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ABSTRACT

Racial residential segregation in the United States
is generally associated differences in health
outcomes among Blacks and Whites due to dif-
ferential exposures to physical, social and eco-
nomic resources. While several studies have
explored the association between segregation
and several chronic conditions in the US, few
have specifically examined diabetes using a na-
tionally representative population-based sample.
The current study relies on 2005 data from both
the Behavioral Risk Factor Surveillance Survey
(BRFSS) and the American Community Survey
(ACS) to explore the association between seg-
regation, socioeconomic status and diabetes.
Using multilevel mixed-effects logistic regres-
sion, we present models that account for clus-
tering of individuals within metropolitan areas
and are adjusted for objective environmental
measures (including segregation) and potential
individual-level confounders (including educa-
tion, employment, and income) among a sample
of 121,321 adults who were at least 18 years old.
After controlling for individual-level factors,
Blacks residing in highly segregated areas have
the same odds of being diagnosed with diabetes
as Whites. Whites are more likely to be diag-
nosed with diabetes in areas where there are
higher percentages of Blacks than in areas with
low Black representation. Moreover, in this na-
tional sample, there is no statistical association
between Blacks residing in highly segregated
neighborhoods and diabetes risk. However, the
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increased prevalence of diabetes among Whites
living in Black metropolitan areas suggests that
future studies are needed to explore the linkages
between levels of segregation and diabetes risk.

Keywords: Diabetes; Multilevel Modeling;
Residential Segregation; Socioeconomic Status;
Spatial Analysis

1. INTRODUCTION

In the US, Black-White differences in health are spa-
tially patterned. That is, the locational differences be-
tween Blacks and Whites are directly related to Blacks’
lower life expectancy, quality of life, and self-rated
health [1]. The major spatial catalyst producing racial
differences in health is residential segregation, a culmi-
nation of socioeconomic and political factors which
keeps racial and ethnic groups from physically and so-
cially interacting with one another [2]. Some studies sug-
gest that 70% of Blacks live in segregated areas, com-
pared to 10% of Whites [3]. Segregated areas with a high
Black concentration also tend to be impoverished, pri-
marily because of the lack of infrastructural and eco-
nomic investments made in majority-Black neighbor-
hoods in metropolitan areas [4,5]. As a consequence, the
local neighborhood environment in these areas is unsup-
portive of health-promoting behaviors that would place
individuals at lower risk for several chronic diseases
such as diabetes [6]. Notably, the housing stock and hos-
pitals are of low-quality, the outdoor spaces (such as
parks or sidewalks) are poorly maintained [7,8] and there
is a reticence to engaging in outdoor physical activities
because of low levels of community trust and high levels
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of crime [9]. In addition, segregated Black neighbor-
hoods have approximately 3 times more fast food res-
taurants and 1/3 less supermarkets than White neighbor-
hoods with similar socioeconomic status [10,11]. Thus,
the racial difference in access to area amenities could be
influential in understanding the Black-White differences
in health outcomes such as diabetes.

Notwithstanding, recent studies have suggested that
within segregated areas, there is still a substantial differ-
ence in health status among Blacks and Whites [12]. If
true, then metropolitan infrastructure cannot be the sole
mechanism that explains divergent racial health out-
comes such as diabetes. Socioeconomic status (SES) has
long been established as a powerful predictor of health
[13]. High levels of SES are associated with more posi-
tive health behaviors that reduce the risk of chronic dis-
eases such as eating healthier foods, refraining from
smoking and alcohol, and engaging in more exercise [13].
Having high levels of SES may empower individuals
living in infrastructurally poor neighborhoods by ena-
bling those residents to travel to other areas with more
structural resources. Generally, Blacks have lower levels
of education, income, wealth, and occupational prestige
compared to Whites [14]. Thus, the racial differences in
SES could be influential in understanding the racial dif-
ference in diabetes risk. Given the rise of income segre-
gation and the decline in racial segregation in US cities
[15], it is important to consider the connection between
individual SES and the larger residential context in pre-
dicting disparities in health outcomes such as diabetes.

While segregation has been tied to various health out-
comes [16,17], few studies to date have explored how
segregation is related to diabetes. This omission is im-
portant, since recent estimates suggest that 18.7% of
Blacks who are at least 20 years of age have diabetes,
compared to 10.2% of Whites [18]. National diabetes
surveillance data also indicates that Blacks are twice
more likely to die with diabetes than Whites [19]. While
medical and epidemiological research has focused on
lifestyle behaviors as mechanisms contributing to the
Black-White difference in diabetes [20], studies that have
controlled for these behaviors still find significant racial
differences in diabetes risk [21]. In a study by Chan et al.,
individuals living in a segregated area had significant
problems with seeing a medical specialist to manage
their diabetes compared to persons who did not live in
segregated areas [22]. However, Chan et al. suggest that
high-quality diabetes care is present in segregated areas,
primarily because of the success of safety net providers.

This study relies on nationally-representative, metro-
politan data and attempts to situate segregation to diabe-
tes risk (instead of diabetes care) by examining race and
space in determining diabetes risk in the US after adjust-
ing for various lifestyle and health-related factors. Since
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the prior work on this topic is scant, two competing hy-
potheses are tested in this study. First, diabetes may not
depend on the residential context. That is, diabetes may
be more evenly distributed among all metropolitan areas
than other morbidities. However, because there are still
racial differences in the incidence of diabetes, it is possi-
ble that individual socioeconomic status has a more
powerful effect than residential context. Second, diabetes
may result from both individual and residential charac-
teristics. Specifically, the health behaviors that are
thought to be precursors of diabetes (e.g., exercise, food
intake) are largely shaped by the areas in which people
reside. Because of the spatial patterning of these behav-
iors, it is also hypothesized that both individual and con-
textual indicators would interact and produce racial dif-
ferences in diabetes.

2. DATA

Population data is derived from the 2005 Behavioral
Risk Factor Surveillance System (BRFSS), which is a is
the world’s largest, on-going annual telephone health
survey system, tracking health conditions and risk be-
haviors in the adult population (18 years of age or older)
living in households in the United States. Currently, data
are collected monthly in all 50 states, the District of Co-
lumbia, Puerto Rico, the US Virgin Islands, and Guam.
Data are collected from a random sample of adults (one
per household) through a telephone survey [23]. This
dataset also contains geopolitical indicators at both the
individual- and metropolitan-level of analysis. On aver-
age, missing data accounted for about 7% of each meas-
ure. Respondents who are missing information on any of
the variables, as well as individuals who have gestational
diabetes, are dropped from the analyses, leaving an ana-
lytical sample of 121,321 persons.

Metropolitan data comes from the 2005 American
Community Survey (ACS). The ACS is a monthly house-
hold survey developed by the US Census Bureau to pro-
vide data users with annual estimates of household, so-
cial, and economic characteristics for geographies and
populations of at least 65,000 people. Using the ACS, the
University of Michigan also publishes segregation data at
the metropolitan level in the Racial Residential Segrega-
tion Measurement Project [24]. The measures from this
project are used to assign levels of segregation to the
metropolitan environment of BRFSS respondents in-
cluded in the sample.

2.1. Dependent Variables

Diabetes Risk. Diabetes risk is measured by a question
that asks whether or not respondents have ever been told
by a health professional that they have diabetes. Re-
spondents were not asked to indicate diabetes type (e.g.,
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type 1 or type 2); rather, a general clinical diagnosis is
ascertained.

2.2. Individual Sociodemographic Variables

Socioeconomic Status. Respondent’s education is di-
vided into four categories: less than high school, high
school graduate, some college and graduated college.
Respondent’s income is constructed to include household
total income, excluding income from interest, dividends,
and other investments. This measure includes other in-
come for each person such as disability assistance, social
security, and public assistance, which are contributed to
the household but are not necessarily from earnings. In-
come is represented by series of dummy variables repre-
sented by the categories: less than $15,000, $15,000 to
$25,000, $25,000 to $35,000, $35,000 to $50,000, and
more than $50,000. All respondents are asked to indicate
their employment status. This variable indicates whether
or not the respondents worked (full- or part-time) during
the previous year.

Health Measures. Body Mass Index (BMI) measures
adiposity based on height and weight that applies to both
adult men and women. A series of variables correspond-
ing to the Centers for Disease Control and Prevention’s
definition of BMI categories are used: Underweight,
normal weight, overweight and obese [25]. Physical ac-
tivity assesses the number of days per week respondents
perform at least 10 minutes of exercise excluding work-
related activities. Fruit/Vegetable Intake is assessed using
self-report by asking whether the respondent eats 5 or
more fruit and vegetables per day. Insurance status as-
sesses whether or not the respondent has any kind of pub-
lic or private health insurance. Smoker status is measured
with a series of dummy variables characterize respon-
dents as current smokers, former smokers or nonsmokers
at time of interview.

Demographic Controls. Race is self-reported and cap-
tured by a series of variables (White, Black and Other).
Other collapses Asian, Native Hawaiian, Pacific Islander,
American Indian, Alaska native, and multiracial [23].
Because Latino identity is treated as an ethnicity and not
a race in the US, Hispanics are excluded from the analy-
ses. Age at time of survey is measured in complete years.
Gender is categorized as either currently in a relationship
(i.e., married, coupled with an unmarried partner) or
currently not in a relationship (i.e., never married, sepa-
rated, divorced, widowed).

2.3. Metropolitan Measures

Segregation. Massey and Denton [26] identify five
distinct but complimentary measures of racial residential
segregation: evenness, exposure, centralization, cluster-
ing and concentration. Evenness refers to the differential
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distribution of racial groups across neighborhoods. Ex-
posure measures the probability of interaction between
racial groups. Centralization indicates the distance from
the center of the urban area where racial groups live.
Clustering measures the degree to which racial groups
live in areas that adjoin one another in space. Concentra-
tion refers to the amount of physical space occupied by
the racial minority group. These indices have been used
to model diabetes care [22] and other health outcomes.
From these measures, three distinct types of segregated
environments are constructed. Hypersegregated areas
correspond to Metropolitan Statistical Areas (MSAs) that
score 0.60 or higher on at least four of five segregation
measures. Segregated areas score 0.60 or higher on one,
two, or three of the five measures of segregation. Lastly,
nonsegregated areas are those MSAs that did not score
high on any of the segregation measures. Segregation
values for the MSAs are derived from the Racial Resi-
dential Segregation Measurement Project at the Univer-
sity of Michigan [24]. For reference, the US Bureau of
the Census defines an MSA as an area that contains a city
or urbanized area with 50,000 or more inhabitants [27].

Area Controls. In order to capture the spatial nature of
segregation, a few MSA characteristics are used as con-
trol variables to examine the effect of segregation on
diabetes. These measures are linked to the MSA the re-
spondent resided in during 2005. The first is population
size, which is logged. The proportion of residents who
are below the poverty line is also used as a control meas-
ure. The proportion of Blacks in the MSA is used to con-
trol for racial concentration. These covariates are derived
from the 2005 ACS estimates and are merged onto the
BRFSS data file using 6-digit MSA codes that are pre-
sent in both the ACS and the BRFSS.

3. METHODS
Statistical Analyses

Univariate analyses are employed to summarize each
variable and bivariate analyses are conducted to assess
the relationship between the variables of interest and dia-
betes risk. Multilevel mixed-effects logistic models allow
for the examination of the relationship between individ-
ual sociodemographic controls, metropolitan measures
and diabetes risk. Multilevel statistical models are used
to estimate the parameters of interest since the structure
of the data is two-level (individual and MSA) and hier-
archical. Lastly, the sample is stratified and race-specific
analyses are conducted to examine the relationship be-
tween individual sociodemographic controls, metropoli-
tan measures and diabetes risk separately for Whites and
Blacks. All analyses are performed using SAS, version
9.1, and the models are fit using GLIMMIX procedures
[28].
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4. RESULTS

Drawing from Table 1, the majority of this sample has
not been told that they have diabetes (91.3%). Socio-
economically, over two-thirds of the sample has some
college exposure (65.2%) and is employed (63.2%),
while almost half (44.1%) have household incomes
greater than $50,000. The sample’s health demographics
indicates that over a third (62.1%) of the respondents
have BMIs that are in the overweight or obese range and
on average, individuals do less than one hour of physical
activity per week (X = 51.5 minutes per week). More-
over, the majority of the respondents eats less than five
fruits and vegetables a day (75.0%), has health insurance
(90.2%) and has never smoked (51.3%). Demographi-
cally, the sample is overwhelmingly White (85.7%), fe-
male (59.6%) and currently in a relationship (59.2%).
The sample is also approaching middle age (X = 50.5
years old). At the metropolitan level, respondents tend to
live in segregated areas (69.1%). On average, respon-
dents live in areas with approximately 754,230 persons,
with a 14.2% poverty rate and 11.1% Black representa-
tion.

In the regression models predicting diabetes propen-
sity for the entire sample, individuals who have at least
completed high school, have household incomes greater
than $15,000 and are employed, are significantly less
likely to be diagnosed with diabetes (Table 2). Being
overweight or obese, eating five or more fruits and vege-
tables per week and being a former smoker are all asso-
ciated with diabetes diagnosis. Having insurance (P <
0.001) and never smoking (P < 0.05) are the two protec-
tive factors against being diagnosed with diabetes. De-
mographically, the propensity of being diabetic is en-
hanced for men and Blacks. While type of segregation is
not predictive of diabetes diagnosis, both metropolitan
area population size and percentage of Blacks do en-
hance this risk.

Turning to the race-specific models, the data reveal
that lower-income Whites have a health advantage that
Blacks do not have, since an income of $15,000 curbs
diabetes risk among Whites but a household income of at

least $35,000 is needed for the same effect among Blacks.

Engaging in weekly physical activity, having health in-
surance and being a female appears to be protective
against diabetes for Whites but not for Blacks. In this
sample, Blacks are disadvantaged by refraining from smok-
ing but this is not true for Whites. For the metropolitan
measures, the effect is largely driven by the areas where
Whites in the sample live. More precisely, the metropoli-
tan variables do not explain diabetes diagnoses among
Blacks, but population size and the percentage of Blacks
in a metropolitan area raises the chance that a White
person may be diagnosed with diabetes. Both measures
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Table 1. Individual and metropolitan-level descriptive statis-

Population size
% Households in poverty
% Black in MSA

tics.
Mean or % SD
Individual-level measures
Self-reported diabetes diagnosis
Yes 8.7%
No 91.3%
Education
<High school 7.0%
High school graduate 27.8%
Some college 27.7%
Graduated college 37.5%
Annual household income
<$15,000 9.7%
$15,000 - $25,000 15.9%
$25,000 - $35,000 13.0%
$35,000 - $50,000 17.4%
>$50,000 44.1%
Employed
Yes 63.2%
No 36.8%
BMI
Underweight 1.6%
Normal weight 36.3%
Overweight 36.3%
Obese 25.8%
i\vdégll(ltes of physical activity per 515 66.7
Fruit/Vegetable intake
<5 times per day 75.0%
5+ times per day 25.0%
Insurance
Yes 90.2%
No 9.9%
Smoker status
Current smoker 20.1%
Former smoker 28.6%
Never smoked 51.3%
Race
White 86.1%
Black 8.3%
Other 5.6%
Age 50.5 16.3
Gender
Male 40.5%
Female 59.6%
Marital status
Currently in a relationship 59.2%
Currently not in a relationship 40.8%
Metropolitan-level measures
Segregation
Nonsegregated 21.9%
Segregated 69.1%
Hypersegregated 9.0%

754230.5 1626556.3

0.14
0.11

0.04
0.11

n= 121,321; SD = standard deviation.
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Table 2. Standardized regression coefficients for hierarchical
linear modeling of the effects of individual and metropolitan
measures on diabetes diagnosis.

All White Black
Individual-level measures
Education (<High school)
High school graduate -0.03*  —0.02;  —0.03"
Some college -0.03*  —0.02*  -0.03"
Graduated college -0.04*  —0.04*  —0.04'
Annual household income
(<$15,000)
$15,000 - $25,000 -0.03*  —0.03* -0.01
$25,000 - $35,000 -0.04*  —0.05% -0.02
$35,000 - $50,000 -0.06*  —0.06;  —0.03"
>$50,000 -0.06*  —0.07"  -0.04
Employed (Yes)
No 0.04* 0.04* 0.06*
BMI (Normal weight)
Underweight -0.02"  —0.02" -0.01
Overweight 0.03¢ 0.03" 0.02;
Obese 0.12* 0.12% 0.13*
r1\)/;irn\l}\l/t;:eskofphysical activity 0.00" 0.00" 0.00
Fruit/Vegetable intake
(<5 times per day)
5+ times per day 0.01* 0.01; 0.02%

Insurance (No)

Yes -0.02* -0.02* -0.01

Smoker status
(Current smoker)

Former smoker 0.02* 0.02* 0.04*

Never smoked 0.00" 0.00" 0.01
Race (Black)

White —0.04* - -

Other -0.02* - -
Age 0.00* 0.00" 0.00*
Gender (Male)

Female -0.02¢  —0.02* -0.01

Marital status
(Currently in a relationship)

Currently not in a relationship 0.00" -0.017 0.00
Metropolitan-level measures
Segregation (Segregated)

Nonsegregated 0.00 0.00 0.01

Hypersegregated 0.00 0.00 0.00

Log population size 0.00 0.00" 0.00

% Households in poverty 0.03 0.02 0.12
% Black in MSA 0.03 0.047 —0.02
N 121,321 104,482 10,021

"P<0.05; 'P<0.01; *P < 0.001. Contrast categories in parentheses; All refers
to the full sample, which includes the “other” racial category.
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are also significant in the combined model, suggesting
that the effects of population size and the percentage of
Blacks in the area are largely driven by Whites living in
metropolitan areas.

5. DISCUSSION

Consistent with prior research, this study found sig-
nificant racial and socioeconomic differences in diabetes
diagnosis between Blacks and Whites [29,30]. That is,
compared to Blacks, Whites had lower odds (OR = 0.96)
of being diagnosed with diabetes. Being affluent, as
measured by higher levels of education and income,
confers additional protection against a diabetes diagnosis.
The differences in the residential environments of Blacks
and Whites may explain why Blacks have a higher dia-
betes risk in this sample. Specifically, Whites are more
likely to reside in neighborhoods with more resources
that presumably encourage more health-promoting be-
haviors that reduce diabetes risk compared to Blacks.
One study found that compared to Whites, Blacks were
less likely to live in neighborhoods with access to su-
permarkets, where fresh fruits and vegetables tend to be
more readily available [31].

This analysis indicated that while residence in areas
with high levels of segregation did not increase diabetes
risk among Blacks, other metropolitan characteristics
associated with segregation were important for Whites.
Whites residing in areas with high concentrations of
Blacks were more likely to report a diagnosis of diabetes
in this sample. There may be two reasons for this finding.
First, Whites residing in areas with high concentrations
of Blacks may be subject to the same adverse conditions
(e.g., lack of community resources to encourage health-
promoting behaviors) that potentially increase diabetes
risk. A recent study examining the influence of the
neighborhood environment on the health of Blacks and
Whites residing in the same neighborhood found that
disparities in health outcomes and behaviors typically
present at the national level were non-existent [32]. Be-
cause Blacks and Whites were living under the same
neighborhood conditions, the researchers suggested that
Whites did not reap additional environmental benefits
that tend to provide a distinct health advantage over
Blacks.

Second, it is possible that segregation serves as a pro-
tective factor against diabetes risk among both Blacks
and Whites. A recent study among elderly African-
Americans found that residing in racially homogeneous
neighborhoods was protective against cardiovascular
disease risk [33]. Because the mean age of the sample
used in this study is nearly 50 years old, it is possible that
the protective cardiovascular risk benefits suggested in
the previous study might also aid in curbing diabetes.

While much of the literature on diabetes risk relates to
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indicators of neighborhood quality, very few studies have
explored metropolitan variation in diabetes diagnoses
[34]. Previous studies are localized to a particular area,
and do not offer ways in which racial residential segrega-
tion may play a role in determining diabetes diagnosis.
This research overcomes the aforementioned oversights
in the literature by addressing these gaps. This study
suggests that racial differences in sociodemographic and
health characteristics, as well as racial differences in
where people are located contribute to a divergence in
risk of being diagnosed with diabetes.

Some limitations to this study should be noted. First,
because the study was cross sectional in design, no
causal inferences can be made. Second, the individ-
ual-level measures are based on self-reported data, so
issues of validity and interviewer bias may play a role in
how the respondents answered the questions. Third, other
variables that could be proxies for metropolitan health
(e.g., number of hospitals, doctors per capita) were un-
available but could aid in understanding metropoli-
tan-level resource differences. Fourth, the BRFSS defini-
tion of diabetes does not differentiate between type 1 and
type 2 diabetes. Both types are influenced by different
socio-environmental factors [35]. Thus, the grouping of
both forms may suppress a statistically significant rela-
tionship with residential segregation.

Notwithstanding, the data are robust to replicate simi-
lar findings related to individual-level predictors of dia-
betes diagnosis [36], and the data also offer the signifi-
cant, predictive value of metropolitan measures in de-
termining diabetes risk. The large and diverse sample
size, coupled with the large amount of data on individual
and metropolitan characteristics add power to the find-
ings. Accordingly, this study makes a significant and
relevant contribution to the diabetes literature by sug-
gesting independent and synergistic effects that residence
has in determining who could be at risk for developing
diabetes.
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