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Abstract

Background: Due to the emergency pandemic threat, the COVID-19 has
attracted widespread attention around the world. Common symptoms of infection
were fever, cough, and myalgia fatigue. On January 31, 2020, the World Health
Organization (WHO) declares this outbreak a Public Health Emergency of
International Concern (PHEIC).

Methods: In order to study the spread of the novel coronavirus pneumonia, this
paper proposed an improved SEIR model to simulate the spread of the virus,
which includes the effect factor of government intervention. The model
parameters are determined based on the daily reported statistical data (up to
February 8) of confirmed, suspected, cured, and death. According to utilize the
spread rate, the probability of infection of the suspected, the probability of the
suspected becoming a confirmed one, the cure rate, the mortality rate, and the
quarantine ratio, we performed simulations and parameter calibrations at three
region levels, i.e., China, Hubei and non-Hubei respectively. In addition,
considering that the government initiated effective prevention and control
measures after the outbreak, this paper dynamically estimates all the parameters
of the proposed model.

Results: The simulation reveals that the parameters of non-Hubei region are not
significantly different from Hubei’s. Hubei Province has a high transmission rate,
low cure rate, high probability of infection, low effective quarantine rate. since
January 31, with the continuous strengthening of epidemic prevention and
control measures, all parameters of the model have changed significantly. The
parameters of Hubei and non-Hubei regions have the same trend. The trend of all
parameters is now moving in a direction that is conducive to reducing the
number of confirmed, suspected and fatal cases.

Conclusions: The number of infections of the virus initially showed a rapid
increase in the trend, and the number of infectious case showed a clear downward
shape. With the government to take a variety of prevention and control measures
and the efforts of the general medical staff, the number of infection curve on
February 22 appeared in the top of the arc pattern, indicating that the inflection
point began to appear, but the decline in the number of infections slowly.

Keywords: novel coronavirus; COVID-19; compartmental model; risk
assessment; epidemiology; mathematical inference; emerging infectious diseases
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Introduction

On December 31, 2019, the Wuhan Municipal Health Commission (WMHC) an-

nounced that there were several pneumonia cases related to a seafood market in

Wuhan, China, and later found that a certain coronavirus may cause this pneu-

monia. As the statement declared by the World Health Organization (WHO) on

January 9, 2020, Chinese authorities preliminary determined a novel coronavirus,

by ruling out common respiratory pathogens (SARS-CoV, MERS-CoV, avian in-

fluenza, etc.), at the beginning of 2020 [1]. WHO formally designated the name of

the novel coronavirus as COVID-19 on February 11th, 2020. The virus responsi-

ble for COVID-19 are deem as highly contagious infectious comparing with SARS,

which caused cluster pneumonia cases emergence during the year 2002 and 2003

[2]. According to the Situation Report – 28 released by the WHO, there are 71429

confirmed globally, among which there are 70635 confirmed in China [3].

Previous emerging infecious diseases convinced people that they may result in

harmful regional or global disaster [4, 5]. Due to the emergency pandemic threat, the

COVID-19 has attracted widespread attention around the world. Common symp-

toms of infected were fever, cough, myalgia fatigue, etc [6]. Li et al. (2020) inves-

tigated 425 confirmed COVID-19 and found that the mean incubation period was

5.2 days, during which the virus have contagious diffusion potential [7].

To trace the transmission process of the pandemic and predict it, researchers tried

many ways to model it. It is crucial to take proper prevention and control measures

in advance, according to the predicted result of the spatiotemporal outbreak. The

SARS epidemic in 2003 leads to a wave of research on the prediction of infectious

diseases, the dynamic models represented by the SIR, which is a compartmental

model, have been improved. Many scholars tried to forecast the spread of virus

based on dynamic models [8, 9, 10, 11, 12, 13] . These models included expanded

dynamic model [14], logistic model [15], cellular automata model [16], autoregressive

model [17, 18], fly point propagation along the traffic line model [12], among others.

A large number of SARS simulations have also been carried out by scholars [19, 20,

21, 22]. In the 2014 Ebola diffusion simulation in western Africa, scholars began to

systematically add intervention factors for human prevention and control measures

into research models [23, 24, 25, 26].

The asymptomatic transmission of the COVID-19 makes it difficult for the sim-

ulating of virus transmission [27, 28]. Many researchers and research institutes are

actively engaging regression models [29, 30] and modified SEIR models [31, 32] or

constructing new ones to predict the development of this new coronavirus [33]. Wu

et al. (2020), for example, predicts that the turning point of the epidemic in Wuhan

will likely come in May using data of the number of people infected from Decem-

ber 31 2019 to January 28, 2020, and concludes that measures of quarantine the

city of Wuhan have no significant effect on quick alleviation of the epidemic [8].

Chen et al. (2020) shows that earlier or delayed quarantine of the whole city of

Wuhan is unlikely to have significant impact on the arrival of the turning point of

the epidemic, but is likely to cause significant change in the number of confirmed

cases, which suggests it is necessary to implement the measures of sealing off city

as soon as possible [32]. Without the quarantine policy, it is likely to result in the

export of more infected people nationwide and even the world, leading to the virus
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transmission being more rapid and extensive. Roosa et al. (2020) combine the lo-

gistic growth model, the Richards model, and the sub-epidemic wave model to give

a better forecast [30].

The prediction model of contagious diseases based on artificial intelligence tech-

nology with population, transportation, medical, and other big data predict the

spatiotemporal spread of diseases. The population OD super network model, for

example, can estimate the population flow and therefore predict the spread of in-

fectious diseases based on big data on population migration [34, 35]. It is conducive

to guide population flow properly, so at to provide necessary decision-making sup-

port for the macro-control of the epidemic and the spatial management of the

epidemic. Meanwhile, the model shows that there is a positive correlation between

the population input and the number of confirmed cases for Wuhan, which verifies

that population flow is one of the main reasons for the early spread of the epidemic

[36].

The deep learning method is used to predict the infectivity of COVID-19 [33]. By

analyzing the cases tracked by the network search data and using AI technology to

analyze the relationship between the network query frequency and ratios of patients,

it can be temporally more real-time and spatially more detailed, taking Google

Flu Trends (GFT) as an example [37]. Strzelecki (2020) use Google Trends on the

COVID-19. The BLUEDOT agency in Canada combines AI technology, big data

analysis, and infectious disease expert experiences, the final prediction results are

then manually evaluated and revised by experts, and the prediction results can be

accurate [38].

The number of samples limits traditional statistical models, and their parameters

have no direct physical significance. In contrast, the dynamic models require few

parameters, and their parameters have strong physical significance [39, 7, 40]. The

parameters involved are directly related to the actual prevention measures of conta-

gious diseases, so it plays a vital role in the actual prediction of infectious diseases

[41, 42]. Besides, most of the social and economic statistics can be obtained pub-

licly, which can support the simulation of the dynamic models. In this paper, we

use a dynamic model and current data to predict the development of the COVID-19

epidemic.

Of various current predictions, the results predicted by the regression model, the

dynamic model, and the AI model are inconsistent with the actual trend in the later

period. Except for Hong Kong’s forecast that the turning point of the epidemic is

likely to be in May, most other forecasts are more optimistic. On the one hand, the

prediction model for the maximum number of people infected, referring to Wu et

al. (2020), was higher [8]. The predicted number of people infected in Wuhan on

January 25 is 75815 is inconsistent with the actual data. The main reason might be

that the parameters involved in the model are mostly static. However, the Spring

Festival in China is around late January to early February 2020, and the spatio-

temporal change rate of population migration is the highest in the world. Following

Hubei, other provinces gradually took increasingly strict control measures, which

means the parameters of the model should be changed over time [42]. This paper

makes a dynamic estimation of all parameters of the model according to the daily

statistical data on confirmed, suspected, and, cured cases and death, calibrating
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daily based on the availability of dynamic data, and analyzes the time changes of

model parameters at regional levels: Hubei and non-Hubei provinces.

Methodology

Data and analysis

The data used in this paper are all from the official data published by the National

Health Commission of People’s Republic of China (NHC). Since January 24, real-

time records are made available for the whole country, Hubei Province, the more

epicene of the epidemic and non-Hubei Province. Non-Hubei data are the total

number of cases of all provincial regions in China except Hubei. The data collected

are mainly the number of confirmed, suspected, cured case, and deaths per day

(Figure 1 and Figure 2).

Model and parameters

There are four models for novel coronavirus transmission: SI, SIR, SEIR, and SEIS

models. The new coronavirus is characterized by strong transmissibility, long incu-

bation period, and in certain severe cases, death. Therefore it is suitable to simulate

the virus using the SEIR model. We employed daily statistical data of confirmed,

suspected, cured, and death to calibrate parameters in the model. We assume that

the birth rate, death rate, and population movement are stable in a short period.

Hence we divide the whole population in the research region into six compartments:

the number of confirmed patients (I); the number of suspected patients (E); all

population who may contact with suspected patients in the future (S); the number

of population who will not have contact with suspected or confirmed patients in

the future (V ); the number of cured patients (R); the number of death (D). The

differential equations of these five variables at a certain point of unit time are as

follows:

dS

dt
= −αI(1− p)S − βE(1− p)S (1)

dI

dt
= γE − θI − ϕI (2)

dE

dt
= αI(1− p)S − γE + βE(1− p)S − θEp (3)

dR

dt
= θI (4)

dD

dt
= ϕI (5)

S + V + I + E +R+D = N (6)
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where α is the transmission rate (i.e., the number of people contacted by an infected

person each day); β is the infection probability of the suspected patients; γ is the

probability of a suspected patient becoming a confirmed case, which is positively

related to the inverse of the average incubation period; θ is the cure rate of the

confirmed patients at a unit time, which is positively related to the multiplicative

inverse of the average admission time; ϕ is the death rate of the confirmed patients;

p is the percentage of quarantine of the confirmed and the suspected patients.

Since no vaccine has been developed, there is no vaccination rate in formula 1.

The quarantine ratio is introduced, and it is assumed that isolated diagnosed and

suspected patients no longer have the ability of transmission, while patients who

are not isolated and suspected patients have the ability of transmission. It is further

assumed that with treatment, suspected cases have the same cure rate as confirmed

patients. Many studies, taking SARS as an example, divide the diffusion of the virus

into the early outbreak stage and late prevention and control stage. The research

on novel coronavirus focuses on the early stage. The focal point of this paper is the

simulation of virus spread since January 24 with the assumption that all parameters

are adjustable.

Model parameters fitting methods

At the time of t = i (i=1,2,3,..., n), the number of suspected cases Ei, the number of

confirmed cases Ii, the number of cured cases Ri, the number of deaths Di and the

death rate are known, while α, β, γ, θ, and p need to be estimated. Although S is un-

known, we can set a huge number based on the current actual number of confirmed

and suspected patients and assume that it will remain unchanged for a certain pe-

riod. During the process of COVID-19 outbreak, the parameters of the SEIR model

remain relatively unchanged. The governments have taken many control measures

after the outbreak, so the relevant parameters of the model will have to be changed.

As a result, we divide the epidemic into two stages: an early stage and the current

stage, and assume that at each stage, the parameters are relatively consistent. The

clinical diagnosis of novel coronavirus ar the early stage is still insufficient, which

leads to a large degree of uncertainty in statistics of both the numbers of confirmed

and suspected cases. Therefore, only statistical data since January 31, 2020 is used

as the current simulation data. After the differential equations of formula 1-6 are

combined, the distribution integral method is used to find the solution at time i.

The day of January 31, which is recorded as the time of t = 0, marks the beginning

of the simulation, and the number of confirmed, suspected, and cured cases, and

deaths published on January 31 are recorded as I0, E0, R0, D0 respectively. ϕ is

known, and S is set as 300000. Based on the values listed in the literature on coro-

navirus, the minimum and maximum values intervals are set, and a smaller step is

set as well. As shown in Table 1, in total, there are 115200 types of combinations

of five parameters. We can take any combination and solve the differential equation

together with I0, E0, R0, D0, ϕ and S. That is to say, at t = 1 we can get i1, e1, r1,

d1, and in, en, rn, dn at t = n, and hence the actual statistical values of I1, E1, R1,

D1, and In, En, Rn, Dn at t = n are all known. The following objective functions

are used for optimal solution:

o =
∑

t = 1n(|it − It|+ |et − Et|+ |rt −Rt|+ |dt −Dt|) (7)
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where o is the target value, it, et, rt, dt are the estimated values of the number

of confirmed, suspected, cured and death cases respectively; It, Et, Rt, Dt are the

actual statistical values at time t respectively. Among the 115200 possible combi-

nations listed in Table 1, o values can be obtained by formula 7. The values of α,

β, γ, θ, and p, which correspond to the minimum of o, are the estimated results.

The COVID-19 can be simulated and predicted by the estimated parameters in for-

mula 1-6, and it also can be used for simulation and comparative analysis between

different regions. Considering that the parameters of the model are changing, and

the starting time of the model is adjustable, we can obtain the parameters of the

model at different time intervals, then contrast and analyze the results at different

time and space. After the parameters of the model are optimized, the correlation

coefficient between the estimated and the statistical values can be calculated as the

evaluation index of the simulation.

Results and discussion

Differences of simulation among different regions

Based on the formal public statistical data, we built models at three regions scale

(China, Hubei, and non-Hubei) separately. After parameter simulation and predic-

tion using the proposed model, the results are shown in Figure 3. As the numbers

of confirmed, suspected, and cured cases and deaths in Hubei Province are much

larger than that in non-Hubei Provinces, the simulation results in China are similar

to those in Hubei Province as a whole. The number of suspected cases in the non-

Hubei region has been in a relatively stable state since January 31, with a downward

trend since February 3. Taking formula 7 as the objective function, the parameters

of different models at different spatial scales of China, Hubei, and non-Hubei are

estimated optimally. The estimation results are shown in Figure 4. Expect the value

of α, the values of β, γ, θ, and p at the national level are all between Hubei and

non-Hubei provinces. This explains the relatively low number of confirmed and sus-

pected cases in non-Hubei areas. The results also show that efforts of prevention

and control measures taken in non-Hubei regions are better than that in Hubei.

Temporal variation and regional differences of parameters

For the prevention and control of the novel coronavirus pneumonia, the response

methods learned previously from SARS are not readily applicable. The government

and the public are practicing continuously new prevention and control measures,

which necessitates changes in parameters related to the SEIR model. By increasing

the simulation time of the SEIR model, the model parameters at different times

can be obtained. Figure 5 show the temporal values of α, β, γ, θ and p. Both α

and β show a downward trend, while θ and p show an upward trend. This indicates

that the epidemic prevention and control measures have been strengthened over

time. The quarantine and treatment of confirmed cases, the admission and moni-

toring of suspected cases, the quarantine and observation of close contacts, and the

implementation of the quarantine operation itself have been strengthened, which

makes the five parameters change significantly. In the current trend of parameter

changes, the number of confirmed, suspected, and cured cases and deaths predicted

by the SEIR model tend to decrease over time; on the other hand, the accuracy of
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long-term prediction will also reduce dramatically. From the perspective of regional

comparison, the values of infection probability β of suspected cases in Hubei and

non-Hubei regions are similar, and their trends are similar as well. This indicates

that this parameter has no significant regional differences between Hubei and non-

Hubei regions, and the probability only related to the characteristics of the virus

itself, which is consistent with the physical significance of the parameter. In addition

to β, the other four parameters all show that there are significant temporal differ-

ences between non-Hubei regions and Hubei. For γ, the value of Hubei Province

shows a downward trend over time, while the value of non-Hubei Provinces tends

to ascent. As a result, the two values are increasingly converging.

Influence of sample size difference on parameter estimation

When using formula 7 to estimate model parameters, for the number of n samples,

40%, 50%, 60% and 70% of samples are respectively extracted for training, while the

other 60%, 50%, 40%, and 30% samples are left for checking. Figure 6(a) shows the

effect of the ratio of different training samples on the parameters β, γ, θ, and p of

SEIR. It indicates that the model parameters tend to remain relatively stable with

the increase of training samples. On the contrary, β, γ, and p are underestimated,

while θ is overestimated with the decrease of training samples. In general, based

on this method, even if the training sample is reduced by 60%, good parameter

estimation can still be achieved. For no training samples, the correlation coefficient

between the actual and the estimated values are calculated, and the results are

listed in Figure 6(b). As a whole, when the training samples vary from 40% to

70%, the estimated values after training of the model have a very high correlation

with the actual values. When the sizes of training samples increases, the correlation

coefficient is increasing between the estimated values of E and R and their actual

values, while the correlation coefficient between I and D is decreasing.

Influence of predicted S0 value on model prediction results and parameters

In the simulation, S0 is set at 300,000. In order to analyze the influences of changes

of S0 value on the parameters and prediction results of SEIR, let S0 change between

300,000-20,000,000 to analyze the variations of prediction results. Figure 7 shows

the distribution of prediction results on the 20th day under different S0 scenarios

nationwide. It can be seen from Figure 7 that except Hubei, the prediction results

are not affected by the size of S0. For the prediction results of Hubei Province, the

relationship between the prediction of death number and S0 is not apparent. When

S0 is more significant than 1,000,000, the number of cured cases has little relation

with S0. The most influential factor of S0 is the number of confirmed and suspected

cases. When S0 is smaller than 2,000,000, the predicted number of confirmed and

suspected cases approaches the upper limit exponentially. However, when S0 is

greater than 2,000,000, the predicted number of confirmed and suspected cases are

not related to S0.

Model prediction based on dynamic parameters

The fitting of parameters makes all parameters very close to their actual values, and

on this basis, the development trend of the number of confirmed, suspected, and
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cured cases and deaths can be predicted. With February 7 as the start date, and

S0 set at 2000000, statistical data from February 7 to 11 are used to estimate the

parameters of the nationwide model, and the results are shown in Figure 8. Figure 8

illustrates that the number of confirmed cases will peak at around February 22. Since

the treatment of the novel coronavirus pneumonia is long, the number of confirmed

cases will decrease gradually after February 22. For the simulation parameters, the

proportion of quarantine has risen to 0.75, and θ has risen to 0.014, while α has

dropped to 0.003, and β has dropped to 0.2. These parameters indicate that the

number of suspected cases drops rapidly, prompting the peak number of confirmed

cases to come quickly, as strict epidemic prevention and control measures gradually

take their effects.

Conclusions

We utilized the optimized SEIR model to predict and analyze the spread of COVID-

19 outbreak in Hubei and other provinces of China. The model parameters are the

number of daily contacts per infected person α, infection probability of suspected

patients β, probability of suspected patients becoming confirmed patients γ, the

cure rate of confirmed patients at unit time θ, quarantine rates of confirmed and

suspected patients p. The input of this model includes the latest statistical data

of confirmed, suspected, and cured cases and deaths. The model is then trained

to realize the dynamic estimation of parameters. The results show that the corre-

lation coefficient between simulation results and actual values is larger than 0.98,

indicating that the proposed optimized SEIR model is suitable for simulating and

forecasting the outbreak of novel coronavirus. For the Hubei province and non-

Hubei area, the probabilities of suspected cases turning into the confirmed cases

are roughly the same. The other four parameters show significant differences, in-

dicating that the epidemic situation in Hubei province is dire. The comparison of

the model parameters in different periods shows that the parameters have been

continuously changing over time. The COVID-19 exhibits great uncertainty in pre-

diction, diagnosis, cure, and death rates. For China as a whole, the results of early

prediction are higher than those of the later rolling prediction. The parameters all

turn towards reducing the number of confirmed and suspected cases and death.

The parameters from February 7 show the epidemic prevention and control mea-

sures nationwide have been quite strict, which makes the number of suspected cases

drop rapidly. This will accelerate the peak time for the number of confirmed cases

to arrive quickly, and the turning point of the number of confirmed cases is likely

to be reached at around February 22.
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Figures

Figure 1 Confirmed and suspected. the number of confirmed and suspected cases in Hubei,
non-Hubei provinces, and China level.

Figure 2 Cured and death. The number of cured and death cases in Hubei, non-Hubei, and
China level.

Tables
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Figure 3 Fitting results. These figures illustrate fitting results of China, Hubei and non-Hubei
provinces (simulation on January 31, 2020). (a) simulation and prediction results of China
nationwide; (b) simulation and prediction results of Hubei province; (c) simulation and prediction
results of non-Hubei provinces.

Figure 4 Parameters distribution. The estimation results of parameters distribution of China,
Hubei and non-Hubei regions (simulated on January 31, 2020).

Figure 5 Parameter temporal changes. The temporal change of the parameters in proposed
model.

Figure 6 Influence of sample size analysis. Influences of training sample size on model
parameters and estimated value.

Figure 7 Influence of S0 analysis. Prediction results of different S0

Figure 8 Dynamic parameter. Nationwide forecast results based on dynamic parameter
adjustment (forecast from February 7, 2020, peak number of infected cases is likely to reach at
around February 22).

Table 1 Model parameters and value range

Parameters Physical meanings Min Max Step Number
α number of daily contacts per infected person 0.003 0.023 0.002 10
β infection probability of suspected patients 0.100 0.700 0.020 30
γ probability of suspected patients becoming confirmed patients 0.150 0.170 0.001 20
θ cure rate of confirmed patients in unit time 0.006 0.030 0.002 12
p quarantine rate of confirmed and suspected patients 0.100 0.900 0.050 16



Figures

Figure 1

Con�rmed and suspected: the number of con�rmed and suspected cases in Hubei, non-Hubei provinces,
and China level.

Figure 2

Cured and death: The number of cured and death cases in Hubei, non-Hubei, and China level.



Figure 3

These �gures illustrate �tting results of China, Hubei and non-Hubei provinces (simulation on January 31,
2020). (a) simulation and prediction results of China nationwide; (b) simulation and prediction results of
Hubei province; (c) simulation and prediction results of non-Hubei provinces.

Figure 4



The estimation results of parameters distribution of China, Hubei and non-Hubei regions (simulated on
January 31, 2020).

Figure 5

The temporal change of the parameters in proposed model.

Figure 6

In�uences of training sample size on model parameters and estimated value.

Figure 7

Prediction results of different S0



Figure 8

Nationwide forecast results based on dynamic parameter adjustment (forecast from February 7, 2020,
peak number of infected cases is likely to reach at around February 22).


