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Abstract
The COVID-19 pandemic has changed how we view public health and its importance. Through the pandemic, understanding the epidemiology 

of COVID-19 is critical to help mitigate the damage future pandemics might have. This study has attempted to identify factors that can explain 
differences in COVID-19 infection rates and death rates between the counties of Ohio. Results showed that there are regional differences that explain 
the number of COVID-19 cases and a multitude of factors together that can explain COVID-19 death rates. Furthermore, as the number of ICU beds 
increase, the number of COVID-19 death rates decrease. This study is a start but further research examining other factors needs to be done to 
understand disparate COVID-19 health impact on a county level. 
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Introduction

COVID-19, also known as SARS-CoV-2, is an acute respiratory 
syndrome that has caused a global pandemic since 2020 [1]. Milder 
symptoms of the condition include fever, cough, difficulty breathing 
and in worst case, it can lead to death [2]. The virus originated 
in Wuhan, China where there was a pneumonia-like outbreak of 
people who were at the local food market near the Wuhan Institute 
of Virology [3]. What started in the local market rapidly progressed 
in the hospital and close-contact transmission among family and 
friends. The main transmission of COVID-19 is through droplet 
transmission, but aerosol is a potential alternative route. Since the 
first discovery in November 2019, COVID-19 has killed 1 million 
people in the US [4]. This alarming rate led the U.S. Department of  

 
Health and Human Services to declare a public health emergency 
on January 31st, 2020. Since then, major societal changes occurred 
with the transition to virtual learning, drop in the U.S. GDP, and 
transitioning to working from home. After almost 3 years of 
the pandemic, and a couple years of lockdown, the public health 
emergency declaration finally ended on May 11th, 2023 [5]. By 
April 26th, 2023, there were more than 104 million U.S. COVID-19 
cases. Considerable unknowns emerged due to COVID-19 in how 
to respond to the situation and how to handle the public health 
emergency [6].

Despite COVID-19 cases significantly reducing since the onset 
of the pandemic, learning from this pandemic will be important for 
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when the next pandemic occurs. Notably, different communities 
were associated with different results in the COVID-19 pandemic, 
but these differences in outcomes were not always obvious.  Visibly, 
this is apparent in Figure 1, which shows the overall COVID-19 
death rate by Ohio county for 2020-2023.  Notably, the major cities 
of Cincinnati (bottom left), Columbus (middle), and Cleveland (top 
right) have an overall death rate (per 100,000) less than many rural 
counties and those along the Ohio River. The high-level observation 
about COVID-19 death rate by county implies a regional or cultural 

difference in the impact that COVID-19 had on the state of Ohio. 
This seems apparent when further looking at the Hospital and ICU 
bed rate by county, Figure 2, where many counties that had high 
COVID-19 death rates are visibly seen to have no hospital beds. 
This paper thus presents a retrospective study to understand 
various county level risk factors and their potential relationship 
to COVID-19 results. In general, this paper explains the differing 
results in COVID-19 outcomes across the counties in Ohio.

Figure 1: Overall COVID-19 Death Rate (per 100,000) by Ohio County.

Figure 2: Hospital and ICU bed rate (per 100,000) in each county.
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Background

Recent studies have explored various population level statistics 
and their relationship to COVID-19 results. One paper written by 
Khuda Bukhsh et al. [7] tried to create a model that can predict how 
many COVID-19 cases in Ohio to understand the hospital burden 
with the result that county level COVID-19 outcomes appeared 
related to political party affiliations in the county. One study done 
by Lhila et al. observed that 25% of additional COVID-19 deaths 
were explained by the differences between the Democratic and 
Republican party and their support President Trump [8]. Another 
study aimed at identifying if income inequality differences by Zip-
codes could explain differences in COVID-19 infection and mortality 
outcomes in Chicago [9]. They found that Zip-codes with lower 
income had higher infection rates than those with higher income. 
Medical conditions like obesity have placed obese people at triple 
the risk of hospitalization due to COVID-19 infection [10].

In a study observe COVID-19 outcomes of children diagnosed 
with obesity, they were 3.07 times as likely to be hospitalized and 
1.42 times higher to be put in an ICU or on an invasive mechanical 

ventilator [11]. Besides the COVID-19 pandemic, another public 
health issue that Ohio faces is drug overdose. In 2007, drug 
poisoning was the leading cause of injury death in Ohio and has 
only increased with 5,017 deaths in 2020 [12]. A study showed 
that non-fatal overdosing has been linked with a greater risk of 
developing severe complications due to COVID-19 [13]. Limited 
access to health insurance has also increased individuals to a 1.9 
times higher risk of hospitalization [14]. With COVID-19 being a 
respiratory infection, air quality has the potential to influence the 
severity and mortality of COVID-19. A thorough literature review 
showed limited studies done to understand which risk factors were 
effective in predicting the severity of COVID-19 cases and deaths in 
different Ohio counties.

Methodology

For this study, data was collected from multiple sources. This 
is summarized in Table 1.  This data was then analyzed through 
various statistical methods to understand the relationship between 
the dependent and hypothesized independent variables.

Table 1: Collected country level data and sources.

Variable Role Year of data Source

Average Income per capita (USD) I [16]

Average age-adjusted rate of unintentional drug overdose deaths (per 100,000 population) I 2015-2020 [12]

Percent of obese adults I [17]

Uninsured rate (per 100,000 population) I [18]

Air pollution (PM2.5) I [19]

Feb 2020 Unemployment I 2020 [20]

Geographic Region I N/A [21]

Appalachian County I 2008+ [22,23]

Number of hospital beds I 2020 [24]

Number of ICU beds I 2020 [24]

Overall Covid-19 rate D 2020-2023 [25]

Overall COVID-19 death rate D 2020-2023 [25]

+An emergency stay at home order was issued on March 23, 2020 [26]. Thus, this variable possibly explains the economic conditions of a given 

county going into the pandemic.

Data Collection

For this study, data was collected from multiple sources. This 
is summarized in Table 1. Dependent variables of interest included 
both the COVID-19 cases per 100,000 per county in Ohio and the 
COVID-19 deaths per 100,000 per county in Ohio. The dependent 
variables were both collected for the overall pandemic, i.e., 2020-
2023 numbers, and were scaled by the population of each county to 
compute the rate. The number of COVID-19 cases and deaths were 
acquired from The New York Times Ohio COVID-19 dashboard 
that gets their data from the Ohio Department of Health [15-20]. 
Independent variables were collected as factors which could 
explain these dependent variables and thus the authors aimed 
to collect statistical variables that described Ohio counties as 
they were going into the pandemic, i.e., 2020 numbers, or overall 

numbers for the county. These variables are described in Table 
1 and include an “I” to denote independent variable. An example 
of the collection logic for exploring different years is as such, the 
unemployment rate for February 2020 was collected since this was 
the last full month before the Ohio 

The 88 counties of Ohio were categorized into five different 
geographical regions based on the Ohio Self Determination 
Association [21-26]. Table 2 shows the 88 Ohio counties which are 
served by the Appalachian Regional Commission (ARC) as expanded 
to include counties in Ohio by 2008, most of these Appalachian 
counties are in the unglaciated region of Ohio, along the Ohio River 
valley, and were the first settled counties in Ohio. Many of these 
counties are rural and have depressed economies The World 
Population Review was used to obtain the 2023 population and 
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population density (per square mile) [27]. To normalize the data, 
COVID-19 cases and deaths, drug overdose death, and number of 
uninsured people converted to rates (per 100,000 population). To 
obtain the number of staff hospital beds and ICU beds per county, 

the American Hospital Directory and an article published in Data 
Central was used [28,29]. Other risk factors and their source are 
included in Table 1.

Table 2: Ohio Counties by Geographic Regions, Appalachian Counties are bold and underlined.

Region Ohio Counties

Northwest Allen, Crawford, Defiance, Erie, Fulton, Hancock, Hardin, Henry, Huron, Lucas, Morrow, Ottawa, Paulding, Putman, Sandusky, Seneca, 
Williams, Wood, Wyandot, Marion, and Van Wert

Northeast Ashland, Ashtabula, Columbiana, Cuyahoga, Geauga, Lake, Lorain, Mahoning, Medina, Portage, Richland, Stark, Summit, Trumbull, 
and Wayne

Southwest Adams, Auglaize, Brown, Butler, Champaign, Clark, Clermont, Clinton, Drake, Fayette, Greene, Hamilton, Highland, Logan, Mercer, 
Miami, Montgomery, Preble, Shelby, and Warren

Southeast Athens, Belmont, Carroll, Coshocton, Gallia, Guernsey, Harrison, Hocking, Holmes, Jackson, Jefferson, Knox, Lawerence, Meigs, 
Monroe, Morgan, Muskingum, Noble, Perry, Pickaway, Pike, Ross, Scioto, Tuscarawas, Vinton, and Washington

Central Delaware, Fairfield, Franklin, Licking, Madison, and Union

All the data was organized by Ohio counties and no other data 
editing was done. Our objective to understand the risk factors for 
the differences in COVID-19 cases and deaths can be further divided 
into more detailed questions. The first question is to understand if 
there is a statistical difference in COVID-19 cases between regions. 
Understanding this question can help us see if COVID-19 infection 
can be attributed to geographical locations. The second question 
is to understand a possible relationship between the number of 
ICU beds per county and COVID-19 deaths. Understanding this 
information would help identify counties of attention during 
another viral pandemic to provide adequate numbers of ICU 
beds. The third question is to identify statistically significant risk 
factors that can predict which counties will have a higher COVID-19 
infection rate. The last question is to identify statistically significant 
risk factors that can predict which counties will have higher 
COVID-19 mortality.

Statistical Analysis

Statistical analysis considered one-way analysis of variance 
(ANOVA) and linear regression for continuous responses were 
considered with F-statistics and p-values presented to show 
statistical significance relative to hypothesis tests that the model 
of selected variables does not have a relationship with the 
dependent variable. From these determined statistically significant 
relationships, stepwise regression, consistent with [30], was 
used to develop parsimonious multiple linear regression models 
wherein variables were removed sequentially in a backward 
manner based on minimum Bayesian Information Criterion 
(BIC). Statistical calculations were performed using JMP 14 (SAS, 
Cary, NC) consistent with [31]. In statistical tests, p < 0.05 was 
considered statistically significant, however raw p-values are 
presented from the underlying statistical tests since many p-values 
were considerably smaller than 5%.

Results

Regional Differences in COVID-19 Responses are Apparent

Figure 3: COVID-19 infection rate by county for Appalachian vs Not Appalachian counties (T=2.02, p=0.047).
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Figure 5: COVID-19 infection rate by county for regions counties (R2=0.20, F=5.203, p=0.0009).

Figure 4: COVID-19 Death rate by county for Appalachian vs Not Appalachian counties (T=4.106, p<0.0001).

Figure 6: COVID-19 death rate by county for regions counties (R2=0.29, F=8.622, p<0.0001).
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First of all, the difference between Non-Appalachian and 
Appalachian counties were measured for COVID-19 rates by 
county, Figure 3, and COVID-19 death rates by county, Figure 4. 
Pooled t-tests were used, ANOVA was used and depicted in Figure 
3. As shown in Figures 3&4, a statistically significant difference 
is apparent in response where Appalachian counties had a high 
overall COVID-19 infection rate (T=2.02, p=0.047) and death rate 
(T=4.106, p<0.0001). To identify if there is a statistical difference 

of COVID-19 cases between regions, ANOVA was used and showed 
in Figure 4 (for overall COVID-19 rate) and Figure 5 (for COVID-19 
death rates).  In both cases statistically significant relationships 
exist, indicating a regionality aspect of the overall response to 
the COVID-19 pandemic in Ohio.  Results suggest that there are 
statistically significant differences between the Southeast and 
Northeast, Southeast and Central, Northwest and Northeast, and 
Southwest and Northeast Figure 6.

Overall Differences

2100,000 846,273 0.008* 0.44Deaths per Income R= − =

Figure 7: Linear regression relationship between income and COVID-19 death rate.

Figure 8: Multiple regression relationship with COVID-19 infection rate as dependent variable.
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Figure 9: Multiple regression relationship with COVID-19 death rate as dependent variable.

An interesting and statistically significant relationship was 
seen between county average (mean) income and the COVID-19 
death rate.  This is seen in Figure 7. As seen in this figure, as 
incomes increase the death rates generally decrease (R2 = 0.44, 
p < 0.0001). For this model, the residuals were approximately 
normal but had a heteroscedasticity issue, possibly due to an 
outlier with Athens County.  Notably, Athens has an overall low 
average income but also low death rate; this is possibly due to the 
county being predominantly rural and poor but also having with a 
major R1 university (Ohio University). Notably, while there were 
statistically significant linear relationships between the overall 
hospital bed (hospital + ICU) rates by county and both COVID-19 
overall infection rate (p=0.047) and COVID-19 Death rate (p=0.03). 
Both were of minimally predictive value (R2 =0.06 and R2 =0.07, 
respectively). In both cases, counties without hospital or ICU beds 
were excluded to avoid a bias, and thus this is limited in its results.  
Similarly, many other bivariate relationships were not statistically 
or practically significant.

Complex Relationships

Due to the apparent complex relationship in the data, a multiple 
regression was considered for both COVID-19 rate and COVID-19 
death rate as separate dependent variables.  In both cases, all 
collected variables were considered as independent variables using 
a stepwise approach, with a p-value threshold of 0.25 to enter and 
0.1 to leave.  This was iterative and performed separately for each 
dependent variable.  First the model in Figure 8 was produced. 
This model has a statistically significant multiple linear regression 
predictive relationship between these variables and COVID-19 
rate (p < 0.0001, R2 = 0.57). When a similar stepwise regression 

approach was used with the COVID-19 Death Rate as a dependent 
variable and other all collective data variables as independent 
variables using a stepwise approach, the model in Figure 8 was 
produced. This model has a statistically significant multiple linear 
regression predictive relationship between the variables in the 
parameter estimate table and the COVID-19 death rate (p < 0.0001, 
R2 = 0.57).

Discussion

Determining if there were significant differences of COVID-19 
responses (infections and deaths) between counties and regions 
of Ohio based on external and lifestyle variables was approached 
through available resources and analyzed.  The results firstly 
showed that Appalachian counties in Ohio, which are mostly rural 
and poor, had considerably higher incidents of both COVID-19 
infections and deaths than the rest of Ohio. Further differences 
were seen across other geographical regions of Ohio, suggesting 
that there are geographical differences between regions that allow 
for the differences in COVID-19 infection rates. Further research 
needs to be done to identify what geographical or demographics 
factors create these differences. When considering income as a 
predictor of COVID-19 deaths, a negative relationship was seen 
where counties with higher income saw lower death rates.  The 
implication is that counties with higher income rates have better 
healthcare or healthcare outcomes. When considering this result 
with the observations of Appalachian counties is that the relatively 
lower income of Appalachian counties could be a predictor for 
pandemic health impacts and thus a tool for use in future healthcare 
emergencies.
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When considering multiple variables through stepwise 
regression means, two different models were seen for COVID-19 
infection rates and death rates. While different variables were 
seen in both; some commonality was found where both included 
regional data about the counties, implying a cultural aspect of the 
health outcomes, as well as both income and the uninsured rate, 
further illustrating disparate health outcomes based on income 
and availability of medical care. Interestingly, COVID-19 death 
rates were further seen to have a predictive relationship with the 
unemployment level of the county going into the 2020 pandemic 
while the overall COVID-19 incident rate was seen to have a 
predictive relationship with the drug overdose rate of the counties.  
More understanding of these relationships could provide vectors to 
understanding and improving healthcare results.  Finally, this study 
was limited by data availability (additional factors such as public 
health spending rate per county were unavailable) and the small 
sample size (limited to only Ohio).

Conclusions

This study found predictive relationships between county level 
COVID-19 outcomes in Ohio and various demographic variables. 
Chief among these was if the county was considered part of 
Appalachia. Additionally, a link between COVID-19 outcomes and 
income and financial security was discovered; which could provide 
an indicator for intervention for future pandemics and medical 
emergencies.
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