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Background: Coronavirus disease 2019 (COVID-19) was first reported in Wuhan, Hubei 

Province, China. We aimed to describe the temporal and spatial distribution and the 

transmission dynamics of COVID-19 and to assess whether a hybrid model can forecast the 

trend of COVID-19 in Hubei Province. 

Method: The data of COVID-19 cases were obtained from the website of the Chinese Center 

for Disease Control and Prevention, whereas the data on the resident population were obtained 

from the website of the Hubei Provincial Bureau of Statistics. The temporal and spatial 

distribution and the transmission dynamics of COVID-19 were described. A combination of an 

autoregressive integrated moving average (ARIMA) and a support vector machine (SVM) was 

constructed to forecast the trend of COVID-19. 

Results: A total of 56,062 confirmed COVID-19 cases, which were mainly concentrated in 

Wuhan, were reported from 16 January to 16 March 2020 in Hubei Province. The daily number 

of confirmed cases exponentially increased to 3,156 before 4 February 2020, fluctuated on an 

upward trend to 4,823 before 13 February 2020, and then markedly decreased to one case after 

16 March 2020. The highest mean reproduction number R(t) of 9.48 was recorded on 16 

January 2020, after which it decreased to 2.15 on 2 February 2020 and further dropped to less 

than one on 13 February 2020. In the modelling stage, the mean square error, mean absolute 

error and mean absolute percentage error of the hybrid ARIMA–SVM model decreased by 

98.59%, 89.19% and 89.68%, and those of SVM decreased by 98.58%, 87.71% and 88.94% 

compared with the ARIMA model. Similar results were obtained in the forecasting stage. 

Conclusion: Public health interventions resulted in the terminal phase of COVID-19 in Hubei 

Province. The hybrid ARIMA–SVM model may be a reliable tool for forecasting the trend of 

the COVID-19 epidemic. 
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Background 

In December 2019, coronavirus disease 2019 (COVID-19) was detected in Wuhan (the capital 

of Hubei Province, China) and then quickly spread to other cities outside Wuhan [1, 2]. As of 

12 November 2020, a total of 52,041,441 confirmed COVID-19 cases had been reported in 191 

countries or regions globally [3]. Although recent studies have illustrated the epidemiology of 

COVID-19 in Wuhan, the COVID-19 transmission intensity from Wuhan to other cities in 

Hubei Province has not been estimated. Therefore, a retrospective study of the temporal and 

spatial distribution and the transmission dynamics of COVID-19 in Hubei Province was needed. 

 

With the miscalculation of the early epidemic trend, the COVID-19 pandemic has become a 

large economic burden globally. Many statistical methods have been used to predict the trend 

of the disease [4, 5]. The autoregressive integrated moving average (ARIMA) is the most 

popular time series used to forecast infectious diseases. The ARIMA facilitates a linear 

relationship between present and past data points and errors in a time series [6]. However, 

infectious diseases are characterised by several challenges, such as uncertainty, complexity and 

a nonlinear pattern [7, 8]. The artificial neural network is ideal for forecasting via complex 

nonlinear mapping without prior knowledge of problem-solving [9, 11]. 

 

Therefore, this study was designed to describe the temporal and spatial distribution and the 

transmission dynamics of COVID-19 between 16 January and 13 March 2020 in Hubei 

Province to identify implications for the rapid intervention of infectious diseases, especially 

COVID-19. We also created a hybrid ARIMA–support vector machine (SVM) model to 

forecast the trend of COVID-19 in Hubei Province. We further assessed whether three models 



(i.e. ARIMA, SVM and ARIMA–SVM) could forecast the trend of COVID-19 in Hubei 

Province. We aimed to select the optimal model using only the data from the original areas 

during the early outbreak period. This study provides a methodological reference for the early 

prediction of the epidemic. 

Methods 

Data collection 

The time series of the observations of confirmed COVID-19 cases from 16 January to 16 March 

2020 was obtained from the website of the Chinese Center for Disease Control and Prevention 

(http://2019ncov.chinacdc.cn/2019-nCoV/). The information collected included the number of 

confirmed cases in Hubei Province. Data of the resident population were obtained from the 

website of the Hubei Provincial Bureau of Statistics (http://tjj.hubei.gov.cn/). 

 

A confirmed case was defined as a suspected case with a positive result for severe acute 

respiratory syndrome coronavirus 2 (SARS-CoV-2) according to real-time reverse 

transcriptase–polymerase chain reaction assay or high-throughput sequencing of nasal and 

pharyngeal swab specimens [12]. The real-time reproduction number, R(t), is the expected 

number of secondary cases that each infected individual would infect if the conditions remained 

as they were at time t. A Bayesian statistical framework was used to calculate R(t) based on the 

number of COVID-19 cases, the number of secondary cases, the serial interval, and the five-

day moving average [12, 13]. R(t) and its 95% credible interval (CI) for the entire period were 

calculated. 

 

Three models, namely, ARIMA, SVM and ARIMA–SVM, were constructed to forecast the 

trend of COVID-19. We compared the performance of these models in the train dataset and the 

http://2019ncov.chinacdc.cn/2019-nCoV/
http://tjj.hubei.gov.cn/


test dataset. Initially, 58 days of data between 16 January and 13 March 2020 were analysed to 

construct the single ARIMA model. Considering the small sample size, the predictive validity 

of the models was calculated using three days of data from 14 to 16 March 2020. 

 

The ARIMA model 

The ARIMA model was first developed in 1970 [14]. ARIMA was calculated using the 

following formula: ARIMA (p, d, q), where p denotes the number of parameters in the 

autoregressive (AR) model, d represents the degree of difference and q stands for the number 

of parameters in the moving average (MA) model. A logarithmic transformation ARIMA model 

(p, d, q) was constructed by autonomous identification in R version 3.6.2. Several ARIMA 

models were identified. The optimum model was selected using Akaike’s information criterion 

(AIC). White noise tests were used to determine the independence and normal distribution of 

the residual data. 

 

The SVM model 

SVM is a machine learning tool that is used to carry nonlinear classification and regression of 

data [15]. For the classification of subjects, SVM constructs an optimal classification 

hyperplane by mapping data to a high-dimensional space. In this study, the steps for 

establishing the SVM model for nonlinear regression were as follows: 

1) The number of daily new confirmed COVID-19 cases in Hubei Province was 𝑦𝑡, and the 
sliding window was used to train SVM for 𝑦𝑡 . The value of 𝑦(𝑡+1)  was predicted 
using SVM constructed by 𝑦𝑡 , 𝑦(𝑡−1),    𝑦(𝑡−𝑘+1) . Considering the small sample size, 
four loops of data were selected, and the test dataset only included the data of cases in the 

last three days. 

2) These optimal parameters of SVM were determined by gridding search to minimise the 



mean square error (MSE) between the predicted and actual values for the training model. 

3) SVM was used to predict the daily number of confirmed cases in Hubei Province. 

 

The ARIMA–SVM model 

The hybrid model developed in this study combined ARIMA (linear approach) and SVM 

(nonlinear approach). A three-step methodology was followed. In the first step, an ARIMA 

model was used to analyse the linear dimension. In the second step, the SVM model was used 

to model the residuals derived from the ARIMA model, whereby 𝑒𝑡 represented the residual 

parameter at time t in the ARIMA model, in which 𝑒𝑡=𝑦𝑡-𝑦�̂�, where 𝑦�̂� denotes the forecast 
value and 𝑦𝑡 represents the daily number at time t. In the third step, the predicted error (𝑒�̂�), 
denoting the estimation of 𝑒𝑡, was obtained using the SVM model (nonlinear approach). The 
ARIMA–SVM model yields the predicted value 𝜇�̂�=𝑦�̂�+𝑒�̂�. 
 

Forecast evaluation 

The performance of the model was determined based on the similarity between the forecast 

values and test results and the observed data. Three different measures were used to compare 

the performance of the ARIMA, SVM and ARIMA–SVM models, including MSE, mean 

absolute error (MAE) and mean absolute percentage error (MAPE). Lower values suggest 

higher prediction accuracy. In other words, an optimal prediction model was obtained by 

minimising the MSE, MAE and MAPE. 
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Data processing and analysis 

ArcGIS software version 10.6 (Environmental Systems Research Institute Inc.) was used to 

plot the geographical locations of daily new confirmed COVID-19 cases across Hubei Province 

from 16 January to 16 March 2020, and we carried out descriptive analyses of the dates of 

illness onset. Other analyses were conducted in R version 3.6.2. In all analyses, a two-tailed 

significance level of 0.05 was used. 

 

Ethical review 

The study protocol and utilisation of COVID-19 case data were obtained from the websites of 

the Chinese Center for Disease Control and Prevention (http://2019ncov.chinacdc.cn/2019-

nCoV/) and the Hubei Provincial Bureau of Statistics (http://tjj.hubei.gov.cn/). No ethical 

issues were identified. 

Results 

Temporal patterns and reproduction number (R[t]) of COVID-19 cases 

A total of 56,062 confirmed COVID-19 cases were reported from 16 January to 16 March 2020 

in Hubei Province, China. The daily confirmed case number exponentially increased to 3,156 

before 4 February 2020, fluctuated to 4,823 before 13 February 2020, and then markedly 

decreased to one case after 16 March 2020 (Figure 1). The occurrence of COVID-19 was 

initially concentrated in Wuhan before 23 January 2020, and it then spread rapidly to all areas 

in Hubei Province by 29 January (Figure 2). Although Wuhan had the highest rate, other areas 

in Hubei Province (except Enshi) had a rate of above 0.5 cases per 10,000 people between 29 

January and 18 February. After 19 February, the daily new COVID-19 cases gradually 
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decreased in Hubei Province and were concentrated in Wuhan. The highest mean reproduction 

number R(t) of 9.48 was recorded on 16 January 2020, it then dropped to 2.15 on 2 February 

2020. This further decreased to less than one case on 13 February 2020 (Figure 3). 

 

The optimised ARIMA model 

After the logarithmic transformation for the number of new confirmed COVID-19 cases, 

autonomous identification in R version 3.6.2 was used to construct ARIMA. Based on the 

results of the goodness-of-fit test statistics, we confirmed ARIMA (0, 2, 1) as the optimal model, 

with the lowest AIC (83.10) of the six candidate models. The parameter estimates of the 

ARIMA model are shown in Table 1. The new confirmed COVID-19 cases from 14 to 16 March 

2020 were predicted using the constructed ARIMA model (0, 2, 1). The QQ graph and Ljung-

Box test (𝜒2= 1.0268, p = 0.3109) of the residuals suggested that the residuals were normal 
and were not correlated (Figure 4). Hence, the model fitting data was sufficient and can be used 

for prediction. 

 

 

The single SVM model 

The SVM model facilitated the prediction of the number of confirmed cases in Hubei Province 

by representing nonlinear and complex data. According to the steps of establishing the SVM 

model, the previous four-time data were used as input parameters into the model. Considering 

that the input data had a small sample size, we did not use cross-validation to determine the 

model. We adopted the eps-regression model and used different kernel functions. The radial 

was used as the kernel function, and we obtained the best delay predicting result, in which the 

Table 1 Model estimation of the ARIMA (0, 2, 1) model 

Variable Coefficient Standard error t statistics P values 

MA (1) -0.8506 0.0603 -14.106 <0.0001 



number of support vectors was eight, the kernel parameter was γ= 1e-04, and the insensitive 

loss coefficient was 𝜀=0.1. The prediction results were compared with the initial results, as 
shown in Figures 1 and 5. 

 

The hybrid ARIMA–SVM model 

The residual series from ARIMA was used as the target series for the SVM. Similar to the 

single SVM model, the SVM model for residual series was constructed with five support 

vectors, a kernel parameter of γ= 0.001 and an insensitive loss coefficient of 𝜀=0.1. The 
prediction results were compared with the initial results, as shown in Figures 1 and 5. 

 

Prediction accuracy 

The parameters of MAE, MSE and MAPE in the ARIMA, SVM and hybrid ARIMA–SVM 

models in the train dataset and the test dataset are shown in Table 2. In the modelling stage, 

using the train dataset, the MSE (7,144.944), MAE (37.333) and MAPE (0.042) of the 

ARIMA–SVM were lower than those of the ARIMA and SVM models. Further, in the 

modelling stage, the MSE, MAE and MAPE of the hybrid ARIMA–SVM model decreased by 

98.59%, 89.19% and 89.68%, whereas those of the SVM decreased by 98.58%, 87.71% and 

88.94%, respectively, compared with the ARIMA model. In the forecasting stage, using the 

test dataset, the hybrid ARIMA–SVM model had lower MSE, MAE and MAPE than the 

ARIMA model, whereas the SVM had higher MSE, MAE and MAPE than the ARIMA and 

hybrid ARIMA–SVM models. Therefore, the ARIMA–SVM model was superior to the 

ARIMA and SVM models in accurately forecasting the number of COVID-19 cases in Hubei 

Province. 

 



 

 

Discussion 

In this study, 56,062 confirmed COVID-19 cases, which were mainly concentrated in Wuhan, 

were reported from 16 January to 16 March 2020 in Hubei Province, China. The temporal and 

spatial distribution and the transmission dynamics of COVID-19 were also described. Three 

models, namely, ARIMA, SVM and ARIMA–SVM, were constructed using time series to 

predict the number of COVID-19 cases. The values of MSE, MAE and MAPE of the ARIMA–

SVM model were the least among the three models, suggesting the superiority of this model in 

predicting the daily number of COVID-19 cases in Hubei Province. 

 

Considering the outbreak of COVID-19 in Wuhan, Hubei Province’s response was immediate 

and emphatic. To stop the spread of the disease, the government imposed public health 

interventions, including city lockdown, traffic suspension, home quarantine, compulsory mask-

wearing in public places and cancellation of social gatherings after 23 January 2020. A stay-

at-home policy was implemented, and Fang Cang Shelter hospitals were used after 4 February 

2020. Door-to-door and individual-to-individual symptom screening was performed for all 

residents of Hubei Province after 17 February 2020 [12, 16, 17]. In Hubei Province, the 

COVID-19 epidemic was of approximately 60 days’ duration. It started with four cases reported 

Table 2 Comparison of the modeling and forecasting performance of ARIMA, SVM and 

ARIMA-SVM model  

Model 
train dataset  test dataset 

MSE MAE MAPE  MSE MAE MAPE 

ARIMA 505840.134  345.324  0.407   2.282  1.418  0.892  

SVM 7165.682  42.431  0.045   30.355  5.045  2.194  

ARIMA-SVM 7144.944  37.333  0.042   2.071  1.417  0.776  



on 16 January 2020 to the peak value of a mean of 2201.76 cases daily between 29 January and 

18 February 2020 and then to a mean of 233.78 between 19 February and 16 March 2020. The 

end of the COVID-19 epidemic was about to come true in Hubei Province [12, 16]. These 

changes in the time trend of new COVID-19 cases demonstrated the effectiveness of the public 

health interventions implemented in Hubei Province in preventing the spread of COVID-19 

[16–19]. Additionally, with the implementation of public health interventions, the R(t) 

gradually decreased and eventually reached less than 1 after 13 February 2020. This result 

further emphasised that public health interventions effectively stopped the spread of COVID-

19. 

 

Although most countries implemented various preventive and control strategies for COVID-

19, the strict containment strategy implemented in China could not be followed in other 

countries, herd immunity was even advocated in several countries. Nowadays, the world has 

been suffering from the COVID-19 pandemic for about a year, and it is sweeping through 191 

countries/regions (52,041,441 confirmed cases with 1,282,046 deaths) [3]. Therefore, 

accurately forecasting the trend of the second wave of COVID-19 is a great challenge. In this 

study, compared to ARIMA and SVM, the hybrid ARIMA–SVM model was a more accurate 

forecasting tool for the trend of COVID-19 in Hubei Province. This result provides a theoretical 

reference for initial and short-term prediction of infectious diseases. 

 

The early and accurate prediction of COVID-19 can provide an important reference for 

outbreak control. ARIMA, which explores the dynamic development and change of infectious 

disease over time, has been widely used for early prediction of some infectious diseases, such 

as tuberculosis, schistosome, malaria and bacterial dysentery [20–23]. However, ARIMA 

cannot adjust some confounding factors that influence infectious disease, and it cannot estimate 



some parameters when the data are complex. Hence, it results in the inaccurate prediction of 

outbreaks in small samples [14]. Since COVID-19 was first detected in Wuhan, various public 

health interventions have been used to help control the outbreak [12]. These interventions 

inevitably disrupted the original onset state of the disease and have led to the instability and 

discontinuity of the time series data, thus making ARIMA unsuitable. Furthermore, ARIMA 

based on a linear model cannot capture information about nonlinear data of time series. With 

the development of machine learning, the prediction accuracy of the disease can be improved 

substantially through machine learning [9]. Among the machine learning methods, the SVM 

has excellent generalisation ability and can effectively help solve many unpredictable problems. 

SVM can perform classification and regression by training [15]. Nowadays, SVM is widely 

used in time series by fitting small sample data, high-dimensional data, nonlinear data and other 

complex data with high prediction accuracy. 

 

To utilise the advantages of various models, many studies have constructed a combination of 

kinds of models to carry out a time series for infectious diseases, such as tuberculosis, 

schistosome, malaria and bacterial dysentery [5, 8, 20, 24]. Compared with the single model, 

the hybrid model can fully utilise all kinds of sample information more systematically and 

comprehensively. A study has reported the application of the ARIMA model on the COVID-

19 epidemic dataset from the website of the Johns Hopkins University [25]. However, this 

study only visualises the predicted epidemiological trend of the prevalence and incidence of 

COVID-19 and lacks the values of prediction accuracy, including MSE, MAE and MAPE. This 

suggests the need for further comparison and data collection in real-time. In contrast, our study, 

which included 56,062 confirmed COVID-19 cases (the laboratory confirmation of SARS-

CoV-2 infection in the biosamples) from 16 January to 16 March 2020 in Hubei Province, can 

meet the requirements for further comparison. Another study that evaluates the spatial 



dependency and temporal dynamics of COVID-19 demonstrates that incidence rates are 

concentrated in the Wuhan metropolitan area, but the prediction of the trend of COVID-19 is 

lacking [26]. In this study, ARIMA was used to fit the linear part of the time series of daily 

new confirmed cases of COVID-19 in Hubei Province, whereas the SVM model was used to 

fit the nonlinear part of the time series. The hybrid ARIMA–SVM model, with the advantages 

of ARIMA and SVM, was established to predict the number of COVID-19 cases. 

 

COVID-19 is a new, infectious disease that may be influenced by population density, 

environmental changes, public health interventions and climate [27, 28]. To comprehend how 

multiple factors influence COVID-19, the collection and analyses of data on the epidemic 

situation and related influencing factors from different provinces and countries after a 

substantial amount of time are required. As the COVID-19 pandemic continues and the data 

on this disease gradually become available, collaborative research across regions or countries 

may have a ready answer for the dilemma we are facing today: the virus can invade through 

any area at any time. However, during the early outbreak period, the combined model using 

only the data from the original areas may be a reliable forecasting tool based on the predicted 

effect of the hybrid ARIMA–SVM model, which was better than those of ARIMA and SVM 

alone. 

Conclusions 

With the implementation of public health interventions, the number of daily new COVID-19 

cases and the R(t) first increased rapidly and then decreased gradually from 16 January to 16 

March 2020 in Hubei Province. This change emphasised that public health interventions 

effectively stopped the spread of COVID-19. Further, the hybrid ARIMA–SVM model may be 

a reliable forecasting tool for the trend of COVID-19 in Hubei Province. Our findings may 



have public health implications for the prevention and control of infectious diseases, especially 

COVID-19. 
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Figure titles and legends 

 

Figure 1 Daily number of laboratory-confirmed COVID-19 cases in Hubei Province, China 

from 16 January to 13 March 2020. 

 

Figure 2 Geographical distribution of 56,062 laboratory-confirmed COVID-19 cases in Hubei 

Province, China, with dates of illness onset from 16 January to 16 March 2020. Provinces are 

shaded according to confirmed case rate per 10,000 people during different periods. According 

to the mean COVID-19 cases per day and the public health interventions implemented, the 

outbreak was divided into five periods as follows: (A) a mean of 63.5 between 16 and 23 

January; (B) city lockdown with traffic suspension and home quarantine and a mean of 672.83 

between 23 and 29 January; (C) a mean of 2,154.00 between 29 January and 5 February; (D) 

Fang Cang Shelter hospitals and a mean of 2,317.46 between 6 and 18 February; (E) the number 

of COVID-19 cases per day under 1,000 and a mean of 233.78 between 19 February and 16 

March. 

 

Figure 3 Mean reproduction number (R[t]) with 95% CI based on confirmed COVID-19 cases 



in Hubei Province, China. The effective reproduction number R(t) is defined as the mean 

number of secondary cases generated by a typical primary case at time t in a population for the 

whole period over a five-day moving average. The blue horizontal line indicates R(t) = 1, below 

which sustained transmission is unlikely when anti-transmission measures are sustained, 

indicating that the outbreak is under control. A black dotted line indicates the 95% credible 

intervals of the mean reproduction number. 

 

Figure 4 Normal QQ plot of standardised residuals for the ARIMA (0, 2, 1) model. 

 

Figure 5 Daily number of COVID-19 cases in Hubei Province, China from 14 to 16 March 

2020. 



Figures

Figure 1

Daily number of laboratory-con�rmed COVID-19 cases in Hubei Province, China from 16 January 2020 to
13 March 2020.



Figure 2

Geographical distribution of 56,062 laboratory-con�rmed COVID-2019 cases in Hubei province, China,
with dates of illness onset from 16 January 2020 to 16 March 2020. Provinces are shaded according to
con�rmed case rate per 10,000 people during different periods. According to the mean of COVID-19 cases
per day and public health interventions implemented, the outbreak was divided into �ve periods as
follows: (A) mean of 63.5 in 16 and January 23; (B) city lockdown with tra�c suspension and home
quarantine and the mean of 672.83 between January 14 and January 29; (C) mean of 2,154.00 between
January 29 and February 5; (D) Fang Cang Shelter hospitals and the mean of 2,317.46 between February
6 and February 18; (E) number of COVID-19 cases per day under 1,000 and the mean of 233.78 between
February 19 and March 16. Note: The designations employed and the presentation of the material on this
map do not imply the expression of any opinion whatsoever on the part of Research Square concerning



the legal status of any country, territory, city or area or of its authorities, or concerning the delimitation of
its frontiers or boundaries. This map has been provided by the authors.

Figure 3

Mean reproduction number (R[t]) with 95% CI based on con�rmed COVID-19 cases in Hubei Province,
China. The effective reproduction number R(t) is de�ned as the mean number of secondary cases
generated by a typical primary case at time t in a population for the whole period over a �ve-day moving
average. The blue horizontal line indicates R(t) = 1, below which sustained transmission is unlikely when
anti-transmission measures are sustained, indicating that the outbreak is under control. A black dotted
line indicates the 95% credible intervals of the mean reproduction number.



Figure 4

Normal QQ plot of standardized residuals for the ARIMA (0, 2, 1) model.



Figure 5

Daily number of COVID-19 cases in Hubei Province, China from March 14 to March
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