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Abstract
Objective—This study examines the role of neighborhood context in the accumulation of
biological risk factors and racial/ethnic and socioeconomic disparities.

Method—Data come from face-to-face interviews and blood collection on a probability sample
of adults (n=549) in the 2002 Chicago Community Adult Health Study. Following the approach of
prior studies, we constructed an index of cumulative biological risk (CBR) by counting how many
of eight biomarkers exceeded clinically defined criteria for “high risk”: systolic and diastolic
blood pressure, resting heart rate, hemoglobin A1c, C-reactive protein, waist size, and total and
HDL cholesterol. Data are presented as incidence rate ratios (IRR) based on generalized linear
models with a Poisson link function and population-average estimates with robust standard errors.

Results—Non-Hispanic blacks (n=200), Hispanics (n=149), and people with low (n=134) and
moderate (n=275) education had significantly higher numbers of biological risks than their
respective reference groups (IRR=1.48, 1.59, 1.62, and 1.48, respectively, with p-values <0.01).
Black-white (p<0.001) and Hispanic-white (p<0.003) disparities in CBR remained significant after
adjusting for individual-level socioeconomic position and behavioral factors, while individual-
level controls substantially diminished the low/high (p<0.069) and moderate/high (p<0.042)
educational differences. Estimating “within-neighborhood” disparities to adjust for neighborhood
context fully explained the black-white gap in CBR (p<0.542) and reduced the Hispanic-white gap
to borderline significance (p<0.053). Neighborhood affluence predicted lower levels of CBR
(IRR=0.82, p<0.027), but neighborhood disadvantage was not significantly associated with CBR
(IRR=1.00, p<0.948).

Conclusions—Neighborhood environments appear to play a pivotal role in the accumulation of
biological risk and disparities therein.
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A growing body of research demonstrates that having multiple adverse biological risk
factors – such as hypertension, obesity, high blood sugar, and elevated cholesterol –
increases the risk of morbidity, functional and cognitive decline, and mortality (1-16). Such
research also suggests that racial/ethnic minority groups and people with lower levels of
education and income tend to accumulate more biological risk factors (4, 6, 9, 10, 17-20),
making the cumulative toll of such “wear and tear” to the body a potentially critical, though
not yet widely recognized, facet of health disparities in the United States.

In an influential essay on the pathways from stress to disease, McEwen and Stellar (21)
coined the term allostatic load to describe the harmful effects of physiological response
patterns that can ensue from prolonged exposure to stressful environments or being highly
reactive to stressors. They described a process in which the body responds to physical,
psychosocial, and environmental stressors by producing hormones and neurotransmitters
that help the body respond to stress by coordinating physiological responses across multiple
biological systems, thus achieving stability through change (22). In the face of severe or
prolonged stress, dysfunctions can result from physiological systems being activated too
frequently, not having a chance to return to their setpoints, or ceasing to activate adequately.
Moreover, dysfunctions of one physiological system can spillover into related systems. For
example, exposure to stress can trigger surges in blood pressure, which in turn can
accelerate atherosclerosis or interact with metabolic processes to produce Type II diabetes
(22). Thus, the theory of allostatic load offers a framework for understanding not only the
pathways between stress and disease but also how physiological pathologies can spread
across systems and cumulatively affect health.

There is a growing literature on how to measure allostatic load in population-based research.
Most studies of this kind create indices of allostatic load from biomarkers of metabolic,
inflammatory, cardiovascular, and neuroendocrine processes. There is substantial variation
across studies in how many biomarkers are included in such indices, which physiological
systems are represented, and how the indices are formulated [for a comprehensive review,
see Juster, McEwen, and Lupien (23)]. In this study we follow an approach similar to prior
studies but use the term “cumulative biological risk” (CBR) rather than allostatic load to
describe indices of this kind to acknowledge that they are indirect indicators (at best) of the
underlying processes that generate allostatic load. That is, like other studies, we do not have
measures of primary stress mediators and instead have secondary outcomes that reflect
adaptive physiological responses to stress and other adverse stimuli but which also can arise
from other etiologies. Although some scholars use the term “allostatic load” in reference to
similar measures, we did not want to give readers the impression that we were directly
operationalizing the concept of allostatic load and thus preferred the term CBR. It is worth
noting that metabolic syndrome describes a cluster of risk factors that overlaps considerably
with those in our measure of CBR, although conceptually allostatic load addresses a broader
array of systems in dysregulation. Both of these concepts describe a potentially interrelated
set of physiological conditions that may have cumulative and interactive effects on health.

Several studies show that racial/ethnic minorities and/or people of lower social status
experience a greater accumulation of biological risk factors (11, 24). For example, in an
analysis of the Normative Aging Study (24), Kubzansky and colleagues found that
respondents with lower levels of education experienced higher levels of cumulative
biological risk. In Weinstein and colleagues’ study using both the MacArthur Study of
Successful Aging and Taiwan Social Environment and Biomarkers of Aging Study
(SEBAS) cohorts (25), income and education were inversely related to CBR. Likewise,
higher levels of education and income were associated with lower CBR in Seeman and
colleagues’ (26) analysis of the National Health and Nutrition Examination Study
(NHANES III). Respondents with a poverty-income ratio less than 1.85 were more likely
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than the non-poor to have high CBR in Geronimus and colleagues’ analysis of NHANES III,
and they also found racial differences in CBR, with higher risks for respondents in the non-
poor black category compared to poor whites (6). Several other studies have also shown that
blacks (6, 9, 19, 26) and Hispanics (9, 19) have significantly more risks than whites,
independent of education and income.

Neighborhood environments are often invoked as a possible explanation for social
disparities in health. In their study of NHANES III, Bird and colleagues (27) found that
neighborhood socioeconomic status was associated with a higher count of biological risks
after adjustment for age, gender, race/ethnicity, marital status, nativity, education, and an
income to poverty ratio. Merkin and colleagues (28) expanded on the analysis by Bird and
colleagues, using models stratified by race/ethnicity to show that the relationship between
neighborhood disadvantage and CBR is strongest among blacks and, to a lesser extent,
Mexican Americans. Neither study assessed the degree to which neighborhood factors
explain racial/ethnic differences in CBR; Merkin and colleagues cite insufficient overlap in
the distribution of neighborhood disadvantage between blacks and whites as an obstacle to
such an analysis using the NHANES data (28). Thus, to date, no study has provided a
systematic account of how much individual-level disparities are a function of or conditioned
by neighborhood context (29).

This paper (1) assesses the contribution of neighborhood environments to racial/ethnic and
socioeconomic disparities in CBR, using data from a population-based study of adults in
Chicago, and (2) shows that the relationship between neighborhood socioeconomic position
and CBR may be driven less by the factors that indicate neighborhood disadvantage (e.g.,
aggregate income levels and rates of poverty, unemployment, public assistance) and more
by factors that may be more indicative of relative neighborhood affluence (e.g., aggregate
education levels, occupational composition, and home values).

MATERIALS AND METHODS
Data

Data come from the Chicago Community Adult Health Study (CCAHS), a multi-level study
designed to understand the role of residential context, as well as individual and household
factors, in affecting both self-reported and biomedical indicators of adult health. A
probability sample of 3105 adults age 18 and older living in the city of Chicago was
interviewed and their physical health measured between May, 2001 and March, 2003. The
sample was stratified into 343 neighborhood clusters (NCs), previously defined by the
Project on Human Development in Chicago Neighborhoods (PHDCN) (30), such that each
NC usually included two census tracts (roughly 8,000 people) with meaningful physical and
social boundaries. One individual was interviewed per household, with a response rate of
71.8 percent. Persons in 80 focal areas previously defined by the PHDCN were sampled at
twice the rate of those in the rest of the city and invited to contribute saliva and blood
samples. The focal NCs are a stratified random sample of the 343 NCs, where the strata
were defined to reflect racial/ethnic composition (seven categories representing admixtures
of whites, blacks, and Hispanics) and socioeconomic status (three categories representing
low, medium, and high), resulting in a socioeconomically and racially-ethnically
heterogeneous subset of Chicago’s neighborhoods (31). Of the 1,145 respondents who lived
in the 80 focal NCs, a blood sample was obtained for 629 (55 percent), and 549 of the
resulting blood samples yielded valid data for all measures. In this analytical sample, there
were between 2 and 12 people per NC, with a mean of 6.9. All data and analyses are
weighted to account for different rates of subsampling for final intensive interview
completion efforts, non-response, and the unique sociodemographic composition of the 80
focal NCs, such that the weighted sample matches the 2000 Census population estimates for
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the city of Chicago in terms of age, race/ethnicity, and sex. Comparisons of the
sociodemographic composition of the analytic sample with the full samples of 1145 in the
focal NCs and 3105 in the city of Chicago found little difference among them. The original
data collection for the CCAHS study was approved under the University of Michigan
Behavioral Sciences and Health Sciences Institutional Review Boards.

Outcome Measure
Following an approach used in similar studies, we constructed an index of CBR by counting,
for each subject, the number of biomarkers that exceeded clinically-defined criteria for “high
risk,” as follows: systolic blood pressure (SBP) ≥ 140 mm Hg (32); diastolic blood pressure
(DBP) ≥ 90 mm Hg (32); resting heart rate (RHR) ≥ 90 beats/minute (33); glycosylated/
glycated hemoglobin (HbA1c) ≥ 6.4% (34, 35); C-reactive protein (CRP) ≥ 3 mg/dL (36);
total cholesterol (TC) ≥ 240 mg/dL (37); high-density lipoprotein cholesterol (HDL) ≤ 36
mg/dL for men and ≤ 46 mg/dL for women (38); and waist size (WS) > 102 cm for men and
> 88 cm for women (39). We imputed waist size for 10 respondents whose measures were
outside the range of 25-50 inches (interviewers wrote notes about each of these cases
indicating that the measurement was inaccurate) using predicted values from a regression
model that included sex, age, immigrant status, race, and birth parity for women. The results
reported below are based on the sample of 549 subjects with non-missing data on all eight
biomarkers. However, in supplemental analysis we imputed values on all biomarkers for
respondents with missing data, constructed a revised index of CBR based on the imputed
data, and replicated all of the models. We chose not to report the results based on the revised
CBR scale because (a) they produced no notable differences and (b) the missing values we
imputed for this analysis were very likely to be missing at random due to laboratory error in
processing blood samples. Although measures of CBR used in prior studies vary
considerably (23), the eight biomarkers that comprise our index include indicators of three
major physiological systems – cardiovascular (SBP, DBP, and RHR), metabolic (HbA1c,
TC, HDL, WS), and immune (CRP) – and overlap substantially with the biomarkers used to
construct indices of CBR in recent comparable studies (27, 28). We also examined the
robustness of our results to alternate specifications of the index by serially excluding each
item and reconstructing the index.

A recent review of the research on allostatic load by Juster, McEwen, and Lupien (2009)
examined 58 studies analyzing outcomes that we would call measures of CBR. The number
of biomarkers included in these CBR indices ranged from 4 to 16, and 51 different
biomarkers were used in at least one of these 58 studies. Like the CCAHS, about 25% of the
studies reviewed did not include a measure of neuroendocrine function in their index. Our
CBR measure is very similar to those used in recent studies of neighborhood context and
allostatic load/CBR by Merken et al. (2009) and Bird et al. (2009), both of which used
almost the same set of biomarkers as ours, with the only differences being (a) their inclusion
of albumin (an immune measure) and (b) their use of the waist-hip ratio rather than waist
size (we use the latter).

Independent Variables
In all of our regression models we control for a core set of individual-level
sociodemographic variables that include measures of race/ethnicity (non-Hispanic white,
non-Hispanic black, Hispanic, and non-Hispanic other), gender, age (18-29, 30-39, 40-49,
50-59, 60-69, and 70 and older), immigrant generation (first, second, and third or more),
educational attainment (less than 12 years, 12-15 years, and 16 or more years), and income
($0-9,999, $10,000-29,999, $30,000-49,999, $50,000 or more). In some models we also
introduce controls for health behaviors including measures of physical activity (whether the
respondent reports either engaging in light-moderate activity four or more times per week
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for 20 minutes or more or vigorous activity at least two times per week regardless of
duration), fruit and vegetable intake (whether the respondent reports usually eating at least
two servings of fruit and/or vegetables per day), smoking (current smoker, former smoker,
or never smoked regularly), and drinking (never a regular drinker; no longer a regular
drinker; “moderate” drinker, defined as .5 to 60 drinks/month for women and .5 to 90
drinks/month for men; and “heavy” drinker, defined as more than 60 drinks/month for
women and more than 90 drinks/month for men). We also included a dichotomous variable
to indicate respondents whose income was missing (n=146). Small numbers of missing
values were imputed for physical activity (n = 1), fruit and vegetable consumption (n = 1),
and smoking (n = 3).

We use two measures of neighborhood socioeconomic position in our analysis, both
constructed by calculating the average value of a set of standardized variables for each NC.
Our decisions of which census variables to include in each scale were informed by an
exploratory factor analysis with an orthogonal varimax rotation. The first scale (Cronbach’s
alpha=0.96) is referred to as “neighborhood socioeconomic disadvantage” because it
combines measures of the proportion of households with incomes of less than $15,000, the
proportion with incomes of at least $50,000 (reverse coded), the proportion of families in
poverty, the proportion of households on public assistance, the unemployment rate, and the
proportion of vacant housing units. The second scale (Cronbach’s alpha=0.94) is called
“neighborhood affluence” because it combines measures of the proportion employed
civilians ages 16 and over in professional/ managerial occupations, the proportion of
individuals ages 25 and over who have completed 16 or more years of education, and
median home values. Because these two neighborhood scales are somewhat highly
correlated (r = −0.49), we show results from regression models when they are entered one-
at-a-time and simultaneously.

Analytic Plan
Our central analytic aim is to assess the extent to which taking group differences in
neighborhood context into account in multilevel models changes estimates of racial/ethnic
and socioeconomic disparities in CBR. In all of our multivariate models we use Poisson
regressions because the outcome is a count of health risk factors. Tests for overdispersion
and zero-inflation were not significant, and results from Poisson models were consistent
with those from negative binomial models. Models without neighborhood random effects
(models 1-4) were run in Stata, version 11, with standard errors adjusted for the clustering of
individuals within neighborhoods; while models that include neighborhood random effects
(models 5-8) were run in HLM, version 6 (using a generalized linear model with a Poisson
link function and population-average estimates with robust standard errors). To ease
interpretation of our results, we present the incidence rate ratios (IRRs) (40), which for a
unit change in a given covariate, Δxi, is calculated as and interpreted as the change in the
expected number of risk factors per person associated with a one unit change in the
covariate.

We first estimated individual-level disparities in CBR, focusing on differences across groups
defined by race/ethnicity, immigrant status, education, and income (models 1-4). These
models all controlled for sex and age and introduce the following blocks of variables,
separately and in combination: (a) race, ethnicity, and immigrant status; (b) education and
income; and (c) behavioral factors that could potentially mediate either racial/ethnic or
socioeconomic disparities, including physical activity, fruit and vegetable intake, smoking,
and drinking. We then adjusted for neighborhood context by running multilevel models with
neighborhood random effects (models 5-8), taking two different approaches to model
specification. First, we present a multilevel model that has no neighborhood-level covariates
but in which each covariate is centered around its neighborhood mean so that the
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coefficients represent “within-neighborhood” estimates of individual-level disparities in
CBR. This approach is similar to adding neighborhood fixed effects but avoids the problem
that non-linear fixed effect models can become severely biased with many strata (29, 41,
42). Next, we examine the relationship between measures of neighborhood socioeconomic
position – disadvantage and affluence – and CBR, adding each measure separately and then
combining them in the same model to estimate the degree to which they may explain racial/
ethnic and socioeconomic disparities.

RESULTS
Table 1 shows the percentage of sample members who were coded as “high-risk” on each of
the biomarkers included in the CBR scale. The most common risk factor was high waist size
(46.8%), followed by high CRP (41.0%), and low HDL cholesterol (25.0%). The mean
number of risk factors is 1.83, with a standard deviation of 1.50, while the median is two
risk factors. Table 2 shows the frequencies of the resulting index of CBR; almost half of the
respondents have either no risk factors (n=127) or one risk factor (n=126). Descriptive
statistics on the predictor variables are presented in Table 3. Being representative of
Chicago, our sample contains a substantial share of first generation immigrants and persons
with low education and income, slightly more women than men, and an average age of 43.0
years.

We present the results of our multivariate analysis of CBR in Table 4. The first model
estimates disparities in CBR by race/ethnicity and immigrant generation, adjusting for age,
and sex. The results show that blacks had 1.48 times as many risk factors per person as
whites and that Hispanics had 1.59 times as many as whites, but there were no significant
differences between non-Hispanics of other races and whites. CBR increased with age but
did not significantly vary by sex or immigrant generation. The second model estimates
disparities by education and income. Having higher levels of education was associated with
lower CBR, as people with 0-11 years of education had 1.62 times as many risk factors
compared to people 16 or more years of education, while people with 12-15 years of
education had 1.48 times as many risk factors as those in the highest education group. There
were no significant differences by income in model 2 or any of the other models.
Differences by age were smaller in model 2 than in model 1, suggesting some confounding
of the age differences by age-graded socioeconomic variables. When measures of race/
ethnicity/immigration and individual socioeconomic position were controlled
simultaneously, in model 3, the education gaps were reduced substantially (the gap between
the lowest and highest educational categories was reduced by 44 percent), and the gap
between Hispanics and whites was reduced by 13 percent, but the black-white gap did not
change. (Percentage changes are based on changes in raw coefficients between models 2 and
3; table 4 reports the exponentiated coefficients.) In model 4 we introduced controls for
health behaviors, which reduced the black-white gap by 23 percent (based on changes in the
raw coefficients between models 3 and 4), while the Hispanic-white gap remained
unchanged, and educational disparities were further reduced. Engaging in high levels of
physical activity and drinking moderate amounts of alcohol were each associated with lower
CBR in model 4, but neither smoking nor fruit-and vegetable consumption was significantly
associated with CBR.

Model 5 presents the within-neighborhood estimates of individual-level differences in CBR
from a random-effects model in which all covariates are centered around their neighborhood
cluster means. The results from model 5 suggest that when blacks and whites shared the
same neighborhoods, they did not have significantly different incident rates of CBR. The
CBR gap between Hispanics and whites was also reduced in model 5, with the raw
coefficient dropping by 37 percent between models 4 and 5, but the effect remained
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marginally significant (p<.10). The incidence rate was also significantly lower among
second generation immigrants compared to third or higher generations in model 5, but this
relationship did not remain significant in subsequent models.

Next we introduced measures of neighborhood disadvantage and affluence, first separately
(in models 6 and 7) and then together (in model 8). Interestingly, there were no significant
relationships between neighborhood disadvantage and CBR, but neighborhood affluence
was associated with significantly lower CBR even after controlling for neighborhood
disadvantage in model 8. Moreover, the estimated black-white, Hispanic-white, and
educational disparities in CBR were much smaller after controlling for affluence in model 7
than they were after controlling for neighborhood disadvantage in model 6, with only the
Hispanic-white difference remaining even marginally statistically significant in models 7
and 8.

DISCUSSION
This study explored the role of neighborhood characteristics in accounting for the
cumulative incidence of biological risk factors and social disparities therein. We found that
there were significant black/white and Hispanic/white disparities in CBR that were not fully
explained by individual-level socioeconomic position and behavioral factors. There were
also significant educational differences in the incidence of CBR but these were largely
explained by adjustments for individual-level race/ethnicity/immigrant status and behavioral
factors. We found no significant associations between individual-level income and CBR in
any of our models. We are reluctant to make strong claims about the effects of income on
CBR based on this study or findings from previous studies because of the measurement error
inherent in survey reports of income and differences in the way studies construct income
measures. Still, we note that there is a growing body of research showing that education is
more predictive of the onset of chronic conditions, while income is more predictive of the
course a condition takes (43).

Perhaps the most striking finding was that the black-white gap in CBR was essentially
eliminated after adjusting for neighborhood context, whether by estimating within-
neighborhood differences (in Table 4, model 5) or controlling for neighborhood
socioeconomic conditions (Table 4, model 8). The Hispanic-white gap in CBR also became
substantially smaller and was no longer significant at the .05 level after adjusting for
neighborhood affluence or after centering individual-level covariates around their
neighborhood means. Thus, one of the central conclusions from our study is that racial/
ethnic group differences in neighborhood environments appear to play a pivotal role in
generating racial/ethnic disparities in CBR.

In their study of CBR using data from NHANES, Merkin and colleagues (28) noted that
there is insufficient overlap between blacks and whites in the distribution of neighborhood
socioeconomic status to form adequate black-white comparisons within levels of
neighborhood socioeconomic status. This reflects a more general issue, often referred to as
“structural confounding,” which is that high levels of race and class segregation in many
American cities make it difficult to disentangle individual from contextual effects of
socioeconomic factors on health (44-46). Although our study is not immune to this problem,
a close inspection of our analytic sample revealed a substantial number of neighborhoods in
which both blacks and whites were included in the sample, and considerable overlap
between whites and blacks in their distributions of neighborhood socioeconomic conditions.
For example, our sample of 549 adults includes 24 blacks and 105 whites in the highest
(most affluent) quartile of neighborhood affluence; and 55 blacks and 12 whites in the
lowest (least affluent) quartile. We also found comparable representations of blacks and
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whites at quartiles of the disadvantage scale. For example, our sample of 549 adults includes
24 blacks and 105 whites in the highest (most affluent) quartile of neighborhood affluence;
and 55 blacks and 12 whites in the lowest (least affluent) quartile. Even in the extreme
quartiles of neighborhood disadvantage and affluence, each major race-ethnic group (whites,
blacks, Latinos) never constitutes less than 10% of the sample (or 12+ actual cases). Thus,
race-ethnicity is, of course, related to these two neighborhood socioeconomic scales, but not
to a degree that precludes validly estimating the effects of all variables. Moreover, our
exploratory analysis revealed that there is no significant CBR gap between blacks and
whites who live in neighborhoods that occupy quintiles 1 through 3 of the affluence
distribution (the lowest levels of neighborhood affluence).

We also assessed the relationship between CBR and two key dimensions of neighborhood
socioeconomic differentiation – disadvantage and affluence – and found that only affluence
was significantly (and inversely) related to CBR. Most research on neighborhoods and
health continues to rely primarily on measures of disadvantage (similar in construction to
ours) to characterize neighborhood environments, but a growing number of studies are
finding that neighborhood affluence is positively related to health, even after adjusting for
neighborhood disadvantage (47-49). The notion that neighborhood affluence and
disadvantage may be independently and differently related to CBR (or other health
outcomes) is difficult to accept if one considers the two measures to be capturing opposite
tails of an underlying continuum of neighborhood socioeconomic position. Alternatively, if
one views affluence and disadvantage as capturing somewhat separate dimensions of
neighborhood socioeconomic position – much like income, education, and occupational
status all represent different dimensions of individual socioeconomic position – then it
becomes more conceivable that neighborhood affluence and disadvantage do not always
move hand-in-hand.

To further elucidate this finding, we present in Figure 1 a scatterplot of z-scores of
neighborhood disadvantage and affluence for all 343 neighborhoods in Chicago, with the 80
neighborhoods used in our sample shown in asterisks. The plot shows that there is
substantial variation in affluence among non-disadvantaged neighborhoods, and conversely,
substantial variation on disadvantage among less affluent neighborhoods. Our affluence
scale may be tapping a critical source of variation among neighborhoods that are not highly
disadvantaged. For example, perhaps neighborhoods characterized by the demographic mix
that we are calling “affluence” (e.g., those with highly-educated, young adults in
professional occupations and high rates of residential mobility) promote better health by
attracting certain institutions (e.g., food stores, places to exercise), offering physical features
conducive to physical activity (e.g., well-maintained buildings, parks, and streets), and
fostering a set of norms that emphasize healthy behaviors (e.g., exercise and good nutrition).
This all suggests that future research into the ecological features that differentiate
neighborhood affluence and disadvantage could advance our understanding of the specific
mechanisms through which neighborhood effects operate on health.

Another aspect of our study that deserves more attention in future research is the benefit and
importance of pooling together indicators of high risk from multiple biomarkers into an
index of cumulative biological risk. In supplemental analysis, we found that neighborhood
affluence was more strongly associated with the CBR index than with any of the separate
biomarkers that were used to construct it, suggesting that neighborhood conditions may have
a simultaneous influence on multiple biological systems. As a further check on the
robustness of our results to changes in the composition of the CBR measure, we repeated the
analyses by excluding one biomarker at a time from the cumulative measure; no single
measure emerged as especially influential in that findings remained generally consistent
across various compositions of the CBR measure.
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We also note several important limitations of our study. First, although much of the theory
motivating the study of CBR – especially the concept of allostatic load – is about repeated
exposure to environmental stimuli that could lead to physiological dysregulation, it is
possible that the people who accumulate the most “risk” across a wide range of biomarkers
are not the same ones who experience the most chronic “wear and tear” on any given
physiological system over time. Fluctuation over time induces biological remediation (50,
51) in a way that our cross-sectional data cannot capture. Moreover, the biomarkers used in
our study and many similar studies are secondary, sub-clinical outcomes of the kind of
adaptive physiological responses that the body’s regulatory systems make to stress and other
adverse stimuli, rather than measures of primary stress mediators(such as hormones secreted
by the hypothalamic–pituitary–adrenal axis and sympathetic nervous system). Previous
research suggests that aggregate measures of multiple risk factors such as our measure of
CBR can be useful in detecting individuals at high risk of clinical diseases and disorders,
although significant challenges remain in developing appropriate measures and
understanding the biology of stress (23, 52). We also acknowledge that although our sample
is large compared to many studies that collect biomarkers, and representative of an
important and diverse population (the city of Chicago) it does not provide sufficient power
to support more detailed analyses of neighborhood context, including subgroup analyses
(e.g., by gender or race/ethnicity). Another important limitation that our study shares in
common with all observational research on neighborhoods and health is that there may be
unmeasured factors that determine both where people live and how healthy they are.
Although we controlled for a fairly broad set of socioeconomic, demographic, and
behavioral factors (including additional measures of medical care, wealth, and residential
tenure in supplemental analysis) and are aware of no prior research or theory that would
identify what omitted variables could confound our results, we nonetheless acknowledge
that we cannot make strong causal inferences about neighborhoods from such a study.

We found significant racial/ethnic disparities in cumulative biological risk factors even after
controlling for individual sociodemographics and health behaviors, but these disparities
disappeared after controlling for neighborhood socioeconomic status. These findings are
consistent with the view that neighborhood effects on health risks operate as an
accumulation of risks across multiple physiological systems and confirm the importance of
both residential context and health behaviors to explaining social disparities in health. They
also support the view that neighborhood features associated with affluence may play a
protective role not fully captured by the absence of disadvantage. Future research should
continue to disentangle the mechanisms through which local socioeconomic conditions
influence cumulative health risks.
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Figure 1.
Two Dimensions of Socioeconomic Status in Chicago Neighborhoods (Focal n=80; Non-
Focal n=263)
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Table 1

Frequency of Individual Biological Risks (n=549)

Biological Measure Number at Risk Weighted Percent at Risk

Systolic Blood Pressure 108 19.1%

Diastolic Blood Pressure 94 14.6%

Resting Heart Rate 42 7.0%

C-Reactive Protein 25 37.7%

HbA1c 65 12.9%

HDL Cholesterol 137 24.3%

Total Cholesterol 76 13.1%

Waist Size 258 44.9%

HDL = High-density lipoprotein; HbA1c = Hemoglobin A1c
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Table 2

Frequency of Cumulative Biological Risk/ Allostatic Load Scores (CCAHS, n=549)

Risk Factors Frequency Weighted Frequency

0 127 23.8%

1 126 26.2%

2 120 21.6%

3 107 17.1%

4 38 6.1%

5 21 3.0%

6 9 1.8%

7 1 0.3%

8 0 0.0%

Total 549

CCAHS = Chicago Community Adult Health Survey
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Table 3

Summary Statistics for Analytical Sample (CCAHS, n=549)

Unweighted n Weighted %

Race/Ethnicity

Non-Hispanic Whites 187 35.7

Non-Hispanic Blacks 200 39.7

Hispanics 149 20

Non-Hispanic Others 13 4.7

Sex

Male 231 46.1

Female 318 53.9

Age

Age 18-29 133 23.5

Age 30-39 123 20

Age 40-49 118 21.2

Age 50-59 82 16.4

Age 60-69 52 7.7

Age 70+ 41 11.1

Immigrant Status

1st Generation 123 20.2

2nd Generation 79 14.7

3rd + Generation 347 65.1

Education

<12 Years 134 21.3

12-15 Years 275 49.4

16+ Years 140 29.3

Income

$0-9,999 75 13.7

$10,000-29,999 69 12.6

$30,000-49,999 147 26.8

$50,000+ 112 20.4

Physical Activity

Less Than Highly Active 296 51.9

Highly Active 253 48.1

Fruits/Vegetables

Consumed >= 2 359 66.7

Consumed < 2 190 33.3

Smoking

Never Smoker 299 55.3

Current Smoker 100 26.2

Former Smoker 150 18.5

Drinking
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Unweighted n Weighted %

Always Abstained 100 16

Currently Not/Rare 132 23.1

Moderate 294 57.8

Heavy 23 3.1

CCAHS = Chicago Community Adult Health Survey
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