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Introduction
Cancers constitute approximately 20% of 
disability-adjusted life years (DALYs) caused 
by diseases linked to environmental causes 
(Pugh & Zarus, 2012). In 2022, the Centers 
for Disease Control and Prevention (CDC) 
and the Agency for Toxic Substances and 
Disease Registry (ATSDR) updated the Guide-
lines for Examining Unusual Patterns of Can-

cer and Environmental Concerns (hereafter 
referred to as 2022 Guidelines) to strengthen 
investigations of cancers and environmental 
risk factors (Foster et al., 2022). The 2022 
Guidelines encourage U.S. state, tribal, local, 
and territorial (STLT) health departments 
to proactively monitor cancer registry data 
to measure trends, identify patterns in can-
cer incidence, and collaborate with relevant 

experts to examine potential environmental 
hazards when unusual patterns of cancer 
are detected. Although ad hoc cancer clus-
ter investigations are common, Foster et 
al. report that fewer than one half of STLT 
health departments report that they proac-
tively evaluate geographic areas for elevated 
rates of cancer. Frequently cited barriers 
to proactive investigation by STLT health 
departments include insu�cient sta� time, 
training, access to geospatial software, and 
incomplete or sparse data. Thus, reproduc-
ible methods for evaluating population-level 
associations between cancer incidence and 
common sources of pollution could help 
STLT health departments to proactively iden-
tify areas of concern for further investigation.

Areas contaminated with hazardous waste 
that pose a risk to human and environmental 
health—classified as Superfund sites by the 
U.S. Environmental Protection Agency (U.S. 
EPA, 2011)—can raise community concerns 
about cancer risks. Approximately 73 million 
people lived within 3 mi of a Superfund site 
in 2019, according to estimates by the U.S. 
EPA, representing approximately 22% of the 
U.S. population (O�ce of Land and Emer-
gency Management, 2020).

Environmental contamination from Super-
fund sites has raised important questions 
about what health outcomes might be attrib-
uted to toxic chemical exposure in neighbor-
hoods surrounding the sites. Several studies 
have found associations between residential 
proximity to a particular Superfund site and 
specific cancer types in some population 
groups (Iyer et al., 2016; Press et al., 2016; 
Zhang et al., 2020). Other studies have found 
that communities near Superfund sites expe-
rience an increased risk of noncancer health 
outcomes such as congenital birth defects 
and lower life expectancy (Currie et al., 2011; 
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Kiaghadi et al., 2021). These findings suggest 
that residential proximity to Superfund sites 
broadly can be considered a class of environ-
mental exposure, which can confer risk across 
a range of health outcomes, including cancer.

We aim to demonstrate how publicly avail-
able Superfund site data can be used to aug-
ment traditional cancer surveillance activities 
proposed in the 2022 Guidelines. For this 
demonstration, we leverage data from the 
CDC National Environmental Public Health 
Tracking Network (Tracking Network), a 
centralized data hub that includes county 
and local data on a wide range of key and 
emerging environmental hazards and health 
outcomes, including some cancers associated 
with environmental causes (Balluz, 2014). 
The Tracking Network was created by the 
CDC Environmental Public Health Tracking 
Program (Tracking Program) to bridge the 
gap between environmental data and popu-
lation health and support e�orts to better 
understand possible links between environ-
mental exposures and disease (Balluz, 2014). 
The overall objective of our study was to 
demonstrate replicable methods for analysis 
of proximity-based measures related to envi-
ronmental hazards.

Methods
With data provided by the Tracking Program, 
we analyzed age-adjusted subcounty inci-
dence rates for lung and bronchus cancers 
(hereafter referred to as lung cancers) and 
colorectal cancers between the years 2014 
and 2018. The Tracking Program created 
subcounty areas by spatially aggregating U.S. 
Census tracts within states (excluding areas 
without any residents) into a contiguous area 
with a minimum population of 5,000 (Wer-
ner & Strosnider, 2020). An evaluation of 
the Tracking Program subcounty cancer data 
found that aggregating data across a 5-year 
span allowed for reliable and stable rates 
for several cancer types, including lung and 
colorectal cancers (Ellington et al., 2023).

The Tracking Program cancer incidence 
rates are based on o�cial federal cancer data 
from U.S. Cancer Statistics (USCS), which 
combines cases reported to the National Can-
cer Institute’s Surveillance, Epidemiology and 
End Results Program and the CDC’s National 
Program of Cancer Registries (Centers for 
Disease Control and Prevention [CDC], n.d., 
2025a, 2025b). We limited our analysis to 

colorectal and lung cancer incidence because 
both cancer types were available through the 
Tracking Network and associated with chem-
ical contaminants detected at Superfund sites 
in our study area.

We limited the geographic scope of our 
analysis to the U.S. Census Bureau South 
Atlantic region because subcounty data for 
lung cancer and colorectal cancer were avail-
able for the majority (75%) of states in this 
region, including Florida, Georgia, Mary-
land, North Carolina, Virginia, West Virgin-
ia, and Washington, DC. Moreover, because 
Delaware and South Carolina did not report 
subcounty cancer data, they were excluded 
from our analysis. Tracking Network cancer 
incidence data were suppressed if <16 cases 
were reported or where there were ≤100 per-
sons in the denominator.

Two distinct measures—the proximity of 
residents to Superfund sites with chemical 
risks for colorectal cancer (CRCC) and the 
proximity of residents to Superfund sites with 
chemical risks for lung cancer (CRLC)—
were calculated for each subcounty area fol-
lowing the methodology described in the U.S. 
EPA environmental justice mapping tool, 
EJScreen (U.S. EPA, 2023). These measures 
reflect the population-average proximity to 
nearby Superfund sites, with higher scores in-
dicating that residents live closer to sites. We 
included all current, prior, proposed, and un-
classified sites that were within a 5 km bu�er 
of included states and had at least one con-
taminant that was classified by the U.S. EPA 
as a contaminant of concern and a risk factor 
for colorectal cancer or lung cancer. We re-
tained prior sites in our analysis due to the 
presumption that historic contaminant expo-
sures could impact cancer incidence in later 
years because of extended latency between 
onset and diagnosis for many cancer types 
(Foster et al., 2022; Howard, 2015).

The U.S. EPA classifies chemicals as “con-
taminants of concern” if they pose an unac-
ceptable risk to human or environmental 
health based on concentration, toxicology, 
and potential route of exposure (U.S. EPA, 
2025a). Chemicals were classified as cancer 
risks by cross-referencing U.S. EPA Super-
fund environmental sampling datasets (U.S. 
EPA, 2013, 2025b) with 1) the U.S. EPA Inte-
grated Risk Information System, 2) the World 
Health Organization International Agency for 
Research on Cancer (IARC), and 3) the Na-

tional Toxicology Program Chemical E�ects 
in Biological Systems (International Agency 
for Research on Cancer, 2025; National Toxi-
cology Program, n.d.; U.S. EPA, 2025c). We 
considered chemicals to be a risk for colorec-
tal or lung cancers if the chemical was des-
ignated by one or more of these sources as 
a known human carcinogen associated with 
colorectal, lung, or bronchus tumors, exclud-
ing any chemicals graded as only a possible 
or probable human carcinogen. A complete 
list of all chemicals that were considered a 
risk factor for lung or colorectal cancer is in-
cluded in Supplemental Table 1.

Superfund proximity scores were calcu-
lated by summing the population-weighted 
inverse distances between each block group 
centroid within subcounty areas and all Su-
perfund sites within 5 km (Formula 1) and 
then dividing by the subcounty population. 
For block groups with no Superfund sites 
within 5 km, only the inverse distance be-
tween the centroid and the nearest Superfund 
site was considered. Distances were calculat-
ed using the R packages sf (Version 1.0.12) 
and proxistat (Development Version 1.0.0).

Let Xi = the Superfund proximity score for 
each subcounty area (i),

Xi =
∑n

j=1
  (pj,i ∑

m
k=1   dj,k

1  )

 ∑n
j=1
  pj,i

[1]

where dj,k = the distance between each block 
group (j) centroid and each Superfund site 
location (k), and pj,i is the population of each 
block group (j) in subcounty area (i).

Several additional variables were con-
sidered for inclusion in statistical models. 
We calculated population-weighted average 
prevalence estimates for behavioral risk fac-
tors related to colorectal and lung cancers 
for each subcounty area using CDC PLACES 
data (CDC, 2023) and 2014–2018 American 
Community Survey population estimates. 
CDC PLACES provides model-based U.S. 
Census-tract prevalence estimates based on 
2018 Behavior Risk Factor Surveillance Sys-
tem data, U.S. Census Bureau 2010 popula-
tion estimates, and 2014–2018 American 
Community Survey data (Zhang et al., 2015). 
Based on prior research, we included CDC 
PLACES adult prevalence estimates of obe-
sity, current cigarette smoking, no leisure 
time physical activity (LPA), binge drink-
ing, and colorectal cancer screening among 
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adults ages 50–75 years (Biesalski et al.,
1998; Bretthauer et al., 2022; Liu et al., 2019;
McNabb et al., 2020; Wolin et al., 2009).

To account for the potential confounding
e�ects of social determinants of health (Tran
et al., 2023), we calculated Social Vulnerability
Index (SVI) ranks for subcounty areas follow-
ing the 2018 CDC/ATSDR SVI methodology
(Flanagan et al., 2011). The CDC/ATSDR SVI
is a composite index that ranks each U.S. Cen-
sus tract based on four themes of social vul-
nerability: socioeconomic status, household
composition and disability, minority status
and language, and housing type and transpor-
tation. We calculated both overall and socio-
economic theme ranks for subcounty areas
and categorized ranks into quartiles. Due to
the high correlation between these values, we
included only socioeconomic theme ranks in
multivariable analyses.

We estimated the proportion of the sub-
county population that resided in an urban
area (i.e., percentage of urban-dwelling
individuals) by multiplying block group
2014–2018 American Community Survey
population estimates by the proportion of the
block group land area that overlapped 2010
U.S. Census Bureau urban areas (U.S. Census
Bureau, 2011). Block group urban population
estimates were then summed by subcounty
area, and the sum was divided by the total
subcounty area population.

Statistical Analysis
We calculated frequencies and proportions
of subcounty areas and Superfund sites with
CRCC and CRLC by state (Table 1). We visu-
alized geographic patterns in the correlation
between cancer incidence rates and Super-
fund proximity scores using bivariate cho-
ropleth maps (Figure 1). We classified sub-
county areas with available cancer incidence
data by quartile of proximity to Superfund
sites with CRCC and CRLC and examined the
mean age-adjusted cancer incidence rate and
other covariates across quartiles (Table 2).

We used linear multilevel models to char-
acterize the relationship between subcounty
age-adjusted incident cancer rates and Super-
fund proximity scores, with random e�ects at
the state level to account for the clustering
of subcounty areas within states. Natural log
transformations of dependent variables were
performed to improve normality of residuals,
as evidenced by visual inspection of model

residual Q-Q plots. Regression coe�cients
and confidence intervals (CIs) represent the
relative percent change in the geometric
mean of subcounty area cancer incidence
rates. A p-value of ≤.05 was considered statis-
tically significant.

The final model of log-transformed colorec-
tal cancer incidence rate included Superfund
proximity score, average adult obesity and
binge drinking prevalences, socioeconomic
SVI quartile, and percentage of urban-
dwelling individuals. Average no LPA and
colorectal cancer screening prevalences were

excluded from the adjusted model due to
multicollinearity with obesity prevalence
and socioeconomic SVI scores, respectively.
Multivariable lung cancer incidence models
were adjusted for Superfund proximity score,
average adult cigarette smoking prevalence,
socioeconomic SVI quartile, and percentage
of urban-dwelling individuals. Models were
constructed using the R package lmer4 (Ver-
sion 1.1-35.1).

To evaluate potential bias caused by sup-
pression of cancer incidence rates for some
subcounty areas, we compared mean values

Bivariate Distribution of Colorectal Cancer Incidence Rates and
Proximity to Superfund Sites With Chemical Risks for Colorectal
Cancer (A) and Lung and Bronchus Cancer Incidence Rates and
Proximity to Superfund Sites With Chemical Risks for Lung and
Bronchus Cancer (B) by Subcounty Area, South Atlantic Region,
2014–2018

Note. The Centers for Disease Control and Prevention created standardized subcounty areas by spatially aggregating 
U.S. Census tracts—excluding areas without any resident population—into a contiguous area with a minimum 
population of 5,000 persons (Werner & Strosnider, 2020). The 13 subcounty areas with suppressed cancer incidence 
rates are shown in dark gray. Higher proximity scores indicate increased residential proximity to Superfund sites among 
subcounty residents. Data were not available for South Carolina and Delaware.

FIGURE 1
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Number and Percentage of Subcounty Areas and Superfund Sites With Chemical Risks for Colorectal  
and Lung Cancer in the South Atlantic Region by State

Subcounty Areas *
# (%)

Subcounty Area Population
# (%)

Superfund Sites With CRCC
# (%)

Superfund Sites With CRLC
# (%)

Total subcounty areas 6,311 (100) 57,982,008 (100) 21 (100) 181 (100)

Washington, DC 71 (1.1) 684,498 (1.2) 1 (4.8) 1 (0.6)

Florida 2,161 (34.2) 20,598,139 (35.5) 9 (42.9) 67 (37.0)

Georgia 1,126 (17.8) 10,297,484 (17.8) 0 (0) 17 (9.4)

Maryland 684 (10.8) 6,003,435 (10.4) 0 (0) 18 (9.9)

North Carolina 1,122 (17.8) 10,155,624 (17.5) 7 (33.3) 32 (17.7)

Virginia 937 (14.9) 8,413,774 (14.5) 2 (9.5) 31 (17.1)

West Virginia 210 (3.3) 1,829,054 (3.2) 1 (4.8) 7 (3.9)

Neighboring state ** N/A N/A 1 (4.8) 8 (4.4)

* Excludes 91 subcounty areas in the South Atlantic region that had no resident population.

** Superfund sites in states that neighbored one or more of the included states contributed to the calculation of Superfund proximity if they were within 5 km of the shared border.

Note. Percentages might not add up to 100 due to rounding. The Centers for Disease Control and Prevention created standardized subcounty areas by spatially aggregating U.S. Census 
tracts—excluding those areas without any resident population—into a contiguous area with a minimum population of 5,000 persons (Werner & Strosnider, 2020). CRCC = chemical risks 
for colorectal cancer; CRLC = chemical risks for lung cancer; N/A = not applicable.

Summary Statistics of Cancer Incidence Rates and Covariates by Proximity Score Quartiles Among
Subcounty Areas With Available Cancer Incidence Data, South Atlantic Region, 2014–2018

Summary Statistic Proximity to Superfund Sites With CRCC Score
(n = 3,749)

Proximity to Superfund Sites With CRLC Score
(n = 5,022)

Quartile 1 Quartile 2 Quartile 3 Quartile 4 Quartile 1 Quartile 2 Quartile 3 Quartile 4

Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD)

Colorectal cancer incidence rate 49.5 (14.6) 48.3 (15.2) 47.4 (14.0) 49.5 (15.8) – – – –

Lung and bronchus cancer incidence rate – – – – 78.4 (24.1) 78.5 (26.1) 73.8 (26.5) 74.4 (27.0)

SVI score 0.57 (0.27) 0.49 (0.28) 0.49 (0.28) 0.57 (0.29) 0.54 (0.28) 0.52 (0.27) 0.44 (0.27) 0.60 (0.28)

SVI socioeconomic status theme score 0.59 (0.27) 0.51 (0.27) 0.49 (0.27) 0.53 (0.29) 0.56 (0.28) 0.54 (0.27) 0.43 (0.27) 0.57 (0.28)

Binge drinking (adults ≥18 years) 15.5 (2.6) 15.6 (2.3) 16.1 (2.5) 16.2 (2.6) 15.6 (2.5) 15.8 (2.4) 16.6 (2.6) 16.2 (2.4)

Current cigarette smoking  
(adults ≥18 years)

20.9 (4.7) 19.0 (4.8) 18.8 (4.9) 17.1 (4.8) 19.7 (5.0) 20.1 (4.8) 17.6 (4.8) 19.0 (4.6)

Obesity (adults ≥18 years) 34.4 (5.4) 32.9 (5.6) 32.1 (4.8) 31.1 (5.1) 33.1 (6.1) 33.4 (4.7) 31.7 (5.0) 33.1 (5.3)

No leisure-time physical activity  
(adults ≥18 years)

28.3 (5.5) 26.5 (5.7) 26.0 (5.3) 26.5 (6.8) 27.2 (5.9) 26.8 (5.4) 24.6 (5.4) 27.6 (6.4)

Colorectal cancer screening (adults 
50–75 years)

63.7 (5.2) 64.9 (4.6) 65.2 (4.7) 63.8 (6.0) 63.9 (46.8) 58.8 (46.9) 85.7 (32.4) 94.2 (21.9)

Percentage of urban-dwelling population 53.0 (47.9) 73.7 (42.0) 80.7 (37.4) 95.0 (20.3) 62.9 (46.8) 58.8 (46.9) 85.7 (32.4) 94.2 (21.9)

Note. Subcounty areas were grouped into quartiles based on their proximity to Superfund sites with CRCC and CRLC with the first quartile including subcounty areas with residents living 
furthest from Superfund sites and the fourth quartile including subcounty areas with residents living nearest to Superfund sites. Subcounty areas with suppressed cancer incidence data 
were excluded from calculations. The Centers for Disease Control and Prevention created standardized subcounty areas by spatially aggregating U.S. Census tracts—excluding areas 
without any resident population—into a contiguous area with a minimum population of 5,000 persons (Werner & Strosnider, 2020). CRCC = chemical risks for colorectal cancer; CRLC = 
chemical risks for lung cancer; SVI = Social Vulnerability Index.

TABLE 1

TABLE 2
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of all covariates in subcounty areas with sup-
pressed data to those with available data. Mean
di�erences were tested using a two-sided Stu-
dent’s t-test (Supplemental Table 2). All analy-
ses were completed using R (Version 4.3.1).

Results
A total of 6,311 subcounty areas contained
or within 5 km of 258 Superfund sites were
included in the analysis. CRLC were clas-
sified as contaminants of concern at 181
sites (70.2%) and CRCC were classified as
contaminants of concern at 21 sites (8.1%)
(Table 1). The most common types of chemi-

cal contaminants linked to lung cancer were
arsenic (126 sites), benzene (107 sites), and
cadmium (106 sites). The most common
types of chemical contaminants linked to
colorectal cancer were bromodichlorometh-
ane (19 sites) and bromoform (7 sites) (Sup-
plemental Table 1).

Bivariate maps illustrated areas with both
high colorectal cancer incidence rates and
high proximity to Superfund sites with CRCC
in Northwest Georgia, Western North Caro-
lina, and Central and Southeast Florida (Fig-
ure 1). Areas of high rates of lung cancer and
proximity to Superfund sites with CRLC did

not appear to cluster within regions but were
dispersed throughout the region.

Age-adjusted colorectal cancer incidence
rates were available for 3,749 (59.4%) sub-
county areas, and age-adjusted lung cancer
rates were available for 5,022 (79.6%) sub-
county areas. Mean age-adjusted colorectal
cancer rates were similar across quartiles of
proximity to Superfund sites with CRCC,
whereas mean age-adjusted lung cancer
rates were lowest among subcounty areas in
the third and fourth quartiles of proximity to
Superfund sites with CRLC (Table 2). Mean
overall and socioeconomic SVI scores were

Linear Multilevel Model for the Association Between Proximity to Superfund Sites and Age-Adjusted
Colorectal and Lung Cancer Incidence Rates Among Subcounty Areas, South Atlantic Region, 2014–2018

Univariate Model Fully Adjusted Model

Estimate (95% CI) p-Value Estimate (95% CI) p-Value

Colorectal cancer incidence rate model (n = 3,749)

Proximity to Superfund sites with CRCC 35.7 [19.8, 53.8] <.001 29.2 [15.0, 45.2] <.001

Obesity prevalence in adults ≥18 years 1.8 [1.5, 2.0] <.001

Binge drinking prevalence in adults ≥18 years 4.1 [3.7, 4.5] <.001

SVI socioeconomic status quartile (Reference: Quartile 1)

Quartile 2 4.5 [1.9, 7.3] .001

Quartile 3 6.3 [3.3, 9.5] <.001

Quartile 4 8.9 [5.1, 12.8] <.001

Percentage of urban-dwelling population 4.0 [1.6, 6.4] .001

ICC 0.34 0.42

AIC 1,148.7 570.0

BIC 1,173.6 632.3

Lung cancer incidence rate model (n = 5,022)

Proximity to Superfund sites with CRLC -1.7 [-2.4, 5.9] .42 -1.9 [-5.3, 1.6] .28

Smoking prevalence in adults ≥18 years 5.2 [4.9, 5.5] <.001

SVI socioeconomic status quartile (Reference: Quartile 1)

Quartile 2 -2.8 [-5.1, -0.5] .02

Quartile 3 -8.8 [-11.3, -6.3] <.001

Quartile 4 -21.8 [-24.4, -19.1] <.001

Percentage of urban-dwelling population 12.1 [9.8, 14.5] <.001

ICC 0.41 0.47

AIC 2,619.0 1,022.6

BIC 2,645.1 1,081.3

Note. Estimates represent the expected percent difference in the age-adjusted colorectal cancer rate for a 1-unit increase in the covariate. Models include a random intercept for state. 
The Centers for Disease Control and Prevention created standardized subcounty areas by spatially aggregating U.S. Census tracts—excluding areas without any resident population—into 
a contiguous area with a minimum population of 5,000 persons (Werner & Strosnider, 2020). AIC = Akaike information criterion; BIC = Bayesian information criterion; CI = confidence 
interval; CRCC = chemical risks for colorectal cancer; CRLC = chemical risks for lung cancer; ICC = interclass correlation; SVI = Social Vulnerability Index.

TABLE 3
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lowest in the third quartile of proximity to 
Superfund sites with CRCC (0.49 and 0.49, 
respectively) and CRLC (0.44 and 0.43, re-
spectively). The mean prevalence of binge 
drinking increased slightly with increas-
ing quartile of proximity to Superfund sites 
with CRCC, whereas the mean prevalence 
of current cigarette smoking and obesity 
decreased slightly with increasing quartile 
of proximity. There were large increases in 
the percentage of urban-dwelling individu-
als with increasing quartiles of proximity to 
Superfund sites with both CRCC and CRLC. 
The mean percentage of urban-dwelling in-
dividuals was 42.0% and 31.3% higher in 
the fourth quartiles than in the first quartiles 
of proximity to Superfund sites with CRCC 
and CRLC, respectively.

Regression models showed a significant 
univariate association between Superfund site 
proximity and subcounty colorectal cancer 
incidence rates (35.7% increase in incidence 
rate for each 1-unit increase in Superfund 
proximity score, 95% CI [19.8, 53.8]) but 
not between Superfund site proximity and 
subcounty lung cancer incidence rates (1.7% 
decrease in incidence rate for each 1-unit in-
crease in Superfund proximity score, 95% CI 
[-2.4, 5.9]) (Table 3).

In the final adjusted model for colorectal 
cancer incidence, a 1-unit increase in Super-
fund proximity score was associated with a 
29.2% increase (95% CI [15.0, 45.2]) in the 
incidence rate after adjusting for adult obesity 
prevalence, adult binge drinking prevalence, 
socioeconomic SVI score quartile, and per-
centage of urban-dwelling individuals. In the 
final adjusted model for lung cancer incidence, 
Superfund site proximity score had a negative, 
but not statistically significant, association 
with subcounty lung cancer incidence rates 
(1.9% relative decrease, 95% CI [-5.3, 1.6]).

A comparison of subcounty areas with 
and without cancer incidence revealed that 
proximity to Superfund sites did not di�er by 
suppression; however, overall SVI scores, so-
cioeconomic SVI scores, average prevalence 
of current cigarette smoking, obesity, and no 
LPA were significantly lower in subcounty 
areas with suppressed data (Supplemental 
Table 2). The average prevalence of binge 
drinking and percentage of urban-dwelling 
individuals were significantly higher among 
subcounty areas with suppressed colorectal 
and lung cancer incidence rates.

Discussion
Our analysis presents methods for evaluating 
associations between residential proximity to 
Superfund sites and subcounty-level cancer 
incidence rates in the South Atlantic region 
using publicly available data provided by the 
Tracking Network and U.S. EPA. We found 
that subcounty age-adjusted colorectal can-
cer rates increased with increasing Superfund 
proximity score after accounting for potential 
confounders; however, we did not observe a 
significant association between Superfund 
site proximity and age-adjusted lung cancer 
incidence rates.

Although the methods outlined in our 
analysis cannot be used to determine a causal 
link between Superfund proximity and sub-
county cancer incidence, our results can 
inform further explorations of cancer risk 
factors that a�ect communities near Super-
fund sites. Our observation of a statistical as-
sociation between Superfund proximity and 
subcounty colorectal cancer incidence rates 
highlights the importance of considering po-
tential geospatial relationships in cancer in-
vestigations. Although the level of inference 
of our analysis is restricted to population 
groups, our findings suggest that research in-
volving individuals should also examine the 
role of environmental exposures in the risk 
of developing colorectal cancer.

The methods we present in this article could 
be adapted to explore geospatial relationships 
across other geographic regions and admin-
istrative levels (e.g., STLT health department 
jurisdictions) or to explore geospatial rela-
tionships with other types of environmen-
tal hazards. Although we elected to focus on 
proximity to Superfund sites, researchers 
could apply these methods to other sources 
of environmental contamination associated 
with higher cancer incidence (Fortunato et al., 
2011; Howarth & Eiser, 2023). Additionally, 
these methods could be further enhanced by 
applying them to smaller geographic units of 
analysis, where available, to reduce the poten-
tial for ecological bias (Tuson et al., 2019). We 
elected to use subcounty data for this analysis 
because the data provided the highest avail-
able resolution for publicly accessible cancer 
incidence data across states in the South At-
lantic region. Although subcounty areal units 
allow for more precise classification of expo-
sures and outcomes than counties or states, 
they still could be subject to ecological bias 

resulting from arbitrary aggregation along U.S. 
Census-tract boundaries. Therefore, STLT 
health departments that have access to cancer 
incidence data for smaller geographic units 
could reduce the potential for bias by apply-
ing the described methods to the smallest geo-
graphic unit available.

Our methods have several limitations to 
consider. First, we used a singular measure of 
exposure (i.e., proximity to Superfund sites) 
to ascribe risk to subcounty populations, al-
though the exposure risk could vary depending 
on the types of chemical contaminants present, 
the type of media (e.g., soil, water, air) con-
taminated, and the extent to which contami-
nants a�ect exposure pathways. Public data on 
Superfund site contaminants do not contain 
enough information to accurately characterize 
exposure pathways for the population resid-
ing near the site, and the detection of chemi-
cal contaminants alone does not confirm that 
any individuals were exposed. The duration of 
potential exposures within communities might 
also vary. Although U.S. EPA provides histori-
cal site assessment and response information, 
it is not possible to create an accurate timeline 
for each site due to the lack of uniform data 
on when contamination first occurred. Con-
tamination might be present for years before 
discovery, leading to uncertainty about the du-
ration of exposure. Further, characterization 
of exposure duration is constrained by lack of 
information about residential history.

For example, the population living near 
a Superfund site might include individuals 
who have recently arrived or exclude individ-
uals who have recently moved away. Due to 
the long latency period for some types of can-
cer, consideration of both site and residential 
histories is necessary to accurately ascertain 
exposure status. Investigations into the rela-
tionship between specific Superfund sites and 
cancer incidence can be strengthened by con-
sidering the duration and concentration of 
contaminants in the exposure pathways most 
likely to a�ect cancer risk.

Second, additional unmeasured, individual-
level factors such as usual water sources and 
contemporaneous exposures could confound 
or interact with the relationship between prox-
imity to Superfund sites and cancer incidence. 
For example, long-term air pollution levels; 
occupational exposures to asbestos, silica, 
metals, and polycyclic aromatic hydrocarbons; 
dietary habits; genetic risk factors; and ion-
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izing radiation exposure are important con-
tributors to lung cancer risk (Malhotra et al., 
2016); however, we were not able to control 
for these factors due to the unavailability of 
reliable data at the subcounty level. Although 
our analysis controlled for the prevalence of 
important colorectal and lung cancer risk fac-
tors (e.g., obesity, smoking prevalence) in the 
subcounty population, residual confounding 
factors might remain because we were un-
able to control for joint covariate distributions 
(Greenland & Robins, 1994).

Third, suppression of cancer incidence 
data for subcounty areas with a low number 
of cases could have influenced our findings, 
particularly for our analysis of colorectal can-
cer incidence rates, which were suppressed in 
approximately 40% of subcounty areas. We at-
tempted to minimize information bias by con-
trolling for factors that varied by data availabil-
ity in statistical models; however, the extent to 
which this action controls for selection bias 
depends on identification of relevant variables, 
accuracy of measurement, complexity of selec-
tion mechanism, and unobserved confounders 
(Hernán & Robins, 2020).

Despite these limitations, our study pro-
vides a replicable method for analyzing the 
distribution of environmental hazards and 
health outcomes across populations using 
widely available public data. These methods 
can be used to support proactive monitoring 
of cancer patterns or as an initial step in the 
cancer investigation process.

Conclusion
Among subcounty areas in the South Atlantic 
region, we observed higher rates of colorectal 
cancer incidence with increasing residential 
proximity to Superfund sites that had prior 
contamination with chemicals known to 
increase the risk for colorectal cancer, but 
we did not find an association between lung 
cancer incidence and residential proximity to 
Superfund sites. The methods described in 
our study can be adapted to reflect the unique 
environmental and health concerns of local 
communities. These analyses demonstrate 
how public data on environmental hazards 
and population demographics can be lever-
aged to strengthen core cancer monitoring 
and evaluation activities. 
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