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The Link between Neighborhood Poverty and Health: Context or Composition?
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Cross-sectional studies of neighborhood context and health are subject to upward bias due to unobserved hetero-
geneity and to downward bias due to overadjustment for potential mediators in the pathway between neighborhood
context and health. In this study, the authors employed two strategies that addressed these two sources of bias. First, to
mitigate overadjustment of mediators, they adjusted for baseline characteristics observed just prior to themeasurement
of neighborhood context, using a combined propensity score and regression strategy. Second, to mitigate underadjust-
ment of unmeasured confounders, they employed a fixed-effects modeling strategy to account for unobserved non-
time-varying heterogeneity. Analyses were based on a nationally representative sample of the nonimmigrant US
population from the Panel Study of Income Dynamics (1980–1997) in which respondent-rated health was regressed
on neighborhood poverty. The samples consisted of approximately 6,000 respondents for the propensity score/
regression models and 45,000 person-years for the fixed-effects models. Both modeling strategies yielded significant
estimates of neighborhood poverty and supported a causal link between neighborhood context and health.
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Abbreviations: CI, confidence interval; MTO, Moving to Opportunity; OR, odds ratio; PSID, Panel Study of Income Dynamics.

Place and health are intimately linked, given that goods
and services, exposure to hazards, and the availability of
opportunities are all spatially distributed. Studies based on
observational data generally support a link between neighbor-
hood economic conditions and a wide range of health out-
comes, including mortality, chronic disease, mental health,
and health behaviors (1–5), although there are a few excep-
tions (6, 7). These associations remain significant after ad-
justment for individual-level factors.

However, causal inferences from these studies can be inter-
preted as tenuous; differences in health across neighborhoods
may be due to neighborhood composition rather than neigh-
borhood context, because individuals tend to sort into different
types of neighborhoods based on both observed and unob-
served characteristics (8). Failure to account for differences
in individual-level characteristics across neighborhoods (i.e.,
composition) may cause investigators to spuriously attribute

health differences to neighborhood context. Extant studies,
largely relying on cross-sectional data, attempt to account
for neighborhood composition by controlling for observed
individual-level characteristics in regression models. How-
ever, the set of covariates considered is often limited and
cannot account for all potential factors. For example, persons
who are more likely to engage in risky health behaviors (e.g.,
substance use) may also seek out neighborhoods in which
these activities are more widespread—neighborhoods which
also tend to be poorer. Not accounting for these character-
istics would cause investigators to spuriously attribute health
differences to neighborhood context. Consequently, the reli-
ance on cross-sectional data and a handful of individual-level
variables to control for all of the compositional heterogeneity
across neighborhoods makes the assumption of (conditional)
exogenous variation in neighborhood context difficult to
justify.
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While neighborhood-health studies exclude relevant con-
founders, these studies are also susceptible to bias from
overadjustment (9–11). Neighborhood environments in
childhood and early adulthood are likely to have influenced
present-day educational attainment, labor force attachment,
and behavioral norms (12–15), which subsequently predict
future neighborhood characteristics and health. Conse-
quently, some individual-level characteristics may be con-
sidered both mediators and confounders, and adjusting for
these factors may yield overly conservative estimates of
neighborhood effects.

Using longitudinal data, we employed two modeling
strategies that address the two aforementioned sources of
bias in neighborhood-health studies. First, to mitigate over-
adjustment of mediators, we adjusted for baseline individ-
ual-level characteristics observed just prior to the period in
which neighborhood context was observed (strategy 1). Sec-
ond, to account for unobserved non-time-varying heteroge-
neity, we employed a fixed-effects modeling strategy
(strategy 2).

MATERIALS AND METHODS

Data

Analyses were based on data from selected years (1980–
1997) of the Panel Study of Income Dynamics (PSID). The
PSID is a panel study of a nationally representative sample
of the nonimmigrant US population. From 1968 to 1997,
PSID investigators collected data on an extensive list of
socioeconomic variables annually and sporadically col-
lected data on health measures. We used a geocoded version
of the PSID that included respondents’ census tracts of res-
idence at the time of each interview. The sample was further
restricted to non-Hispanic Black and White household
heads/spouses who were aged 18 years or over by the time
of the 1984 survey. These restrictions resulted in a sample
size of approximately 6,000 respondents for the propensity
score/regression models and 45,000 person-years for the
fixed-effects models.

Neighborhood context

Using 2000 US Census tract identifiers geocoded from
residential addresses for each respondent in the PSID data,
we linked census tract poverty measures to each respondent-
year. Neighborhood poverty levels were derived from the
Neighborhood Change Database of GeoLytics, Inc. (GeoLytics,
Inc., East Brunswick, New Jersey), which contains decen-
nial census-tract-level data for the years 1980, 1990, and
2000—normalized to 2000 tract boundaries (16). Neighbor-
hood poverty rates between decennial census years within
a tract were calculated by simple linear interpolation. Be-
cause tract boundaries change across decennial censuses, we
used normalized tract boundaries to minimize our chances
of spuriously attributing variations in tract characteristics to
compositional changes in tract poverty when variations were
due to boundary changes. Further, since the United States
was not fully tracted until 1990, we restricted our analyses
to person-year observations of persons who had resided in

areas that had at least 75 percent tract coverage at the time of
interview. This led to an approximately 7 percent attrition
rate due to missing or undercovered tract areas.

Health measurement

Health was captured with a five-point respondent-rated
health measure (poor, fair, good, very good, excellent) that
we dichotomized to fair/poor health—henceforth referred to
as poor health. Respondent-rated health is a strong predictor
of future mortality and morbidity, even net of clinical mea-
sures of health status (17, 18). There are further advantages to
this measure. First, it is a global measure that captures both
physical and mental health. Second, it is a dynamic measure
that is nonabsorbing; that is, individuals can lapse in and out
of poor health across surveys/time. Use of variables mea-
sured over time which enter a state and are not allowed to
leave that state (e.g., diagnosed diabetes) may lead to con-
servative effect estimates, since future variation in predic-
tors will have no effect on the person’s state of health. Third,
changes in perceived health over time tend to move in the
same direction as changes in morbidity (19). The nonab-
sorbing and time-varying aspects of this measure lend them-
selves well to a fixed-effects model approach, as well as
having it serve as a baseline health measure.

Strategy 1: baseline adjustment framework

Disentangling confounders from mediating factors is es-
pecially difficult in neighborhood-effects models because
exposure to neighborhood context is lifelong. As such, there
is no conventional pretreatment period that allows for ad-
justment of characteristics at baseline, just prior to exposure.
Using a strategy developed by Harding (15), we alleviate
these concerns by explicitly demarcating a finite time frame,
[to, te], during which the effect of neighborhood context is
measured (see figure 1). Persons who reside in high-poverty
neighborhoods (�20 percent on average) during this period
are considered to be in the treated group. Conversely, per-
sons who reside in low-poverty areas on average during this
period are considered to be in the control group. Compara-
bility is achieved by adjusting for baseline differences be-
tween the two groups as observed for up to t years before the
beginning of treatment, but not during the time frame of
treatment. At the end of the time frame of treatment, te,
the two groups are compared with regard to the health out-
come. By clearly defining a time frame of treatment, we can
adjust for baseline confounders and refrain from readjusting
for any possible time-varying mediators (e.g., income) dur-
ing the exposure period. This model assumes that any dif-
ferential changes in baseline characteristics at the end of the
time frame are due to neighborhood context and should be
considered a true neighborhood effect.

The health outcome is defined as respondent-rated health
reported in the last year for which the measure is observed
between 1995 and 1997—which we subsequently label as
1995/6/7. The time frame in which neighborhood poverty is
measured is 1985–1997 (1985–1995/6/7), inclusive; mea-
surements of neighborhood poverty after the year of health
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measurement are obviously excluded. Treatment is a binary
indicator of residence in a high-neighborhood-poverty envi-
ronment between 1985 and the year in which respondent-
rated health is measured. A high-neighborhood-poverty
environment is defined as an average neighborhood poverty
rate of 20 percent or more during this time period.

We control for pretreatment baseline characteristics as
measured in 1984. These characteristics include: employ-
ment status, educational attainment, family poverty income
ratio, marital status, indicator for a female-headed house-
hold, receipt of public assistance (welfare), age, and wealth.
Wealth is composed of the net value of assets, including
financial accounts, business value, real estate (excluding
primary residence), stocks, and vehicles. Further, we also
include 1984 respondent-rated health and 1980–1984 aver-
age neighborhood poverty rate as baseline adjustments.
Non-time-varying covariates include race and sex. Finally,
because this is an unbalanced sample, we include the num-
ber of years on which the average neighborhood poverty
rates are based.

Statistical adjustment strategy. In addition to multivari-
ate regression, we use a propensity scoring strategy to
control for baseline differences between residents of high-
poverty neighborhoods and residents of low-poverty neigh-
borhoods. This approach allows for better comparability
between the treated group (residents of high-poverty neigh-
borhoods) and the control group (residents of low-poverty
neighborhoods). The propensity score, P(T ¼ 1j X), is de-
fined as the probability that a person with characteristics X is
assigned to the treatment group, defined as T ¼ 1. Condi-
tional on the propensity score, the covariate distribution
of X is no longer correlated with the treatment assignment
(20, 21).

There are several advantages to this approach as com-
pared with standard regression adjustments. First, when dif-
ferences between groups are large, estimates from
parametric regression models may be particularly sensitive
to assumptions of model specification, even in the absence
of omitted confounders. However, propensity score adjust-

ment is less sensitive to model misspecification (22) and
therefore less likely to yield biased estimates. Second, con-
ducting t tests to examine whether any significant differen-
ces in covariates between the two groups remain after
propensity score adjustment allows for transparency in the
quality of covariate balance. Third, when significant differ-
ences remain, fitting a regression model weighted by the
propensity score offers an additional layer of adjustment
that can be more effective than propensity score adjustment
alone (23, 24). Finally, the augmented strategy of combining
the propensity score with regression adjustment may in-
crease the precision of the neighborhood effect estimate
and serves to produce a ‘‘doubly robust’’ estimator, given that
the neighborhood effect estimate is consistent if either the
propensity or the regression model is correctly specified (24).

In this study, rather than the more conventional paramet-
ric models (21), we use a multivariate nonparametric regres-
sion technique called generalized boosted models (25) to
estimate the propensity to reside in a high-poverty neighbor-
hood. The propensity scores are then used to calculate ob-
servation weights defined as

ŵiðT;XÞ¼ Tþð1�TÞfP̂ðT ¼ 1jXiÞ=½1� P̂ðT ¼ 1jXiÞ�g:

That is, persons in the treated group are assigned a weight of
1 and persons in the control group are assigned a weight of
P̂=ð1 � P̂Þ. Persons in the control group who are similar in
observed characteristics to the treatment group will have
a higher propensity score, and thus a larger weight, than
those with dissimilar characteristics. The weighting serves
to transform the covariate distribution of the control group
to correspond with that of the treatment group, in essence
creating a pseudo-population of persons who reside in low-
poverty neighborhoods that resembles the population that
resides in high-poverty neighborhoods.

Propensity score model specification. With the propen-
sity score adjustment strategy, covariate balance can be ex-
plicitly tested. Before propensity score adjustment, residents
of high- and low-poverty neighborhoods differ greatly (compare

High average neighborhood poverty (treated group)
Low average neighborhood poverty (control group)

(Pretreatment)
1980–1984 1995/6/7

te

Baseline
characteristics

observed

Respondent-
rated health

measured and
compared across

groups

to– t

Time

Adjust for baseline
characteristics to
make control and
treatment groups

comparable

(Time frame during which neighborhood poverty is measured)
1985–1995/6/71984

to

FIGURE 1. Baseline adjustment framework for the propensity score model, Panel Study of Income Dynamics, 1980–1997.
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the ‘‘high-poverty neighborhood’’ and ‘‘low-poverty neigh-
borhood (no propensity score weighting)’’ columns in ta-
ble 1). After propensity score weighting (compare the
‘‘high-poverty neighborhood’’ and ‘‘low-poverty neighbor-
hood (after propensity score weighting)’’ columns in table 1),
these differences are reduced considerably, but not entirely.
As such, we fit our model with the full set of factors that were
included in the propensity score model as an additional pro-
tective step against bias.

Strategy 2: fixed-effects model framework

As with regression models, propensity score adjustment
can only adjust for measured factors. Hence, causal infer-
ence from our first strategy rests on the strong assumption

that there exists no omitted variable bias. Neglecting to
account for factors that are correlated with both neighbor-
hood poverty and health in the propensity/regression
model—henceforth referred to as the propensity model—
could cause one to spuriously attribute differences in health
outcomes to neighborhood context.

Therefore, our second strategy employs a fixed-effects
logistic model (26, 27) to account for possible non-time-
varying unobserved confounders. More formally, we maxi-
mize the conditional likelihood function,

L¼
Yn
i¼1

Pr Yi1 ¼ yi1;Yi2 ¼ yi2; . . . ; YiTi
¼ yiTi

����X
Ti

t

yit

 !
;

where Ti represents the number of waves observed for per-
son i and yit is a time-varying binary indicator of poor health

TABLE 1. Characteristics (proportion or mean value) of high- and low-poverty residents

at baseline, Panel Study of Income Dynamics, 1980–1997

Characteristic

High-poverty
neighborhood

Low-poverty
neighborhood
(no propensity
score weighting)

Low-poverty
neighborhood

(after propensity
score weighting)

(n ¼ 1,509) (n ¼ 4,583) (n ¼ 4,583)

Female sex 0.647 0.556** 0.679

Black race 0.793 0.179** 0.760

Age (years) 39.252 39.008 37.903

Economic factors

Family poverty income
ratio 1.999 4.383** 2.169*

Wealth (1984 dollars) 14,281.469 64,276.614** 12,663.227

Welfare recipient 0.130 0.017** 0.100

Female-headed household 0.209 0.046** 0.211

Education

No high school 0.463 0.178** 0.429

High school 0.384 0.412 0.385

Some college 0.108 0.196** 0.117

College 0.031 0.137** 0.048*

Graduate school 0.014 0.077** 0.020

Labor force status

Employed 0.545 0.728** 0.629**

Unemployed 0.129 0.033** 0.106

Not in the labor force 0.326 0.239** 0.265*

Marital status

Single 0.213 0.095** 0.232

Married 0.535 0.786** 0.500

Widowed 0.072 0.035** 0.284

Divorced 0.097 0.062** 0.322

Separated 0.083 0.022** 0.256

Baseline neighborhood
poverty rate 27.541 9.415** 25.359**

Baseline poor health 0.272 0.104** 0.402**

* p < 0.05; **p < 0.01 (difference from the high-poverty group in t test for mean/proportion

difference).
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for person i and is a function of both time-varying covari-
ates, xit, and non-time-varying covariates, ai—that is,

Prðyit ¼ 1Þ¼ e
aiþb#xit

1þ e
aiþb#xit

:

By conditioning the likelihood on the sum of each individ-
ual’s outcomes (i.e.,

PTi
t yit), we ensure that the resulting

function is now independent of ai. Consequently, because ai
includes both measured and unmeasured factors that do not
vary over time, parameter estimates are now purged of any
(time-invariant) unobserved individual-level heterogeneity.

The fixed-effects sample consists of multiple measure-
ments of neighborhood poverty and self-reported health be-
tween 1984 and 1997. With the exception of three variables,
all time-varying socioeconomic factors that were included
in the propensity model presented above are also entered
into the fixed-effects model, including: marital status, age,
education, indicator for a female-headed household, receipt
of public assistance, labor force status, and family poverty
income ratio. Baseline health, baseline neighborhood pov-
erty, and baseline wealth, although they are theoretically
time-varying characteristics, are constant measures in the
model because they refer to baseline values. Consequently,
they are absorbed by the specification of the individual-level
fixed effects.

Because descriptive analyses revealed that most of the
within-person neighborhood poverty variation was due to
residential relocation, which may be correlated with
changes in individual characteristics that also affect health,
an indicator for whether the respondent has moved during
the previous year is also included in the model. Specifically,
intraperson variation in neighborhood poverty is more than
3.5 times greater among movers (one third of the study
population) than among nonmovers. Lastly, we also include
a complete set of year dummies to adjust for unobserved
factors peculiar to each year.

Several specifications of neighborhood poverty are ex-
plored: categorical, linear, and log-linear. Finally, as a basis
of comparison, we also fit non-fixed-effects models (pooled
logistic regression) using the 1984–1997 sample with the
same set of covariates in the fixed-effects models, with
sex and race as additional adjustments. Given that there
are multiple observations per individual, the pooled logistic
regression models adjust the standard errors for nonindepen-
dence of observations within individuals (28–30). The
pooled logistic model represents the more conventional
cross-sectional modeling strategy in which unobserved in-
dividual heterogeneity is ignored.

Table 2 summarizes the three modeling strategies: 1) base-
line adjustment framework, 2) fixed-effects framework, and
3) pooled logistic regression.

RESULTS

Results from strategy 1: baseline adjustment
framework

Propensity score model estimates are presented in table 3.
The sample size is indicative of the adult household-head/

spouse population of respondents. Model 1 is the uncondi-
tional weighted logistic regression model and yields an es-
timate of average neighborhood poverty for the period
1985–1997 of 1.74 (odds ratio (OR) ¼ 1.74, 95 percent
confidence interval (CI): 1.33, 2.27). Again, this estimate
is obtained using the propensity score-weighted analysis
discussed above in Materials and Methods. On average,
the odds of reporting poor health are 1.74 times greater
among residents of high-poverty neighborhoods than among
residents of low-poverty neighborhoods. However, this es-
timate is expected to be biased, since there remain signifi-
cant baseline differences between residents of high- and
low-poverty neighborhoods, as evidenced in table 1. Model 2
adds the five covariates for which balance was not
achieved. The estimate (OR ¼ 1.63, 95 percent CI: 1.21,
2.19) is slightly attenuated but remains significant and rel-
atively stable, as measured by the width of the confidence
interval. On average, the odds of reporting poor health are
1.63 times greater for a person who resides in a high-poverty
neighborhood than for a comparable person in a low-poverty
neighborhood. Model 3 adds the full set of factors that were
also included in the propensity score weighting. The inclu-
sion of the remaining covariates in the regression model
does not significantly alter the neighborhood estimate or
the width of the confidence interval. The stability of the
neighborhood poverty estimate is reassuring, since the ad-
ditional covariates should no longer be correlated with
neighborhood poverty after propensity score weighting. As
aforementioned, the inclusion of the full set of covariates also
serves to produce a ‘‘doubly robust’’ estimator.

Results from strategy 2: fixed-effects models

With strategy 2, we focus on both the contrasts between
fixed-effects models (A models) and non-fixed-effects mod-
els (B models) and the variations in the functional form of
the neighborhood poverty measurements. The sample size
in the non-fixed-effects models represents the pooled
1984–1997 person-year data, based on the approximately
6,000 adults used for strategy 1; the sample size in the
fixed-effects regressions is a subset of these person-year
observations but is restricted to those who exhibit variation
in both neighborhood poverty and health over time. The
fixed-effects estimate for the binary neighborhood poverty
specification (table 4, model 4A) is not significant, probably
because of insufficient intraperson variation across catego-
ries. On the other hand, using a finer gradation in categories
(model 5A) demonstrates a significant association for areas
with a poverty rate of 40 percent or more. In addition, the
linear and log-linear poverty specifications (models 6A and
7A, respectively) indicate that neighborhood poverty signif-
icantly increases the likelihood of reporting poor health. For
example, in the raw (linear) specification, a 10-percentage-
point increase in neighborhood poverty increases the odds
of reporting poor health by a factor of 1.05. Though both
estimates for the continuous neighborhood poverty mea-
sures (linear and log-linear) are relatively stable, with neither
ratio of 95 percent confidence limits (upper:lower) exceeding
1.2, the lower 95 percent confidence limits for both estimates
fall precariously close to 1. Consequently, although results

Neighborhood Poverty and Health 615

Am J Epidemiol 2008;168:611–619



from the fixed-effects models support a causal link between
neighborhood poverty and health, the evidence is far from
definitive.

For comparison, results from non-fixed-effects analyses
(pooled logistic regression) based on 1984–1997 data are
also presented in table 4. Expectedly, estimates from the
non-fixed-effects regression models, having not been ad-
justed for unobserved individual heterogeneity, are consis-
tently significant and larger than those from comparable
fixed-effects models. In sum, all estimates of neighborhood
poverty effects from the non-fixed-effects models, regard-
less of specification, are statistically significant.

DISCUSSION

In this study, we addressed two sources of bias: unob-
served heterogeneity and overadjustment of mediators.
Models addressing each source of bias produced significant
neighborhood effect estimates, supporting a causal link be-
tween neighborhood poverty and respondent-rated health. In
short, while some portion of previously attributed neighbor-
hood effects on health uncovered using cross-sectional
observational data is probably due to compositional differ-
ences between neighborhoods, context plays a significant
role in determining the health of individuals, even under
our more restrictive model conditions. However, there was
a rather broad range in the estimates of effects between our
two models, suggesting that the true magnitude may lie
somewhere between these estimates.

The propensity score estimate (OR ¼ 1.64, 95 percent;
CI: 1.19, 2.24) is substantially larger than the linear neigh-
borhood poverty fixed-effects model estimate (OR ¼ 1.05,
95 percent CI: 1.01, 1.11). However, the two estimates are
not directly comparable, as the propensity score estimate

reflects an average threshold effect at the 20 percent poverty
level while the fixed-effects model assumes a linear relation
and reflects a 10-percentage-point change in neighborhood
poverty rate. A rough proxy for the difference in poverty
rates between the two categories in the propensity model is
the difference in the mean value of each category. The av-
erage poverty rates within the low-poverty and high-poverty
neighborhoods are 8.6 percent and 31.7 percent, respec-
tively. Hence, the 64 percent increase in the odds of report-
ing poor health in the propensity score model corresponds
approximately to a 23 percent increase in the neighborhood
poverty rate. For an equivalent change in neighborhood
poverty rate in the fixed-effects model, this equates to in-
creased odds of approximately 12 percent for reporting poor
health. Even with this interpretation in mind, the propensity
score estimate is still quite a bit larger than the fixed-effects
estimate.

The relative magnitudes of the propensity score, fixed-
effects, and non-fixed-effects model estimates are in the ex-
pected order. The propensity score model yielded larger
neighborhood estimates than the non-fixed-effects model
(model 4B), since it adjusted for only baseline factors and
refrained from overadjusting for possible mediators. Con-
versely, the fixed-effects models, accounting for unobserved
heterogeneity, were expected to show an attenuated link be-
tween neighborhood poverty and health, as compared with
the non-fixed-effects models. Though the fixed-effects mod-
els do not account for unobserved time-varying factors, the
significant results from the fixed-effects models are espe-
cially noteworthy because the models adjust for mediating
factors that clearly lie in the pathway between neighborhood
and health, probably yielding more conservative estimates.

However, the findings should also be interpreted with
caution, especially in light of results from the Moving to

TABLE 2. Model specifications and sample sizes used for the baseline adjustment,

fixed-effects, and pooled logistic regression strategies, Panel Study of Income Dynamics,

1980–1997

Strategy Sample size Adjustments

Baseline adjustment strategy 6,092 1984 baseline: employment
status, educational attainment,
family poverty income ratio,
marital status, indicator for
a female-headed household,
receipt of welfare, age, race,
sex, wealth, respondent-rated
health, and 1980–1984 average
neighborhood poverty

Fixed-effects strategy 45,351 At time t : employment status,
educational attainment, family
poverty income ratio, marital
status, indicator for a
female-headed household,
receipt of welfare, and age

1984–1997 (non-fixed-effects)
pooled logistic regression
strategy

129,595 At time t : employment status,
educational attainment, family
poverty income ratio, marital
status, indicator for a
female-headed household,
receipt of welfare, age, race,
and sex
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Opportunity (MTO) Study—one of the largest quasi-experi-
ments yet undertaken to examine the impact of neighbor-
hood poverty on individual outcomes, including health. The

MTO Study did not find any significant neighborhood ef-
fects on respondent-rated health (31). One possible expla-
nation for the divergent results is the shorter time frame of

TABLE 3. Propensity score-weighted regression estimates for poor health in 1997 (n ¼ 6,092), Panel

Study of Income Dynamics, 1980–1997

Propensity score-weighted estimate

Model 1 Model 2 Model 3

OR* 95% CI* OR 95% CI OR 95% CI

1985–1997 average tract poverty (%)

<20 1.00 1.00 1.00

�20 1.74 1.33, 2.27 1.63 1.21, 2.19 1.64 1.19, 2.24

Race/ethnicity

White 1.00

Black 1.08 0.81, 1.43

Sex

Female 0.80 0.60, 1.08

Male 1.00

Age 1.10 1.03, 1.16

Age squared 1.00 1.00, 1.00

Family poverty income ratio (%)

�100 1.32 0.86, 2.02 1.65 1.02, 2.68

>100–200 1.34 0.94, 1.91 1.59 1.07, 2.37

>200–300 1.29 0.91, 1.85 1.49 1.03, 2.18

>300 1.00 1.00

Socioeconomic characteristics

Female-headed household 0.81 0.51, 1.29

Welfare recipient 1.62 0.99, 2.64

Quintile of family wealth

1 1.08 0.63, 1.88

2 0.83 0.48, 1.44

3 0.86 0.49, 1.48

4 1.00

Education (years)

<12 2.26 1.71, 3.00 1.62 1.18, 2.23

12 1.00 1.00

13–15 0.74 0.51, 1.08 0.82 0.56, 1.21

16 0.46 0.23, 0.95 0.48 0.23, 1.00

�17 0.96 0.38, 2.46 0.67 0.27, 1.66

Labor force status

Employed 1.00 1.00

Unemployed 1.06 0.72, 1.57 1.15 0.78, 1.71

Not in the labor force 1.40 1.02, 1.92 1.14 0.79, 1.65

Baseline health

Fair/poor 4.99 3.69, 6.75 3.68 2.64, 5.13

Not fair/poor 1.00 1.00

Baseline neighborhood poverty rate (%)

<10 1.00 1.00

10–<20 0.95 0.69, 1.31 0.83 0.59, 1.17

�20 0.76 0.57, 1.01 0.67 0.48, 0.92

* OR, odds ratio; CI, confidence interval.
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the MTO experiment. Respondent-rated health was mea-
sured 4–7 years after enrollment in the MTO Study, versus
14 years in this study. Moreover, approximately 40 percent
of those in the MTO Study who were offered housing
vouchers restricted to low-poverty neighborhoods lived less
than 5 years in their neighborhood (31). Consequently, the
salutary effects of residing in a low-poverty environment
may not have had sufficient time to manifest. One promising
finding from the MTO experiment is the significant effects
found for a summary measure of physical health for younger
adults (age <33 years). This suggests the possibility that
significant effects on respondent-rated health may be found
in future follow-up studies.

Limitations

While the propensity score model framework mitigates
bias due to overadjustment for time-varying mediating fac-
tors, substantial downward bias probably remains. The
youngest respondent in the sample was aged 18 years. By
this age, the largest impacts of neighborhood context prob-
ably have already been realized through educational attain-
ment and the development of behavioral norms. Adjusting
for baseline factors in adulthood effectively eliminates the
impact of childhood neighborhood environment, which ar-
guably may be most influential for adult health. This is
especially noteworthy since the baseline adjustment in-
cluded respondent-rated health. Further, adjusting for base-
line factors such as education that do not change much after
one’s educational career is completed is tantamount to a con-
temporaneous control that is commonly employed with
cross-sectional data sets. Consequently, estimating the ef-
fects of neighborhood context experienced during a small
window of time in adulthood is probably a conservative
approach to estimating the full impact of neighborhood con-

text on adult health over the life course. Nonetheless, un-
observed heterogeneity in the propensity score model may
be a serious threat to causal inference and may lead to up-
ward bias in the neighborhood effect estimates. And while
the fixed-effects models control for unobserved non-time-
varying factors, they cannot adjust for time-varying unob-
served characteristics.

Several other limitations are worth noting. First, respondent-
rated health is a measure that may be sensitive to response
factors such as recall and social desirability. Second, the
conventional usage of single census tracts to define neigh-
borhood boundaries ignores the impact of surrounding
communities (i.e., nonresidential poverty exposure). Recent
work suggests that estimates of neighborhood effects that
considered only the tract of residence may have under-
estimated the total effects of neighborhoods on health
(32). Third, both respondent-rated health and neighbor-
hood poverty are broad measures that preclude discerning
specific mechanisms through which neighborhood affects
health. More research, using more objective health measures
and specific neighborhood characteristics that are theoret-
ically linked to the health measure in question, is needed
to gain more insight into the pathways through which
neighborhoods affect health.

Conclusions

Despite the above limitations, this study represents a sub-
stantial step towards obtaining causal estimates of neighbor-
hood effects on health. The analyses used a nationally
representative US sample and employed two complementary
techniques to examine the relation between neighborhood
poverty and respondent-rated health. While our fixed-effects
estimates might represent the lower bound of the effect
of neighborhood poverty over a short period of time in

TABLE 4. Fixed-effects and cross-sectional model estimates of the effect of neighborhood poverty on poor health, Panel Study of

Income Dynamics, 1980–1997*

Model Neighborhood poverty specification
Fixed-effect models (n ¼ 45,351) Non-fixed-effects models (n ¼ 129,595)

ORy 95% CIy OR 95% CI

Categorical measures of neighborhood poverty

Model 4A/B Neighborhood poverty rate (%)

<20 1.00

�20 0.97 0.87, 1.09 1.25 1.16, 1.36

Model 5A/B Neighborhood poverty rate (%)

<5

5–<10 1.14 0.96, 1.34 1.21 1.08, 1.35

10–<20 1.19 0.98, 1.43 1.37 1.22, 1.53

20–<40 1.11 0.91, 1.35 1.62 1.43, 1.83

�40 1.32 1.03, 1.68 1.48 1.26, 1.73

Continuous measures of neighborhood poverty

Model 6A/B Linear poverty 1.05 1.01, 1.11 1.09 1.06, 1.12

Model 7A/B Log poverty 1.09 1.01, 1.18 1.21 1.15, 1.27

* Odds ratios for the linear and log measures of neighborhood poverty represent a hypothetical change of 10 percentage points.

y OR, odds ratio; CI, confidence interval.

618 Do and Finch

Am J Epidemiol 2008;168:611–619



adulthood, our propensity score approach might also be
downwardly biased because of overcontrol for mediators
that are well-established in adulthood (e.g., education).
However, it is clear from this study that even short-term
effects of neighborhoods have significant and direct effects
on health. In future research, investigators should begin to
utilize similar methods, combined with theoretically nu-
anced arguments, to pin down the actual contribution of
neighborhood context to population health and health dis-
parities over the life course.
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