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1. Abstract  

The novel COVID-19 virus has drastically altered the lives of the human race in ways most deemed 

unimaginable. In the United States alone, over 1 million cases have been detected and upwards of 

60,000 people have succumbed to the virus [1]. Thus, we decided to delve into an analysis of COVID-19 

deaths at the county level in the United States. We wanted to determine what variables lead to higher 

deaths in counties across the U.S.. After our analysis, we  found that race, internet/electronics, and 

age/health-care status were directly correlated with COVID-19 deaths. However, we concluded that our 

regression model could not be used to accurately predict deaths.  

 

2. Analysis 

2.1. Data 

In order to conduct our analysis on COVID-19 related deaths in the United States, we utilized several 

reliable data sets. Our primary data source is the Johns Hopkins COVID-19 github repository [3]. This 

source is largely recognized as the most comprehensive and widely used data set in the world. It pulls 

directly from WHO and CDC data sources. Our other main data source is the US Census [4] which 

provides a vast array of demographic data by county level in the US.  

 

2.1.1. Data Cleaning and Inclusion 

For the scope of our project, we utilized the COVID-19 data by U.S. county. We decided to focus mainly 

on deaths due to the lack of testing and the high likelihood that current case estimates are gross 

misrepresentations of actual infections. We also decided to solely focus on the U.S. to narrow the scope 

of our project, avoid discrepancies in data between countries, and take advantage of widely available 

demographic data provided by the US Census.  

 

Our next major decision on data inclusion came when we discovered how much of an outlier New York 

County was in our data. New York County is clearly the epicenter of the U.S. coronavirus outbreak, but 

after considering the goals of our project, we deemed it necessary to exclude the county from our 

analysis. Our primary objectives are to understand and predict which variables make counties more 

susceptible to the virus’s spread. Due to the extreme nature of New York, New York’s situation, it would 

not be helpful to include it in our analysis. On a similar note, we decided to exclude all counties with 

zero deaths. They may have provided us some insights into what prevents the spread of the virus, but in 

our preliminary analysis, we found that they simply muddled the data and were not useful in our 

prediction models.  

 

2.2. Preliminary Analysis 

During our preliminary analysis of the data, we explored direct relationships between the US Census 

data that we gathered and the COVID-19 data. For our comparisons, we largely utilized the metric of 

“Deaths per 100,000” people in order to normalize population differences between counties. We believe 
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this metric to be the most useful in analyzing the impact on counties, because it is directly related to 

hospital capacities within counties. In other words, absolute deaths is not as helpful as a metric because 

larger counties will likely experience more deaths but also likely have a proportionally higher hospital 

capacity.  The impact of this decision to focus on deaths per 100,000 can be seen at a high level by 

comparing Figure 1 and Figure 2. Counties with smaller absolute deaths but a high number of cases per 

capita, like Orleans, are brought into the picture as a result.  

 

Figure 1: Deaths Per County

 

 

Figure 2: Deaths Per 100,000 People by County 
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2.2.1. Density 

The first metric we studied was population density. Figure 3 below shows that there may be less of a 

relationship than one would expect. Although there does seem to be some positive correlation, when 

comparing with normalized death counts, the relationship is smaller than we expected.  

 

Figure 3 

 

 

 

2.2.2. Race 

Next, we studied the relationship between race and COVID-19 deaths. Our results were quite striking.  

We found that there is a clear negative correlation between the percentage of white population and 

deaths per 100,000 people [Figure 4]. On a similar note,  we found a positive relationship between 

counties with higher black populations and deaths. It was also interesting to learn that the black 

counties most impacted tended to have lower population densities  [Figure 5]. The relationships of Asian 

and Latino/Hispanic communities were not as clear [Figure 6, Figure 7].  
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Figure 4 

 

 

Figure 5 

 

 

 

 

 

 

 

 

4 



5/1/2020 

 

Figure 6 

 

 

Figure 7 
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2.2.3. Housing 

Before our analysis, we expected poorer counties to be disproportionately impacted by the virus. 

However, this was not the case. We found no relationship with these variables [Figure 8, Figure 9].  

 

Figure 8 

 

 

Figure 9 
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2.2.4. Internet and Electronics  

We found an interesting relationship between counties lacking internet and increased normalized death 

rates [Figure 10]. We hypothesize that this may be due to lack of awareness by individuals in the 

community. We found a similar relationship with household electronics [Figure 11].  

 

Figure 10 

 

 

Figure 11 
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2.2.5. Health Care and Age 

In the final part of our preliminary analysis, we found that a higher percentage of older people within 

communities had led to higher deaths [Figure 12]. This was expected as it is currently a highly studied 

subject. Next, we looked at health-care coverage. We first looked at the relationship with “Deaths per 

100,00” and found that it was positive. However, we looked further into “Death Rates” [Figure 13] and 

found an even stronger relationship between the variables, especially for individuals between the ages 

of 19 and 34 [Figure 14].  We expect that those without health insurance may be less healthy than those 

with insurance and/or less willing to seek help in the early stages of an illness, leading to greater chance 

of death.  

 

Figure 12 

 

 

Figure 13 
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Figure 14 

 

 

2.3. Regression Analysis  

After analyzing the graphs above, we decided to run a regression analysis to see if we could accurately 

predict the number of deaths in a county. We removed collinear variables that number of deaths may be 

dependent  such as number of cases and death rate. As seen in Table 1, the following variables led to 

lower Deaths in the county due to negative coefficient values: Males, PCT65, Occupied_Housing_Units, 

Home_Ownership_Rate, Median_Rent, and Pct_NoCoverage. The rest of the variables were positive. 

When we use a statistical significance level of .05, only the following variables seem to be significant: 

Population, Pct_Asian, Housing_Units, Occupied_Housing_Units, and Density.  
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Table 1 

 

 

The next regression that we ran had the same independent and dependent variable as above, but 

instead of removing counties that had less than 15 deaths per 100,000 people, we removed counties 

that had cases lower than 750 cases per 100,000 people to see if we’d have better results. As seen in 

Table 2,  we got different coefficient values and a higher R-squared value. The following variables led to 

lower Deaths in the county due to negative coefficient values: Pct_White, Occupied_Housing_Units, 

Home_Ownership_Rate, Median_Rent, Pct_NoComp, and Pct_NoCoverage_19to34. When we use a 

statistical significance level of .05, only the following variables seem to be significant: Population and 

Occupied_Housing_Units. 
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Table 2 

 

 

 

2.3.1. Regression Analysis Limitations  

Based on our results from our preliminary analysis and general information known about the virus, the 

second regression seems to be more accurate. For example, we have seen that minorities have been 

disproportionately affected by the virus. In addition, the older you are, the more likely you are to die 

from the virus. This is best represented from the regression in Table 2.  

 

Although our regressions have relatively high R-squared values, the results are not very promising. Most 

of the variables are not statistically significant to relate to the rest of the total population. We 

hypothesise that there are many different factors not included in the scope of this report that impact 

COVID-19 death counts and case rates. One example of this is the differing policy taken up by States. We 

expect this to have been a significant factor in the spread of the virus so far but this variable was not 

included in our analysis.  
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3. Conclusions and directions for future research 

COVID-19 has altered many things in our lives but has highlighted the importance of data analytics to 

“see the unseen.” This report attempted to determine which demographics lended to higher mortalities 

in counties in the United States. Some interesting findings were based on population, race, 

internet/electronics, and age/health-care status.  Surprisingly, we did not find a strong relationship 

between population density and deaths; there was a weak positive relationship [Figure 3]. We found a 

clear negative correlation between the percentage of white population and deaths per 100,000 people 

[Figure 4] and a positive relationship between counties with higher black populations and deaths [Figure 

5]. In addition, we found that counties lacking internet access had increased death rates [Figure 10]. This 

may be due to an absence of knowledge about the virus due to lack of connectedness to the world. 

Further, we found that those without health insurance tended to have higher death rates. This may be 

because those without health insurance are less willing to seek help in the early stages of an illness, 

leading to greater chance of death. The results of our regressions were not as promising as we hoped, 

which is likely due to the countless other variables that affect the spread of a virus not included in our 

analysis. Going forward, it would be very interesting to study how the regression changes as the data 

continues to be updated. Finally, when this pandemic has come to its close, we can compare how our 

results fared by comparing current data and future data.  
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