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Abstract

Individual-level characteristics, including socioeconomic status, have been associated with poor
metabolic and cardiovascular health; however, residential area-level characteristics may also
independently contribute to health status. In the current study, we used hierarchical clustering to
aggregate 444 US Census block groups in Durham, Orange, and Wake Counties, NC, USA into six
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homogeneous clusters of similar characteristics based on 12 demographic factors. We assigned
2254 cardiac catheterization patients to these clusters based on residence at first catheterization.
After controlling for individual age, sex, smoking status, and race, there were elevated odds of
patients being obese (odds ratio (OR) = 1.92, 95% confidence intervals (CI) = 1.39, 2.67), and
having diabetes (OR = 2.19, 95% CI = 1.57, 3.04), congestive heart failure (OR = 1.99, 95% CI =
1.39, 2.83), and hypertension (OR = 2.05, 95% CI = 1.38, 3.11) in a cluster that was urban,
impoverished, and unemployed, compared with a cluster that was urban with a low percentage of
people that were impoverished or unemployed. Our findings demonstrate the feasibility of
applying hierarchical clustering to an assessment of area-level characteristics and that living in
impoverished, urban residential clusters may have an adverse impact on health.
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INTRODUCTION

In the United States, the prevalence of cardiovascular disease (CVD) is expected to rise 10%
between 2010 and 2030, which can be attributed to increases in aging, obesity, diabetes, and
physical inactivity.l Researchers have identified several risk factors that are associated with
having poor cardiovascular health, including an individual’s socioeconomic status (SES). In
a recent review, educational attainment is the most utilized marker of SES;?2 people with
more education had a reduced prevalence of cardiovascular risk factors, morbidity, and
mortality. Further, income level and job classification have also been associated with
cardiovascular health.3 In addition, there is also an unequal racial burden with CVD, where
researchers found that people who were Black had elevated blood pressure, more frequent
diagnoses of diabetes, and were more likely to experience stroke-related death compared
with those who were White.4 Thus, there is strong evidence linking individual-level
socioeconomic and racial status to increased incidence of CVD and disease risk factors.

In addition to individual-level SES, there is a growing body of literature suggesting that
neighborhood-level SES contributes to adverse health outcomes. In these studies,
neighborhood SES was associated with cardiovascular-related mortality,© stroke,”-8
coronary heart disease,®19 and myocardial infarction,}! and in lower income neighborhoods
associations between neighborhood SES and metabolic-related health effects were also
observed.12-14 Studies have identified two major mediators of these effects: psychosocial
stress219:16 and limited access to resources.1’=20 These factors can put communities at an
increased risk for poor health by influencing mental wellbeing, diet, and physical activity.
Other possible mechanisms, such as higher pollutant levels2! and the built environment,22
have also been shown to influence adverse outcomes.

Previous studies of neighborhood-level SES and health have used various methods to assign
neighborhoods into levels of deprivation, yet there is little consistency with how deprivation
is defined. Examples of discrepancies include the use of different US Census geographies
(tracts verse block groups), how many (and which variables) are best for analyses, and which
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statistical methods to use.23 In general, the choice of variables has not been well defined by
researchers, and there is no consensus as to the best variables to be used for these studies.
With respect to statistical methods, the most commonly employed methods are the
construction of a neighborhood deprivation index (NDI) or z-score.6:8.14.23-25 Some of the
published indices which measure neighborhood deprivation use principal component
analysis (PCA\) as a data reduction technique to find non-correlated linear combinations with
maximum variance. From this, components are used to weigh the variable contributions.23

However, rather than define neighborhoods by levels of deprivation, one could cluster
neighborhood environments together based on having similar demographic information.
This method does not give an index of deprivation or separate neighborhoods into those of
low or high deprivation. Rather, the output from clustering gives a summary of all the
selected attributes that make up the clustered geographical areas and allows researchers to
compare the levels of those attributes between the clusters. Clustering is also advantageous
in minimizing the number of geographical areas to be researched and increasing the power
of the study to assess for health differences across similar areas, particularly when the
sample size may be limited. Thus, in the current manuscript we are offering an alternate way
of defining neighborhoods than that done previously.

If populations are at an increased risk of cardiovascular and metabolic diseases due to their
socioeconomic status, the increased prevalence of CVD and obesity over the next several
decades may not be equally distributed throughout the US. As we are interested in better
understanding the relationship between neighborhood-level factors and cardio-metabolic
disease, we used hierarchical clustering to aggregate US Census block groups into
homogenous clusters. Using our clusters, we can then determine whether there is an
association between neighborhood residence and cardio-metabolic disease. With the creation
of these residential area clusters, future work will include looking at how air pollution
concentrations and green spaces are distributed across our area. Additional research looking
at mechanisms associated with disease (i.e., epigenetics, genetics, biomarkers, and stress)
will be assessed in the same population in subsequent studies.

MATERIALS AND METHODS
Study Population

The source population for this study was the CATHeterization GENetics (CATHGEN)
cohort. CATHGEN combines clinical data with biological samples from 9334 individuals
who underwent cardiac catheterizations at Duke University Medical Center between 2001
and 2010.26 Patient demographics, medical history, and health data were obtained from the
Duke Databank for Cardiovascular Disease. Subject level information was obtained from
clinical medical records and held in the Duke Information System for Cardiovascular
Diseases. Residential addresses were obtained from medical records and geocoded to the
street level by the Children’s Environmental Health Initiative (http://cehi.snre.umich.edu/)
for 8017 of the 9334 study participants (ArcGIS 10.1, Esri, Redlands, CA, USA).27 Of these
patients, 7118 resided in North Carolina and ~ 5600 patients were catheterized between
2002 and 2009, the only years for which we have comprehensive air pollution data for the
state of North Carolina. Although not limiting for this current analysis, a major goal of a
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future study using these clusters is to understand whether air pollution contributes to
different health outcomes in different clusters. Of the 5600 patients, 2254 patients lived in
Durham, Orange, and Wake Counties.2’ As this three county area represented the highest
density of the CATHGEN cohort, we selected this location for the current study. As there are
very few CATHGEN patients from Charlotte or the Piedmont Triad (the other two large
urban centers in North Carolina)—likely because they went to hospitals in those centers—
the majority of the other CATHGEN patients reside in low density rural areas. Each patient
was assigned to a block group according to the 2000 US Census. All patients provided
written informed consent prior to enrollment; CATHGEN was approved by the Duke
University Institutional Review Board.

Individual-level health measurements for the participants included body mass index (BMI)
and fasting glucose concentrations. In addition, information about whether the patients had
diabetes, hypertension, congestive heart failure (CHF), and CVD at the time of their first
catheterization was obtained. An index of coronary artery disease severity, the coronary
artery disease (CAD) index, was also used. This index ranges from 1 to 100, with values >23
representing at least one hemodynamically significant lesion in one epicardial coronary
artery in the patient; a score >23 is considered of clinical significance.2®

Study Location

We used US Census block groups as a proxy for a residential area. Block groups are the
smallest level of categorization for which social characteristics are reported in the US
Census. Given their relatively small land area and population size (i.e., a block group
represents ~ 400 households), we believe that it is suitable for describing residential
characteristics.2% By looking at clustered areas, we increased the power of the study to look
at differences between residential areas made up of people with similar demographics.

There were 448 block groups that encompassed the selected area for this study; Orange,
Durham, and Wake Counties comprised of 56, 129, and 263 block groups, respectively. One
block group had no residents living within it; this block group consisted of a portion of the
North Carolina State University campus and was removed from analysis. Another block
group contained both a correctional institution and a prison within its borders. As prisoners
are required to participate in the US Census and use the location of the prison as their
current address, this block group, as well as three other block groups that contained a
correctional institution and/or a prison, were removed from all analyses.3? The removal of
the four block groups left a total of 444 block groups available for clustering.

Defining Residential SES Clusters using US Census Data

The residential SES (R-SES) variables used to construct the clusters were obtained from the
2000 US Census.3! As Census block group demographic information is not available for
2010, data from the year 2000 was used. Seven categories (education, wealth, income, race,
employment, housing, and land-use), defined by 12 variables from the Census (Table 1) and
cited in previous work on neighborhood-level SES and health, were identified as being
influential 6.7:11.12.14,21,25,32.33 These variables were chosen without previous knowledge of
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their distribution across our study area, and no variables were excluded in a sensitivity
analysis to try to determine the most influential attributes or bias the results.

Single parent housing is referring to the percentage of male or female only (no spouse
present) family households in owner and renter occupied housing units divided by the total
number of owner and renter occupied housing units. We also defined the percentage of the
population in non-managerial positions as the percentage of both sexes of employed civilian
population 16 years and over not in management, professional, and related occupations.
Detailed definitions for several of the other 12 variables can be found in the Supplementary
Information.

Clustering

Using Ward’s hierarchical clustering method,34 (R Version 3.2.1 (ref. 35) and the /ic/ust
function), the Census variables were transposed and the block groups were assembled into
residential clusters based on the 12 Census factors. Ward’s clustering technique uses a
bottom-up approach to look for similarities in a group of observations with respect to several
variables.38 Ward’s method was chosen for this analysis because the pooled with-in group
sum of squares is minimized, and the cluster distances using Ward’s method are defined as
the squared Euclidean distance between points. The output for hierarchical clustering is a
dendrogram. To spatially identify the block groups making up the clusters, ArcGIS (ESRI,
Version 10.3.1, Redlands, CA, USA) was used. Determining the optimal number of clusters
is a fundamental and challenging problem, and to help us determine the optimal cluster
number, we used the Friedman method3” (R Version 3.2.1 and the NbClust function). We
also wanted to ensure that each cluster had enough CATHGEN participants for appropriate
statistical analyses.

Statistical Analyses

Using Prism 4.0 (GraphPad, San Diego, CA, USA), descriptive statistics of the 12 factors
contributing to the clusters were derived. Descriptive statistics were also run on the
characteristics of the total patient population as well as the characteristics of the patient
population residing within each cluster. To ensure none of the 12 originally identified factors
were highly correlated with each other, Pearson correlation coefficients were calculated
between all the R-SES factors. A correlation matrix and clustering dendrogram of the
variables can be seen in the Supplementary Information.

Logistic regression models estimated the odds ratio (OR) and 95% confidence intervals (CI)
among the residential clusters for BMI >25 (representing patients that are obese and
overweight), BMI >30 (representing patients that are obese), diabetes, CHF, hypertension,
CVD, and the CAD index >23. Linear regression models estimated risk differences (RD)
and 95% CI among clusters for fasting glucose concentrations. All linear and logistic
regression models controlling for age, sex, smoking, and race, were run using R Version
3.2.1.35 The R code used to generate the tables and figures are available upon request.
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Formation of Residential Clusters using 12 US Census Variables Residential clusters were
formed using US Census demographic information. Our cluster analysis identified six
unique residential clusters for this study as shown in the dendrogram (Figure 1); the number
of clusters formed is consistent with other studies using similar methodology to examine
neighborhood-associated SES.38:39

In the dendrogram, the outer ring is made up of 444 individual leaves, with each leaf
representing a Census block group. Each leaf was also given a color, and the colors
correspond to the cluster designation. The lines inside the dendrogram joining the leaves
correspond to the differences between clusters or block groups, and the shorter the lines the
more similar the groups. The red circle in the center of the dendrogram highlights where the
cut-off for six clusters lies; each of the clusters is labeled alongside it. For example, the
block groups that are in yellow text belong to cluster 1, and the gray block groups are part of
cluster 4. By increasing or decreasing the diameter of the circle, more (or less) clusters are
formed. With seven residential clusters, one cluster was comprised of only five block groups.
This new cluster differed from its previously formed cluster by containing more people with
higher education degrees, less people living in owner-occupied housing, more people with
income below the poverty level, and a greater population density. All these attributes suggest
that people residing in this cluster were primarily undergraduate and graduate students, and
the location of the block groups in this cluster were adjacent to major Universities, which
also support this claim.

For each of the 12 R-SES factors obtained from the US Census, the demographic
information was averaged for the block groups making up the clusters. The mean and SEM
of the factors can be seen in Figure 2. Low standard errors for the factors were observed,
which suggest a limited spread in the data distribution. The locations of the block groups
comprised of each cluster are shown in Figure 3; the downtown areas of Chapel Hill,
Durham, and Raleigh have been highlighted. The colors of the block groups correspond to
those of the dendrogram for cluster designation (Figure 1).

Characteristics of the Residential Clusters

The residential clusters differed on the 12 selected Census variables (Figure 2). With 12
variables contributing to the formation of each cluster, the clusters are best described by the
sum of their attributes. Residential cluster 1 (71 block groups) was urban and had high
percentages people who were Black and worked in non-managerial positions. Cluster 2 (42
block groups) was urban, impoverished, and the population living in this cluster were on
public assistance, unemployed, and working in non-managerial occupations. This cluster
also had higher percentages of single parent homes and people who were Black. Residential
cluster 3 (155 block groups) was less urban and had a low percentage of the population
living below the poverty level and unemployed; this cluster also had a high percentage of
people in non-managerial positions and obtaining at least a Bachelor’s degree. Residential
cluster 4 (73 block groups) had the highest percentage of residents not identified as Black or
White, and a high percentage of people with a Bachelor’s degree, but low in unemployment
status. Residential cluster 5 (45 block groups) was rural with a low percentage of the
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population living below the poverty line, unemployed, and Black, with the highest average

percentage of owner-occupied housing. Residential cluster 6 (58 block groups) was similar
to that of residential cluster 5, but urban. The characteristics of these clusters are consistent
with our knowledge of the geographical area for this study. A table summarizing the data in
Figure 2 can be seen in the Supplementary Information.

Residential Clusters and Health Outcomes from the CATHGEN Cohort

The CATHGEN participants were subdivided into their respective clusters using their
geocoded addresses. The average age of the patients in each cluster did not greatly deviate
from the average mean of the cohort; however, differences in sex, race, and smoking status
were observed based on the cluster designation (Table 2).

Compared with the other clusters, patients living in cluster 2 had the highest BMI, fasting
glucose, and prevalence of diabetes, hypertension, CHF, and CVD. Patients living in cluster
3 had the lowest BMI and prevalence of diabetes and CHF. Patients living in cluster 6 had
the lowest prevalence of hypertension and CVD.

Cluster 3 had the largest sample size and represented the healthiest cluster (Table 2).
Therefore, cluster 3 was used as the reference cluster for the regression models. When
controlling for individual-level characteristics (age, sex, race, and smoking status), the
CATHGEN patients living in clusters 1, 2, and 6 had an increased odds of having metabolic
and cardiovascular-related diseases (Table 3). Those living in cluster 2 had higher odds of
being overweight or obese (BMI >25 kg/m2, OR = 1.65, 95% CI = 1.10, 2.54), (BMI >30
kg/m2, OR = 1.92, 95% CI = 1.39, 2.67), and having diabetes (OR = 2.19, 95% CI = 1.57,
3.04). In addition, more patients from cluster 2 had CHF (OR = 1.99, 95% CI = 1.39, 2.83)
and hypertension (OR = 2.05, 95% CI = 1.38, 3.11). Elevated odds for diabetes were
observed in cluster 6 patients (OR = 2.04, 95% CI = 1.29, 3.17) and cluster 1 patients (OR =
1.31, 95% CI = 1.00, 1.72) compared with patients from cluster 3. Elevated odds were also
found for BMI >30, CHF, and hypertension for the CATHGEN patients in cluster 1. None of
the clusters had elevated coronary artery disease (CAD index >23) or cardiovascular disease
compared with cluster 3; this probably reflects the origin and disease bias of the cohort—
those referred for cardiac catheterization for suspected disease.

Fasting glucose was also measured in the CATHGEN patients immediately before
catheterization (Table 3). Using a linear regression model, elevated risk differences in fasting
glucose levels were observed in the patients residing in cluster 1 (RD = 8.25, 95% CI = 2.34,
14.15), cluster 2 (RD = 14.23, 95% CI = 6.58, 21.88) and cluster 6 (RD = 16.54, 95% CI =
5.86, 27.22) when compared with residential cluster 3.

DISCUSSION

In the current study we adopted a hierarchical clustering technique to explore residential-
level SES in Central North Carolina and its relation to disease and disease-related
biomarkers. For our analysis, we aggregated 444 US Census block groups in Orange,
Durham, and Wake Counties into six clusters based on 12 residential SES factors. After
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controlling for individual-level demographic factors, significant differences in disease status
were found based on the residents’ cluster designation.

We observed an uneven distribution of health outcomes across our six residential clusters,
with elevated odds of metabolic and cardiovascular disease in clusters 1, 2, and 6 compared
with cluster 3. Many of the neighborhoods belonging to cluster 2 were located centrally in
the cities of Durham and Raleigh (Figure 3). In Durham County, surrounding the cluster 2-
associated block groups were the block groups belonging to cluster 1. The cluster 1 block
groups were then surrounded by block groups associated with cluster 3. Thus, in a bulls-eye
pattern, it appears that cluster 1 may act as a transition between the least healthy (cluster 2)
and most healthy (cluster 3) clusters. This idea was corroborated with the Census
demographic variables, as the average values for the variables in cluster 1 fell in between
those calculated for clusters 2 and 3. When superimposed with the CATHGEN cohort health
data, cluster 2 residents had the greatest odds of cardiovascular and metabolic disease, with
cluster 1 residents also having elevated odds but lower effect estimates.

Previous studies have found poorer health in people living in locations such as those having
attributes similar to those found in cluster 2.5-14.17 However, this does not support our
findings for cluster 6. Cluster 6 had a low percentage of people living below the poverty line,
unemployed, and Black. We also compared the odds ratios between clusters 5 and 6; these
clusters had similar characteristics for 11 of the Census variables but were dissimilar in their
urban/rural classification (cluster 5 was rural whereas cluster 6 was urban). Upon further
investigation, the block groups making up cluster 6 were located near major roadways in
Wake County. Thus, cluster 6 appears to have some unique contributors to dysglycemia that
may be related to proximity to roadways;2’ however, it is also possible that social
conditions, access to fast food, or the built environment that may be driving poor metabolic
health of the CATHGEN subjects in cluster 6.

Many previously conducted studies of neighborhood-level SES and health assessed area-
level deprivation by using PCA followed by the construction of either a NDI or
score.6:8.14.23-25 For these studies, the researchers sought to identify the most and least
deprived neighborhoods. However, in the current work our focus was not in comparing
deprivation levels between neighborhoods, but instead to combine neighborhoods of similar
attributes to increase the power of our study. Our output, compared to the NDI or zscore, is
a list of characteristics of each cluster that collectively can be used to define a neighborhood.
Using NDI or zscores would not be fitting for our research goal, as it is possible that two
heterogeneous neighborhoods may have the same NDI- or zscore,*? and whereas this may
not be a problem in defining deprivation, those methods would not be ideal for our work.

A handful of studies have also used combinations of PCA and hierarchical clustering to help
define neighborhood SES.25:38:39 Using PCA, researchers mathematically determine the
most important factors representing the greatest variability in the geographic area. However,
the cut-off for determining the importance of the factor components can be arbitrary.
Further, PCA is then combined with clustering, combining two techniques that involve
researcher-based interpretation. Rather than use PCA, we chose our SES factors based on a
literature review. For example, education level has been used extensively as a factor
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impacting neighborhood-level SES and health outcomes;5:7:12:19.24.25 therefore, we included
a variable representing education in our clustering analysis. For this work, given the quantity
of universities in the three county area and the amount of high tech industry in the Research
Triangle Park area, we selected having at minimum a Bachelor’s degree as our education-
associated variable. Similarly, occupation has also been widely cited by researchers to
impact health,6.7:11.24.25 and studies have shown that people in higher status jobs were less
hypertensive than their peers.#1:42 Thus, similar to past work, we used non-managerial
positions as a measure of occupation. Housing may also influence neighborhood SES.
Percent of owner-occupied housing was chosen as a variable in our work, as opposed to
median home value, because it separates renters from owners. We believed that in an area
with many universities and apartment complexes that this metric would be more useful in
defining housing. Other metrics such as unemployment status6:12.14.19.25 gnd race612.14 have
also been widely cited by researchers to impact health when looking at neighborhood-level
characteristics, and we used these variables as well. We believe that by using an a priori
approach based on our knowledge of the geographical area in question, a literature
review,21:32.33 and equal factor balancing, we have encompassed the appropriate variables
that contribute to neighborhood SES in our study.

The present study has several limitations. First, we did not measure psychosocial stress or
the built environment.243-46 However, the importance of missing psychosocial stress may be
minimal, as the relationship between psychosocial stress and disease have been
inconsistent,>18.24:47-50 and healthy behavior is linked with both the built environment and
SES.5! In addition, we did not survey our cohort to determine why the patients lived in their
neighborhoods and we were also missing information on the past residences of some the
participants.1*1° Further, we were unable to obtain SES information for each resident, and
individual-level SES factors have previously been associated with health outcomes.3
Although we were unable to obtain this information, several studies looking at neighborhood
SES and health that controlled for individual SES factors still found significant
outcomes.10:19:52 Regardless, we acknowledge that lacking this information is a major
limitation to our work. We also acknowledge that there might be some selection or referral
bias, as health insurance influences referrals for medical testing,2 and that the population
described in this study is not generalizable to the general population. We do not know if
having a residence in specific neighborhoods would make someone more or less likely to
use the Duke University hospital compared to other hospitals in the area. However, we did
not eliminate any participant from the analysis based on the neighborhood they resided in
beyond the three county area. In this study we assumed that Census variables were similar at
the block group level between 2001 and 2010—the enrollment period of CATHGEN. Due to
no block group demographic data being available for 2010, we used data from 2000. Last, it
is possible that using different R-SES input factors might change our cluster designations;
past studies using similar clustering techniques have found this method to be fairly
sensitive.38 Unfortunately, there is no consensus in the literature as to the best variables to
describe neighborhood SES, and this is further complicated by the possibility that variables
that may be valid indicators in one location are less relevant in another.53 However, we
believe that our input variables adequately covered the main categories associated with area-
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level SES in our area, and these variables have highly been supported in the
literature.67-11.12,14,21,25,32,33

There are several strengths of this study that should be noted. We used US Census block
group demographic data. Block groups are smaller geographic areas than census tracts—
there are ~ 2.5 times more block groups in our three county area compared to tracts. In a
side-by-side comparison of tracts and block groups, we found greater resolution for several
of our variables using the block groups (data not shown). Thus, we believe using block
groups was superior to using census tracts. In addition, several studies examining
neighborhood SES and health status used only one SES variable for their work;2554 we used
12 variables to define our residential clusters. Having more than one variable can provide a
superior assessment of the population.

In conclusion, we used hierarchical clustering in a novel manner to identify six unique and
homogeneous residential clusters in Central North Carolina based on 12 a priori-selected
demographic factors. This clustering method delivered a more direct way to examine
residential area SES. Further, using 2254 patients in the CATHGEN cohort, we estimated the
prevalence of cardiovascular and metabolic health outcomes of these patients by cluster. In a
cluster that was highly urban, Black, impoverished, and unemployed, there were greater
odds of the residents of the cluster that were in CATHGEN being overweight, obese, and
having diabetes, congestive heart failure, and hypertension compared with a cluster that was
highly urban but had a low percentage of people that were Black, below the poverty levels,
on public assistance, and unemployed. As there are factors beyond individual-level SES
contributing to health, assessment of neighborhood environment becomes both necessary
and complicated. With this method, we are offering a novel way to assess area-level SES
associate using hierarchical clustering. In subsequent work we will look at genetic/
epigenetic differences in the populations based on their assigned clusters as well as the
distribution of air pollutants between the clusters. We also aim to look at a subset of the
population in more detail to assess differences in the participants’ microenvironments and
whether multi-level approaches involving individual-level SES influences our outcomes.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.
Circular dendrogram of six clusters comprised of 444 Census block groups in Orange,

Waeke, and Durham counties, North Carolina. Numbers in bold represent the cluster
numbers. Four block groups (BGs) having a population of zero or containing a prison/
correctional facility were removed. The bolded numbers represent each of the clusters.

J Expo Sci Environ Epidemiol. Author manuscript; available in PMC 2017 May 01.



Page 15

Mirowsky et al.

Cluster 2

Cluster 1

Population density

=3 o =3 o
=3 (=3 =3 o
Q (=] =3 (<]
© © < N o
L 'l 'l '
] x4
L] s
- 0l
] 6
L] - 8
L
-9
[ S
v
] €
L] x4
F L
r T T T
(=3 g =3 ' o
o ~ w ~N
=
juadiad
Population density
o (= (=3 o
(=3 (=] =3 =3
(=3 =] =] <]
o © < o~ o
L 'l '} 'l
e -2
ol L
- 0l
] - 6
L) - 8
- L
9
L] - S
- v
- €
. x4
- -l
r T T T
(=3 g (=3 ' o
40I ~ wn o~
juaoiad

Cluster 4

Cluster 3

- 8000

Population density

(=3
=3
(=3
©
1

(=3
(=3
(<3
~N
1

or 4000

-l
- L

e Ol

- 6
- 8

oF L

- 9
- S

- €
- C
a

100 -

- 8000

T
wn
~

Population density

(=3
=3
(=3
©
N

(=]
wn

25 1

juaosiad

o
(=]
=)
<
1

& 2000

-2l
- L

of 0L

- 6
- 8

oF 9

- S
[ 324

oF €

- C
-l

100 <

juadied

Cluster 6

Cluster 5

r 8000

Population density

=3
=3
=3
©
1

I 4000

F 2000

F 2L
il

oF 0L

6
- 8

oF 9

S
[ h4

oF €

x4
-l

100 -

- 8000

Population density

(=3
=3
=3
©
1

juadied

o
o
o
<
1

(=3
(=3
o
N
1

[ X4%

or Ll

- 0L
6
- 8
o« L
&« 9
- S
[ 4

oF €

¢
d

100 +

jusosad

Residential clusters by R-SES factors. Four block groups (BGs) having a population of zero
or containing a prison/correctional facility were removed. Values represent mean £SEM.

Figure2.

J Expo Sci Environ Epidemiol. Author manuscript; available in PMC 2017 May 01.

Author Manuscript

Author Manuscript

Author Manuscript

Author Manuscript



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Mirowsky et al.

Legend

Clusters per block group

[ <nu> =4 8Gs)

=718Gs)

I:| Cluster1 (n
- Cluster2 (n
- Cluster3 (n
I:' Cluster 4 (n
- Cluster 5 (n
i Cluster6 (n

Figure 3.

=42 8Gs)
=155 BGs)
=738Gs)
=45 8Gs)

=58 BGs)

Page 16

Orange county, City of Chapel Hill

Sk |

Durham county, City of Durham

Six clusters comprised of 444 Census block groups in Orange, Wake, and Durham Counties,
North Carolina. Four block groups (BGs) having a population of zero or containing a prison/
correctional facility were removed.
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Table 1

Input variables used to form the clusters for analysis.

Cluster input categories  Cluster input variables

Education Population with at least a Bachelor’s degree
Wealth Population in owner-occupied housing
Income Population with income below the poverty level

Households on public assistance income

Race Black
Other race
Employment Population unemployed

Population in non-managerial positions
Housing Single parent housing

Vacant housing
Land-use Urban environment

Population density (persons per mile3)
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