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ABSTRACT
Superfund sites are geographic locations selected by the U.S. Environmental Protection Agency as having
extreme toxic chemical spills. In this article, we address three main research questions: (1) Are there
geographical areas where the number (or density) of Superfund sites is significantly higher than in the rest
of the USA? (2) Is there an association between cancer incidence and the number (or density) of Superfund
sites? (3) Do counties with Superfund sites have higher proportions of minority populations than the
rest of the USA? We study the geographic distribution of the overall cancer incidence rate (2007–2011) in
addition to the geographic variation of Superfund sites for 2013. We used the disease surveillance software
package SaTScan with its scan statistic to identify locations and relative risks of spatial clusters in cancer
rates and in Superfund site count and density. We also used the surveillance software FlexScan to support
and complement the results obtained with SaTScan. We find that geographic areas with Superfund sites
tend to have elevated cancer risk, and also elevated proportions of minority populations.

1. Introduction

Chemical spills can cause severe environmental and health
problems (Kearney 2008; Russi, Borak, and Cullen 2008;
Goodman, Hudson, and Monteiro 2010; Boberg, Lessner, and
Carpenter 2011; Lu, Lessner, and Carpenter 2014; EPA April
2015). The Environmental Protection Agency (EPA) has a
special program to address the clean-up of some of the most
problematic spill sites in the country. Hazardous waste sites
that meet certain criteria are designated as Superfund sites
and are placed on the National Priorities List (NPL), which
is a list of sites eligible for long-term cleanup. Some common
contaminants found at Superfund sites include arsenic, lead,
mercury, and polychlorinated biphenyls (PCB, EPAApril 2015).
These toxins, along with others, can seep into surface water,
groundwater, soil, air, and even buildings. One study found
associations between excess cancer deaths from 1970–1979 and
hazardous waste site locations that contaminated the drink-
ing water (Griffith et al. 1989). The same study also found a
cluster of elevated rates of gastrointestinal cancers in counties
located in EPA Region 3 (Delaware, Maryland, Pennsylvania,
Virginia, and West Virginia), a region with many Superfund
sites.

There have been several environmental justice studies
conducted to determine which segments of the population
are most adversely affected by Superfund sites (Boer et al.
1997; Stretesky and Hogan 1998; Burwell-Naney et al. 2013).
Most research suggests that non-white populations as well
as Hispanic populations are more likely to live near Super-
fund sites. The same studies also found that areas with higher
levels of poverty and lower levels of education may also be
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impacted. However, race and ethnicity seem to play a larger role
than poverty and education (Boer et al. 1997; Burwell-Naney
et al. 2013). Recently, potential associations between Super-
fund locations in Florida and cancer incidence were studied
(Kirpich and Leary 2016), but there is no published study
on clusters of superfund sites covering the entire contiguous
USA. This study uses modern disease surveillance software
packages to identify clusters of counties with Superfund sites
and with associated cancer rates in the contiguous USA. A
map of EPA NPL sites in the United States can be found at
https://epa.maps.arcgis.com/apps/webappviewer/index.html?id=
33cebcdfdd1b4c3a8b51d416956c41f1 where yellow marks stand
for current NPL sites, while green and red marks stand for
deleted NPL sites and proposed NPL sites, respectively.

1.1. Statement of Problem

This article studies the (not necessarily causal) association
between the location of Superfund sites and the corresponding
cancer rates in all 48 contiguous states in the USA. A limitation
of this study is that the results do not take into account that some
people in some countiesmay havemoved to/fromother counties
during or before the years covered in this project. It should also
be noted that lifestyle (such as smoking and physical activity)
may impact cancer rates, and such factors have not been directly
included in this study. The National Cancer Institute states that
the NCI conducts and funds research to “identify and evaluate a
range of exposures and risk factors that may be associated with
cancer.” This includes among several factors “diet and nutrition,
tobacco use, alcohol use, energy balance, physical activity, and

© Raid Amin, Arlene Nelson and Shannon McDougall
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/./), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work is properly cited. The moral rights of the named author(s) have been asserted.
Published with license by American Statistical Association

https://doi.org/10.1080/2330443X.2017.1408439
https://crossmark.crossref.org/dialog/?doi=10.1080/2330443X.2017.1408439&domain=pdf&date_stamp=2018-01-25
mailto:ramin@uwf.edu 
https://epa.maps.arcgis.com/apps/webappviewer/index.html?id=33cebcdfdd1b4c3a8b51d416956c41f1
http://creativecommons.org/licenses/by/4.0/


2 R. AMIN ET AL.

obesity” in addition to “air pollutants, water pollutants, and
chemicals” (NIH National Cancer Institute October 2017).

The EPA defines Environmental Justice as “the fair treatment
and meaningful involvement of all people regardless of race,
color, national origin, or income, with respect to the develop-
ment, implementation, and enforcement of environmental laws,
regulations, and policies” (EPA October 2017). Ash and Fetter
(2004) studied the social and economic factors as they correlate
with air pollution exposure. They concluded that “blacks tend
to live both in more polluted cities in the U.S. and in more
polluted neighborhoods within cities. Hispanics live in less
polluted cities on average, but they live in more polluted areas
within cities” (Ash and Fetter 2004). Anderton et al. (1994)
stated that “facilities for treatment, storage, and disposal of haz-
ardous wastes are located disproportionately in minority areas.
This study also addresses the question of whether minorities
disproportionately live in polluted areas, but more specifically,
whether they live in counties containing Superfund sites.

Specifically, we aim to answer the following questions:
1. Are there geographical areas where the number (or den-

sity) of Superfund sites is significantly higher than in the
rest of the contiguous USA?

2. Is there an association between the number (or density)
of Superfund sites and corresponding cancer rates?

3. Are counties with Superfund sites more likely to have
higher rates of minority populations than the rest of the
contiguous USA?

It is important for county, state, and even the national levels
of government to be aware of potential health threats to people
who live near Superfund sites. Counties may need additional
resources to ensure they can protect their residents from haz-
ards associated with pollution. Furthermore, people have an
implicit right to know whether their cancer risk is elevated
due to environmental factors. If local governments know that
a particular site is associated with increased cancer risk, then
steps to remediate the site should be prioritized.

1.2. Data

The datasets for this study were obtained from (i) the Envi-
ronmental Protection Agency (EPA) (EPA April 2015), (ii) the
National Cancer Institute (NCI) (Center for Disease Control:
National Cancer Institute December 2016), (iii) the Center for
Disease Control (CDC)/Surveillance, Epidemiology, and End
Results (SEER) Program (Surveillance, Epidemiology, and End
Results (SEER) Program December 2014), (iv) and the United
States Census Bureau (U.S. Census Bureau December 2016a),
(U.S. Census Bureau December 2016b), (U.S. Census Bureau
December 2016c), (U.S. Census Bureau December 2016d). The
Superfund site information was downloaded from the EPA’s
CERCLIS database in December 2014. The data were current
from the EPA as of November 2013, and included 1699 sites in
the 48 contiguous states. We included all hazardous waste sites
that were proposed to be included on the NPL, included on the
NPL, or declared by the EPA as “deleted” from the NPL.

Cancer incidence data for the 5-year period of 2007–2011
were reported as an average incidence count and age-adjusted
rate per year (Center for Disease Control: National Cancer Insti-
tute December 2016). Kansas, Minnesota, and Nevada did not

report cancer incidence rates by county to the NCI. Therefore,
the counties in these three states were not included in any anal-
ysis which included cancer incidence rates. In addition, the NCI
did not report cancer incidence rates for 12 counties with small
populations because these counties had less than 16 occurrences
of cancer over the 5-year period, which is a set rule used by NCI
for suppression of data to protect privacy. Counts for these coun-
ties were estimated using the overall state incidence rate and
using a maximum of three occurrences per year. Cancer data
were gathered for all types of cancer, all age groupings, and all
races and ethnicities.

Data for high school drop-out rates and poverty rates are
available for census years only. In order to obtain data for years
2007–2011, we used linear interpolation for the data between
2000 and 2010 to estimate values for 2009, which is the mid-
point of the analysis period. County areas were obtained from
the Census Bureau, as were county centroid coordinates and
county adjacency information. The county size was used to cal-
culate Superfund density, which we defined as the number of
Superfund sites per 1000 km2 in a county.

1.3. Limitations

Our study aggregated all data at the county level. Since not all
Superfund sites affect large areas, some localized effects will not
be found using data at this scale. Census tract or zip code tab-
ulation area data may be more effective in finding impacts at a
smaller geographic level.

The cancer information from the NCI was reported as an
average of 5 years of counts. While this should work well for
review, it is possible that 1 year may have had an unusually high
or low rate for one particular county. Such spikes will not be
apparent in this data. Furthermore, theNCI states in its data files
that the individual state cancer registries may have more local
or current data (Center for Disease Control: National Cancer
Institute December 2016). Since gathering data from each state
would have been a formidable task, we accept the limitation that
our results are only as accurate as the data held by the NCI.

2. Methods

2.1. Spatial Analysis

We used two spatial analysis tools, SaTScanTM v9.4.2 and FlexS-
can v3.1.2. SaTScanTM is a disease surveillance software for
spatial and temporal analysis, developed by Martin Kulldorff,
and it is widely used to study disease epidemics (Kulldorff,
2015). SaTScanTM is able to handle many different models,
including the Poisson, Bernoulli, and Normal. The spatial
analysis in SaTScanTM allows the use of circular or elliptical
windows with its scan statistics (Kulldorff 2007). We chose
for SaTScan to use circular windows. For each location being
analyzed, the software scans circular windows ranging in size
from one county to the upper limit defined by the user, noting
the number of observed cases and the expected observations
inside each window at each location. The “most likely cluster”
is defined as the cluster with the maximum likelihood, and it is
the identified cluster that is least likely to be due to chance. In



STATISTICS AND PUBLIC POLICY 3

the Poisson model, the likelihood function is proportional to
(n
E

)n
(
N − n
N − E

)N−n

I(n > E),

where n is the number of counts within the scan window, N is
the total number of counts in the contiguous USA, and E is the
expected number of counts under the null hypothesis of equal
risk (of cancer) for all counties within the scan window. In the
normal distribution model with SaTScan, the likelihood under
the null hypothesis is given by

L0 = �
i

e
(x j−μ)2

2σ2

σ
√
2π

,

whereμ = X/N andσ 2 = ∑N
i=1 (μ − x j)

2/N are themaximum
likelihood estimates of the mean and variance, respectively. X is
the sum of the observed continuous values x j. Each continuous
observation is at a spatial location with latitude and longitude
coordinates. The log likelihood is used to calculate the maxi-
mum likelihood estimators for the mean inside the scan circle
and the mean outside the circle (Kulldorff 2007, 2015). Detailed
information on the normal model is at www.satscan.org.

The software FlexScan uses a flexible spatial scan statistic
developed by Kunihiko Takahashi and Toshiro Tango, which
finds smoothly shaped clusters, rather than only circular or ellip-
tical clusters, by examining geographical areas adjacent to each
other (Tango and Takahaski 2012). Unlike SaTScanTM, FlexS-
can is limited to spatial analysis only (i.e., not temporal) and it
does not allow for a cluster analysis when the response variable
is continuous (Takahashi, Yokoyama, and Tango 2015).

We propose a Superfund density metric as the ratio of the
number of superfund sites per county to the area of the county.
This metric is continuous in nature, so we used the normal
model in SaTScanTM to search for clusters of high Superfund
density. The normal probability model in SaTScanTM has a null
hypothesis that all observations come from the same cluster,
while the alternative hypothesis states that at least one cluster
has a higher or lower mean than the area outside the cluster.
Clusters are identified by examining the likelihood value for
each of many overlapping circles (Kulldorff, Huang, and Konty
2009). Superfund density is available for all 3109 counties in
the 48 contiguous states. The Superfund density was first nor-
malized to a standard normal distribution in SAS v9.4. We then
ran SaTScanTM using a case file containing the county code and
Superfund density for each county. The location file was a file of
county codes and the coordinates of the county centroids. We
used a purely spatial analysis which identified circular-shaped
clusters, using a maximum cluster size of 5% of the population.
This maximum size imposed an upper limit on cluster size.

We examined cancer incidence data using a Poisson regres-
sion in SAS v9.4 to age-adjust the raw cancer counts. We then
ran the Poisson model in FlexScan using both the restricted
likelihood ratio and the flexible scan statistic. We used alpha =
0.2 for the restricted likelihood ratio and 15 for the maximum
cluster size, which are both defaults in the software. The analysis
for cancer incidence clusters was run for 2900 counties because
cancer incidence rates were not available for three states. We
adjusted the FlexScan county adjacency file to remove all ref-
erences to counties in these three states so the cluster analysis

would run correctly. The software treated the missing states in
the same way it would treat any other separation between coun-
ties, such as a large lake. To examine the effects of the Superfund
density on cancer incidence rates, we ran another Poisson
regression adding Superfund density to the model. As before,
we ran the Poisson model in FlexScan for the cluster analysis.

2.2. Other Statistical Tests

We used the Jonckheere-Terpstra (JT) test (Jonckheere 1954) in
SAS to study the relationship between the number of Superfund
sites in a county and the cancer incidence rate of that county.
The JT test is a nonparametric test for ordered differences among
groups. We used this test to test the following hypothesis:

H0 : μ1 = μ2 = · · · = μk against the alternative H1 : μ1 ≤
μ2 ≤ · · · ≤ μk where at least one population median is strictly
less than at least one other population median.

J =
∑

Uab − N2−∑k
j=1 n

2
j

4√
N2(2N + 3) − ∑n

j=1 n2j (2nj + 3)/72
,

where Uab is the number of observations in group b that are
greater than each observation in group a, N is the total sample
size, N = ∑k

j=1 nj, and where njis the number of observations
in sample j. The J values are compared with values from a stan-
dard normal distribution.

Superfund sites were measured by placing each county into
one of five categories. Category one contained counties without
any Superfund sites, categories two, three, and four contained
counties with one, two, and three Superfund sites, respectively,
while category five contained counties with at least four Super-
fund sites. Twenty-two counties had 10 ormore Superfund sites.
The cancer incidence rates were then compared across the five
categories. The JT test addresses the question whether cancer
rates increase on average as the number of superfund sites per
county increases.

To determine the relative effects of several demographic
variables on the make-up of a county containing a Superfund
site, a stepwise logistic regression was run in SAS v9.4. Of the
2900 counties with available data on cancer incidence rates,
710 contained at least one Superfund site. Counties with a
Superfund site were assigned a value of 1, and those without a
Superfund site were assigned a zero. The logistic regression was
then run to determine the likelihood of a county containing a
Superfund site based on the percentage of people in poverty, the
percentage of African Americans, the percentage of Hispanics,
the percentage of high school drop-outs, the cancer incidence
rate, and the percentage of males in the county.

2.3. Assessing the Sites for Inclusion on the National
Priorities List

The EPA has set criteria for determining whether an uncon-
trolled waste site is included in the National Priorities List
(NPL). After a preliminary assessment and site inspection, a
Hazard Ranking System (HRS) is used for assigning a score, and
if a site gets an HRS score of 28.50 or greater, it is considered
for inclusion in the NPL. The EPA states that the information

http://www.satscan.org
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used to assign HRS scores is not sufficient to determine the
extent of contamination for a waste site. The EPA identifies
four exposure pathways on which scores could be obtained
(Gamper-Rabindran, Shanti, and Christopher 2017).

(i) groundwater migration pathway (SGW),
(ii) surface water migration pathway (SSW),
(iii) soil exposure pathway (SS), and
(iv) air migration pathway (SA).
If data are available on each of the four pathways, the HRS

score is obtained as the root mean square average of the four
pathway scores:

S =
√(

S2GW + S2SW + S2S + S2A
)

4
.

The groundwater migration pathway score is obtained for
each aquifer at the site, and the highest score is used in the
calculation of SGW. As for the surface water migration pathway,
the overland flow and the release caused by flooding is used in
calculating SSW in addition to other input values. The soil expo-
sure pathway is measured by SS, and it is based on the exposure
of the populations near that location. The air migration pathway
score SA is measured from the exposure to chemical releases
and particulate releases to the air that the population is exposed
to within one mile from the site.

Often the EPA cannot obtain all four pathways scores due to
cost issues. In order to be cost-effective, the EPA does not collect
additional data to score each pathway. Instead, many sites are
scored on only a single pathway. The HRS score in some cases
simply reflects the number of pathways scored and the amount
of data collected rather than being a measure of the severity of
a chemical spill, even though higher HRS scores reflect higher
degrees of threat when data are obtained on all four pathways.
The EPA sometimes identifies sites with HRS scores exceeding
28.5 but instead of listing them on the NPL, defers them to other
state programs. More sites are deferred to state programs than
are listed on the NPL (Gamper-Rabindran, Shanti, and Christo-
pher 2017).

In addition to using the HRS scoring system, the EPA also
allows each state to designate a State Top Priority designation
based on the CDC’s Agency for Toxic Substances and Disease
Registry (ATSDR) health advisory criteria. Only one site may be
listed by each state as its top priority on the NPL, regardless of
its HRS score. There are currently 41 states that have used their
top toxic picks. The EPA has listed 14 sites based on ATSDR
health advisory criteria regardless of the corresponding HRS
score (Gamper-Rabindran, Shanti, and Christopher 2017). It
should be noted that the HRS score is used only as a screening
tool, so once a decision has been made regarding listing on the
NPL (or not), such a decision will not change. It is not advisable
to simply sum up HRS scores within each county that contains
multiple superfund sites since not all pathways for all sites are
scored, and the resulting total HRS score may be meaningless.
Also, the age of a chemical spill may differ considerably from
its year of designation on the NPL, and it is often unclear
when a specific chemical spill may have occurred. While in
cancer studies the latency and duration of exposures can impact
observed cancer rates, the HRS does not consider such latency
or any other epidemiological information beyond toxicity of the

carcinogenic chemicals and potential exposure by individuals
(Currie, Greenstone, and Moretti 2011).

3. Results

3.1. SuperfundDensity

Since Superfund density is a continuous variable, the normal
model in SaTScan was used. SaTScan found one significant
cluster (with p < 0.05) of high Superfund density in parts of
Delaware, New Jersey, New York, and Pennsylvania. There was
also a secondary cluster in Virginia. This cluster is not signifi-
cant (p = 0.069), but since its mean Superfund density value is
very high, it is an area that should also be monitored. The map
in Figure 1 shows both the significant cluster in yellow, and the
secondary cluster in red. The details of the clusters can be found
in Table 1. The significant cluster has a low poverty rate (11.37%)
compared to the poverty rate in the contiguous USA (16.21%),
but its rate of African Americans is quite high (17.77%) relative
to the corresponding rate in the contiguous USA (9.52%). The
secondary cluster has a poverty rate that is similar to the poverty
rate in the contiguous USA, but it has a very high rate of African
Americans (49.87%).

3.2. Cancer Incidence and Superfund Sites

To investigate the link between cancer incidence and Superfund
sites, we first performed a cluster analysis to identify the areas
with higher than expected cancer incidences. We ran a Poisson
regression to age adjust the raw cancer incidence counts. This
adjustment removed the effects of age from each county’s can-
cer incidence count, and we used these results in a geographical
cluster analysis to find areas where cancer incidence rates are
significantly higher than expected. The results from our Poisson
model with the restricted likelihood ratio run in FlexScan can
be seen in Figure 2. The map shows all geographical clusters of
increased cancer incidence. It must be noted that Union County,
Florida has a large prison hospital population which could cause
it to show up as an outlier. The inmate population of the hospital
is not counted in the Union County population at risk, but the
cases diagnosed at the hospital are counted in the Union County
cancer incidence (Ren, Lim, and Hylton 2012).

The most likely cancer incidence cluster is the cluster with
the highest likelihood ratio. It contains counties in Delaware,
New Jersey, and Pennsylvania and has a relative risk of 1.17. This
means the population within the cluster has a 17% higher risk
of cancer than the rest of the U.S. Many of the counties in the
most likely cluster are also found in the statistically significant
cluster of increased Superfund density. Five of the clusters with
the highest cancer incidence rates contained no Superfund sites
at all, while the two clusters with the highest likelihood ratios
contained significant numbers of Superfund sites. The details of
the 10 cancer incidence clusters with the highest relative risk are
given in Table 2.

Next, we adjusted the cancer incidence counts by both age
and Superfund density and ran a second cluster analysis in
FlexScan. Such an adjustment removes from cancer counts
effects due to age or due to differences in the number of Super-
fund sites in the counties. The map shown in Figure 3 shows the
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Figure . Map of high superfund density clusters in the United States.

effects of this additional adjustment. The counties in dark red
are found in both the age-adjusted and age-Superfund density-
adjusted models. The blue counties, listed in Table 3 as “coun-
ties removed,” are those counties that were in an age-adjusted
cluster, but not an age-Superfunddensity-adjusted cluster. These
are the counties that have cancer incidence rates which can be
associated with Superfund density. Finally, the light red counties
are those that only appear in the age-Superfund density adjusted
results. Table 3 details the age-adjusted cancer incidence clusters
that contain at least one county with a high cancer incidence rate
attributed to Superfund density.

The Jonckheere-Terpstra (JT) test was used to test whether
there is a monotonic increasing trend in cancer incidence as
the number of Superfund sites increases. The test results are
significant with test statistic (Z = 8.5341) and p < 0.0001. The
results show a significant trend of increasing cancer incidence
rates, detailed in Table 4, as the number of Superfund sites in a

county increases. The trend can also be seen in the graph shown
in Figure 4. Each of the three quartiles (q25%, q50%, q75%) is
monotonically increasing with the number of Superfund sites
per county.

3.3. County Characteristics

The stepwise logistic regression accepted into the model all
the variables listed in Table 5, in addition to the covariate age,
and the model had a concordant rate of 72.8%, which is con-
sidered high. By using these covariates, the logistic model can
correctly categorize 72.8% of the 3109 counties as either having
or not having at least one Superfund site. The covariates in the
model can be defined as follows: (i) Poverty: Percent county
population living below the USA poverty line for a household,
where $11,139 is the poverty threshold in 2010 for a one-person
household and where the threshold is $14,218 for a two-person

Table . High superfund density cluster details.

Area/cluster states

Contiguous U.S. DE, NJ, NY, PA VA

Counties  Counties Norfolk, Portsmouth
Mean SF density inside cluster . .
Mean SF density outside cluster − . − .
p-Value . .
Average superfund density (per  km) . . .
Average cancer incidence . . .

Rate (per ,) (Excl. KS, MN, NV)
Average .% .% .%

Poverty percentage
Average African .% .% .%

American percentage
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Figure . Map of age-adjusted high cancer incidence clusters.

Table . Top  high cancer incidence clusters.

States Counties
Relative
risk

Likelihood
ratio p-Value

Average superfund
density of counties

Total number
of SF sites in

cluster
Average

poverty percent
Average African
American percent

FL Union . . . .  .% .%
VA Williamburg . . . .  .% .%
MS Calhoun, Chickasaw,

Itawamba, Lee,
Monroe, Webster,
Yalobusha

. . . .  .% .%

KY Breathitt, Clay, Estill,
Garrard, Jackson,
Knox, Laurel, Lincoln,
Madison, Powell,
Pulaski, Rockcastle,
Wolfe

. . . .  .% .%

LA, MS Washington, Copiah,
Hinds, Lawrence,
Lincoln, Marion, Pike

. . . .  .% .%

AL, GA Russell, Muscogee . . . .  .% .%
∗ DE, NJ,

PA
Kent, Atlantic,

Burlington, Camdem,
Cape May,
Cumberland,
Gloucester, Mercer,
Monmouth, Ocean,
Salem, Deleware,
Philadelphia

. . . .  .% .%

KY Caldwell, Christian,
Daviess, Hopkins,
McLean, Ohio,
Webster

. . . .  .% .%

IL De Witt, Fulton, McLean,
Macon, Mason, Peoria,
Tazewell, Woodford

. . . .  .% .%

MI Genesee, Ingham,
Jackson, Macomb,
Shiawassee,
Washtenaw, Wayne

. . . .  .% .%
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Figure . Map of age-adjusted and superfund density-adjusted clusters.

Table . Age-adjusted cancer incidence clusters affected by adjustment for superfund density (p< .).

General cluster
location

Number of initial
counties

Relative risk of age-adjusted
cancer incidence cluster

Counties removed after adjusting
for SF density

Average SF density of removed
counties per  km

NY  . Orange .
RI  . Providence .
NY  . Chenango, Cortland .
PA  . Bucks, Montgomery .
IL  . Morgan .
WA  . Island, Kitsap .
FL  . Hillsborough .
IL  . McLean .
VT  . Bennington .
PA  . Clinton .
NY  . Bronx, Kings, New York .
KY/TN  . Bell, Harlan, Hamblen, Hawkins .

household (U.S. Census Bureau 2016a), (ii) African American:
Percent county population listed as African American based on
the Census Bureau (U.S. Census Bureau 2016b), (iii) Hispanic:
Percent county population listed as Hispanic based on the
Census Bureau (U.S. Census Bureau 2016b), (iv) High School
Dropout: Percent of county population over age 25 without a
high-school education (U.S. Census Bureau 2016c), (v) Cancer
Incidence Rate: A cancer incidence rate is defined by the CDC

Table . JT test results for cancer incidence and number of superfund sites.

Number of
superfund sites Number of counties

Average cancer incidence
rate per ,

  .
  .
  .
  .
+  .

as the number of new cancers of a specific type occurring in a
county population during a year (Center for Disease Control:
National Cancer Institute 2016) (such a rate is usually expressed
as the number of cancers per 100,000 people at risk), (vi) Male:
Percent county population self-identified as being male (U.S.
Census Bureau 2016d).

Table 5 gives themaximum likelihood estimates for the logis-
tic regression model. The odds ratios are shown in Table 6, and
with these results we canmake several observations about coun-
ties having at least one Superfund site. They are likely to have a
higher rate of minorities, as measured by both race and ethnic-
ity. The population has a higher level of education, as measured
by the high school drop-out rate. Interestingly, they are likely to
have a lower percentage of males. The US Census Bureau uses
the “sex ratio” as a measure to describe the balance between
males and females. Geographic regions in the USA have sex
ratios that vary, with higher rates of males in Western states
and lower rates of males in Northeastern states. There are more
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Figure . Cancer incidence rates and superfund sites.

Table . Maximum likelihood estimates for the logistic regression model to predict
the presence of superfund site(s).

Parameter Estimate Standard error

Intercept . .
pctPoverty − . .
pctAfrican American . .
pctHispanic . .
pctHSDrop − . .
CancerIncidence . .
pctMale − . .

Table . Odds ratio estimates from step-wise logistic regression.

%Wald confidence
Effect Point estimate limits

Poverty . . .
African American % . . .
Hispanic % . . .
High school drop-out % . . .
Cancer incidence rate . . .
Male % <. <. .

males at younger ages andmore females at older ages (U.S. Cen-
sus Bureau 2011).

When using the full model, cancer incidence and poverty
rates did not significantly contribute anything to the model
because their odds ratios were so close to one. This is most likely
a result of confounded effects (with some of the other covariates
in the model).

4. Conclusion

We have identified a significant positive association between
Superfund density and overall cancer rates across the 48 con-
tiguous USA, in addition to a significant trend for number of
superfund sites per county and the corresponding cancer rates.
Our results show that geographic areas with greater numbers of
Superfund sites tend to have elevated cancer risk across the 48
contiguous states, and such counties also have elevated rates of
minority populations.

Obviously, there may be important confounders. From an
environmental justice standpoint, minoritiesmay bemore likely

to live near Superfund sites, for example, if the presence of a site
depresses real estate values, then poorer people, often minori-
ties, are likely to rent and own in that area (Ash and Fetter 2004).

The appearance of drop-out rates and gender in the model is
more difficult to interpret. There are large regional differences
in high school drop-out rates, and this may be conflated with
Superfund site location. Regarding gender, aside from coun-
ties with prison populations, there is little variation, and this
deserves deeper examination on a county by county basis.
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