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A B S T R A C T   

The purpose of this study was to understand whether proxy measures of county-level racial isolation (based on 
racial compositions) would yield similar results as the formal measures of county-level racial isolation (derived 
from the isolation index of P*). White (non-Hispanic White) and Black (non-Hispanic Black or African American) 
women residing in the State of Tennessee, USA, and diagnosed with a non-invasive or invasive breast cancer were 
considered as the study population. Individual-level variables were obtained from the Tennessee Cancer Registry 
data for the period between 2005 and 2014 (46,983 White women and 7,967 Black women), and county-level 
variables were obtained from the American Community Survey data for the periods of 2005–2009 and 
2010–2014 (95 counties). Using breast cancer condition (non-invasive versus invasive) as the binary outcome of 
interest, a series of multilevel logistic regression analyses was conducted separately by race. After controlling for 
individual-level socio-demographic characteristics, proxy measure of county-level White isolation and county- 
level median household income were not associated with breast cancer condition, but formal measure of 
county-level White isolation was associated with lower odds of having an invasive breast cancer among White 
women. On the other hand, neither proxy nor formal measure of county-level Black isolation was associated with 
breast cancer condition, but county-level median household income was associated with lower odds of having an 
invasive breast cancer among Black women. These results suggest that using a proxy and formal measure of racial 
isolation may yield different results, and race-stratified analyses would be helpful for understanding a differential 
effect of racial isolation on Whites and Blacks. While more detailed examinations are needed in future studies, 
possible explanations on and reasons behind these findings are discussed.   

1. Introduction 

A growing number of research has been conducted in the United 
States (US) to examine a potential role of residential segregation in 
cancer (e.g., breast cancer, colorectal cancer, lung cancer, and prostate 
cancer) since the mid-2000s (Landrine et al., 2017). The underlying 
motivation for this trend is based on the premise that the pervasive and 
persistent patterns of health disparities between Blacks (non-Hispanic 
Black alone or African Americans) and Whites (non-Hispanic White 
alone) may largely be a function of residential segregation (e.g., Land
rine & Corral, 2009; Williams & Collins, 2001). This notion stems from 
observed patterns in which most Blacks live, work, and age under un
favorable social and physical environments compared to their White 

counterparts irrespective of the socioeconomic status (e.g., Charles, 
2003; Massey & Fischer, 2000; Williams, 1999). Viewing the perva
siveness and persistence of most Blacks residing (in essence, “trapped”) 
in areas of concentrated poverty, Williams and Collins (2001) conceived 
residential segregation as a fundamental cause of racial disparities in 
health. 

After reviewing 17 studies (primarily on breast cancer) published 
between 2006 and 2016, Landrine et al. (2017) concluded that Blacks 
residing in segregated areas may lead to later-stage diagnosis of breast 
and lung cancers, higher mortality rates and lower survival rates from 
breast and lung cancers, and higher cumulative cancer risks associated 
with exposure to ambient air toxics. These adverse associations of resi
dential segregation with cancer-related outcomes (Landrine et al., 2017) 
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mirror the results of those with various health-related outcomes (e.g., 
all-cause mortality, cause-specific mortality, birth weight, preterm birth, 
body mass index, smoking and self-rated health) reviewed by Kramer 
and Hogue (2009) and K. White and Borrell (2011). While these findings 
are based on cross-sectional studies (Kramer & Hogue, 2009; White & 
Borrell, 2011; Landrine et al., 2017), relatively consistent associations 
collectively corroborate the essence of Williams and Collins’ (2001) 
arguments that residential segregation plays a role in creating condi
tions inimical to health among most Blacks. However, one of the major 
limitations commonly found in those reviewed studies (Kramer & 
Hogue, 2009; White & Borrell, 2011; Landrine et al., 2017) is the 
different ways by which residential segregation has been measured. 
Most noticeably, proxy measures based on racial/ethnic compositions (i. 
e., proportions or percentages of racial/ethnic groups) and formal 
measures derived from segregation indexes have been used inter
changeably to refer to the degrees of residential segregation. 

Oka and Wong (2014) argued that a measure of residential segre
gation used in health research must rely on the most appropriate index 
for capturing the specific dimension. In short, Massey and his colleagues 
(1988; 1996) analyzed 20 indexes of residential segregation and clas
sified them into five dimensions: evenness, isolation (or exposure), 
clustering, concentration (which is similar to the concept of density), 
and centralization. However, Reardon and O’Sullivan (2004) and 
Johnston, Poulsen, and Forrest (2007) later concluded that these five 
dimensions can be reduced to two dimensions: evenness-clustering and 
isolation-exposure. Note that Reardon and O’Sullivan (2004) classified 
the concentration and centralization dimensions as subcategories of the 
evenness dimension, and Johnston et al. (2007) were unable to replicate 
Massey and his colleagues’ earlier results. Among the indexes of resi
dential segregation, the information theory index (H), which was 
introduced by Shannon (1948a, b) or Theil (1972) depending on the 
fields of study, has been considered most appropriate for capturing the 
evenness dimension (M. J. White, 1986; Reardon & Firebaugh, 2002; 
Reardon & O’Sullivan, 2004). Widely regarded as the standard index, 
the isolation index of P*, which was introduced by Bell (1954) and 
popularized by Lieberson (1981), has been considered most appropriate 
for capturing the isolation dimension (Lieberson, 1981; Morrill, 1991; 
Reardon & O’Sullivan, 2004). In reviewed studies (Kramer & Hogue, 
2009; White & Borrell, 2011; Landrine et al., 2017), most common 
measures of residential segregation were intended to capture the isola
tion dimension. 

Because proxy measures (i.e., proportions or percentages of racial/ 
ethnic groups) do not capture any of the distinct dimensions of resi
dential segregation identified by Massey and his colleagues (1988; 
1996), using proxy and formal measures interchangeably could obscure 
scientific knowledge of the relationships between residential segrega
tion and health (Oka & Wong, 2014). While Oka and Wong (2014) 
provided valuable conceptual and theoretical discussions, they did not 
empirically demonstrate the difference between these two types of 
measures. Therefore, the purpose of this study was to understand 
whether proxy and formal measures of racial isolation would yield 
different results. Using breast cancer condition (non-invasive versus 
invasive) as the binary outcome of interest, the differences between 
proxy and formal measures of county-level racial isolation in the State of 
Tennessee were examined by a series of multilevel logistic regression 
analyses to inquire into the appropriateness of Oka and Wong’s (2014) 
claims. 

2. Methods 

In this study, individual-level and county-level measures were 
combined to portray a hierarchical structure of residential segregation 
and health, and then a series of multilevel analyses was conducted to 
explore whether proxy and formal measures of racial isolation would 
yield different results. A series of multilevel analyses was conducted 
separately by race to set forth a differential effect of racial isolation on 

races. From a systematic review and meta-analysis standpoint, Mehra, 
Boyd, and Ickovics (2017) recommended race-stratified analyses for a 
better understanding of the potential roles of residential segregation in 
health research. 

The research protocol and access to the data for this study was 
reviewed by the Tennessee Department of Health (TDH) Institutional 
Review Board (IRB) and was approved on February 1st, 2018 (TDH-IRB 
1057486) with continuation approval on August 8th, 2021 (TDH-IRB 
2020-0152). The National Institutes of Health – Intramural Research 
Program IRB – Human Research Protections Program – Office of Human 
Subjects Research Protections determined that the research protocol for 
this study did not involve human subjects, and thus was exempt from 
IRB review (18-NIMHD-00722). 

2.1. Individual-level variables 

Cancer and socio-demographic data at the individual level were 
obtained from the Tennessee Cancer Registry (TCR), which collects in
formation on all Tennessee residents diagnosed with and/or treated for 
cancer. The TCR is a gold-certified registry, the highest level of certifi
cation by the North American Association of Central Cancer Registries. 
To avoid missing data in the subsequent multilevel analyses, the inclu
sion criteria were as follows: patients were diagnosed with a non- 
invasive or invasive breast cancer (classified by the International Clas
sification of Diseases for Oncology, 3rd Edition [ICD-O-3]) during the 
period between 2005 and 2014; were female (excluded male); provided 
a self-reported racial identification (either White [non-Hispanic White] 
or Black [non-Hispanic Black or African American]); were older than 20 
years of age; and had a valid county identifier (county of residence at the 
time of diagnosis). A total of 54,950 individual-level records (85.5% 
Whites and 14.5% Blacks) were considered in this study. 

Since different types of breast cancer can be classified into two broad 
categories, non-invasive (Stage 0) and invasive (Stages I through IV), 
these two categories were used to define the individual-level difference 
in breast cancer condition (the binary outcome of interest). In addition, 
age, marital status, and health insurance status were used to quantify the 
individual-level differences among women diagnosed with breast can
cer. A description of the study sample (stratified by race) is shown in 
Table 1. 

2.2. County-level variables 

Demographic data at the county and census tract levels were ob
tained from the American Community Survey (ACS) for the periods of 
2005–2009 and 2010–2014. These 5-year estimates are based on a 
larger sample size, and thus more reliable than the 1- and 3-year esti

Table 1 
Descriptions of women diagnosed with breast cancer in Tennessee, 2005–2014.    

White Black 

Number of Women (n) 46,983 7,967 
Individual-level Outcome   
Breast Cancer Non-Invasive 17.87% 17.13%  

Invasive 82.13% 82.87% 
Individual-level Characteristics   
Age Minimum 20 21  

Mean 62.24 58.34  
Median 62 57  
Maximum 105 104 

Marital Status Married/Domestic Partner 54.36% 32.68%  
Single/Never Married 8.79% 26.18%  
Divorced/Separated 9.51% 14.53%  
Widowed/Widower 14.96% 13.83%  
Unknown 12.38% 12.77% 

Health Insurance Private Insurance 46.82% 49.17%  
Public Insurance 47.32% 44.27%  
Not Insured/Self-Pay 0.99% 2.25%  
Unknown 4.88% 4.32%  
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mates. In adherence with the racial/ethnic categories classified in the 
ACS, county-level estimates of population counts were used to calculate 
proportions of Whites and Blacks, and subsequently used as proxy 
measures of county-level White and Black isolation, respectively. Based 
on the census-tract-level estimates, formal measures of county-level 
White and Black isolation were derived from the isolation index of P* 
(Bell, 1954; Lieberson, 1981): 

P∗ =
∑n

i=1

(
gi

G
×

gi

ti

)

where gi is the population count of group G in census tract i, G is the 
population count of group G in the entire study area, and ti is the total 
population count in census tract i. After calculating values at the census 
tract level (i = 1, 2, 3, …n), they are summarized at the county level 
(expressed by the summation symbol, 

∑
). Therefore, for White isola

tion, gi and G in the equation above were substituted by the population 
count of non-Hispanic Whites in census tracts and in the entire state of 
Tennessee, respectively. Similarly, for Black isolation, gi and G in the 
equation above were substituted by the population count of non- 
Hispanic Blacks in census tracts and in the entire state of Tennessee, 
respectively. After simply obtaining proxy measures and deriving formal 
measures, these four county-level measures were used to quantify the 
degrees of White and Black isolation across 95 counties in the State of 
Tennessee. 

As a supplemental note, formal measures of county-level racial 
isolation capture the extent to which a racial group is exposed to (or 
interacts with) the same racial group within each county. On the other 
hand, its proxy counterparts describe the amount of a racial group in 
comparative relation to the whole racial and ethnic groups in each 
county. Therefore, two types of measures have different meanings. 

In addition to the demographic data, income data at the county level 
were also obtained from the ACS for the periods of 2005–2009 and 
2010–2014. Owning to the fact that the ACS estimates are represented 
by the standard hierarchy of census geographic entities (e.g., defined by 
census tract, county, and state boundaries), both median household 
income and median family income are widely used and accepted as 
important indicators of economic well-being of communities, over and 
above individuals. Since county-level median household income and 
county-level median family income had a perfect, positive correlation (r 
= 0.98) in both the 2005–2009 and 2010–2014 ACS estimates, county- 
level median household income was used to quantity the degree of 
economic well-being across 95 counties in the State of Tennessee. 

To put the following multilevel analyses in perspective, racial and 
ethnic compositions of Tennessee are shown in Table 2 and descriptive 
statistics of county-level measures are summarized in Table 3. For a 
better description of the dissimilarities between proxy and formal 
measures of county-level racial isolation, Pearson’s correlation matrixes 
are presented in Table 4. 

2.3. Multilevel analyses 

Individual-level and county-level measures were combined into one 

dataset by the five-digit Federal Information Processing Standards 
county codes in which the year of diagnosis was matched against the 
time periods of ACS. Using breast cancer condition (non-invasive versus 
invasive) as the binary outcome of interest, a series of multilevel logistic 
regression analyses was conducted to estimate the odds ratios (ORs) and 
associated 95% confidence intervals (CIs). The results from race- 
stratified models are shown in Tables 5 and 6. 

For easier interpretation of the regression coefficients, age was 
scaled by dividing by 10 to reflect a 10-year increase in age (instead of 
the unscaled age that reflects a one-year increase in age). Other 
individual-level measures were handled as categorical variables. 
Because residential segregation is a unique and unnatural phenomenon 
(e.g., Charles, 2003; Massey & Fischer, 2000; Williams, 1999), both 
proxy and formal measures of county-level White and Black isolation 
followed highly skewed distributions (Table 3). To ensure a meaningful 
comparison between different units of measurement, proxy and formal 
measures were standardized by dividing by its interquartile range (IQR). 
Note that the IQR is the distance between the first quartile and third 
quartile. In addition, log transformation (ln or loge) was applied to proxy 
and formal measures for assessing whether log-transformed measures 
would improve the association between county-level racial isolation and 
breast cancer condition. Since a proportion of Whites (x) was negatively 
skewed or left-skewed (interpretable by the negative value of skewness 
in Table 3), log transformation was applied after subtracting from one 
(1): loge(1 – x). Finally, county-level median household income followed 
a slightly skewed distribution (Table 3). Therefore, to compare counties 
of low economic well-being (i.e., typical low-income counties) with 
counties of high economic well-being (i.e., typical high-income 
counties), county-level median household income was standardized by 
dividing by its IQR. 

In Tables 5 and 6, Models 1, 2, 3, and 4 are shown to compare the 
associations between county-level racial isolation and breast cancer 
condition with regard to the IQR increase of proxy measure, the increase 
of proxy measure on a logarithmic scale, the IQR increase of formal 
measure, and the increase of formal measure on a logarithmic scale, 
respectively, holding county-level median household income and 
individual-level measures constant. 

Data management, computation of formal measures of county-level 
White and Black isolation (derived from the isolation index of P*), 
scaling of individual-level measure, standardization and log trans
formation of county-level measures, and multilevel logistic regression 
analyses were carried out in R version 4.1.3 (R Core Team, 2022). The 
glmer function in the lme4 package (Bates, Maechler, Bolker, & Walker, 
2015) was used for carrying out a series of multilevel logistic regression 
analyses. 

3. Results 

Among patients diagnosed with breast cancer in the State of Ten
nessee between 2005 and 2014, the prevalence of non-invasive and 
invasive breast cancer (approximately 17.5% and 82.5%, respectively) 
were very similar between White and Black women (Table 1). While the 
percentage of married/domestic partner was higher and single/never 
married was lower among White women than Black women, other 
individual-level characteristics were also very similar to one another. 
However, in relation to the racial and ethnic makeup of Tennessee, 
where Whites and Blacks accounted for approximately 76.0% and 
16.5%, respectively, of Tennessee’s population (Table 2), the residential 
distributions of two racial groups were quite different from one another 
(partly interpretable by Table 3). Noticeably, few counties had no Black 
residents and most counties had only a very small number of Black 
residents. Also, formal measures, particularly Black isolation, were more 
skewed and heavy-tailed than the proxy measures (interpretable by the 
larger values of skewness and kurtosis, respectively, in Table 3). 

In reflection to the dissimilar shapes of distributions (Table 3), proxy 
and formal measures of county-level racial isolation had weak or 

Table 2 
Racial and ethnic compositions of Tennessee, 2005–2014.   

2005–2009a 2010–2014a 

Total Population 6,158,953 6,451,365 
White 76.96% 75.01% 
Black 16.41% 16.66% 
Hispanic or Latino/a 3.71% 4.80% 
Asian 1.33% 1.52% 
Othersb 1.59% 2.02%  

a Based on the state-level estimates from the American Community Survey. 
b Includes American Indian and Alaska Native, Native Hawaiian and other 

Pacific Islander, and some other race. 
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moderate correlations (Table 4): proportion of Whites and White isola
tion was weakly and negatively correlated with one another (r = -0.34 or 
-0.36), and proportion of Blacks and Black isolation was moderately and 
positively correlated with one another (r = 0.52 or 0.53). Importantly, 
Table 4 also show that proxy measures were inverses of each other (r =
-0.97 or -0.96), whereas formal measures were moderately and posi
tively correlated with each other (r = 0.54 or 0.49). Given the dissimi
larities between proxy and formal measures of county-level racial 
isolation (Tables 3 and 4), two types of measures were incorporated 
separately into a series of multilevel logistic regression analyses to 
compare its associations with breast cancer condition in race-stratified 
models (Tables 5 and 6). 

As shown in Table 5, neither standardized or log-transformed proxy 
measure of county-level White isolation (i.e., a proportion of Whites) nor 
standardized county-level median household income was associated 
with breast cancer condition among White women (Models 1 and 2). 
While standardized county-level median household income remained 
unassociated, both standardized and log-transformed formal measure of 
county-level White isolation (derived from the isolation index of P*) 
were associated with lower odds of having an invasive breast cancer 
among White women (Models 3 and 4). Put differently, the odds of 
having an invasive breast cancer among White women was 0.04% lower 
for an IQR increase in county-level White isolation (OR: 0.96, 95% CI: 
0.94–0.98; Model 3) and was 0.11% lower for an increase in county- 
level White isolation on a logarithm scale (OR: 0.89, 95% CI: 
0.85–0.94; Model 4). 

For the individual-level variables, using proxy or formal measure of 

county-level White isolation did not affect the point estimates (Table 5). 
Among White women, a 10-year increase in age was associated with 
higher odds of having an invasive breast cancer (OR: 1.03, 95% CI: 
1.01–1.05). In addition, compared with White women who were mar
ried or living with a domestic partner, those who were single or never 
married (OR: 1.10, 95% CI: 1.01–1.20), were divorced or separated (OR: 
1.26, 95% CI: 1.15–1.37), or were widowed (OR: 1.29, 95% CI: 
1.19–1.40) had higher odds of having an invasive breast cancer. More
over, relative to White women with private insurance, those with public 
insurance (OR: 1.21, 95% CI: 1.14–1.29), without insurance or self-pay 
(OR: 1.79, 95% CI: 1.35–2.38), or with unknown status (OR: 1.38, 95% 
CI: 1.21–1.57) had higher odds of having an invasive breast cancer. 

Unlike White women, as shown in Table 6, standardized county-level 
median household income was associated with breast cancer condition 
among Black women in Models 1 through 4, and neither standardized or 
log-transformed proxy measure of county-level Black isolation (i.e., a 
proportion of Blacks) nor standardized or log-transformed formal mea
sure of county-level Black isolation (derived from the isolation index of 
P*) were associated in these four models. Put differently, the odds of 
having an invasive breast cancer among Black women was 0.08% lower 
for an IQR increase in county-level median household income (OR: 0.92, 
95% CI: 0.86–0.98; Models 1 through 4). 

For the individual-level variables, using proxy or formal measure of 
county-level Black isolation did not affect the point estimates (Table 6), 
where negligible differences are primarily due to rounding errors. 
Compared with Black women who were married or living with a do
mestic partner, those who were single or never married (OR: 1.31, 95% 
CI: 1.12–1.53) or were divorced or separated (OR: 1.30, 95% CI: 
1.08–1.57) had higher odds of having an invasive breast cancer. More
over, relative to Black women with private insurance, those with public 
insurance (OR: 1.33, 95% CI: 1.16–1.53), without insurance or self-pay 
(OR: 2.16, 95% CI: 1.30–3.59), or with unknown status (OR: 1.80, 95% 
CI: 1.27–2.57) had higher odds of having an invasive breast cancer. 
Unlike White women, however, a 10-year increase in age among Black 
women was not associated with breast cancer condition (and the asso
ciation was also in the opposite direction). 

While both proxy and formal measures of county-level Black isola
tion showed null associations (Table 6), these could be an important 
source of information for systematic review in the future. Therefore, the 
results from race-stratified models are both presented in this study to 
avoid publication bias. 

4. Discussion 

The results from a series of multilevel logistic regression analyses 
(Tables 5 and 6) highlight the essential precautions for the study of 
county-level racial isolation and breast cancer condition among White 
and Black women residing in the State of Tennessee, as well as for the 
study of residential segregation and health in general. By comparing the 

Table 3 
Descriptive statistics of county-level measures in Tennessee, 2005–2014.  

2005–2009 Minimum First Quartile Median Third Quartile Maximum Skewness Kurtosis 

Proportion of Whites 0.413 0.861 0.916 0.950 0.991 − 2.086 4.451 
White Isolation 0.001 0.003 0.005 0.009 0.067 2.998 9.713 
Proportion of Blacks 0.000 0.016 0.027 0.077 0.505 2.426 5.758 
Black Isolation 0.000 0.000 0.000 0.000 0.344 8.613 76.488 
Median Household Income 23,413 32,389 35,995 41,757 88,358 2.106 8.692  

2010–2014 Minimum First Quartile Median Third Quartile Maximum Skewness Kurtosis 

Proportion of Whites 0.378 0.855 0.909 0.939 0.978 − 2.118 4.639 
White Isolation 0.001 0.003 0.005 0.009 0.065 2.839 8.815 
Proportion of Blacks 0.002 0.014 0.032 0.081 0.523 2.496 6.206 
Black Isolation 0.000 0.000 0.000 0.000 0.339 8.639 76.881 
Median Household Income 26,528 34,298 38,350 42,126 91,743 2.543 11.836  

Table 4 
Relationships between proxy and formal measures of county-level racial 
isolation.  

2005–2009 Proportion of 
Whites 

White 
Isolation 

Proportion of 
Blacks 

Black 
Isolation 

Proportion of 
Whites 

1 − 0.34 − 0.97 − 0.52 

White Isolation − 0.34 1 0.29 0.54 
Proportion of 

Blacks 
− 0.97 0.29 1 0.52 

Black Isolation − 0.52 0.54 0.52 1  

2010–2014 Proportion of 
Whites 

White 
Isolation 

Proportion of 
Blacks 

Black 
Isolation 

Proportion of 
Whites 

1 − 0.36 − 0.96 − 0.54 

White Isolation − 0.36 1 0.27 0.49 
Proportion of 

Blacks 
− 0.96 0.27 1 0.53 

Black Isolation − 0.54 0.49 0.53 1  
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associations of proxy and formal measures of county-level White isola
tion with breast cancer condition among White women (Models 1 and 2 
versus Models 3 and 4 in Table 5, respectively), the results corroborate 
Oka and Wong’s (2014) argument that using a proxy measure of resi
dential segregation may not yield similar results as the formal measure. 
Moreover, by comparing the associations between formal measures of 
county-level racial isolation and breast cancer condition from 
race-stratified models (Models 3 and 4 in Table 5 versus Models 3 and 4 
in Table 6, respectively), the results corroborate Mehra and her col
leagues’ (2017) argument that a potential role of residential segregation 
in health may differ by race. Notwithstanding the importance of these 
analytical implications, there are arguably different ways to interpret 

the protective association between county-level White isolation and 
breast cancer condition among White women (Models 3 and 4 in 
Table 5) and to perceive the null association between county-level Black 
isolation and breast cancer condition among Black women (Models 3 
and 4 in Table 6). Hence, possible viewpoints on these matters are dis
cussed below. 

For interpreting the protective association between county-level 
White isolation and breast cancer condition among White women 
(Models 3 and 4 in Table 5), one possible factor that may have played a 
role is the health-promoting effects of social capital on health (Kawachi, 
Subramanian, & Kim, 2007). Social capital refers to multidimensional 
features of social organization (i.e., social participation, social network, 
civic participation, social support, trust, norm of reciprocity, and sense 
of community) that foster the efficacy of communities, particularly 
among members of tightly knit communities, by facilitating coordinated 

Table 5 
Associations between proxy and formal measures of county-level white isolation 
and breast cancer invasiveness among white women.   

Model 1 Model 2 Model 3 Model 4 

Fixed Effects OR (95% CI) OR (95% CI) OR (95% CI) OR (95% 
CI) 

County-level Variables 
Proportion of 

Whites (IQR) 
1.03 (1.00, 

1.07)    
Proportion of 

Whites (loga)  
0.95 (0.89, 

1.02)   
White Isolation 

(IQR)   
0.96 (0.94, 

0.98)  
White Isolation 

(log)    
0.89 (0.85, 

0.94) 
Median 

Household 
Income (IQR) 

0.97 (0.94, 
1.00) 

0.98 (0.94, 
1.01) 

0.99 (0.96, 
1.02) 

1.00 (0.97, 
1.03) 

Individual-level Variables 
Age (per 10 

years) 
1.03 (1.01, 

1.05) 
1.03 (1.01, 

1.05) 
1.03 (1.01, 

1.06) 
1.03 (1.01, 

1.06) 
Married/ 

Domestic 
Partner 

Ref. Ref. Ref. Ref. 

Single/Never 
Married 

1.10 (1.01, 
1.20) 

1.10 (1.01, 
1.20) 

1.10 (1.01, 
1.20) 

1.10 (1.01, 
1.20) 

Divorced/ 
Separated 

1.26 (1.15, 
1.37) 

1.26 (1.15, 
1.37) 

1.26 (1.15, 
1.37) 

1.26 (1.16, 
1.37) 

Widowed/ 
Widower 

1.29 (1.19, 
1.40) 

1.29 (1.19, 
1.40) 

1.29 (1.19, 
1.40) 

1.29 (1.19, 
1.40) 

Unknown 0.94 (0.86, 
1.02) 

0.94 (0.86, 
1.02) 

0.93 (0.85, 
1.01) 

0.93 (0.85, 
1.00) 

Private 
Insurance 

Ref. Ref. Ref. Ref. 

Public Insurance 1.21 (1.14, 
1.29) 

1.21 (1.14, 
1.29) 

1.21 (1.14, 
1.28) 

1.21 (1.14, 
1.28) 

Not Insured/ 
Self-Pay 

1.79 (1.35, 
2.38) 

1.79 (1.35, 
2.38) 

1.79 (1.35, 
2.38) 

1.79 (1.35, 
2.38) 

Unknown 1.38 (1.21, 
1.57) 

1.38 (1.21, 
1.57) 

1.38 (1.22, 
1.58) 

1.39 (1.22, 
1.58) 

Random 
Effects 

Variance 
(SD) 

Variance 
(SD) 

Variance 
(SD) 

Variance 
(SD) 

County 
(Intercept) 

0.0281 
(0.1676) 

0.0292 
(0.1708) 

0.0255 
(0.1595) 

0.0216 
(0.1469) 

Year (Intercept) 0.0006 
(0.0250) 

0.0007 
(0.0273) 

0.0005 
(0.0220) 

0.0005 
(0.0214) 

Goodness-of-Fit Measures 
Akaike’s 

Information 
Criterion 

43776.018 43776.962 43765.562 43761.8 

Bayesian 
Information 
Criterion 

43889.866 43890.81 43879.41 43875.648 

Log-Likelihood − 21875.009 − 21875.481 − 21869.781 − 21867.9 
Deviance 43750.018 43750.962 43739.562 43735.8 
Residual 

Degrees of 
Freedom 

46970 46970 46970 46970 

OR: odds ratio; CI: confidence interval; Ref: reference category; SD: standard 
deviation; IQR: interquartile range; log: a natural logarithm. 

a a natural logarithm of (1 – Proportion of Whites). 

Table 6 
Associations between county-level measures of white isolation and breast cancer 
invasiveness among black women.   

Model 1 Model 2 Model 3 Model 4 

Fixed Effects OR (95% CI) OR (95% CI) OR (95% CI) OR (95% CI) 
County-level Variables 
Proportion of 

Blacks (IQR) 
0.99 (0.96, 

1.01)    
Proportion of 

Blacks (log)  
0.97 (0.90, 

1.05)   
Black Isolation 

(IQR)   
1.00 (1.00, 

1.00)  
Black Isolation 

(log)    
0.98 (0.95, 

1.00) 
Median 

Household 
Income (IQR) 

0.92 (0.86, 
0.98) 

0.92 (0.86, 
0.98) 

0.92 (0.86, 
0.98) 

0.92 (0.86, 
0.98) 

Individual-level Variables 
Age (per 10 

years) 
0.95 (0.90, 

1.00) 
0.95 (0.90, 

1.00) 
0.95 (0.90, 

1.00) 
0.95 (0.90, 

1.00) 
Married/ 

Domestic 
Partner 

Ref. Ref. Ref. Ref. 

Single/Never 
Married 

1.31 (1.12, 
1.53) 

1.31 (1.12, 
1.52) 

1.31 (1.12, 
1.53) 

1.31 (1.12, 
1.53) 

Divorced/ 
Separated 

1.30 (1.08, 
1.57) 

1.30 (1.08, 
1.57) 

1.31 (1.08, 
1.58) 

1.31 (1.09, 
1.58) 

Widowed/ 
Widower 

1.19 (0.97, 
1.46) 

1.19 (0.97, 
1.46) 

1.19 (0.97, 
1.47) 

1.20 (0.97, 
1.47) 

Unknown 1.07 (0.87, 
1.31) 

1.07 (0.88, 
1.32) 

1.06 (0.86, 
1.30) 

1.05 (0.86, 
1.29) 

Private Insurance Ref. Ref. Ref. Ref. 
Public Insurance 1.33 (1.15, 

1.53) 
1.33 (1.16, 

1.53) 
1.33 (1.15, 

1.52) 
1.33 (1.16, 

1.53) 
Not Insured/Self- 

Pay 
2.16 (1.30, 

3.59) 
2.16 (1.30, 

3.60) 
2.15 (1.30, 

3.58) 
2.18 (1.31, 

3.62) 
Unknown 1.80 (1.27, 

2.57) 
1.80 (1.26, 

2.57) 
1.81 (1.27, 

2.58) 
1.81 (1.27, 

2.57) 

Random Effects Variance 
(SD) 

Variance 
(SD) 

Variance 
(SD) 

Variance 
(SD) 

County 
(Intercept) 

0.0000 
(0.0000) 

0.0000 
(0.0000) 

0.0000 
(0.0000) 

0.0000 
(0.0000) 

Year (Intercept) 0.0032 
(0.0562) 

0.0032 
(0.0564) 

0.0031 
(0.0553) 

0.0032 
(0.0563) 

Goodness-of-Fit Measures 
Akaike’s 

Information 
Criterion 

7263.894 7265.008 7261.168 7262.411 

Bayesian 
Information 
Criterion 

7354.674 7355.787 7351.948 7353.191 

Log-Likelihood − 3618.947 − 3619.504 − 3617.584 − 3618.206 
Deviance 7237.894 7239.008 7235.168 7236.411 
Residual Degrees 

of Freedom 
7954 7954 7954 7954 

OR: odds ratio; CI: confidence interval; Ref: reference category; SD: standard 
deviation; IQR: interquartile range; log: a natural logarithm. 
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actions to achieve a common purpose or goal. Because higher degrees of 
White isolation may be viewed as the extent to which Whites are pro
tecting themselves from social interaction with and/or social exposure 
to Blacks (Williams & Collins, 2001) and different socioeconomic groups 
(e.g., low income populations), such tight social bonds may have pro
vided material and social resources (Kawachi et al., 2007) accrued to 
White women. While a systematic review of prospective studies showed 
no relationship between social capital and cancer (Choi et al., 2014), an 
earlier review suggested protective effects of social capital on adverse 
health outcomes, such as mortality (including suicide), hospitalization, 
self-rated health, health-related behavior, and depression (Murayama, 
Fujiwara, & Kawachi, 2012). Therefore, social capital may not directly 
protect against breast cancer development and progression, but indi
rectly through tangible and/or intangible resources: (i) dissemination of 
knowledge about health promotion, (ii) nourishment of healthy 
behavioral norms or prevention of deviant health-related behaviors 
through informal social control, (iii) improvement of access to local 
services and amenities, and (iv) enrichment of psychosocial processes 
that provide effective support, build self-esteem, and foster mutual 
respect (Kawachi & Berkman, 2000, 2014). However, further exami
nations are needed to understand how a specific dimension (or a com
bination of dimensions) of social capital operate(s) to nurture what types 
of health-promoting resources, and to elucidate plausible pathways 
through which those contextual factors shape the development and 
progression of invasive and non-invasive breast cancer among White 
women. To this end, both quantitative and qualitative research, as well 
as mixed-methods research, are needed in future studies. 

With respect to the null association between county-level Black 
isolation and breast cancer condition among Black women (Models 3 
and 4 in Table 6), the main reason behind this may be attributed to the 
racial/ethnic makeup of urban, suburban, and rural areas (Cromartie, 
2018; Johnson, 2012). While the rural population change between 1930 
and 2010 in the US showed a complex interplay between natural in
crease (i.e., births minus deaths) and net migration (i.e., in-migrants 
minus out-migrants), rural America has been significantly less racially 
and ethnically diverse than urban areas (Johnson, 2012). Based on the 
demographic analysis of the past decade, for example, nearly 80% of the 
rural population was Whites, and Blacks accounted only 8% of the rural 
population (Cromartie, 2018). In terms of regional variations, the 2010 
US Census showed that most counties were predominantly Whites, and 
counties with relatively large concentrations of Blacks were observed 
only in rural areas of the Southeast region (Johnson, 2012). Although 
the State of Tennessee lies in the northern part of the Southeast region, 
the vast majority (a little over 90%) of land area is rural (Tennessee 
Department of Health, 2018) and is mostly occupied by Whites. In other 
words, a dozen of cities with a population size of more than 50,000 
(Tennessee Department of Health, 2019) are home to a disproportion
ately large number of Blacks. Because most Blacks are residents of major 
cities and their peripheries in Tennessee, only a handful of counties 
contained so-called “African-American neighborhoods” and the rest of 
the counties contained none or close to none of those neighborhoods. 
These, in turn, led to the extremely positive skewness of Black isolation 
(Table 3). Grounded in the fact that conceptual and theoretical studies 
on residential segregation and race (e.g., Charles, 2003; Massey & 
Fischer, 2000) and its health implications among Blacks (e.g., Williams, 
1999; Williams & Collins, 2001) have been postulated and/or formu
lated from urban studies (including the fields of sociology, geography, 
economics, and political science), an effective and meaningful analysis 
may be to examine an association between Black isolation and breast 
cancer condition among Black women at the neighborhood (i.e., census 
tract) level, and perhaps within a city or a metropolitan area. In doing 
so, a formal measure of Black isolation needs to be derived from the 
isolation index of SIi (Oka & Wong, 2019), which is a modified and 
refined version of the isolation index of P* (Bell, 1954; Lieberson, 1981), 
designed for capturing variations at the neighborhood (i.e., census tract) 
level. 

Before exploring aforementioned future studies and disseminating 
the results of this study, however, there are three major limitations that 
must be recognized. First, individual-level data on socio-demographic 
characteristics in the TCR did not have information on socioeconomic 
status (SES), which applies to most (if not all) of the cancer registries in 
the US. While SES is a multidimensional construct encompassing eco
nomic resources, power, and prestige (which is closely associated with 
wealth that reflect income level, accumulated economic assets, occu
pational status, and educational attainment, among others), income 
level and educational attainment are two common and uninterchange
able measures of SES used as individual-level variables in US studies 
(Braveman et al., 2001, 2005). By analyzing data from a statewide 
postpartum survey in California, Braveman et al. (2001) emphasized 
and warned that excluding income level and/or educational attainment 
in regression analyses could influence the magnitude of association 
between an explanatory variable of interest and an outcome of interest. 
Therefore, the results from a series of multilevel logistic regression an
alyses (Tables 5 and 6) are subject to overestimation and/or underesti
mation bias due to the lack of individual-level variables pertaining to 
income and education, as well as other dimensions of SES and unob
served factors. 

Second, formal measures of county-level White and Black isolation 
derived from the isolation index of P* (Bell, 1954; Lieberson, 1981) are 
inherently influenced by the quality of ACS data. While the ACS is an 
on-going, nationwide survey conducted every year by the US Census 
Bureau since 2005, it no longer collects detailed information on de
mographic, economic, housing and social characteristics through the 
“long form,” which had been used in previous decennial censuses. 
Because of the changes made in the ACS in which the “long form” was 
discontinued and replaced by the “short form,” estimates for census 
tracts (but, more so for block groups) are not as reliable (with relatively 
large margin of errors) as the past decennial censuses (Herman, 2008). 
This is primarily due to the smaller sample sizes (Herman, 2008) and is 
particularly evident in sparsely populated areas (Bazuin & Fraser, 2013; 
Wong & Sun, 2013). However, how the quality of ACS estimates may 
affect the measurement of residential segregation in general has not 
been investigated. Therefore, a curtain of uncertainty will be casted over 
the formal measures of county-level White and Black isolation because 
the isolation index of P* (Bell, 1954; Lieberson, 1981) depends on the 
quality of census tract estimates. 

Third, statistical analyses of place effects on health are bound to be 
influenced by the presence of spatial autocorrelation. Spatial autocor
relation refers to the dependencies that exist among observations 
attributed to a clustering of similar or dissimilar values across 
geographic space (Griffith, 1992). The presence of spatial autocorrela
tion in a regression analysis causes residuals to vary systematically over 
space, and thus violates one of the key assumptions that residuals are 
independent and identically distributed; the violation of independence 
has been known to inflate R-square values, to deflate standard errors, 
and to overestimate t-tests (LeSage, 1997; Martin, 1974). While 
commonly used multilevel regression models (Gelman & Hill, 2007; 
Hox, 2010; Raudenbush & Bryk, 2002; Snijders & Bosker, 2012) are 
capable of accounting for within-group (e.g., within-county) de
pendencies, these models are incapable of accounting for between-group 
(e.g., between-county) dependencies. In order to account for spatial 
autocorrelation in the study of residential segregation and health, Oka 
and Wong (2014) suggested using (Bayesian) generalized additive 
mixed models (GAMMs) (Wood, 2006), but Oka and Wong (2016) also 
suggested using (Bayesian) generalized geoadditive mixed models 
(GGAMMs) (Fahrmeir, Kneib, & Lang, 2004). Given the intricacy of 
GAMMs and GGAMMs, however, Oka and Wong (2014, 2016) recom
mended using such sophisticated models only for researchers who have 
an extensive knowledge of modeling complex spatially multileveled data 
structures. Therefore, a use of GAMMs and/or GGAMMs needs to be 
explored in future studies with much caution. 
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5. Conclusion 

This study contributes toward a better understanding of county-level 
racial isolation that may or may not, depending on women’s race, 
explain a part of the difference between patients with invasive and non- 
invasive breast cancer in the State of Tennessee. The results from a series 
of multilevel logistic regression analyses (Tables 5 and 6) suggest that a 
higher degree of county-level White isolation may have a protective 
effect on White women (Models 3 and 4 in Table 5), but a degree of 
county-level Black isolation may not matter for Black women (Models 3 
and 4 in Table 6). More importantly, the results corroborate Oka and 
Wong’s (2014) argument that using a proxy and formal measure of 
racial isolation may yield different results (Models 1 and 2 versus Models 
3 and 4 in Table 5, respectively), and Mehra and her colleagues’ (2017) 
argument that race-stratified analyses would be helpful for uncovering a 
differential effect of White and Black isolation in cancer research 
(Models 3 and 4 in Tables 5 and 6). Despite the usefulness of these 
findings, however, future studies are needed to elucidate how a higher 
degree of White isolation shapes the difference between White women 
with invasive and non-invasive breast cancer, and whether a 
neighborhood-level (i.e., census-tract-level) Black isolation plays a role 
in shaping the difference between Black women with invasive and 
non-invasive breast cancer. Such studies are needed in the State of 
Tennessee and in other states. 

In order to gain a better grasp on the roles of racial isolation in cancer 
research, however, an ideal research study design is not only to examine 
a specific outcome of interest (e.g., a type of cancer or a cancer-related 
behavior), but also to separately examine two or more outcomes of in
terest (e.g., multiple types of cancer and/or multiple cancer-related 
behaviors). As partly tackled in this study (Tables 3–6), a key compo
nent in such research endeavors is to differentiate and/or distinguish the 
effects of formal measures from its proxy counterparts. Needless to say, 
this line of inquiry calls for a thorough understanding of the theoretical 
and methodological foundations of residential segregation established 
by demographers, geographers, and sociologists; see Reardon and 
O’Sullivan (2004) and Johnston et al. (2007) for informative review, 
and Oka and Wong (2014, 2019) for useful critiques on a use of proxy 
measures. By embracing a transdisciplinary approach (Rosenfield, 1992) 
in cancer research, collective insights into the adverse, null, or protec
tive effects of racial isolation in a certain geographic location as well as 
across different geographic locations are likely to set forth a more 
rounded view of cancer risk, development, and detection. 
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