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Abstract 

Background. The COVID-19 epidemic has had an extreme impact on society. This 

study aimed to discuss this epidemic in the U.S. and explore the association between 

COVID-19 daily incidence rate and influencing factors including people’s 

implementation of states’ quarantine policy and environmental factors including 

temperature, humidity and so on. 

Methods. Data of 50 states in U.S. were used as the research subjects. A panel data 

model was established based on the daily incidence rate and influencing factors from 

15 March to 30 September, 2020. The period was analyzed both unsegmented and 

segmented. The k-means clustering method was used to cluster the states, and panel 

linear regression method was used for correlation analysis. 

Results. The characteristics of the daily incidence rate and factors of the three 

categories were different after clustering. The daily residents at home, proportion of 

travel people, humidity and incidence rate were negatively correlated, while the daily 

temperature and incidence rate were positively correlated after unsegmented 

multivariate analysis. While after segmented analysis, the air pressure and the 

temperature showed a trend that was negatively correlated with the daily incidence 

rate respectively in the first and the fifth segment, other indicators showed the 

analogous results. At the same time, this study also completed the regression analysis 

after classification of the three groups. Compared with results without classification, 

there was a decrease of the number of significant independent variables. 

Conclusions. The spread of COVID-19 in 50 states in U.S. was related to quarantine 



measures, temperature and humidity. The progress of the epidemic would be 

relatively slow if people chose to stay at home. Besides, the increase in temperature 

(＜84.2℉) could be conducive to the spread of the epidemic, while the increase in 

relative humidity (40~70%) might inhibit the spread of the virus to a certain degree. 
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Background 

The rapid spread of COVID-19 has seriously affected people's health and daily life 

and imposed a great burden on almost every country and society [1-2]. 

  On 20 January, 2020, the Centers for Disease Control and Prevention of United 

States confirmed the first male case of infection [3]. On 31 January, the first case of 

human-to-human transmission was diagnosed in the U.S. [4]. On 5 March, 100 cases 

were diagnosed. On 18 March, the number of cases surged to 10,000. The outbreak 

was inevitable. Until 12 April, 50 states had issued a "Disaster Declaration". New 

York was the worst-hit area in the U.S. As a result of the limited implementation of 

domestic policies from the government and the intense discussions agued by 

American on "wearing masks" and "freedom and human rights" [5], as well as a series 

of protests triggered by major hot events, the epidemic didn’t reach a plateau after a 

surge like other countries [6], inversely, it had been in a stage of rapid growth. Until 

30 September, the cumulative number of confirmed cases had reached 7,400,589. 

  The COVID-19 is caused by the spread of the new coronavirus SARS-CoV-2, 

which can exist in the air or droplets and spread through breathing and talking when 

people contacting with others face to face [7-9]. In addition, this type of virus also has 

the characteristics of aerosol transmission [10-11]. Compared with SARS, the fatality 

rate of SARS-CoV-2 is a bit lower, but its community communication power shows a 

higher level [12-13]. 

  The spread of SARS-CoV-2 depends on droplets or aerosols, thus the influence of 

environmental factors such as temperature, humidity, rainfall, air pressure should also 



be considered [19-21]. Previous studies showed that the survival and spread of 

coronavirus are significantly affected by weather factors. The daily incidence rate 

reaches its peak at around 16-28℃ [22-23]. Some experimental researches showed that 

high temperature and high humidity will accelerate the inactivation of the virus [24-25]. 

The global economy showed a downward trend under the influence of COVID-19, 

and major industrial chains has had suffered heavy blows [14-15]. With reference to the 

SARS event in 2003, tertiary industries such as optional consumer industries 

(education and entertainment) were severely affected [16-18]. The unemployment of 

people working in the catering and tourism industries, or the sudden decline in the 

income of service personnel may lead to group social behaviors, such as 

demonstrations and large gatherings. This is a social problem that makes COVID-19 

spread through gatherings. 

  This study aims to discuss the development of the COVID-19 epidemic in the U.S. 

and analyze the association between COVID-19 daily incidence rate (DIR) and 

people’s implementation of states’ quarantine policy and environmental factors. 

 

Methods 

Data sources 

  In this study, data of 50 states in the U.S. were used as the research subjects. 

According to the data released by Johns Hopkins University [6], the DIR data of each 

state from 15 March to 30 September, 2020 were included as the dependent variable. 

Independent variable data included the proportion of daily residents at home (AHR), 



the proportion of daily travel (TR) was obtained from the website of the Bureau of 

Transportation Statistics [26]. TR equals to the number of travel times of American 

divided by the daily exposure population. Missing values were completed by linear 

interpolation. 

Environmental factors including daily temperature (T), humidity (H), air pressure 

(AP), wind speed (WS) and precipitation (PPTN) of state were collected from 

Weather Underground website [27]. Monthly unemployment rate (UR) and labor force 

participation rate (LFPR), overseas importing situation (OIS) data equals to importing 

frequency divided by the monthly exposed population were obtained from official 

website of the U.S. Department of Labor [28] and the Bureau of Foreign Import 

Statistics [29]. 

Preprocessing 

The onset of COVID-19 has a certain incubation period. Previous studies found 

that the effect time of exposure to coronavirus is 5-7 days [30-31]. Although there are 

some reports suggesting that it may be much longer [32], this study finally used 7-days 

incubation period determined by previous studies as the standard to preprocess the 

data, which means the respective variables (in days) would be correspond to the DIR 

after 7 days. 

In addition to the panel regression analysis of the DIR and the independent 

variables of 50 states from March to September, 2020, this study also took the time 

when the quarantine policy was issued and major events happened as the time-

splitting points, divided March to September into five segments. The main influencing 



factors of DIR at each segment were explored. The segmentation method is as 

follows: The isolation and class suspension policies were promulgated in most states 

around April 10. Starting from July 15th, U.S. states gradually resumed work and 

production until the coming of the election month in September. Therefore, based on 

the above time nodes, this study classified 15 March to 10 April as the first segment, 

11 April to 15 July as the second segment, 16 July to 31 August as the third segment 

and September as the fourth segment. Separately analysis between DIR and 

influencing factors was done after the stratification above. 

    first           second                third        fourth    

 

 15 March   10 April                 15 July     31 August   30 September    

Panel data model 

  Panel data is a set of two-dimensional cross-sectional data that contains both time 

and space. It can be understood as a set of data formed by intercepting certain 

characteristic values of i objects at t different time nodes [33]. Therefore, the panel 

data can be represented by double subscript variable 𝑦𝑖𝑡  . 

𝑦𝑖𝑡 = 𝛼𝑖 + ∑ 𝑥𝑖𝑡𝑘𝛽𝑘 + 𝑢𝑖𝑡                  (1)𝑘
𝑘=1  

𝛼𝑖 : intercept 

i = 1,2,3…N (Number of subjects) 

t = 1,2,3…T (Point of observation of each individual) 

k = Number of explanatory variables 𝑢𝑖𝑡 : random error 



We can also regard multi-indicator panel data as a composite matrix. For the same 

moment, the observation values of different indicators of all samples can form a time 

matrix. For the same indicator, several samples can be selected to observe it at each 

moment and these data can form an indicator matrix. 

This study used a panel data model to fit the daily incidence rates of 50 states in the 

U.S., and considered the development of COVID-19 both in the vertical - time 

dimension, and the horizontal – states dimension. Through the cluster and multiple 

linear regression model analysis of the panel data, the characteristic of both space and 

time dimensions of the epidemic can be separately explored. 

Statistical analysis 

  Firstly, the cluster analysis of the panel data model was conducted based on the 

traditional classic K-Means algorithm. The data in this study can be expressed as an 

n×d matrix X, while n is the number of samples (n=8450 in our study), d is the 

dimension of the samples (d=9 in our study). k cluster centers are expressed as k×d 

matrix C, while k=3, and each row of C represents a cluster center. The distance from 

the sample to the k centers is expressed as an n×k matrix D.  

According to the optimization problem (1) to assign each sample point to the new 

nearest class center (2) to form k classes and update the sample mean of this class as 

the class center. Then, update the class center iteratively until the class center keep 

stable.  
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  Group visualization is completed according to the maximum number of days that 

each research object belongs to a certain category in the research time. For example, 

according to our study, Alaska has most days in the third category, thus, we classified 

it into the third category (Figure 1).  

Except for 50 states regression, regression analysis of every one of the three 

classification of was also completed in order to test the impact of clustering results on 

the regression model.  

The hausman test was used to select random effects model or fixed effects model 

for panel regression analysis. And the fitting of the linear regression of the panel data 

model mostly performed by the ordinary least square method (OLS). After pre-

analysis, the regression model of 50 states had a low degree of fit (R-square<0.2). 

While based on the characteristics of panel data: the disturbance items between 

different individuals are independent of each other, but there is often autocorrelation 

among the disturbance items of the same individual in different periods, so this study 

used the robust command to perform regression analysis under the clustering robust 

standard error to reduce the overestimation of the influence of the independent 

variable on the dependent variable to obtain a more accurate linear trend. 

The python-based software code was built for cluster analysis and statistical 

description, stata16.0 software was used for panel linear regression analysis. X ± SD 

and M (P25, P75) were respectively used to describe normal and non-normal data. α = 

0.05. 



 

Results 

Cluster and basic situation 

  The above independent variables were used to cluster the 50 states, and the 

frequency distribution cluster graph is shown in Figure 1. The first category contains 

the states with characteristics of high DIR, low daily AHR and TR, high T, H, AP, 

PPTN, and low WS represented by Louisiana and Mississippi, contains 5 states. The 

second category are the states contains 7 states represented by Colorado and New 

Mexico, which has low DIR, high daily AHR and TR, low T, H, AP, PPTN and high 

WS. The third category is represented by Alaska and Maine, containing the rest 38 

states with low DIR, high daily AHR and TR, low T, high H, AP, WS and PPTN. 

The weekly incidence rate of the representative states in above categories were 

used to conduct a line chart drawn to observe the development trend (Figure 2), 

showing overall trends of these 6 states are continuously rising, with no platform 

period of the COVID-19 epidemic coming out. The basic situation of influencing 

factors of these 6 states is shown in Table 1. 

Multivariate analysis 

  After completing the hausman test, the fixed-effects model was selected for 

multivariate regression analysis. According to the unsegmented results, the daily 

AHR, daily TR, daily H and DIR are negatively correlated, and the daily T and DIR 

are positively correlated (Table 2). The linear regression equation can be written as:  

𝐷𝐼𝑅𝑢𝑑= -5.572e-04×AHR - 8.78e-05×TR + 1.77e-06×T - 3.17e-07×H + 5.20e-04 



  The regression results of the three categories after clustering were also listed in 

table 2. The results showed some differences after being divided into three clustering 

groups. In the unsegmented model, the number of significant variables of the three 

categories were all less than that given by the regression model of the 50 states. In R-

square's best regression model for the second clustering group, only AHR, TR and T 

were significant, and the significance of H only appeared in the model of the first 

clustering group. 

The monthly labor force participation rate (LFPR) is negatively correlated with the 

monthly incidence rate (MIR) of each state. The linear regression equation is:  

𝑀𝐼𝑅𝑢𝑑 = -4.60e-04×LFPR + 3.08e-02 

  In the first segment, the regression model for 50 states showed one more significant 

negative correlation variable AP than the unsegmented model, while AHR and T have 

no significant significance. The first and third categories also had such a significant 

AP variable. In connection with the previous clustering results, the AP level of these 

two categories were high, which is what they have in common. Besides, it is worth 

noting that in the regression model of the third category, daily H and DIR actually 

showed a negative correlation.  

In the second segment, the daily AHR, TR and H showed a negative correlation 

with DIR, the daily T and DIR are positively correlated. Similar to the unsegmented 

results, the regression results for 50 states showed more significant variables than that 

from three categories regression models. 

In the third segment, the regression model of 50 states and three categories all 



showed that the daily AHR and DIR were negatively correlated. Except for the 

significant positive correlation between T and DIR given by the regression model of 

the second categories, the impact of other environmental factors on DIR was not 

significant.  

In the fourth segment, the daily TR was positively correlated with DTR, and the 

daily T was negatively correlated with DIR. And in the second category regression 

model, there additionally existed the negative correlation between AHR and DIR. 

The linear regression equations can be written as below:  

𝐷𝐼𝑅𝑠1 = - 4.38e-05×TR – 6.11e-05×AP + 1.95e-03 

𝐷𝐼𝑅𝑠2 = - 4.92e-04×AHR – 8.11e-05×TR + 9.81e-07×T – 2.64e-07×H + 4.54e-04 

𝐷𝐼𝑅𝑠3 = - 8.33e-04×AHR – 4.38e-04 

𝐷𝐼𝑅𝑠4 = 4.96e-05× TR – 5.43e-07× T 

 

Discussion 

  Our research found that the impact of social factors like quarantine behavior on the 

COVID-19 epidemic is of significant. In addition, environmental factors such as 

temperature and humidity may also be the important factors for the development of 

COVID-19 epidemic. 

According to the cluster results, except Arkansas, which is a non-port city located 

north of Louisiana and Mississippi, the first category represented by Louisiana and 

Mississippi has the highest DIR among the 3 categories clustering from 50 states in 

the U.S. The remaining 5 states are all coastal cities located in the southern part of the 



American continent. Even if we have not obtained any positive association between 

OIS and DIR (Table 2), we can slightly speculate that the rising number of imported 

cases may bring a certain impact on the DIR in such states. If appropriate and timely 

measures are taken, the epidemic can be relatively controlled [34]. The DIR levels of 

the two other categories are not very high. The second category which includes 7 

states located in the western area of American continent except 3 coast states, only has 

a slightly more severe epidemic, obviously lower humidity, and slightly lower air 

pressure compared to the third category, playing a certain role in prompting the 

subsequent segmented / unsegmented linear regression analysis results.  

Besides, the first category has the highest temperature, with a median above 70 ℉, 

and the second, third category have a median between 60-70 ℉ and 40-50 ℉, 

corresponding to their DIR levels decreasing successively, which suggests that 

temperature is of great significance to the development of the epidemic (Table 1). The 

quarantine measures were not carried out successfully by American, as well as such 

tight medical conditions in the U.S. at that period, patients cannot be completely 

quarantined from susceptible people even if they have reduced the frequency of going 

out. Therefore, the unsegmented results may show a certain significance for the 

COVID-19 development. In other words, the development of COVID-19 epidemic in 

the U.S. is relatively very close to the natural epidemic model. 

Echoing the above clustering results, daily T and DIR are positively correlated 

based on March to August multivariate analysis results, while in September, the 

temperature and daily incidence are inversely correlated. Although most conclusion 



obtained in laboratories showed that lower temperature can lead a higher survival 

ability of virus [35-37], not only the resistance of the virus itself, but also the impact of 

environmental factors on transmission should be considered in the actual epidemic 

process. According to the research on the COVID-19 epidemic of various cities in 

China, the rise in temperature showed a positive effect on the incidence [22]. Previous 

studies [38] have also shown that the vitality of the virus is closely related to the 

increase in temperature. Referring to the spread of SARS in 2003 and MERS in 2012, 

the spread of coronavirus reached its peak at 82.4℉ [39]. Our results just fit this 

characteristic for the U.S. is located in the northern hemisphere with lower 

temperature than 82.4℉ for most dates during March to August, while the 

temperature in September is relatively higher – which homologizes winter to summer 

- corresponding to the positive correlation from unsegmented regression model and 

the negative correlation in September regression model (Table 2). Therefore, the 

temperature rise from winter to summer (＜82.4℉) may indeed lead to the 

acceleration of the virus spread in the U.S., while the higher temperature in September 

did inhibit the spread of the virus to a certain degree. Thus, we can speculate that the 

increasing vitality of SARS-2 virus occupies the main effect even if human immunity 

is also gradually rising.  

Since the third category contained 38 of the 50 states, its regression model result 

may have a significant representative meaning for the overall 50 states model. As 

mentioned in the results section above, the third category regression model showed 

the daily T and DIR actually were negative correlated, which may correspond to the 



study analyzed the epidemic situation from 20 January to 29 February, 2020 [40]. In the 

cold winter, the relative increase in temperature may inhibit the increase in daily 

incidence. This may be resulted from that a small increase in temperature in winter 

shows benefit for human immunity increasing and air ventilation with little change in 

virus activity at the same time.  

The average humidity of most states was basically between 40%-85% during the 

study period- the air was relatively moist, only several states had the lowest humidity 

around 20% (Table 1). According to the research of Noti [41], the most suitable 

humidity for the spread of coronavirus is around 40%, which is basically consistent 

with the negative correlation result between daily humidity and DIR obtained in this 

study (Table 2). However, except for the second segment, the correlation between 

daily H and DIR in the models of other segments was not significant. For the results 

of the daily AP and DIR in the first segment regression model of the 50 states, the first 

and third categories were negatively correlated, suggesting that the increase in air 

pressure might relatively inhibit the spread of the virus in the high-pressure weather in 

winter. Therefore, more research should be carried out in the future. 

For the quarantine policy implemented by people - the daily transportation 

situation, the first category has the lowest daily AHR, suggesting that the effect of 

quarantine on DIR is of certain significance. The multivariate results of unsegmented 

analysis show that the higher the daily AHR, the lower DIR, which confirms the 

crowd gathering characteristics of COVID-19 epidemic. The most effective self-

protection measure for susceptible people is to get away from the source of infection 



and wear a mask when facing a respiratory disease transmitted by droplets. Therefore, 

the inadequacy of protective measures caused the epidemic approaching to the natural 

development trend, as well as the reason why the epidemic in the U.S. did not reached 

any plateau for a long time. However, the factor daily TR has a different performance 

– the daily TR of the first category is of a lower percentage, while that of the second 

and third categories are significant higher. Multivariate regression results show that 

daily TR is negatively correlated with DIR, which seems to be inconsistent with the 

actual situation. There may exist two explanations: Firstly, the real proportion of daily 

TR is more than 100%, nearly reaching 200% (Table 1), which means every one of 

residents in these states has an average trip number around twice per day. We can infer 

that as long as people did go out (whether going downstairs to throw trash, going to 

the supermarket, et al.), any time was counted as a trip. Even a relatively low number 

of trips can lead to a certain degree of virus transmission yet, for community 

communication of COVID-19 is the most common way and the root cause for the 

whole world pandemic. Secondly, different developments of the epidemic situation in 

each state could have different impact on residents' travel - most people may choose 

not to travel when they find the situation is too serious. Therefore, further research 

will be carried out in the next step in order to judge whether the daily low TR due to 

the severe epidemic, or the daily high TR aggravated the epidemic and requires 

further research to discuss who is the real dependent variable. The reason why labor 

force participation rate carried out in monthly data was negatively correlated with 

DIR may be also similar to the daily TR, and needs to be further explored. 



Limitation 

Our research also has certain limitations. We only considered the situation of 

COVID-19 in the U.S. for inferring the factors affecting the global pandemic even if 

the development of it was relatively close to the natural model. In addition, there are 

a wide range of factors affecting the spread of COVID-19. We only included 

independent variables from two perspectives - which was subjective to a certain 

extent. Therefore, the R-square of most regression models was not high, and the 

results and conclusions could only serve as a partial reference. Even so, it was not 

easy to show the degree of correlation between significant variables and the DIR of 

COVID-19 in such models. Further research needs to be completed in the future. 

 

Conclusion 

  The spread of COVID-19 in 50 states in U.S. was related to quarantine measures, 

temperature and humidity. The progress of the epidemic would be relatively slow if 

people chose to stay at home. Besides, the increase in temperature (＜84.2℉) could 

be conducive to the spread of the epidemic, while the increase in relative humidity 

(40~70%) might inhibit the spread of the virus to a certain degree. 
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COVID-19       Coronavirus disease 2019 

U.S.             the United States 

DIR             the daily incidence rate 



AHR            residents at home 

TR              proportion of travel people 
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H               humidity 

AP              air pressure 

WS             wind speed 

PPTN            precipitation 

UR              unemployment rate 

LFPR            labor force participation rate 

OIS             overseas importing situation 
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Figure 1. The frequency distribution cluster graph 

Figure 2. The average weekly incidence rate trends of 6 representative states 
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The frequency distribution cluster graph



Figure 2

The average weekly incidence rate trends of 6 representative states
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