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ABSTRACT
◥

Background: Work is needed to better understand how joint
exposure to environmental and economic factors influence cancer.
We hypothesize that environmental exposures vary with socioeco-
nomic status (SES) and urban/rural locations, and areas with
minority populations coincide with high economic disadvantage
and pollution.

Methods: To model joint exposure to pollution and SES, we
develop a latent class mixture model (LCMM) with three latent
variables (SES Advantage, SES Disadvantage, and Air Pollution)
and compare the LCMM fit with K-means clustering. We ran an
ANOVA to test for high exposure levels in non-Hispanic black
populations. The analysis is at the census tract level for the state of
North Carolina.

Results: The LCMM was a better and more nuanced fit to the
data than K-means clustering. Our LCMM had two sublevels
(low, high) within each latent class. The worst levels of exposure

(high SES disadvantage, low SES advantage, high pollution) are
found in 22% of census tracts, while the best levels (low SES
disadvantage, high SES advantage, low pollution) are found in
5.7%. Overall, 34.1% of the census tracts exhibit high disadvant-
age, 66.3% have low advantage, and 59.2% have high mixtures
of toxic pollutants. Areas with higher SES disadvantage had
significantly higher non-Hispanic black population density
(NHBPD; P < 0.001), and NHBPD was higher in areas with
higher pollution (P < 0.001).

Conclusions: Joint exposure to air toxins and SES varies with
rural/urban location and coincides with minority populations.

Impact: Our model can be extended to provide a holistic
modeling framework for estimating disparities in cancer
survival.

See all articles in this CEBP Focus section, “Environmental
Carcinogenesis: Pathways to Prevention.”

Introduction
There is growing awareness that people are exposed to numerous

environmental and social factors and that all of these may interact to
influence an individual’s susceptibility to disease or poor health. Our
objective is to quantify the relationship between socioeconomic status
(SES) and air quality and develop a framework for understanding
the interplay of these factors and their relationship to disparities in
cancer outcomes. Both factors are known to be associated with human
health outcomes. The health disparities associated with low SES are
wide ranging and include obesity (1), type 2 diabetes (2), and
cancer (3–9). Negative health outcomes linked to air pollution include
respiratory (10, 11), cardiovascular (12–14), increased rates of
mortality (15, 16), and various cancers. Fine particulate matter (PM),
volatile organic compounds (VOC), and other traffic-related air toxins
have been linked to lung cancer (17–19); heavymetals (HM) have been
indicated as influential in tumor formation (20–22).

Current studies investigate the interplay of SES, air quality, and
health. Coker and colleagues illustrate how pollution, built environ-
ment, and SES influence adverse birth outcomes in Los Angeles using
Bayesian profile regression (23). Chi and colleagues use Cox propor-

tional hazard models to study SES and the association between air
pollution and cardiovascular disease (24). Vieira and colleagues also
use Cox proportional hazardmodels to show the impact of SES and air
pollution on geographic disparities in ovarian cancer survival in
California (25). Weaver and colleagues illustrate the impact of fine
PM and SES on cardiovascular health and diabetes by using Wald
hierarchical clustering to identify clusters of SES factors and showing
that areas of relative SES disadvantage have stronger associations
between air pollution and negative health outcomes as compared with
areas of SES advantage (26).

In addition to studying air pollution in conjunction with SES
when examining health outcomes, there has also been increased
interest in the impact of multipollution exposure (MPE) on poor
health. Recent studies highlight that measuring a single pollutant
may not adequately capture the total environmental burden
individual’s face in a community (27–32) and methodologies have
emerged to model multiple exposure to air toxins. For example,
Keller and colleagues use a K-means clustering method to establish
MPE for cohorts (33). Lenters and colleagues study the effects of
MPE on birth weight using elastic nets (34). Zanobetti and collea-
gues present a clustering method to show how multipollutant
mixtures impact mortality (35). Pirani and colleagues use a Bayes-
ian approach to model MPE (36).

We present a latent class mixture model (LCMM) to quantify the
relationship between SES and MPE. LCMMs are used to understand
latent groupingmechanism behind correlated variables, like pollutants
and SES variables. Once latent classes or groupings are accounted for,
the variables are assumed to be conditionally independent (37). The
advantage of LCMMs is that they are easily visualized to demonstrate
interrelationships of measures, and can generate flexible summaries of
many variables. For example, using LCMMs allows us to take a
multitude of pollutants and come up with discrete classifications that
describe the joint impact of those pollutants. LCMMs have been used
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previously in epidemiologic studies (38), including those that model
the impacts ofMPE onhuman health (39) aswell as SES on health (40).
To our knowledge, this is the first application of LCMMs to study the
interaction of MPE and SES together.

We develop a LCMM to quantify joint levels of exposure to
pollution mixtures and SES at the census tract level in North Carolina
(NC). We use this model to examine racial disparities in exposure and
differences in urban versus rural communities. To highlight the
strengths of using LCMM over other clustering methods, we compare
our model with K-means clustering. While K-means clustering is a
simple and effective algorithm for clustering correlated observations
into groups, LCMM provides the option to include expert knowledge
into the model between observation and the latent variables. Further-
more, we present a framework that builds upon this research to
delineate disparities in cancer outcomes. We use publicly available
data on pollutants and indicators of SES.We focus on air toxins such as
diesel PM, VOCs, and HMs. We collect social and economic variables
known tobe indicative of either SESadvantageordisadvantage (40, 41).
We chose NC as the study domain because of its diversity in SES,
presence of both rural and urban counties and heterogeneity in air
pollution.We identify vulnerable populations inNC at the census tract
level and gain a better understanding of the interplay between SES and
MPE.

Materials and Methods
We acquired data on air pollutants from the U.S. Environmental

Protection Agency’s (EPA) National Air Toxics Assessment (NATA;
ref. 42). The NATA has been conducted approximately every 3 years
since 1996. For this analysis, we used the most recent data from 2014.
In the NATA, the EPA estimates ambient concentrations of air toxins
via air quality models that use emissions data from the National
Emissions Inventory along with meteorologic and other data as
inputs (43). The result is spatially resolved numerically modeled
estimates of multiple pollutants.

The NATA provides estimates of hazardous air pollutants (HAP)
and diesel PM. HAPs, a class of pollutants that are considered
carcinogenic and associated with negative health outcomes, are reg-
ulated under the 1990 Clean Air Act (42). Diesel PM is included in the
NATA as an air toxic, but not considered a HAP under the 1990 Clean
Air Act (43). However, some scientific evidence suggests a possible link
between exposure to pollution from heavy traffic and breast cancer, so
we include diesel PM in our model (44). In addition, we include 11
VOCs [acetaldehyde, benzene, 1,3-butadiene, carbon tetrachloride,
ethylbenzene, formaldehyde, hexane, methanol, methyl chloride
(chloromethane), toluene, and xylene (mixed isomers)] and four HMs
(lead, manganese, mercury, and nickel). Maps of each pollutant in NC,
where each pollutant is presented as a percentile in relation to NC, are
presented in Supplementary Figs. S1–S3.

Our socioeconomic data is from the American Community Survey
(ACS), which has been conducted by the U.S. Census Bureau since
2005. We used the 1-year 2014 survey to align with the NATA data
timeframe (45). We selected variables from the ACS that have been
found to reflect both socioeconomic advantage and disadvantage
(2016; ref. 40). Palumbo and colleagues show that SES factors can be
distinguished by latent advantage/disadvantage groups, providing a
more flexible and nuancedway to describe SES as comparedwith other
continuous metrics such as the neighborhood SES deprivation index
(e.g., NSES).We downloaded the data using the R package, tidycensus.
The SES Disadvantage variables (40) include data on households such
as the proportion of households with a single head of house or a female

head of household and the proportion of people renting in a given
census tract. We also report the proportion of crowded households or
houses having more than one person per room, which is generally
considered a sign of overcrowded housing (46). We also include the
proportion of people without a vehicle, with phone service, below the
poverty line, relying on public assistance, and unemployed. The SES
Disadvantage latent group includes data on race/ethnicity via the
proportion of non-Hispanic black individuals in a given census tract.
The SES Advantage variables are related to education and profes-
sion (40) and include the proportion of males and females in a
professional occupation, and the proportion of people with less than
a high school education. Maps of each SES variable in NC are provided
in the Supplementary Materials (Supplementary Figs. S4 and S5).

LCMM
We employ LCMMs to investigate how pollution and SES interact

by identifying latent classes underlying the observed data. Our model
has three latent variables: SES Disadvantage, SES Advantage, and
Toxins and Pollutants.We allowed covariance between the three latent
variables. Our LCMM is illustrated in Fig. 1.

To preprocess the data, we applied square root and log transforma-
tions to the SES and pollution data, respectively, to achieve normality
for each group of variables because the SES variables are proportions,
whereas the pollution data are continuous.

We ran several versions of themodel, eachwith different numbers of
classes for each latent variable. For assessing model fit, typical metrics
to consider include model convergence, fit statistics such as BIC, AIC,
and entropy, and class membership, that is, the percentage of census
tracts classified under each level. To assess uncertainty in the best-fit
model, we examine the probability of a census tract being assigned to a
given level, if this probability is high, we can conclude that the
assignment has low uncertainty.

We usedMPlus [v 1.5 (1)] to run the analysis, which uses maximum
likelihood estimation to estimate the level of exposure for each census
tract. We also used the R package, MplusAutomation to run the
analysis within R, which is a tool that calls MPlus from within R to
facilitate preprocessing and postprocessing of data from these models.
To evaluate presence of racial disparities in our data, we ran an
ANOVA of non-Hispanic black population density versus the low/
high SES Disadvantage, SES Advantage, and pollution latent classes
using the R function, lm().

We also conducted K-means clustering on the SES and pollution
variables as a comparison. We tested up to 15 clusters using the
kmeans() function in R. We evaluated each model using NbClust(),
which utilizes several metrics to choose the number of cluster which
best fit the data. We computed AIC and BIC to compare the fit of the
best K-means model with the LCMM.

Results
We present summary statistics of each SES and pollution variable

for a given census tract in NC as compared with the United States
in Table 1. For both SES Advantage and SES Disadvantage, the NC
averages are higher than the national average. For the pollutant
variables, the opposite is true of most VOCs (1,3-butadiene, benzene,
ethylbenzene, hexane, methyl chloride, and xylenes), diesel PM, lead
compounds, mercury compounds, and nickel compounds. However,
acetalaodehyde, formaldehyde, and methanol are higher in NC than
the national average.

The best-fit model for NC comprised of mixtures of two levels of
Pollutants, two levels of SES Advantage, and two levels of SES
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Disadvantage, for a total of eight levels of exposure. We modeled the
SES latent variables with two levels to reflect the findings in the
Palumbo study (40). We ran several models with varying levels within
the Pollutants latent variable. We found that including more than two
levels resulted in nonconvergence in the model, so we limited our final
model to include only two levels for the pollutant latent variable.

We estimated the mean of each observed variable under each of the
eight levels and conclude that the levels or classes within each latent
variable can be characterized as low and high. The latent variable
profiles are displayed in Fig. 2 as bar plots, where the pollution
variables are expressed as percentiles and the SES variables are
expressed as percents. In the low pollution level, the majority of the
pollutants fall around the 20th to 25th percentile, except for mercury,
nickel, and methyl chloride (40th–50th percentile). In the high pol-
lution level, almost every pollutant at least doubles; methyl chloride
hardly changes, and mercury and nickel only increase roughly to the
60th percentile.

In areas with low SES Advantage, on average, the percentage of
males and females in professional occupations is estimated to be low
(<5%), while the percentage of people who did not graduate from high

school is estimated to be close to 20%. Conversely, in high SES
Advantage areas, the estimated percentage of people in professional
occupations rose to roughly 10% for bothmales and females, while the
percentage of the population without a high school degree dropped to
around 5%. Examining the SES Disadvantage latent variable, the
model estimates that the following variables are found in higher
percentages in the High Disadvantage class as opposed to the low
SES Disadvantage class: no vehicle, public assistance, unemployed,
crowded housing, renting, single householder, female householder,
below poverty line. We found that phone service was the only SES
Disadvantage variable to barely follow this trend: phone service is close
to 100% in both the high disadvantage areas and only slightly higher in
low disadvantage areas.

We predicted the level of exposure for each census tract, based on
the highest predicted class probability for each tract. Overall, 34.1% of
the census tracts have high SES Disadvantage, 66.3% have low SES
Advantage, and 59.2% have high mixtures of air pollutants. Our
analysis shows that rural areas are sometimes observed under the
highest levels of pollution, in addition to metropolitan areas. Areas of
high SES Advantage are concentrated in urban/suburban and coastal

Figure 1.

LCMM for SES and Toxins and Pollutants. The variables in squares denote observed continuous variables and those in circles denote the categorical latent class
variables. The arrows describe the relationships between the variables and latent classes.
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areas, while SESDisadvantage dominates the eastern half of the state as
well as many urban areas.Table 2 displays the number of census tracts
in each level, as well as the number of those that are rural. In the
“Census tracts” column, the values down the column all sum to the
total number of census tracts in NC (N¼ 2,174). In the “Rural census
tracts” column, each row is the percentage of census tracts in a given
exposure level that are classified as rural. For example, in exposure
Level 1, 162 of the 216 census tracts are rural, that is, 75%.

These patterns are visible in Fig. 3, which displays estimated
exposure level for each census tract in NC. The rural areas of the
eastern half of the state are dominated by Level 1 (high disadvantage,
low advantage, and low pollution) and comprise 9.9% of the census
tracts. We did not observe any census tracts in Level 2 (high disad-
vantage, high advantage, and low pollution) due to the fact that the
combination of high disadvantage and high advantage is rare (40).

Level 3 (low disadvantage, low advantage, and low pollution)
dominates the rural areas of the western half of the state and comprises
25.2% of the census tracts. The most ideal level, Level 4 (low disad-
vantage, high advantage, and low pollution), comprises only 5.7% of
the tracts and can be found exclusively in suburban areas throughout
the state as well as on the coast.

Level 5 (lowdisadvantage, high advantage, and high pollution) is the
most prevalent class with 25.8% membership and is concentrated in
urban areas across NC. Level 6 (low disadvantage, low advantage, and

high pollution) is in a few urban areas in the central part of the state, as
well as suburbanmountain and inner coastal areas, comprising 9.2% of
the census tracts. The smallest exposure level is Level 7 (high disad-
vantage, high advantage, and high pollution) with only 2.2% mem-
bership and is found exclusively in urban centers throughout NC. The
most toxic class, Level 8 (high disadvantage, low advantage, and high
pollution) can be found in 22% of the census tracts and is largely
located in the urban areas of central NC as well as scattered in rural
mountain, inner coastal and coastal areas. This is one of the few levels
to associate high pollution with rural areas.

To assess the uncertainty of these predictions, we examined the
probabilities of a census tract being assigned to a given level. In the
Supplementary Materials (Supplementary Fig. S6), we present a box
plot which shows the distribution of assignment probabilities for seven
of the eight latent variable levels. Level 2 is not represented because in
our analysis, no census tracts were assigned to Level 2. In the case of all
levels except Level 7, themedian is above 0.80, leading us to believe that
there is low uncertainty in the results of our analysis for these levels.
The median for Level 7 is approximately 0.75.

Our results also provided insights into economic disparities
based on race/ethnicity. Areas with higher SES Disadvantage had
significantly higher black population density (P < 0.001). Similarly,
black population density was higher in areas with higher pollution
(P < 0.001).

Table 1. We compared SES and pollution levels in NC with nationwide levels by examining summary statistics (mean, SD, and IQR) of
the latent and observed variables.

United States NC
Latent variable Observed variable Mean SD IQR Mean SD IQR

Single parent 0.29 0.16 0.21 0.52 0.14 0.19
Female head of house 0.21 0.14 0.17 0.45 0.14 0.18
Crowded household 0.04 0.05 0.04 0.13 0.09 0.12
Renting 0.35 0.23 0.32 0.56 0.17 0.24

SES Disadvantage Phone service 0.97 0.03 0.03 0.99 0.01 0.01
Below poverty line 0.23 0.31 0.37 0.39 0.39 0.76
Public assistance 0.03 0.03 0.03 0.12 0.08 0.09
Unemployed 0.06 0.03 0.04 0.25 0.07 0.08
No vehicle 0.10 0.13 0.09 0.24 0.12 0.15
Non-Hispanic black 0.13 0.22 0.14 0.40 0.23 0.35
Males—professional 0.07 0.07 0.08 0.20 0.15 0.20

SES Advantage Females—professional 0.06 0.06 0.07 0.19 0.13 0.17
< High school education 0.14 0.11 0.13 0.36 0.13 0.19
1,3-Butadiene (VOC) 0.03 0.03 0.03 0.02 0.01 0.02
Acetaldehyde (VOC) 1.12 0.39 0.48 1.43 0.25 0.25
Benzene (VOC) 0.42 0.19 0.24 0.37 0.11 0.18
Carbon tetrachloride (VOC) 0.53 0.02 0.02 0.53 0.01 0.01
Ethylbenzene (VOC) 0.14 0.10 0.40 0.10 0.05 0.09
Formaldehyde (VOC) 1.38 0.42 0.12 1.65 0.26 0.34
Hexane (VOC) 0.25 0.27 0.65 0.15 0.09 0.09

Pollutants Methanol (VOC) 1.36 0.76 0.21 1.47 0.36 0.45
Methyl chloride (VOC) 1.15 0.23 0.69 1.14 0.19 0.09
Toluene (VOC) 1.04 0.80 0.14 0.79 0.37 0.61
Xylenes (VOC) 0.49 0.37 0.91 0.36 0.20 0.34
Diesel PM 0.48 0.39 0.47 0.31 0.16 0.22
Lead compounds (HM) 0.0008 0.0015 0.0005 0.00047 0.0005 0.00021
Manganese compounds (HM) 0.0013 0.0035 0.0009 0.0016 0.0018 0.0008
Mercury compounds (HM) 0.0018 0.0005 0.0002 0.0017 0.00031 0.00018
Nickel compounds (HM) 0.0006 0.0018 0.0005 0.00025 0.00014 0.000082

Note: For SES data, the mean represents the average proportion of people or households. For the pollution data, the mean represents the average concentration
(mg/m3).
Abbreviation: IQR, interquartile range.
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For the K-means clustering analysis, we found that four clusters best
fit the data. In the Supplementary Materials (Supplementary Figs. S7
and S8), we provide visualization of the cluster characteristics and the
census tract membership in NC. There was a similar pattern of

unfavorable SES and Pollution levels in urban areas, and favorable
in suburban areas. However, with only four clusters, the clustering
from K-means is less nuanced than those from the LCMM. On the
basis of AIC and BIC (lower values are better), the LCMMwas a better

Figure 2.

Barplots of the estimated average value of the variables in the SES Disadvantage, SES Advantage, and Pollution categories for each latent class. We express each
estimated average value as percentages for the SES variables and percentiles for the pollutants.
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fit to the data (BIC/AIC for LCMM¼�57,345.93/57,874.57, BIC/AIC
for K-means ¼ 29,646.9/29,019.16).

Model extension for cancer disparities
We have proposed an initial framework to link SES and environ-

mental exposures. In Fig. 4, we demonstrate how this model can be
extended as a means to delineate cancer outcomes disparities. Our
future work involves utilizing this novel framework to determine
potential modifiable factors that could be employed to reduce dis-
parities in cancer outcomes. Each oval in Fig. 4 represents a domain of
interest, measured or determined by a set of variables, similar to that
shown in Fig. 1.

Clinical care and access could be measured at the individual level,
such as type of insurance, does patient have a primary care physician,
proximity to care. Individual behavior could include physical activity,
smoking, alcohol, and other measures that infer higher (or lower) risk.
The Biology and Genetics/Ancestry domain could incorporate high-
dimensional data, or a smaller set of markers thought to influence
cancer outcomes. For high-dimensional data, a variable selection
process would also have to be included. Other extensions, such as
spatiotemporal correlation will be critical to deepening our under-
standing of how exposures over time contribute to the development of
disease. We continue to work with this ultimate framework in mind,
andwill share techniques, software, andmethods, as they are extended.

For different cohorts and diseases that we study, some domains are
critical, while others may not be, so we will not always utilize every
domain area. But we consider this framework as a starting point for
thinking about how to model cancer outcomes disparities. We
recognize that there can be many differential exposures, access,
behaviors, which may all contribute to the outcomes disparities we
see. For example, in studies of breast cancer, we have utilized a
biological domain of the subtyping biomarkers, and we incorporate
an association of race as well as one to SES. It is well-known that
African American women more frequently have triple-negative
breast cancer, and this likelihood may vary with SES. This modeling
framework and methodology provides the ability to flexibly model
such relationships.

Discussion
To our knowledge, this work provides the first framework for an

exposure model based on a broad range of SES measures and envi-
ronmental toxins. The model can also be extended to incorporate
cohorts (or trials) with biological measures, clinical care and access,
behavioral measures, and health outcomes. LCMMs have the advan-
tage of providing a flexible approach for fitting and testing theoretical
relationships. Furthermore, these structures and relationships can
be illustrated via diagrams (e.g., Figs. 1 and 4), which, though

Table 2. The LCMM predicts the level of joint exposure to pollutants, socioeconomic advantage, and socioeconomic disadvantage
for each census tract in NC.

Level Description of exposure Census tracts Rural census tracts

1 High Disadvantage, Low Advantage, and Low Pollution 216 (9.9%) 162 (75%)
2 High Disadvantage, High Advantage, and Low Pollution 0 (0%) 0 (0%)
3 Low Disadvantage, Low Advantage, and Low Pollution 547 (25.2%) 321 (58.7%)
4 Low Disadvantage, High Advantage, and Low Pollution 124 (5.7%) 51 (41.1%)
5 Low Disadvantage, High Advantage, and High Pollution 561 (25.8%) 11 (2.0%)
6 Low Disadvantage, Low Advantage, and High Pollution 201 (9.2%) 29 (14.4%)
7 High Disadvantage, High Advantage, and High Pollution 47 (2.2%) 1 (2.1%)
8 High Disadvantage, Low Advantage, and High Pollution 478 (22.0%) 60 (12.6%)

Note: This table shows the number of census tracts predicted to belong to each level of exposure. It also displays the number of these tracts that are classified as
nonmetropolitan or rural. In the “Census tracts” column, values down the column sum to the total number of census tracts in NC (N ¼ 2,174) and the percentages
represent a percentage of that total. In the “Rural census tracts” column, each row is the percentage of census tracts in a given exposure level that are classified as
rural. We defined rural tracts via the Federal Office of Rural Health Policy (47).

Figure 3.

Estimated latent class membership for each census tract in NC (2014). Each tract is categorized according to level of socioeconomic disadvantage (Disad.),
advantage (Adv.), and multipollutant exposures (Poln.). Tracts without available data are denoted as NA.
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representative of complex statistical models, can be used to bridge
knowledge gaps and further researchwithinmultidisciplinary teams of
experts by providing accessible visualizations of potential hypotheses
to be tested. Also, LCMMs have the added benefit of allowing for
uncertainty quantification, an essential modeling feature when it
comes to working with results with the potential to inform cancer
treatment. We illustrate this advantage by comparing LCMM with a
widely used clustering technique, K-means clustering, which not only
underperformed in terms of fitting the data, but also lacked any
measures of uncertainty in assigning census tracts to exposure clus-
ters/classes. In addition, the LCMM modeling approach can incor-
porate the fact that race and SES (as well as other measures), which are
typically highly correlated, can be incorporated with that correlation
taken into account. This allows us to interpret the impact of SES, which
is informed by race, rather than assuming the effect of race is
“removed” when controlling for SES. Furthermore, many potential
exposures can be incorporated, the mixture of exposures can be tested,
and, when planning interventions, areas that exhibit higher risk
populations can be easily identified and prioritized.

Gray and colleagues (48) used modeled predicted surfaces to
examine the relationship between air pollution exposure, race, and
measures of SES in NC. They considered only PM2.5 and O3 as the
pollutants, and assessed poverty, education, and income as SES area
level measures from the 2000 census, as well as consideration of the
neighborhood deprivation index (41). Similar to our results, they
found that PM2.5 was higher in areas with lower SES, higher depri-
vation, and higher minority population density. Weaver and collea-
gues (26) examined the joint impact of SES and PM2.5 on cardiovas-
cular outcomes. They utilized a hierarchical clustering approach to

identify SES groupings, where clusters 1 and 2 exhibited high propor-
tions of black population, impoverished, nonmanagerial populations,
unemployed, and single parent households; while cluster 3 was urban,
with high proportions of college degree, and low poverty, nonman-
agerial, and unemployed. These groupings have some similarities to
our Disadvantage and Advantage latent classes. In their model, all of
the SES variables are in a single domain with multiple levels, while we
consider two domains with multiple levels and utilize the association
between these two domains. They also noted higher impact of PM2.5
on cardiovascular outcomes in the lower SES areas. Brochu and
colleagues (49), in a PM10 and PM2.5 model in the Northeastern
United States also found that annual PM was consistently and signif-
icantly higher in census tracts with lower socioeconomic position,
based on cost of living adjusted median household income. In a review
of North American studies of criterion air pollutants and SES (50),
most studies found a similar relationship of higher air pollutants in
areas with lower SES. Some exceptions existed to this general pattern,
for example, in New York City, in a borough-specific analysis, the
Bronx, Staten Island, and areas of Manhattan exhibited an opposite
pattern. In Los Angeles, PM2.5 and O3 levels were similar across SES,
but other pollutants were higher for lower SES.

Previous research has shown that when a latent class level has too
few observations, it is not meaningful to include in the model (51).
Often in latentmodels, the AIC, BIC, and entropy continue to improve
based on increasing the number of latent variable classes and not
necessarily based on better fit. This can be mitigated through cross-
validation (52). In our analysis, each individual latent variable has
sufficient membership in both the high and low levels (illustrated in
Supplementary Fig. S9 of the Supplementary Materials). We did see

Figure 4.

Cancer disparities modeling framework. Ovals represent latent variables, informed by multiple indicators, as in the example shown in Fig. 1. Rectangles represent
available data, used as outcomes or covariates. The dashed arrows demonstrate that race can inform the latent classes across domains, leading to disparities. Race
can also inform the cancer outcome, and the model will estimate the separate effect of race on SES and on other domains from the remaining effect of race
on outcomes.
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sparse membership once we consider the combination of the high and
low levels of SES and pollution. In fact, the probability of assignment to
Level 2 is nonzero, but it is small inmany areas. So, we are not surprised
to see that we do not observe any census tracts assigned to Level 2 in
NC. We anticipate that if the analysis were repeated for a larger
geographic region, we may see a nonzero, but still a small number
of tracts assigned to Level 2. Our earlier work identified a small
proportion of zip codes assigned to the combination of High
Advantage, High Disadvantage (40). We think this particular combi-
nation represents neighborhoods that are in flux, and longitudinally
could represent gentrification or decline.

We recognize that the NATA and area-level SES data used do not
represent actual individual exposures. However, it is recognized that
associations with health outcomes from such area-level measures
can be informative. Widely used for health research including cancer
studies (53–58), theNATAandACSdata are largely useful for large-scale
time trend and spatial analysis and are limited in their usefulness for
analysis on a fine spatial and temporal scale. Thismay bemitigated using
datasets with finer spatial and temporal resolution (e.g., EPA Federal
Reference Method Air Quality Monitors or the Community Multiscale
AirQualityModelingSystem) and/or by interpolating the data to achieve
higher resolutions (59). There is ongoing research to develop causal
models of environmental exposure on health outcomes, and in that
setting, it may be critical to utilize specific exposure data. Future work is

needed to extend such causal models to theMPE and SES framework we
propose for cancer disparities.
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