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persist in soil and ecosystems, disrupting biological systems 
and limiting access to safe water and agricultural resources. 
As a result, pollutant exposure can adversely affect human 
health not only by increasing disease risk but also by indirectly 
impacting essential resources such as clean air, potable 
water, and food supplies. 

Numerous environmental epidemiological studies have 
shown that exposure to air, water, and chemical pollutants is 
associated with increased risk of multiple cancer types due to 
mechanisms such as chronic inflammation, oxidative stress, 
and DNA damage (6 - 8). For example, long-term exposure 
to fine particulate matter specifically PM2.5, a major air 
pollutant, has been associated with an increased risk of lung 
cancer (6). Similarly, nitrate contamination in drinking water 
has been linked to an elevated risk of colorectal cancer 
through the formation of carcinogenic N-nitroso compounds 
(7). In addition, exposure to chemical pollutants such as 
benzene has been associated with an increased risk of 
leukemia and other hematologic malignancies (8). According 
to the American Lung Association, in the United States, 
approximately 156 million people reside in places containing 
unhealthy amounts of pollution (9). Air, chemical, and water 
pollution remain significant environmental health concerns. 
National Oceanic and Atmospheric Administration (NOAA) 
measurements have documented continued increases in 
atmospheric greenhouse gas concentrations, while recent 
studies have highlighted the growing prevalence and diversity 
of industrial chemical pollutants and the widespread presence 
of contaminants in drinking water supplies, underscoring the 
potential public health impacts of long-term environmental 
exposure (10 - 12).

Prior studies have established a correlation between 
geographical location and cancer incidence. For example, 
residents living in Kentucky are 2.4 times as likely to be 
affected by lung cancer compared to those living in Utah 
(13). This geographic disparity may be partially explained 
by environmental factors, including coal-mining–related 
exposures in Appalachia, a region that encompasses parts of 
eastern Kentucky and has historically experienced elevated 
levels of environmental pollution (14). Geographic variation in 
cancer incidence has also been observed for cancers beyond 
lung cancer. For example, Iowa has a colorectal cancer 
incidence rate of approximately 42.3 cases per 100,000 
individuals, compared with 29.7 cases per 100,000 in Utah, 
representing a substantially higher disease burden in Iowa 
(15). This geographic disparity may be partially explained 
by differences in environmental exposures, particularly 
nitrate contamination of groundwater and drinking water 
supplies as nitrate concentrations are often highest in heavily 
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SUMMARY
Air, water, and chemical pollutants harm human health 
by damaging vital organs, causing gastrointestinal 
and neurological issues, and contributing to cancer 
and immune system dysfunction. Many prior studies 
have shown that the risk of obtaining life-threatening 
diseases in humans increases when exposed to high 
concentrations of pollutants. Our study explored whether 
different types of pollutants are positively correlated 
with cancer incidence rates. We hypothesized that there 
is a statistically significant positive correlation between 
environmental pollutants and cancer incidence rates 
across different geographical clusters of the United 
States. We used the Pearson correlation coefficient to 
measure the strength of the correlation across three 
years (2018–2020). To assess statistical significance, 
we calculated a t-statistic for each coefficient, with 
p  <  0.05 considered statistically significant. Thirty-six 
different types of cancer and twelve pollutant metrics 
were analyzed using publicly available data from the 
Centers for Disease Control and Prevention (CDC) 
and Environmental Protection Agency (EPA). Our 
research showed that certain clusters in the United 
States showcase a strong correlation between different 
environmental pollutants and various cancers. These 
findings can potentially help prevent premature deaths 
caused by cancer and help explain why certain states 
in the United States have larger cancer incidence rates 
than others.

INTRODUCTION
In the United States, cancer is one of the primary causes 

of death (1). From 2016 to 2020, there were over eight million 
cases of cancer. In the same timeframe, over three million 
people died of cancer-associated deaths (2). Furthermore, 
between 2014 and 2018, the cancer incidence rates for the 
age groups between 15-39 years rose by an average of almost 
1% per year (3). People residing in the United States are, on 
average, first diagnosed with cancer at 66 years, around 11 
years under the average life expectancy (4).   

Pollution is defined as the introduction of harmful 
substances into the environment and represents a significant 
public health concern due to its wide-ranging effects on 
human well-being (5). Environmental pollutants can be 
broadly categorized into air pollutants, water pollutants, and 
chemical pollutants. Air pollutants, such as particulate matter 
and ozone, are associated with respiratory and cardiovascular 
diseases; water pollutants can compromise drinking water 
quality and food safety; and chemical pollutants, including 
lead and benzene, released through industrial activities, may 
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agricultural regions such as the Midwest and High Plains 
because intensive fertilizer use increases nitrate runoff into 
groundwater and surface water systems (16). As a result, 
residents of these regions may experience greater exposure 
to a known correlate of colorectal cancer than residents of 
less agriculturally intensive regions (17). Similarly, geographic 
differences in cancer incidence have been observed between 
heavily industrialized regions and less industrialized areas 
of the United States (18). Studies have reported elevated 
cancer burdens in communities located along the Gulf 
Coast petrochemical corridor compared with many other 
regions of the country (18). This geographic disparity may 
be partially explained by higher concentrations of industrial 
chemical pollutants, including benzene and ethylene oxide, 
released from the dense network of refineries and chemical 
manufacturing facilities located throughout the region (19). 
Because exposure to benzene, ethylene oxide, and other 
industrial pollutants has been associated with increased 
cancer risk, regional differences in industrial activity may 
contribute to geographic variation in cancer incidence (19). 
Together, these examples demonstrate that geographic 
differences in cancer incidence often coincide with regional 
variation in air, water, and chemical pollution, suggesting that 
environmental exposures may partially explain why certain 

cancers occur more frequently in some regions of the United 
States than in others.

Given these documented associations between 
environmental pollutants and cancer incidence, we sought 
to quantitatively evaluate whether regional differences in 
pollutant abundance across the United States are associated 
with variation in cancer incidence rates. We hypothesized 
that differences in the abundance of environmental pollutants 
across geographical regions of the United States of America 
may influence the incidence rates of specific cancers as 
determined using the Pearson coefficient. 

Our analysis identified strong and statistically significant 
correlations between environmental pollutant levels and 
cancer incidence rates across multiple regions of the United 
States. These associations were observed for different 
categories of pollutants, including air, water, and chemical 
pollutants, and varied by geographic region.

RESULTS
The aim of our study was to understand the correlation 

between various pollutants and various types of cancer 
across different regions of the United States. The eight 
regions considered with the different cancer and pollutant 
types are showcased (Figure 1). We analyzed 36 different 

Figure 1: Regional classification of U.S. states and variables included in the analysis. Map (35, Legends of America) showing how 
the different states were classified into regions, which we used for the study. All cancer types and pollutants considered in the study listed.
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Table 1: Air, water, and chemical pollutants. The various pollutants that were considered for analysis in this study (obtained from the 
Environmental Protection Agency (EPA).
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types of cancer obtained from the Centers for Disease 
Control and Prevention (CDC) database and 12 pollutant 
metrics obtained from Environmental Protection Agency 
(EPA) databases, including State Statistics database , the 
Toxic Release Inventory (TRI) database, and AirData, across 
eight regions over the years 2018, 2019, and 2020 (Table 1) 
(20 – 23). To clean and analyze the data, we used a custom 
Python (24) script and followed a data processing workflow 
(Figure 2A-C). After normalizing and merging cancer and 
environmental data, we used the Pearson Correlation 
Coefficient matrix (Figure 4) to determine the strength of the 
correlation between the prevalence of cancer incidence rates 
and air pollutants.

The findings revealed strong correlations (r > 0.7, p < 
0.05) between specific air, water, and chemical pollutants 
and various cancers in certain regions (Figure 3A-F). For 
example, in the Midwest, across the years 2018-2020, we 
observed a strong correlation between air pollution (PM2.5) 
and skin melanoma prevalence (mean r = 0.887, p = 0.0017) 
(Figure 3A, Figure 5). In the Mid-Atlantic, chemical pollution 
(benzene) showed a strong correlation with colon and rectum 
cancer (mean r = 0.783, p = 0.0328), confirming significance 
(Figure 3B). In the Great Plains, we observed a strong 
correlation between water pollution and kidney and renal 
pelvis cancer (Figure 3C, mean r = 0.717, p = 0.0864).

There are other results with similar positive correlations: In 
the Great Plains, benzene was strongly correlated with kidney 
and renal pelvis cancer (mean r = 0.867, p = 0.0285) (Table 
2). In the Southwest, PM10 (particulate matter suspended 
in the air with a diameter of 10 micrometers or less) had a 
strong correlation with esophagus cancer (mean r = 0.913, 
p = 0.0435), and in the South, ozone showed a significant 
correlation with Hodgkin lymphoma (mean r = 0.6, p = 0.0196) 
(Table 2). The West Coast showed a strong correlation 
between PM2.5 and skin melanomas (mean r = 0.953, p = 
0.0980), and in New England, CO was significantly correlated 
with myeloma (mean r = 0.80, p = 0.0280) (Table 2). In the 
Rocky Mountains, leukemia showed a strong and significant 
correlation with PM2.5 (mean r = 0.863, p = 0.0298) (Table 
2). These statistically supported correlations were consistent 
across the three-year period, reinforcing our hypothesis that 
pollutant levels are meaningfully linked to specific cancer 
incidence rates. Plotting the cancer incidence across different 
regions of the United States, we see that the environmental 
pollutants had a strong correlation to various cancers in 
certain regions (Figure 6).

DISCUSSION
Our results reveal a strong correlation between acute 

exposure to air, water, and chemical pollutants and increased 
cancer incidence in certain geographical regions of the United 
States (Figure 6). Although this does not confirm a causal 
relationship, these results highlight broader geographic 
patterns where pollutant concentrations and cancer incidence 
rates are correlated.   

Although it is unclear why certain air, water, and chemical 
pollutants have extremely high correlations to specific cancer 
incidence rates in specific regions and have much lower 
correlations in other regions, many studies have proposed 
broader explanations for why these pollutants have a positive 

correlation with cancer incidence rate (25-30) According to 
the National Cancer Institute, women who were exposed to 
higher nitrate levels had increased risks of ovarian cancer (25). 
We also found this specific trend across the years 2018-2020 
when observing the correlation between ovarian cancer and 
total water pollutant pounds in certain regions (Figure 3C). In 
general, when people drink water contaminated with nitrates 
or arsenic, it causes the body to form certain compounds 
that are potent and harmful. Specifically, ingested nitrates 
can be reduced to nitrites and subsequently form N-nitroso 
compounds, including nitrosamines and nitrosamides, which 
are known carcinogens (26). Similarly, inorganic arsenic is 
metabolized into monomethylarsonic acid and dimethylarsinic 
acid, a process that generates reactive oxygen species and 
contributes to DNA damage and increased cancer risk (27). 

Furthermore, a study in 2021 concluded that exposure to 
chemical pesticides increases the risk of brain cancer (28). 
We also found that chemical pollutants like benzene, lead, 
and sulfuric acid had a strong correlation to brain cancer in 
the Mid-Atlantic across the years 2018-2020 (Figure 3E). The 
general consensus is that DNA damage in somatic cells due 
to exposure to chemical pollutants is a primary mechanism 
that may lead to cancer. However, this is not the only pathway; 
in some cases, pollutants may instead impair the body's 
ability to repair existing DNA damage, contributing to cancer 
development indirectly (29). 

According to a recent scoping review air pollution has a 
strong link to cervical cancer (30) also found an extremely 
strong correlation between cervical cancer and the air 
pollutant, PM2.5 in the southwest region across the years 
2018-2020 (Figure 3D). In general, air pollutants have 
a strong correlation with cancer. While this is plausible, 
other mechanisms may also contribute such as chronic 
inflammation or impaired immune responses caused by 
prolonged pollutant exposure (30). 

To account for differences in population size among 
states, we normalized cancer incidence using population-
adjusted rates. This helped ensure that correlations were 
not simply a reflection of larger populations having more 
cancer cases. However, this does not eliminate all bias 
such as data limitations, regional reporting inconsistencies, 
and the granularity of the datasets still present challenges. 
Additionally, Hawaii and Alaska were excluded due to 
insufficient comparative data within their geographic regions.

There were many challenges faced in this case study. We 
chose EPA and CDC for our datasets as they had the most 
comprehensive data over many years. In this raw data, there 
were many discrepancies in the raw data when joining the 
cancer and environmental datasets which required substantial 
data cleaning and processing. This study was performed at 
a state granularity rather than at a city granularity because 
there was limited information in publicly available datasets 
on both cancer and environmental metrics for cities and 
counties. Although state-level aggregation enabled a more 
comprehensive and consistent analysis across regions, it 
represents a limitation because it can mask localized pollution 
hotspots and cancer clusters within states. City or county-
level data would have allowed for higher spatial resolution, 
enabling the identification of more localized associations 
between specific pollutant exposures and cancer incidence. 
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Figure 2: Schematic representation of the data processing workflow. Steps describing the process used in the study to first clean and 
convert raw data into usable environmental and cancer datasets, and then subsequently use those datasets to determine the correlation 
between cancer and pollutants for a given cluster/region in the USA. A) End-to-end workflow to determine the correlation between pollution 
and cancer data for certain clusters between 2018 and 2020. B) Steps to convert raw environmental data into a clean environmental dataset. 
C) Steps to convert raw cancer data into the cancer dataset.
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Additionally, for the cancer dataset chosen, there were no 
publicly available data on certain types of cancer such as 
mouth cancer and eye cancer, which limited the scope of the 
study. 

Additional methodological limitations should also be 
considered when interpreting these findings. Because this 
study relied on Pearson correlation analysis, the results identify 

statistical associations rather than causal relationships. 
Several potential confounding variables, including smoking 
prevalence, age distribution, socioeconomic status, healthcare 
access, occupational exposures, and genetic predispositions, 
may influence cancer incidence and could partially explain 
some of the observed correlations. Furthermore, the analysis 
treated each cancer type as a single category, despite many 

Figure 3: Graph representing correlation between cancer and regions for different pollutant types for the years 2018-2020. Strong 
correlations seen between certain cancer types and pollutants in specific regional clusters. A) Cancer type Melanomas of Skin and air 
pollutant PM2.5. B) Cancer type Colon and Rectum and chemical pollutant Benzene. C) Cancer type Kidney and Renal Pelvis and the water 
pollutant value of Total Pollutant Pounds (lb/yr) for Majors D) Cancer type Cervix and air pollutant PM2.5 E) Cancer type Brain and Other 
Nervous System and chemical pollutant Benzene. F) Cancer type Ovary and the water pollutant value of Total Pollutant Pounds (lb/yr) for 
Majors
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cancers consisting of biologically distinct subtypes that 
may have different environmental risk factors. For example, 
subtypes of lung, breast, and colorectal cancer may differ 
in their susceptibility to specific pollutants. Future studies 
could address these limitations by incorporating multivariable 
regression models or other advanced statistical approaches 
that account for potential confounders while examining 
individual pollutant–cancer relationships. Such approaches 
would provide a more comprehensive understanding of 
the extent to which environmental pollutants independently 
contribute to cancer incidence. 

Environmental epidemiology holds significant potential 
for innovation and expansion. Validating our hypothesis by 
examining correlations in other countries could be a valuable 
next step. Further, the project scope could be broadened 
by incorporating additional diseases, cancer types, and 
environmental metrics. Conversely, narrowing the focus 
to a single pollutant and cancer type would enable a more 
comprehensive analysis, incorporating factors like race, 
gender, and income to better explain the Pearson correlation 
coefficient. As a next step, conducting the study at a city level 
may change accuracy by concentrating environmental factors 
and cancer types in a specific area. 

Overall, the presence and strength of these correlations 
suggest that regional differences in environmental pollution 
are meaningfully associated with variation in cancer incidence 
across the country. Importantly, these patterns were consistent 
across the years analyzed, indicating that the observed 
relationships were not driven by short-term fluctuations. 
Collectively, these findings support the hypothesis that 
environmental pollutant exposure is associated with regional 
variation in cancer incidence and highlight the potential role 
of environmental factors in shaping public health outcomes. 

Figure 4: Example of Pearson coefficient matrix. The heatmap 
displays correlation values ranging from -1 to +1, where +1 (darkest 
blue) indicates the strongest positive correlation. Normalized cancer 
count is calculated as total cancer Incidence count in a region 
divided by its total population x 10000. This correlation matrix of 
environmental and health variables indicates a strong positive 
relationship (r > 0.8) between normalized skin melanoma cases and 
annual PM2.5 exposure days.

Figure 5: Evidence of strong cancer correlations between skin melanomas and air pollutant PM 2.5 in the Midwest. The correlation 
matrix of environmental and health variables from 2018–2020 indicates a strong positive relationship (r > 0.8) between normalized skin 
melanoma cases and annual PM 2.5 exposure days.
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Table 2: Strong correlation between various air pollutants and cancer across different geographical regions of the United States. 
Table showing strength of correlation and associated test statistics in different regions. A Python script was pre-processed to determine 
correlations in regions. (Determined by code - 46)
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MATERIALS AND METHODS
Dataset Selection and Processing

To determine a correlation between pollutant metrics and 
cancer incidence rates, we first needed to obtain a reliable 
dataset for cancer incidence rates and these pollutants. We 
used Google Scholar, Perplexity.AI, and Google search to 
find raw cancer and environmental data. From this, we chose 

the EPA dataset for generating our environmental datasets 
and the CDC cancer dataset (18 – 21).  We chose an EPA 
dataset for environmental data and a CDC dataset for cancer 
data because these sources had the most comprehensive 
data across many years at a state granularity. The EPA 
dataset contains raw data for air pollution, water pollution, 
and chemical pollution from 1980 to 2023 and considers over 

Figure 6: Strong cancer correlations with pollutants across the different regions. Map showing distribution of the number of environmental 
factors that had a strong correlation to various cancers in that region. A Python script was pre-processed to determine correlations in regions. 
As listed in the legend, the various symbols highlight the type of pollutant causing cancer, and the different colors represent the different 
regions where that pollutant has a correlation with a cancer type. For example, the light-blue test represents the Mid-Atlantic region with blue 
pentagons representing a chemical pollutant that has caused a specific cancer cluster.  
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200 different air pollution metrics, including NO2, CO2, ozone, 
PM10, lead, toxic waste in oceans at a state granularity (18, 
19, 20). CDC has cancer datasets from 1980 to 2020 and 
counts the total number of cancer incidences as well as the 
population at a state granularity (2). Specifically, from the CDC 
cancer dataset, we used the variables YEAR, SITE, COUNT, 
EVENT_TYPE, and POPULATION to quantify annual cancer 
incidence by cancer type and to normalize incidence rates 
by population at the state level. From the EPA air pollution 
dataset, we selected state-level metrics representing the 
number of days per year with elevated concentrations of major 
air pollutants, including ozone (O3), carbon monoxide (CO), 
nitrogen dioxide (NO2), particulate matter smaller than 2.5 µm 
(PM2.5), and particulate matter smaller than 10 µm (PM10). 
These pollutants were chosen because they are among 
the primary criteria air pollutants monitored nationwide by 
the EPA and have been previously associated with adverse 
health outcomes (Table 1). From the EPA chemical pollution 
dataset, we extracted variables corresponding to state 
identifiers (ST), total chemical releases (TOTAL RELEASES), 
and chemical type (CHEMICAL) to quantify the overall burden 
of industrial chemical emissions by state. In addition, from the 
EPA water pollution dataset, we used state-level measures of 
total pollutant discharge for major and non-major sources (lb/
year) to capture variation in waterborne pollutant loads across 
regions. Together, these environmental variables provided a 
comprehensive representation of air, water, and chemical 
pollutant exposure used in the subsequent correlation 
analyses (Table 1). To pre-process (enhanced data quality of 
the raw data obtained from EDA and CDC), clean (removed 
unnecessary, erroneous values), and analyze the data, we 
used a custom-developed Python script. 

Correlation Analysis
After normalizing and merging the cancer and environmental 

data, we used the Pearson correlation coefficient to determine 
the strength of the correlation between the prevalence of 
cancer incidences and air pollutants. A Pearson correlation 
coefficient matrix showcasing correlation between the 
different environmental pollutant variables and normalized 
cancer count for the Midwest region in 2018 was computed 
using Python code (46), where the different variables were 
compared to understand the correlation between them using 
the.corr() method of Pandas DataFrame and sns.heatmap(...) 
method in the Seaborn library (31, Figure 4, Table 1). 

Data Normalization and Regional Aggregation
To normalize the cancer incidence rate, we created 

an additional column to account for the normalized count, 
calculated as count divided by population x 10000. Finally, 
we examined the correlation between environmental factors 
and disease-related indicators after performing the analysis 
for three years (Figure 2). The pandas, csv, seaborn, and 
matplotlib Python libraries were used with Kaggle as the 
platform to develop code (46) and plot all the graphs for this 
research analysis (31-34). 36 cancer types, across 8 regions 
in the USA, with 5 air pollutants, 2 water pollutants, and 5 
chemical pollutants (12 total) were analyzed (Table 1, 35). 
A total number of 36 (number of cancer types) x 8 (number 
of regions) x 12 (number of pollutants) = 3456 correlation 

coefficient matrices were created and roughly 1.5 million rows 
of raw data processed into valid data frames. The flowchart 
describes the data procedures and data cleaning in more 
detail (Figure 2A). Extensive data cleaning and processing 
was employed to account for discrepancies in raw data when 
joining cancer and environmental datasets. This included 
removing unnecessary rows and columns, updating certain 
column data names, and removing unnecessary values to 
prepare the cancer dataset for correlation study (Figure 
2C). In the pollution data frame, we selected the necessary 
columns (air pollutants/metrics) and grouped the data by each 
state (Figure 2B). Then, we created the cancer dataset. We 
selected the following columns: cancer count–new cancer 
cases in a year, population, and area (for a cancer type). To 
normalize the cancer incidence rate, we created an additional 
column to account for the normalized count, calculated as 
count divided by population x 10000. After obtaining these 
new data frames, we clustered states into eight geographic 
clusters, the Great Plains, New England, Southwest, Rocky 
Mountains, West Coast, Midwest, East, and Mid-Atlantic 
(Figure 1). Then, we mapped the environmental and cancer 
data into the different clusters. Then, we determined the 
strength of the correlation between the prevalence of cancer 
incidence rates and pollutants across these eight clusters 
using the Pearson correlation coefficient. 

Statistical Significance Testing
To test our hypothesis, we used the Pearson Correlation 

Coefficient (outputs r value) as a mathematical tool to 
understand the strength of the correlation. r ϵ [-1, 1], with 
r ϵ (0.7, 1] being considered “strong. r ϵ [0.5 0.7] being considered 
“moderate”. Test statistics were calculated corresponding to 
the r values and the region and if the associated p-value was 
less than 0.05, the correlation was considered statistically 
significant. Calculating the Pearson correlation coefficient 
alone does not confirm whether the observed correlation is 
statistically meaningful. Therefore, to ensure the validity of our 
findings, we computed a t-test for correlation to determine if 
the observed r values were likely due to chance variation in 
our sample sizes. By converting r to t-statistics and using the 
t-distribution to compute a p-value, we assessed the statistical 
significance of each relationship. This approach strengthened 
our analysis by distinguishing strong, reliable correlations from 
those that may occur randomly, which is especially important 
given the relatively small sample sizes within each region. For 
statistical significance, we calculated a test statistic for each 
correlation using the equation: 

where r is the correlation coefficient and n is the sample 
size (number of states in a region). The resulting t-value 
was used to compute a p-value using the t-distribution with 
(n - 2) degrees of freedom. Correlations with p < 0.05 were 
considered statistically significant.
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