged quintile
of neighborhoods, sustained exposure to the
most disadvantaged neighborhoods reduces
the odds of high school graduation by nearly
90 percent for blacks (exp((5 — 1) x (-.525)) =
.122) and by about 70 percent for nonblacks
(exp((5 — 1) x (=274)) = .334). Stabilized
IPT-weighted estimates for the effect of
duration-weighted exposure to neighborhood
disadvantage on high school graduation are
substantially larger than corresponding esti-
mates from conventional regression models."

Figure 3 displays predicted probabilities of
high school graduation by neighborhood
exposure history. We computed these proba-
bilities from the stabilized IPT-weighted esti-
mates with baseline covariates set to their
race-specific means. The graph describes how
the probability of high school graduation
would be expected to change if children had
experienced one neighborhood exposure
sequence compared to another. Estimates
indicate that if black children had been con-
tinuously exposed to the least disadvantaged
quintile of neighborhoods from age 2 to 17
years, about 96 percent would have graduated
from high school by age 20. If the same popu-
lation of black children had been exposed to
the most disadvantaged neighborhoods in the
United States for an extended period, only an
estimated 76 percent would have graduated.
Among nonblack children, an estimated 95
percent would have graduated from high
school if they had been exposed to the least
disadvantaged neighborhoods throughout the
early life course, compared with 87 percent if
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they had grown up in the most disadvantaged
neighborhoods.

IPT weighting allows for improved adjust-
ment of observed confounding when risk fac-
tors for selection into different neighborhood
contexts are also intermediate variables. Even
though IPT-weighted estimation avoids prob-
lems associated with conditioning on observed
time-varying confounders, selection bias may
still occur if unobserved factors simultane-
ously affect decisions about where to live and
the chances that a child graduates from high
school. The assumption of no unobserved
confounding is not testable with observed
data, but we address this challenge by adjust-
ing for an extensive set of observed covari-
ates. A second threat to the validity of causal
inferences based on IPT-weighted estimates is
the possibility that treatment models are mis-
specified. Extensive experimentation with
different specifications, however, indicates

that our effect estimates are remarkably
robust—estimated  neighborhood effects
hardly change across 14 different treatment
model specifications and remain statistically
significant (see Table S4 in Part C of the
online supplement). Related to correct model
specification, IPT weighting also requires a
positive probability of treatment for every
level and combination of prior confounders.
Because the United States does not formally
restrict neighborhood choice based on eco-
nomic or demographic characteristics, there
is no reason to expect zero treatment proba-
bilities in subgroups of children defined by
their confounder history, except for the inher-
ent limitations of sampling. Descriptive anal-
yses of the empirical treatment distribution
indicate that all exposure categories occur
with positive probability across levels of sev-
eral key confounders (see Tables S5 and S6 in
Part C of the online supplement).
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DISCUSSION

The consequences of growing up in disadvan-
taged neighborhoods are central to the study
of social stratification. However, despite con-
siderable theoretical motivation for the
importance of long-term exposure and
dynamic selection, past studies of neighbor-
hood effects have neglected to take proper
account of the duration for which children
live in different neighborhood contexts, as
well as the complex processes of selection,
exposure, and feedback that link the neigh-
borhood environment to children’s develop-
mental outcomes. This study addresses the
paucity of research on neighborhood effects
within a temporal framework, using counter-
factual models for time-varying treatments
and estimating the impact of exposure to dif-
ferent neighborhood contexts throughout
childhood on the chances of high school
graduation.

Our results indicate that sustained expo-
sure to disadvantaged neighborhoods—char-
acterized by high poverty, unemployment,
and welfare receipt; many female-headed
households; and few well-educated adults—
throughout the entire childhood life course
has a devastating impact on the chances of
graduating from high school. Effect estimates
presented in this study suggest a more sub-
stantial influence for neighborhood context
than do estimates reported in prior research
(e.g., Brooks-Gunn et al. 1993; Crane 1991;
Ginther et al. 2000; Harding 2003). For exam-
ple, Harding (2003) reports propensity score
matching estimates from the PSID indicating
that exposure to high-poverty neighborhoods
(greater than 20 percent poverty) during ado-
lescence, compared to living in low-poverty
neighborhoods (less than 10 percent poverty),
reduces the odds of high school graduation by
about 50 percent for blacks and nonblacks.
Brooks-Gunn and colleagues (1993), also
using PSID data, provide regression-adjusted
estimates based on point-in-time measures of
neighborhood context that suggest that mov-
ing from a less disadvantaged neighborhood
(5 percent with incomes less than $10,000, 60

percent with incomes greater than $30,000) to
a more disadvantaged neighborhood (30 per-
cent with incomes less than $10,000, 10 per-
cent with incomes greater than $30,000) is
associated with only 4 percent lower odds of
high school graduation for blacks and 30 per-
cent lower odds for nonblacks. By contrast,
similar comparisons based on IPT-weighted
estimates reported here indicate that sustained
exposure to disadvantaged neighborhoods is
associated with about an 80 percent decrease
in the odds of high school graduation for
blacks (exp((5 — 2) x (=.525)) = .207) and
close to a 60 percent decrease for nonblacks
(exp((5 —2) x (=.274)) = .439).

Our results exceed previous estimates for
two main reasons. First, this study accounts
for duration of exposure to different neighbor-
hood contexts. Previous research is frequently
criticized for measuring neighborhood charac-
teristics at a single point in time and implicitly
viewing these conditions as permanent rather
than temporary traits (Clampet-Lundquist and
Massey 2008; Quillian 2003; Timberlake
2007). If families live in disadvantaged neigh-
borhoods at one time but reside in advantaged
neighborhoods otherwise, or vice versa, then
measuring neighborhood context only once
will understate the full impact of extended
exposure. By measuring neighborhood con-
text repeatedly throughout childhood, we are
able to isolate the total effect of sustained
exposure. Second, this study draws on novel
methods that were specifically developed to
resolve the difficult statistical problems related
to dynamic selection into time-varying treat-
ments. Estimating duration-dependent effects
of exposure to different neighborhood con-
texts is challenging because moving decisions
are affected by time-varying characteristics
that are endogenous to previous neighborhood
conditions. In this situation, regression esti-
mators are biased. [PT weighting, by contrast,
can properly adjust for dynamic neighborhood
selection and therefore provide unbiased and
consistent estimates of longitudinal neighbor-
hood effects under assumptions that are, in
fact, weaker than those required for conven-
tional regression. Scholars can use these



732

American Sociological Review 76(5)

methods to analyze effects of other social
contexts, such as firms, organizations, or
schools, in which mobility is frequent and
putative confounders are time-varying.

Evidence presented in this study suggests
that a temporal framework is crucial for
understanding neighborhood effects on chil-
dren’s educational outcomes. Most past
research focuses on contemporaneous effects
of neighborhood disadvantage and does not
capture the cumulative impact of growing up
in America’s most disadvantaged communi-
ties. This cumulative effect is more consistent
with Wilson’s (1987) foundational arguments
regarding the consequences of spatially con-
centrated poverty, which motivate nearly all
recent studies of neighborhood effects. Our
results demonstrate the importance of the
neighborhood environment throughout child-
hood for one educational outcome, high
school graduation. These findings resonate
with evidence from several studies suggesting
that residence in disadvantaged neighbor-
hoods may affect children’s cognitive devel-
opment years, or even generations, later
(Sampson et al. 2008; Sharkey and Elwert
2011). This emerging body of research indi-
cates that the developmental impact of neigh-
borhoods should be studied as a longitudinal
process (Crowder and South 2011; Quillian
2003; Sampson et al. 2008; Sharkey and
Elwert 2011).

Another important implication of the pre-
sent study is that family background and
neighborhood context affect children through a
complex time-dependent process of selection,
exposure, and feedback. We argue that family
characteristics linked to children’s educational
attainment, such as parental marital status and
family income, are not only important determi-
nants of where a family lives but are also
affected by neighborhood conditions in the
past. The difference between our regression-
adjusted and IPT-weighted estimates provides
evidence that measured time-varying charac-
teristics of the family mediate the effect of
neighborhood context on educational attain-
ment: the stabilized [PT-weighted estimates
are larger than estimates from conventional

regression models because they do not “con-
trol away” indirect effects mediated by family
characteristics. This finding suggests a revised
interpretation of claims that family environ-
ment is a more important determinant of child
development than is neighborhood context
(e.g., Leventhal and Brooks-Gunn 2000).
Because family characteristics are partly the
result of past neighborhood conditions, it is
misleading to contrast the neighborhood and
family as independent, competing determi-
nants of children’s outcomes; rather, neighbor-
hood effects operate in part through family
effects (Sharkey and Elwert 2011).

Results presented here extend past research
by demonstrating the importance of duration
of exposure as well as the time-varying selec-
tion and feedback mechanisms that structure
neighborhood effects on child development.
For a more complete understanding of how
the neighborhood environment affects youth,
future research should account for the different
environments children experience throughout
the entire course of development, as well as
the dynamic selection processes that influ-
ence time-varying exposure patterns. Another
important direction for future research on the
temporal dimension of neighborhood effects
is to investigate the specific mechanisms,
including social and cultural isolation, violent
crime, social cohesion, institutional resources,
school quality, and environmental health haz-
ards, through which disadvantaged neighbor-
hoods affect parents and their children over
time. The connection between neighborhood
context and school quality, in particular,
deserves greater attention. Although adjudi-
cating between different theories of neighbor-
hood effects is beyond the scope of this study,
the conceptual and methodological approach
developed here can provide a useful framework
for investigating neighborhood mechanisms.

The severe educational impact of sustained
exposure to disadvantaged neighborhoods
illustrates the negative effects of growing up in
communities that have suffered decades of
structural neglect. The consequences of long-
term exposure to disadvantaged neighbor-
hoods documented in this study suggest that
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neighborhood-effects research is essential to
understanding the reproduction of poverty.
While the present study does not speak to the
efficacy of specific policy interventions, which
must be evaluated on their own terms, it seems
likely that a lasting commitment to neighbor-
hood improvement and income desegregation
would be necessary to resolve the problems
identified here. Absent more enduring struc-
tural changes, concentrated neighborhood pov-
erty will likely continue to hamper the
development of future generations of children.
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Notes

1. A subject is lost to follow-up at wave £ if their FU
does not respond to the PSID at wave k. Subjects
who leave the PSID at wave £ but return to the study
several years later are considered permanently lost
to follow-up at wave £.

2. Due to measurement limitations in the PSID, sample
members who earned a general equivalency degree
by age 20 are coded as high school graduates.

3. Principal component analysis of the seven tract
characteristics reveals a single component repre-
senting  neighborhood  disadvantage.  The
disadvantage score for each tract-year observation
is equal to the first principal component from a
pooled analysis using all tract-years between 1968

10.

11.

and 2000. Table S1 in the online supplement (http://
asr.sagepub.com/supplemental) reports component
weights and correlations with each tract characteris-
tic. Table S2 provides descriptive statistics for
census tracts in each quintile of the composite dis-
advantage distribution.

Results from analyses using a binary measure of
neighborhood disadvantage (not shown, available
upon request) are similar to those based on the five-
level ordinal measure. The ordinal treatment variable
is preferred because it retains more information
about neighborhood context, allows for more flexible
contrasts between different exposure trajectories, and
attenuates certain technical problems associated with
dichotomization, such as loss of statistical power.
The PSID does not measure parental education at
regular intervals, which limits our ability to track
changes over time. We therefore treat parental edu-
cation as time-invariant and use measurements of
this factor taken at baseline or, short of that, the
most recent measurement prior to baseline.
Multiple imputation replaces missing data with m >
1 values that are simulated from an imputation
model. Each of the m complete datasets are then
analyzed separately, and the results are combined to
produce estimates and standard errors that account
for the uncertainty associated with missing infor-
mation (Little and Rubin 2002; Rubin 1987). We
use m = 5 datasets with simulated missing values
from multiple imputation by chained equations
(Royston 2005). Neighborhood effect estimates are
based on combined results from these five datasets;
for simplicity, we report descriptive statistics for
only the first imputed dataset.

MSMs that relax the linearity assumption in Equation
2 by including quadratic and cubic terms for duration-
weighted exposure to neighborhood disadvantage
provide no evidence of nonlinearity in the treatment-
outcome relationship. None of the higher-order
polynomial terms in these models are statistically sig-
nificant. In addition, we fit models that allow the effect
of duration-weighted exposure to differ between
childhood (ages 2 to 11 years) and adolescence (ages
12 to 17 years). There is no conclusive evidence of
effect heterogeneity by developmental stage.

The assumption of no unobserved confounding of
treatment does not preclude the existence of unob-
served factors that affect time-varying covariates
and the outcome.

For other applications of MSMs and IPT weighting in
the social sciences, see Barber, Murphy, and Ver-
bitsky 2004; Hong and Raudenbush 2008; Sampson,
Laub, and Wimer 2006; Sampson et al. 2008; Sharkey
and Elwert 2011; and Sharkey and Sampson 2010.
Estimating separate models by race is equivalent to
fitting a pooled model that includes interactions
between race and all other covariates.

Robust standard errors such as those computed here
are conservative (i.e., too large) because they do not
account for the fact that the IPT weights are estimated
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(Robins, Rotnitzky, and Scharfstein 1999). Conserva-
tive standard errors make rejecting the null hypothesis
of no treatment effect more difficult, and thus provide
for more exacting tests at given levels of statistical
significance.

12. We use superscripts on the theta parameters to dis-
tinguish the estimand defined in Equation 2 from the
different realized estimates reported in this section.

13.  Conventional logit models for high school graduation
that use point-in-time measurements of neighborhood
exposure status (at age 14) yield estimates that are
even smaller than those reported here (results not
shown, available upon request). These models repli-
cate the analytic strategy most often used in prior
research and thus provide further evidence that past
studies severely underestimate the effect of sustained
exposure to neighborhood disadvantage.
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living in high-poverty housing projects subsidized housing vouchers to move to
lower-poverty neighborhoods in the mid-1990s. The MTO experiment generated
large differences in neighborhood environments for comparable families, providing
an opportunity to evaluate the causal effects of improving neighborhood environ-
ments for low-income families (Ludwig et al. 2013).

Previous research evaluating the MTO experiment has found that moving to
lower-poverty areas greatly improved the mental health, physical health, and sub-
jective well being of adults as well as family safety (e.g., Katz, Kling, and Liebman
2001; Kling, Liebman, and Katz 2007; Clampet-Lundquist and Massey 2008;
Ludwig et al. 2013). But these studies have consistently found that the MTO treat-
ments had no significant impacts on the earnings and employment rates of adults
and older youth, suggesting that neighborhood environments might be less import-
ant for economic success.

In this paper, we revisit the MTO experiment and focus on its long-term impacts
on children who were young when their families moved to better neighborhoods.
Our analysis is motivated by recent evidence that the amount of time individuals
spend in a given neighborhood during their childhood is a key determinant of that
neighborhood’s effects on their long-term outcomes.? Crowder and South (2011)
and Wodtke, Harding, and Elwert (2011) show that the fraction of childhood spent
in high-poverty areas is negatively correlated with outcomes such as high school
completion. Chetty and Hendren (2015) study more than five million families that
move across areas and find that neighborhoods have causal exposure effects on chil-
dren’s outcomes using quasi-experimental methods. In particular, every year spent
in a better area during childhood increases college attendance rates and earnings in
adulthood, so the gains from moving to a better area are larger for children who are
younger at the time of the move.

In light of this evidence on childhood exposure effects, we test two hypotheses in
the MTO data. First, we hypothesize that moving to a lower-poverty area improves
long-term economic outcomes for children who were young at the point of ran-
dom assignment (RA). Second, we hypothesize that the gains from moving to a
lower-poverty area decline with a child’s age at move. Prior work has not been able
to study these issues because the younger children in the MTO experiment are only
now old enough to be entering the adult labor market. We present new evidence on
the impacts of MTO on children’s earnings, college attendance rates, and other out-
comes in adulthood by linking the MTO data to federal income tax returns.

The MTO experiment was conducted between 1994 and 1998 in five large US
cities. The experimental sample included 4,604 families, who were randomly
assigned to one of three groups: an experimental voucher group that was offered a
subsidized housing voucher that came with a requirement to move to a census tract
with a poverty rate below 10 percent, a Section 8 voucher group that was offered a
standard subsidized housing voucher with no additional contingencies, and a control
group that was not offered a voucher (but retained access to public housing).

2The idea that the length of exposure to neighborhoods might matter has been recognized since Wilson (1987)
and Jencks and Mayer (1990). Importantly, we focus here on exposure effects during childhood; as we discuss
below, we find no evidence of exposure effects for adults.
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We begin our analysis by evaluating the impacts of MTO on young children,
whom we define in our baseline analysis as those below age 13 at RA." These chil-
dren are eight years old on average at RA. Among these children, 48 percent of those
in the experimental voucher group took up the voucher to move to a low-poverty
area, while 66 percent of those in the Section 8 group took up the vouchers they
were offered. Children growing up in the three groups experienced very different
childhood environments. On average from the date of RA until age 18, children
below age 13 at RA in the control group lived in census tracts with a mean poverty
rate of 41 percent. Children whose families took up the experimental voucher lived
in census tracts with 22 percentage point lower poverty rates than those in the con-
trol group on average until age 18. Those who took up the Section 8 voucher lived
in census tracts with 12 percentage point lower poverty rates than the control group.

We estimate the treatment effects of growing up in these very different envi-
ronments by replicating the intent-to-treat (ITT) specifications used in prior work
(e.g., Kling, Liebman, and Katz 2007), regressing outcomes in adulthood on indi-
cators for assignment to each of the treatment arms. We find that assignment to the
experimental voucher group led to significant improvements on a broad spectrum
of outcomes in adulthood for children who were less than age 13 at RA. Children
assigned to the experimental voucher group before they turned 13 have incomes
that are $1,624 higher on average relative to the control group in their mid-twenties
(p < 0.05). Given the experimental voucher take-up rate of 48 percent, this trans-
lates to a treatment-on-the-treated (TOT) estimate for those who took up the exper-
imental voucher of $3,477, a 31 percent increase relative to the control group mean
of $11,270. Children assigned to the experimental voucher group before they turn
13 are also significantly more likely to attend college and attend better colleges.
The ITT effect on college attendance between the ages of 18-20 is a 2.5 percentage
point (16 percent) increase relative to the control group mean attendance rate of 16.5
percent. Finally, children assigned to the experimental voucher group before age 13
also live in lower-poverty neighborhoods themselves as adults and are less likely to
be single parents themselves (for females)."

Children whose families were assigned to the Section 8 voucher group before
they turned 13 generally have mean outcomes between the control and experimental
group means. For example, the TOT estimate for individual income is $1,723 for
the Section 8 voucher relative to the control among children below age 13 at RA.
This impact is 50 percent of the TOT estimate for the experimental voucher, which
is consistent with the fact that the Section 8 voucher reduced mean neighborhood
poverty rates by approximately half as much as the experimental voucher for those
who took up the vouchers. Note that households in the Section 8 group could have
chosen to make exactly the same moves as those in the experimental group. The
fact that the experimental voucher had larger effects on children’s outcomes than
the Section 8 voucher therefore suggests that actively encouraging families to move

3We limit our sample to children who are at least 21 by 2012, the last year for which we have data from tax
returns. Because of this restriction, our “below age 13" sample only includes children who were between the ages of
4 and 12 at random assignment. As we discuss below, we find similar results when defining “young children” using
other cutoffs, e.g., those below age 12 or 14.

#We define a mother as a “single parent” if she has a child whose father’s name is not listed on the child’s social
security application, which is typically submitted at birth.
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to lower-poverty neighborhoods—either through counseling or by restricting their
choice set—increases the impacts of housing vouchers on young children’s long-
term economic success.

The MTO treatments had very different effects on older children—those between
13-18 at RA, who were 15 years old on average at that point. In most cases, we find
statistically insignificant differences between mean outcomes in the three treatment
arms among older children. The point estimates suggest that, if anything, moving
to a lower-poverty neighborhood had slightly negative effects on older children’s
outcomes. For example, the ITT impact of the experimental voucher is —$967 on
individual income among children who were 13—18 at RA. One potential explana-
tion for these negative impacts at older ages is a disruption effect: moving to a very
different environment, especially as an adolescent, could disrupt social networks
and have other adverse effects on child development (Coleman 1988; Wood et al.
1993; South, Haynie, and Bose 2007).”

We explore the robustness of these findings by estimating models that interact age
at RA linearly with the treatment indicators. We find robust evidence that the gains
from moving to lower-poverty areas decline with the child’s age at move, suggesting
that every extra year of exposure to a low-poverty environment during childhood is
beneficial. We do not find any clear evidence of a “critical age” below which chil-
dren must move to benefit from a better neighborhood, although one cannot obtain
very precise estimates of the age profile of exposure effects from the MTO data
because of the small sample sizes at each child age.

Putting the results together, the effects of moving to a better neighborhood on
children’s long-term economic outcomes can be explained by a simple model fea-
turing a disruption cost of substantially changing one’s neighborhood environment
coupled with benefits that are proportional to the amount of exposure to a lower-pov-
erty environment during childhood. The exposure effects outweigh the disruption
cost for children who move when young, but not for children who move at older
ages. Although our findings are consistent with such a model of exposure effects, the
MTO experimental design cannot be used to conclusively establish that childhood
exposure to a better environment has a causal effect on long-term outcomes because
the ages at which children move are perfectly correlated with their length of expo-
sure to a lower-poverty neighborhood. As a result, we cannot distinguish differences
in disruption effects by age at the time of a move from an age-invariant disruption
cost coupled with an exposure effect. Moreover, the treatment effects for families
with young versus old children could differ because the set of families who took up
the voucher and the areas to which they moved might vary between the two groups.
Nonetheless, regardless of the underlying mechanisms, the experimental results
are adequate to conclude that providing subsidized housing vouchers to move to
lower-poverty areas produces larger benefits for younger children.

STImportantly, these disruption costs appear to be a function of where a family moves rather than a fixed cost of
moving to a different home. Most families in both the control and treatment groups moved several times while their
children were growing up (Ludwig et al. 2013). However, families who moved using the subsidized housing vouch-
ers—especially the experimental vouchers—moved to very different neighborhoods that were further away from
the housing projects where they started. Disruption costs are presumably larger for children who move to a very
different area, e.g., because of a loss of social networks (Coleman 1988). Consistent with this explanation, TOT
estimates show a somewhat larger adverse impact of MTO moves on older children in the experimental voucher
group as compared to the Section 8 group.
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We find that the MTO treatments had little or no impact on adults’ economic
outcomes, consistent with prior work (e.g., Ludwig et al. 2013).” The experimen-
tal voucher TOT estimate on individual earnings is —$734 (a 4.7 percent reduc-
tion) and the upper bound of the 95 percent confidence interval is a 12 percent
increase, well below the estimated impacts for young children. We find no evidence
of exposure effects among adults, in contrast with the observational correlations
reported by Clampet-Lundquist and Massey (2008). The earnings impacts for adults
do not increase over time after RA, despite the fact that cumulative exposure to
lower-poverty areas rose significantly.

Prior studies of MTO have detected heterogeneity in short-run and medium-term
treatment effects by child gender and experimental site (e.g., Kling, Liebman, and
Katz 2007). We find no systematic differences in the treatment effects of MTO on
children’s long-term outcomes by gender, race, or site. In particular, the point esti-
mates of the effect of the experimental voucher on earnings are positive for all five
experimental sites, for whites, blacks, and Hispanics, and for boys and girls for
children below the age of 13 at RA. The corresponding point estimates are almost
all negative for children above the age of 13 at RA. Most notably, we find robust,
statistically significant evidence that the experimental voucher improved long-term
outcomes for (young) boys, a subgroup where prior studies found little evidence of
medium-term gains.

Previous explorations of heterogeneity in treatment effects in the MTO data raise
concerns that our results—which essentially explore heterogeneity in the new dimen-
sion of child’s age at move—are an artifact of multiple hypothesis testing. A post-
hoc analysis of a randomized experiment will generate some p-values that appear
to be “statistically significant” (e.g., p < 0.05) purely by chance if one examines a
sufficiently large number of subgroups. To address this concern, we test the omnibus
null hypothesis that the treatment effects for the main subgroups studied in MTO
research to date (based on gender, race, site, and age) are all zero using parametric
F-tests and a nonparametric permutation test. We reject the null hypothesis of zero
treatment effects in all subgroups with p < 0.05 for most outcomes using F-tests of
interaction terms of treatment group and subgroup indicators. The permutation test
yields p < 0.01 for the null hypothesis that the MTO treatments had no effect on
any of the outcomes we study for children below 13 at RA, adjusting for multiple
hypothesis testing across all the subgroups. The results imply that the significant
treatment effects we detect for younger children are unlikely to be an artifact of
analyzing multiple subgroups. In addition, we returned to the MTO data with a pre-
specified hypothesis that we would find larger impacts for younger children, based
on the quasi-experimental evidence in Chetty and Hendren (2015). The fact that the
experimental results closely match the quasi-experimental evidence makes it less
likely that these results are spuriously generated by multiple hypothesis testing.

We conclude that the Moving to Opportunity experiment generated substantial
gains for children who moved to lower-poverty neighborhoods when they were
young. We estimate that moving a child out of public housing to a low-poverty area

6Qur findings regarding the impacts of MTO on children are also consistent with prior research. If we restrict
ourselves to the data available in prior work (up to 2008) and do not split children by age at move, we detect no
impact of the MTO treatments on children’s economic outcomes.
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when young (at age eight on average) using an MTO-type experimental voucher
will increase the child’s total lifetime earnings by about $302,000. This is equivalent
to a gain of $99,000 per child moved in present value at age eight, discounting future
earnings at a 3 percent interest rate. The increased earnings of children ultimately
leads to significant benefits to taxpayers as well. Children whose families took up
experimental vouchers before they were 13 pay an extra $394 per year in federal
income taxes during their mid-twenties. If these gains persist in subsequent years of
adulthood, the additional tax revenue obtained from these children will itself offset
the incremental cost of the experimental voucher treatment relative to providing
public housing. Thus, our findings suggest that housing vouchers which (i) require
families to move to lower-poverty areas and (ii) are targeted at low-income families
with young children can reduce the intergenerational persistence of poverty and
ultimately save the government money.

The paper is organized as follows. Section I summarizes the key features of the
MTO experiment. Section II describes the data sources and reports summary statis-
tics and tests for balance across the experimental groups. We present our main results
in Section III. In Section IV, we reconcile our new findings with prior research on
MTO. Section V presents a cost-benefit analysis and discusses policy implications.
We conclude in Section VI by interpreting our findings in the context of the broader
literature on neighborhood effects.

I. The Moving to Opportunity Experiment

In this section, we briefly summarize the key features of the MTO experiment;
see Sanbonmatsu et al. (2011) for a more comprehensive description. The MTO
randomized housing mobility demonstration, conducted by the US Department of
Housing and Urban Development (HUD), enrolled 4,604 low-income families liv-
ing in five US cities (Baltimore, Boston, Chicago, Los Angeles, and New York)
from 1994 to 1998. Families were eligible to participate in MTO if they had chil-
dren and resided in public housing or project-based Section 8 assisted housing in
high-poverty census tracts (those with a 1990 poverty rate of 40 percent or more).

Families were randomized into three groups: (i) the experimental group, which
received housing vouchers that subsidized private-market rents and could initially
(for the first year) only be used in census tracts with 1990 poverty rates below 10 per-
cent; (ii) the Section 8 group, which received regular housing vouchers without any
MTO-specific relocation constraint; and (iii) a control group, which received no
assistance through MTO. Those in the experimental group also received additional
housing-mobility counseling from a local nonprofit organization. The experimen-
tal vouchers became regular Section 8 vouchers after a year and were no longer
restricted to low-poverty census tracts. Families assigned to the experimental and
Section 8 groups had 4-6 months to lease an apartment and use their vouchers.

Families in all three groups were required to contribute 30 percent of their annual
household income toward rent and utilities. Those assigned to the experimental or
Section 8 voucher groups received housing vouchers that covered the difference
between their rent and the family’s contribution, up to a maximum amount known
as the Fair Market Rent, defined as the fortieth percentile of rental costs in a metro
area. Families remained eligible for these vouchers (or public housing projects)
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indefinitely as long as their income was below 50 percent of the median income in
their metro area.

The proportion of individuals randomly assigned to the three groups at each
site was changed during the course of the experiment because take-up of the MTO
vouchers turned out to differ from projections. All the statistics reported in this
paper use sampling weights in which individuals are weighed by the inverse of their
probability of assignment to their treatment group to account for changes in the ran-
dom-assignment ratios over time./

II. Data

We draw information from two datasets: HUD files on the MTO participants and
federal income tax records. This section describes the two data sources and key vari-
able definitions. It then provides descriptive statistics and tests for balance across the
MTO treatment groups.

A. MTO Data

The MTO dataset contains information on 4,604 households and 15,892 individ-
uals who participated in the experiment. This study examines the impacts of MTO
on outcomes typically observed at age 21 or older. Since the last year in the tax data
is currently 2012, we restrict the MTO sample to the 13,213 individuals who are
21 or older in 2012 (those born in or before 1991). We focus much of our analysis
on MTO children, defined as individuals who were 18 years old or younger at the
time of RA and residing at that time in a household that participated in MTO. There
are 11,276 children in the MTO data, of whom 8,603 (76 percent) were born in or
before 1991.

For each MTO participant, we use two sets of information from the MTO dataset.
First, we obtain information on individual and household background characteris-
tics from the MTO Participant Baseline Survey. The baseline survey was adminis-
tered to each MTO household head at the time of program enrollment (prior to RA).
The survey provides demographic and socioeconomic background information on
each household member (adults and children) including information on children’s
school experiences, household criminal victimization, reasons for wanting to partic-
ipate in MTO, and household income and transfer receipt. See Sanbonmatsu et al.
(2011) for more detailed information on the background characteristics of the MTO
participants and the baseline survey.

Second, we obtain yearly information on the residential neighborhood (census
tract) for each MTO participant using address history data from the MTO long-term
survey conducted in 2008-2010, as in Sanbonmatsu et al. (2011). We estimate cen-
sus tract poverty rates in each year by interpolating census tract poverty rates using
the 1990 and 2000 censuses and the 2005-2009 American Community Surveys. We

7See Orr et al. (2003) for the details on the variation in random-assignment ratios over time and the construction
of the MTO sample weights. The weights prevent time or cohort effects from confounding the results. The weights
we use are the same as the weights used for the analysis of administrative data in past MTO work.
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use this information to construct a measure of each MTO child’s exposure to poverty
(mean tract poverty rate) from the time of RA to age 18.

B. Tax Data

We link the MTO data to data from federal income tax records spanning 1996 to
2012.F HUD collected social security numbers (SSNs) prior to RA for 90 percent
(11,892) of the individuals who participated in the MTO experiment and were born
in or before 1991. The MTO records were linked to the tax data by SSN. Of the
MTO records with a valid SSN, 99 percent (11,780) were successfully linked to
the tax data. To protect confidentiality, individual identifiers were removed from the
linked dataset prior to the statistical analysis.

The tax data include both income tax returns (1040 forms) and third-party infor-
mation returns (e.g., W-2 forms), which give us information on the earnings of those
who do not file tax returns as well as data on other outcomes, such as college atten-
dance. Here, we define the key variables we use in our analysis. We measure all
monetary values in real 2012 dollars, adjusting for inflation using the Consumer
Price Index (CPI-U).

Income.—Our primary measure of income is “individual earnings.” Individual
earnings is defined as the sum of income from W-2 forms filed by employers (summed
across all W-2s for the individual in each year) and “non-W-2 earnings.” Non-W-2
earnings is defined as adjusted gross income on form 1040 minus own and spouse’s
W-2 earnings, Ul benefits, and SSDI payments, and is divided by two for married
households. Hence, non-W-2 earnings reflects income from self-employment and
other activities not captured on W-2s. Non-W-2 earnings is recoded to zero if neg-
ative and is defined as zero for non-filers. If an individual has no tax return and no
W-2 earnings, individual earnings is coded as zero.

We also report effects on household income. For those who file tax returns,
we define household income as adjusted gross income (as reported on the 1040
tax return) plus tax-exempt interest income and the nontaxable portion of Social
Security and Disability benefits. In years when an individual does not file a tax
return, we define household income as the sum of the individual’s wage earnings
(reported on form W-2), unemployment benefits (reported on form 1099-G), and
gross social security and disability benefits (reported on form SSA-1099).”

College Attendance.—We define college attendance at age a as an indicator
for having a 1098-T form filed on one’s behalf during the calendar year in which
the child turns age a. Title IV institutions (all colleges and universities as well as
vocational schools and other post-secondary institutions eligible for federal stu-
dent aid) are required to file 1098-T forms that report tuition payments or scholar-
ships received for every student. These 1098-T data are available from 1999-2012.

8 Here, and in what follows, the year refers to the tax year (i.e., the calendar year in which the income is earned).

9For non-filers, our definition of “household income” does not include the spouse’s income. This is likely to
be of minor consequence because the vast majority of non-filers in the United States who are not receiving Social
Security benefits are single (Cilke 1998, Table I).
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Because the 1098-T forms are filed directly by colleges independent of whether an
individual files a tax return, we have records on college attendance for almost all
children."! Comparisons to other data sources indicate that 1098-T forms capture
college enrollment quite accurately overall (Chetty, Friedman, and Rockoff 2014,
Appendix B). In particular, the correlation between enrollment counts based on
1098-T forms and enrollment counts in the IPEDS dataset from the Department of
Education exceeds 0.95.

College Quality.—Using data from 1098-T forms, Chetty, Friedman, and Rockoff
(2014) construct an earnings-based index of “college quality” using the mean indi-
vidual wage earnings at age 31 of children born in 1979-1980 based on the college
they attended at age 20. For those not enrolled in any college at age 20, the index
equals the mean earnings at age 31 of all US residents not enrolled in college at age
20. We define college quality at age a based on the college in which the child was
enrolled at age a (inflated to 2012 dollars using the CPI-U).

Neighborhood Characteristics in Adulthood.—We measure the characteristics
of the neighborhoods where children live in adulthood using information on zip
codes from the tax data.'| We assign each individual a zip code in each year using
a sequential algorithm starting with the location from which the individual files his
tax return (form 1040). If the individual does not file a tax return, we obtain their
zip code from form W-2, followed by other information returns (e.g., 1099s). We
use this information to measure the following characteristics of the individual’s zip
code using data from the 2000 census: poverty share (share of households below
the poverty line), mean income (aggregate income in the zip code divided by the
number of individuals 16-64 years old), black share (number of people who are
black alone divided by total population in 2000), and single mother share (number
of households with female heads and no husband present with own children present
divided by the total number of households with own children present).

Marital Status and Fertility.—We define an individual as married if he or she files
a tax return as a married individual in a given year. We measure fertility patterns
using data through June 2014 from the Kidlink (DM-2) database provided to the
IRS by the Social Security Administration, which contains information from appli-
cations for SSNs. SSN applications request the SSN of both the mother and father
(if present), allowing us to link parents to their children.'? We define a woman as
having a birth if she had a child before June 2014 and having a teenage birth if she
had a child between the ages of 13 and 19. Most people apply for SSNs for their
children at birth because an SSN is required to claim a child as a dependent on tax
returns and for various other purposes. We therefore define an indicator for whether

19Colleges are not required to file 1098-T forms for students whose qualified tuition and related expenses are
waived or paid entirely with scholarships or grants. However, the forms are typically available even for such cases,
presumably because of automated reporting to the IRS by universities. Approximately 6 percent of 1098-T forms
are missing from 2000-2003 because the database contains no 1098-T forms for some small colleges in these years.

' The tax data do not currently contain information on census tracts, so we are forced to use a broader zip code
measure when analyzing children’s location in adulthood.

12The total count of births in the DM-2 data differ from CDC vital statistics counts by less than 2 percent from
1987-2006, but the DM-2 data misses approximately 10 percent of births starting in 2007.
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the father was present at a child’s birth based on whether a father is listed on the
child’s SSN application.

Tax Filing and Taxes Paid.—We define tax filing as an indicator for filing a 1040
tax return and total taxes paid as the total tax field from form 1040 for filers and total
taxes withheld on W-2 forms for non-filers.

C. Balance Tests and Summary Statistics

Prior research has documented that baseline characteristics are balanced between
the treatment and control groups for both MTO adults and children, as would be
expected in an experiment with random assignment (Kling, Liebman, and Katz
2007). Here, we replicate these balance tests on the linked MTO-tax data to ensure
that we retain balance in the subgroup that we are able to link to the tax data.

In our core analysis, we split children into two groups: those below age 13 at
RA and those between ages 13—18 at RA. reports summary statistics and
balance tests for selected baseline covariates for these two groups. Online Appendix
Table 1A replicates Table 1 for the broader set of 52 baseline covariates used in
the MTO interim and final impact evaluations (Kling, Liebman, and Katz 2007,
Sanbonmatsu et al. 2011).

We match 86.4 percent of younger children and 83.8 percent of the older MTO
children to the tax data. The match rates do not differ significantly between the control
and treatment groups. This is to be expected because the SSNs that we use to link the
MTO data to the tax data were collected prior to random assignment and we success-
fully link 99 percent of the individuals with valid SSNs to the tax data. Thus, there is
virtually no scope for differential attrition across the three treatment arms in the linked
dataset. Consistent with the lack of differential attrition, the distribution of baseline
covariates appears to be balanced in the linked MTO-tax data. Thirteen of the 196
differences reported in online Appendix Table 1A are significant with p < 0.05 and 2
of the 196 are significant with p < 0.01 based on #-tests that do not adjust for multiple
comparisons, in line with what one would expect under random assignment.

The summary statistics in Table 1 show that families who participated in MTO
were quite economically disadvantaged. Approximately one-third of the MTO
household heads had completed high school, only one quarter were employed,
three-quarters were receiving public assistance (AFDC/TANF), more than half had
never been married, and a quarter had been teenage parents at the point of ran-
dom assignment. Around three-quarters of applicants reported getting away from
gangs and drugs as one of the most important reasons for enrolling in MTO, and
over 40 percent of the households had been victims of crime in the previous five
years. The vast majority of the household heads were African-American or Hispanic
females. Among the older children (ages 13—18 at RA), nearly 20 percent had been
suspended or expelled from school in the past two years.

Online Appendix Table 1B reports summary statistics on children’s long-term
outcomes. Mean individual earnings is $11,739 at age 24, rising to $14,269 at age
28. College attendance rates are 18—19 percent over the ages 19-21. Roughly 22 per-
cent of the females give birth to a child as a teenager. On average, 63 percent of the
sample files a tax return (form 1040) in any given year after they turn 24.
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TABLE 1—SUMMARY STATISTICS AND BALANCE TESTS FOR CHILDREN IN MTO-TAX DATA LINKED SAMPLE

< Age 13 at random Age 13-18 at random
assignment assignment
Control Exp. Sec. 8 Control Exp. Sec. 8
group versus versus group versus versus
mean control control mean control control
(1) 2 ®3) ) ) (6)
Linked to tax data (%) 86.4 -0.8 —0.4 83.8 1.5 —-0.1
(1.4) (1.5) (2.0 (2.2)
Child’s age at random assignment 8.2 —0.1 -0.0 15.1 0.1 —0.1
(0.1) (0.1) (0.1) (0.1)
Household head completed high school (%) 343 4.2% 0.4 29.5 5.0 0.7
(2.4) (2.6) (3.1) (3.3)
Household head employed (%) 23.8 1.0 -22 253 3.0 —-04
(2.1) (2.2) (2.9) (3.0
Household head gets AFDC/TANF (%) 79.5 0.6 1.8 75.0 -0.8 —1.0
(1.9) (2.0) (2.9) (3.0)
Household head never married (%) 65.1 —4.3* -3.1 53.0 -3.1 —6.3%
(2.3) (2.6) (3.2) (3.4)
Household head had teenage birth (%) 28.6 -0.9 -0.3 29.1 -3.6 -25
(2.2) (2.5) (2.9) (3.2)
Primary or secondary reason for move is to get away 78.1 -1.8 —4.4* 71.1 3.1 -0.9
from gangs or drugs (%) (2.1) (2.4) (2.6) (2.9)
Household victims of crime in past five years (%) 413 2.5 0.9 44.8 1.3 -33
(2.4) (2.7) (3.3) (3.5)
Household head African American (%) 66.9 —0.4 —1.4 63.9 —-1.9 —5.9%*
(2.0 (2.1) (2.7) (2.8)
Household head Hispanic (%) 29.4 -0.3 —0.5 31.1 0.6
(2.0 (2.1) (2.7) (2.7)
Child susp./expelled in past two years (%) 4.9 0.7 0.4 17.6 1.0 0.4
(0.8) (0.9) (2.0) (22
Children in linked MTO-tax data 1,613 1,969 1,427 686 959 686

Notes: This table presents summary statistics and balance tests for match rates and a subset of variables collected
prior to randomization; online Appendix Table 1A replicates this table for all 52 control variables we use in our
analysis. The estimates in the first row (fraction linked to tax data) are based on all children in the MTO data
who were born in or before 1991. The estimates in the remaining rows use the subset of these observations suc-
cessfully linked to the tax data. Columns 1-3 include children below age 13 at random assignment; columns 4—6
include those above age 13 at random assignment. Columns 1 and 4 show the control group mean for each variable.
Columns 2 and 5 report the difference between the experimental voucher and control group, which we estimate
using an OLS regression (weighted to adjust for differences in sampling probabilities across sites and over time) of
each variable on indicators for being assigned to the experimental voucher group, the Section 8 voucher group, as
well as indicators for randomization site. Columns 3 and 6 report the coefficient for being assigned to the Section
8 group from the same regression. The estimates in columns 2-3 and 56 are obtained from separate regressions.
Standard errors, reported in parentheses, are clustered by family. The final row lists the number of individuals in the
control, experimental, and Section 8 groups in the linked MTO-tax data sample.
*#%Significant at the 1 percent level.
*#*Significant at the 5 percent level.
*Significant at the 10 percent level.

III. Analysis and Results

In our core analysis, we split the 7,340 children in our linked analysis sample
into two groups: (i) children younger than adolescence (less than 13 years) at RA
and (ii) adolescent children (those 13 to 18 years old) at RA.'3 The children in the

I3MTO moves typically occurred within six months of RA, so a child’s age at RA is essentially the child’s age
at the time of the move.
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younger group were 8.2 years old at RA on average, while those in the older group
were 15.1 years old on average (Table 1). This split at age 13 yields approximately
the same number of observations for the younger and older groups for analyses of
outcomes such as earnings in early adulthood. We report estimates with different
age cutoffs and use linear interaction models to evaluate the robustness of the results
in Section IIIG.

Within each of these two groups, we estimate “intent-to-treat” (ITT) effects of the
MTO treatments, which are essentially differences between treatment and control
group means. Following the standard approach used in prior evaluations of MTO
(e.g., Kling, Liebman, and Katz 2007), we estimate ITT effects on an outcome (y)
using OLS regression specifications of the form

(1) yi = a+ B TExp; + B§TS8; + vX; + Js; + €,

where Exp and S8 are indicator variables for being randomly assigned to the exper-
imental and Section 8 groups respectively, X is a vector of baseline covariates, and
s is a set of indicators for randomization site. All of our regressions are weighted to
adjust for differences in sampling probabilities (randomization rates into the differ-
ent treatment groups) across sites and over time. We cluster the standard errors by
family (allowing for common error components across siblings) because random-
ization occurred at the family level.

In our baseline specifications, we include randomization site dummies s (since
randomization occurred within sites) but no additional covariates X, as the choice
of which covariates to include is somewhat arbitrary. In supplemental specifica-
tions, we evaluate the sensitivity of our estimates to the inclusion of the 52 baseline
covariates shown in online Appendix Table 1A. Including these additional covari-
ates affects the point estimates modestly and has little impact on the qualitative
conclusions, as expected given that the covariates are balanced across the treatment
groups.'”

The estimates of 357 and 447 in (1) identify the causal impact of being offered a
voucher to move through MTO. Since not all the families offered vouchers actually
took them up, these ITT estimates understate the causal effect of actually moving to
a different neighborhood. Following Kling, Liebman, and Katz (2007), we estimate
the impacts of moving through MTO—the impact of “treatment on the treated”
(TOT)—by instrumenting for MTO voucher take-up with the treatment assignment
indicators. Formally, we estimate specifications of the form

(2) v = ar + QEOTTakeExpi + BSTOTTakeSSi + v X; + Ops; + €,

where TakeExp and TakeS8 are indicators for taking up the experimental and Section
8 vouchers, respectively. Since TakeExp and TakeS8 are endogenous variables, we
instrument for them using the randomly-assigned MTO treatment group indicators
(Exp and S8) and estimate (2) using two-stage least squares. Under the assumption

14 Replicating the covariate balance tests discussed in Section IIC on the estimation subsamples (e.g., the subset
of children for whom we observe earnings at age 24) yields very similar results to those reported in online Appendix
Table 1A.
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that MTO voucher offers only affect outcomes through the actual use of the voucher
to lease a new residence, 55T and I can be interpreted as the causal effect of
taking up the experimental and Section 8 vouchers and moving to a lower-poverty
neighborhood (Angrist, Imbens, and Rubin 1996)."

This section reports estimates of (1) and (2) for various outcomes y; . We begin
by analyzing the “first-stage” effects of the MTO experiment on the characteristics
of the neighborhoods where children grew up. We then turn to impacts on children’s
outcomes in adulthood, such as earnings and college attendance rates.

A. Voucher Take-Up and Neighborhood Characteristics during Childhood

shows the effects of the MTO treatments on voucher take-up rates and
poverty rates in the neighborhoods where children were raised. Panel A considers
younger children (below 13 at RA), while panel B considers older children (between
ages 13-18 at RA). The estimates in Table 2 include no controls other that random-
ization site indicators; online Appendix Table 2 replicates Table 2 controlling for the
baseline covariates listed in online Appendix Table 1A and shows that the estimates
are similar.

Column 1 of Table 2 reports estimates of the specification in (1) with an indica-
tor for taking up a housing voucher as the dependent variable y;. The control group
mean is zero for this outcome because those in the control group were not offered
vouchers. Among younger children, 48 percent who were assigned to the exper-
imental group took up the voucher they were offered. 66 percent of those in the
Section 8 group took up the less restrictive voucher that they were offered. The
corresponding take-up (or “compliance”) rates were slightly lower among families
with older children, at 40 percent and 55 percent. Families in the treatment groups
who chose to take up the vouchers were also more likely to have been dissatisfied
with their current apartment and indicate they would be very likely to be able to find
a new apartment (Kling, Liebman, and Katz 2007).

Families who took up the MTO housing vouchers moved to a variety of different
neighborhoods. Online Appendix Table 1C lists the most common destinations in
each of the five sites. For example, many MTO participants in New York were living
in the Martin Luther King (MLK) Towers, a housing development in Harlem, at the
point of RA. Many families who took up experimental vouchers moved to Wakefield
in the North Bronx (near the Westchester County border), about ten miles north
of the MLK Towers. Several families who took up Section 8 vouchers moved to
Soundview in the Central Bronx, about six miles north of the MLK Towers.

We characterize the neighborhoods to which MTO families moved more system-
atically by measuring the impacts of the MTO treatments on neighborhood poverty
rates. Column 2 reports ITT estimates of impacts on poverty rates in the census

!5The ITT estimates rely only on the assumption of random assignment, which is guaranteed by the experimen-
tal design. The TOT estimates rely on the additional (untestable) assumption that being offered an MTO voucher
had no effect on those who did not take it up.

16One might be concerned that when MTO household heads (parents) moved, their children may have stayed
behind in the old neighborhood with relatives or friends. In practice, virtually all children moved along with their
parents. Approximately 95 percent of both younger and older children were still living with their parents one year
after RA in the control group. The fraction living with their parents is, if anything, slightly higher in the treatment
groups one year post-RA.



868 THE AMERICAN ECONOMIC REVIEW APRIL 2016

TABLE 2—FIRST-STAGE IMPACTS OF MTO ON VOUCHER TAKE-Up
AND NEIGHBORHOOD POVERTY RATES (Percentage Points)

Poverty rate

. in tract one year Mean poverty rate in tract Mean poverty rate in zip
Housing post- RA post-RA to age 18 post-RA to age 18
voucher
take-up ITT TOT ITT TOT ITT TOT
(m O] ®3) 4) ©) (6) ™
Panel A. Children < age 13 at random assignment
Exp. versus control 47.66%** —17.05%%%  —3596%** —10.27#%*  —21.56%** —5.84%%% 223k
(1.653) (0.853) (1.392) (0.650) (1.118) (0.425) (0.752)
Sec. 8 versus control 65.80%%* —14.88%¥% DD 57k —7.97%¥%  —12.06%** —3.43%k% —5.17%%%
(1.934) (0.802) (1.024) (0.615) (0.872) (0.423) (0.622)
Observations 5,044 4,958 4,958 5,035 5,035 5,035 5,035
Control group mean 0 50.23 50.23 41.17 41.17 31.81 31.81
Panel B. Children age 13—18 at random assignment
Exp. versus control 40.15%* —14.00%#%  —34.770%** —10.04%**  —24.66%** —5.51%H%  —13.52%%*
(2.157) (1.136) (2.231) (0.948) (1.967) (0.541) (1.113)
Sec. 8 versus control 55.04%%* —12.21%%% 22 3%k —8.60%#*  —15.40%** —3.95%#* —7.07%%*
(2.537) (1.078) (1.738) (0.920) (1.530) (0.528) (0.921)
Observations 2,358 2,302 2,302 2,293 2,293 2,292 2,292
Control group mean 0 49.14 49.14 47.90 47.90 35.17 35.17

Notes: Columns 1, 2, 4, and 6 report ITT estimates from OLS regressions (weighted to adjust for differences in sam-
pling probabilities across sites and over time) of an outcome on indicators for being assigned to the experimental
voucher group and the Section 8 voucher group as well as randomization site indicators. Columns 3, 5, and 7 report
TOT estimates using a 2SLS specification, instrumenting for voucher take-up with the experimental and Section 8
assignment indicators. Standard errors, reported in parentheses, are clustered by family. Panel A restricts the sam-
ple to children below age 13 at random assignment; panel B includes children between age 13 and 18 at random
assignment The estimates in panels A and B are obtained from separate regressions. The dependent variable in col-
umn 1 is an indicator for the family taking up an MTO voucher and moving. The dependent variable in columns 2
and 3 is the census tract-level poverty rate one year after random assignment. The dependent variable in columns
4-7 is the duration-weighted mean poverty rate in the census tracts (columns 4 and 5) and zip codes (columns 6
and 7) where the child lived from random assignment till age 18. The sample in this table includes all children born
before 1991 in the MTO data for whom an SSN was collected prior to RA because we were unable to link the MTO
tract-level location information to the tax data. This sample is nearly identical our linked analysis sample because
99.1 percent of the children with nonmissing SSNs are matched to the tax data. The duration-weighted poverty rate
is constructed using information on the addresses where the youth lived from random assignment up to their 18th
birthday, weighted by the amount of time spent at each address. Census tract poverty rates in each year are inter-
polated using data from the 1990 and 2000 decennial censuses as well as the 2005-2009 American Community
Survey, as in Sanbonmatsu et al. (2011); zip code poverty rates are from census 2000 only and are not interpolated.
*#%Significant at the 1 percent level.
*#*Significant at the 5 percent level.
*Significant at the 10 percent level.

tract where the child lived one year after random assignment using the specifica-
tion in (1). The mean control group family was living in a very distressed census
tract one year after RA, with a 50 percent poverty rate—2.92 standard deviations
(SD) above the national average in the 2000 census national tract-poverty distribu-
tion. The MTO treatments led to large reductions in neighborhood poverty for both
younger and older children. For younger children, the MTO voucher offers reduced
the census-tract poverty rates in the experimental and Section 8 groups by 17 and
15 percentage points (pp). The ITT estimates of reductions in poverty rates are
slightly smaller for the older children, at 14 and 12 pp respectively. This is because
the voucher take-up rate was slightly lower among families with older children, as
shown in column 1.
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Column 3 of Table 2 reports TOT estimates on poverty rates—i.e., the change in
poverty rates for families that actually took up the voucher—using the specification
in (2). The estimates in this column are essentially the ITT estimates reported in col-
umn 2 divided by the impacts on voucher take-up reported in column 1, which is the
first stage of the 2SLS regression used to estimate (2)."] Among younger children,
those who moved using the experimental voucher live in neighborhoods with a 36 pp
lower poverty rate than those in the control group one year after random assignment.
Those who moved with the Section 8 voucher live in neighborhoods with a 23 pp
lower poverty rate. The TOT impacts are very similar for older children.

We focus on the effects of the MTO treatments on poverty rates because the
experimental vouchers were targeted based on poverty rates and poverty rates are
the most common measure of neighborhood quality in the literature on neighbor-
hood effects (Sampson, Morenoff, and Gannon-Rowley 2002). Prior MTO research
(Kling, Liebman, and Katz 2007; Ludwig et al. 2012) has shown that the mean
neighborhood poverty rate experienced post-RA provides a reliable linear sum-
mary index of neighborhood quality (treatment dosage) for explaining variation
in MTO treatment impacts by site and treatment group for both MTO adults and
children. However, it is important to note that the MTO treatments changed neigh-
borhood characteristics in several other dimensions as well. The MTO treatment
groups lived in neighborhoods with more-educated residents and a lower share of
single parent households. MTO treatment group households—especially those in
the experimental group—experienced large and persistent increases in neighbor-
hood safety, neighborhood satisfaction, and housing quality relative to control group
families (Sanbonmatsu et al. 2011). The MTO treatments also modestly improved
post-random assignment school quality, but these improvements were substantially
smaller than the improvements in residential neighborhood quality (Fryer and Katz
2013). The MTO treatments had more modest impacts in reducing neighborhood
racial segregation (percent minority) than neighborhood economic segregation
(Ludwig et al. 2013). The treatment effects we report in this paper should thus be
interpreted as the effect of changing a bundle of neighborhood attributes rather than
any one feature of neighborhood environments.'"

The effects of the MTO treatments on neighborhood conditions attenuate over
time because many control families moved out of high-poverty public housing proj-
ects and some families in the MTO treatment groups moved back to higher-poverty
areas. Nevertheless, children in the treatment groups experienced substantially dif-
ferent neighborhood environments on average during their childhood. Column 4
of Table 2 shows that on average from the point of RA until age 18, children in the
experimental voucher group lived in areas with approximately 10 pp lower poverty
rates than those in the control group. Children in the Section 8 group lived in areas
with approximately 8 pp lower poverty rates than those in the control group. The
corresponding TOT effects, shown in column 5, are a 22-25 pp reduction in mean

7The correspondence is not exact because the sample used in column 1 differs slightly from that in column 3,
as post-RA locations are not available for all families.

8 Because all of these neighborhood characteristics are highly correlated with each other, it is difficult to
disentangle which attributes of neighborhoods are most predictive of children’s success in the MTO data. The
quasi-experimental estimates of neighborhood effects reported in Chetty and Hendren (2015) are better suited to
studying this question because they are more precise and cover all areas of the United States.
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poverty rates for those who took up the experimental voucher and a 12—15 pp reduc-
tion in mean poverty rates for those who took up the Section 8 voucher. Thus, the
impacts of MTO-induced moves on the average neighborhood poverty experienced
during childhood are about twice as large for the experimental group as for the
Section 8 group.

Columns 6 and 7 of Table 2 show ITT and TOT impacts on mean zip code—
level poverty rates from RA until age 18 (rather than tract-level poverty rates). The
impacts on zip code poverty are about half as large as impacts on census-tract pov-
erty because zip codes provide a more aggregated measure of neighborhoods than
census tracts. These zip code measures are a useful benchmark because we can
construct analogous zip code—level measures (but not tract-level measures) in the
tax data to analyze the effects of the MTO treatments on where children live in
adulthood.

The key implication of Table 2 for our analysis of exposure effects is that the
younger MTO children received a much larger dosage of exposure to improved
neighborhood environments than the older MTO children. The TOT effects on
post-RA neighborhood poverty rates are similar for the younger and older MTO
children. That is, families who took up vouchers moved to similar neighborhoods
irrespective of their children’s age. However, the younger children got the improve-
ments in neighborhoods starting at younger ages. On average the younger group got
9.8 years of childhood exposure to better neighborhoods up to age 18, because they
were 8.2 years old on average at RA. In contrast, those in the older group received
only 2.9 years of childhood exposure to better neighborhoods on average, because
they were 15.1 years old on average at RA. Our next task is to examine how this
exposure to different neighborhood environments affected the long-run economic,
educational, and family outcomes of the MTO children.

B. Income in Adulthood

presents estimates of MTO treatment effects on children’s income and
employment rates in adulthood. As in Table 2, we divide children into two groups:
younger children (less than 13 years at RA) and older children (13 to 18 years at
RA).

We begin in column 1 of Table 3 by estimating ITT effects of the MTO treatments
on annual W-2 wage earnings between 2008—2012. This regression is estimated with
one observation per year per child and includes no controls other than randomiza-
tion site indicators. To avoid measuring earnings when children are still in college,
we only include observations in which a child is 24 or older. The standard errors,
which are clustered by family, adjust for the repeated observations for each child."

For children below age 13 at RA, mean W-2 earnings in the control group is
$9,549. Children assigned to the experimental voucher group have annual W-2
earnings that are $1,340 (14 percent) higher on average than those in the control
group. This estimate is significantly different from zero with p < 0.05. The esti-
mated ITT effect of the Section 8 voucher is about half as large as the I'TT effect

"9Tn our baseline analysis, we do not trim the income measures. Top-coding income at $100,000 yields similar
estimates of mean treatment effects (online Appendix Table 3C, columns 9 and 10).
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TABLE 3—IMPACTS OF MTO ON CHILDREN’S INCOME IN ADULTHOOD

Individual earnings Individual earnings

W-2 earn- Employed  Hhold. Inc.
ings ($) 20082012 ($) ©® (%) inc. ($)  growth (%)
2008-2012 ITT w/ Age 26 2012 2008- 2008-2012 2008-2012
ITT ITT controls TOT ITT ITT 2012 ITT ITT ITT
(1) (2) 3) 4) (5) (6) ™) (8) ©)
Panel A. Children < age 13 at random assignment
Exp. versus 1,339.8%%  1,624.0%* 1,298.9%*% 3476.8%* 1,751.4% 1,443.8%* 1.824  2,231.1%%* 1,309.4%*
control (671.3) (662.4)  (636.9) (1,418.2)  (917.4) (665.8) (2.083) (771.3) (518.5)
Sec. 8 versus 687.4 1,109.3 908.6 1,723.2 5515 1,157.7* 1352 1,452.4%* 800.2
control (698.7) (676.1)  (655.8)  (1051.5) (888.1)  (690.1) (2.294)  (735.5) (517.0)
Observations 8,420 8,420 8,420 8,420 1,625 2,922 8,420 8,420 8,420
Control group mean  9,548.6 11,2703 11,2703  11,270.3 11,3983 11,302.9 61.8 12,7024 4,002.2

Panel B. Children age 13—18 at random assignment

Exp. versus ~7612  —9669 —879.5 24267 —539.0 -969.2  -2173 —15198 —693.6
control (870.6) (854.3)  (817.3) (2,1544) (7954) (1,122.2)  (2.140) (11,022) (571.6)
Sec. 8 versus —~1,0489 —1,1328 —1,136.9 —2,051.1 —1511 —869.0  —1.329 9367 —8853
control (932.5) (922.3)  (866.6) (1,673.7) (845.9) (12133)  (2275) (11.859) (6252)
Observations 11,623 11,623 11623 11,623 2331 2331 11,623 11,623 11,623
Control group mean  13,897.1  15,881.5 15.881.5 15.881.5 13,9689 16,602.0 636  19,169.1  4,128.1

Notes: Columns 1-3 and 5-9 report ITT estimates from OLS regressions (weighted to adjust for differences in
sampling probabilities across sites and over time) of an outcome on indicators for being assigned to the experi-
mental voucher group and the Section 8 voucher group as well as randomization site indicators. Column 4 reports
TOT estimates using a 2SLS specification, instrumenting for voucher take-up with the experimental and Section 8
assignment indicators. Standard errors, reported in parentheses, are clustered by family. Panel A restricts the sam-
ple to children below age 13 at random assignment; panel B includes children between age 13 and 18 at random
assignment. The estimates in panels A and B are obtained from separate regressions. The number of individuals is
2,922 in panel A (except in column 5, where it is 1,625) and 2,331 in panel B. The dependent variable in column
1 is individual W-2 wage earnings, summing over all available W-2 forms. Column 1 includes one observation per
individual per year from 2008-2012 in which the individual is 24 or older. Column 2 replicates column 1 using
individual earnings as the dependent variable. Individual earnings is defined as the sum of individual W-2 and non-
W-2 earnings. Non-W-2 earnings is adjusted gross income minus own and spouse’s W-2 earnings, social security
and disability benefits, and UI payments, divided by the number of filers on the tax return. Non-W-2 earnings is
recoded to zero if negative and is defined as zero for non-filers. Column 3 replicates column 2, controlling for the
characteristics listed in online Appendix Table 1A. Column 4 reports TOT estimates corresponding to the ITT esti-
mates in column 2. In column 5, we measure earnings in the year when the individual is 26 years old. In column
6, we measure earnings in 2012, limiting the sample to those 24 or older in 2012. Columns 7-9 replicate column
1 with the following dependent variables: employment (an indicator for having positive W-2 earnings), household
income (adjusted gross income plus tax-exempt social security benefits and interest income for those who file tax
returns, the sum of W-2 wage earnings, SSDI benefits, and UI benefits for non-filers, and zero for non-filers with
no W-2 earnings, SSDI, or UI benefits), and individual earnings growth (the change in individual earnings between
year ¢ — 5 and the current year 7).
##%Significant at the 1 percent level.
*#*Significant at the 5 percent level.
*Significant at the 10 percent level.

of the experimental voucher. For children aged 13—18 at RA, the estimated effects
of both the experimental and Section 8 vouchers are negative, although they are not
statistically significant.

W-2 earnings do not include self-employment income, tips, or earnings from jobs
that paid less than $1,800 a year, all of which may be important income sources for
individuals in the MTO sample. We therefore turn in column 2 to a broader mea-
sure, which we call “individual earnings,” that sums W-2 earnings and non-W-2
earnings using data from 1040 tax forms (see Section IIB for further details). For
younger children, the ITT effect of the experimental voucher on individual earnings
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is $1,624: again a 14 percent increase relative to the control group mean, which is
$11,270. The ITT effect of the Section 8 voucher is $1,109 and is marginally sig-
nificant, with p = 0.101. Once again, the estimated effects on the older children are
negative but statistically insignificant.

The larger treatment effects on individual earnings than on W-2 earnings could
potentially be driven by endogenous tax filing responses, as non-W-2 earnings are
observed only for individuals who file tax returns.”} We do find that the experimen-
tal voucher treatment increased federal tax filing rates 5.7 pp for younger children
(see|Table 12|below). However, mean non-W-2 earnings for tax filers in the control
group—which is a plausible upper bound for non-filers—is only $1,721. Hence, the
5.7 pp filing increase accounts for at most 0.057 x $1,721 = $98 of the increase
in non-W-2 earnings for younger children, a small portion of the observed increase
in non-W-2 earnings of $284 (online Appendix Table 3C, column 2). Hence, the
majority of the increase in non-W-2 earnings appears to be driven by real changes in
earnings behavior, consistent with the fact that both non-W-2 and W-2 earnings rise
by 14 percent in the experimental voucher group relative to the control group. We
therefore use the broader “individual earnings” measure as our preferred measure of
earnings in what follows.

Column 3 of Table 2 replicates the specification in column 2 including the base-
line covariates used in the MTO final impacts evaluation (Sanbonmatsu et al. 2011),
listed in online Appendix Table 1A. For younger children, the inclusion of these
covariates reduces the point estimates by about 20 percent, approximately one-third
to one-half of a standard error of the baseline estimates.”' If one includes differ-
ent subsets of the covariates, one can obtain point estimates that are slightly larger
or smaller than the baseline estimates without controls. Importantly, the estimated
coefficients generally fluctuate by less than half a standard error when we include
different sets of covariates and thus are not statistically significant from each other,
consistent with random assignment and balance across the treatment arms.

For completeness, we report estimates with the full set of baseline controls for
all the other specifications in Table 3 in online Appendix Table 3A. The inclusion of
controls tends to yield slightly smaller estimated MTO treatment effects relative to
the specifications without controls, but the differences are not statistically indistin-
guishable from each other and do not alter the qualitative conclusions. In particu-
lar, the experimental voucher treatment has a large, statistically significant positive
effect on earnings of younger children, the Section 8 voucher has smaller positive,
marginally significant effects on younger children, and the effects of both treatments
on older children are negative and statistically insignificant.” We also consistently
find significant treatment effects (p < 0.05) for the younger children, both with and

201n contrast, W-2 earnings are observed for all individuals, irrespective of whether they file tax returns or not.
Hence, the estimate in column 1 of Table 3 is unaffected by concerns about endogenous reporting.

21 The changes in the coefficients are due to differences in the characteristics of the treatment and control groups
that arise from sampling error. For example, the drop in the experimental treatment effect is driven primarily by the
fact that the experimental group has slightly more educated parents (online Appendix Table 1A).

22For a few outcomes, such as W-2 earnings, the inclusion of controls attenuates the estimates to the point
where the estimates are no longer significant with p < 0.05. For example, column 1 of online Appendix Table 3A
shows the ITT impact on W-2 earnings for the younger children in the experimental group is $1,016.8 with a stan-
dard error of $640 (p = 0.11). However, the point estimate of $1,016.8 is not statistically distinguishable from the
baseline estimate without controls ($1,339.8).
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without controls, when we pool the Section 8 and experimental groups into a single
treatment group (online Appendix Table 11, columns 7-8).

Column 4 of Table 3 reports TOT estimates on individual earnings using the spec-
ification in (2). These TOT estimates correspond to the ITT estimates reported in
column 2; we report TOT estimates corresponding to all the other ITT specifications
in Table 3 in online Appendix Table 3B. The estimates in column 4 show that chil-
dren whose families took up the experimental voucher and moved when they were
young (below age 13, age 8.2 on average) experience an increase in annual individ-
ual earnings in early adulthood of $3,477. This is a 31 percent increase relative to
the control group mean earnings of $11,270 and a 34 percent increase relative to the
“control complier mean” (CCM) of $10,165 (online Appendix Table 3B, column
4).23

Section 8 moves lead to a TOT increase in individual earnings of $1,723 per year
(15 percent of the control group mean and 16 percent of the Section 8 CCM) for
younger children. The Section 8 TOT effect on earnings is roughly half as large as
the TOT effect of the experimental voucher. This mirrors the fact that the Section
8 TOT effect of —12 pp on mean tract-level poverty rates from RA until age 18
was also roughly half as large as the experimental voucher TOT effect of —22 pp
on poverty rates (Table 2, column 5). Dividing the TOT effects on earnings by the
TOT effects on poverty rates, we infer that growing up in a census tract with a 10 pp
lower poverty rate starting at a young age (age 8.2 on average) increases earnings in
adulthood by about 13—15 percent.

The TOT estimates for older children are around —$2,000 for both treatments but
are not statistically distinguishable from zero. However, we can reject the hypothe-
sis that the effects of the experimental voucher for the older children are the same as
those for the younger children with p = 0.02 (see Section IVC).

In our baseline specifications, we measure earnings for younger children at an
earlier age than for older children. In column 5, we replicate the specification in
column 2 measuring earnings at age 26 for all children.”! This specification yields
roughly similar estimates, showing that the age differences are not responsible for
the larger effects observed for younger children. In column 6, we measure earnings
using data from the most recent available year (2012) for all children to evaluate
whether differences in the calendar year when income is measured affect the results.
Again, this specification yields similar estimates, with significant gains for younger
children and negative point estimates for the older children.

In column 7, we estimate the ITT effects of the MTO treatments on employ-
ment rates. This specification replicates column 2 using an indicator for having any
W-2 earnings in a calendar year as the dependent variable. MTO treatments have
small, statistically insignificant impacts on the extensive margin of employment.
The ITT for employment of the young experimental children is 1.8 pp, a 3 percent
increase relative to the control group mean of 61.8 percent. Thus, MTO’s impacts

23The CCM is an estimate of mean earnings for those in the control group who would have taken up the exper-
imental voucher had they been assigned to the experimental group. The experimental CCM is calculated as mean
earnings among compliers (i.e., those who took up the voucher) in the experimental group minus the TOT estimate
of the experimental treatment effect, as in Kling, Liebman, and Katz (2007).

24Earnings comparisons at age 26 limit the sample of younger MTO children to those who were 8 to 12 years
old at RA with a mean of 10.7 years as compared to a mean age at RA for the older MTO children of 15.1 years.
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on increasing earnings for younger children appear to be driven primary by higher
wage rates and/or greater hours worked in a year rather than by changes in whether
or not individuals work at all over the course of a year.

Household Income.—In column 8, we estimate ITT effects on household income.
Household income expands upon our individual earnings measure by including
spouse’s income (for married tax filers), unemployment insurance income, and
social security and disability (SSDI) income (see Section IIB for details). For
younger children, the experimental ITT effect on household income is $2,231, $607
larger than the ITT on individual earnings reported in column 2. The experimental
ITT on household income is significantly different from zero with p < 0.01. The
Section 8 ITT effect on household income is $1,452 and is significantly different
from zero with p < 0.05. The effects of the treatments on the household income of
older children remain negative and statistically insignificant.

We investigate why the MTO treatments have larger effects on household income
than on individual earnings for younger children in online Appendix Table 3C,
which shows ITT effects on the components of income that contribute to house-
hold income. The additional $607 impact of the experimental voucher on household
income relative to individual earnings is predominantly driven by spousal income,
which is $521 higher in the experimental group for younger children. Part of the
observed effect on spousal income could be driven by endogenous tax filing, as
spousal income is only observed for individuals who file tax returns. However, cal-
culations analogous to those above imply that at most 0.057 x $802.1 = $46 of
the $521 experimental impact on spousal income can be accounted for by a fil-
ing response, assuming that the mean spousal income of married non-filers is no
larger than the mean spousal income of $802 for tax filers in the control group.™
This increase in spousal income can be entirely accounted for by the effect of the
experimental voucher treatment on marriage rates (rather than an increase in a
given spouse’s level of earnings), as we show in|Table 5|below.’‘ The experimental
voucher treatment also increases unemployment benefits by $167 per year, possibly
because higher labor force participation rates increase eligibility for unemployment
benefits. It reduces social security and disability benefits by $98 per year, consistent
with increases in labor supply and earnings.

Earnings Trajectories.—Earnings rise steeply in the mid to late twenties as chil-
dren complete education and enter the labor force (Haider and Solon 2006). Thus,
one might expect the treatment effects of MTO to grow as we measure children’s
earnings at later ages. plots estimates of the I'TT effect of the experimental
voucher treatment on individual earnings, varying the age at which earnings are

25Part of the observed effect on spousal income could be driven by endogenous tax filing, as spousal income
is only observed for individuals who file tax returns. However, calculations analogous to those above imply that at
most 0.057 x $802.1 = $46 of the $521 experimental impact on spousal income can be accounted for by a filing
response, assuming that the mean spousal income of married non-filers is no larger than the mean spousal income
of $802 for tax filers in the control group.

25For younger children, the experimental voucher increases the fraction married by 1.9 percentage points
(Table 5, column 1). The mean individual income of spouses in the control group for married individuals is $25,568.
If the marginal individuals marry individuals with average income, we would predict an increase in household
income of 0.019 x $25,568 = $486, similar to the observed increase of $521.
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FIGURE 1. IMPACTS OF EXPERIMENTAL VOUCHER BY AGE OF EARNINGS MEASUREMENT

Notes: This figure presents ITT estimates of the impact of being assigned to the experimental voucher group on
individual earnings, varying the age at which earnings is measured from 20 to 28. The estimate at each age is
obtained from an OLS regression (weighted to adjust for differences in sampling probabilities across sites and
over time) of individual earnings at that age on indicators for being assigned to the experimental voucher group
and the Section 8 voucher group as well as randomization site indicators. We plot the coefficient on the experimen-
tal voucher group indicator in this figure; the corresponding estimates for the Section 8 voucher group are shown
in online Appendix Figure 1. The series in circles restricts the sample to children below age 13 at random assign-
ment; the series in triangles includes children between age 13 and 18 at random assignment. The estimates in the
two series are obtained from separate regressions. The estimates at age 26 exactly match those reported in column
5 of Table 3; the remaining estimates replicate that specification, varying the age at which earnings is measured.
The null hypothesis that the experimental impacts do not vary with the age of income measurement is rejected with
p < 0.01 for the below 13 series and p = 0.06 for the age 13—18 series. See notes to Table 3 for further details on
specifications and variable definitions.

measured from 20 to 28. These effects are estimated using specifications analogous
to that in column 5 of Table 3. The MTO experimental impact does in fact rise
sharply with age of income measurement for the younger children. The null hypoth-
esis that the experimental impacts do not vary with the age at which income is mea-
sured is rejected with p < 0.01.%’/In contrast, the treatment effects fall significantly
with the age at which income is measured for the older children, implying that they
not only have lower earnings but also have less earnings growth in their early career
relative to those in the control group. A similar pattern of rising treatment effects
with age of income measurement for younger children and declining effects with

27To estimate this p-value, we regress earnings on the treatment group indicators linearly interacted with the age
of income measurement, controlling for age of income measurement fixed effects interacted with site fixed effects.
The p-value is based on the coefficient for the interaction of age at income measurement with the experimental
treatment indicator. We estimate this regression in a dataset with one observation per age of income measurement
per child and cluster standard errors by family.
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age of income measurement for older children is observed for the Section 8 group,
although the estimates are noisier and attenuated (online Appendix Figure 1).

Column 9 quantifies the effects of the MTO treatment on earnings growth over a
five-year period. The dependent variable in this specification is the difference in indi-
vidual earnings in year f minus year ¢t — 5; as in the other specifications in Table 3,
we restrict the sample to observations in which the individual is 24 or older in year ¢.
In the control group, the mean level of income growth over five years is $4,002 for
younger children. The ITT effect of the experimental voucher on five-year income
growth is $1,309 (a 33 percent increase), while the ITT effect of the Section 8
voucher is $800 (a 20 percent increase). These results suggest that our baseline esti-
mates, which measure income starting at age 24, likely understate the total lifetime
earnings impacts of the MTO experimental voucher on children who were young at
the point of the move.

Summary.—In sum, our analysis of children’s income in adulthood yields three
robust findings. First, the MTO experimental voucher treatment substantially
increased the earnings of children who were young (below age 13) at the point of
the move, with a TOT impact on individual earnings of approximately 35 percent.
Second, the Section 8 voucher increased individual earnings of young children about
half as much as the experimental voucher, consistent with the fact that it reduced
neighborhood poverty rates half as much. Third, the impacts of both treatments on
older children are somewhat negative (although not statistically significant).

These three facts are consistent with a simple model that combines positive expo-
sure effects from moving to lower-poverty neighborhoods with a negative disruption
cost of moving to such a neighborhood. Such a model would generate our empirical
results because the exposure effects outweigh the disruption cost for children who
move when young, but not for children who move at older ages. Note that because
families in both the control and treatment groups moved frequently, the disruption
cost must reflect the cost of moving to a different type of neighborhood (as induced
by the MTO voucher treatments, especially the experimental voucher) rather than
a fixed cost of moving houses within the same neighborhood or a similar nearby
neighborhood (as typically occurred in the control group).

C. College Attendance and Quality

In we examine MTO impacts on college attendance rates and college
quality. Table 4 and the subsequent tables are structured in the same way as Table 3:
panel A reports estimates for younger children (below age 13 at RA), while panel
B reports estimates for older children (ages 13—18 at RA). We report ITT estimates
using the specification in (1), with no additional controls other than randomiza-
tion site indicators. For this and all subsequent outcomes, the corresponding online
Appendix tables with the same number provide ITT estimates with the full set of
controls and TOT estimates corresponding to the specifications in the main table.

We begin in column 1 by analyzing treatment effects on college attendance rates
between the ages of 18-20. College attendance is measured using 1098-T forms
as discussed in Section IIB. This regression includes one observation per child at
ages 18, 19, and 20; the standard errors, which are clustered by family, adjust for
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TABLE 4—IMPACTS OF MTO ON CHILDREN’S COLLEGE ATTENDANCE OUTCOMES

College attendance (%) ITT College quality ($) ITT
Age 18-20 Age 18 Age 19  Age20 Age?2l Age 1820 Age 18 Agel9 Age20 Age?2l
(1) 2 ©) 4) (5) (6) ™) (8) ©) (10)

Panel A. Children < age 13 at random assignment
Exp. versus 2.509%*  2.213* 2.579%  2.734* 0.409 686.7%** 670.2%** 800.6%** 589.3** 3378

control (1.143)  (1.200)  (1452) (1.464) (1.474) (2312)  (240.6)  (274.3) (262.3) (269.9)
Sec. 8 versus  0.992 1.221 0502 1252 —0371 63275 592.0%%  604.7%% 701.4%F  549.2%
control (1.264)  (1.303)  (1.613) (1.599) (1.592) (256.3)  (268.2)  (3047) (294.9) (293.7)
Observations 15,027 5,000 5009 5009 5,009 15027 5009 5009 5009 5009
Control group ~ 16.5 113 18.6 19.6 20.1 209147 20479.6 21,1487 21,1157 21,1523
mean

Panel B. Children age 13—18 at random assignment

Exp. versus  —4.261%% —5866%%% —4.460%% —2995 —3528%  —882.8%% —11957%% —890.0% —672.6 —687.9%
control (1712)  (2.180)  (2.162) (2.077) (1.972) (385.5)  (482.8)  (465.0) (4142) (402.6)

Sec. 8 versus  —3.014* —3.339  —3028% 1882 —4455% 5972 5815 —7302 —492.1 —603.0
control (1785)  (2.295)  (2243) (2.182) (2.030) (4342)  (5469) (S11.5) (465.7) (446.6)

Observations 5,100 1,328 1722 2,050 2234 5100 1,328 1,722 2,050 2234

Control group ~ 15.6 12.4 16.8 16.6 17.2 21,6380 21,337.3 21,880.1 21,629.8 21,597.8
mean

Notes: All columns report ITT estimates from OLS regressions (weighted to adjust for differences in sampling
probabilities across sites and over time) of an outcome on indicators for being assigned to the experimental voucher
group and the Section 8 voucher group as well as randomization site indicators. Standard errors, reported in paren-
theses, are clustered by family. Panel A restricts the sample to children below age 13 at random assignment; panel
B includes children between age 13 and 18 at random assignment. The estimates in panels A and B are obtained
from separate regressions. The dependent variable in column 1 is an indicator for attending college in a given year
(having one or more 1098-T tax forms filed on one’s behalf), pooling data over the three years when the individual
is ages 18-20 with one observation per year per individual. Years before 1999 are excluded because 1098-T data are
available beginning only in 1999. Columns 2-5 replicate column 1, using college attendance at each age between
18 and 21 as the dependent variable. The dependent variable in column 6 is Chetty, Friedman, and Rockoff’s (2014)
earnings-based index of college quality, again pooling data from ages 18-20 starting in 1999. This index is con-
structed using US population data as the mean earnings at age 31 of students enrolled in that college at age 20; chil-
dren who do not attend college are assigned the mean earnings at age 31 of children who are not enrolled in any
college at age 20. Columns 7-10 replicate column 6, using college quality at each age between 18 and 21 as the
dependent variable.
##*Significant at the 1 percent level.
**Significant at the 5 percent level.
*Significant at the 10 percent level.

the repeated observations for each child. For younger children (panel A), the mean
college attendance rate between the ages of 18-20 in the control group is 16.5 per-
cent. Children assigned to the experimental voucher group are 2.5 percentage points
(pp) more likely to attend college between the ages of 18-20. The corresponding
TOT effect for children whose families took up the experimental voucher is a 5.2 pp
increase in college attendance rates, a 32 percent increase relative to the control
group mean, and a 34 percent increase relative to the control complier mean (online
Appendix Table 4B, column 1).

The Section 8 voucher also has a positive ITT effect of 1 pp, but it is not statis-
tically significant. In contrast, for the older children, both MTO treatments have
large and statistically significant negative effects. The experimental I'TT is —4.3 pp,
while the Section 8 ITT is —3 pp. These findings mirror the patterns observed for
earnings, although the negative impacts on college attendance for older children are
larger than on earnings.
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Columns 2-5 present estimates of impacts on college attendance rates by age,
from age 18 to 21. The MTO experimental treatment increased college going for
younger children in the period immediately following high school, but had lit-
tle effect beyond age 20. For younger children, the experimental I'TT effects are
approximately 2.5 pp from ages 18-20, but fall to 0.4 pp at age 21. The Section 8
ITT estimates exhibit a similar pattern, with positive effects of around 1 pp from
ages 18-20 and a small negative estimated effect at age 21.7% Meanwhile, the ITT
effects on older children are consistently negative at all ages for both treatments.

Next, we investigate whether the MTO treatments also changed the types of col-
leges that students attended. To do so, we use a simple earnings-based index of col-
lege “quality,” defined as the mean earnings at age 31 of all US residents enrolled in
a given college at age 20 (see Section IID for details). For those not enrolled in any
college at age 20, the index equals the mean earnings at age 31 of all US residents
not enrolled in college at age 20. We define college quality at age a for each child
in the MTO sample based on the college in which the child was enrolled at age a.

Column 6 of Table 4 replicates the specification in column 1 using college qual-
ity, measured between the ages of 18-20, as the dependent variable. For younger
children, the experimental voucher increases mean college quality between the ages
of 18-20 by $687—that is, expected earnings at age 31 are $687 higher for the
experimental voucher group relative to the control group given the colleges that
children attend.?® This estimate is significantly different from zero with p < 0.01.
This increase of $687 reflects a combination of extensive-margin responses (higher
college attendance rates) and intensive-margin responses (attending a better col-
lege conditional on attending). We derive an upper bound on the extensive margin
effect by assuming that those who are induced to attend college attend a college
of average quality, which is a plausible upper bound for the quality of the college
attended by the marginal college student. The mean college quality conditional on
attending college for younger children in the control group is $31,409, while the
quality for all those who do not attend college is $18,867. This suggests that at most
(31,409 — 18,867) x 0.025 = $314 of the $687 impact is due to the extensive
margin response. Hence, the MTO experimental voucher appears to improve not
just college attendance rates but also the quality of colleges that students attend.™

The Section 8 voucher also has a large positive effect on college quality for
younger children that is significant with p < 0.05. The estimated effects on col-
lege quality for older children are negative and substantial in magnitude. The differ-
ence between the positive MTO experimental impact on college quality for younger

28We find small, statistically insignificant estimates on college attendance at older ages (up to age 25), similar
to those at age 21. Thus, the positive MTO experimental treatment effect on college attendance for younger children
from ages 18 to 20 does not appear to be driven purely by retiming of college attendance. However, our sample size
declines when looking at older ages, so we cannot rule out some degree of retiming.

29The increase in actual individual earnings of $1,624 (Table 3, column 2) is larger than the $686 impact on
projected earnings at age 31 based on college attendance. This indicates that the MTO treatment effects on earnings
go beyond what one would expect just from the labor market returns to increased college attainment. This is to be
expected given the fact that even in the experimental voucher group, more than 80 percent of children do not attend
college.

39The point estimates of the treatment effects on college attendance and quality are slightly smaller when we
include controls (online Appendix Table 4A). With controls, we estimate that the experimental treatment increased
college attendance rates by 1.7 pp from ages 18-20 (as compared to 2.5 pp without controls) and increased college
quality by $536.2 (as compared to $687 without controls).
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children and the large negative effect for older children is highly statistically signif-
icant (p = 0.0006), as shown in below. The treatment impacts on college
quality by age, shown in column 7-10 of Table 4, are similar to those for college
attendance rates. The effects are larger between ages 18-20 and become smaller at
age 21, suggesting that most of the marginal children induced to attend college do
so immediately after high school.

Overall, the positive MTO treatment impacts on college outcomes for younger
children and negative impacts for older children closely mirror the impacts on earn-
ings in Table 3. These results further support the view that moving to lower-poverty
areas improves outcomes when one moves as a young child but not at older ages.

D. Marriage and Fertility

We next examine MTO treatment impacts on children’s marriage and fertility
outcomes in Table 5. Columns 1-3 present ITT effects of the MTO treatments on
marriage rates, based on whether the individual files a tax return jointly with a
spouse. We include one observation per child per year from 2008-2012, limiting the
sample to observations where children are 24 or older. In column 1, we pool males
and females. For younger children, the experimental treatment increased the frac-
tion married in early adulthood by 1.9 pp, while the Section 8 treatment increases
the fraction married by 2.8 pp. These changes are quite large relative to the frac-
tion married in the control group, which is only 3.4 percent.”’ The MTO treatment
effects for the younger children are substantially larger for females, for whom the
marriage rate nearly doubles, than for males, for whom the effects are small and not
statistically significant (columns 2 and 3). There are no detectable treatment effects
on marriage for the older children.

In columns 4-7, we study the fertility behavior of the female children in the MTO
sample, which we infer from applications from SSNs for children (see Section IIB).
These specifications include one observation for each female child because the out-
comes are time-invariant. Columns 4 and 5 show that the MTO treatments do not
have statistically significant effects on overall birth rates or teenage birth rates for
either the younger or older female children. However, the experimental voucher
treatment does change the family circumstances of births substantially, in particular
the presence of the father at the birth. We measure whether the father is present at the
child’s birth by whether his name and SSN are listed on the child’s SSN application
(which is typically submitted when the child is born). In column 6, we restrict the
sample to females who have a birth and use an indicator for having a father listed
on the first-born child’s SSN application as the dependent variable. We find that the
experimental voucher treatment increases the share of births in which the father is
present by 6.8 pp for younger children. This leads to a significant decline of 4.8 pp in

31 Because we only observe marital status for those who file tax returns, part of the observed response could
be due to the increase in tax filing rates that we document in Table 8 below, but this bias is likely to be very small.
The experimental voucher treatment increased federal tax filing rates 5.7 percentage points for younger children. If
the marginal filer had the same probability of being married as individuals in the control group (3.4 percent), then
endogenous filing accounts for at most 0.057 x 0.034 = 0.2 percentage points of the 1.9 pp increase in marriage
rates that we observe. The more plausible explanation is that the increase in marriage rates induced by the treat-
ments led to the increase in tax filing rates documented in Table 8, as virtually all married working-age couples file
tax returns (Cilke 1998).
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TABLE 5—IMPACTS OF MTO ON MARRIAGE AND FERTILITY (Percentage Points)

Sample: All Males Females
Has Teen Father on  Birth with no
Dependent variable: Married Married Married birth birth birth cert.  father present
) )] ©) 4) ©) (6) ™
Panel A. Children < age 13 at random assignment
Exp. versus control 1.934%* 0.738 3.341%* —2.253 —0.670 6.849%* —4.807%*
(0.892) (1.038) (1.476) (2.515) (2.117) (3.322) (2.352)
Sec. 8 versus control 2.840%** 1.020 4.731%%% —0.285 2.409 2.671 —1.318
(1.055) (1.092) (1.831) (2.679) (2.375) (3.523) (2.562)
Observations 8,420 4,384 4,036 2,409 2,379 1,410 2,409
Control group mean 3.4 2.7 4.1 59.1 19.9 44.1 33.0
Panel B. Children age 13—18 at random assignment
Exp. versus control —0.0637 —1.441 1.173 —2.589 —2.404 —8.259%* 4.253
(1.368) (1.848) (1.988) (3.107) (3.172) (4.153) (3.626)
Sec. 8 versus control 0.654 —0.577 1.811 —0.547 —0.635 —0.182 —0.701
(1.465) (1.946) (2.181) (3.304) (3.579) (4.409) (3.807)
Observations 11,623 5,852 5,771 1,158 1,141 888 1,158
Control group mean 9.3 9.3 9.2 77.8 24.7 46.7 41.4

Notes: All columns report ITT estimates from OLS regressions (weighted to adjust for differences in sam-
pling probabilities across sites and over time) of an outcome on indicators for being assigned to the experimen-
tal voucher group and the Section 8 voucher group as well as randomization site indicators. Standard errors,
reported in parentheses, are clustered by family. Panel A restricts the sample to children below age 13 at random
assignment; panel B includes children between age 13 and 18 at random assignment. The estimates in panels A
and B are obtained from separate regressions. Column 1 includes one observation per individual per year from
2008-2012 in which the individual is 24 or older. The dependent variable in column 1 is an indicator for filing a tax
return as a married individual in a given year. Columns 2 and 3 replicate column 1 for males and females, respec-
tively. Columns 4-7 restrict the sample to females and include one observation per individual. The dependent vari-
able in column 4 is an indicator for having a child before June 2014. In column 5, it is an indicator for having a child
before the age of 19. Column 6 restricts the sample to females who have a birth; the dependent variable in this col-
umn is an indicator for having a father listed on the first-born child’s SSN application. In column 7, the dependent
variable is an indicator for having one or more births, with no father listed on the SSN application for the first birth.
*#%Significant at the 1 percent level.
*#*Significant at the 5 percent level.
*Significant at the 10 percent level.

the fraction of females who have a birth with no father present, as shown in column
7.%% The TOT effect corresponding to this estimate is —10.0 pp, implying that girls
whose families moved using the experimental voucher when they were young are 26
percent less likely to become single mothers (online Appendix Table 5B, column 7).
As with other outcomes, the Section 8 voucher has smaller effects on the father’s
presence at birth than the experimental voucher. And the older female children in
the MTO experimental group are much less likely to have a father listed on the
birth certificate when they have births relative to the control group. Hence, mar-
riage and fertility behavior exhibit what is now a familiar pattern of effects, with
significant increases in marriage rates and reductions in single parenthood for chil-
dren who moved to lower-poverty neighborhoods when young, but no change or
opposite-signed effects for children who made the same moves at an older age.

32 Unlike column 6, where we focus on the endogenously selected sample of girls who have births, the specifi-
cation in column 7 is estimated on the full sample of all young girls in the MTO data, using an indicator for having
a birth with no father present as the dependent variable.
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TABLE 6—IMPACTS OF MTO oON CHILDREN’S NEIGHBORHOOD CHARACTERISTICS IN ADULTHOOD

Poverty share Mean income Black share Single mother
in zip in zip in zip share in zip
2008-2012 (%) 2008-2012 ($) 2008-2012 (%) 2008-2012 (%)
() 2 3) (4)
Panel A. Children < age 13 at random assignment
Exp. versus control —1.592%#* 1,345.9%%%* —2.852%* —1.812%%*
(0.602) (489.5) (1.417) (0.862)
Sec. 8 versus control —1.394%* 1,322.0%* —5.654%%* —3.087%**
(0.699) (558.6) (1.714) (1.001)
Observations 6,649 6,649 6,651 6,648
Control group mean 23.8 25,014.3 43.0 42.0
Panel B. Children age 13—-18 at random assignment
Exp. versus control —0.523 604.2 0.465 —0.294
(0.643) (478.5) (1.654) (0.940)
Sec. 8 versus control —0.928 442.0 —2.631 —1.856*
(0.698) (524.2) (1.715) (0.976)
Observations 9,149 9,149 9,149 9,148
Control group mean 23.6 25,170.5 39.6 40.1

Notes: All columns report ITT estimates from OLS regressions (weighted to adjust for differences in sampling
probabilities across sites and over time) of an outcome on indicators for being assigned to the experimental voucher
group and the Section 8 voucher group as well as randomization site indicators. Standard errors, reported in paren-
theses, are clustered by family. In this table, we only include observations where zip code information in the rele-
vant year is available (based on 1040 tax returns, W-2’s, or other information returns). In 2012, zip code data are
available for 79.56 percent of observations for children age 24 or older. Panel A restricts the sample to children
below age 13 at random assignment; panel B includes children between age 13 and 18 at random assignment. The
estimates in panels A and B are obtained from separate regressions. Outcome variables are defined using zip code—
level data from the 2000 census. All columns include one observation per individual per year from 2008-2012 in
which the individual is 24 or older and in which zip code information is available. The dependent variable in column
1 is the poverty share (share of households below the poverty line in the 2000 census) in the individual’s zip code.
Columns 2—4 replicate column 1 with the following dependent variables: mean income in the zip code (aggregate
income divided by the number of individuals 16-64), black share (number of people who are black alone divided by
total population in 2000) and single mother share (number of households with female heads and no husband present
with own children present divided by the total number of households with own children present).
##%Significant at the 1 percent level.
**Significant at the 5 percent level.
*Significant at the 10 percent level.

E. Neighborhood Characteristics in Adulthood

The MTO vouchers substantially reduced the degree of neighborhood poverty
experienced by MTO children during their childhood (Table 2). Do these child-
hood improvements in neighborhood environments persist into adulthood, provid-
ing better neighborhoods for the next generation (the children of MTO children)? In
we answer this question using information drawn from tax records on the
zip codes where MTO children live in adulthood.

Among younger children (panel A), both the experimental and Section 8 children
live in better neighborhoods in adulthood relative to the control group children on
a wide range of measures. In column 1, we measure ITT effects on zip code—level

33 We are unable to obtain zip codes for 20.4 percent of the children because we do not have tax returns or W-2
forms for them. The rate of missing zip code data does not vary across the treatment and control groups.
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poverty rates, with one observation per child per year from 2008-2012 (only includ-
ing observations where children are age 24 or older). The experimental ITT estimate
is —1.6 percentage points, about one-third as large as the treatment effect on the
average poverty rate in the zip code where the individual lived in childhood (Table 2,
column 6). Columns 2—4 examine impacts on other neighborhood characteristics
using the same specification as in column 1. They show that children assigned to the
experimental group also live in areas with higher mean income, less racial segrega-
tion (lower share of black residents), and a lower share of female-headed households.
All of these treatment effects are significantly different from zero with p < 0.01. In
contrast, the MTO treatments on adult neighborhood quality are smaller and typi-
cally not statistically significant for the older MTO children, as seen in panel B of
Table 6.

Together, Tables 5 and 6 indicate that the improvements in neighborhood envi-
ronments for the younger MTO children lead to better neighborhood and family
environments for the next generation, the grandchildren of the original MTO par-
ents. Relative to the grandchildren in the control group, the grandchildren in the
experimental group are more likely to be raised in lower-poverty neighborhoods by
two parents who have a higher level of household income and are more likely to have
attended college. In short, subsidized housing vouchers produce durable benefits
that persist into subsequent generations for children who moved to lower-poverty
neighborhoods at young ages.

F. Heterogeneity of Treatment Effects

Prior work has found that the MTO treatments had more positive effects on female
children than on male children in terms of mental health, physical health, risky behav-
iors, and educational outcomes during adolescence (Kling, Liebman, and Katz 2007,
Sanbonmatsu et al. 2011; Ludwig et al. 2013). Inwe reexamine the hetero-
geneity of MTO treatment effects by child gender, but look at outcomes in adulthood.

In contrast to the substantially more favorable MTO treatment impacts for female
than male children when they were teenagers, we find roughly similar impacts by
gender when observing the MTO children as adults. Table 7 shows I'TT estimates
by gender for individual earnings, college quality, and zip code—level poverty rates
in adulthood. Columns 1 and 2 show experimental ITT estimates by gender, while
columns 3 and 4 show Section 8 ITT estimates by gender. We show the mean value
of the dependent variable for the control group in the relevant estimation sample in
square brackets to facilitate interpretation of magnitudes.™

For younger children (panel A), the experimental ITT effect on individual earn-
ings in adulthood (age 24 and above) for boys is $1,679, an estimate that is signifi-
cantly different from zero with p = 0.085. The comparable estimate for girls is a
very similar $1,439 (p = 0.104). The Section 8 ITT effects are slightly smaller
for both boys and girls, at approximately $1,100. The experimental and Section 8

34 An interesting feature of the data presented in Table 7 is that female MTO children have substantially higher
adult earnings on average than male MTO children for both the younger and older groups—a striking reversal of the
usual gender earnings gap favoring men. The difference arises from much higher employment rates for female than
male MTO children, likely reflecting changes in labor market outcomes by gender in US disadvantaged populations.
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TABLE 7—HETEROGENEITY OF TREATMENT EFFECTS BY GENDER

Experimental versus control Section 8 versus control
Male Female Male Female
(1) 2 ®3) 4)
Panel A. Children < age 13 at random assignment
Individual earnings 2008-2012 ($) ITT 1,679.2% 1,438.9 1,073.8 1,097.6
(973.3) (885.1) (947.1) (931.6)
(10,020.8] [12,634.2] [10,020.8] [12,634.2]
College quality 18-20 ($) ITT 522.3% 819.4%%* 327.4 895 4%
(290.1) (345.0) (290.2) (399.2)
[20,443.8] [21,440.2] [20,443.8] [21,440.2]
Zip poverty share 2008-2012 (%) ITT —1.498%* —1.519%* —0.733 —2.055%%**
(0.720) (0.674) (0.793) (0.766)
[22.5] [24.5] [22.5] [24.5]
Panel B. Children age 13—18 at random assignment
Individual earnings 2008-2012 ($) ITT —1,832.4 —204.9 —1,410.6 —740.6
(1,298.3) (1,044.6) (1,363.6) (1,165.4)
[14,814.4] [16,997.5] [14,814.4] [16,997.5]
College quality 18-20 ($) ITT —590.4 —1,201.4%* —27.44 —1,105.8%*
(496.6) (582.3) (596.4) (618.6)
[20,935.2] [22,348.0] [20,935.2] [22,348.0]
Zip poverty share 2008-2012 (%) ITT 0.281 —0.627 0.844 —1.241
(1.069) (0.954) (1.149) (1.059)
[21.8] [24.2] [21.8] [24.2]

Notes: This table replicates the ITT OLS regression specifications in column 2 of Table 3 (individual earnings),
column 6 of Table 4 (college quality), and column 1 of Table 6 (poverty share) separately for male and female chil-
dren. Columns 1 and 2 report the coefficient on the indicator for being assigned to the experimental voucher group;
columns 3 and 4 report the coefficient on the indicator for being assigned to the Section 8 voucher group. The esti-
mates in columns 1 and 3 are for males, and the two estimates in each row of these columns come from a single OLS
regression analogous to that in column 2 of Table 3. The estimates in columns 2 and 4 for females are constructed
analogously. Standard errors, reported in parentheses, are clustered by family. Control group means for each estima-
tion sample are reported in square brackets. Panel A restricts the sample to children below age 13 at random assign-
ment; panel B includes children between age 13 and 18 at random assignment. See the notes to Tables 3, 4, and 6
for further details on specifications and variable definitions.
##%Significant at the 1 percent level.
**Significant at the 5 percent level.
*Significant at the 10 percent level.

treatments also improve college quality (at ages 18-20) and neighborhood quality
(at age 24 and above) for both boys and girls. Conversely, we find adverse long-term
treatment effects for both boys and girls who were above age 13 at RA (panel B).
The positive effects of the MTO treatments on adult outcomes for the younger
boys point to an intriguing dynamic pattern of neighborhood effects when combined
with results from prior work. Previous work found positive initial impacts of MTO
moves on young boys (at 1 to 3.5 years after random assignment), who had a sig-
nificantly lower incidence of problem behaviors (Katz, Kling, and Liebman 2001).
But boys who moved to lower-poverty areas at young ages in the experimental group
were doing moderately worse than those in the control group as teens in terms of
risky behaviors and education (Sanbonmatsu et al. 2011). This pattern has now turned
around to a strongly positive one in terms of labor market and educational outcomes
in early adulthood. One speculative explanation for these patterns is that teenage
misdeeds may have smaller adverse consequences and second chances may be more
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available for youth in middle-class neighborhoods than in more-distressed neighbor-
hoods. The positive MTO experimental impacts in adulthood for the younger female
youth are less surprising, as previous work found significant positive impacts for the
younger females in the experimental group both as teens in the interim evaluation and
continued modestly positive effects as older teens in the final evaluation.

We also explored heterogeneity of the MTO treatment effects by race and eth-
nicity (online Appendix Table 7A) and across the five randomization sites (online
Appendix Table 7B). The MTO experimental voucher increased individual earnings
in adulthood and college quality for children below age 13 at RA in every racial
group (black, Hispanic, and white) and in all five sites (Baltimore, Boston, Chicago,
New York, and Los Angeles).’? The treatment effects on earnings and college qual-
ity are larger in the sites where the treatments led to larger reductions in neighbor-
hood poverty rates. In contrast, the estimated effects for the older children (ages
13-18 at RA) are negative in virtually all the subgroups for each of the outcomes.

In summary, the main lesson of the heterogeneity analysis is that the long-term
benefits of childhood exposure to lower-poverty neighborhoods are highly robust
across genders, racial groups, and geographic locations.

G. Age Pattern of Exposure Effects

Thus far, we have split the MTO children into “younger” versus “older” children
using a cutoff of age 13 at RA. In this section, we assess the sensitivity of our results
to the choice of this cutoff and evaluate how the effects of the MTO treatments vary
with a child’s age at move more generally.

As a first step, we replicate the baseline specifications in Tables 3—6, varying the
cutoff used to split the sample. We find very similar estimates if we define “young”
children as those below age 12 at RA or those below age 14 at RA (online Appendix
Table 11). In particular, the estimated effects of the experimental voucher on indi-
vidual earnings, college quality, neighborhood poverty share, and fraction married
are all significantly different from O at conventional significance levels, with point
estimates similar to the baseline estimates. The Section 8 voucher also has positive
effects in all cases, most of which are smaller than the experimental voucher impacts
but still significantly different from O.

Linear Exposure Models.—A different way to assess how the MTO treatment
effects vary with children’s age at move is to estimate models that interact age at
move linearly with the treatment indicators instead of splitting children into two
groups. Pooling all children, we regress outcomes (y) on the MTO treatment group
indicators (Exp and S8) and interactions of these treatment group indicators with the
age at random assignment (AgeRA),

(3) Vi = a + BroExp; + Bs0S8; + BeaExp; - AgeRA;

+ B54 S8, - AgeRA; + sa;y + €,

35 Note that the subgroup-specific estimates are naturally much less precise because of the smaller sample sizes,
and hence are not statistically significant in many cases.
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controlling for randomization site indicators interacted with indicators for age
at RA (s@;). The coefficients on the main effects for treatment group assignment
(Bro and [gp) can be interpreted as the ITT impact of being offered a voucher to
move to a better neighborhood at birth. The coefficients on the interaction terms
with age at RA (g, and (3g4) can be interpreted as the average reduction in the ITT
effects per year of reduced exposure to the new area. Note that we observe college
outcomes only for children who were four or older at RA and earnings only for those
who were six or older at RA. Hence, the estimates of impacts at birth rely on out-of-
sample extrapolations based on the linear functional form.

Table 8 presents estimates of (3) for individual earnings (column 1), household
income (columns 2 and 3), college quality (column 4), marriage rates (column 5)
and the zip code poverty share in adulthood (column 6). Column 7 reports effects on
total taxes paid—an outcome that we return to in Section V below. Online Appendix
Table 8A replicates the ITT estimates in Table 8 including the baseline controls.
Online Appendix Table 8B presents TOT estimates, estimated using a 2SLS speci-
fication where we instrument for voucher take-up (and the interactions) using treat-
ment assignment indicators.

The estimates in Table 8 indicate large and statistically significant beneficial
impacts of the experimental treatment for all the outcomes, with the gains declin-
ing rapidly with age at RA. In other words, the benefits of being offered an MTO
experimental voucher increase with potential years of childhood exposure to better
neighborhoods. For example, the experimental ITT estimates for individual earn-
ings in column 1 imply an increase in annual adult earnings of (g, = $4,823 for
those offered an experimental voucher at birth. The estimated effect on earnings
falls by Oga = —$364 per year, so the predicted effect reaches zero for children
who are 13.25 years at RA and becomes negative for children who move as teenag-
ers. This pattern is consistent with positive childhood exposure effects on earnings
coupled with a disruption cost of moving to a very different social environment
(e.g., moving from a high-poverty to a low-poverty neighborhood or moving a sub-
stantial geographic distance) that outweighs the exposure benefits if children move
after age 13.

The Section 8 voucher has a similar pattern of effects with attenuated magni-
tudes. The TOT estimates of both the treatment effects at birth and the interactions
with age at RA are about half as large for the Section 8 group as for the experimental
group for most outcomes (online Appendix Table 8B). This mirrors the fact that the
Section 8 treatment reduced neighborhood poverty rates in childhood half as much
as the experimental treatment (Table 2).

Note that one cannot necessarily interpret the interaction effects (4 and (3g,) as
the causal effects of an additional year of childhood exposure to lower-poverty areas.
The differences in estimated effects by age at RA could be driven by heterogeneity in
the types of families who sign up for MTO or comply with MTO treatments by age of
children. Conceptually, our ability to identify causal exposure effects is limited by the
fact that the MTO experiment only randomized voucher offers; it did not randomize
the age at which children moved, which could be correlated with other unobservable
factors. Nevertheless, the linear interaction models in Table 8 do provide further evi-
dence supporting our main result that the MTO treatments had significant positive
effects on children who were young at the point of random assignment.
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TABLE 8—LINEAR EXPOSURE EFFECT ESTIMATES

Household income ($)

Indiv. earn. ($) Coll. qual. Zip poverty Taxes
2008-2012 2008-2012 Age 26 18-20 Married share paid
ITT ITT ITT ITT ($) ITT (%) ITT (%)  ITT($)
(1 2 (3) (4) ) (6) (™)
Experimental —364.1% —723. 7% —564.9%* —171.0%%%  —(.582%* 0.261%  —65.81%**
x age at RA (199.5) (255.5) (282.8) (55.16) (0.290) (0.139) (23.88)
Section 8 x age —229.5 —338.0 157.2 —117.1%* —0.433 0.0109 —42.48%
at RA (208.9) (266.4) (302.0) (63.95) (0.316) (0.156) (24.85)
Experimental 4,823.3%* 9,441 1% 8,057.1%* 1,951.3%%% 8.309%* —4.371%%  83].2%%*
(2,404.3) (3,035.8) (3.760.9) (575.1) (3.445) (1.770) (279.4)
Section 8 2,759.9 4,447.7 —1,194.0 1,461.1%* 7.193%* —1.237 521.7%
(2,506.1) (3,111.3) (3,868.2) (673.6) (3.779) (2.021) (287.5)
Observations 20,043 20,043 3,956 20,127 20,043 15,798 20,043
Control group mean 13,807.1 16,259.9 14,692.6 21,085.1 6.6 23.7 627.8

Notes: This table reports ITT estimates from OLS regressions (weighted to adjust for differences in sampling prob-
abilities across sites and over time) of an outcome on indicators for being assigned to the experimental voucher
group and the Section 8 voucher group, interactions between the experimental /Section 8 indicators and age at ran-
dom assignment (RA), and interactions between randomization site indicators and age at RA. All regressions are
estimated using all children in the sample with available outcome data. Standard errors, reported in parentheses,
are clustered by family. The dependent variable is individual earnings in column 1 and household income in col-
umns 2 and 3. See notes to Table 3 for definitions of these variables. In columns 4-7, we replicate column 1 with
the dependent variables used in column 6 of Table 4, column 1 of Table 5, column 1 of Table 6, and column 2 of
Table 12. See notes to those tables for definitions of these variables. Columns 1, 2, and 57 include one observation
per individual per year from 2008—2012 in which the individual is 24 or older. Column 3 includes one observation
per individual at age 26. Column 4 includes one observation per individual per year from ages 18-20, as in Table 4.
The Experimental x age at RA coefficient can be interpreted as the change in the impact of being assigned to the
experimental group for a child who is one year older at random assignment, and the Section 8 x Age at RA coeffi-
cient can be interpreted analogously.
##%Sjgnificant at the 1 percent level.
**Significant at the 5 percent level.
*Significant at the 10 percent level.

Nonparametric Estimates by Age at Move.—In we evaluate how
the effects of the MTO treatments vary with children’s ages at move using a

nonparametric approach. These figures plot ITT estimates of being assigned to the
experimental voucher group by a child’s age at RA, grouping children into two-year
age bins. Given the small sample sizes in each age group, we focus on the two
outcomes for which we have the greatest precision: household income and college
quality. In panel A, we regress household income on the treatment group indica-
tors using a specification analogous to column 8 of Table 3. In panel B, we regress
college quality on these indicators using the specification in column 6 of Table 4.
In each panel, we estimate separate regressions using the data within each age bin
and plot the experimental ITT estimates along with a 95 percent confidence interval
(shown by the dashed lines).

Panel A shows that the experimental voucher increased household income in
adulthood by approximately $2,000 for children who were offered the experimental
voucher at or before age ten. This effect declines steadily with age at RA and
becomes negative around age 13. Similarly, panel B shows significant positive
effects on college quality for children who move at young ages, which then become
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Panel A. Household income, age > 24 ($)
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FIGURE 2. IMPACTS OF EXPERIMENTAL VOUCHER BY CHILDREN’S AGE AT RANDOM ASSIGNMENT

Notes: These figures plot ITT estimates of the impact of being assigned to the experimental voucher group by a
child’s age at RA. Panel A plots impacts on household income for those above age 24, while panel B plots impacts
on the earnings-based index of college quality between ages 18-20. To construct panel A, we first divide children
into two-year age groups based on their age at random assignment; for instance, children who were ages 12 or 13
at RA are placed in the “age 12” group in the figure. Since there are few children who are below age ten at RA and
whose income is observed at age 24, we include those below age 10 at RA in the age 10 bin; likewise, we include
children who are 18 at RA in the age 16 bin. Using data within each age bin, we regress household income on indi-
cators for being assigned to the experimental and Section 8 voucher groups using the same specification as in col-
umn 8 of Table 3, with one observation per individual per year from 2008-2012 in which the individual is 24 or
older. The solid line is a best fit line for the plotted estimates. The dashed lines show the 95 percent confidence inter-
val for each of the estimates. Panel B replicates panel A using college quality as the dependent variable. The regres-
sion specification used to estimate the coefficients plotted in panel B is the same as that in column 6 of Table 4, with
one observation per year when the child is between the ages of 18-20. We plot the coefficients on the experimen-
tal voucher group indicator in this figure; the corresponding estimates for the Section 8 voucher group are shown
in online Appendix Figure 2. See notes to Tables 3 and 4 for definitions of household income and college quality.
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negative for children moving in adolescence.’ In both cases, we cannot reject the
hypothesis that the relationship between age at move and the treatment effects is
linear, although the age-specific estimates are not very precise because of the small
sample sizes. There is little evidence of a “critical age” below which children must
move to benefit from a better neighborhood. The roughly linear pattern of expo-
sure effects in the MTO data matches the quasi-experimental findings of Chetty and
Hendren (2015), who document a much more precisely estimated pattern of linear
childhood exposure effects using a sample of five million families that moved across
counties.’”

IV. Reconciling the Findings with Previous MTO Research

In this section, we reconcile our new findings with prior research on MTO’s
impacts on the economic outcomes of adults and children. We first show that, con-
sistent with prior work, exposure to better neighborhoods does not appear to improve
adults’ outcomes. We then explain why our findings of exposure effects for children
were not detected in prior research. Finally, we evaluate whether our findings on the
heterogeneous effects of the MTO treatments by age at move may be an artifact of
multiple hypothesis testing given that prior research on MTO has tested for hetero-
geneity in several other dimensions as well.

A. MTO Impacts on Adults’ Economic Outcomes

Previous research has found that the MTO treatments had little impact on adults’
income and employment rates (Kling, Liebman, and Katz 2007; Sanbonmatsu
etal. 2011). These prior studies used data from state unemployment insurance

(UI) records through 2008 and survey data collected in 2008-2009. In|Table 9, we
reexamine the effects of MTO on adults’ economic outcomes using the tax data.
The tax data allow us to follow the MTO adults through 2012 and track individuals
who move across state lines, who are missing from the state Ul data of the original
randomization sites.

Table 9 presents ITT estimates of MTO treatment impacts on the individual earn-
ings, household income, and employment rates of MTO adults.’® The specifications
in columns 1-2 and 4-5 use one observation per year from 2008-2012 for each of
the 4,215 adults in the linked MTO-tax data, while column 3 uses data only from
2012.

360nline Appendix Figure 2 plots the corresponding ITT estimates for the Section 8 voucher by age bin. We
find qualitatively similar declining patterns for the impacts of the Section 8 voucher, although the estimates are
attenuated in magnitude, consistent with our earlier findings.

37 Chetty and Hendren’s quasi-experimental estimates of exposure effects are identified on a sample consisting
entirely of families who moved across counties, comparing the outcomes of children who move to different areas at
different ages. Since everyone in Chetty and Hendren’s sample moves a significant distance, their estimates net out
any fixed disruption costs of moving across social environments. In contrast, here we compare families who move to
a low-poverty area (who face disruption costs of relocating to a very different area) to families who largely remain
in higher-poverty areas (who do not pay such disruption costs). Our estimates therefore include the disruption cost
of moving to a different environment. This difference may explain why we find negative effects for children who
move at older ages in the MTO data, whereas Chetty and Hendren estimate positive exposure effects at all ages.

38 As in prior work, the “adult” whom we follow in the MTO data and link to the tax data is the household head
at the point of RA, with preference given to the mother or other adult female guardian if present.



VOL. 106 NO. 4 CHETTY ET AL.: EFFECTS OF MOVING TO OPPORTUNITY EXPERIMENT 889

TABLE 9—IMpACTS OF MTO ON ADULTS’ INCOME

Individual earnings ($)

2008-2012 ITT Employed (%) Hhold. inc. ($)
ITT w/controls 2012 ITT ITT ITT
) 2 A3) 4) ©)
Exp. versus control —354.1 —168.7 —681.9 —0.946 —338.5
(621.9) (558.2) (675.1) (1.704) (740.4)
Section 8 versus control 249.5 468.1 —99.67 —-0.702 516.7
(675.2) (609.0) (758.4) (1.833) (829.4)
Observations 21,075 21,075 4215 21,075 21,075
Control group mean 14,381.0 14,381.0 13,700.6 54.9 17,951.5

Notes: All columns report ITT estimates from OLS regressions (weighted to adjust for differences in sampling
probabilities across sites and over time) of an outcome on indicators for being assigned to the experimental voucher
group and the Section 8 voucher group as well as randomization site indicators. Standard errors, reported in paren-
theses, are clustered by family. The sample consists of all individuals in the linked MTO-tax dataset who were not
classified as children at the point of random assignment. The number of individuals is 4,215 in all columns. The
dependent variable in columns 1-3 is individual earnings. Column 1 includes one observation per individual per
year from 2008-2012 in which the individual is 24 or older. Column 2 replicates column 1, controlling for the pre-
determined characteristics listed in online Appendix Table 1A. In column 3 we replicate column 1 using data from
2012 only. Columns 4 and 5 replicate column 1 using employment and household income as the dependent vari-
ables. See notes to Table 3 for definitions of all dependent variables.
##*Significant at the 1 percent level.
**Significant at the 5 percent level.
*Significant at the 10 percent level.

Consistent with prior work, we find no effects of MTO treatments on any of the
adults’ economic outcomes. The point estimates tend to be slightly negative for
the experimental group and slightly positive for the Section 8 group, but all of the
estimates are small and are not significantly different from zero. For example, the
experimental voucher ITT on mean individual earnings from 2008-2012 is —$354
(2.4 percent of the control group mean), with a standard error of $622. The corre-
sponding TOT estimate on individual earnings is —$734, 5.1 percent of the control
group mean and 4.7 percent of the control complier mean (online Appendix Table
9B, column 1). The upper bound of the 95 percent confidence interval for the TOT
estimate is $1,795, 12 percent of the control group mean. This is far below the
31 percent increase in individual earnings for young children.

Exposure Effect Estimates.—Clampet-Lundquist and Massey (2008) show that
the number of years an adult spends in a low-poverty area is correlated with their
earnings and other economic outcomes. Their findings raise the possibility of time
of exposure impacts for adults similar to what we documented above for children.’”
We test for such exposure effects inby estimating the effects of the MTO
treatments on individual earnings by the number of years since random assignment.
We group the data into two-year bins based on the number of years elapsed since RA
and estimate I'TT regression specifications using the data within each bin.

39Clampet-Lundquist and Massey’s analysis does not directly identify causal exposure effects because it
exploits cross-sectional variation across individuals (which may be confounded by omitted variables) rather than
the experimental variation generated by the randomly assigned treatments.
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FIGURE 3. IMPACTS OF EXPERIMENTAL VOUCHER ON ADULTS BY YEARS SINCE RANDOM ASSIGNMENT

Notes: These figures plot ITT estimates of the impact of being assigned to the experimental voucher group by the
number of years since random assignment (RA) for adults. Panel A plots impacts on the total number of years the
individual lived in a census tract with a poverty rate of less than 20 percent since RA. To construct panel A, we first
divide the data into two-year groups based on the number of years since RA (e.g., data in the first and second year
after the calendar year of RA are assigned a value of 2). Using the data within each bin (with two observations per
adult), we regress the total number of years in which the individual lived in a census tract with a poverty rate below
20 percent since RA on indicators for being assigned to the experimental and Section 8 voucher groups as well as
randomization site indicators, following the standard ITT specification used for other outcomes. The solid line is
a best fit line for the plotted estimates. Tract poverty rates were linearly interpolated using data from the 1990 and
2000 decennial censuses as well as the 20052009 American Community Survey. Panel B plots impacts on individ-
ual earnings, and is constructed using the same approach as in panel A. The regression specification used to estimate
the coefficients plotted in panel B is analogous to that in column 1 of Table 9, with one observation per adult at age
24 or above for the relevant years in each bin. We plot the coefficients on the experimental voucher group indicator
in this figure; the corresponding estimates for the Section 8 voucher group are shown in online Appendix Figure 3.
See notes to Table 9 for the definition of individual earnings.
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We first verify that the total time of exposure to low-poverty environments
increases with time since RA for adults who were assigned to the experimental
voucher group relative to the control group. Prior studies have observed that some
MTO participants in the experimental group moved back to higher-poverty areas
over time, while some families in the control group moved to lower-poverty areas
over time (e.g., Clampet-Lundquist and Massey 2008). We assess the impacts of
such subsequent moves in panel A of Figure 3. We regress the cumulative number of
years that the adult lived in a census tract with a poverty rate below 20 percent since
RA on the MTO treatment indicators. The figure plots the ITT effects of the exper-
imental voucher on cumulative exposure to low-poverty areas versus the number of
years since RA. It is clear that the total amount of exposure to low-poverty areas
rises substantially over time in the experimental group relative to the control group
despite the fact that some families moved again in subsequent years.

Panel B of Figure 3 shows ITT effects of the experimental voucher on adults’
individual earnings by years since RA, estimated using regressions analogous to that
in column 1 of Table 9. The estimated impact on adult earnings is consistently close
to zero when measuring earnings in the one to ten years after RA, with no evidence
of the increasing pattern that one would expect if time of exposure in adulthood
has a causal effect. The results are very similar for the Section 8 treatment (online
Appendix Figure 3). We conclude that exposure to improved neighborhood envi-
ronments—at least for the range of moves generated by the MTO experiment—has
little impact on adults’ economic outcomes. "

Together with our findings in Section III, the results in Figure 3 show that it is
the amount of exposure to better neighborhoods during childhood (rather than total
lifetime exposure) that matters for long-term economic success. Moreover, these
findings imply that the MTO treatment effects on children’s outcomes do not arise
from improvements in family income. Instead, they are likely to be driven by direct
effects of neighborhood environments on the children or to be mediated by parental
health and stress, which were improved by the MTO treatments (Ludwig et al. 2011,
Ludwig et al. 2012).

B. MTO Impacts on Children’s Economic Outcomes

The MTO final impacts evaluation (Sanbonmatsu et al. 2011) found no treatment
effects on children’s economic outcomes using data from state Ul records in 2008
and survey data from 2008-2009. Inwe reconcile our findings with these
earlier results. As a reference, we begin in column 1 of Table 10 by replicating the
specification in column 2 of Table 3, which shows that the MTO treatments had
substantial positive effects on the individual earnings of younger children (those

4OQuigley and Raphael (2008) argue that the moves induced by MTO did not change neighborhood envi-
ronments by enough to offset the spatial disadvantages faced by low-skilled minority female household heads.
Although larger neighborhood changes could have different effects, we note that MTO moves did change neighbor-
hood environments quite substantially. TOT estimates show that adults who moved using an experimental voucher
lived in lower-poverty areas for approximately five more years on average (as implied by Figure 3) and experienced
an 18 percentage point reduction in neighborhood poverty (1.5 standard deviations in the US census tract poverty
distribution) up to the point of the MTO final impacts evaluation, 10-15 years after RA (Ludwig et al. 2013).
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TABLE 10—MTO IMPACTS ON CHILDREN’S EARNINGS: COMPARISON TO MTO FINAL IMPACTS EVALUATION

Dependent variable: Individual earnings Individual earnings
Measured age > 24 ($) measured age 16-21 ($)
Sample: < Age 13 Allchildren < Age13 Allchildren < Age 13 All children
2008-2012  2008-2012 2008 2008 Up to 2012 2008
(1 o) ©) 4) ©) (6)
Exp. versus control 1,624.0%* 302.5 1,840.9 —236.6 -30.97 —286.3
(662.4) (5782)  (1339.7)  (757.0) (229.7) (410.8)
Section 8 versus control 1,109.3 —44.06 2,860.1* —213.7 197.4 190.0
(676.1) (6215)  (1486.1)  (799.9) (176.6) (351.8)
Observations 8,420 20,043 552 2,851 30,011 3,384
Control group mean 11,270.3 13,807.1 11,615.0 14,531.5 4,033.3 4,923.0

Notes: All columns report ITT estimates from OLS regressions (weighted to adjust for differences in sampling
probabilities across sites and over time) of an outcome on indicators for being assigned to the experimental voucher
group and the Section 8 voucher group as well as randomization site indicators. Standard errors, reported in paren-
theses, are clustered by family. The dependent variable is individual earnings in all columns, defined in the notes to
Table 3. Column 1 replicates the specification in column 2 of Table 3, panel A, and includes children below age 13
at age of random assignment. This specification includes one observation per individual per year from 2008-2012
in which the individual is 24 or older. Column 2 replicates column 1, pooling all children (irrespective of age at
random assignment) in the sample. Columns 3 and 4 replicate columns 1 and 2, limiting the sample to data from
the 2008 tax year, which was the last year of data available for the MTO final impacts evaluation (Sanbonmatsu et
al. 2011). Columns 3 and 4 therefore only include children who were 24 or older in 2008. Column 5 replicates col-
umn 1, with one observation per year in which the child is between the ages of 16-21, using all years in which we
observe individual earnings (1999-2012). Column 6 replicates column 4, restricting the sample to children between
the ages of 16 and 21 in 2008, as in the MTO final impacts evaluation.
##*Significant at the 1 percent level.
**Significant at the 5 percent level.
*Significant at the 10 percent level.

under 13 at RA). The remaining columns present variants of this specification that
highlight three reasons why our findings differ from prior results.

First, if we had followed earlier MTO work in pooling younger and older MTO
children, we also would have found no mean effects on earnings in adulthood, as
shown in column 2 of Table 10. Such pooled estimates hide the positive MTO effects
on younger children and negative effects on older children.

Second, we measure the earnings of children who were 24 years or older in 2012
in our data. If instead we had conducted our analysis in 2008—the time of the MTO
final impacts evaluation—we would have found positive but very imprecisely esti-
mated effects on earnings for children who were below age 13 at RA, as shown in
column 3. This is because one would have had only 552 observations on earnings
for children who were less than 13 at RA in 2008. If one had attempted to expand
the sample by including all children in the analysis, as in column 4, one would have
again obtained a point estimate close to zero.

Finally, partly because of these data limitations, prior analyses measured earnings
at very early ages, between the ages of 16-21. Columns 5 and 6 show that we find no
effects on earnings at these early ages in our data even when we focus on children
who were less than 13 at RA. The earnings impacts of MTO emerge only after chil-
dren complete education and begin to enter the labor market, as shown in Figure 1.

In sum, there is no inconsistency between our empirical findings and prior MTO
evaluations. The childhood exposure effects we document here were not apparent
in prior studies because they did not have adequate long-term data to observe the
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emergence of MTO’s impacts on earnings and other outcomes in adulthood for chil-
dren who moved at young ages.*

C. Multiple Comparisons

Previous research has searched for impacts of MTO in a wide range of subgroups:
across the five treatment sites, for different races, and for each gender. Given the
extensive subgroup analysis that has been conducted in the MTO data, one may be
concerned that our findings of significant effects in certain age subgroups are an
artifact of multiple hypothesis testing. Of course, examining many subgroups can
generate p-values that appear to be individually statistically significant purely by
chance.

To address this concern, we implement a set of parametric F-tests for the null
hypothesis that there are no subgroup-specific treatment effects in the pooled data.
These F-tests adjust for the over-rejection rate when analyzing any one subgroup
separately by using a single joint test across all subgroups in the pooled sample. In
panel A of Table 11, we test the hypothesis that there is no treatment effect for either
young children (under 13) or older children (13-18). We regress a subset of the
outcomes analyzed in Tables 3—6 above on the MTO treatment indicators (Exp and
S8) interacted with an indicator for being below age 13 at RA (Below13), including
site dummies as controls. We then test the hypothesis that the Exp and Exp-Below13
interaction effect are both 0 (row 1), the S8 and $8-Below13 interaction effect are
both zero (row 2), and both sets of treatment effect estimates are 0 (row 3).

We reject the null of zero treatment effects in both age subgroups with p < 0.05
in most cases, especially for the experimental voucher group. For example, we
reject the null hypothesis that the experimental voucher has no effect on individ-
ual earnings in either age subgroup with p = 0.020. For college quality, we reject
the hypothesis that the experimental voucher has no effect in either subgroup with
p = 0.0006 and reject the hypothesis that the experimental and Section 8 treatments
have zero effects in all subgroups with p = 0.0020.

The tests in panel A consider the age-specific subgroups we focus on in this study,
but not the other subgroups that have been analyzed in the broader literature. In
panel B, we test the hypothesis that there is no treatment effect in any of the primary
subgroups that have been studied to date in the MTO data: randomization sites,
racial groups, gender, and age at RA. As in panel A, we regress outcomes on the
MTO treatment indicators interacted with all of these subgroup indicators. We then
test the hypothesis that the experimental indicator and all of its subgroup interac-
tions are O (row 1), the Section 8 indicator and all of its interactions are O (row 2),
and both sets of treatment effects are zero (row 3).

The tests in panel B have less power than those in panel A because they consider
many more subgroups. Nevertheless, when we focus on the outcomes for which we

“IThe MTO final impacts evaluation (Sanbonmatsu et al. 2011) found no significant effects of the MTO treat-
ments on educational outcomes or risky behaviors for children who moved at young ages when they were observed
as adolescents. The positive treatment effects for younger children show up only when we look at their outcomes
in adulthood. Hence, our findings differ from the conclusions of prior research on MTO both because we focus
children who moved at young ages and because we analyze long-term impacts rather than intermediate outcomes.
We discuss our findings in the context of prior research on MTO in greater detail in the conclusion.
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TABLE 11—MULTIPLE COMPARISONS: F-TESTS FOR SUBGROUP HETEROGENEITY

Individual Household

earnings income College College Poverty share
2008-2012 2008-2012  attendance quality Married in zip
($) ($) 18-20 (%) 18-20 ($) (%) 2008-2012 (%)

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

Panel A. p-values for comparisons by age group

Exp. versus control 0.0203 0.0034 0.0035 0.0006 0.0814 0.0265

Section 8 versus control 0.0864 0.0700 0.1517 0.0115 0.0197 0.0742

Exp. and Section 8 versus 0.0646 0.0161 0.0218 0.0020 0.0434 0.0627
control

Panel B. p-values for comparisons by age, site, gender, and race groups

Exp. versus control 0.1121 0.0086 0.0167 0.0210 0.2788 0.0170

Section 8§ versus control 0.0718 0.1891 0.1995 0.0223 0.1329 0.0136

Exp. and Section 8 versus 0.1802 0.0446 0.0328 0.0202 0.1987 0.0016
control

Notes: This table presents p-values for nonzero MTO treatment effects in subgroups for selected outcomes analyzed
in Tables 3 to 6. In panel A, we regress the outcome on the MTO treatment indicators (Exp and S8) interacted with
an indicator for being below age 13 at RA (Below13), including site dummies as controls, and clustering standard
errors by family. We then run F-tests for the null hypothesis that the Exp and Exp-Below13 interaction effect are
both 0 (row 1), the S8 and S8-Below13 interaction effect are both 0 (row 2), and both sets of treatment effect esti-
mates are 0 (row 3). In panel B, we regress the outcomes on the MTO treatment indicators interacted with the fol-
lowing subgroup indicators: the five randomization sites, racial groups (black, Hispanic, and other), gender, and age
at RA below 13. As in panel A, we then test the hypothesis that the experimental indicator and all of its subgroup
interactions are 0 (row 1), the Section 8 indicator and all of its interactions are O (row 2), and both sets of treatment
effects are 0 (row 3). See notes to Tables 3-6 for definitions of the outcome variables.
##%Sjgnificant at the 1 percent level.
**Significant at the 5 percent level.
*Significant at the 10 percent level.

have the most precise estimates in our baseline analysis—e.g., the college outcomes
and household income—we reject the null of zero treatment effects in all subgroups
with p < 0.05 both for the experimental versus control comparison in row 1 and the
pooled comparison in row 3.

As an alternative to the parametric F-test, we implement a nonparametric permu-
tation test for subgroup heterogeneity using the p-values from our OLS regressions
as critical values, as in Ding, Feller, and Miratrix (2015). We generate 5,000 “pla-
cebo” samples in which we randomly reassign treatment status to families within
randomization sites. In each placebo sample, we estimate the experimental and
Section 8 treatment effects for our 5 core outcomes (individual earnings, college
attendance, college quality, marriage, and poverty share in zip) for the 12 primary
subgroups analyzed to date (age above/below 13, male/female, 5 sites, and 3 racial
groups). Finally, we calculate the fraction of placebo simulations in which there is
a subgroup where the p-values for all five outcomes (for either the experimental or
Section 8 group) fall below the corresponding true p-values for the experimental
treatment estimates in the below-age-13 subgroup. Intuitively, this approach asks,
“if one were to loop over the 12 subgroups and estimate treatment effects on the
5 outcomes, what is the chance that one would obtain a set of p-values below the
actual estimates purely by chance in one of the subgroups?”

We find that fewer than 1 percent of the placebo replications produce a subgroup
where the p-values for the five outcomes lie below the values we estimate. Hence,
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the permutation test yields an adjusted p-value for the null hypothesis that there is no
treatment effect on any of the five outcomes of p < 0.01. The permutation test and
parametric F-tests thus both indicate that the significant treatment effects we detect
are unlikely to be an artifact of making multiple comparisons.

Finally, it is important to note that we did not reexplore the MTO data arbi-
trarily searching for subgroups that exhibit significant effects. Rather, motivated by
the quasi-experimental evidence in Chetty and Hendren (2015), we returned to the
MTO data with a specific hypothesis that we would find larger effects for younger
children. The fact that the results align closely with this hypothesis further reduces
the likelihood that they reflect statistical noise driven by multiple hypothesis testing.

V. Cost-Benefit Analysis and Policy Implications

In this section, we compare the costs and benefits of the MTO interventions and
discuss the implications of our results for the design of affordable housing poli-
cies, on which the US federal government currently spends $46 billion per year
(Collinson, Ellen, and Ludwig 2015). We focus on two policy questions. First,
what are the costs and benefits of an MTO-type experimental voucher program that
moves families with young children out of traditional project-based public housing
into lower-poverty neighborhoods? Second, what are the benefits of expanding the
existing Section 8 housing voucher program? We begin by calculating the benefits
of the MTO experimental vouchers, focusing on the increased earnings for children
who move when young. We then quantify the fiscal costs of the program and discuss
the policy implications of these calculations. We caution that all of the calculations
reported in this section should be treated as rough estimates because they rely on
several strong assumptions, starting with the basic premise that the treatment effects
estimated from the MTO experiment can be extrapolated to evaluate current policy
interventions.

Earnings Benefits.—The MTO experimental treatment increased individual earn-
ings in early adulthood for children whose families moved before they were age 13
by $3,477; 30.8 percent of the control group mean (Table 3, column 4). We trans-
late this estimate into a predicted lifetime earnings impact by assuming that (i) this
30.8 percent increase in individual earnings remains constant over the life cycle;
(ii) the life cycle profile of earnings for MTO participants follows the US population
average; and (iii) the real wage growth rate is 0.5 percent, approximately the rate
of wage growth in the United States over the past decade, and the discount rate is
3 percent, approximately the current 30-year Treasury bond rate.*

Under these assumptions, moving to a lower-poverty area when young (at age
eight on average) using the experimental voucher increases total pretax lifetime
earnings by $302,000.™ The present value of this increase in lifetime earnings is

42 As shown in Figure 1, the assumption of a constant 30.8 percent effect is conservative, as the estimated treat-
ment effects increase steadily over the ages where we measure earnings.

43 We estimate the average life cycle earnings profile by tabulating mean earnings by age for a random sample of
the US population in 2012 from ages 26—65. We then apply a 0.5 percent wage growth rate and a 3 percent annual
discount rate to this profile to obtain an undiscounted sum of lifetime earnings for the average American of $1.74
million and a PDV at age eight of $570,000. The younger children in the MTO control group earn 56 percent of the
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$99,000 at age eight. For a family with two young children at the point of the move,
the MTO experimental treatment therefore has an estimated present value of approx-
imately $198,000 in terms of increased children’s earnings.

Fiscal Costs.—Next, we turn to the fiscal cost of the MTO experimental inter-
vention. In calculating this cost, it is important to recognize that the higher earnings
of children who moved to low-poverty areas at young ages increases tax revenue,
reducing the cost of the program to the government. We therefore begin by estimat-
ing the effects of the MTO treatments on income tax revenue, a fiscal externality that
is also a key input for normative analysis (Hendren 2013).

We examine MTO treatment impacts on tax filing rates and federal tax payments
in adulthood in Table 12. Column 1 shows ITT effects on tax filing rates when chil-
dren are 24 or older. Among younger children (panel A), the experimental voucher
treatment increases the fraction who file tax returns in their mid to late twenties by
5.7 pp, while the Section 8 treatment increases the filing rate by 4.8 pp. Column 2
reports ITT estimates on income taxes paid. The experimental ITT is $184, while
the Section 8 ITT is $109. The corresponding TOT estimates, reported in column 3,
show that children whose families moved using the experimental voucher when they
were young pay an additional $394 in income taxes per year in their mid-twenties. ™
Conversely, the MTO treatments reduce tax filing rates and tax payments by the
older children, as expected given the negative effects of the treatments on older
children’s earnings.

We use the estimates in Table 12 to predict the total tax revenue impacts of the
MTO experimental intervention on families with young children. The experimental
ITT on tax payments of $184 equals 1.63 percent of mean control group individual
earnings. Under the same assumptions used to calculate the lifetime earnings gains
above, this translates to an increase in lifetime tax revenue of $5,200 in PDV at age
eight. The TOT estimate of $394 implies a PDV increase in tax payments of $11,200
per child who moves to a lower-poverty area at a young age. If there are two young
(below age 13) children per family on average, the increased federal tax payments
would be worth $22,400 in PDV per family moved.

Olsen (2009) estimates that the direct fiscal costs of housing voucher programs
are similar to or slightly lower than the costs of project-based public housing.™
Olsen’s estimates imply that the main incremental cost of moving families out of
public housing using an MTO-type voucher program would be the funding of coun-
selors to help low-income families relocate. The mean MTO counseling costs were
$1,789 per family counseled (in 2012 dollars) or $3,783 per family who took up a
voucher (Goering et al. 1999, Table 4). This counseling cost of $3,783 is far smaller
than the tax revenue gain of $22,400 for each family with two young children that
is moved. Thus, an MTO-type experimental voucher policy that moves low-income

mean individual earnings in the US population at age 26. Therefore, the estimated impact on undiscounted lifetime
earnings is 0.308 x 0.56 x $1.74m = $302,000.

440ur measure of taxes paid does not include tax credits received. We find no significant treatment effects on
Earned Income or Child Tax Credit amounts. This is consistent with the fact that most of the earnings increases
induced by the treatments are on the intensive rather than extensive margin (Table 3), and many people move into
the phase-out region for these credits as they earn more.

#5The costs of public housing are debated because of disagreements about how one should account for the
depreciation of housing projects.
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TABLE 12—ImpPACTS OF MTO ON FEDERAL INCOME TAX PAYMENTS

Filing a tax return (%) Total income taxes paid ($)

20082012 ITT 2008-2012 ITT 2008-2012 TOT
(0 0] 3)
Panel A. Children < age 13 at random assignment
Exp. versus control 5.748%*%#* 183.9%%#%* 393.6%**
(2.055) (62.80) (134.1)
Section 8 versus control 4.789%%* 109.0%* 169.1%*
(2.237) (54.76) (85.48)
Observations 8,420 8,420 8,420
Control group mean 59.3 447.5 447.5
Panel B. Children age 13—18 at random assignment
Exp. versus control —-2.079 —175.9% —441.6%
(2.055) (91.15) (230.8)
Section 8 versus control —2.248 —127.1 —230.1
(2.249) (95.52) (173.2)
Observations 11,623 11,623 11,623
Control group mean 65.6 775.2 775.2

Notes: Columns 1 and 2 report ITT estimates from OLS regressions (weighted to adjust for differences in sampling
probabilities across sites and over time) of an outcome on indicators for being assigned to the experimental voucher
group and the Section 8 voucher group as well as randomization site indicators. Column 3 reports TOT estimates
using a 2SLS specification, instrumenting for voucher take-up with the experimental and Section 8 assignment indi-
cators. Standard errors, reported in parentheses, are clustered by family. Panel A restricts the sample to children
below age 13 at random assignment; panel B includes children between age 13 and 18 at random assignment. The
estimates in panels A and B are obtained from separate regressions. The dependent variable in column 1 is an indi-
cator for filing a 1040 tax return. In columns 2 and 3, the dependent variable is total taxes paid, defined as the total
tax field from form 1040 for filers and total taxes withheld on W-2 forms for non-filers. Columns 1 and 2 include
one observation per individual per year from 2008-2012 in which the individual is 24 or older. Column 3 reports
TOT estimates corresponding to the ITT estimates in column 3.
*#*Significant at the 1 percent level.
**Significant at the 5 percent level.
*Significant at the 10 percent level.

families with young children out of high-poverty housing projects will most likely
save the government money.

Policy Implications.—We now return to the policy questions posed at the begin-
ning of this section. On the narrower question of comparing MTO-type experimen-
tal vouchers to project-based public housing, the data strongly suggest that vouchers
targeted at families with young children are likely to yield net gains. Indeed, such a
policy is likely to reduce government expenditure while increasing children’s future
earnings substantially. However, it is critical to target such vouchers effectively
to obtain these benefits. First, targeting the vouchers so that families are required
to move to low-poverty areas is important. The MTO experimental vouchers—
which restricted families to move to low-poverty census tracts—improve children’s
outcomes much more than existing Section 8 vouchers that give families more flex-
ibility in choosing where to live.’S Second, it is critical to target the vouchers to

46 An interesting question is why giving families greater choice in where to live appears to reduce long-term
benefits for children. One possibility is that the neighborhoods chosen by families with unrestricted Section 8
vouchers have other amenities that families value more than their children’s long-term outcomes. However, the
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families with young children. As shown above, moving families with older children
out of existing public housing projects not only has smaller benefits, but actually
appears to be detrimental. The common practice of putting families on wait lists to
receive a housing voucher may be particularly inefficient, as this effectively allows
many families to move to better neighborhoods only when their children grow older.

We next consider the broader issue of offering Section 8 housing vouchers to
more low-income families. The MTO experiment shows that moving families who
started out in high-poverty public housing projects to lower-poverty areas has sub-
stantial long-term benefits for children. However, the marginal Section 8 voucher
may not induce such a move; instead, recent evidence suggests that Section 8
housing vouchers are frequently used to rent better housing within the same neigh-
borhood rather than move to better neighborhoods (Jacob, Kapustin, and Ludwig
2015). Consistent with the lack of impact of neighborhood environments, Jacob,
Kapustin, and Ludwig (2015) find that obtaining a Section 8 voucher through a
lottery in Chicago has little impact on children’s long-term outcomes for families
living in unsubsidized private housing. These results again suggest that one may
need to carefully target housing voucher subsidies to have an impact on children’s
outcomes. Providing more Section 8 vouchers (or equivalent cash benefits) may
have little effect on children’s outcomes, but providing MTO-type restricted vouch-
ers that require families to move to better (e.g., low-poverty) neighborhoods may be
quite valuable.

Our simple calculations neglect many important factors that should be consid-
ered in a more comprehensive cost-benefit evaluation. First, our calculations do
not account for reductions in transfer payments or gains from better outcomes in
future generations. As discussed above, the MTO treatments reduce dependence on
long-term transfer programs such as disability insurance (online Appendix Table
3c, column 4) and are likely to have persistent effects on subsequent generations
(Section IIIE). Second, our calculations focus exclusively on the benefits in terms
of children’s earnings and thereby neglect other benefits, such as improved subjec-
tive well-being and health of adults (Ludwig et al. 2012) and reduced rates of crime
(Kling, Ludwig, and Katz 2005).

Finally, our calculations ignore any spillover effects on prior residents of the
neighborhoods where the MTO families moved. Although the MTO experiment
itself yields no evidence on the magnitude of these spillovers, Chetty and Hendren’s
(2015) quasi-experimental estimates show that mixed-income areas produce better
outcomes for children in low-income families while generating, if anything, slightly
better outcomes for children in higher-income families as well. This finding suggests
that policies which reduce concentrated poverty may not have detrimental spillover
effects on higher-income households, but further work that directly estimates these
spillover effects is required to measure the social benefits of MTO-type policies.

Section 8 voucher did not yield significantly greater benefits than the experimental voucher in terms of adults’
earnings or their subjective well-being (Ludwig et al. 2012). Another possibility is that families make suboptimal
neighborhood choices because of behavioral biases, so that restrictions in the choice set and nudges to encourage
families to move to lower-poverty areas improve their own private welfare. See Chetty (2015) for further discussion
of optimal policy and welfare analysis of neighborhood choice in behavioral models.
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VI. Discussion and Conclusion

This paper has presented a new analysis of the impacts of the Moving to
Opportunity experiment on children’s long-term outcomes. We find robust evidence
that children who moved to lower-poverty areas when they were young (below
age 13) are more likely to attend college and have substantially higher incomes as
adults. These children also live in better neighborhoods themselves as adults and are
less likely to become single parents themselves, suggesting that some of the benefits
of the initial MTO voucher treatment will persist into the following generation (the
grandchildren of the parents who received the MTO vouchers). In contrast with the
large gains for young children, moving to lower-poverty areas had negative effects
on older youth. Finally, we replicate earlier findings that the moves induced by MTO
had little impact on adults’ economic outcomes.

Our findings show that a simple model featuring linear childhood exposure effects
coupled with a fixed disruption cost of moving to a distinctly different social environ-
ment can reconcile some of the key findings and debates in the literature on neigh-
borhood effects. First, our results suggest that a substantial fraction of the systematic
variation in economic outcomes across areas documented in observational studies
that attempt to control for selection effects (e.g., Brooks-Gunn et al. 1993; Cutler
and Glaeser 1997; Ellen and Turner 1997; Sampson, Morenoff, and Gannon-Rowley
2002) can indeed be explained by causal effects of neighborhoods. Since many
low-income individuals observed in a given area have grown up in that area since an
early age, childhood exposure effects of the type documented here would generate
significant differences in mean outcomes across areas in observational data. The
fact that MTO had no impact on adults’ outcomes (irrespective of exposure time to
lower-poverty areas in adulthood) implies that neighborhood effects operate primar-
ily through “developmental” effects during childhood (Sampson 2008) rather than
contextual effects arising from spatial mismatch or other forces (Kain 1968, Wilson
1996).

Our results also are consistent with recent studies that document the importance
of childhood exposure effects by studying immigrant assimilation (e.g., Bleakley
and Chin 2004, Basu 2010, van den Berg et al. 2014) and families that move across
counties within the United States (Chetty and Hendren 2015). In particular, the
decline in MTO’s treatment effects for children with age at RA coupled with the
lack of an impact for adults matches Chetty and Hendren’s (2015) finding that the
gains from moving to better areas fall linearly with a child’s age at move.

Our findings also complement studies in the child development literature that
have documented robust correlations between years of exposure to high-poverty
family environments and later outcomes (e.g., Duncan, Brooks-Gunn, and Klebanov
1994). Some studies in this literature argue that environmental conditions in the ear-
liest years of childhood (e.g., before age five) have much larger long-term impacts
than conditions in later years (e.g., Brooks-Gunn and Duncan 1997; Shonkoff and
Phillips 2000; Heckman 2006). Because we only observe long-term outcomes for
children who were four or older at random assignment, our results demonstrate that
improvements in neighborhood environments continue to have large effects on chil-
dren’s long-term outcomes even after early childhood. Whether the impacts would
be even larger at younger ages remains to be explored.
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Although our findings help reconcile some key findings on neighborhood effects
on outcomes in adulthood, other pieces of evidence remain to be explained. Most
notably, MTO’s treatment effects on children’s short-term and medium-term out-
comes are not fully aligned with the long-term impacts documented here (especially
for boys) in three respects. First, the MTO treatments improved young children’s
short-term outcomes (e.g., reducing behavioral problems) in the years immediately
following random assignment, but these gains largely faded away over the next
decade (e.g., as measured by achievement on standardized tests).*’ Yet the positive
effects of the MTO treatments re-emerge in adulthood, as measured by earnings
and college attainment.™ Second, MTO had more positive effects for girls than for
boys for medium-term outcomes (Kling, Liebman, and Katz 2007; Ludwig et al.
2013), but we find no significant gender differences in MTO’s effects on children’s
outcomes in adulthood. Third, we find somewhat negative long-run impacts on older
youth (ages 13 to 18 at RA), but earlier work showed positive initial impacts in
terms of lower crime and problem behaviors for these children in the first three years
after RA.

Although further work remains in synthesizing the evidence that has been col-
lected from the MTO experiment, the results of this study demonstrate that offering
low-income families housing vouchers and assistance in moving to lower-poverty
neighborhoods has substantial benefits for the families themselves and for taxpay-
ers. It appears important to target such housing vouchers to families with young
children—perhaps even at birth—to maximize the benefits. Our results provide less
support for policies that seek to improve the economic outcomes of adults through
residential relocation. More broadly, our findings suggest that efforts to integrate
disadvantaged families into mixed-income communities are likely to reduce the per-
sistence of poverty across generations.
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