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Abstract

:

COVID-19 has been widespread in all countries since it was first discovered in December 2019. The high infectivity of COVID-19 is primarily transmitted between people via respiratory droplets on contact routes, which makes it more difficult to prevent it. Air quality has been considered to be highly correlated with respiratory diseases. In addition, population movement increases contact routes, which increases the risk of COVID-19 outbreaks. For epidemic prevention, the government’s strategies are also one of the factors that affect the risk of outbreaks, including whether it is mandatory to wear masks, stay-at-home orders, or vaccination. Wearing masks can reduce the risk of droplet infection, while stay-at-home orders can reduce contact between people. In this study, the number of COVID-19 confirmed cases and active cases of COVID-19 will be estimated according to the population movement, outdoor air pollution, and vaccination rates. Using the estimated results, the average recovery time will be predicted by Queuing Theory. The predicted average recovery time will be brought into risk analysis to estimate the possible high-risk periods. We compare the estimated high-risk periods with epidemic-prevention measures to provide a reference to evaluate the epidemic prevention plans enforced by relevant government agencies to achieve an improved control measure over the epidemic situation.
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1. Introduction


Since the first discovery of the novel coronavirus disease (COVID-19) in December 2019, all countries have been trying to control the outbreak of the epidemic. The high transmissibility of COVID-19 and its high mortality forced governments around the world to enforce different epidemic prevention strategies. However, the characteristics of COVID-19 make it more difficult to predict and prevent. By now, many countries understand how to respond to the outbreak after a difficult period at the beginning of the outbreak.



Epidemic prevention measures are enforced to control and reduce the outbreak, including whether it is mandatory to wear masks, lockdown or stay-at-home orders, or vaccination. The guidelines on when to implement enforcement and when these epidemic prevention measures can be lifted are keys to successfully controlling the outbreak. Currently, many countries have already relaxed the relevant epidemic prevention measures prematurely. The decision is causing the epidemic to break out again in a more serious situation. The risk of the current outbreak and factors that affect the outbreak has become extremely important for the current government to respond to relevant epidemic prevention measures.



According to World Health Organization (WHO) [1], COVID-19 is mainly transmitted via droplets from person to person. Droplets released by activities of the infected person, such as breathing, talking, or coughing, can cause infection relative to surrounding individuals via direct inhalation. Due to the different sizes of droplet particles, the larger-diameter droplets will quickly land on the ground or the surface of the object, while smaller-diameter droplets will be suspended in the air for minutes to hours. When the footprint of the population and the infected person overlap, the risk of infection will be greatly increased. Thus, population movement can be regarded as a major factor affecting the risk of infection.



However, population movement is not the only one that increases the risk of infection. In recent years, the impact of air pollution has given us a better understanding of the relationship between air quality and respiratory diseases. Many researchers confirmed that air pollution increases the risk of respiratory diseases. A study [2] showed that particulate matter (PM) and gaseous pollutants (i.e., ozone, nitrogen dioxide, and sulfur dioxide) have a more significant effect on asthma. Long-term exposure to high levels of air pollutants can affect the development of children’s respiratory systems [3]. For respiratory diseases, particulate matter (PM) in pollutants has been shown to cause respiratory-related diseases [4]. Because of its small particle size, it can enter the human body through breathing and then penetrate the alveoli to circulate in the human body. In addition, air quality and pollutants have certain influence factors on diseases. Fine aerosols may also enter the body with pollutants attached to the particles. These characteristics also allow the COVID-19 virus to attach to the particles and enter the body, causing infection [5]. A study [6] showed that areas with more serious air pollution in most countries will also have a higher risk of COVID-19 outbreaks. Therefore, air pollutants, besides droplets, can also be considered as a route for COVID-19 transmission.



In [7], the authors confirmed that there is a certain correlation between population movement and the increase in finely suspended particulates (PM    2.5   ), which can be suspended in the air for hours. The travel behavior of infected people will make the epidemic spread further, and the virus will spread along the route of these infected people. Taking Wuhan, which was the first infected city, as an example, some studies found that the increase in confirmed cases in other cities is closely related to the population inflow in Wuhan [8]. The correlation between the two further suggests that population movement and air pollutants have a clear impact on COVID-19. In addition, the first vaccine against COVID-19 was developed and administered in December 2020. The emergence of the vaccine effectively reduced the severity of the disease rate after infection, thereby reducing the risk of death [9]. As the result, more patients recovered from COVID-19, and the number of confirmed cases declined. Therefore, we also consider the ratio of vaccine administration as one of the important factors affecting the epidemic in our study.



This study will predict the number of confirmed cases and active cases of COVID-19 in the future via three factors—population movement, outdoor air pollution, and vaccination rates affecting the epidemic situation. Next, we will conduct a theoretical analysis of queuing with the predicted results to obtain the average recovery time. Then, the predicted results will be evaluated with the risk analysis for the future high-risk period of the epidemic. We compare the estimated high-risk periods with epidemic prevention measures to provide a reference to evaluate the epidemic prevention plans enforced by relevant institutions to achieve an improved control measure of the COVID-19 epidemic situation.




2. Materials and Methods


The objective of this study is to predict and analyze the outbreak risk of COVID-19 with population mobility, outdoor air pollutants, and vaccination data. The overview of the proposed method is shown in Figure 1. In Section 2.1, data collected for this research study will be discussed. Next, data preprocessing will be presented in Section 2.2. The next step is the correlation analysis, which will be discussed in Section 2.3. In Section 2.4, the data will be further analyzed for the lagged effect. Before the data prediction (Section 2.6), data need to be portioned and merged according to different prediction methods (i.e., second data preprocessing) in Section 2.5.



2.1. Data


This study uses population mobility, outdoor air pollutants, and vaccination data from California, Florida, New Jersey, and New York between 13 January 2020 and 31 December 2021, for a total of 719 days. This study selected the data from the four states of the United States because the states’ populations are relatively sufficient. Since 2020, the four states have experienced more than one outbreak, which is more suitable for analyzing the differences between each outbreak. We obtained the daily confirmed number and active cases from Worldometer [10] and USAFacts [11].



Air pollution data were obtained from the official website of the United States Environmental Protection Agency [12]. The data obtained for each state are the daily maximum 1 h NO   2   concentration, daily maximum 1 h SO   2   concentration, daily maximum 8 h Ozone concentration, daily average PM    2.5    concentration, and daily maximum 8 h CO concentration.



Population mobility data were obtained from the mobile trend report provided by Apple Maps [13]. The daily traffic volume of each state is the total value of daily driving, walking, and taking public transportation. The traffic volume of Apple Maps is the number of navigation requests made by users relative to Apple Maps. The reason why our study chose Apple Maps data instead of Google Mobility data is that the iOS system accounts for more than half of the US population according to the US mobile phone system statistics provided by the Statista database [14].



The number of people in the US who received two doses of the vaccine was obtained from Our World in Data [15]. The vaccination data set of Our World in Data collected the most recent official numbers from governments and health ministries worldwide. This study selected California, Florida, New Jersey, and New York for our study. The data collection time is 13 January 2020–31 December 2021 for a total of 719 days.




2.2. Data Preprocessing


After data collection is completed, we first deal with the missing values of the air pollution data in two ways. First, if the monitoring station is missing one day’s length of data, the average number of the previous and the next date’s values is used as the missing day value. Second, if data are missing for more than one day, we will remove the data from the monitoring station. We notice that the PM   10   values of most monitoring stations in each state were missing for more than one day. Thus, PM   10   data were excluded from our study. After dealing with missing values, the daily average is calculated to represent the air pollution of each state.



The second data pre-processing step is the Active Case data for COVID-19. The formula of the active medical record data provided by the Worldometer [10] is as follows.


  Active   Cases = Total   Cases − Total   Deaths − Recovered Recovered  



(1)







Since it comprises cumulative data, this study needs daily active cases. Thus, we calculated the daily active case according to Active Cases(AC) data as follows:


  A  C t ′  = A  C t  − A  C  t − 1    



(2)




where   A C   is the Active Case data set, and   A  C t    is the   A C   data at time t. After subtracting the   A  C t    data at time t from the   A  C  t − 1     data at time   t − 1  , we can obtain the   D a i l y A c t i v i t y C a s e s   (  A  C t ′   ) at time t.



After data preprocessing, we conducted a correlation analysis on the processed data. First, air pollutant data for each state were analyzed to understand the characteristics of the data.



Table 1 shows the population and the land area of each four states. The population density is from high to low in New Jersey, New York, Florida, and finally California. The population density of New Jersey is four times that of the other three states. All four states have railroad systems. Bus transportation is more common in New Jersey and New York.



To analyze the data of each state, we first use the average air pollution (i.e., SO   2  , NO   2  , PM    2.5   , Ozone, and CO) of the four states in 2019 to observe the characteristics of each state. Next, we compare the air pollutant data of each state before and after the COVID-19 outbreak to understand changes in air pollution levels in each state.



From Figure 2, for New York and New Jersey, the levels of NO   2   and SO   2   pollutants decreased significantly before and after the epidemic. The sources of NO   2   and SO   2   pollutants were mostly produced by vehicle emissions. However, the average level of PM    2.5    increased in Florida and California. This may be related to the wildfire that produces PM    2.5   . In the case of the Ozone, a significant decrease can be found in California, which had the highest concentration of Ozone before the outbreak. Only Florida had the most significant increase in CO. The five pollutants can be seen to fluctuate before and after the outbreak. With respect to whether this means that they have a certain correlation with the COVID-19 outbreak, more analyses are conducted in the following sections.




2.3. Data Correlation Analysis


In order to understand whether the influencing factors selected for the study are related to COVID-19, this study conducted a correlation analysis on the collected data. First, data are divided according to different epidemic prevention policies, such as the stay-at-home order. We divided the data into three periods. Period 1 includes epidemic prevention measures that have not been implemented. Period 2 is the stay-at-home order enforced. Moreover, Period 3 is when the stay-at-home order is lifted. The stay-at-home order period selected for the study is the state-wide stay-at-home order, and the stay-at-home orders in specific regions are not considered.



After the stay-at-home order was lifted, the state government issued less strict epidemic prevention measures such as wearing masks. In addition, vaccination was started at the end of 2020, so there is no vaccination data for the first two periods. The main reason why the study chooses to divide the data into different periods is that different epidemic prevention policies have a certain impact on air pollutants and population movement. Under these influences, the characteristics selected in the study also have different correlations with the number of confirmed cases and the number of deaths. Therefore, we decided to observe the correlation of the air pollutants and population movement data in different periods according to the time periods listed in Table 2.



We used Pearson’s Correlation [16] to ensure the correlation coefficient. Pearson’s Correlation coefficient is used to measure the degree of relationship between two variables. It is known as the most useful technique for measuring the relationship between the variables of interest because it is based on the covariance method. It provides information about the magnitude and the direction of the association between variables. Pearson’s Correlation formula is as follows:


  r =     ∑  t = 1  n    (  x t  −  x ¯  )   (  y t  −  y ¯  )        ∑  t − 1  n     (  x t  −  x ¯  )  2        ∑  t = 1  n     (  y t  −  y ¯  )  2       



(3)




where r is the correlation coefficient, n is the data set size,   x t   is the data at time t (i.e., air pollutants/population mobility/vaccination rate),   y t   is the data on the number of confirmed cases at time t, and   x ¯   and   y ¯   are the mean averages of the data   x t   and   y t  , respectively. The calculated correlation value r should be between −1 and 1, which indicates a negative or a positive correlation, respectively.



Table 3 presented the results of Pearson’s Correlation of the collected data relative to the number of confirmed cases of COVID-19 within different periods. The results are also consistent with the results of the analysis in the previous subsection. New Jersey and New York have similar correlations results due to their similarity in air pollution, population mobility, and confirmed cases in the three periods. Population movement is highly correlated with the number of confirmed cases, which suggested that population movement is a major factor in terms of the spread of the disease when epidemic measures have not been implemented in the early stage of the epidemic.



In Period 2 of the stay-at-home order, the correlation between population mobility and confirmed cases has a downward trend due to restricted population movement. We notice that the level of SO   2   pollutants gradually increased in New Jersey and New York; see Figure 2. We suspected that the stay-at-home order limits the availability of public transportation, which in turn increases the driving behavior and results in producing more SO   2  .



In Period 3, the correlation between air pollutants and population movement with the number of confirmed cases is higher compared with Period 2. When the stay-at-home order was lifted and people returned to normal life, air pollutant levels gradually increased. With the impact of epidemic prevention policies (i.e., Period 2), the correlation of air pollution decreased, but the correlation between driving and walking increased. After the end of the stay-at-home order (i.e., Period 3), the correlation of air pollutants increased again, and the correlation of population movement decreased.



For example, Florida has a relatively higher level of PM    2.5   . Therefore, PM    2.5    has a positive correlation with the number of confirmed cases in Period 1. It is similar to the correlation of population movement. Those correlations disappeared quickly after stay-at-home orders were enforced, but air pollution correlations regained after stay-at-home orders ended.



After the correlation analysis, we are able to determine correlations between air pollutants, population movement, and vaccination rates with the number of confirmed cases during the period of different epidemic prevention policies. From Figure 3, NO   2  , Ozone, and SO   2   have a high correlation with the number of confirmed cases. CO has a weaker correlation with the number of confirmed cases in Florida, New Jersey, and New York.



The most unexpected result is that the influence of PM    2.5    is not as high as expected. There are two main reasons. First, the data used in the study are the average values of the entire state, which reduces the correlation. Some cities may indeed have high correlations. Second, PM    2.5    needs to be at a certain concentration level for a long period of time in an environment to have its effect. For example, Florida has a higher average concentration of PM    2.5   , and its impact may not be observed right away. Therefore, we will analyze the effect of delay (i.e., lag) on the impact of the relevance of the data in the next section.




2.4. Hysteresis (Lagged) Effect


Similarly to many other diseases, COVID-19 has a delay that exists between the time of infection and the time of symptoms or death. In addition, there is a lag time between exposure to the airborne virus to infection with the virus. This is called the lagged effect or hysteresis effect. In this section, we analyze the lag days between air pollutants and the number of confirmed cases. The optimal lag days are determined via Pearson’s Correlation as in the previous section. The days with a strong correlation are the lag days selected for this study.



In order to estimate the optimal lag days, this study calculated the mean of the air pollution and the number of confirmed cases based on the assumed lag days (1, 3, 7, 12, and 14). The formula is as follows:


    A  P t ′   ¯  =    ∑   t ′  = t   t − d − 1   A  P  t ′    d  =   A  P t  + A  P  t − 1   + ⋯ + A  P  t − d − 1    d   



(4)




where t is time, d is the lag days (i.e., 1, 3, 7, 12, and 14),   A  P t    is the data of air pollutants at time t, and (   A  P t ′   ¯  ) is the air pollutants at time t on d days lag.



Using Pearson’s Correlation, we calculated the correlation coefficient for different lag days. The days with higher correlation will be the lag days for subsequent research analysis in this study. The results are shown in Figure 4.



In Figure 4, the correlation coefficient improved with the increase in lag days. This confirmed that the lagged effect existed between the time of exposure to the airborne virus to infection with the virus. According to Figure 4, the correlation has a significant increase at the lag of 7 days and peaked at the lag of 12 days and 14 days. Also, the contribution of NO   2  , CO, and Ozone is relatively high. In the result of the previous section, PM    2.5    has a low correlation; its correlation increased significantly after the lagged effect analysis.



In this study, data with a lag of 14 days will be selected for subsequent studies. In addition, correlations of each state are different. A related study [17] proposed that the impact of different places is not the same, and the correlation will also be different. This study addressed this problem by training a model for each state separately. Thus, different correlations will not cause interference with each other and result in improved outcomes.




2.5. Data Partitioning and Merging


After the correlation analysis in Section 2.3, we concluded that the calculated correlation coefficient results have a linear correlation. However, the data may have a nonlinear relation with each other. Therefore, different machine-learning models will be utilized to analyze the data set. The models used for this study are multiple linear regression (MLR), nonlinear polynomial regression (PR), and support vector regression (SVR), which are some of the commonly used algorithms for disease prediction. Because the above regression methods will not consider the time feature of the data, long short-term memory (LSTM), an artificial (recurrent) neural network used in the fields of artificial intelligence and deep learning, is used to analyze the features of the time series data.



2.5.1. Data for Machine Learning Models


Since the machine learning model does not capture time series features, we do not make any adjustments to the time. We first calculated the daily air pollutants (i.e., SO   2  , NO   2  , PM    2.5   , Ozone, and CO) with Equation (4) to obtain the air pollutant data with a lag of 14 days. The obtained data were combined with the daily population movement (Driving, Walking, and Transit) and daily vaccination rate (Vaccinated) data. The combined data set (D) for each state is represented as a matrix of size   X ∈  R  n × 9    , where n is the number of days included in the data with 9 different features (i.e., SO   2  , NO   2  , PM    2.5   , Ozone, CO, Driving, Walking, Transit, and Vaccinated). COVID-19 Daily Confirmed Cases (Cases, C) and Daily Active Cases (Active Cases,   A C  ) with a lag of 14 days are also represented each as a vector   y ∈  N  n × 1    .



For training the model, the data sets D, C, and   A C   will be randomly selected to select 0.8 n (i.e., 80%) of the data (n) as the training data set. The remaining 0.2 n (i.e., 20%) will become the verification data set. The training data set and the verification data set for data sets D, C, and AC are denoted as follows:   D  R _ T r a i n   ,   C  R _ T r a i n   ,   A  C  R _ T r a i n    ,   D  R _ V a l i d a t e   ,   C  R _ V a l i d a t e   , and   A  C  R _ V a l i d a t e    .




2.5.2. Data for Long Short-Term Memory (LSTM) Networks


For the LSTM model, we use a many-to-one model structure. The data comprise the original data without the lag effect, which are the air pollutants data (NO   2  , PM    2.5   , SO   2  , Ozone, and CO), daily population movement data (Driving, Walking, and Transit), and daily vaccination rates (Vaccinated). The data are partitioned into groups of 14 days, denoted as   D 14  . For example, the original data set of one-day t is denoted as follows:   D = [ N  O  2 t   , S  O  2 t   , ⋯ , V a c c i n a t e  d t  ]  . After the data partition, the data set will be   D = [ N  O  2  t − 13    , S  O  2  t − 13    , ⋯ , V a c c i n a t e  d  t − 13   ]   for a group of 14 days. A set of the previous 14 days of data is used for predictions. Thus, data D are partitioned and transformed into a three-dimensional matrix of data set   X ∈  R  n × 14 × 9    , where n is the number of days included in the data and each partitioned for 14 days with 9 different features (i.e., SO   2  , NO   2  , PM    2.5   , Ozone, CO, Driving, Walking, Transit, and Vaccinated). Similarly to machine learning models, the data set will be divided into the training data sets   (  D  14 _ T r a i n   ,  C  14 _ T r a i n   , A  C  14 _ T r a i n   )   and the verification data set   (  D  14 _ V a l i d a t e   ,  C  14 _ V a l i d a t e   , A  C  14 _ V a l i d a t e   )   at a ratio of 8:2 according to the time series data.





2.6. Method


In previous sections, we discussed data collection, data pre-processing, and data analysis. In this section, we will introduce the prediction process for the number of Predicted Cases (  P C  ) and Predicted Active Cases (  P  A C   ) for COVID-19. Each model will be forecasting two outputs. Each model will be trained with the training data set and verified with the verification data set. The process of training and verification of the regression models is shown in Figure 5.



2.6.1. Machine Learning Models


In general, regression models used in machine learning can be divided into a linear regression or nonlinear regression. Multiple Linear Regression (MLR) [18] is one type of linear regression that uses the least squares function of the linear regression equation to model the relationship between multiple independent variables and the dependent variable. MLR has a faster training time due to the low amount of computation. However, outliers can produce errors. In addition, if the data do not have a linear correlation, the nonlinear correlation will be ignored by linear regression.



The nonlinear regression model is used to discover the nonlinear correlation in the data. We used Polynomial Regression (PR) [19] for our study. PR models the relationship between multiple independent variables and the dependent variable as a polynomial of multiple degrees. Although PR can model the nonlinear relationship between the data, it is necessary to understand the characteristics of the data to select a suitable index for fitting. Selecting an index that fits too closely to the training data set can create an overfitting issue.



Since many features are used in this study, Support Vector Regression (SVR) [20] is used, which is also robust to outliers. SVR constructs a hyperplane or set of hyperplanes in a multi-dimensional space by projecting data as a point in the space. The new data are projected into the same space for predictions based on where they fall in the space. In our study, all input features are projected into a multi-dimensional space to find a hyperplane that has the shortest distance from the farthest feature points.



Three (i.e., MLR, PR, and SVR) training models input the training data sets (i.e.,   D  R _ T r a i n   ,   C  R _ T r a i n   , and   A  C  R _ T r a i n    ) to train their regression models; see Section 2.5. The trained models are validated with the verification data set,   D  R _ V a l i d a t e   . Since there are three regression models (MLR, PR, and SVR), each model has its own prediction results of   P C   and   P  A C   . Figure 6 shows the process of three machine learning models used in this study. However, none of the above three machine learning models take temporal characteristics into account for the prediction model.




2.6.2. Long Short-Term Memory (LSTM) Networks


Since there may contain temporal correlations in the data set, Long Short-Term Memory (LSTM) [21] network is used to exploit the temporal feature in the time series data. In order to address the lagged effect mentioned in Section 2.4, the many-to-one LSTM model is selected. The training data sets for LSTM is the three-dimensional matrix,   X ∈  R  n × 14 × 9    , where n is the number of days included in the data and each partitioned for 14 days with 9 different features (i.e., SO   2  , NO   2  , PM    2.5   , Ozone, CO, Driving, Walking, Transit, and Vaccinated) defined in Section 2.5.2.



In Figure 7, the training data D with the length of n are input into LSTM’s Input Layer. The training data sets are the (  D  14 _ T r a i n   ,   C  14 _ T r a i n   ) and (  D  14 _ T r a i n   ,   A  C  14 _ T r a i n    ) for Daily Confirmed Cases (C) and Daily Active Cases (  A C  ). The predicted results are input into hidden layers to build the model. The LSTM model is validated with the verification data set (  D  14 _ V a l i d a t e   ,   C  14 _ V a l i d a t e   , and   A  C  14 _ V a l i d a t e    ). The output of the LSTM model is predicted confirmed case   P C   and predicted active case   P  A C   .




2.6.3. Queuing Model


In our previous study [22], we used the queuing model to analyze whether a country is under good control of the pandemic. Queuing theory [23] is a simple mathematical study to predict the lengths and waiting times of queues or waiting lines. The simplest queuing model is Little’s law [24]. In Little’s law, the average number L customers waiting to be severed is equal to the average arrival rate  λ  multiplied by the average wait time W in the system. The formula for Little’s law is as follows.


  L = λ × W  



(5)







Before applying the Queuing Theory, we first model the state transition of COVID-19 in Figure 8. First, the uninfected public will be in a Susceptible state. If a person is infected, he will enter an Infectious state. An infected person either recovers or is unable to recover from the disease, and he will enter a Recovered state or a Death state. People in the Recovered state will eventually return to the Susceptible state since people may be re-infected with COVID-19.



Combining the state transitions to queuing model, the average arrival rate  λ  can be regarded as a transition from the Susceptible state to the Infectious state. For Equation (5), average arrival rate  λ  is the predicted confirmed case   P C  , which is affected by different features (i.e., SO   2  , NO   2  , PM    2.5   , Ozone, CO, Driving, Walking, Transit, and Vaccinated) described in Section 2.6.1 and Section 2.6.2. The predicted active case   P  A C    is the average number of people L waiting in the queue, which is the cumulative number of confirmed cases in the Infectious state. People will leave the queue once they recover or die; see Figure 9.



Using Equation (5), we are able to derive the average wait time W with   λ =  P c    and   L =  P  A C    . The average wait time represents the average recovery time of infected people in our study. The average recovery time can be regarded as a state’s current medical capacity to control the outbreak of disease. When infected patients take a long time to recover, they will stay in the Infectious state for a long time. This means the Little’s law no longer holds due to the cumulative number of confirmed cases in the Infectious state, which means a state’s medical capacity is tight or is facing a period of an outbreak.




2.6.4. Risk Analysis for COVID-19 Outbreak


In this study, we used daily confirmed cases for our risk analysis. We do not use the Basic Reproduction Number (  R 0  ) [25] in epidemiology due to the varying   R 0   value of different mutant strains of COVID-19. In different studies, the   R 0   value of the Delta strain is 5.1 [26], the Alpha strain is 4 to 5 [27], and the Omicron strain is as high as 7 [28]. Moreover, the   R 0   value is different in different regions. The authors of [29] compared the   R 0   value of Western Europe with China and observed a lower   R 0   value in China. In addition, the   R 0   value is only used to calculate the initial stage of an epidemic. When public health interventions begin and population immunity appears, the Effective Reproductive Number (  R t  ) [30] is used to estimate the change in the number of infections within a certain period of time. However, both   R 0   and   R t   are difficult to estimate as they have many factors that can affect the estimation.



Therefore, we will use the average wait time W predicted by the Queuing theory in the previous section of our risk analysis. To verify the correctness of the proposed risk analysis, we will use the daily confirmed case in the UK, which was obtained from Our World Data [31]. We selected two periods (2020/11/26–2021/01/25 and 2021/05/25–2021/07/24) with an obvious rise and fall in the UK’s daily confirmed cases; see Figure 10. Two selected periods are highlighted in red and yellow in the following figures.



Using the selected two periods, the risk analysis contains the following four steps:




	1.

	
Calculate the slope of the number of confirmed cases: We use 7 days as one unit of the sliding window to calculate the slope of the number of confirmed cases. According to other studies [32,33], people are not willing to undergo screening due to weekends and holidays. Moreover, the screening policy in the United States is different from others. As the result, the number of confirmed cases can fluctuate rapidly. Therefore, we averaged the data over 7 days to avoid fluctuations to obtain a smoother slope. The calculated slope results are shown in Figure 11. From the results, there are rapidly rising and falling slopes in the two selected periods. This indicated that the slope can indeed represent the rise and fall of the number of confirmed cases.




	2.

	
Calculate the number of days the slope continues to grow: In order to determine the number of consecutive days in which the slope continues to increase, we compare each day’s slope with its previous day. When the slope of the current day is greater than the slope of the previous day, a continuous increase in the slope is observed and vice versa. If the number of consecutive days is large, it represented the number of confirmed cases continuing to increase with non-linear growth. From Figure 12, the number of consecutive growing days is 5 days long for the first period (i.e., 26 November 2020–25 January 2021), highlighted in red, and 3 days long for the second period (i.e., 25 May 2021–24 July 2021), highlighted in yellow.




	3.

	
Re-calculate the slope of the starting and ending points of the continuous days: From the previous step, we re-calculate the slope using starting day of the continuous period to capture the continuous growth slope features. The results are shown in Figure 13. Compare to the two periods, the slope’s growth peaks are higher and denser in the first period, which means that the two periods have different numbers of confirmed cases, growth rates, and lengths of days. The continuous growth slope features are useful in the risk analysis.




	4.

	
Average the slope to obtain the threshold: Using the results from Step 3, we calculate the average of the slopes as the threshold for the high-risk period. The result is shown in Figure 14. The risk analysis flags slopes that exceed the threshold as high-risk warnings. In Figure 14, we used red segments to mark the high-risk periods and blue segments for low-risk periods. The results showed that the risk analysis correctly marks the periods with a high growth rate of the number of confirmed cases as high-risk periods. In this study, we will use the average wait time W predicted by the Queuing theory in the previous section of our risk analysis to evaluate whether each of the four states’ prevention measures is appropriate.












3. Results


3.1. Evaluation of Learning Models


To evaluate the four learning models (MLR, PR, SVR, and LSTM), we used mean square error (MSE) [34] and the coefficient of determination (R-square) [35] to compare the results. The formula for MSE and R-square are as follows:


  M S E =  1 n   ∑  i = 1  n     C  V a l i d a t e _ i   −  C  P r e d _ i    2   



(6)




where n is data length,   C  V a l i d a t e _ i    is the i-th validation data, and   C  P r e d _ i    is the i-th predicted confirmed case   P _ C   and predicted active case   P  A C   . R-square is calculated as follows:


  R − s q u a r e = 1 −   S  S  r e s     S  S  t o t      



(7)




where   S  S  t o t     and   S  S  r e s     are calculated as follows:


  S  S  t o t   =  ∑ i     C  V a l i d a t e _ i   −   C  V a l i d a t e   ¯   2   



(8)




and


  S  S  r e s   =  ∑ i     C  V a l i d a t e _ i   −  C  P r e d _ i    2   



(9)




where    C  V a l i d a t e   ¯   is the average of the validation data, which is calculated as follows.


    C  V a l i d a t e   ¯  =  1 n   ∑  i = 1  n   C  V a l i d a t e _ i    



(10)







MSE measures the average of the squares of the errors between the predicted value (  P C   and   P  A C   ) and the actual value (i.e., validation data). However, the disadvantage of MSE is that the result can be affected by outliers. By squaring each term, large errors weigh more heavily than small errors. R-square calculates the average change of the actual value in percentages with less impact on outliers, which is more informative in the evaluation of regression analysis.



The evaluation of predicted confirmed case (  P C  ) and predicted active case (  P  A C   ) of four different states (California, Florida, New Jersey, and New York) with four models (PR, MLR, SVR, and LSTM) is shown in Table 4. MSE should be as small as possible and R-square should be closer to 1 to indicate better performance of the model. According to the results, polynomial regression (PR) and support vector regression (SVR) have the best results. Therefore, we will use the prediction results of these two models for further analysis of the queueing model.




3.2. Epidemic Prevention Policies in the USA


We will introduce the US epidemic prevention policies and terms in this section. For the stay-at-home order, residents are required to stay at home except for work. This is suitable for suppressing the development of epidemics. There are four stages of COVID-19 restrictions. Stage 1 is the stay-at-home order. Stage 2 gradually opens up some low-risk workspaces, such as retails with curbside pickup, manufacturers, and offices that cannot be working remotely. Stage 3 opens higher-risk workplaces such as personal care businesses (e.g., hair salons or gyms), entertainment places (e.g., cinemas), and religious services that require face-to-face (e.g., church services or weddings). Stage 4 is the re-opening of workplaces with the highest risk environments (e.g., concert halls, convention centers, or sporting events with live spectators). Curfew is defined as any activities and gatherings that are prohibited between 10 p.m. and 5 a.m., except for work. Reopening means that most COVID-19 restrictions are lifted, but businesses can still require their employees and customers to wear masks.




3.3. Evaluation of Prevention Policies with Our Risk Analysis


For our risk analysis, we use the results of two prediction models, polynomial regression (PR) and support vector regression (SVR), in the queuing model to predict the confirmed case (  P C  ) and predicted active case (  P  A C   ) to determine high-risk periods. The predicted results are compared with the epidemic prevention policies in California, which were compiled by John Hopkins University [36] and Wikipedia [37]. The daily active cases are used to observe whether the predicted high-risk period is corrected. We evaluated the predicted results from PR and SVR with prevention policies.



We selected six dates and prevention policies enforced in California as follows:




	
19 March 2020—Statewide stay-at-home order enforced;



	
7 May 2020—Stage 2 policy executed;



	
18 May 2020—Stage 3 policy executed;



	
19 November 2020—Curfew policy enforced;



	
25 November 2021—Parts of the state’s stay-at-home order lifted;



	
15 June 2021—Reopening policy executed.








We evaluate each policy with our risk analysis and compare daily active cases to determine whether the enforced policy should be advanced or delayed.



3.3.1. Statewide Stay-at-Home Order Enforced on 19 March 2020


The result of our risk analysis is shown in Figure 15 and Figure 16. The periods highlighted in red are the high-risk periods predicted from our risk analysis. The red straight line indicated the execution date of the statewide stay-at-home policy, which overlapped with the predicted high-risk period from both PR and SVR. Thus, the timing of the policy is appropriate according to our risk analysis. From the number of active cases, which is the green dotted line in the figures, there is a gradual upward trend after the policy implementation, which suggested that stricter enforcement of the policy may be needed. Compared to PR and SVR, SVR did not predict any more high-risk periods after the policy was executed.




3.3.2. Stage 2 and Stage 3 Policies Executed on 7 May 2020 and 18 May 2020


Stage 2 and Stage 3 policies involve slowly lifting the prevention policies by gradually opening different workspaces. According the results in Figure 17, there is no predicted high-risk period during the execution of Stage 2. Moreover, the daily active cases did not increase after Stage 2. Therefore, the timing of Stage 2 is considered by our risk analysis with PR as an appropriate time of execution. However, there is one predicted high-risk period during the execution of Stage 2 in the SVR model, which indicated that it was a premature opening; see Figure 18. The predicted result from SVR is an incorrect forecast according to the number of daily active cases. For Stage 3, the results of PR and SVR indicated that Stage 3’s opening policy may be premature due to predicted high-risk periods, which is also verified by the upward trend of daily active cases.




3.3.3. Curfew Policy Enforced on 19 November 2020


For the mandatory curfew, the risk analysis with PR did not predict any high-risk period; see Figure 19. However, we observed that daily active cases are on the rise in November 2020. For the result with SVR in Figure 20, the risk analysis predicted that the high-risk period did not overlap when the curfew policy was enforced. However, there were two predicted high-risk periods right before the enforced date. This means that the assessment suggested that the curfew should be enforced earlier. From the perspective of the daily active cases, there is a continuous upward trend that indicated that the execution of the policy can be earlier to reduce the number of active cases.




3.3.4. Regional Stay-at-Home Orders Lifted on 25 January 2021


From Figure 21 and Figure 22, it can be seen that there was no high-risk period when the measures were lifted. Due to a high-risk period appearing in the later period, our risk assessment with PR and SVR suggested that the order was lifted prematurely. However, there is a clear downward trend in daily active cases. Therefore, this high-risk period will be considered as a misprediction. SVR is less accurate in terms of the high-risk period. The reason for the misprediction of both PR and SVR is that the marked high-risk period indeed has an increase in active cases. However, the number of active cases in the period is significantly lowered than the previous week.




3.3.5. Reopening Policy Executed on 15 June 2021


From Figure 23 and Figure 24, the release time of the measures is during a long-term high-risk period predicted by both our risk assessment with PR and SVR. Therefore, the assessment suggested that the execution of the reopening is premature. Although the SVR risk prediction results indicated there is no high-risk period forecast on the day when the measure is released, it forecasted a long-term high-risk period in the future. The result is verified by the upward trend in daily active cases after the release of the measures.




3.3.6. Risk Assessment with PR of the Four States


After the evaluations of different epidemic prevention policies in previous sections, the results showed that PR has improved predictions with respect to the high-risk period compared with SVR. Thus, we analyze the PR prediction results of the four states (i.e., California, Florida, New York, and New Jersey) to determine any commonality in this section. In Figure 25, we used red segments to mark the high-risk periods and blue segments for low-risk periods. From the figure, the prediction results showed many high-risk periods with fluctuations of daily active cases during the period from 8 May 2021 to 7 July 2021. Notice that the first six confirmed cases of the Delta-mutated virus were identified in California on 4 December 2021 [38]. The Delta variant is a highly contagious SARS-CoV-2 virus. However, the study found no significant associated effects in the four selected states from mid-April to mid-May. On 13 May 2021, the US government issued a measure that people who have been fully vaccinated with two doses of vaccine do not have to wear masks. According to the results in Figure 24, we suspected that this measure may lead to a subsequent outbreak of the epidemic. According to the data from the CDC in the U.S [38], the Delta virus strain had become the main infection virus, which accounted for 51.7% of new cases of COVID-19 infection in the U.S before 7 July 2021. This matched the predicted results of high-risk periods in all four states. Thus, our risk analysis method provided a valuable reference to the impact of different prevention measures on the epidemic.






4. Discussion and Conclusions


In this paper, we proposed a risk analysis to estimate the possible high-risk periods for the COVID-19 outbreak. The proposed approach first conducted a correlation analysis of population mobility, air pollutants, and vaccination rates with COVID-19 in the United States. Next, the results were used to predict the number of confirmed cases and daily active cases of COVID-19 using polynomial regression (PR) and support vector regression (SVR) methods. The prediction results are brought into the Queuing theory to predict the average recovery time, which can also be regarded as the state’s medical capacity. The prediction results are then brought into the risk analysis method to identify high-risk periods for evaluating epidemic prevention measures.



In the correlation analysis, we first studied changes in air pollutants before and after the epidemic in four states in the United States. We first observed that there were indeed fluctuations in air pollutants before and after the epidemic. Pearson’s correlation coefficient was used for our correlation analysis. We were able to determine the correlations between air pollutants, population movement, and vaccination rates with the number of confirmed cases during the period of different epidemic prevention policies in Florida, New Jersey, and New York. Moreover, the (negative) correlation with vaccination rate was found with the epidemic. After the correlation analysis, the daily number of confirmed cases of COVID-19 and daily active cases were predicted. We found that polynomial regression (PR) and support vector regression (SVR) had the best prediction results. Among them, PR has the best outcome, which can accurately predict high-risk periods.



The predicted results are brought into the risk analysis to obtain the final high-risk period forecast results. Comparing this result with the epidemic prevention measures, we confirmed that our high-risk period forecast can indeed assess whether measures are suitable to be enforced at the time. Among them, PR has the best effect, which can accurately predict high-risk periods and provide measure evaluation. Our risk analysis can provide a better understanding of the outbreaks during the epidemic in the future. Moreover, the impact of epidemic prevention measures can be analyzed. Finally, the forecast results can be used to provide a reference for the evaluation of the measures of the relevant institutions with respect to better controlling the epidemic.
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Figure 1. Flow chart of the proposed method. 
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Figure 2. Air pollutant data (SO   2  , NO   2  , PM    2.5   , Ozone, and CO) of each state before and after the COVID-19 outbreak. 
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Figure 3. Pearson Correlation (r) results of four states during Period 3. 
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Figure 4. Pearson Correlation (r) for different lag days of four states. 
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Figure 5. The process of training and verifying the regression models. 
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Figure 6. The process of three machine learning models. 
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Figure 7. Long short-term memory (LSTM) model. 
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Figure 8. State transition diagrams for COVID-19. 
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Figure 9. Queuing model for COVID-19. 
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Figure 10. The number of the UK’s daily confirmed cases between 31 January 2020 and 21 November 2021. 
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Figure 11. The slope of the UK’s daily confirmed cases between 31 January 2020 and 21 November 2021. 
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Figure 12. The number of growing days in the UK’s Daily Confirmed Cases between 31 January 2020 and 21 November 2021. 
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Figure 13. The slope of growing days in the UK’s Daily Confirmed Cases between 31 January 2020 and 21 November 2021. 
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Figure 14. The result of risk analysis for the UK. 
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Figure 15. The result of risk analysis with PR for statewide stay-at-home orders in California. 
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Figure 16. The result of risk analysis with SVR for statewide stay-at-home orders in California. 
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Figure 17. The result of risk analysis with PR for Stage 2 and Stage 3 policies in California. 
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Figure 18. The result of risk analysis with SVR for Stage 2 and Stage 3 policies in California. 
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Figure 19. The result of risk analysis with PR for curfew policy in California. 
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Figure 20. The result of risk analysis with SVR for curfew policy in California. 
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Figure 21. The result of risk analysis with PR for lifted regional stay-at-home orders in California. 
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Figure 22. The result of risk analysis with SVR for lifted regional stay-at-home orders in California. 
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Figure 23. The result of risk analysis with PR for reopening policy in California. 
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Figure 24. The result of risk analysis with SVR for reopening policy in California. 
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Figure 25. The result of risk analysis with PR of four states. 
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Table 1. The number of the population and land area of 4 states collected by the U.S. Census Bureau in June 2020.
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	California
	Florida
	New Jersey
	New York





	Population
	39,538,223
	21,538,187
	9,288,994
	20,201,249



	Land Area (km2)
	423,970
	170,304
	22,588
	141,299



	Density (per km   2  )
	93.25
	126.46
	411.23
	142.97
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Table 2. Periods of different epidemic prevention policies in each state.
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	California
	Florida
	New Jersey
	New York





	Period 1
	13 January 2020–18 March 2020
	13 January 2020–31 March 2020
	13 January 2020–20 March 2020
	13 January 2020–20 March 2020



	Period 2
	19 March 2020–7 May 2020
	1 April 2020–30 March 2020
	21 March 2020–9 June 2020
	21 March 2020–14 May 2020



	Period 3
	8 May 2020–4 November 2021
	1 May 2020–4 November 2021
	10 June 2020–4 November 2021
	15 May 2020–4 November 2021
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Table 3. Correlation analysis results of air pollutants, population movement, and vaccination rates.






Table 3. Correlation analysis results of air pollutants, population movement, and vaccination rates.





	
State

	
Period

	
NO    2   

	
Ozone

	
PM     2.5    

	
SO    2   

	
CO

	
Driving

	
Walking

	
Transit

	
Vaccinated






	
California

	
Period 1

	
−0.564 **

	
0.130

	
−0.533 **

	
−0.321 **

	
−0.578 **

	
−0.463 **

	
−0.483

	
−0.802 **

	
0




	
Period 2

	
−0.148

	
0.280 *

	
0.302 *

	
−0.032

	
−0.151

	
0.211

	
0.283 *

	
−0.355 *

	
0




	
Period 3

	
0.356 **

	
−0.369 **

	
−0.020

	
0.224 **

	
0.479 **

	
−0.522 **

	
−0.430 **

	
−0.468 **

	
−0.387 **




	
Florida

	
Period 1

	
−0.055

	
0.034

	
0.424 **

	
0.462 **

	
−0.022

	
−0.603 **

	
−0.589 **

	
−0.693 **

	
0




	
Period 2

	
0.260

	
0.028

	
−0.086

	
−0.064

	
0.038

	
−0.363 *

	
−0.357

	
−0.305

	
0




	
Period 3

	
0.281 **

	
−0.071

	
0.014

	
0.049

	
0.141 **

	
−0.151 **

	
−0.084

	
−0.011

	
−0.388 **




	
New Jersey

	
Period 1

	
−0.066

	
0.152

	
−0.073

	
−0.074

	
−0.020

	
−0.492 **

	
−0.363 **

	
−0.609 **

	
0




	
Period 2

	
0.186

	
0.167

	
−0.070

	
−0.193

	
−0.103

	
−0.161

	
−0.183

	
−0.270 *

	
0




	
Period 3

	
0.107 *

	
−0.098 *

	
−0.016

	
0.139 **

	
−0.081

	
−0.127 **

	
−0.128 **

	
−0.203 **

	
−0.173 **




	
New York

	
Period 1

	
−0.186

	
0.232

	
−0.230

	
0.005

	
−0.182

	
−0.365 **

	
−0.362 **

	
−0.592 **

	
0




	
Period 2

	
−0.124

	
−0.060

	
0.023

	
−0.043

	
−0.147

	
−0.084

	
−0.167

	
−0.188

	
0




	
Period 3

	
0.235 **

	
−0.108 *

	
0.036

	
0.269 **

	
0.073

	
−0.479 **

	
−0.397 **

	
−0.350 **

	
−0.257 **








* It is significant at the 0.05 level. ** It is significant at the 0.01 level. 
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Table 4. Evaluation of different predication models.






Table 4. Evaluation of different predication models.





	

	
PR

	
MLR

	
SVR

	
LSTM




	
State

	
MSE

	
R-Square

	
MSE

	
R-Square

	
MSE

	
R-Square

	
MSE

	
R-Square




	

	
    P C    

	
    P AC    

	
    P C    

	
    P AC    

	
    P C    

	
    P AC    

	
    P C    

	
    P AC    

	
    P C    

	
    P AC    

	
    P C    

	
    P AC    

	
    P C    

	
    P AC    

	
    P C    

	
    P AC    






	
CA

	
32.4

	
47

	
8860

	
6545.1

	
137.8

	
123.9

	
5160

	
895.5

	
48.3

	
58.3

	
8303.7

	
4995.2

	
67.6

	
59.7

	
7356.3

	
5708.3




	
FL

	
145.7

	
58

	
6513.9

	
3388.9

	
183.8

	
71.3

	
5601.9

	
1866.4

	
101

	
101

	
7583.8

	
7583.8

	
173.6

	
27.1

	
5315.1

	
2485.7




	
NJ

	
39.3

	
50.2

	
6278.7

	
4654.9

	
67.9

	
71

	
3572.1

	
2446.7

	
62.1

	
55.4

	
4120.6

	
4109

	
71.5

	
73

	
98.2

	
−904.5




	
NY

	
23.8

	
35.5

	
7527.4

	
4912

	
55.5

	
57.6

	
4234.3

	
1753.2

	
42

	
46.6

	
5644.1

	
3320.4

	
109.4

	
81.4

	
5735.7

	
4202.4








Note that the unit in the table is in 1 × 10−4.
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