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Abstract

Purpose—Neighborhood-level socioeconomic status (NSES) can influence breast cancer 

mortality and poorer health outcomes are observed in deprived neighborhoods. Commonly used 

NSES indexes are difficult to interpret. Latent class models allow for alternative characterization 

of NSES for use in studies of cancer causes and control.

Methods—Breast cancer data was from a cohort of women diagnosed at an academic medical 

center in Philadelphia, PA. NSES variables were defined using Census data. Latent class modeling 

was used to characterize NSES.

Results—Complete data was available for 1,664 breast cancer patients diagnosed between 1994 

and 2002. Two separate latent variables, each with 2-classes (LC2) best represented NSES. LC2 

demonstrated strong associations with race and tumor stage and size.

Conclusions—Latent variable models identified specific characteristics associated with 

advantaged or disadvantaged neighborhoods, potentially improving our understanding of the 

impact of socioeconomic influence on breast cancer prognosis. Improved classification will 

enhance our ability to identify vulnerable populations and prioritize the targeting of cancer control 

efforts.
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Introduction

Breast cancer is the most common cancer in women and a significant source of mortality 

[1]. Although black women have lower overall incidence rates of breast cancer in 

comparison to white women, their mortality rates are substantially higher. Differences in 
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mortality rates are attributed to the greater likelihood that black women develop aggressive 

forms of cancer lacking key receptors often used as targets for treatment. These tumors are 

referred to as estrogen receptor (ER) negative and “triple-negative” (TN), or ER negative 

tumors that are also progesterone receptor and human epidermal growth factor receptor-2 

negative [2-5].

While cancer phenotypes may be altered by the extra-cellular environment [6], the factors 

influencing tumor biology are not well understood. TN breast cancer is associated with 

younger age at diagnosis, higher grade and larger size at the time of diagnosis, and higher 

risk of recurrence [2, 7]. Basal-like tumors, which are often TN [5], are associated with 

factors such as reproductive history, breastfeeding, adiposity and weight gain, suggesting 

that tumor biology is influenced by external risk factors [8].

Neighborhoods provide exposure to social, environmental, and structural conditions that 

influence health [9, 10]. Neighborhood-level socioeconomic status has been shown to play a 

key role in health, with poorer health outcomes observed in deprived neighborhoods even 

after controlling for individual-level socioeconomic status [11, 12]. Neighborhood factors 

can influence everything from the presence of environmental toxins to the quality of public 

spaces and the availability of resources such as quality food choices [13, 14].

Neighborhoods may be an appropriate target for interventions [15]. Improvements in health 

behaviors can be made through neighborhood interventions [16]. For outcomes such as 

breast cancer mortality, neighborhood characteristics that have important influences on 

treatment, survival, and relevant risk factors are not clearly defined. In order to elucidate 

those risk factors, we must first adequately measure important neighborhood characteristics.

Neighborhood-level socioeconomic status (NSES) combines multiple indicators, including 

both economic and social neighborhood characteristics [10, 17]. Multiple indicators of 

NSES cannot be included simultaneously in models due to high correlations between 

variables. NSES indices combine the multidimensional concept into a single variable for use 

in quantitative analysis [18]. While such indices simplify the analysis, results are difficult to 

interpret because they are unit-less. As an alternative to a single, continuous measure of 

NSES we propose to use latent class models [19]. These models allow for characterization 

of NSES into meaningful classifications, easily described by relevant indicators of SES, and 

for estimation of the effects of those neighborhood characteristics on cancer outcomes. The 

purpose of this analysis was to use latent class models to identify neighborhood 

characteristics relevant for evaluating multi-level influences on breast cancer prognosis.

Methods

We used data from a cohort of African-American and Caucasian women of unknown 

ethnicity diagnosed with breast cancer at a teaching hospital in Philadelphia, PA between 

1995 and 2002 with at least 5 years of follow-up. This population is comparable to 

populations in the National Cancer Institute SEER database with respect to tumor grade, 

stage, and expression of key receptors [20]. Information on age, race, survival, and tumor 

characteristics were available for each woman. Census 2000 information at the Zip Code 
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Tabulation Area (ZCTA) level was used to obtain NSES variables. Twenty-four census 

characteristics related to poverty (10.7 % below poverty line), income (median: $49,800), 

education (17.5 % less than high school education), housing (29.4 % in rental housing), 

occupation (3.9 % unemployed), race and family structure identified in previous studies as 

being related to health were considered for analysis [18, 21]. To determine factors relevant 

to NSES in our population, we conducted exploratory factor analysis (EFA) of available 

ZCTA-level NSES variables. Variables were transformed to be approximately normal and 

on the same scale. We examined scree plots for natural cut-points and Eigenvalues greater 

than 1 to determine factors for consideration in confirmatory factor analysis (CFA) [22]. In 

CFA, variables from rotated factor patterns that explained a substantial proportion of the 

variance were considered for inclusion in the latent class model.

Variables with loadings >0.50 on selected factors were used as indicator variables in latent 

class analysis (LCA) using MPlus v7 (MPlus, Los Angeles, CA) [23, 24]. Various numbers 

of classes were considered and compared using model fit statistics [25]. Latent class 

membership was compared with a traditional, continuous NSES index (NSI) created 

including the same NSES variables using methods adapted from Messer et al. [18]. The NSI 

was created by multiplying each of the normalized NSES variables by their respective 

variable weights from principal components analysis and summed to create an NSI. The NSI 

was categorized using quartiles to enable comparison with the categorical NSES classes 

created from LCA. We tested for associations between the two categorical measures of 

NSES and prognostic indicators of cancer aggressiveness defined by the AJCC Cancer 

Staging Manual including, tumor size, subtype, histologic grade, and overall stage using 

Chi-square tests [26, 27]. All data analysis except the LCA was completed in SAS version 

9.2 (SAS Institute, Cary, NC). Circos plots are a graphical tool used to visually represent 

complex data that highlights similarities or differences between groups [28]. Circos plots 

were created to represent the relationship between neighborhood advantage and 

disadvantage with an indicator of cancer aggressiveness and the prevalence of those 

characteristics among black and white women.

Results

Complete data was available for 1,664 breast cancer patients from 320 ZCTAs in 3 states. 

Patients ranged in age from 22 to 92 years at diagnosis, with a median age of 58. Twenty-

five percent of patients died during follow-up; survival ranged from <1 month to 13 years. 

The majority of patients were white (87 %) and most had early stage and low-grade tumors 

(Table 1).

Confirmatory factor analysis was conducted on the 320 ZCTAs. Two factors explained 77 % 

of the variance. The variables from Factor 1 were related to poverty, housing and family 

structure and represented the latent construct of disadvantage; the variables from Factor 2 

were related to education, income and occupation and represented the latent construct of 

advantage. Each latent variable was best categorized into 2-classes (LC2).When the 2 class 

memberships for the 2 variables were combined into a 4-level categorical variable, the first 

category represented the combination of high-advantage and low-disadvantage, or lowest 

neighborhood deprivation, and the last category represented the combination of low-
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advantage and high-disadvantage, or highest deprivation. The remaining two categories 

represented neighborhoods with contrasting assets and limitations, for example high-

advantage and high-disadvantage neighborhoods may be high in poverty despite high white-

collar employment and low advantage and low disadvantage may include stable family 

structure but low education levels. These neighborhoods were rare but present in our study 

sample. The LC3 model had a lower AIC than LC2 (−76,938.2 vs −69,528.9) and performed 

better than LC2 based on the Lo–Mendell–Rubin likelihood ratio test (LRT) and the 

Boostrap LRT [25]. However, a 3-class solution resulted in a 9-level categorical variable of 

which 2 were not present in our study sample; no women lived in neighborhoods of least 

advantage and least disadvantage or of most advantage and most disadvantage, so the LC2 

models were deemed a better fit (see “Appendix”).

Women were divided equally among high and low advantaged neighborhoods; high 

advantaged neighborhoods had more men and women in professional and managerial 

occupations, whereas low advantage neighborhoods had more people with less than a high 

school education (Fig. 1a). Most women (72 %) lived in low disadvantage neighborhoods, 

which are characterized by higher proportions of people single with dependents, below the 

poverty line, using public assistance, having no access to a vehicle, and who are non-

Hispanic black (Fig. 1b).

A comparison of the latent class variables with the continuous NSES index (NSI) revealed 

high correlation (r = 0.87), but the NSI varied within each latent class, particularly in the 

neighborhoods classified as high-disadvantage and low-advantage (Fig. 2). Additionally, 

subjects classified similarly by continuous NSI were placed in different latent classes, 

demonstrating lack of concordance. Compared to NSI, LC2 demonstrated a stronger 

association with stage at diagnosis and tumor size than the NSI quartiles, a similar 

association with race, and a slightly weaker association with tumor subtype (Table 2). Circos 

plots of the association between LC2 with tumor stage, the variable most strongly related to 

neighborhood class, by race provide a visual demonstration of the differential impact of 

socioeconomic indicators in the minority population (Fig. 3). A large portion of black 

patients (A) live in low-advantage, high-disadvantage (LAHD) neighborhoods while very 

few white women (B) live in those neighborhoods.

Discussion

This analysis suggests that neighborhood characteristics are better represented by multiple 

latent class variables than by a single index. The neighborhoods identified by the latent class 

analysis as most deprived were represented by a wide range of values on the continuous 

NSES index, suggesting the index might be less useful in identifying women in the highest 

risk neighborhoods. Further, the strong associations of neighborhood classification with both 

race and prognostic outcomes support the hypothesis that neighborhood characteristics may 

be contributing to the health disparities seen between black and white women. Black women 

are far more likely to live in neighborhoods of high-disadvantage and low-advantage, and 

previous evidence has shown that exposure to such neighborhoods influence health and 

biology [9, 14, 29].
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Our goal was to identify an alternative way to account for neighborhood characteristics in 

analyses of breast cancer outcomes, addressing limitations inherent in using a single, 

continuous index. US census data are the most commonly used data for estimating 

neighborhood SES [10, 30]. While a continuous neighborhood index such as that developed 

by Messer et al. [18] overcomes the limitations of using individual variables for estimating 

NSES, there are still drawbacks to that approach. One limitation is that a continuous index 

assumes a constant linear relationship between the indicator variables and the outcome 

variable of interest, breast cancer outcome. By contrast, our model acknowledges that 

different factors of neighborhood SES (advantage and disadvantage) may have different 

effects on cancer outcomes and would allow for such differences (and divergence between 

advantage and disadvantage) while still reducing the complexity of the model. Furthermore, 

although a continuous neighborhood SES index has been used in multiple studies, these 

studies acknowledge that use of such an index is only one way to measure neighborhood 

SES and there is no widely accepted standard [18, 31-33]. Finally, the ability to identify 

highly deprived neighborhoods across multiple factors, rather than relying on an arbitrary 

cutoff of a continuous index, may allow us to better target interventions in these 

neighborhoods. An additional advantage to our approach is that we can extend our latent 

class models to incorporate covariates that may influence classifications, including race, age, 

and other potential modifiers [24, 34].

We cannot yet make conclusions about the influence of these neighborhood characteristics 

on breast cancer outcomes based on the current analysis. Furthermore, ZCTA-level data may 

not be the ideal indicator of neighborhood when trying to understand women’s exposures; 

however, census-level variables can still provide insight into neighborhood health effects 

and the development of useful methodologies [14]. Additionally, neighborhood 

characteristics change over time and using indicators from a single point in time may 

misrepresent some neighborhoods particularly in women diagnosed earlier in the study.

A recent review on the impact of neighborhood environment on the cancer continuum called 

for better approaches for understanding the multidimensional features of neighborhoods and 

their influence on cancer outcomes [35]. The multidimensionality of neighborhoods implies 

that the neighborhood elements that influence health are often clustered geographically and 

highly correlated with each other [9]. However, indicators of neighborhood SES will never 

be perfectly measured nor perfectly correlated; latent class analysis is a useful tool for 

dealing with these issues and should be considered as a measurement tool for neighborhood 

exposure in studies of cancer outcomes [36]. Future research will be to provide an overall 

structural latent model that uses a multilevel approach to incorporate information on tumor 

biology, prognostic variables and survival outcomes [37]. This will aid in the identification 

of populations in the most vulnerable neighborhoods and to help understand which 

neighborhood characteristics more strongly influence disparities in breast cancer outcomes.
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Appendix

See Table 3.

Table 3

Model fit parameters for latent class analysis

Classes 4 (2 adv, 2 disadv) 6 (2 adv, 3 disadv) 6 (3 adv, 2 disadv) 9 (3 adv, 3 disadv)

Free parameters 57 70 66 80

Loglikelihood 34,821.483 36,757.465 36,707.574 38,549.102

AIC −69,528.965 −73,374.93 −73,283.148 −76,938.204

BIC −69,220.197 −72,995.742 −72,925.628 −76,504.846

Entropy 0.957 0.965 0.958 0.961

D 3,871.964 3,772.182 3,583.274

LRT 0 0 0

p value Ref < 0.05 <0.05 <0.05

1 combination class 
empty

2 combination classes 
empty

2 combination classes 
empty
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Fig. 1. 
Average population characteristics by latent class neighborhood advantage (a) and 

disadvantage (b) (model AIC: −69,259.0, entropy: 0.96)
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Fig. 2. 
Combined latent class categories and continuous neighborhood socioeconomic index (NSI)
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Fig. 3. 
Associations of neighborhood advantage and disadvantage with tumor stage (I–IV) in black 

patients (a) and white patients (b)
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Table 1

Patient and tumor characteristics of breast cancer patients (n = 1,664)

Characteristic n (%)

Race

 White 1,445 (87)

 Black 219 (13)

Tumor subtype

 Basal 255 (15)

 HER2 99 (6)

 Luminal A 1,125 (68)

 Luminal B 185 (11)

Overall stage

 I 904 (56)

 II 543 (34)

 III 129 (8)

 IV 40 (2)

Tumor size category

 T1 (≤2 cm) 493 (32)

 T2 (>2 to ≤5 cm) 956 (61)

 T3 (>5 cm) 110 (7)

Histologic grade

 G1 (low—favorable) 167 (12)

 G2 (intermediate—moderately favorable) 635 (44)

 G3 (high—unfavorable) 647 (45)
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