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Abstract The outbreak of COVID-19 has brought unprecedented challenges not only in China but also in
the whole world. Thousands of people have lost their lives, and the social operating system has been affected
seriously. Thus, it is urgent to study the determinants of the virus and the health conditions in specific
populations and to reveal the strategies and measures in preventing the epidemic spread. In this study, we
first adopt the long short-term memory algorithm to predict the infected population in China. However,
it gives no interpretation of the dynamics of the spread process. Also the long-term prediction error is too
large to be accepted. Thus, we introduce the susceptible-exposed-infected-removed (SEIR) model and further
the metapopulation SEIR (mSEIR) model to capture the spread process of COVID-19. By using a sliding
window algorithm, we suggest that the parameter estimation and the prediction of the SEIR populations are
well performed. In addition, we conduct extensive numerical experiments to show the trend of the infected
population for several provinces. The results may provide some insight into the research of epidemics and
the understanding of the spread of the current COVID-19.
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1 Introduction

Human society has been severely influenced by epidemic outbreaks many times in history. The spread
of the epidemic is full of accidental factors, which is a complex dynamical phenomenon [1,2]. Infectious
and infected individuals are all proactive individuals whose behaviors have a serious impact on the
development of the disease, and they also adapt to changes in the external situation. This adds more
complexity to the research on epidemic spreading dynamics and the prediction [3,4]. With the rapid
development of modern transportation and communication tools, the human activity radius has grown
rapidly, and the contact between any two individuals has become possible. However, the development
of transportation and communication tools has brought convenience yet also brought certain disasters.
On the one hand, the small-world network feature of our living society makes the radius of the spread of
diseases or rumors bigger and bigger, which makes it easier to spread diseases [5,6]. On the other hand, the
real society network has a high clustering coefficient. Concerning disease spread, contact between families
and communities accelerates the speed of transmission and expands the scope of transmission [7, 8].
As human beings are facing long-term and severe threats of various diseases, such as HIN1, H7N9,
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and the current COVID-19, this has seriously affected the lives of our life and the national economy
over the recent years [9-11]. Thus, the study of the mechanism of epidemic spreading is urgent and
important, which would be the basis for intervening in the epidemic and also an important way to
suppress the epidemic. Recently, many epidemiological models have been proposed to reveal the spreading
dynamics of virus and disease in different population structures, such as the compartment models [12] for
small-scale, well-mixed populations, and the network epidemiology models [13,14] for individuals with
complex contact relationships in a regional population. For epidemic spread in large-scale spatial regions,
the most widely adopted model is the metapopulation model, which refers to a group of separated
subspecies of the same species connected by an interacting network. Concerning large-scale epidemic
outbreaks, such as the global spread of influenza, the dynamics can be simulated for the transmission of
pathogens through a metapopulation network [15], in which the cities in different countries are described
as subpopulations, and human flows between cities are modeled as edges connecting subpopulations. The
metapopulation model has been successful in the study of large-scale pandemic spread. For instance,
previous studies [16,17] used the worldwide cite global aviation networks to analyze the spread of SARS
and HINT1 in the global urban population. The data of the mobility network of mobile phone users are
investigated [18] to analyze the malaria transmission process in Kenya. However, because the access to
the detailed flow data for all cities in the world and even in a country is usually impossible in practice,
most of these previous studies can only use coarse-grained flow data to establish epidemic transmission
networks between cities, under the assumption that all contacts and infections between individuals are
homogeneous in the same city. With the fast development of metropolis around the world, the social
structure within the city becomes more and more complex, and the assumption of homogeneous mixing
of the population within the city is no longer valid. Also, it is not clear whether the physical network can
approximate the general infection network of all different diseases, which further limits the application
value of the exhaustive existing methods. Therefore, the method that can achieve fine-grained urban
infectious epidemic spread analysis without the need for detailed empirical data on resident mobility
is still ideal. Only if the detailed empirical data are open to the researchers, more valid and deep
research results can be obtained. Deterministic models based on differential equations are difficult to
systematically simulate the virus propagation process effectively in both cyberspace and real physical
world [19-21]. In recent years, thanks to the fast development of AI techniques and the network science
tools, revealing the evolutionary rules of such complex systems has become traceable. For instance, Fraser
et al. [22] judged the pandemic potential of HIN1 with limited data and made an early assessment of
transmissibility and severity of the outbreak of international spread, and viral genetic diversity. Wang et
al. [23] proposed a network inference model, which can reduce the individual-based network into a sub-
population network without loss of information, and incorporated the power-law distribution prior and
data prior for better performance. It extended the widely accepted susceptible-infected-removed (SIR)
model to a metapopulation SIR model. Concerning cybersecurity, the previous study [24] investigated
the identification problem of potential malware propagation via the Internet, which proposed a tree-
shaped deep neural network and performed flow detection on real data with the imbalanced distribution.
Moreover, to uncover the dynamical mechanisms of the propagations of diseases, many recent researches
have been conducted to predict and control epidemic spreading in social systems via a network analysis
strategy [25-29]. As we know, large-scale population movements activated long-range links in the network,
making COVID-19 rapidly spread from Wuhan to other cities across China. Therefore, we aim to study
the dynamics and prediction of the trend of COVID-19 and to provide some understanding of the disaster.
In this paper, we first test and verify that the current prediction method based on a neural network can
predict the trend of the evolution of the different types of population. However, it gives no interpretation,
and the accuracy becomes lower for the long-term prediction. Thus, we introduce the widely accepted
susceptible-exposed-infected-removed (SEIR) model and identify the parameters therein to fit and predict
future trends. The prediction error is much lower than the neural network-based method. Furthermore,
we extend and propose a metapopulation SEIR (mSEIR) model with consideration of the mobility and
interaction of the urban population in different regions. We suggest that by using the sliding window
method based on the proposed mSEIR model, we can predict the inflection point and the end of the
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COVID-19. Throughout this paper, considering the real spread of the COVID-19 is determined by
multiple factors, we adopt the following assumptions to simplify the study, but without loss of generality.

(1) It is assumed that the transmission of the virus happens in an enclosed environment, regardless of
natural birth rate and natural mortality, which means the total population is constant.

(2) The reported cases of confirmed, cured, and dead data are accurate.

(3) Patients are not infectious during the incubation period, and there are no super-spreaders.

(4) Healers will be able to produce antibodies, which prevent them from getting infected again.

2 SEIR model

In this section, we introduce the basic SEIR model [30] that is adopted to describe the recent outbreak
of COVID-19 in China. Let the total population be N, and we use S(t) to represent the susceptible
population, E(t) to represent the exposed population, I(¢) to represent the infected population, and R(t)
to be the removed population, which consists of those who are healed or dead owing to the COVID-
19. Let the time-dependent variables be simplified without index ¢, and the dynamics of the model is
described as follows:
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where N = S(t) + E(t) + I(t) + R(t), and the contact rate 8, the incubation rate o, the recovery rate 7
are model parameters to be determined.
The discrete format of (1) is shown as
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3 Prediction of infection cases via LSTM

A basic idea is to predict the evolution of these variables by using the popular deep learning technique [31].
In this case, the dynamics of the SEIR model is not required, since we can roughly predict the curves
by choosing a proper structure of the neural network. Long short-term memory (LSTM) network [32],
which is a special recurrent neural network, is designed to solve the problem of long dependencies. In
this part, we simply predict the cases of infection with LSTM to gain some cognition of the trend of the
COVID-19. The input X of LSTM is the data of 5 consecutive days, X = {z(¢),z(t +1),...,z(t +4)},
where z(t) = {S(t), E(t), I(t), R(t)} and S(t), E(t), I(t), R(t) denote the number of susceptible, exposed,
infected and recovered individuals of day ¢, respectively. The output is the prediction value of {S, E, I, R}
for the 6th day.

The construction of our model is shown in Figure 1. The input data X goes through LSTM layer with
16 hidden units, and the output of the last LSTM cell passes through a fully connected layer to yield the
four-dimensional prediction value {S, F, I, R} for the next day.

Prior to the training of the model, min-max normalization is applied to the data to constrain the value
of the data between 0 and 1. The data of recent 10 and 20 days are split as the test set in prediction,
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Figure 1 (Color online) The structure of LSTM model.
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Figure 2 (Color online) The prediction of infected population via LSTM, where I l(jj)e q and [ l(f;l 4 denote the prediction of
10 days and 20 days, respectively.

while the rest is for the training set. We choose mean square error (MSE), MSE = 13"  (y; — y;)?
where ¢; denotes the estimation of a data point y;, as the loss function. We use Adam optimizer and set
the learning rate as 0.001. The LSTM model is trained for 1000 epochs and the batch size is 16.

For evaluation, the model is used to predict the infection cases of the test set (days after the training
set). The prediction is made in an iterative method. We use the last 5-day’s data in the training set to
predict the first day in the test set, and then use the last 4-day’s data in the training set and the prediction
of the first day in the test set to predict the second day in the test set and so on. We introduce the mean
absolute percentage error (MAPE), MAPE = %0% Sy |%| with ¢; denoting the estimation of y;, to
quantify the prediction accuracy. The MAPE values for the prediction of 10 and 20 days are 10.8% and
30.0% on average, respectively. The curve of the prediction on test set is shown in Figure 2. Clearly, it
can be observed that the LSTM technique may predict the short-term trend with a high accuracy, while
it fails to predict the long-term evolution.
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4 Parameter identification and numerical simulation

4.1 Identification of the SEIR parameters

Although by using the LSTM tool, we may predict the trend of the evolution of these types of population,
it gives no interpretation on the dynamics of the epidemic spreading process. Moreover, LSTM is not
suitable to predict the long-term evolution of the infected case owing to the large value of MAPE. Thus,
we further seek to identify the parameters in the SEIR model to test whether it is suitable to describe
the virus propagation. Suppose we have four-dimensional time series data X = {S(t), E(t),I(t), R(t)}
generated by the SEIR model. X can be rewritten as X;ya; = ®(X;), which indicates that the state of
Xita¢ can be obtained based on the state of Xy, if ®(-) is known.
Our objective function is as follows:

IenaX{P(X(t + At) = X(t+ At)| X (1)} (3)

Therein, X denotes the estimation of X. We can fit the data based on the discrete SEIR model
mentioned above. However, in the SEIR model, the number of exposed individuals E(t) is not exactly
equal to the number of reported suspected cases. Therefore, the problem turns into identifying four
parameters © = {E(0), 8, 0,7}, and the optimization objective function is transformed into

min max { I(t;, ©) = I(t;,©) R(t:,©) — R(t;,0) }

Vi I(ti, @) ’ R(ti, @) (4)
where I and R denote published data of confirmed and recovered cases including deaths, respectively. As
only small values of I and R are reported in the early stage, we choose the maximum relative error of I
and R as the objective function, and minimize it to obtain the parameters’ values.

In order to identify unknown parameters of the SEIR model and capture the initial value of the exposed
number E(0), we propose an online parameter identification method based on the idea of sliding window,
and make the method forgetful to the past information by using the dynamic window size. Meanwhile,
the intensity of forgetfulness can be adjusted by setting the size of the last window.

To identify the parameters, El, Sl, I, Ry, 6y should be initialized at first. Then, the predicted values
in the sliding window are calculated based on the initial parameters, and use the trust region reflective
algorithm to minimize the maximum relative error in order to obtain the suboptimal parameter 6;. Next,
the window slides to the second variables EQ,S'Q,IQ,RQ and uses their values and the initial value of
parameter 61 to predict x3, x4, x5 in the sliding window. Repeat the optimization method of the first
step, from which we can get the prediction of S’i, EZ and the parameter 0;_; that optimize the prediction
results. Repeat the above steps until there are no more known I;, R; on the right of the sliding window.
Here, we can use the predicted values of E‘Z—, S'Z and the true data I;, R; in the window with parameter 6; 1
to predict the variables on the right of the sliding window. However, this ignores the variable information
in the window. Therefore, in order to make full use of limited time-series information, we choose to
constrain the window to a smaller value and make the next prediction based on the information in the
new window to update the variables and parameters. The advantage of this method is that the prediction
of the future can be based on the newer information and the prediction function has a robust prediction
ability.

The objective function of each sliding window is defined as

mgX{P(Xj = X;|X;(t)), X; € Window}. (5)

The illustration of our method is shown in Figure 3.

Since the parameters change smoothly and slowly, the accumulating influence of the previous data
on the model gradually attenuates as the intensity of forgetfulness increases. Also, for the addition of
new data, the method can dynamically adjust the parameters of SEIR based on previous information to
modify the future prediction of the model, which not only enhances the prediction ability, but reduces
computation complexity as well.
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Figure 3 (Color online) The structure of the sliding window method. Therein, I; denotes the ith window.
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Figure 4 (Color online) MAPE with different values of E(0) of the test set.

4.2 Numerical experiments of the SEIR model

Based on the proposed method above, we conducted numerical experiments with the COVID-19 data in
China. We set the tunable parameter sliding window size as 7, the last window size as 3 and initialize
the parameters to be identified between 0 and 1. Note that, generally, with a larger window size, the
sensitivity of the prediction becomes weak. However, a smaller window size will result in an overfitting
prediction.

The training data set of the country and some provinces starts from January 10th to February 16,
and the test data set starts from February 17 to March 8, both of which are composed of numbers of
the current confirmed cases, recovered patients and death. The estimated exposed case FE is initialized
between 8 and 56 when the step size is 1, and the population N is 1400000000. The optimization is
accomplished with the trust region reflective algorithm [33].

For evaluation, the model is used to predict the infection cases of the test set analogous to LSTM. We
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Figure 5 (Color online) Parameter identification with different values of E(0) on different days. (a) E(0) = 8;
(b) E(0) = 56; (c) parameters for January 10; (d) parameters for February 16.

use the data and parameter 6 in the training set to predict the situation of the following 21 days. The
MAPE of the 21-day prediction is 8.15% on average, as shown in Figure 4. The parameter identification
results of different days and different values of E(0) on training set are shown in Figure 5.

Then, we set the sliding window size and the last window size as 2, to make the most use of the data.
We analyze the situation of China and make prediction by our sliding window model. For comparison,
the curves of the prediction on the training set, the test set, and the next 100 days from March 17 are
shown in Figure 6. The MAPE for the prediction of 21 days is 3.88%. The forecast result suggests that
we can predict the inflection point of the curve and COVID-19 will cease in the end of April in China.

4.3 Modified SEIR model

Next, we consider the case that patients are infectious during the incubation period, and the contact
incubation rate (s during the incubation period is relatively lower than the contact infection rate (1
during the infectious period, since 12.6% of the reports indicated that pre-symptomatic transmission
existed [34]. Thus, the susceptible population has the possibility to be transferred into exposed population
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Figure 6 (Color online) Prediction of the infected population. On the left part of the dashed straight line, we show the
training of the data, whereas on the right part, we give the prediction results of the test data. (a) Prediction of the training
set and test set; (b) prediction of the next 100 days from March 17.

after the contact. The dynamics of the modified SEIR model is described as follows:

ds _ BiST  (SE

a N N

dE _BiSI  BSE
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ek

o =0

where N = S(t) + E(t) + I(t) + R(t), and the contact infection rate 1, the contact incubation rate fa,
the incubation rate o, and the recovery rate v are model parameters to be determined.

In order to test the difference of the modified SEIR model considering the infectivity during incubation
period on the prediction results, we choose different training data sets and compare the results with that
obtained by the traditional SEIR model.

We select the data set ranging from January 10 to March 8, where the training data sets are from
January 10 to February 13, February 14, February 15, and February 16, respectively, and the data from
February 17 to March 8 belong to the test set. We initialize the tunable parameter of sliding window
size and the last window size as 6 and 3, respectively, and initialize the model parameters to be identified
between 0 and 1. We perform parameter identification on the training data sets based on the traditional
SEIR model and the modified SEIR model, and calculate the MAPE values on the test data set. The
results are recorded in Table 1 and shown in Figure 7. Note that, subscript 1 represents the traditional
SEIR model, and subscript 2 represents the modified SEIR model. For instance, MAPE; refers to the
results of the traditional SEIR model, and MAPE, stands for the result of the modified SEIR model.

It can be observed that as the training data set becomes larger, MAPE values gradually decrease and
then indicate an accurate predicting result. At the beginning, the prediction results of the modified SEIR
model are better than the traditional SEIR model, but the increase of the number of parameters is more
likely to cause overfitting, resulting in poor prediction results sometimes. In order to simplify the model
parameters, it can be observed that our assumption that the incubation period is not infectious will not
have much impact on the prediction results.
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Table 1 Prediction of the infected population on different training data sets

Training data set Test data set MAPE; (%) MAPE; (%)
01-10-02-13 (35 d) 02-17-03-08 (21 d) 5.5004 5.4720
01-10-02-14 (36 d) 02-17-03-08 (21 d) 4.2543 2.1176
01-10-02-15 (37 d) 02-17-03-08 (21 d) 2.0342 2.1118
01-10-02-16 (38 d) 02-17-03-08 (21 d) 2.3528 2.6669
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Figure 7 (Color online) Prediction of the infected population based on the traditional SEIR model and the modified
SEIR model on different training data sets: (a) from January 10 to February 13, (b) from January 10 to February 14,
(¢) from January 10 to February 15, and (d) from January 10 to February 16.

5 mSEIR model and numerical simulation

5.1 mSEIR model description

Although SEIR model captures the dynamics of the epidemic spreading process to a great degree, it

cannot reveal the social mobility and contact of different regions. As we know, the social network has a
small-world feature, which means the contact of human beings is frequent and may accelerate the spread
of diseases. It would be more important to consider the interaction of different regions within the large
social network. Thus, we extend the SEIR model into the following mSEIR model:

s,
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Figure 8 (Color online) Prediction of the infected populations in provinces around Hubei.

where we use P, and P, to denote the total population in the n-th and m-th subregion of a considered
society, respectively. The variables S,,, E,, I,, R,, represent the population of the subregion n within the
total numbers of S, E, I, R. Between two subregions n and m, the interaction strength is defined as A,
which may be correlated to the average population flow from n to m. Note that hy., # hmn, because the
population flow from subregion n to m may be different from that from subregion m to n.

In the mSEIR model, susceptible crowd in the n-th subregion may convert to the exposed in three
potential ways as follows:

(1) The internal propagation in subregion n: - S, I,.

(2) The infected people in subregion m with the number of }E;"" - I, come to subregion n with the
probability of 5 to spread to the susceptible person S,,.
h

m

n
Pn

(3) The susceptible people in subregion n with the number of
infected with a probability of 8 by the infected people I,,.

- S, come to subregion m, and are

5.2 Numerical experiments of the mSEIR model

We take the provinces adjacent to Hubei Province and the Yangtze River Delta as examples for analysis
and prediction. The training data set starts from January 10 to February 16, and the test data set
starts from February 17 to March 8, both of which are composed of the numbers of confirmed cases,
recovered patients, and the death. We set both sliding window size and the last window size as 2,
initialize F(0) of each province based on the proportion of confirmed cases in each province ¢ multiplied
by the exposed cases in China, i.e., £;(0) = (I;(0) = Ichina(0)) - Echina(0). The population of each province
is the resident population of provinces surveyed in 2019. To reduce the number of parameters, we let
hlgf =L and gpm = 5(% + hg: ),Vn, m, and this will lead to a reduction of w parameters in the
total interaction matrix for a considered region. The optimization is accomplished with the trust region

2

reflective algorithm [33].

The MAPE values of the first 10-day prediction in Sichuan, Guangdong, Chongqing, Hunan are 9.29%,
10.20%, 8.50% and 5.97%, respectively, and the MAPE values of the last 10-day prediction in Sichuan,
Guangdong, Chongqing, Hunan are 21.32%, 21.11%, 16.56% and 34.17%, respectively. The prediction
result shows that COVID-19 in these area will cease in the end of March, as shown in Figure 8.

The MAPE values of the first 10-day prediction in Zhejiang, Jiangsu, Shanghai are 13.95%, 5.26% and
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Figure 9 (Color online) Prediction of the infected populations in provinces in Yangtze River Delta.

12.80%, respectively, and the MAPE values of the last 10-day prediction in Zhejiang, Jiangsu, Shanghai
are 19.06%, 26.36% and 14.07%, respectively. Although in the last 10 days, MAPE values are larger,
this is due to the fact that the real populations are small, it will indeed turn out that the MSE values
will be small. The prediction result shows that COVID-19 in these area will cease in March, as shown in
Figure 9.

6 Conclusion

The new type of coronavirus spread has been epidemic for months at home and abroad, which has caused
a huge and painful loss of health and life. Previous deterministic models in the format of differential
equations are difficult to systematically describe the virus propagation process effectively because the
real circumstances have more unexpected influential factors. Thanks to the development of artificial
intelligence techniques and the network science tools, revealing the evolutionary rules of such complex
systems has become traceable. To investigate the dynamics of COVID-19 spread and help people gain
some understanding on the evolution trend, we first use an LSTM model to predict the infected population
in China. The MAPE results have shown that it is accurate for short-term prediction; however, it fails to
predict the long-term evolution. Moreover, because it gives no interpretation of the strategy of dynamics
of the spread process, we introduce the widely accepted SEIR model to describe the epidemic spread
process. By using the proposed sliding window method, we identify the parameters in the SEIR model
and predict the trend of the evolution of COVID-19. We test the assumption that patients are infectious
during the incubation period and introduce another contact infection rate in the modified SEIR model
for comparison. It is observed that by introducing more parameters, the predicting results may be
better; thus, it would be easier to cause overfitting. Because the infectious number of patients during the
incubation period is quite small, the results of both the SEIR and modified SEIR models do not have
much difference. The results suggest that the prediction error is quite small, and the proposed method
may help predict the end of the epidemic disease. However, the typical SEIR model takes no consideration
of the mobility of the urban population and the interaction of inter-city population flow. We then extend
the SEIR model and propose the mSEIR model to describe the spread process of COVID-19. We use
the sliding window algorithm for parameter estimation in the model and further predict the infected
populations to obtain the trend. Numerical experiments have been conducted to show the evolution
curves of the infected population for several provinces. With a proper selection of the parameters in the
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sliding window prediction, we suggest that we may predict the trend of the populations accurately in
different cases. By using a small window size in the method, we may sensitively acquire the inflection
point of the trend of COVID-19 and predict the end of COVID-19 for different provinces and the entire
country. Although intervention and regulation by our government are effective in preventing the disaster,
they may also bring difficulty in modeling the natural dynamics of epidemic spread and prediction. In
short, the real spreading process of COVID-19 shall be much more complicated, which cannot be entirely
captured by the limited data and any theoretical model. In future work, we will further investigate the
general dynamics of COVID-19 and the general spread strategies of more epidemic viruses.
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