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ABSTRACT

With the outbreak and spread of severe acute respiratory syndrome coronavirus 2 (COVID-19), the world was ushered
into a global pandemic. One of the most alarming aspects of the disease is the high mortality rate. Previous research
has shown that long term exposure to air pollution has been correlated with the mortality rate of respiratory diseases.
The focus of this study was to determine if there was any association between the mortality of COVID-19 and one of
the primary producers of air pollution, coal-fired power plants. Using data from the US Energy Information Admin-
istration, John Hopkins University, and census department, a chi-square test and a poisson regression analysis were
conducted to determine if living in proximity to coal-fired power plants had any effects on the mortality of COVID-
19. The chi-square test results showed that there was no statistical significance as the variables showed independence.
These results illustrate that there is no association between coal-fired power plants and the mortality rate of COVID-
19. To expand on the results of the chi-square test, a poisson regression analysis was performed to account for the
presence of confounding variables. This analysis showed similar results to the chi-square test, but due to issues with
outliers in the data causing overdispersion, the model was unable to be accurately conducted, making all results in-
conclusive. With the inconclusive results of the poisson regression analysis, the conclusions drawn from the chi-square
test were not able to be generalized as they were not verified in the presence of confounding variables.

Introduction

A new world health emergency has emerged due to the spread of the severe acute respiratory syndrome coronavirus
2 (SARS-Cov2 or COVID-19). This virus originated from Huanan Seafood Wholesale Market in Wuhan, located
within China’s Hubei Province (Wu 2020). The disease was originally carried by bats and was spread to humans
through an unknown intermediary animal (Singhal 2019, Morens 2020). On January 1+, 2020, the Huanan market was
closed down after the Chinese government notified the World Health Organization (WHO) about the outbreak (Wu
2020). The number of cases increased exponentially as the disease quickly spread to other provinces (Wu 2020). The
spread of the disease was exacerbated when people who traveled to Wuhan for the Chinese New Year spread the
disease to other nations. On January 21+, 2020, the first case was confirmed in the United States and from that point
the case numbers increased dramatically (Hauck 2020). There are currently 32,778,906 cases in the United States and
582,837 deaths as of May 11, 2021 (World Health Organization 2021).

Both symptomatic and asymptomatic people may transmit the disease, as it can travel up to six feet. Infection
can occur when large droplets are transmitted through touching the facial area or inhaling the droplets (Singhal 2019).
The virus’s standard side effects include fever, cough, sore throat, headache, fatigue, myalgia, and breathlessness. The
disease can quickly progress into pneumonia, respiratory failure, and ultimately can lead to death (Singhal 2019).

Literature Review
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Underlying Conditions in Patients

Certain underlying conditions can affect the progression and severity of the disease. In March of 2020, a study was
performed by COVID-NET to determine the hospitalization rates and characteristics of patients hospitalized with
COVID-19. They found that 90% of hospitalized patients had one or more underlying conditions previous to COVID-
19 (Shikha 2020). The most common underlying conditions were obesity, chronic lung disease, diabetes mellitus,
hypertension, and cardiovascular disease (Shikha 2020). People with chronic lung diseases are at high risk for COVID-
19 because of impaired lung function (Gallay 2020). Researchers investigated over 5,000 patients with COVID-19
that were omitted to hospitals to see how pre-existing respiratory illnesses affect mortality (Signes-Costa 2020). Their
results showed that patients with lung disease had a 10% increase in COVID-19 mortality. This established that there
is a relationship between COVID-19 mortality and having pre-existing lung diseases (Signes-Costa 2020).

Air Pollution

Respiratory diseases, such as COVID-19, are often impacted by air pollution (Wu 2020). Air pollution refers to sub-
stances that were released into the air which have harmful or poisonous effects. These substances include carbon
dioxide (CO.), nitrogen dioxide (NO.), sulfur dioxide (SO.), and particulate matter. The substances can cause breathing
issues and impact how your body combats respiratory diseases (Doiron 2018). Previous research conducted a study
where they examined COVID-19 death counts from over 3000 counties up to April 22, 2020 (Wu 2020). They found
an increase of one micrometer/cubic meter of air pollution resulted in an eight percent increase in COVID-19 mortality
(Wu 2020). This established that COVID-19 mortality is impacted by increased amounts of air pollution.

Coal-fired power plants use the combustion of coal to generate electricity. The burning of coal releases air
pollution into the atmosphere (Energy Education 2020). This pollution has been shown to cause adverse health effects
on humans and can lead to respiratory issues (Energy Education 2020). Because the highest amount of pollution settles
down in the immediate area around the power plant, the surrounding communities will experience the most severe
health effects. These effects could include asthma, Chronic Obstructive Pulmonary Disease (COPD), or possible death
(Kravchenko 2018). Previous research showed that air pollution from coal-fired power plants shortened the lives of
over 30,000 Americans each year (Schneider 2000). Therefore, coal-fired power plants could potentially impact mor-
tality in reference to certain respiratory diseases. Further research found that the 1918 influenza pandemic was expe-
dited by coal-fired power plants’ usage (Clay 2018). Researchers discovered that cities that experienced an increase
in coal usage resulted in tens of thousands of excess deaths in 1918 relative to cities that used less coal with similar
baseline health and pre-pandemic socioeconomic conditions (Clay 2018).

Research Gap

Previous research has made the connection between COVID-19 mortality and air pollution (Wu 2020). Studies have
also discovered a link between coal-fired power plants and the mortality of respiratory diseases, but there has not yet
been any research on how the mortality rate of COVID-19 is affected by the presence of coal-fired power plants. This
leads to the primary focus of this research which will look at the association between coal-fired power plants and
COVID-19 mortality. This generated the research question: Is there an association between living in proximity to coal-
fired power plants and the mortality of COVID-19 in the United States? In regard to this question it was hypothesized
that there will be association between coal-fired power plants and the mortality rate of COVID-19. This was made
due to the finding of previous researchers which found that coal-fired power plants were associated with higher levels
of mortality of the 1918 influenza pandemic (Clay 2018).

Methodology
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COVID-19

To analyze COVID-19 mortality, county level mortality data was collected. Specifically, data was collected on the
number of total cases and the number of deaths for each county. This information was used to calculate the death rate
for each county by dividing the deaths by the total cases. The decision to analyze mortality was made in accordance
with prior research proving that mortality is an effective way to measure a disease’s severity (Wu 2020, Clay 2018).
Research has also used county-level information to verify that air pollution affects the mortality of COVID-19 (Wu
2020). County-level information was used in this study as it was the smallest data set currently available to the general
public, thus providing the most accurate and narrow content available for research. The information and data on the
mortality of COVID-19 was gathered by using information from John Hopkins University (Wu 2020). This database
is updated daily by state officials and provides the most accurate and current information. It also provided the number
of cases and deaths for each county. This data was used to determine the mortality rate for each county in my research.
The mortality of 307 counties was analyzed in this study. This represents the total number of counties with coal-fired
power plants and reference counties, which is furthered in discussion about coal-fired power plants. The data for the
counties that were used in this study were from January 21, 2020, through February 4, 2021. The first case of COVID-
19 was reported on January 21, and the data was collected on February 4. This total included the mortality of all of
the counties with coal-fired power plants as well as the reference counties.

Coal-Fired Power Plants

The location of every coal-fired power plant in each county was another variable analyzed in this study. The US
Energy Information Administration (US EIA) provided a map that gave detailed information on the location of every
currently operating coal-fired power plant in the United States. Previous research has used the US EIA to determine
the locations of fuel-fired power plants (Carpenter 2012). From this source, the location of the 262 currently operating
coal-fired power plants in the United States was found. In addition, the location of counties without coal-fired power
plants was also collected. Previous research has compared the hospitalization rates for zip codes with fuel-fired power
plants to “clean” zip codes or zip codes without a power plant that were not directly affected by fuel-fired power plants
(Carpenter 2012). This same principle was applied in this study to counties and mortality rates to act as a reference or
control group to compare the mortality data from counties with coal-fired power plants. This data was from counties
that were not exposed to pollution from coal-fired power plants. From John Hopkins University, the number of cases
and deaths for 45 reference counties was collected. This number was chosen as there were 45 states with currently
active coal-fired power plants. The five states not included are Connecticut, Maine, Massachusetts, Rhode Island, and
Vermont due to their lack of coal-fired power plants. There was one reference county chosen from each state in order
to get a wide variety of counties as well as to include all areas of study. For each county, information on mortality
rates as well as confounding variables was also collected.

Confounding Variables

The confounding variables that were addressed include population density and median annual income. Population
density was chosen because diseases can spread more quickly in areas with a higher population density (Carpenter
2012, Wu 2020). Median household income was chosen to control for the relative socioeconomic class for each
county. Socioeconomic class is important as poor people are much more vulnerable to poor health than rich people
(Carpenter 2012). The information regarding the confounding variables was gathered from the U.S. Census Depart-
ment to quantify these variables (Wu 2020, Carpenter 2012). The Census Department provided accurate information
on population density and median household income. The information gathered from the Census Department is from
2019, so some variables are subject to natural change; however, the changes would not be so significant to impact the
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results of the study (Carpenter 2012). Therefore, the information was utilized in this study. The population density

and median household income for 307 counties were used in this study.

Chi-Square Test

For the first half of the analysis, a Pearson chi-square test was performed. A chi-square test is used to determine if
there is a relationship between two variables. Research has used a log-linear analysis to analyze a similar topic of
study (Carpenter 2012). A chi-square test is a simplified version of a log-linear analysis as you only analyze two
variables, while in a log-linear analysis you can analyze multiple variables. For this study, the two variables studied
were COVID-19 mortality and coal-fired power plants. The variables have to be categorical and since the mortality
data is numerical, the variables were modified for how it is represented in the test. For the covid-19 mortality variable,
it was found that the average mortality rate of COVID-19 for the United States is 1.8%. In order to categorize the data,
it was determined if the mortality rates for each county are higher or lower than the national average and the categories
labeled as such. The coal-fired power plant data was divided into two categories: coal or no coal. These represent
counties with coal-fired power plants (coal) and the reference counties without coal-fired power plants (no coal). If
there is an association between coal-fired power plants and a higher mortality rate then the original hypothesis would
have been proven correct.

Before the chi-square test can begin, a null hypothesis was observed. The null hypothesis assumes that the two varia-
bles are independent of each other. If the hypothesis is confirmed, then the two variables are independent, but if the
hypothesis is refuted, then there is an association between the two variables.

Poisson Regression Analysis

A Poisson regression analysis was conducted in order to study the mortality and coal-fired power plant variables, as
well as to include the confounding variables of population density and median household income. Poisson regression
is used to analyze a set of data with numerical and categorical variables. Poisson regression is often compared to log-
linear regression as they are very similar in how the dependent variables are categorized. The difference arises in what
variables can be used. In a log-linear analysis, all of the variables have to be categorical, while in Poisson regression
analysis the independent variable is numerical data and the dependent variables are categorical. For this analysis, four
variables were selected, which are COVID-19 mortality, coal-fired power plants, median household income, and pop-
ulation density. The COVID-19 mortality was the independent variable, while the others were all dependent. The
mortality variable was measured by using the raw number of deaths for each county gathered from John Hopkins
University. The coal-fired power plants were divided into the same categories as the chi-square test: coal and no coal.
The population density was classified as either rural or urban, with rural having a population of fewer than 1000 people
per square mile and urban having more than 1000 people per square mile. The median household income was divided
into four quartiles based on their ranges. This study used the average median household income from the entire US as
the median value. The maximum and minimum values were chosen based on the states included in the analysis. The
first and third quartiles were found by averaging the minimum and maximum with the median. There were 256 coun-
ties included in the analysis. This number was smaller than the number used in the chi-square test as some counties
were not included because they did not have a median household income that fits between the ranges of median
household income mentioned above.

Results

Chi Square Test Analysis
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Table 1 shows a summary of all of the cases used in the analysis. There were 307 counties that were analyzed in the
chi-square test. All of the counties used were valid and met the requirements needed to be inputted into the test. When
a chi-square test is performed, a null hypothesis must be drawn. The null hypothesis portrays no association between
the variables studied or that they are independent of each other. The null hypothesis for this study is that there is no
association between coal-fired power plants and COVID-19 mortality.

TABLE 1.

Case Processing Summary

Cases

Valid Missing [Total

N [Percent|N|Percent]N [Percent
Counties * Mortality|307/100.0%|0 [0.0% |307]100.0%)

As shown in Table 2, there are two categories for the type of county, counties with coal-fired power plants
and counties without coal-fired power plants. These are represented by labels of coal or no coal. The first row of cells
for each category is the observed count, labeled as “count” in the table, and is the frequency of the number of counties
that have a higher or lower mortality rate than was observed during the test. The total number of counties observed
with coal-fired power plants was 262 counties. Within this total, there were 110 counties with higher mortality rates
than the national average and 152 counties with lower mortality rates than the national average. The total number of
counties in this sample without coal-fired power plants was 45. Among these, 21 counties had a higher mortality rate
than the national average, and 24 had a lower mortality rate than the national average.

The second row of each category in the table is the expected count. This is the predicted frequency under the
assumption that the null hypothesis is true. The total number of expected counties with coal-fired power plants is the
same (262) as the observed count. In this total, 111.8 counties were expected to be higher than the national average
and 150.2 counties were expected to be lower than the national average. The total number of counties without coal-
fired power plants is also the same as the observed count (45). In regards to this total, 19.2 were expected to be higher
than the national average and 25.8 were expected to be lower than the national average.

The purpose of the crosstabs table is to give a general idea of the association between the two variables and
to compare the observed and expected counts. If the observed values diverge substantially from the expected counts
then there will be a higher chi-square score. This means that there is a significant relationship between the variables
and the null hypothesis will be rejected. The observed and expected counts in this study did not diverge significantly.
This means that it is assumed that there is not a strong association between the two variables, but the chi-square

statistic will definitively exemplify whether there is any association.

TABLE 2.

Counties * Mortality Crosstabulation

Mortality |Total
higherflower|
Counties[Coal  |Count 110 152 262
Expected Count]111.8 [150.2262.0
No CoallCount 21 24 |45
Expected Count|19.2 [25.8 [45.0
Total Count 131 176 307
Expected Count]131.0 [176.0{307.0

ISSN: 2167-1907 www.JSR.org 5



HIGH SCHOOL EDITION

@ Journal of Student Rescarch

Volume 10 Issue 4 (2021)

In Table 3, the two values of importance to this study are the chi-square score and the p-value. The value of
the chi-square score is .344. This is a relatively low chi-square value and reveals that there is relatively little association
between the two values. The p-value is used to determine if the null hypothesis can be confirmed or rejected. This is
represented in the first row under the asymptotic significance cell. There is a p-value of .557, which is relatively high
and shows that the results are not significant by confirming the null hypothesis. This means the two variables are
independent of each other. In order to have significance, the p-value should be lower than the designated alpha value,
which for this test is .05.

TABLE 3.
Chi-Square Tests

Value|dffAsymptotic Significance (2-sided)|Exact Sig. (2-sided)|[Exact Sig. (1-sided)
Pearson Chi-Square [.344- |1 |.557
Continuity Correction:.179 |1 [.672
Likelihood Ratio 342 |1 |.559
Fisher's Exact Test .625 334
N of Valid Cases 307

a. 0 cells (.0%) have an expected count less than 5. The minimum expected count is 19.20.

b. Computed only for a 2x2 table

The results of this test show that there is no association between counties with coal-fired power plants and
higher mortality rates. This was in contrast with the findings of previous research as they have shown correlation
between coal-fired power plants and mortality (Carpenter 2012, Clay 2018). In an effort to rectify the disparity be-
tween my results and those of previous researchers a Poisson regression model was conducted. This model was used
to analyze the association between counties with coal-fired power plants and the number of deaths in each county
(another measure of mortality). The test included confounding variables that could potentially influence the number

of deaths in each county, which were the median household income and population density.

Poisson Regression Analysis

Table 4 was used to confirm the dependent variable: the number of deaths. It also explained that the probability dis-
tribution is Poisson and the link function is the natural logarithm. This table confirmed that the test being run is Poisson

regression and that the natural log was used to analyze the data.

TABLE 4.

Model Information

Dependent Variable  [Number of Deaths|

Probability Distribution(Poisson

Link Function Log

Table 5 illustrated the number of cases included in this analysis as 256 counties. All of these values were complete
and included in the analysis. There were no values that were excluded from the statistical analysis.
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TABLE 5.

Case Processing Summary

N  |Percent
Included [256 [100.0%
Excluded [0 ]0.0%

Total 256 1100.0%

Table 6 looked at the number and percentage of cases in each category for each independent variable. The
first independent variable is counties. This was divided into two groups: coal and no coal. There were 224 counties
with coal-fired power plants, which represented 87.5% of the total. There were 32 counties without coal-fired power
plants, which represented 12.5% of the total. The second independent variable is population density, represented by
rural or urban labels. There were 238 counties that had a rural population, which represented 93.0% of the total. There
were 18 counties with an urban population, which represented 7.0% of the total. The third variable is median house-
hold income, which is divided into four categories. These represent the four income quartiles in the United States and
are labeled as quartiles 1-4 (shown in the table as Q1-Q4). There were 98 counties in the first quartile, which represents
38.3% of the total. There were 87 counties in the second quartile and they represented 34% of the total. There were
50 counties in the third quartile, which represented 19.5% of the total. There were 21 counties in the fourth quartile
and this represented 8.2% of the total. These numbers were not well distributed between the categories for each vari-
able due to the relative frequencies of each category. This creates groups that are highly unbalanced, which can cause
issues with model fit. This could potentially mean that the data does not fit well with the poisson regression model.

TABLE 6.

Categorical Variable Information

N [Percent
Factor|Counties Coal  |224187.5%
No Coal[32 [12.5%
Total [256[100.0%
Population Densityfrural ~ |238[93.0%
urban |18 [7.0%
Total [256[100.0%
Income Q1 98 138.3%
Q2 87 [34.0%
Q3 50 119.5%
Q4 21 18.2%
Total [256[100.0%

Table 7 checked the data for problems and determined if there was overdispersion in the analysis. This was
done by comparing the ratio of the variance to the mean. The variance was calculated by squaring the standard devi-
ation and dividing that value by the mean (dependent variable). The value of the ratio in this study is 2039.221808.
The ratio should be close to 1, which means that the mean and variance are equal. The value in this study is very large
which means that there was a lot of overdispersion. This was due to the very high values of mortality in some of the
cases. These values are outliers and have a significant effect on the results. From this, one can assume that the data
does not fit with the model, but this was further determined in the goodness of fit table.
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Continuous Variable Information

N  [Minimum{Maximum|

Mean

Std. Deviation

Dependent Variable]Number of Deaths|256|0

8926

246.19

708.545

Table 8 provided many measures to assess how well the model fit the data. To determine how well the model

fits with the data, the value/df of the Pearson chi-square row was used. The value in this study is 319.648, which is a
very high value. If there is equidispersion, then this value should be 1.00. This value is a lot larger than 1.00, which

again means that there was a lot of overdispersion. This would violate the fifth assumption in order to perform a

Poisson regression analysis. The fifth assumption states that the variance should be equal to the mean, but in this study,

the variance is a lot larger than the mean. There was a large sample size (256 cases) and the model allows samples

with a high case number to have a larger amount of dispersion, so this could possibly offset the violation. However,

there was a significant amount of overdispersion, which cannot be negated by the large sample size.

TABLE 8.

Goodness of Fit:

Value df

Value/df

Deviance

64269.722 (250

257.079

Scaled Deviance

64269.722 (250

Pearson Chi-Square

79911.969 (250,

319.648

Scaled Pearson Chi-Square

79911.969 (250,

Log Likelihood:

-32911.597

Akaike's Information Criterion (AIC)

65835.195

Finite Sample Corrected AIC (AICC)

65835.532

Bayesian Information Criterion (BIC)

65856.466

Consistent AIC (CAIC)

65862.466

Dependent Variable: Number of Deaths
Model: (Intercept), Counties, Population Density, Income:

a. Information criteria are in smaller-is-better form.

b. The full log-likelihood function is displayed and used in computing information criteria.

The Omnibus Test (Table 9) was utilized to see if all of the independent variables collectively improve the model, in

comparison to the intercept-only model, which has no independent variables added. The measure taken from this table

is the p-value which is represented by the significance column. The p-value is 0, which means that the model is not

statistically significant.

TABLE 9.

ISSN: 2167-1907

Omnibus Test:

Likelihood Ratio Chi-Square|dffSig.

90851.451

5 {000

Dependent Variable: Number of Deaths
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Model: (Intercept), Counties, Population Density, Income:

a. Compares the fitted model against the intercept-only model.

Table 10 was used to show the significance of each individual independent variable, which is shown in the signifi-
cance column. From this table, the p-values were extracted for each variable. The counties, population density, and
median household income variables had a p-value of 0, thus meaning that they were statistically insignificant. All of

the p-values were 0, which means that all of the independent variables were not statistically significant.

TABLE 10.

Tests of Model Effects
Source Type 11

'Wald Chi-Square|df[Sig.
(Intercept) 426008.032 1 [.000
Counties 30.331 1 {.000
Population Density[94840.006 1 ].000
Income 12377.094 3 [.000

Dependent Variable: Number of Deaths
Model: (Intercept), Counties, Rural or Urban, Income Quartiles

Table 11 provided the coefficient estimates (B column) and the exponentiated values of the coefficients (ExB
column). The ExB column is usually more informative than the former. For example, there is a value of 1.099 for the
counties with coal-fired power plants. This means that there is a 9.9% increase in the number of deaths for countries
with coal-fired power plants. However, this can not be conclusive or proven because the p-value for this category is
0. This means that the independent variable or number of deaths is insignificant. This is the same for all of the other
variables of counties, population density, and median household income. The p-values are all 0, which means that

there is no significance attributed to any of the variables.

TABLE 11.
Parameter Estimates
Parameter B Std. Error{95% Wald Confidence Interval{Hypothesis Test

Lower Upper Wald Chi-Square

(Intercept) 6.397 |.0275 6.343 6.451 54168.425
[Counties=Coal ] 095 [.0172 .061 128 30.331
[Counties=No Coal] 0 .
[Population Density=rural] [-2.597].0084 -2.614 -2.581 94840.006
[Population Density=urban](0: . . .
[Income=Q1] 1.240 |.0272 1.187 1.294 2080.139
[Income=Q2] 464 [.0275 410 518 284.962
[Income=Q3] 1.5151.0273 1.462 1.569 3082.908
[Income=Q4] 0
(Scale) I+
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Parameter Estimates

Parameter Hypothesis Test

df|Sig. [ExB  [Lower [Upper
(Intercept) 1 .0001600.170]568.693|633.389
[Counties=Coal ] 1 {.000[1.099 [1.063 |1.137
[Counties=No Coal] L 1
[Population Density=rural] |1 [000].074  |.073  |076
[Population Density=urban]|. [. 1 |
[Income=Q1] 11000(3.457 [3.277 [3.646
[Income=Q2] 1 [.000[1.591 [1.507 |1.679
[Income=Q3] 1 [.0004.551 §4.314 [4.802
[Income=Q4] L 1

(Scale)

Dependent Variable: Number of Deaths
Model: (Intercept), Counties, Rural or Urban, Income Quartiles

a. Set to zero because this parameter is redundant.

b. Fixed at the displayed value.

Discussion

The purpose of this study was to determine if living in proximity to a coal-fired power plant was associated with
COVID-19 mortality. The hypothesis was formulated to be that living in proximity to a coal-fired power plant was
associated with COVID-19 mortality. This hypothesis was tested by performing a chi-square test and Poisson regres-
sion analysis.

The chi-square test found that there was no statistical significance in the variables used because the p-value
was relatively high and confirmed the null hypothesis, which hypothesized that the variables were independent of each
other. The confirmation of the null hypothesis showed that there was no relationship between COVID-19 mortality
and living in proximity to a coal-fired power plant.

In order to expand on the conclusions reached in the chi-square test, a Poisson regression analysis was per-
formed. This analysis showed that the results were not statistically significant. This is shown by the p-value of the
model which was zero, which suggests that the model is statistically insignificant. Every independent variable was
also shown to be insignificant as they also had p-values of zero. However, the model was not able to be accurately
conducted due to problems with the data. The first of these problems was the number of outliers included in the data
shown by the continuous variable information table. This caused the standard deviation to be a lot higher than the
mean of the number of deaths. It also causes a lot of overdispersion, which means that the model might not fit with
the data. This high amount of overdispersion violated the fifth assumption of a Poisson regression analysis, which
states that there should not be much overdispersion in the model. A violation of any assumption means that the con-
clusions generated are circumstantial and need to be investigated further.

Limitations
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A possible limitation of this study is the data on mortality. County-level mortality data was used as that is the only
data available to the general population. Prior research has previously used zip code level data to prove the correlation
between fuel-fired power plants and respiratory disease mortality, but due to lack of availability zip code level mor-
tality was not able to be evaluated (David Carpenter). This could impact my results as coal-fired power plants could
have a greater effect on the mortality of the surrounding zip code than on the entire county.

The size of the county could also pose limitations. Some of the counties have a very large area, while others
have a very small area. This could potentially pose issues as the smaller counties might be more impacted by the
pollution from the coal-fired power plants and the larger counties could be less impacted by the pollution because they
have more space to be dispersed.

The quantity of counties represented could limit the conclusions drawn. There were 45 counties used as a
reference to compare the data on counties with coal-fired power plants due to issues with time and data availability.
In order to get the full scope and most accurate mortality information, there needs to be a larger number of counties
analyzed. Also, the conclusions drawn from this data could potentially not be able to be generalized to the rest of the
population as the counties analyzed in this study only comprise a small portion of the population. The results could
possibly not be the same for other parts of the country.

There also could possibly be limitations on the coal-fired power plant data. During the data collection process,
it was discovered that some counties have more than one coal-fired power plant within the borders of the county. This
could influence the results as this could have a greater effect on the mortality rate of these counties as there is more
coal being produced and more pollution being released into the air. In addition, some of the pollution from the coal-
fired power plants could spread into other counties. This could affect the mortality rate of those counties even though
they were not part of the original analysis of this study.

The Poisson regression analysis looked at how median household income and population density affect mor-
tality. There are other variables that could also impact the mortality and number of deaths in a county. These factors
include racial and age percentages and the number of hospital beds and ventilators. The former could affect mortality
by showing how the virus disproportionately affects one group of people or one specific age range. The latter explains
how the lack of or adequacy of medical equipment can affect mortality.

Future Research

Future researchers looking to expand on the conclusions drawn by this study should remove the outliers from the
Poisson regression analysis. This would remove the overdispersion and negate the violation of the fifth assumption.
It could also impact the significance of the variables, which would ultimately allow definite conclusions to be drawn.
These conclusions could support or refute the original hypothesis that there is association between COVID-19 mor-
tality and coal-fired power plants.

Investigating other factors that could influence the mortality rate is an important extension of this analysis.
For instance, analyzing other sources of pollution, in addition to coal-fired power plants. This could include cities that
use more automotive transportation, or other generating power sources, such as oil or natural gas. Previous research
has shown that air pollution is associated with coal-fired power plants, so it is important to investigate all of the
possible sources of air pollution.

Variables that could impact the mortality rate of the group studied should also be considered. The variables
analyzed in this study were limited to median household income and population density. Other confounding variables
could include racial and age percentages, as well as, the availability of medical technology. From the racial or age
percentages, future research can determine whether a specific group of people are more likely to die from this disease.
The availability of medical technology, such as hospital beds and ventilators, can determine whether a community is
adequately prepared to fight this virus or a similar one and if additional government funding is needed.
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Conclusion

Before the analysis was conducted, the hypothesis was that there would be association between coal-fired power plants
and COVID-19 mortality. This hypothesis was refuted through the results of the chi-square test which illustrated
statistically insignificant results. Through analysis of these results, this study was able to conclude that there was no
association between coal-fired power plants and COVID-19 mortality. However, with the Poisson regression analysis
having inconclusive results, the conclusions from the chi-square test cannot be generalized as they were not able to be
verified in the presence of confounding variables.
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