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Abstract. The paper tries to build a COVID-19 trend prediction model with data
mining methods and deep learning algorithm by taking Beijing COVID-19 epi-
demic data as an example. Currently, the Corona Virus Disease 2019 (COVID-19)
is spreading around the world, posing a huge threat to the human society. By
studying the epidemic curve, the overseas imported cases and incidence rate in
different age groups, we draw the conclusion that the overseas imported cases
are the main reason for the second rise of the cumulative confirmed cases curve
and the incidence rate of the older people over 60 in Beijing is the highest. To
support the prevention and control of the COVID-19, we extract the daily cumu-
lative confirmed cases in Beijing from January 20th, 2020 to April 26th, 2020
to establish a trend prediction model based on LSTM method (Long Short-Term
Memory). And we compared the proposed LSTM based prediction model with the
Support Vector Regression (SVR) based prediction model and the Autoregressive
Integrated Moving Average (ARIMA) based prediction model. The result shows
the effectiveness of the proposed model.
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1 Introduction

COVID-19 is a highly infectious and hazardous coronavirus [1]. The COVID-19 firstly
broke out in Wuhan, China at the end of 2019 [2]. Soon after, the COVID-19 rapidly
spread all over the world and was difficult to control. The World Health Organization
(WHO) declared the COVID-19 a public health emergency of international concern on
January 30th, 2020 [3]. Globally, as of 17the May, 2021, there have been more than one
hundred and sixty-two million confirmed cases of COVID-19, including about three mil-
lion deaths. The sudden outbreak of COVID-19 has severely affected the world economy
and people’s livelihood. Although the COVID-19 epidemic situation is becoming better
under the efforts of all countries in the world, we still need to watch out for the resur-
gence of the COVID-19 epidemic and sum up experience from the history of COVID-19
development. Among them, the most critical two points are analyzing COVID-19 data to
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mine information, and establishing prediction model based on data to guide COVID-19
prevention and control.

Data mining methods and deep learning algorithms play an important role in epi-
demic analysis and forecasting [4]. Since the outbreak of the COVID-19, researchers
have extensively analyzed the COVID-19 data. Chen et al. [5] analyzed the data of
all COVID-19 confirmed cases in Wuhan Jinyintan Hospital from January 1st, 2020
to January 20th, 2020 and found these COVID-19 cases were mostly observed among
elderly people. Ziyad et al. [6] analyzed the data from the national healthcare databases
of the America Department of Veterans Affairs to study the possible sequelae caused
by COVID-19. Furthermore, researchers have set up many prediction models to predict
the development COVID-19 trend. At present, the existing prediction models are mostly
based on machine learning methods [7]. Machine learning methods such as SVR [8] and
ARIMA [9] are used to do COVID-19 trend prediction. Punn et al. [10] retrieved the day
to day prevalence data of COVID-19 from January 22th, 2020, to April 1st, 2020, from
the official repository of Johns Hopkins University and developed a prediction model
based on SVR. Gupta et al. [11] analyzed the COVID-19 data in India and built a predic-
tion model of the COVID-19 trend in India based on ARIMA. Although these models
have achieved good results, SVR is not very suitable for time series and ARIMA is a sim-
ple linear time series model. Fortunately, LSTM networks proposed by Hochreiter and
Schmidhuber [12] can solve the problems of SVR and ARIMA well and is widely used
in time series modeling. Kratzert et al. [13] used LSTM to do rainfall-runoff modelling
and effectively improved the accuracy of the prediction. Therefore, aiming at improving
the accuracy of prediction model and providing support for COVID-19 epidemic pre-
vention and control, this study intends to take Beijing as an example and apply LSTM to
establish a trend prediction model on the basis of full analysis and mining of epidemic
data.

The paper analyses the Beijing COVID-19 epidemic data details in Sect. 2. Then
the Sect. 3 is the process of prediction modelling and results analysis. The result shows
the proposed prediction model based on LSTM is better than the SVR and ARIMA
prediction model.

2 Data Source and Statistical Analysis

The data we collected is extracted from verified sources of the official repository of
Beijing Municipal Health Commission, which including the day to day prevalence infor-
mation of COVID-19 from January 20th, 2020, to April 26th, 2020. And we extracted
and integrated the information to form a data table which covers the daily cumulative
confirmed cases, the daily existing confirmed cases, the daily cumulative cured cases,
the daily cumulative dead cases, the daily new confirmed cases, the daily local new con-
firmed cases, the daily new overseas imported cases and age distribution of confirmed
cases. On this basis, we analyzed the Beijing COVID-19 epidemic data in detail.

To study the basic situation of Beijing COVID-19 epidemic development, we draw
the epidemic time curve as shown in Fig. 1 according to the daily cumulative confirmed
cases, the daily existing confirmed cases, the daily cumulative cured cases and the daily
cumulative dead cases of Beijing from January 20th, 2020, to April 26th, 2020. As can
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Fig. 1. Beijing COVID-19 Epidemic Time Curve
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Fig. 2. Beijing COVID-19 Daily New Cases Curve

be seen from Fig. 1, as of April 26, the epidemic situation in Beijing has been basically
controlled. The cumulative confirmed cases curve growth rate has basically reached 0,
the existing confirmed cases has fallen into a lower value, the cumulative cure cases
curve has been rising, and the cumulative dead cases has been always kept at a low level.

Furthermore, we also can find the cumulative confirmed cases curve has first reach
platform period on February 19th but quickly rose again after February 28th. To find
out the reason, we draw the daily new cases curve according to the daily new confirmed
cases, the daily new local confirmed cases and the daily new overseas imported cases of
Beijing from February 29th, 2020 to April 26th, 2020. It can be found from Fig. 2 that the
new confirmed cases curve and the new overseas imported cases curve almost coincide,
while the new local confirmed cases curve has been always kept at 0. Therefore, we can
see clearly that the overseas imported cases are the main reason for the second rise of
the cumulative confirmed cases curve.

To further study the overseas imported cases of Beijing, we counted the cumulative
overseas imported cases before April 26th, 2020 by cases exported countries and conti-
nents, and draw a flow chart of cumulative overseas imported cases based on the exported
countries with more than three cumulative overseas imported cases. The flow chart is
shown in Fig. 3. Based on Fig. 3, it can be seen that the most of Beijing cumulative over-
seas imported cases are from Europe and North America, and the imported cases from
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Fig. 4. Cumulative Confirmed Cases and Incidence Rate in Different Age Groups

Europe account for more than 80%. The imported cases from Europe are distributed in
many European countries, mainly in England, Spain and Italy. The imported cases from
England are the most, while the imported cases from North America are mainly from
America.

In addition, we also counted the cumulative confirmed cases before April 26th, 2020
in different age groups and collected Beijing resident population data from Beijing
Municipal Bureau of Statistics to analyze incidence rate. And the specific results are
shown in Fig. 4. As shown in Fig. 4, the cumulative confirmed cases in Beijing are
mainly distributed in the age of 18-59 and over 60 as of April 26th, and the number of
the cumulative confirmed cases in the age of 18-59 is the largest for the reason of the
largest resident population. And the incidence rate of the older people over 60 is the
highest, which is the same as Chen’s research results [5].
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Fig. 5. LSTM Memory Cell Unit Structure

3 LSTM Based Prediction Model and Results Analysis

The study builds a more accurate time series prediction model for the cumulative con-
firmed cases in this section. The proposed prediction model uses LSTM deep learning
method instead of traditional ARIMA and SVR methods, which can effectively improve
the performance of the prediction model. At the same time, to verify the superiority of
the proposed model, a comparative experiment is designed.

3.1 LSTM Prediction Modeling

The LSTM network consists of an input layer, a hidden layer, and an output layer like the
RNN, with a state unit ¢ added on top of it, and the information is allowed to selectively
influence the state of the LSTM network at each moment through forgetting gates, input
gates, and output gates. The internal structure of the LSTM is shown in Fig. 5. The
LSTM unit has 3 inputs at time #: the input value of the network at the current time x;;
the output value of the LSTM hidden layer at the previous time /;_1; and the state of the
unit at the previous time ¢;—1. The LSTM unit has 2 outputs at time ¢: the output value
of the hidden layer at the current time %, and the state of the unit c;.

The specific operation steps of LSTM are as follows:

First, the forgetting door:

fi = o (Wr s [x¢, by—1]1+ by) (D

where f; is the scale factor of the control forgetting information at the current moment; o
is the sigmoid activation function, which serves to smoothly map the data obtained after
the operation to the (0, 1) interval, which exactly corresponds to the degree of switching
of the control gate; Wy is the weight matrix of the forgetting gate; by is the bias term of

the forgetting gate.
hi—q he—1
[Wf][ ’ } = [Wp, fo]{ ’ ] @

Xt Xt

where the weight matrix Wy consists of two weight matrices Wy, and Wy, corresponding
to the input terms /4,1 and x;, respectively. The function of the forgetting gate is to let
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the LSTM forget the previously useless information, assuming that the input time series
of the LSTM at moment ¢ x; = [x,l, xtz, .-+, x}'] and the output of the implicit layer at
moment th,_| = [htl_l, htz_l, --+, h?_], the coefficients that determine the proportion
of forgotten information are obtained by using both as inputs through Eq. (2), information
on dimensions where f; is close to 0 will be completely forgotten, while information on
dimensions where f; is close to 1 will be completely retained.

Second, the input door:

i = o (Wi [x;, he—1] + bi) 3)

he_ h,_
[W,-][ ’ 1} =[Wl~h,W,-x][ ' ‘} )
Xt Xt

where i; is the scale factor of the control inputting information at the current moment;
the weight matrix W; consists of two weight matrices W;;, and Wiy, corresponding to the
input terms h;_1 and x;, respectively.

= tanh(W¢ * [, 1, x;] + bc) &)

h— hy_
[WC]|: ' 1:| = [WCI’L’ ch]|: ! 1] (6)
Xt Xt

where ¢, is the candidate cell state at the current moment; tanh is the activation function,
which differs from the sigmoid activation function in that the tanh activation function
maps the data smoothly to the (-1,1) interval; W, is the weight matrix of the candidate
cell state, consisting of the W, and W, weight matrices corresponding to 4;_1 and xy;
and b, is the bias term of the candidate cell state.

=02

Gt =frxcio1 ik @)

The LSTM network needs to be supplemented with the latest information from the
current input, and this process is done through input gates. First, the input gate gets
the scale factor i; controlling the input information through Eq. (4) to decide which
information in the candidate cell state is added to the previous cell state ¢, to generate
the new state c¢;. Second, the candidate cell state ¢; is obtained by using 4;_1 and x; as
input through Eq. (6). Finally, the current cell state ¢; can be obtained through Eq. (8).

Finally, the output door:

0y =0 Wy * [x, hy—1]1 + by) )

he—1 he—1
(W] = [Won, Wox] (9)
Xt Xt

where oy is the scale factor of the control outputting information at the current moment;
the weight matrix W, consists of two weight matrices W,;, and W,,, corresponding to
the input terms /4,1 and x;, respectively.

h; = o; * tanh(c;) (10)
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Table 1. LSTM Model Parameters Selection

Parameters Name

Parameters Selection

Input Layer Units 1
Output Layer Units 1
Hide Layer 1
Hide Layer units 100
Timestep 1
Epochs 60
Batch Size 11
Activation Function Relu

Loss Function

Min(Mean Absolute Error)

Optimizer Adam

Dropout 0.1

The LSTM generates the output at the current moment by means of an output door.
The parameter o;, which controls the degree of switching of the output door, is first
obtained through Eq. (9), and then the latest cell state ¢, is multiplied with the corre-
sponding parameter of o; through Eq. (10) to obtain the output /4, at the current moment
after the activation function tanh operation.

3.2 Result Analysis

In this study, the daily cumulative confirmed cases in Beijing from January 20th, 2020
to April 26th, 2020 is extracted to use for LSTM prediction modeling. According to the
approximate proportion 4:1, the data is divided into training set and test set. Specifically,
the data from January 20th, 2020 to April 5th, 2020 is used for model training, and the
data from April 6, 2020 to April 26, 2020 is used for model testing. The parameters
selection of LSTM neural network model is shown in Table 1.

To verify the effectiveness of the proposed model, we compare the LSTM based
prediction model proposed in this study with the SVR based prediction model proposed
by Punn [10] and the ARIMA based prediction model proposed by Gupta [11]. We first
compare the prediction results on the test set of the three models, and the specific results
are shown in Fig. 6. It can be seen from Fig. 6 that the LSTM based prediction model
has the best fitting effect on the test set, followed by the SVR based prediction model,
and the ARIMA based prediction model has the worst fitting effect.

In addition, in order to more objectively compare the performance of the three pre-
diction models, the evaluation indexes in this study mainly include R? score, root mean
square error (MAE) and mean absolute error (RMSE), where R? reflects the degree of
fitting of the prediction results, with R? score equal to 1 when fully fitted, and the larger
the value, the better the fitting effect; MAE reflects the error between the predicted and
true values, and the smaller the value, the smaller the error; and RMSE reflects the
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Fig. 6. Fitting Value of Three Prediction Models on Test Set

volatility of the model prediction, and again the smaller the value, the less volatility.
The prediction model based on LSTM has the largest R2, so has the best fitting effect.
In terms of MAE, the LSTM based prediction model is the smallest, so has the smallest
error, and it has a greater improvement than the other two models. In terms of RMSE,
the prediction model based on LSTM is also the smallest, so has the smallest volatility.
Thus, it can be concluded that the prediction model based on LSTM proposed in this
paper is better than the prediction model based on SVR and ARIMA.

4 Conclusion

The COVID-19 is continuing to spread throughout the world. To support the prevention
and control of the COVID-19, this study takes Beijing as an example to analyze the
development rules and characteristics of the epidemic situation in Beijing from the data
level and multi angles and establishes a trend prediction model based on LSTM.

In terms of Beijing COVID-19 epidemic data analysis, we analyze the epidemic
curve, the overseas imported cases and incidence rate in different age groups, and finally
reached the following results:

1) The overseas imported cases are the main reason for the second rise of the cumulative
confirmed cases curve.

2) The overseas imported cases in Beijing mainly come from Europe and North
America, mainly concentrate in England, Spain, Italy and America.

3) The incidence rate of the older people over 60 in Beijing is the highest.

In terms of trend prediction modeling, we first extract the daily cumulative confirmed
cases in Beijing from January 20th, 2020 to April 26th, 2020 for data modeling, and
then select LSTM method for modeling. Finally, we compare the proposed LSTM based
prediction model with the SVR based prediction model [10] and the ARIMA based
prediction model [11]. The following conclusions can be drawn from the experiment:

1) For the data set used in this study, the LSTM based prediction model has the best
fitting effect on the test set.
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2) The proposed prediction model based on LSTM is better than the other two models
in R?2 , MAE and RMSE. So it has higher goodness of fit, smaller error and smaller
volatility.
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