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Abstract: Background: With the current worldwide spreading of the coronary virus 13 

(COVID-19) pandemic, accurately predicting the rate of spread of the virus has become 14 

an urgent need. Methods: In this article we propose a universal COVID-19 prediction 15 

model that is independent of country-specific factors in this paper. By analyzing the 16 

pandemic data in China, we combined the advantages of Gaussian function with that 17 

of chi-square distribution function, to render an innovative mathematical model 18 

named the H-Gaussian with five parameters to be learned, and solved the parameters 19 

by a gradient descent algorithm. Results: We trained the model with partial historical 20 

pandemic data to predict subsequent pandemic trends in several regions, and 21 

validated the predictions with real data. The H-Gaussian model was experimentally 22 

shown to correctly predict the pandemic trends, and the parameters had good 23 

interpretability. Conclusions: On this basis, the global trends of the pandemic are given 24 

based on the data currently available, as well as suggestions for subsequent 25 

prevention strategies. 26 

Keywords: COVID-19; pandemic trend prediction; machine learning. 27 

 28 

1. Background 29 

 30 

The accurate prediction of the pandemic trend of the novel coronavirus (COVID-31 

19) not only can help us understand the development of the pandemic in advance, but 32 

also have an important guiding role in the deployment of medical resources, accurate 33 

assessment of the implementation time, intensity of the control measures, and the 34 
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final effect of measures implemented. At present, the pandemic situation of the new 35 

COVID-19 [1][2] in China has been controlled, but the world pandemic situation is 36 

getting worse. It is particularly important to propose a universal pandemic trend 37 

prediction model that can adapt to the situations of various countries. However, the 38 

significant differences in the actual conditions of various countries make the study of 39 

this model challenging. In the research of infectious disease trend prediction, SIR 40 

model [3] and SEIR model [3] are the frequently used models, which have strong 41 

theoretical backgrounds and good interpretability. However, such models generally 42 

contain a large number of unknown parameters that need to be estimated, and it is 43 

difficult to take into account the control measures gradually implemented during the 44 

development of the pandemic. Researchers also use other models, such as 45 

exponential and polynomial growth rate models, to predict epidemic trends in the 46 

early stages of the pandemic. Empirical data such as HIV / AIDS [4] and Ebola [5] all 47 

display a sub-exponential growth pattern. These models also should take a variety of 48 

factors into consideration, for instance, spatial heterogeneity, cluster infection, and 49 

temporal heterogeneity of infection parameters, which increase the model complexity.  50 

In this paper, by analyzing the characteristics of the domestic pandemic 51 

development in China, we designed an innovative mathematical model based on the 52 

Gaussian function and the advantages of chi-square distribution. The relevant 53 

parameters in the new model were automatically learned through the gradient 54 

descent algorithm. In this article, we used some real pandemic data in several 55 

countries to train several models, and used the trained models to give predictions of 56 

the pandemic trends in these countries. A comparative analysis was made with the 57 

real data, and the effectiveness of the model was proven. Afterwards, we used the 58 

current data from several countries to train the models separately and give the 59 

predictions of future data. We hope that the predictions of the pandemic trends in 60 

many countries would provide a certain scientific basis for the prevention and control 61 

of the worldwide pandemic. 62 

This article is organized as follows: Section 2 conducts a descriptive analysis of 63 

the detailed case data sets of the COVID-19 infections, and establishes the 64 

mathematical model; Section 3 qualitatively and quantitatively analyzes the validity of 65 

the model through experimental results, and analyzes the future of several countries. 66 

The pandemic situation trends are predicted; Section 4 and Section 5 summarize the 67 

full text and give relevant pandemic prevention and control recommendations. 68 

 69 

2. Methods 70 

 71 

2.1. Data sources and analysis 72 

The data used in this article refers to the latest pandemic data released by the 73 

National Health Commission of the People’s Republic of China [6], Health Commission 74 



 3 

of Hubei Province [7], World Health Organization (WHO) [8], and Johns Hopkins 75 

Coronavirus Resource Center [9]. 76 

Figure 1, Daily new infections in Hubei Province (left), and daily new infections in non-Hubei 77 

parts of China (right). 78 

 79 

By analyzing the historical daily new infection curves in Hubei and non-Hubei 80 

parts of China, we can find that the whole process of the pandemic can be divided into 81 

four stages: in the initial stage, because people have little knowledge about the virus, 82 

and the detection methods are underdeveloped, the number of the reported infection 83 

is very low. The second is the outbreak period. During this period the detection 84 

methods are continuously improved, and people realize the significance of the 85 

situation and they immediately go to hospital when symptoms appear. So the number 86 

of reported infections begin to increase exponentially. However, with the increasing 87 

awareness of everyone, the gradual improvement of protection and response 88 

measures, people actively or passively began to take quarantine orders, and go to 89 

hospital in time for symptoms. Governments promptly build hospitals that can 90 

accommodate more infected people and suspected infected people. As a result, the 91 

growth rate of the new number of infected people will decline until the inflection point 92 

appears. Then there comes the recovery period. With people's understanding of the 93 

dangers of the virus, the protection measures will be further strengthened, and the 94 

number of new infections will be gradually reduced due to the further reduction of 95 

travel and personal contact. However, because there has been no specific vaccines, 96 

the number of new infections per day will decrease more slowly. During the closing 97 

period, the number of new infections per day will not drop to zero soon, but will stay 98 

at a low level for a period of time. This is because although protection has not been 99 

relaxed during this period, factors such as the beginning of movement of personnel, 100 

the influx of overseas personnel, and asymptomatic infected people make it difficult 101 

to reduce the number of daily new infections to zero.  102 

In this article, we proposed a novel model to fit the number of daily new 103 

infections across the four periods mentioned above. The model was used to fit the 104 

pandemic situation in several countries and predict the situation for a period of time. 105 

 106 
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2.2. The model 107 

In the deep learning model for processing time series data, for instance, RNN and 108 

LSTM, the supervised learning method requires the data of the complete disease cycle 109 

as a training sample before the model can be trained. In addition, because of the high 110 

complexity of the deep models and the huge amount of parameters, a lot of data 111 

training is required to make the model better generalization ability. Due to the 112 

particularity of the COVID-19 pandemic, there is no large amount of data of the 113 

complete disease cycle for model training. Deep learning is not a good choice in this 114 

application. The traditional machine learning models play the opposite way. Only a 115 

small number of data can be used for training an efficient model. Considering that the 116 

four stages of infectious disease development have an intrinsic semi-symmetry, we 117 

first thought of using the Gaussian model to fit the number of daily new infections. 118 

The Gaussian model is defined as follows, 119 

𝑓(𝑥) = 1√2𝜋𝜎 𝑒𝑥𝑝 (−(𝑥 − 𝑢)22𝜎2 )                                                          (1) 120 

The Gaussian model has many advantages as a pandemic prediction model: (1) 121 

very few parameters, (2) strong interpretability, and (3) easy to solve and adjust the 122 

parameters. But on the other hand, because the Gaussian model is too simple and the 123 

it is strictly symmetrical, it cannot well express the semi-symmetric trend of the 124 

number of daily new infected patients given control measures. Therefore, we used the 125 

chi-square (𝜒2-) distribution model to fit the number of new infections per day. The 126 

definition of the 𝜒2-distribution model is as follows: 127 

 128 

𝑓(𝑥) = { 12𝑛 2⁄ 𝛤 (𝑛2) 𝑥𝑛2−1 𝑒𝑥𝑝 (− 𝑥2) , 𝑥 < 00, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                   (2) 129 

This model is a semi-symmetric model, so it can well fit the non-identical increase 130 

and decrease rates in the number of daily new infections during the outbreak period 131 

and the recovery period. However, this model is a piecewise function, so it cannot fit 132 

the growth of the number of infectious patients in the initial stage well. Combining the 133 

advantages of the Gaussian model and the chi-square model, the new model should 134 

not only fit the slow increase of the number of new infections in the initial stage of the 135 

outbreak, but also the rapid increase of the number of new infections in the outbreak 136 

period, and not only fit the slow decrease in the new infection in the recovery period, 137 

but also fit the very slow decline in the number of newly infected people in the closing 138 

period. In other words, the new model is required to fit all the characteristics of the 139 

four stages of the pandemic. This is realized by adding a correction term to the 140 

Gaussian function to modify the symmetric curve into asymmetric. Finally, a novel 141 

mathematical model is proposed by combining the advantages of the Gaussian and 142 

the chi-square models, and we name it the H-Gaussian model, defined as follows: 143 
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𝑓(𝑥) = 𝑎√2𝜋𝜎 𝑒𝑥𝑝 (−(𝑥 − 𝑢 − |𝑥 − 𝑢|𝑚 + 1)22𝜎2 ) + 𝐶                            (3) 144 

in which, |𝑥 − 𝑢|𝑚 + 1 is the correction term that breaks the symmetry of the 145 

Gaussian function and enables stronger fitting capabilities, and the value of the order 146 

parameter  𝑚  is in the range 0 ≤ 𝑚 ≤ 1 . When 𝑚 = 0 , the H-Gaussian model 147 

degrades to the original Gaussian model。The effect of different values of 𝑚  is 148 

illustrated in figure 2, 149 

 150 

Figure 2, Illustration of H-Gaussian curves with different values of 𝑚. When 𝑚 = 0, the H-Gaussian model is 151 

equivalent to Gaussian model. Other parameters of the H-Gaussian model are set as 𝑎 = 1, 𝜎 = 1, 𝜇 = 0, 𝐶 = 0. 152 

 153 

It can be seen from the curves that the H-Gaussian model can well fit the four 154 

stages of the pandemic: the situation of slow growth in the initial period, rapid growth 155 

in the outbreak period, slow decline in the recovery period, and a very long closing 156 

period to return to zero. There are five parameters in the H-Gaussian model, 157 𝑎, 𝜎, 𝜇, 𝑚, 𝐶 , respectively, and these parameters need to be trained using the 158 

pandemic data. By integrating the prevention and control situations of each country 159 

in the five parameters, the model can adapt to and fit the pandemic trends of different 160 

countries. 161 

 162 

2.3. Loss function 163 

The mean square error (MSE) has a very good geometric meaning. It corresponds 164 

to the commonly used Euclidean distance. The method of solving a model based on 165 

the minimum mean square error is called "least squares". Its objective is to find a curve 166 

that makes the sum of Euclidean distances between the curve and the samples 167 

smallest. In order to make the estimated value closer to the observed value, the least 168 

square method is used to construct the loss function. The MSE loss function is defined 169 

as follows, 170 



 6 

𝐽(𝜃) = 12𝑛 ∑[𝑓𝜃(𝑥𝑖) − 𝑦𝑖]2𝑛
𝑖=1                                                             (4) 171 

in which 𝑥𝑖  denotes the sample，𝑦𝑖 denotes the ground truth value，𝜃 denotes 172 

the parameters in the model. 173 

 174 

2.4. Gradient descent algorithm 175 

When the model is very simple, the closed form solution of the model parameters 176 

can be directly obtained using the least square method. It is more convenient to use 177 

the gradient descent algorithm when the model is more complex. Using gradient 178 

descent algorithm, all parameters are updated according to the following formula: 179 𝜃 = 𝜃 − 𝜂∆𝜃                                                                          (5) 180 

where 𝜂 is the learning rate, and ∆𝜃 is the gradient of the parameter 𝜃. 181 

For simplicity, let 𝑷 = 𝑥 − 𝜇 − |𝑥 − 𝜇|𝑚 + 1, the gradients of each parameters 182 

are calculated as, 183 

 𝜕𝐽𝜕𝑎 = 1𝑛 ∑[𝑓(𝑥𝑖) − 𝑦𝑖]𝑛
𝑖=1

1√2𝜋𝜎 𝑒𝑥𝑝 (− 𝑷22𝜎2) (6) 

 𝜕𝐽𝜕𝜎 = 1𝑛 ∑[𝑓(𝑥𝑖) − 𝑦𝑖]𝑛
𝑖=1 𝑒𝑥𝑝 (− 𝑷22𝜎2) (𝑷2𝜎3 − 𝑎√2𝜋𝜎2) (7) 

 𝜕𝐽𝜕𝜇 = 1𝑛 ∑[𝑓(𝑥𝑖) − 𝑦𝑖]𝑛
𝑖=1

𝑎√2𝜋𝜎 𝑒𝑥𝑝 (− 𝑷22𝜎2) 𝑷𝜎2 [1 + 𝑚(𝑥 − 𝜇)|𝑥 − 𝜇|𝑚−2] (8) 

 𝜕𝐽𝜕𝑚 = 1𝑛 ∑[𝑓(𝑥𝑖) − 𝑦𝑖]𝑛
𝑖=1

𝑎√2𝜋𝜎 𝑒𝑥𝑝 (− 𝑷22𝜎2) 𝑷𝜎2 (−|𝑥 − 𝜇|𝑚 𝑙𝑛 |𝑥 − 𝜇|) (9) 

 𝜕𝐽𝜕𝐶 = 1𝑛 ∑[𝑓(𝑥𝑖) − 𝑦𝑖]𝑛
𝑖=1  (10) 

 184 

 185 

3. Results 186 

 187 
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 3.1 Training processes 188 

In preparation of the data, we use 0, 1, 2 ... n to denote the date since the 189 

beginning of the pandemic. For a certain country or area, the dataset is organized as 190 

an ordered set of n+1 sample pairs Ω ~ ((0, y0), (1, y1), (2, y2) ... (n, yn)), where yi 191 

denotes the number of new infectious on the i-th day. Because gradient descent is 192 

sensitive to the initialization of the parameters, we use {𝑎 = 100000, 𝜎 = 15, 𝑚 = 0.7, 193 𝐶 = 0} for initialization. The optimizer is ADAM [10] (𝛽1 = 0.9, 𝛽2 = 0.999, 𝑒𝑝𝑠 = 1e-194 

8), learning rate = 1e-3, weight decay = 1e-5. The pseudocode of training process is 195 

as follows: 196 

 197 

Algorithm 1: training steps of H-Gaussian model 

Input：training set 𝛺，learning rate, weight decay 

Process： 

Initializing 𝑎, 𝜎, 𝜇, 𝑚, 𝐶 

for epoch = 1,...,K do 

   for batch = 1,...,B do 

      𝒙, 𝒚 ← randomly select n pairs of training samples from 𝛺 

      𝒛 ← 𝑓𝑎,𝜎,𝜇,𝑚,𝑐(𝒙) 

      𝐿 ← 12𝑛 ∑ (𝒛 − 𝒚)2𝑛𝑖=1  

     //Compute the gradients of parameters 𝑎, 𝜎, 𝜇, 𝑚, 𝐶, according to equations (6) (7) (8) 
(9) (10), and upgrade the parameters 

     𝑎 ←+ − 𝛻𝑎𝐿, 𝜎 ←+ − 𝛻𝜎𝐿, 𝜇 ←+ − 𝛻𝜇𝐿, 𝑚 ←+ − 𝛻𝑚𝐿, 𝐶 ←+ − 𝛻𝐶𝐿 

   end for 

end for 

Output：trained parameters 𝑎, 𝜎, 𝜇, 𝑚, 𝐶 

 198 

 3.2 Test results 199 

First, the Gaussian model and the proposed H-Gaussian model are used to fit the 200 

historical pandemic data in non-Hubei parts of China, and the effects of the two 201 

models on the data fitting are compared. 202 
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Gaussian 
model 

  

H-
Gaussian 

model 

  

 203 

Figure 3, Comparison of the fitting by the two models on the pandemic data in non-Hubei parts 204 

of China. Left column:  number of daily new infectious people versus time. Right column: number 205 

of cumulative infectious people versus time.  206 

 207 

In figure 3, the data from 23 January 2020 to 10 March 2020 are used for training 208 

the models. The blue dots represent the predicted values, and the red dots represent 209 

the actual data. It can be seen from the figure that the relevant parameters of the 210 

respective models can be learned using the training dataset. In this case, both the 211 

Gaussian and the H-Gaussian models have a good fitting effect. Since a correction term 212 

is added, the H-Gaussian model performs better. 213 

Then, we select several sets of data in several countries or areas to verify and 214 

analyze the H-Gaussian model. The worldwide data except China, the United States of 215 

America (USA) and Italy are taken as three examples. We use the data from 15 216 

February to 25 March (41 days in total) as the training data to train three separate 217 

models, and use the data from March 26 to 15 April (20 days in total) to test and verify 218 

the models. The results are illustrated in the following figure, 219 

worldw
ide, 

except 
China 
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USA 

 

   

Italy 

 

   

 A B C D 

 220 

Figure 4, Comparison of the fitting effects of the Gaussian model and H-Gaussian model on the 221 

pandemic data worldwide (except China), the USA, and Italy. The yellow dots represent the 222 

training data of 41 days, the red dots represent the test data of the subsequent 20 days, and the 223 

blue dots represent the predicted values. Column A: number of daily new infections given by the 224 

Gaussian models. Column B: number of daily cumulative infections given by the Gaussian 225 

models. Column C:  number of daily new infections given by the H-Gaussian models. Column D: 226 

number of daily cumulative infections given by the H-Gaussian models.  227 

 228 

 229 

The H-Gaussian models give predictions for the inflection points, whereas the 230 

Gaussian models fail, resulting in a great deviation from the test data. The mean 231 

square errors (MSE) of the two models on the training set and the test set are listed in 232 

Table 1,  233 

 234 

Table 1, comparison of the fitting effects of the Gaussian model and H-Gaussian model. The 235 

MSE of the two models are computed. 236 

 worldwide, except China USA Italy 

error (MSE) training 

error 

test error training 

error 

test error training 

error 

test error 

Gaussian 3645652 1042539291 1672497 379591331 1672497 379591331 

H-Gaussian 3858970 85215538 329815 7549344 329815 7549344 

 237 

Combining the results of Figure 4 and Table 1, it can be concluded that when very 238 

few real data are used to predict the pandemic, the mean square error of the Gaussian 239 
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model is generally much greater than that of the H-Gaussian model, indicating that 240 

the H-Gaussian model has a higher capacity in fitting complicated data. Moreover, the 241 

Gaussian model cannot accurately predict the inflection point, nor can it predict the 242 

approximate daily number of newly infected people at the inflection point, resulting 243 

in a large error between the subsequent prediction and the real data. It is very 244 

impressive to see that the H-Gaussian model uses the very limited training data to 245 

accurately predict the approximate date of the occurrence of the inflection point in 246 

different countries, and the approximate number of new infections per day around the 247 

inflection point, without any prior knowledges of the inflection point. As the training 248 

sample size increases, the prediction results will be more accurate. 249 

 250 

3.3 Future prediction 251 

Next, we use all the data from 15 February to 15 April (61 days in total) of several 252 

regions to train separate H-Gaussian models and give predictions of the future 253 

development of the COVID-19 pandemic. The results are illustrated in Figure 5, 254 

worldw

ide, 

except 

China 

  

USA 
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Italy 

  

 255 

Figure 5, the fitting and prediction of H-Gaussian models trained on the data of 61days in 256 

several regions. The red dots represent the training data, the blue dots represent the fitting and 257 

predictions given by the H-Gaussian model with the optimized parameters, and the error bars 258 

represent the fitting and predictions given with extreme parameters. Left column: daily number 259 

of new infections. Right column: daily number of accumulative infection. 260 

 261 

It should be noted that the optimized parameters are trained with all the 61 days of 262 

data, whereas the extreme parameters are trained with a subset of the training data 263 

containing only the upper bound samples or the lower bound samples. The optimized 264 

parameters trained on the 41-days data set and the 61-days data set are listed in Table 265 

2.  266 

 267 

Table 2, comparison of parameters of the H-Gaussian model after training with different data sets 268 

 worldwide, except China USA Italy 

training set 
size 

41 61 41 61 41 61 

𝑎 85479 82815 30374 30788 5274 5206 

𝜎 13.47 14.8 10 11 12 12.4 

𝜇 51 50 50 50.73 37 36.5 

𝑚 0.4 0.7 0.47 0.88 0.78 0.78 

𝐶 48 42 4 0 0 35 

 269 

It is easy to see from table 2 that the parameters trained using the 41-day dataset 270 

are not much different from the parameters trained using the 61-day dataset, further 271 

validating the stability and effectiveness of the H-Gaussian model. Among the five 272 
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parameters, 𝜎, 𝑚 modify the shape of the curve, which reflects the speed of virus 273 

transmission. The smaller 𝜎 is and the larger 𝑚 is, the larger the virus transmission 274 

rate is, and the slower the number of daily new infections decreases after the 275 

inflection point. The parameter 𝑎 influences the height of the curve, which reflects the 276 

number of infections on the day of the inflection point. 𝜇 affects the phase of the curve, 277 

and further reflects the date when the inflection point appears. In the end, 𝐶 is a bias 278 

factor. These observations are roughly consistent with the actual situation, which once 279 

again proves the effectiveness of the model. 280 

Finally, we use the H-Gaussian model to predict the outbreak in India. The 281 

inflection point of India has not yet appeared, so the model is used to fit and predict 282 

the data from March 1 to April 17 in India. 283 

prediction 1, 
inflection 
point on 2 May 

  

prediction 2, 
inflection 
point on 25 
April 

  

 284 

 Figure 6, H-Gaussian model predictions of India’s pandemic with different inflection points. 285 

Left column: daily number of new infections. Right column: daily number of accumulative 286 

infection. 287 

 288 

The top row in Figure 6 illustrates the pandemic trend fitted by the model based 289 

on the data from 1 March to 17 April. It can be predicted that the subsequent Indian 290 

pandemic situation is still serious, and the final number of infected people may be as 291 

high as 240,000. The bottom row illustrates the pandemic trend if more effective 292 

prevention and control measures are immediately taken to deal with the virus spread, 293 

and the inflection point is supposed to arrive seven days earlier. Then the final number 294 

of infected people will be reduced by approximately 180,000 to 60,000. 295 

 296 
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 297 

4. Discussion 298 

 299 

The data used in this article ends on 17 April 2020. Because the pandemic 300 

situation will be affected by various factors, such as policy, whether there is a strong 301 

quarantine measure, and when the vaccine appears, this article is limited to using 302 

historical data as a basis. Therefore, in actual applications, it is required to constantly 303 

modify the model parameters according to the actual data to give more accurate 304 

prediction results. 305 

 306 

5. Conclusions 307 

 308 

In this article, we combine the advantages of Gaussian and chi-square distribution 309 

functions, and propose an innovative mathematical model to fit and predict the daily 310 

number of COVID-19 infections. The proposed H-Gaussian model has five parameters 311 

which can be learned with gradient descent algorithm. We use the infection data from 312 

several regions to train and test the model, and prove its effectiveness and stability. 313 

We further give interpretations and explanations for each parameter.  314 

The pandemic situation is the same for every country, and it will experience an 315 

outbreak and gradually disappear. Judging from the experiences of China, South Korea, 316 

Italy, and Spain, the sooner people pay attention, the sooner they will take 317 

corresponding measures, and the stricter the measures taken, the more beneficial it 318 

will be for the prevention and control of the virus. At present, India is in an outbreak 319 

period. It is necessary to strengthen response and control measures and reduce the 320 

number of final infections in order to minimize losses.  321 
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Figures

Figure 1

Daily new infections in Hubei Province (left), and daily new infections in non-Hubei parts of China (right).

Figure 2

Illustration of H-Gaussian curves with different values of m. When m=0, the H-Gaussian model is
equivalent to Gaussian model. Other parameters of the H-Gaussian model are set as a=1,σ=1,μ=0,C=0.



Figure 3

Comparison of the �tting by the two models on the pandemic data in non-Hubei parts of China. Left
column: number of daily new infectious people versus time. Right column: number of cumulative
infectious people versus time.



Figure 4

Comparison of the �tting effects of the Gaussian model and H-Gaussian model on the pandemic data
worldwide (except China), the USA, and Italy. The yellow dots represent the training data of 41 days, the
red dots represent the test data of the subsequent 20 days, and the blue dots represent the predicted
values. Column A: number of daily new infections given by the Gaussian models. Column B: number of
daily cumulative infections given by the Gaussian models. Column C: number of daily new infections
given by the H-Gaussian models. Column D: number of daily cumulative infections given by the H-
Gaussian models.

Figure 5

the �tting and prediction of H-Gaussian models trained on the data of 61days in several regions. The red
dots represent the training data, the blue dots represent the �tting and predictions given by the H-
Gaussian model with the optimized parameters, and the error bars represent the �tting and predictions



given with extreme parameters. Left column: daily number of new infections. Right column: daily number
of accumulative infection.

Figure 6

Gaussian model predictions of India’s pandemic with different in�ection points. Left column: daily
number of new infections. Right column: daily number of accumulative infection.


