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Disparities in verbal ability, a major predictor of later life outcomes,
have generated widespread debate, but few studies have been
able to isolate neighborhood-level causes in a developmentally
and ecologically appropriate way. This study presents longitudinal
evidence from a large-scale study of >2,000 children ages 6–12
living in Chicago, along with their caretakers, who were followed
wherever they moved in the U.S. for up to 7 years. African-
American children are exposed in such disproportionate numbers
to concentrated disadvantage that white and Latino children
cannot be reliably compared, calling into question traditional
research strategies assuming common points of overlap in ecolog-
ical risk. We therefore focus on trajectories of verbal ability among
African-American children, extending recently developed counter-
factual methods for time-varying causes and outcomes to adjust
for a wide range of predictors of selection into and out of
neighborhoods. The results indicate that living in a severely dis-
advantaged neighborhood reduces the later verbal ability of black
children on average by � 4 points, a magnitude that rivals missing
a year or more of schooling.

cognitive ability � neighborhood effects � time-varying causal methods

There is broad consensus among social scientists that cognitive
ability predicts adult well-being across a variety of dimensions,

whether educational attainment, labor market success, avoidance of
criminal behavior, or health. There is also increasing agreement
that cognitive ability is significantly shaped early in the life course,
such that a focus on children is essential (1).

Yet strongly divergent positions have been staked out on the
sources of cognitive ability and its malleability over childhood.
Among the central arguments made in Herrnstein and Murray’s
widely influential The Bell Curve (2) is the idea that cognitive ability,
or what they more generally consider the underlying dimension of
intelligence [intelligence quotient (IQ)], is an important explana-
tion for inequality in American society, and that its sources are
largely genetic. It follows, they argue, that economic inequality in
a knowledge-based meritocratic economy takes on the character
of an aristocracy of intelligence not amenable to social policy
intervention.

The IQ debate is a longstanding one, but The Bell Curve has
sparked a resurgence of interest in assessing the malleability of
cognitive ability with respect to social environments in school and
the home. For example, Winship and Korenman (3) review existing
research and estimate that an additional year of schooling substan-
tially increases IQ by somewhere between 2 and 4 points. Research
on the home environment further suggests that certain parenting
styles and cognitive stimulation are positively associated with
children’s cognitive ability (4).

Neighborhoods and Cognitive Ability. Surprisingly little attention has
been devoted to the neighborhood as a social context that may
influence cognitive ability, despite the fact that children spend a
large portion of their daily lives in early childhood engaged in the

social life of their neighborhood. We posit that neighborhood
residence influences cognitive ability in several ways.

First, observational data suggest that neighborhood poverty is
associated with the inconsistency of maternal parenting practices
within the home (5, 6), and the strongest findings based on a
randomized voucher experiment in the Moving to Opportunity
(MTO) program (7) show that moving to neighborhoods with
relatively low poverty rates has a substantial positive impact on
caregivers’ mental health. Hence, there are plausible theoretical
reasons to hypothesize that neighborhood disadvantage constrains
parental practices and the family environment ‘‘under the roof’’ (8),
which may in turn bear on cognitive achievement. Second, because
funding of public schools in America is geographically determined,
the quality of the school environment is often directly linked to a
family’s residential location. Third, living in a deeply segregated
social and ethnic environment may restrict the speech community
to which parents and children are exposed, thus limiting access to
academic English. The latter is a potentially key ingredient of
success in school and later in the labor market (9, 10) and is
measured on tests of verbal ability.

Fourth, and perhaps most important, because of widespread
distrust, fear of violence, and isolating physical landscapes (11),
severely disadvantaged communities are likely to inhibit speech
communication in varied public contexts. A recent body of research
has argued for the importance of ‘‘communication infrastructures’’
in the production of civic engagement (12, 13). Independent
evidence also suggests that concentrated disadvantage and violence
are directly linked to fewer reciprocated exchanges among neigh-
bors outside of the immediate family (14, 15), which implies a
restricted range of public verbal interactions and communication
infrastructures that children are exposed to as models for learning.
The stress of violence in the community in particular may lead
parents to isolate themselves out of fear, leading to a restriction in
the sorts of social networks and reciprocated exchanges that serve
as the building block of social support mechanisms, language
development and social skills in verbal encounters. Children’s
verbal ability and growth potential are thus hypothesized to be
diminished by cumulative neighborhood disadvantage.

Unfortunately, very little research sheds direct light on the role
of neighborhood disadvantage in explaining verbal ability, and in
addition, common strategies for controlling selection preclude
unbiased estimation of the magnitude or causal status of neighbor-
hood effects. Many of the covariates in typical regression models
represent potential causal pathways by which the neighborhood
may influence the outcome. For example, in an attempt to account
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for characteristics of individuals and families that influence both
selection into poor neighborhoods and cognitive outcomes, obser-
vational studies often include control variables such as income,
family structure, school quality, health problems, employment, and
physical disabilities (16, 17). Yet there exists a long line of research
positing neighborhood effects on these same factors (18–21).
Controlling for endogenous covariates (including school quality)
thus has the net result of denying the possibility that there are
multiple pathways by which the neighborhood may influence de-
velopmental outcomes among children (22). Most observational
studies also rest on cross-sectional comparisons where selection bias
is difficult to confront. Comparing within-individual changes in
cognitive ability associated with stability or change in neighborhood
context provides a more direct means to assess the causal effect of
social context in observational data.

An alternative approach comes from the MTO experiment, a
program that randomly provided housing vouchers to low-income
residents of public housing in five cities, allowing them to move into
neighborhoods with relatively low poverty (23). Evaluations con-
ducted 3 years after the treatment showed large effects on various
developmental outcomes for some groups, whereas evaluations
conducted 4–7 years after treatment showed mostly null effects for
the pooled sample across cities as well as for most subgroups, but
with a small positive effect on reading scores for African-Americans
(7). The MTO treatment effect has been questioned, however,
because destination neighborhoods of the experimental group were
mostly black (24) and subject to the reinforcing disadvantages of
segregation (20).

More relevant to present concerns, MTO families were selected
based on poverty, and children grew up in high-poverty neighbor-
hoods. If the effect of neighborhood disadvantage is cumulative,
lags, or is most salient early in life, as recent evidence suggests for
adolescent mental health (25), moving out of that context in
adolescence may not provide the best test of the causal effect of the
social environment. Moreover, by design, studies that follow people
moving out of poverty do not estimate the impact of moving into
poverty. Thus, the MTO experiment, although compelling, does not
provide an answer to the central scientific question driving our
inquiry.

Hypothesis and Analytic Approach. We hypothesize that residing in
a severely disadvantaged neighborhood cumulatively impedes the
development of academically relevant verbal ability in children. The
theoretical notion underlying our work is that spatial disadvantage
is encompassed not in a single concurrent characteristic but rather
in a synergistic composite of social factors that mark the qualita-
tively distinct aspect of growing up in truly disadvantaged neigh-
borhoods (18, 20). To consider only neighborhood poverty as the
causal treatment of interest is too narrow, because poverty is
strongly associated with other ecological characteristics, such as
percentage of single-parent families, percentage of family members
on welfare and unemployed, and racial segregation (26). We leave
for future research to investigate potential mediating mechanisms;
the logically prior or first-order task is to assess the causal status of
the link between concentrated disadvantage and verbal ability.

Within this framework, we study a representative sample of
young people who, in 1995, were growing up in the large and
representative urban center of Chicago. Unlike previous research-
ers, we consider the impact of moving into, as well as out of,
disadvantage, wherever that might have occurred in the United
States. To do so, we propose a modeling strategy that integrates
longitudinal development, in this case sequences of moving across
neighborhoods, with new counterfactual methods for time-varying
causes and outcomes. Our premise is that research on residential
mobility and selection into neighborhood disadvantage are neces-
sary components in assessing the dynamics of neighborhood change
and the causal status of neighborhood effects (27, 28). We thus
examine the effects of a comprehensive measure of concentrated

disadvantage on developmental changes in children’s cognitive
ability in a sequential cohort study, where selection into neighbor-
hoods is explicitly modeled and, in the first instance, is by adults, not
the subjects themselves. The structure of the data allows us to treat
neighborhood disadvantage at baseline as a covariate, along with an
extensive array of individual and family factors, permitting an
explicit multilevel contextual model for selection into later neigh-
borhood treatments that builds on past research assuming de novo
original contexts or unchanging later neighborhood contexts (e.g.,
ref. 29). Approximately 17% of black children not living in disad-
vantage in 1995 moved to a disadvantaged neighborhood some time
between 1995 and 2002, and 42% of the population of black
children living in disadvantaged neighborhoods in 1995 moved to a
nondisadvantaged neighborhood between 1995 and 2002. We ex-
ploit these ‘‘within-individual’’ changes to estimate the causal effect
of moving.

Estimating Causal Effects. We extend the counterfactual account of
causality, which conceptualizes causal effects as comparisons
among potential outcomes associated with possible treatment as-
signments (30, 31). In our case, we assume that each person
possesses, at time t, a set of potential outcomes corresponding to the
sequence of neighborhood treatments that person might have
received up to that time. The potential outcome is shaped also by
the specific sequence of neighborhoods in which that child has
resided up to time t as well as background characteristics and
time-varying covariates. In this scenario, we use marginal structural
models (32) and the method of Inverse Probability of Treatment
Weighting (IPTW), as adapted by Hong and Raudenbush (33), for
the case in which the treatment is enacted collectively on those
sharing a social membership at each time. Our data have a structure
in which children are cross-classified by neighborhoods over time,
and the treatment of interest is at the neighborhood level.

IPTW shares much in common with propensity score stratifica-
tion or matching (29, 34, 36), where the goal is to create two groups
of individuals matched on their propensity to receive the treatment
but who differ in the actual treatment received. This strategy has
been shown to yield consistent and unbiased estimates of causal
effects when treatment assignment is ‘‘ignorable,’’ that is, when
there are no unobserved covariates related to the outcome that are
also predictive of treatment group assignment once the observed
covariates are controlled. The surprising outcome is that, in large
samples, matching on the propensity score fully balances the
treatment and control groups on all covariates used in modeling the
propensity of receiving the treatment, allowing identification of
causal effects under the assumption of ignorable treatment assign-
ment. However, propensity score matching is inappropriate for
time-varying treatments and outcomes in the presence of time-
varying confounding, even if all confounders are observed (32). If
later treatments are endogenous to intermediate outcomes of prior
treatments, and mediating causal pathways are controlled, both
linear adjustments and propensity score matching can produce
biased estimates. An example is shown graphically in supporting
information (SI) Fig. 2.

Robins and colleagues (32, 37) show that such bias can be
addressed by fitting a model that weights each subject by the inverse
of the predicted probability the subject received the treatment they
actually received at a given time point conditional on prior treat-
ment history, time-varying covariate and outcome history, and
baseline (time-invariant) covariates. The IPTW approach relies less
on information from subjects highly likely to be assigned the
treatment status they actually experience. These subjects are
‘‘down-weighted.’’ Subjects who have a low probability of being
observed in a given treatment status are ‘‘up-weighted,’’ so we are
borrowing more information from them. IPTW thus provides a
means to address fundamental problems associated with estimating
causal effects of time-varying treatments in the presence of ob-
served time-varying confounding or mediating pathways. IPTW
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and counterfactual models are no panacea, and they rely funda-
mentally on having extensive data that measure selection into
treatment at each time. Unmeasured covariates that predict treat-
ment assignment even after controlling the observed covariates
remain a constant concern. IPTW models, like propensity models,
nonetheless have the crucial advantage of forcing investigators to
make explicit assumptions about causality, with additional proce-
dures for assessing robustness of results (34).

Specification of Model. It is first necessary to specify a proper model
for selection into treatment status, in our case, living in a neigh-
borhood with concentrated disadvantage. We are aided in this
effort by established theory and by prior work on neighborhood
attainment, which we draw on to specify a comprehensive model of
selection into disadvantaged neighborhoods (28).

Ours is a three-wave study where the first, or baseline, wave is
designated as wave 0. Following Hong and Raudenbush (33), we
define at wave 1 of data collection two treatments. Let Z1i � 1 if the
neighborhood in which child i lives at wave 1 is severely disadvan-
taged; in contrast, Z1i � 0 if that neighborhood is not severely
disadvantaged. These two possible treatment assignments generate,
for each child i at wave 1, potential outcomes Y1i(1), Y1i(0), and
causal effect �1i � Y1i(1) � Y1i(0). Similarly, at wave 2, child i is now
exposed either to severe neighborhood disadvantage (Z2i � 1) or
not (Z2i � 0), generating now four potential outcomes Y2i(0,0),
Y2i(1,0),Y2i(0,1), Y2i(1,1), and the corresponding causal effects:

�21i � Y2i�1,0� � Y2i�0,0�

�the effect of wave-1 treatment on wave-2 outcome�

�22i � Y2i�0,1� � Y2i�0,0�

�the effect of wave-2 treatment on wave-2 outcome�

�i* � Y2i�1,1� � Y2i�0,0� � �21i � �22i

�the amplifying effect of 2 consecutive waves

of severe disadvantage on wave-2 outcome� . [1]

Under this specification, the wave 2 potential outcome Y2i(z1,
z2) if child i receives treatment sequence z1,z2 is given by

Y2i�z1, z2� � Y2i�0,0� � z1�21i � z2�22i � z1z2�*i [2]

for z1,z2, � {0,0;0,1;1,0;11}. The causal parameters are the
corresponding population averages

�1 � E��1i�, �21 � E��21i�, �22 � E��22i�, �* � E��*i �.

[3]

The observed outcomes at waves 1 and 2, respectively, are:

Y1i � Z1iY2i�1� � �1 � Z1i�Y2i�0�

Y2i � Z1iZ2iY2i�1,1� � Z1i�1 � Z2i�Y2i�1,0�

� �1 � Z1i�Z2iY2i�0,1� � �1 � Z1i��1 � Z2i�Y2i�0,0�.

[4]

The baseline level of neighborhood disadvantage is not used
as a causal treatment but is absorbed into a larger vector of
pretreatment (time-invariant) covariates X0i for child i. The
baseline outcome Y0i is modeled as the first in a time series used
to estimate for each child a growth function. We also introduce
a vector of time-varying covariates X1i observable at wave 1, after
treatment assignment Z1 but before treatment assignment Z2.
We can estimate the causal effects of interest (Eq. 3) under the
assumption of sequentially strongly ignorable treatment assign-

ment (32). Under this assumption, wave 1 treatment assignment
is conditionally independent of the potential outcomes at waves
1 and 2 given the past:

Z1�Y2�1�,Y2�0��X0, Y0, [5]

and wave 2 treatment assignment is conditionally independent of
wave 2 potential outcomes given the past:

Z2�Y2�0,0�,Y2�1,0�,Y2�0,1�,Y2�1,1��X0, Y0, Z1, X1, Y1. [6]

We estimate the effects of interest by estimating the cross-
classified random effects model:

Yti � �0 � u0i � �
s�0

t �
j�1

J

Dsijvj � �ti � I�t � 1���1 � Z1i�1�

� I�t � 2���2 � Z1i�21 � Z2i�22 � Z1iZ2i�*�. [7]

Eq. 7 may be regarded as a growth trajectory for each child,
except the trajectory is ‘‘deflected’’ by assignments to treatments
and neighborhoods. Here, I(t � 1) is an indicator taking on a
value of unity at time t � 1 and 0 at other times. Similarly, I(t �
2) is an indicator taking on a value of unity at time t � 2 and 0
at other times. The intercept of this trajectory has a fixed effect
�0. The random effect u0i is the child-specific increment to the
intercept. The average increase in the outcome between times 0
and 1 for a child who does not experience disadvantage at time
1 is �1. The average increase in the outcome between times 0 and
2 for a child who experiences disadvantage at neither time 1 nor
time 2 is �2. The predictor Dsij takes on a value of unity if child
i lives in neighborhood j at time s. Hence, unlike most previous
research even with panel data, we extend Raudenbush and Bryk
(38) to allow neighborhood effects vj, j � 1,. . . J to cumulate over
time. Treatment effects come into the model at appropriate
times through the definition of I(t � 1),I(t � 2). We assume the
within-subject random effect is independent and normally dis-
tributed, �ti 	 N(0,�2). We make the same assumptions for the
neighborhood random effect (vj 	 N(0,
2) and the person-
specific effects u0i 	 N(0,	2). Given the small sample size relative
to a city of nearly 3 million, we also assume no ‘‘interference’’ in
treatment between neighborhoods and between subjects within
neighborhoods (39).

Estimation of Eq. 7 would supply unbiased causal inferences if
children were assigned randomly to sequences z1,z2 of neighbor-
hood disadvantage, but we know this not to be the case (21).
However, if we apply the results of Robins et al. (32) and Hong and
Raudenbush (33) assuming sequentially strongly ignorable treat-
ment assignment (Eqs. 5 and 6), and assuming all of the probabil-
ities defined in Eq. 8 below lie between 0 and 1, we can obtain
consistent estimates of the causal effects by applying IPTW. Spe-
cifically, for a child receiving treatment sequence z1,z2, we apply
weights at waves 0, 1, and 2 as follows (weight construction
discussed further below) in estimating Eq. 7:

w0 � 1

w1�z1� �
P�Z1 � z1�

P�Z1 � z1�X0 � x0, Y0 � y0�

w2�z1, z2�

� w1�z1�*
P�Z2 � z2�Z1 � z1�

P�Z2 � z2�Z1 � z1, X0 � x0, Y0 � y0, X1 � x1, Y1 � y1�
.

[8]
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Data. The Project on Human Development in Chicago Neighbor-
hoods (PHDCN) offers key analytic advantages for addressing the
relationship between verbal ability and neighborhoods. PHDCN
longitudinal design begins with an ethnically and socioeconomically
diverse population of children ages 0–18 living in a major American
city. The 1990 U.S. Census data for Chicago were used to identify
343 neighborhood clusters (NCs), sampling units of one to three
census tracts containing �8,000 people that were internally similar
with respect to distributions of race/ethnicity, socioeconomic status
(SES), density, and family structure (40). A two-stage sampling
procedure was used that included selecting a random sample of 80
of 343 Chicago NCs stratified by racial/ethnic composition (seven
categories) and SES (high, medium, and low).

Within the final 80 sampled NCs, which include �200 census
tracts, children falling within seven age cohorts (0, 3, 6, 9, 12, 15, and
18) were sampled from randomly selected households in 1995. This
effort led to screening �35,000 households. Dwelling units were
selected systematically from a random start within enumerated
blocks. Within dwelling units, all households were listed, and
age-eligible members were selected with certainty. Participants are
representative of children living in a wide range of Chicago
neighborhoods (16% European American, 35% African-American,
and 43% Latino) and evenly split by gender. Extensive in-home
interviews and assessments were conducted with 6,234 sampled
children and their primary caregivers at three time points over a
7-year period, at �2.5-year intervals (wave 1 in 1995–1997, wave 2
in 1997–1999, and wave 3 in 1999–2002).

Children and their caretakers were followed wherever they
moved in the United States. In the present study, we geocoded
residential addresses collected at each interview wave and matched
them to census tract data for the country as a whole. Almost half
the children moved. Followup retention was excellent for an urban
sample (75% overall at wave 3). As described below, we explicitly
adjust for any selectivity in attrition at each wave.

Because tests of cognitive ability were not given to members of
the birth cohort or 3 year olds, our initial analysis is based on the
2,226 children in cohorts 6, 9, and 12 and their caregivers. We
exclude subjects in cohorts 15 and 18 because of their unique status
as young adults who are making independent choices and decisions
about their residential location, and because the measure of verbal
ability for the older cohorts is based on a different set of assessments
than those used for the younger cohorts. Finally, based on findings
elaborated below regarding differential exposure to disadvantage,
our main causal inferences pertain to the sample of 772 black
children.

Measures. Verbal cognitive ability. Drawing on previous work using the
Chicago data (41, 42), we create a composite measure of subjects’
verbal ability based on the results from two widely used tests given
to subjects, the Wechsler Intelligence Scale for Children vocabulary
test (43) and the Wide Range Achievement Test reading exami-
nation (44). Overall, the scaled scores from the two tests were
correlated at 0.41 at wave 0, 0.48 at wave 1, and 0.54 at wave 2 (P �
0.001). These correlations are depressed somewhat by the number
of recent immigrants in the overall sample for whom English is not
the first or primary language. Among subjects whose parents were
born in the U.S., the correlations between the scaled test scores
were higher at each time: 0.49 at wave 0, 0.54 at wave 1, and 0.61
at wave 2. For black children, the correlations were also higher at
each wave (0.50, 0.55, and 0.58, respectively; P � 0.001). To capture
the underlying construct with increased measurement precision, we
combined the scaled results from each test using principal factor
estimation and regression scoring. The first factor, which we retain
as our measure of verbal ability, accounts for 71% of the total
variance of the factors at wave 0, 75% of the total variance at wave
1, and 74% of the total variance at wave 2. This factor is correlated
with each scaled test score at 0.84 at wave 0, 0.86 at wave 1, and 0.86

at wave 2. The resulting scale is normalized to have a mean of 0 and
a standard deviation of 15 points.
Concentrated disadvantage. Following and replicating prior work
(40), we focus on six characteristics of census tracts, taken from the
1990 and 2000 U.S. Census, to create a measure of concentrated
disadvantage: welfare receipt, poverty, unemployment, female-
headed households, racial composition (percentage black), and
density of children. We first conducted a principal component
analysis and confirmed the emergence of a single factor of con-
centrated disadvantage, which we then used to generate a regres-
sion-weighted scale from the six constituent neighborhood charac-
teristics. Second, we used linear interpolation to impute scale scores
in the years between 1990 and 2000 and beyond to match the survey
years at each wave.

Table 1 shows factor loadings from the analysis; the first set of
results are for loadings using all U.S. census tracts in 1990 and 2000,
and the second set shows loadings using only Chicago neighbor-
hoods. The primary difference between the United States as a
whole and Chicago neighborhoods (indexed by census tracts) is the
prevalence of exposure to concentrated disadvantage among Chi-
cago children. Across all U.S. neighborhoods, the percentage of
children �18 years of age exposed to neighborhood disadvantage
is far lower than in Chicago.

We define concentrated disadvantage as falling in the bottom
quartile of the distribution across Chicago census tracts, the origin
of the PHDCN sample. Table 2 shows the frequency of exposure
to concentrated disadvantaged by race/ethnicity. The startling
result is that no white and only a few Latino families live in the most
disadvantaged quartile of Chicago neighborhoods, making it im-
possible to reliably estimate treatment effects for these groups. This
result is not simply attributable to the fact that we include percent-
age black in our scale of concentrated disadvantage. If we recreate
the scale of concentrated disadvantage with no measure of racial
composition, the resulting scale is correlated at 0.99 with the initial
scale. Race and poverty are ecologically intertwined and thus
confounded at the neighborhood level in most large U.S. cities (20).

Nonetheless, we explored alternative definitions of neighbor-
hood disadvantage, as shown in the second and third sets of rows
in Table 2. When we define treatment using the bottom quartile of
concentrated disadvantage based on the national distribution of
neighborhoods, larger numbers of whites and Latinos are exposed
to treatment. However, this definition captures virtually all blacks
in the sample (e.g., 97% of blacks live in the bottom quartile of U.S.
disadvantage at baseline). If we instead define the treatment as
living in a neighborhood with �30% poverty, we find exposure
among all three race/ethnic groups, although still only 5% of whites
are exposed to the treatment under this definition.

The reason for the difference between exposures to treatment
using neighborhood poverty vs. the more comprehensive measure
of concentrated disadvantage is revealed in the last rows of Table
2. For those exposed to high-poverty neighborhoods at baseline, we
see a basic similarity across race in the poverty rate and child
density. However, note the profound racial-ethnic differences in

Table 1. Principal component loadings for concentrated
disadvantage in 1990 and 2000: Census tract data
for the United States and Chicago

Factor loadings

U.S. Chicago

1990 2000 1990 2000

Percentage receiving welfare 0.92 0.87 0.95 0.90
Percentage poverty 0.87 0.87 0.89 0.88
Percentage unemployed 0.86 0.78 0.91 0.86
Percentage female-headed households 0.86 0.85 0.89 0.87
Percentage African-American 0.76 0.75 0.80 0.84
Percentage �18 years old 0.37 0.35 0.72 0.73
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other characteristics associated with high-poverty neighborhoods:
blacks are much more likely to live in areas of segregation,
unemployment, welfare, and concentrated female-headed house-
holds. For example, the rate of unemployment is �50% greater in
areas where blacks live than those where whites live, and there is a
qualitatively different racial composition as well, three-fourths
black vs. less than a one-third. Even with the less-stringent poverty
treatment, only 18 whites are exposed. Concentrated disadvantage
is thus a different treatment than simple poverty and one experi-
enced almost solely by Chicago’s black population.

The stratification of America’s urban landscape by race precludes
the estimation of a single treatment for the entire sample, an
important substantive finding and one that has implications for
previous efforts comparing racial groups. Indeed, our initial at-
tempts to estimate causal models using pooled race/ethnic samples
failed precisely because of the lack of common support in the
exposure variable. Only by defining poverty very broadly and
ignoring segregation, can we include whites and even most Latinos
but at that point virtually all blacks are at risk of exposure to the
treatment because of concentrated racial inequality. We therefore
focus in this article on the effects of concentrated disadvantage in
the lives of black children. By focusing solely on black children, we
gain the advantage of eliminating the differences between racial
groups in the process of selection into disadvantaged neighbor-
hoods while still being able to study the full distribution of neigh-
borhood environments that blacks experience, recalling again that
the sample includes the full range of low-income, middle, and
upper-class African-Americans.

Table 3 demonstrates that our definition of concentrated disad-
vantage induces a wide qualitative difference in the neighborhood

environments of control and treatment groups among blacks. There
is nearly a 2:1 difference in exposure to concentrated welfare,
unemployment, and poverty between treatment and controls, and
there are �50% differentials for female-headed families and racial
segregation. The only minimal difference is for density of children,
but this variable has the lowest loading in the scale, and results were
not sensitive to its removal.

Baseline and Time-Varying Covariates. Building on prior work ana-
lyzing residential moves and neighborhood attainment in the
PHDCN data (28), we model selection into concentrated disad-
vantage with a comprehensive set of time-invariant family- and
subject-level covariates along with a set of time-varying covariates.
We begin with the age and sex of both subjects and caregivers.
Although there was limited variation in immigrant generation
among African-Americans, we include a citizenship variable (yes,
no) indicating whether the caregiver is a U.S. citizen. The caregiv-
er’s educational attainment is measured with four dummy variables
indicating whether the caregiver has less than a high school diploma,
a high school diploma or a graduate equivalent degree (GED) (the
reference group), some college or professional school, or at least a
college degree.

We measure several constructs validated elsewhere that tap both
the vulnerability and capacity of caretakers in neighborhood selec-
tion (28). On the vulnerability side, we include problems with the
criminal justice system, violence, and mental health that are known
to compromise life-course outcomes. Family criminality represents
the number of family members with a criminal record. Domestic
violence represents the sum of dichotomous responses to nine
survey items asking caregivers about violent or abusive interactions
with any current or previous domestic partner. The measure of
domestic violence is based on the Revised Conflicts Scale with a
0.84 reliability (45). Caregiver depression is a dichotomous measure
coded positively if the caregiver is classified as having experienced
a period of major depression in the year before the interview. The
measure of major depression is based on the Composite Interna-
tional Diagnostic Interview Short Form.

On the capacity side, social support from community members,
including friends and family, has long been considered a means by
which parents are able to collectively manage parenting tasks and
maintain informal controls over youth. Building on this idea, we
conceptualize the social support available to parents as a potentially
important influence on the decision to relocate or remain in one’s
community. The caregiver’s perceived level of social support is
captured by the mean of 15 survey items on the degree to which the
caregiver can rely on friends and family for help or emotional
support and the degree of trust and respect between the caregiver

Table 2. African-American, white, and Latino children exposed to alternative neighborhood treatments: PHDCN cohorts 6–12

Treatment definition Wave African-Americans, % Whites, % Latinos, %

Concentrated disadvantage
Bottom quartile of Chicago neighborhoods

Baseline 29 0 0
Wave 1 30 0 1
Wave 2 28 0 2

Concentrated disadvantage
Bottom quartile of American neighborhoods

Baseline 97 20 64
Wave 1 92 14 56
Wave 2 87 11 51

Poverty
At least 30% poverty

Baseline 42 5 26
Wave 1 36 5 21
Wave 2 30 5 18

Mean compositional characteristics of high-poverty neighborhoods at baseline*
Poor 40 37 36
African-American 74 31 24
Unemployed 22 14 15
Households headed by single parent 59 44 39
Receiving welfare 33 24 23
Under 18 34 30 35

*For African-Americans, n � 385; for whites, n � 18; for Latinos, n � 322.

Table 3. Characteristics of treatment neighborhoods compared
with control neighborhoods: PHDCN cohorts 6–12,
African-American children

Compositional characteristics, %

Treatment: Concentrated
disadvantage, bottom

quartile of Chicago

Treatment
(n � 237)

Control
(n � 543)

Poor 38 20
African-American 96 65
Unemployed 25 13
Households headed by single parent 68 44
Receiving welfare 35 18
Under 18 35 28
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and his/her family and friends. The reliability of the scale of social
support is 0.77 and predicts a range of social outcomes, including
maladaptive parenting.

In addition to the set of stable covariates, we include a set of
time-varying covariates that capture change in key aspects of
individuals’ lives occurring over the course of the survey. The first
group relates to employment and economic circumstances and
includes the following measures: the employment status of the
caregiver and the caregiver’s spouse or partner (working or not
working); the caregiver’s total household income, which consists of
six dummy variables indicating whether total household income is
below $10,000, $10,000–19,999, $20,000–29,999, $30,000–39,999
(the reference group), $40,000–49,999, or $50,000 and above; a
measure of occupational status, which is based on the socioeco-
nomic index (SEI) for caregivers (46); and a dummy variable
indicating whether the caregiver is receiving welfare. We also
include home ownership, household size (the total number of
individuals in the household), and the caregiver’s marital status,
which consists of dummy variables indicating whether the caregiver
is single (the reference group), cohabiting, or married. Descriptive
statistics for all covariates are available in SI Table 6.

Construction of the Weights. We construct time-varying IPT weights
after first modeling selection into disadvantaged neighborhoods.
Wave 1 treatment status is predicted by the full set of fixed and
time-varying covariates measured at baseline, as well as baseline
treatment status and verbal ability. Wave 2 treatment status is
predicted by the set of fixed covariates measured at baseline,
time-varying covariates measured at baseline and at wave 1, and
treatment status and verbal ability measured at both baseline and
at wave 1, a total of 43 separate selection predictors. Detailed results
for selection into neighborhood disadvantage are available in SI
Table 6. Prior treatment is by far the strongest predictor of current
treatment, although occupational status, criminality, residence
length, social support, employment of caregiver’s partner, and
marital status independently predict neighborhood disadvantage.
In addition, baseline verbal ability, gender, home-owner status,
welfare receipt, citizenship, caregiver employment, household size,
education, and income are associated at the bivariate level with
later neighborhood treatments.

Multivariate selection results form the basis of stabilized inverse

probability of treatment weights at waves 1 and 2. As delineated in
Eq. 8, the numerator of the wave 1 weight is the unconditional
probability of receiving the treatment actually received at wave 1.
The denominator of the wave 1 weight is the probability of receiving
the treatment actually received, conditional on the full set of
baseline covariates described above, including the baseline treat-
ment status (i.e., whether the respondent lived in a disadvantaged
neighborhood at baseline) and baseline cognitive ability. The
numerator of the wave 2 weight is the probability of receiving the
wave 2 treatment actually received, conditional on wave 1 treatment
status. The denominator is the probability of receiving the treat-
ment actually received conditional on the full set of covariates
measured at waves 1 and 2, prior treatment history, and prior
cognitive ability. We multiply the resulting ratio by the wave 1
weight to generate the final wave 2 IPT weights (Eq. 8). To ensure
that the few outlying weights with the largest values do not have a
disproportionate impact on our results, we then trimmed the largest
weights to the value of the 99th percentile. The weights used in the
analysis at time points 1 and 2 are multiplied by a separate weight
representing the inverse probability of attrition, thereby also ad-
justing for selective followup. The final wave 1 and 2 IPT weights,
with means of 1.02 (range 0.30 to 11.57) and 0.99 (0.16 to 10.74),
respectively, are used in estimating the cross-classified, multilevel
Eq. 7 using HLM version 6.30 (33, 38).

Before estimating models of verbal ability, we used a propensity-
score stratification approach to ensure that treatment and control
group members are balanced on their propensity score as well as
key predictors of selection into the treatment (29). Logit models
were used to predict the probability of being exposed to the
treatment at wave 1 for African-American children in the final
sample. As a conservative test, we then split the sample into 10
equally sized strata based on subjects’ propensity scores and exam-
ined balance within the strata on the average propensity score, its
standard deviation, the predicted logit, exposure to concentrated
disadvantage at baseline, and verbal ability at baseline. Table 4
reports the results. Although there are no significant differences
within stratum, we focus on patterns and magnitude of differences,
because traditional significant tests are not applicable: Balance is a
sample rather than population property (47).

Overall, treatment and control group members were extremely
well balanced on the propensity score and key covariates in the

Table 4. Treatment and control group balance within propensity score strata at wave 1: PHDCN cohorts 6–12,
African-American children

Decile Condition n
Propensity,

mean
Propensity,

SD Logit
Baseline

disadvantage
Baseline verbal

ability

1 Treatment 3 0.024 0.0067 �3.85 0 �1.56
Control 81 0.022 0.0068 �3.75 0 7.21

2 Treatment 2 0.039 0.0071 �3.21 0 22.05
Control 79 0.038 0.0041 �3.22 0 9.14

3 Treatment 6 0.054 0.0051 �2.87 0 9.67
Control 71 0.055 0.0046 �2.85 0 5.37

4 Treatment 4 0.074 0.0022 �2.52 0 2.27
Control 65 0.072 0.0046 �2.56 0 1.44

5 Treatment 3 0.093 0.0064 �2.28 0 �0.13
Control 73 0.092 0.0066 �2.29 0 2.13

6 Treatment 10 0.125 0.0111 �1.95 0 �1.69
Control 70 0.121 0.0115 �1.99 0 �2.29

7 Treatment 16 0.187 0.0382 �1.49 0 �7.13
Control 59 0.181 0.0275 �1.52 0 �7.34

8 Treatment 47 0.722 0.0566 0.97 100 4.62
Control 16 0.701 0.0529 0.87 100 1.60

9 Treatment 71 0.854 0.0272 1.78 100 �1.20
Control 13 0.854 0.0244 1.78 100 �0.45

10 Treatment 29 0.917 0.0083 2.41 100 �4.63
Control 6 0.912 0.0040 2.34 100 1.24

No difference between treatment and controls is significant at P � 0.05.
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model. The only strata with any imbalance initially were strata 8 and
10. We thus create a secondary sample that excludes 15 cases from
stratum 8 and 47 cases from stratum 10 to generate a sample that
is entirely in the area of common support. After excluding these
cases, treatment and controls are balanced on their propensity score
for treatment at wave 1, as well as on their baseline level of verbal
ability. There are differences in baseline verbal ability but mainly in
the small-N comparisons. More important, the patterns are not
consistent or in a direction that favors a treatment effect.

We conducted a similar analysis for treatment status at wave 2
(results not shown). In general, we again found good balance within
strata, although there was imbalance on the propensity score in
strata 2 and 3. We were able to obtain a fully balanced sample by
excluding 77 cases from stratum 2 and 47 cases from stratum 10.
Because our models estimate effects at multiple time points, simply
eliminating the cases that are outside the area of common support
at wave 2 would prohibit us from using these cases to estimate the
lagged effects of treatment status at wave 1. We therefore report
IPTW results for both the sample that is entirely in the area of
common support at wave 1 and the sample entirely in the area of
common support at wave 2.

Effect Estimates. Table 5 displays results from the cross-classified
IPTW model assessing the effect of concentrated disadvantage on
trajectories of adolescent verbal ability among African-American
children. The first set of model parameters reflects the average
trajectories of change in verbal ability over the three interview
waves. At baseline, African-Americans have scores 1.25 points
higher than the overall sample mean (Latinos have scores 3 points
below the mean and whites almost 10 points above). Over time,
black children’s verbal ability grows at a slower rate than the sample
as a whole, that is, blacks’ scores decline relative to the age-
standardized mean in the sample. For example, relative to the
sample as a whole, the verbal scores of African-Americans not in
the treatment group at waves 1 and 2, respectively, are �3.5 points
lower than at baseline. By the final wave, even African-American
children who never experience treatment have scores below the
overall sample mean.

The second set of estimates presents best-fitting models for causal
effects. The data reveal concentrated disadvantage is not associated
with a concurrent deficit in verbal ability. By contrast, wave 1
treatment is estimated to significantly reduce later wave 2 verbal
ability by 4.28 points in the balanced sample at wave 1 and 3.28
points in the balanced treatment sample at wave 2 (both P � 0.05,
two-tailed). Balanced wave 1 treatment is also significant at P �

0.01 in a one-tailed test appropriate for the hypothesized direction
of treatment effect. In both samples, there is significant variance
in the wave 1 causal parameter estimates across neighborhoods,
suggesting heterogeneity of treatment effect. The null hypothesis
of no treatment effect is thus rejected in two ways: the signifi-
cance of the effect itself and its variability across neighborhoods.

We estimated an additional set of models assessing the multipli-
cative effect of living in concentrated disadvantage at waves 1 and
2, net of the main effects at each wave. The results were consistent
with the hypothesis that the effects of concentrated disadvantage
are interactive, but treatment status at waves 1 and 2 correlates
extremely highly with the interaction term representing the se-
quence of treatments (�0.8). Standard errors were also very large,
indicating multicollinearity and lack of precision. We therefore do
not report results from this model.

In short, neighborhood effects in our data are not instantaneous
but rather are manifested several years later. Based on this finding,
we estimated the same wave 1 treatment effect on wave 2 verbal
ability but with a completely different method, propensity score
matching of individuals (30, 36). We allowed replacement (controls
can be matched more than once) and accepted a match only if the
difference between the propensity scores of treatment and controls
was within 0.01. Using this conservative matching criterion, we
obtained a very similar effect estimate among individually matched
cases (n � 144) to the �4.28 estimate in the balanced sample at
wave 1 in Table 5: �4.23 (SE � 2.47, P � 0.10 two-tailed; P � 0.05,
one-tailed). The nonparametric effect estimate averaged across the
10 propensity strata in Table 4 is �3.79. Because standard errors
and hence significance tests in propensity models are considered
uncertain (34), we focus on magnitude and consistency of pattern.
Across models, the main result is consistent and robust.

Estimated trajectories of verbal ability associated with living in a
severely disadvantaged neighborhood at wave 1 (circa the mid- to
late 1990s in Chicago) are displayed graphically in Fig. 1. Scores for
black children who lived in such neighborhoods declined sharply
relative to the average rate of growth in the sample as a whole, so
that by wave 2, their verbal ability scores are well below the mean
and �4 points below those of black children who do not experience
the treatment. Although there is variability around the estimate,
and it is not possible to extrapolate from these results to make
inferences about the long-term trajectories of adults, there is, on
average, a large divergence in verbal ability linked to wave 1
neighborhood treatment.

Discussion
Neighborhoods are not static features of a child’s life; instead,
neighborhoods change over time as children move through differ-

Table 5. Weighted estimates of the effect of concentrated disadvantage on verbal ability: PHDCN cohorts 6–12,
African-American children

Treatment, bottom quartile of concentrated disadvantage in Chicago neighborhoods

Fully balanced sample at wave 1
(n � 724 subjects)

Fully balanced sample at wave 2
(n � 638 subjects)

Basic model parameters Coefficient (SE) Coefficient (SE)
Intercept 1.25 (0.73) �0.13 (0.85)
Wave 1 �3.46** (0.63) �3.67** (0.71)
Wave 2 �3.88** (0.79) �3.42** (0.89)

Causal parameters of interest
Effect of wave 1 concentrated disadvantage on wave 1 verbal ability �0.75 (1.29) 0.04 (1.15)
Effect of wave 1 concentrated disadvantage on wave 2 verbal ability �4.28* (1.78) �3.28* (1.62)
Effect of wave 2 concentrated disadvantage on wave 2 verbal ability 1.40 (1.85) 0.86 (1.79)

Conditional variance components
Within subjects by neighborhood 73.44 70.61
Between subjects 115.45 126.79
Between neighborhoods 3.26 3.94
Treatment slope 57.35 56.62

Verbal ability constructed to have a mean of 0 and SD of 15 points. Data are IPT-weighted and cross-classified, with time points nested within subjects and
time-varying neighborhoods. *, Significant at P � 0.05 (two-tailed); **, significant at P � 0.01.
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ent periods of development, providing unique risks and opportu-
nities at each stage. It follows that neighborhoods have the potential
to alter developmental trajectories, and that their influence may be
lagged or cumulative. Building on these ideas, we used rich data on
selection into and out of neighborhoods to formulate a cross-
classified multilevel model designed to estimate causal effects when
contextual treatments, outcomes, and confounders all potentially
vary over time (32, 33, 48). This model was then adapted to generate
estimates of the effect of concentrated disadvantage on trajectories
of verbal ability.

We estimate that concentrated disadvantage reduces later verbal
ability by �4 points, or �25% of a standard deviation. To put this
magnitude in comparison, 1 year in schooling has been associated
with between a 2- and 4-point gain in IQ (3). Thus, we find evidence
that the neighborhood environment is an important developmental
context for trajectories of verbal cognitive ability. The finding that
the strongest effects appear several years after children live in areas
of concentrated disadvantage raises important questions about the

ways in which neighborhoods may alter growth in verbal ability,
producing effects that linger on even if a child leaves a severely
disadvantaged neighborhood. Consider trajectories of verbal ability
for black children in our study who lived in concentrated disadvan-
tage at wave 1. If one were to randomly provide housing vouchers
only to this group and compare outcomes at wave 2, the conclusion
would be that there are no neighborhood effects, because there is
no difference in verbal ability associated with wave 2 treatment
among those receiving treatment in wave 1 (Table 5). This conclu-
sion would be quite misleading, however, because it brackets the
significant lagged effect of living in concentrated disadvantage
compared with advantage at wave 1 (Fig. 1). It follows that
residential mobility programs for those who grow up in poverty do
not necessarily provide the appropriate test of the causal effect of
neighborhood social contexts.

We recognize that our estimates are based on the assumption
that unobserved time-invariant and -varying covariates that predict
outcomes are unrelated to treatment group assignment after con-
trolling for the observed confounders. There is never a way to
definitively test such assumptions, but by limiting our estimates to
a balanced sample conditioned on African-American children, we
believe our strategy transparently and reasonably addresses longi-
tudinal selection into and out of treatment, an improvement on
static estimates. More generally, we believe our proposed method
has broad implications for the rapidly growing literature that seeks
to estimate causal inferences on longitudinally observed data.

Conclusion
When we consider moves into and out of concentrated disad-

vantage among a representative sample of black children, not just
the poor, durable inequality matters. Indeed, exposure to concen-
trated disadvantage in Chicago appears to have had detrimental
and long-lasting consequences for black children’s cognitive ability,
rivaling in magnitude the effects of missing 1 year of schooling (3).
Policy discussions of investment in children are to be applauded (1),
but if our study is any guide, these discussions should be expanded
to include a more comprehensive approach to investing in and
thereby improving the neighborhood contexts to which children are
exposed as they develop cognitive skills crucial for later achieve-
ment in life.
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Fig. 1. Trajectories of verbal ability by neighborhood disadvantage: PHDCN
cohorts 6–12, African-American children.
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