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Abstract: The COVID-19 disease spreads swiftly, and nearly three months after the first positive case was confirmed in China, Coro-
navirus started to spread all over the United States. Some states and counties reported an extremely high number of positive cases 
and deaths, while some reported too few COVID-19 related cases and mortality. In this paper, the factors that could affect the trans-
mission of COVID-19 and its risk-level in different counties have been determined and analyzed. Using Pearson Correlation, K-
means clustering, and several classification models, the most critical ones were determined. Results showed that mean temperature, 
percent of people below poverty, percent of adults with obesity, air pressure, percentage of rural areas, and percent of uninsured 
people in each county were the most significant and effective attributes. 
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1. Introduction 
COVID-19 disease is caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) with common symp-
toms of fever, dry cough, shortness of breath, and other signs of respiratory-related infections. World Health Organiza-
tion (WHO) reported that 80% of patients experienced these symptoms mildly. However, older people (>60 years old) 
and the ones with co-morbid diseases are at a higher risk for severe symptoms and death [1,2]. Besides, younger patients 
with no underlying disease might also experience severe symptoms or even die [3–5]. 
The first positive case of COVID-19 in the United States was reported in the state of Washington on January 20, 2020. 
By March 17, 2020, Covid-19 has spread across all US states [6,7]. Figure 1 shows the aggregated COVID-19 positive 
case and death count maps for all US states until November 6, 2020. Reports showed that on November 6, 2020, the top 
five number of positive COVID-19 cases belonged to the states of California, Texas, Florida, New York, and Illinois, 
while the top 5 death cases belonged to New York, Texas, California, New Jersey, and Florida. [8,9]. 

 
(a) 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 5 April 2021                   doi:10.20944/preprints202104.0132.v1

©  2021 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202104.0132.v1
http://creativecommons.org/licenses/by/4.0/


 

 Page | 2

 
(b) 

 

Figure 1 COVID-19 positive case and death counts maps for all states of the US, (a) COVID-19 positive case counts map, (b) 
COVID-19 Death counts map 

Previous studies showed that meteorological factors could have an essential role in the spread of a virus [10]. 
Temperature can affect the life cycle and proliferation of viruses; precipitation and rainfall can impact water-borne virus 
diffusion, while humidity and the wind speed can affect the dissemination of air-borne viruses [10–14].  

Different studies showed contradictory effects regarding the meteorological attributes on the transmission or life 
duration of Coronavirus. Liu et al. [15] studied the correlation between confirmed case counts and weather-related 
attributes. The results showed that diurnal temperature, ambient temperature, and humidity are significant attributes 
and have negative correlations with the transmission of COVID-19. Moges Menebo [16] revealed that the maximum 
temperature and the normal temperature (average of high and low temperatures) have positive, but precipitation has 
negative impacts on COVID-19 case counts. Ma et al. [17] evaluated the effects of meteorological and air pollutant fac-
tors on COVID-19 death rates. They concluded that diurnal temperature range and absolute humidity are positively 
and negatively associated with COVID-19 mortality rate, respectively. He et al. [18] studied the effects of temperature 
and relative humidity on daily COVID-19 confirmed positive cases in different Asian cities. Their study revealed that 
in different cities, the impact of temperature on COVID-19 confirmed cases could differ. In Beijing, Shanghai, and 
Guangzhou, the correlation between temperature and the number of positive cases was negative, while in Japan, it was 
positive. The study conducted by Pahuja et al. [19] demonstrated a positive correlation between the wind speed and the 
COVID-19 case counts. In contrast, Coccia [20] showed that the high wind speed could reduce the number of COVID-
19 cases.  

In addition to the meteorological factors, there are other factors that impact the transmission and spread of 
COVID-19 positive case and death case counts. They include air pollutant factors such as the concentration of air pol-
lutants (e.g., PM10 and SO2) [17,20], demographic factors (e.g., elderly people index, population density, etc.) [20], adults 
smoking history [21,22], location-based factors (e.g., latitude) [20,23–25], and disease-related factors (e.g., cardiovascular 
or respiratory disease experience) [20,22,26,27]. 

Reviewing the literature indicated that an analysis that took into account a comprehensive set of factors affecting 
the rate of positive COVID-19 cases and its death rate was missing. Besides, as Figure 1 shows, states with a high number 
of COVID-19 cases (e.g., Florida, New York, and California) are located in areas that are different in terms of geograph-
ical, health, demographical, and meteorological characteristics. However, the majority of the previous studies analyzed 
the factors affecting COVID-19 transmission in the areas with similar characteristics (e.g., geographical, demographical, 
etc.). This might lead to identifying biased influential factors. The mentioned issue could be addressed by considering 
more extensive areas (e.g., all US counties) with different geographical, health, demographical, and meteorological char-
acteristics.  

In this study, a comprehensive set of attributes that have a high impact on the transmission of the COVID-19 and 
its risk level in all US counties have been determined. This research conducts analysis to find out why some areas have 
higher COVID-19 positive cases and death rates than other areas.  
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2. Materials and Methods 
Materials 

The data used in this study was taken from various online sources from March 2020 to November 2020, including 
COVID-19 positive cases and deaths, demographic, meteorological, health, and location-based data separated by each 
US county (Table 1). To evaluate the risk level of each county, we used the COVID-19 positive cases and death rates 
(positive cases and death counts divided by the population of the county) instead of their actual numbers. For meteor-
ological data, we took the average of the data over all days of each month to have the average monthly data because 
the time-series nature of the meteorological data was not match with other databases used. The maximum and mini-
mum temperatures for each county were driven from the maximum and minimum temperature across all days from 
March to November. Population density along with the population of elderly people (>65 years old) and young people 
(<65 years old) have also been added to the dataset. All the parameters used in this study are shown in Table 1. 

TABLE 1 Parameters used in the study 

Category Parameters 

COVID-19 positive case rate, death rate 

location-based lateral coordinate, longitudinal coordinate, county Area, percent of 
rural areas 

meteorological 
minimum temperature, maximum temperature, mean temperature, 

wind speed, air pressure, precipitation, dewpoint 

Health 
number of ICU beds, number of staffed beds, percent of smokers, 
percent of adults with obesity, percent of people uninsured, per-

cent of adults with diabetes 

Demographic 

elderly population, young population, white population, non-white 
population, eightieth percentile income, twentieth percentile in-

come, percent of people below poverty, total population, popula-
tion density 

 
Methodology 

Figure 2 indicates the steps taken in this article to determine the key factors with higher effects on Coronavirus 
transmission and can mostly determine the risk level of each county. In the first step, we found and corrected the inac-
curate records from the dataset (data cleaning). Then, we calculated the correlation coefficients between different pa-
rameters, identified highly correlated parameters, and among the ones with high correlation, we chose only one varia-
ble. We then applied clustering with the two key parameters of positive case rate and death rate as features. Counties 
were then labeled based on clustering results such that each label was considered as a class. In the next step, we applied 
different classification models on the complete dataset, and the best model was determined based on the accuracy rates. 
Finally, the significant parameters were selected for the analysis. 

 

 
 

Figure 2 Methodology used in the current study 
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3. Results 
Data Cleaning 

After combining the data from various sources, it was revealed that many values were missing (Figure 3). One 
reason was the name mismatch between different counties in different datasets. Moreover, the number of ICU beds for 
some counties was missing. So, they have been imputed by zero. Missing values for the demographic data were replaced 
with data from the United States Census Bureau website [28]. If no data was available for a specific county, values were 
imputed using the average of the non-missing values of that parameter across the neighboring counties. For example, 
the missing precipitation, air pressure and dewpoint values for the “District of Columbia” county were replaced with 
the corresponding data for “Arlington” county in Virginia state. The total number of counties analyzed in the current 
study was 3131.  

 

 
 

Figure 3 Missing values plot 

 
Correlation check 

After normalizing all independent parameters, Pearson Correlation was applied to the data, and the parameters 
with high linear correlation (more than 0.8) were removed. The remaining parameters for further analyses are shown 
in Table 2. 
 

TABLE 2 Final parameters used in this study 

Category Parameters 

COVID-19 positive case rate, death rate 

location-based longitudinal coordinate, county area, percent of rural areas 

meteorological mean temperature, Wind Speed, precipitation, air pressure 

health number of ICU beds, percent of smokers, percent of adults with obe-
sity, percent of people uninsured, percent of adults with diabetes 

demographic 
eightieth percentile income, percent below poverty, population den-

sity 
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Clustering Analysis 
To determine the COVID-19 risk level of each county, K-means clustering was done based on COVID-19 positive 

case rates and death rates. The cluster number for each county was used as its label (dependent variable) for the classi-
fication analysis. 

To determine the optimal number of clusters that can define the risk level of each county, the Elbow method is 
used (Figure 4). The Elbow method is a visual method that can determine the optimal number of clusters considering 
the total within-cluster sum of squares of Euclidean distances (the cost). The optimized k value (k is the number of 
clusters) is such that adding another cluster (k+1) does not significantly decrease the cost. In the Elbow method plot, the 
optimal k value is located at the elbow of the curve. [29,30] 

Figure 4 shows that k=3 could be the optimal number of clusters. As it can be seen in Figure 5 (clustering results), 
counties were clustered into three clusters of low-positive-case low-death, medium-positive-case medium-death, and 
high-positive-case high-death. The county located far apart from the other points belongs to New York County, which 
had a positive case rate of 15.5% and a death rate of 1.5%. 

 

 
Figure 4 Elbow Method 

 
Figure 5 Clustering output plot 

 
Figure 6 and Table 3 show some characteristics of each cluster. As results showed, cluster 1 seemed to be the low-

risk cluster. It contained the highest number of counties with the lowest positive case rate and death rate on average. 
On the other hand, cluster 3 had the lowest number of counties but the highest positive case rate and death rate on 
average, which referred to high-risk counties. Cluster 2 is considered as the medium-risk cluster. 
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In the next section, the result of clustering analysis was used to find significant parameters that affect the COVID-
19 risk level of each county by means of classification analysis. 
 

TABLE 3 Cluster attributes 

Cluster number Counts 
Mean Positive Case 

Rate 
Mean Death 

Rate 
1 1873 1.231e-2 1.838e-4 
2 1024 2.966e-2 6.639e-4 
3 234 5.257e-2 18.293e-4 

 
 

 

(a) 

 

(b) 
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(c) 

Figure 6 Clustering Results: (a) Number of counties in each cluster; (b) Positive Case Rate; (c) Death Rate 

Classification Analysis 
To determine the significant factors, different classification models have been applied to the data. Based on the 

accuracy values attained, the best model was used to select the factors with the highest importance in the transmission 
of the COVID-19. 

To extract significant factors, several classification models shown in Table 4 were applied to the dataset. The data 
was divided into train and test sets (80% and 20%, respectively). Table 4 shows the train accuracy and the test accuracy 
for each model. Among the classification models, Random Forest was overfitted on the data. XGBoost obtained a very 
low performance. SVM models, KNN, QDA, LDA, and MLR performed almost similarly on the test data. SVM and 
KNN coefficients are not interpretable. QDA performed poorly compared to LDA and MLR since the QDA fitted the 
more flexible classifier than necessary. LDA and MLR performed very similarly in this study. LDA makes more restric-
tive Gaussian assumption. However, the normality assumption was not satisfied on the current dataset. Therefore, to 
balance between the accuracy and complexity of the model, we chose the multinomial logistic regression (MLR) model 
as the best describing model. 
 
Evaluation 

Further analyses were finally performed to answer the research question: What makes a county be high-risk while 
another county has low risk against COVID-19 disease. 

To extract the significant factors, a backward selection approach was used based on the p-values of the coefficients 
in the multinomial logistic regression model. Considering 95% of confidence interval, final significant factors were de-
termined. The final factors were mean temperature, percent of people below poverty (people with income lower than 
the threshold determined by the United States Census Bureau [31]), percent of adults with obesity (BMI > 30 [32]), air 
pressure, percent of rural areas, and percent of people uninsured. It should be noted that other models with acceptable 
accuracy values (e.g., LDA, KNN, and SVM) suggested almost the same significant factors as MLR. 
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TABLE 4 Train and test errors of the classification models used 

Method Train Accuracy Test Accuracy 

Multinomial Logistic Regression 71.69% 68.58% 
LDA 71.01% 68.74% 
QDA 68.29% 66.35% 
KNN 75.20% 70.18% 

SVM Linear 70.41% 68.74% 
SVM Radial 77.84% 70.02% 

SVM Polynomial 77.20% 69.06% 
Random Forest 100.00% 71.61% 

XGBoost 12.22% 26.16% 
 

 
Significant Variables 

In this step, the MLR model is applied only to the significant variables. The cross-validation accuracy and test 
accuracy were 70.45% and 66.83%, respectively. Table 5 shows the coefficients of significant variables driven from the 
MLR model. The second columns are the coefficients (log odds units) of variables of cluster=2 compared to cluster=1, 
and the coefficients (log odds units) of the third columns are for cluster=3 compared to cluster=1. As an illustration, one 
unit increase in mean temperature increases the odds by exp(0.5662)=1.7616 of being a county in cluster=2 vs. cluster=1.  

 

TABLE 5 Log odds unit of significant variables 

Variable cluster=2 cluster=3 
Intercept -0.64 -3.0006 

mean temperature 0.5662 0.7778 

percent below poverty 0.2861 0.9019 

percent adults with obesity 0.2517 0.2671 

air pressure -0.3616 -0.7727 

percent of rural areas -0.4293 -0.2039 

percent of people uninsured 0.2892 0.3852 

 
Table 5 demonstrated that increasing the average temperature, percent of people below poverty, percent of adults with 
obesity, and percent of people uninsured would enhance a county's chance to be in a cluster with a higher level of 
COVID-19 risk. On the other hand, increasing the air pressure and percent of rural areas would decrease that chance. 

Previous studies concluded that there is a positive relationship between temperature and COVID-19 cases 
[16,17,33]. The results of this study were in line with their conclusion. Higher average temperature belonged to clusters 
2 and 3, which had higher COVID-19 positive case rate and mortality rate.  

Results revealed that the percentage of people below poverty in a county was positively associated with belonging 
a county to a cluster with a higher level of COVID-19 risk, as shown in Table 5. Low-income people might have limited 
access to health products such as masks and sanitizers, which have high effects on virus transmission and vitality 
[34,35]. They are more likely to work out of their homes due to unstable jobs and income or less likely to have reliable 
and valid information about the COVID-19 disease [36,37]. 

Moreover, low-income people are less likely to have health insurance (the higher percentage of people uninsured). 
So, due to high medical expenses, they prefer not to go to clinics/hospitals or use medications, which might increase the 
COVID-19 death rate and, as a result, increase the association of a county to a higher risk cluster. 
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As the center for disease control and prevention [38] claimed, obesity would increase the risk of COVID-19 death. 
Besides, obesity would affect the immune system adversely. These are in line with the findings of this study. As the 
obesity percentage in a county increases, the chance of being in the high-risk cluster would increase as well. 

Results demonstrated that air pressure was another significant factor which negatively associated with belonging 
a county to a higher risk cluster. Air pressure determines the precipitation, wind, and weather condition. High air pres-
sure is associated with mild wind and calm weather [39]. So, as the study of Coccia [20] claimed, it decreased the trans-
mission of COVID-19. So, it lowered the association of a county to higher risk clusters. Research conducted by Takagi 
et al. [40] also demonstrated that high air pressure would reduce the COVID-19 prevalence. 

Considering the percent of rural areas in each county, Table 5 indicated that counties with higher percentages of 
rural areas almost belonged to cluster 1 (low-risk cluster). In rural areas, people can keep physical distance from others 
which is one of the most important factors to prevent the transmission of COVID-19. However, in rural areas, some-
times, accessing advanced medical centers is lower. 

4. Discussion 
In this paper, several demographic, meteorological, geographic, and health factors have been analyzed to deter-

mine the critical parameters which highly affected the transmission of COVID-19 in the US counties and to determine 
each county’s risk level. To do so, aggregated COVID-19 positive cases and deaths for each county were driven, and 
then their rate with respect to population was calculated. Next, K-means clustering was applied to these two rates. 
Based on the Elbow method, three clusters were chosen titled row-risk (low-positive-case low-death), medium-risk 
(medium-positive-case medium-death), and high-risk (high-positive-case high-death) clusters. The labels obtained from 
clustering were then considered as the nominal dependent variable for classification. 

In the next step, Pearson Correlation was applied to all factors to remove those highly correlated ones. Sixteen 
variables were kept for further analyses.  

Using cluster labels, several classification models with 10-fold cross-validation were applied to the data. Based on 
the train and test accuracy, multinomial logistic regression (MLR) was finally chosen as the best model to determine the 
significant variables. Finally, six factors of mean temperature, percent of people below poverty, percent of adults with 
obesity, air pressure, percent of rural areas, and percent of people uninsured were chosen. Increasing the mean temper-
ature, percent of people below poverty, percent of adults with obesity, and percent of people uninsured would increase 
the belonging of a county to the higher risk cluster. On the contrary, increasing the air pressure would increase the 
association of a county to the lower risk cluster. Counties with higher percentages of rural areas seemed to belong to 
the low-risk cluster mostly. 
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