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Abstract

The coronavirus (COVID-19) is a highly infectious disease that emerged in the late Decem-
ber 2019 in Wuhan, China. It caused a worldwide outbreak and a major threat to global
health. It is important to design prediction and control strategies to restrain its exploding. In
this study, a hybrid intelligent model is proposed to simulate the spreading of COVID-19.
First, considering the effect of control measures, such as government investment, media
publicity, medical treatment, and law enforcement in epidemic spreading. Then, the infection
rates are optimized by genetic algorithm (GA) and a modified susceptible-infected-quaran-
tined-recovered (SIQR) epidemic spreading model is proposed. In addition, the long short-
term memory (LSTM) is imbedded into the SIQR model to design the hybrid intelligent
model to further optimize other parameters of the system model, which can obtain the opti-
mal predictive model and control measures. Simulation results show that the proposed
hybrid intelligence algorithm has good predictive ability. This study provide a reliable model
to predict cases of infection and death, and reasonable suggestion to control COVID-19.

Introduction

In the past six months, Chinese people have been on a high level of containment due to the
outbreak of the coronavirus 2019 throughout China [1]. However, due to the convenient of
global transportation, the virus has rapidly spread around the world. Coronavirus was first dis-
covered in Wuhan. At the early stage, people lack of knowledge about the virus and scarcity of
medical resources, people were not aware of the virus and neglected to control the virus in its
early stages, until the official announced that the disease can spread from person to person on
January 20, 2020 [2]. Then, the government took a series of measures to prevent the spread of
disease on January 21, like lockdown in Wuhan. Subsequently, all cities in China lockdown
and cities across countries sealing off. Governments took many measures, such as closing pub-
lic places, broadcasting propaganda, isolating people in their own homes, which lead to
increase the awareness of self-protection for people. After three months of fighting against the
epidemic, it has been successful controlled. However, the situation of the world is not optimis-
tic, over 40 million people diagnosed in worldwide. The total number of deaths is over 1.2 mil-
lion. Countries such as the United States, Brazil, Russia, and India, the pandemic is still quite
severe today [3, 4]. Therefore, each countries and states should adopt prevention and control
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strategies to restrain the epidemic spreading. Currently, it is very important to establish and
analyze disease-spreading model to predict disease development trends in order to prevent
and control the spread of COVID-19.

Due to the outbreak of disease, vaccines and medicine treatments for the disease are still
being researched, non-drug treatment becomes the main strategies to slow down the spread of
the disease. The purpose of most of these prediction and control measures are reducing the
probability of infection spreading during direct or indirect contact [5]. For example, paying
attention to personal hygiene and wearing a mask, keeping social distance, and closing some
public space such as schools and workplaces, in order to decrease the probability of propaga-
tion from person to person. Other measures like cutting off the way of transmission of dis-
eases, such as disinfection in public places, improving the level of sanitation in public places
and so on. All measures can alleviate the propagation of the epidemic [6-9]. How to quantify
the impact of various prevention and control strategies on disease spreading is of great signifi-
cance to guide disease control.

A common method utilizes mathematical modelling to describe the spreading dynamics of
infectious diseases, like Ebola, SARS. It can accurately describe the spread of disease among
individuals in theoretical framework to guide the development of the prevention and control
measures [10-16]. There are many researchers studied epidemic spreading that have proposed
some epidemic model and obtained some meaningful results. Most of researches based on
complex networks, the classical epidemic models like susceptible-infected (SI), susceptible-
infected-recovered (SIR), susceptible-exposed-infected-recovered (SEIR), susceptible-
infected-quarantined-recovered-susceptible (SIQRS) [17-22]. Most of these models are appli-
cable to describe disease spreading with a long incubation period, such as COVID-19. Based
on data-driven, a modified SEIR model was proposed to analyze and predict COVID-19
spread [23]. Considering the effect of quarantine, B. K. Mishra et.al have proposed three quar-
antine models to analyze COVID-19 spreading [24]. Other recent studies, some researchers
have considered the effects of the basic reproductive number, international conveyance, and
some stochastic factors based regression models to predict and control the spreading of
COVID-19 [25, 26]. However, traditional epidemic spreading models consider that all infected
individual have the same infection rate, and the prediction of disease development trend has
certain limitations. Although data-driven disease spreading models can accurately describe
infection rates, the impact of government prevention and control measures on infection rates
has not been quantitatively in detail. These measures, such as the laws, medical supplies, media
coverage and investment, can reduce the spread of the disease. It is necessary to rationally
arrange the optimal prevention and control strategies with limited resources to minimize the
death rate.

To solve this problem, the GA and ANN [27-36] hybrid method is proposed to optimize
epidemic dynamics model and predict the COVID-19 spreading. Genetic algorithm is an
adaptive global optimization search algorithm formed by simulating the genetic and evolution-
ary process of biological species in natural environment [37]. Combining the viewpoint of bio-
genetics and realizing the improvement of individual adaptability through the mechanism of
natural selection, heredity, and variation. Artificial intelligence (AI) is considered one of the
most successful achievements of computer science, simulating the behavior of the human
brain in data analysis. One of the AI branches is the artificial neural network (ANN). The
information spreading process can simulate like communication between brain neurons and
become a tool for analyzing complex and real systems [38]. In recent years, ANN models have
been used to overcome the difficulties presented by health issues.

This contribution of this article is how to quantify the impact of the government’s preven-
tion and control measures on epidemic infection rate, then obtaining the optimal model of
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disease spreading and the effective prevention and control strategy. In this article, based on the
proposed SIQR model, the hybrid artificial neural network (ANN) model embedded genetic
algorithm to predicting the spreading of COVID-19. It introduces an important prediction
and control strategies that can give a guidance to the government. The data consistency is
reduced due to the fluctuation of virus detection capability in a sudden change on February 12
and 13. In this paper, it is assumed that virus transmission in the environment is classified as
human-to-human transmission. As a developing country, Brazil shows the epidemic data with
periodicity and consistency, and then this article takes the Brazil data as analytic target. The
simulation results based on the epidemic data of Brazil show that the proposed hybrid model
could provide a basis for estimating the law of virus spread, and achieve accurate and robust
performance. Moreover, the prediction results of a hybrid ANN-GN model is fit with the
actual trend of epidemic development, which demonstrates that the openness, transparency,
and efficiency of data releasing. Furthermore, this method can be extended to other countries
if the actual data can be obtained.

The remainder of this article is organized as follows. Section “A hybrid model of COVID-
19 spreading dynamics” introduces the framework of the proposed hybrid epidemic spreading
model. Section “Methods” explains the method of GA and ANN to predict epidemic spread-
ing. Section “Simulation results and discussion” provides the simulation results based on the
epidemic data of Brazil and gives some discussion. The conclusions are provided at last.

A hybrid model of COVID-19 spreading dynamics

In this section, we establish a mathematical model on COVID- 19 based on some assumptions.
There are some literatures proposed models mainly based on real clinical data, predict and
control measures. In this paper, we modified the previous model proposed in [18], and then
extend the model structure by designing different infection rate. The model network diagram
and the interaction individual components demonstrated in Fig 1. Every individual in network
can only exist one of four independent states, namely, susceptible, infected, quarantined and
recovered. For simply, it can be denoted by S, I, Q, and R, respectively. Each link represents
the transformation relationship between nodes. Here, infected individuals include symptom-
atic infected individuals and asymptomatic infected individuals. Susceptible individual is
infected with probability m (M1, M2, M3 and M4) if it is connected to an infected individual.
Infective individuals are quarantined with probability o. In the process of quarantine, the

GA

Fig 1. The flow diagram of the SIQR model.
https://doi.org/10.1371/journal.pone.0246360.g001
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asymptomatic infected individuals turn into symptomatic infected individuals with the proba-
bility w. Quarantined individuals are treated with drugs that move into the recovered individu-
als with probability . Some recovered individuals will relapse into infection due to their
weakened immunity with probability y. The probability of death during quarantine is A. Here,
setting a switch of city lockdown by the death rate, infection probability m is different based
on the city situation (lockdown or not). The lockdown infection probability m is much lower
under the strict government regulation.

According to the epidemic spreading, the dynamic equations can be written as follows:

ds(t) _
i —mS,(t)
M = mS,(t) + yR.(t) — al(t)
dt (1)
d‘{;ff) oL, (f) — PQu(E) — 2Q,(1)
R _ oy (e) 9,0

Using the normalization condition, the probability of death can be obtained:

D= Aoamy
(A +m) +my((L+ p) + apm

(2)

In this paper, we consider the death rate as a very important factor to study the epidemic
spreading. It not only depicts the fatality rate of the disease in the process of transmission, but
also reflects the effectiveness of prevention and control measures. For example, money
invested by the government can improve the medical level and effectively cut off the transmis-
sion route of the virus. Increasing publicity and awareness of prevention and control will also
reduce the risk of infection. Law enforcement can also affect the spread of diseases, such as city
lockdown and home quarantined. This paper argues that due to the strict control and quaran-
tined measures taken by the government during the epidemic, the infected cases cannot infect
susceptible people after quarantined. However, asymptomatic infected persons also have some
ability to propagate the disease, and it is difficult to detect. Therefore, there is a certain rela-
tionship between the number of newly infected cases on Day t and the number of infected
cases in the past k days. Moreover, the infection rate of patients is closely related to the time of
infection. Since government measures can inhibit the spread of the disease, the infection rate
of newly infected cases may vary from time to time on t day over the past k days. Further ana-
lyzing this difference and assigning different weights to different measures, we quantified the
contribution of different measures to the infection rate at time t in newly infected cases. Then,
the weighted accumulation was used to estimate the infection rate to establish the relevant epi-
demic prediction and control modeling.

In addition, in order to study the relationship between the prediction and control measures
with infection rate of the SIQR epidemic spreading model, the method of GA and LSTM are
used to optimize the parameters of the spreading model. This paper considers the relationship
between the rate of disease transmission and the measures taken by the government against
the disease. The main factors include government investment, medical level, media publicity
and law enforcement. Firstly, genetic algorithm is used to estimate the infection rate of the
model, taking the acceptable mortality rate as the fitness function, and taking it as a basic basis
for city lockdown parameters. At the same time, GA is further used to obtain the optimal
means of government control by taking the minimum mortality rate as fitness function. The
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Fig 2. The hybrid model for COVID-19 prediction.
https://doi.org/10.1371/journal.pone.0246360.9002

mutation law of GA is based on the interaction of four government measures. Furthermore,
the infection rate bias and mortality bias were estimated through the LSTM network, the num-
ber of infected people was estimated by combining with the SIQR model, and the relevant
parameters of the model were modified to obtain the best transmission model and predict the
spread of the disease. By combining these two approaches, the optimal model of disease
spreading and the optimal prevention and control strategies can be obtained. The number of
infected and death cases based on the spreading model and development trend can be pre-
dicted. The framework of GA and ANN is shown in Fig 2.

Methods

Epidemiological investigation and modeling are efficient tools to study the spread of epidemic
diseases and offer the strategies to prevent and control of public health events with global
impact, such as SARS, MERS and HINI influenza. Many researchers have achieved some
results in novel coronavirus research using epidemiology and modeling analysis. The study of
J. Chan et al. [39] found the first evidence of human-machine transmission. Then, some
researchers combined with the analysis of some early cases and gave the mean incubation
period and mean infection cycle of novel coronavirus. Traditional epidemic spreading models
shows that the number of new infections cases is related to the number of infected individual
and susceptible individual, but these models lack in-depth analysis of model parameters. In the
process of disease transmission, the implementation of different control measures has a great
impact on the prevention and control. For example, the government’s implement the disease
prevention and control strategies, the formulation of relevant laws and regulations, financial
investment and other measures can affect the spread of disease. The study found significant
differences in the rates of infection among people of different ages. The main purpose of this
paper is to study the impact of government measures on the spread of disease and to minimize
the mortality rate, and to consider the impact of different age groups on the spread of disease,
finally, we can obtain the optimized measures and the best performance model to prediction,
as showing in Fig 2.

Unlike the traditional SIQR epidemic spreading model, which consists of invariable
infected rate to describe the probability of infection. In this paper, a dynamic strategy to repre-
sent the real world and the new COVID-19 disease is proposed. It mainly considers the impact
of various measures taken by the government on the control of disease spreading. This paper
considers the parameters impact of government investment, media publicity, medical treat-
ment, and law enforcement on the rate of disease spreading. The parameters are set as mi,
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i=1,2, 3,4, respectively. Thus, the rate of disease spreading can be written as:

m= ikimi (3)
i=1

where k; is the weight of each measure.

The GA is mainly used to optimize parameters of the model, it can be divided as two parts.
The first part describes that using the GA to optimize the conditions of city lockdown. First
initialization model, set the initial value, with acceptable mortality as a condition of judgment.
According to data analysis and relevant government regulations, a three-day mortality rate
greater than 0.045 is defined as an unacceptable mortality rate. When the unacceptable mortal-
ity rate is reached, we will update and save the neural network parameters as a basis value for
city lockdown.

Aoamy
ay(A+m) + my((2 + ) + afm

unacceptable mortality rate = > 0.045 (4)

At the same time, further to run the model, with the minimum mortality as fitness function
and update neural network parameters by genetic algorithm.

Aomy
ay(A+m) + my((4+ p) + afm

minimum mortality = (5)

Using twice genetic algorithm, the optimized neural network parameters is obtained, that
is, the control measures. Further, the LSTM algorithm is used to modify other parameters of
the model, and the historical data is compared with the data calculated by the model, such as
the number of infections and deaths, to determine whether the system has reached the mini-
mum error. The number of infections and deaths are further predicted. The flow chart of
COVID-19 prediction algorithm is shown in Fig 3.

New data on the daily increase in the number of infected cases can be obtained. Using the
same method, it can process the number of new deaths per day.

AI(t) = I(t)—I(t—1) ¢
{ AD(t) = D(t)—D(t—1) ©)

Here, I(t) is the cumulative number of infected cases in the previous t-day, I(t-1) is the
cumulative number of infected cases in the previous t-day, and Al is the new number of
infected cases in the first t-day. D(t) is the cumulative number of deaths in the first t-day, D(t-
1) is the cumulative number of deaths in the first t-day, and AD is the additional number of
deaths on the first t-day.

In order to get an accurate model, the model parameters need to be further processed. The
GA has optimized the weight parameters in the neural network. Other model parameters are
optimized through the optimized neural network model. Here, LSTM neural network is used
to optimize the model parameters. We collected historical data (from February 26 to October
13 in Brazil) from the World Health Organization (WHO) on 15th October 2020. The data
can be found in https://covid19.who.int/region/amro/country/br and contains three informa-
tion types including “Date”, “Daily new confirmed” and “Daily new death”. Then the data was
used to train neural network. Here we discussed the model parameters through two judg-
ments. First, when the mortality rate of the model reaches an unacceptable mortality rate, the
neural network parameters of the closed city are used to process the system model parameters,
and then the mortality rate and infection rate are further compared with the actual data. By
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Here, let the actual infected rate be Al and the infected rate under the regression exponential
function be AT’, and use the neural network to predict the deviation between the actual

Fig 3. The flow chart of COVID-19 prediction algorithm.
https://doi.org/10.1371/journal.pone.0246360.g003
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mortality and the regressive infection rate. Similarly, the same approach can be applied to mor-
tality and obtained AD and AD’. Assuming that B = AI'+AD’ is the deviation characteristic of
the prediction, the LSTM method can be used to predict the model. The flow diagram of the
prediction is shown in Fig 4.

Sri is the number of vulnerable infected persons on the first day, Iy, is the number of real-
time infected cases on the first day, Ip; is the number of infected cases predicted on the first
day, M, is the initial model. Where Syx is the number of vulnerable infected persons on day X,
Irx is the number of real-time infected cases on day X, Ipx is the predicted number of infected
cases on day X, and My is the model on Day X.

Simulation results and discussion

Based on GA in Fig 1, we computed the vulnerability coefficient k; of four government mea-
sures. Without city lockdown, the infection probability m of government investment, media
publicity, medical treatment and law enforcement are 0.174, 0.717, 0.021 and 0.853. With city
lockdown, the infection probability m of government investment, media publicity, medical
treatment and law enforcement are 0.085, 0.219, 0.107 and 0.349. There are two significant
government measures media publicity and law enforcement, and the law enforcement is more
important. Make a globally observation, each country invested huge amounts of money for
COVID-19, and most medical workers tried their best to save lives. The difference of epidemic
prevention results comes from the media publicity and law enforcement. Enhancing the influ-
ence of media can build a strong basis of epidemic prevention by offering the meaning of pre-
vention measures. Considering the exception of inconsiderate and non-media audiences, the
risk of disease spreading still exist. The efficiency of law enforcement is the crucial insurance
to save the effort of medical workers.

We simulated the disease development and analyze the output of the model in 231 days
with real epidemic data available from Brazil (February 26 to October 13). Fig 5A represents
the number of predicted and confirmed per days, the model predicts infected per days of the
last 17 days before October 13. Considering the lockdown from March 21 to July 31, the gov-
ernment realized the necessity of quarantine. From the data trend of infection confirmed per
days over this period, the law enforcement shows insufficient efficiency. Supposing the govern-
ment gave the best performance to control the disease, we performed the simulation about the
development of infection and death per days. Fig 5B is the infected prediction with best perfor-
mance of government; the possible infected number would much lower with effective
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government effort. With the comparison between Fig 5A and 5B, it is obvious that there is a
great impact on the prediction in the middle and later period due to the large changes in the
data after government make best moves. Fig 5C is the daily-infected prediction error of model
for last 17 days. Considering the enormousness of infection confirmed number, Fig 5C shows
the accuracy of model prediction without best performance of government.

To better understand the model performance, we simulated the number of deaths in Brazil.
Fig 6A represents the number of new death cases per day, this indicates that at the beginning
of the epidemic, due to limited understanding of disease transmission and limited detection
efforts, there will be omissions in disease statistics, leading to a similar increase trend with the
infected cases. Meanwhile, Fig 6A represents the new predicted death cases per days of the last
17 days before October 13, which shows the difference with daily new death cases. Fig 6B is the
daily death prediction with best performance of government. While the continuous improve-
ment of detection methods and the continuous promotion of detection scope will be carried
out, the government could strengthen the control of the disease, so the daily death cases would
gradually decrease. Fig 6C is the daily death prediction error of model for last 17 days. Com-
bine Fig 6A, we can see that the LSTM method have a good performance to predict COVID-19
disease. The method can predict the trend of the disease over a longer period with the perfor-
mance of government.

Conclusions

Based on the SIQR epidemic spreading model, this paper seeks the best government perfor-
mance from the four aspects by GA; and then proposed a hybrid prediction model with

LSTM. By analyzing the new confirmed cases and death rate of Brazil data from February 26
to October 13, it is found that media publicity and law enforcement have more contribution to
reduce transmission rate. With best government performance, the trend of COVID-19 in Bra-
zil could under control. The prediction results of this model are highly consistent with the
actual epidemic situation, which proves that the hybrid model proposed in this paper can effi-
ciently analyze the transmission law and development trend of the virus. So, modeling the
minimum mortality rate would be of the utmost importance for nations to prevent and control

S ity LR
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Fig 6. Brazil death cases. a) Death of prediction and confirmed per days, b) Death prediction with best government
performance, ¢) Death prediction error.

https://doi.org/10.1371/journal.pone.0246360.g006
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COVID-19. For future research, the epidemic spreading on multi-layers networks and hybrid
intelligent algorithm is worthy of considering.

Supporting information

S1 Dataset.
(Z1IP)

Author Contributions
Conceptualization: Gengpei Zhang, Xiongding Liu.
Formal analysis: Gengpei Zhang, Xiongding Liu.
Investigation: Xiongding Liu.

Methodology: Gengpei Zhang.

Project administration: Gengpei Zhang.
Resources: Gengpei Zhang, Xiongding Liu.
Software: Xiongding Liu.

Supervision: Gengpei Zhang.

Writing - original draft: Xiongding Liu.
Writing - review & editing: Gengpei Zhang.

References

1. HuangC,Wang, Li X, RenL, Zhao J, et al. (2020) Clinical features of patients infected with 2019
novel coronavirus in Wuhan, China. Lancet 395: 497-506. https://doi.org/10.1016/S0140-6736(20)
30183-5 PMID: 31986264

2. YeF, XuS,RongZ, XuR, Liu X, et al. (2020) Delivery of infection from asymptomatic carriers of
COVID-19in a familial cluster. Int J Infect Dis 94: 133—138. https://doi.org/10.1016/}.ijid.2020.03.042
PMID: 32247826

3. Crokidakis N (2020) Modeling the early evolution of the COVID-19 in Brazil: Results from a Suscepti-
ble—Infectious—Quarantined—Recovered (SIQR) model. Int J Mod Phys C: 2050135-2050144. https://
doi.org/10.1142/s0129183120501351

4. Bhatraju PK GB, Nichols M, Kim R, Jerome KR, Nalla AK, Greninger AL, et al. (2020) Covid-19 in Criti-
cally lll Patients in the Seattle Region—Case Series. New Engl J Med 382: 2012-2022. https://doi.org/
10.1056/NEJM0a2004500 PMID: 32227758

5. BaiY,Yaol,WeiT, TianF, Jin D-Y, et al. (2020) Presumed Asymptomatic Carrier Transmission of
COVID-19. JAMA 323: 1406—1407. https://doi.org/10.1001/jama.2020.2565 PMID: 32083643

6. LaiC-C,LiuYH, Wang C-Y, Wang Y-H, Hsueh S-C, et al. (2020) Asymptomatic carrier state, acute
respiratory disease, and pneumonia due to severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2): Facts and myths. J Microbiol Immunol 53: 404—412. https://doi.org/10.1016/j.jmii.2020.02.012
PMID: 32173241

7. LanL XD, YeG, Xia C, Wang S, Li Y, Xu H. (2020) Positive RT-PCR Test Results in Patients Recov-
ered From COVID-19. JAMA 323: 1502—-15083. https://doi.org/10.1001/jama.2020.2783 PMID:
32105304

8. Lauer SA, Grantz KH, Bi Q, Jones FK, Zheng Q, et al. (2020) The Incubation Period of Coronavirus Dis-
ease 2019 (COVID-19) From Publicly Reported Confirmed Cases: Estimation and Application. Ann
Intern Med 172: 577-582. https://doi.org/10.7326/M20-0504 PMID: 32150748

9. Linton N, Kobayashi T, Yang Y, Hayashi K, Akhmetzhanov A, et al. (2020) Incubation Period and Other
Epidemiological Characteristics of 2019 Novel Coronavirus Infections with Right Truncation: A Statisti-
cal Analysis of Publicly Available Case Data. J Clin Med 9: 538. https://doi.org/10.3390/jcm9020538
PMID: 32079150

PLOS ONE | https://doi.org/10.1371/journal.pone.0246360 February 11, 2021 10/12


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0246360.s001
https://doi.org/10.1016/S0140-6736%2820%2930183-5
https://doi.org/10.1016/S0140-6736%2820%2930183-5
http://www.ncbi.nlm.nih.gov/pubmed/31986264
https://doi.org/10.1016/j.ijid.2020.03.042
http://www.ncbi.nlm.nih.gov/pubmed/32247826
https://doi.org/10.1142/s0129183120501351
https://doi.org/10.1142/s0129183120501351
https://doi.org/10.1056/NEJMoa2004500
https://doi.org/10.1056/NEJMoa2004500
http://www.ncbi.nlm.nih.gov/pubmed/32227758
https://doi.org/10.1001/jama.2020.2565
http://www.ncbi.nlm.nih.gov/pubmed/32083643
https://doi.org/10.1016/j.jmii.2020.02.012
http://www.ncbi.nlm.nih.gov/pubmed/32173241
https://doi.org/10.1001/jama.2020.2783
http://www.ncbi.nlm.nih.gov/pubmed/32105304
https://doi.org/10.7326/M20-0504
http://www.ncbi.nlm.nih.gov/pubmed/32150748
https://doi.org/10.3390/jcm9020538
http://www.ncbi.nlm.nih.gov/pubmed/32079150
https://doi.org/10.1371/journal.pone.0246360

PLOS ONE

Prediction and control of COVID-19 spreading

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

Zhou Y, Ma Z, Brauer F (2004) A discrete epidemic model for SARS transmission and control in China.
Math Comp Model 40: 1491-15086. https://doi.org/10.1016/j.mcm.2005.01.007 PMID: 32288200

Poletto C, Pelat C, Levy-Bruhl D, Yazdanpanah Y, Boelle PY, et al. (2014) Assessment of the Middle
East respiratory syndrome coronavirus (MERS-CoV) epidemic in the Middle East and risk of interna-
tional spread using a novel maximum likelihood analysis approach. Euro Survll 19: 20824. https://doi.
org/10.2807/1560-7917.es2014.19.23.20824 PMID: 24957746

Zhang Q, Sun K, Chinazzi M, Pastore Y Piontti A, Dean NE, et al. (2017) Spread of Zika virus in the
Americas. Proc Natl Acad Sci 114: 4334—4343. https://doi.org/10.1073/pnas.1620161114 PMID:
28442561

Nishiura H (2011) Real-time forecasting of an epidemic using a discrete time stochastic model: a case
study of pandemic influenza (H1N1-2009). Bio Med Eng OnLine 10: 15. https://doi.org/10.1186/1475-
925X-10-15 PMID: 21324153

Xiongding Liu, Tao Li, Xinming Cheng, et al. Spreading dynamics of a preferential information model
with hesitation psychology on scale-free networks, Advances in Difference Equations, 2019(1) 279.
https://doi.org/10.1186/s13662-019-2221-2

Xiongding Liu, Tao Li, Hao Xu, Wenijin Liu. Spreading dynamics of an online social information model
on scale-free networks. Physica A: Statistical Mechanics and its Applications, (2019) 514(1), 497-510.
https://doi.org/10.1016/j.physa.2018.09.085

Xiongding Liu, Tao Li, Mi Tian. Rumor spreading of a SEIR model in complex social networks with hesi-
tating mechanism. Advances in Difference Equations, 2018(1), 391. https://doi.org/10.1186/s13662-
018-1852-z

Yang M, Chen G, Fu X (2011) A modified SIS model with an infective medium on complex networks and
its global stability. Physica A 390: 2408-2413. https://doi.org/10.1016/j.physa.2011.02.007

Li T, Liu X, Wu J, Wan C, Guan Z-H, et al. (2016) An epidemic spreading model on adaptive scale-free
networks with feedback mechanism. Physica A 450: 649-656. https://doi.org/10.1016/j.physa.2016.
01.045

Daley DJ, Kendall DG (1964) EPIDEMICS AND RUMOURS. Nature 204: 1118. https://doi.org/10.
1038/2041118a0 PMID: 14243408

Zhu G, Fu X, Chen G (2012) Spreading dynamics and global stability of a generalized epidemic model
on complex heterogeneous networks. Appl Math Model 36: 5808-5817. https://doi.org/10.1016/j.apm.
2012.01.023

Li T, Wang Y, Guan Z-H (2014) Spreading dynamics of a SIQRS epidemic model on scale-free net-
works. Commun Nonlinear Sci Numer Simul 19: 686—692. https://doi.org/10.1016/j.cnsns.2013.07.010

Zhang J, Sun J (2014) Stability analysis of an SIS epidemic model with feedback mechanism on net-
works. Physica A 394: 24-32. https://doi.org/10.1016/j.physa.2013.09.058

ZhangY, Yu X, Sun H, Tick GR, Wei W, et al. (2020) Applicability of time fractional derivative models for
simulating the dynamics and mitigation scenarios of COVID-19. Chaos Soliton Fract 138: 109959.
https://doi.org/10.1016/j.chaos.2020.109959 PMID: 32834580

Mishra BK, Keshri AK, Rao YS, Mishra BK, Mahato B, et al. (2020) COVID-19 created chaos across the
globe: Three novel quarantine epidemic models. Chaos Soliton Fract 138: 109928. https://doi.org/10.
1016/j.chaos.2020.109928 PMID: 32501378

Alkahtani BST, Alzaid SS (2020) A novel mathematics model of covid-19 with fractional derivative. Sta-
bility and numerical analysis. Chaos Soliton Fract 138: 110006. https://doi.org/10.1016/j.chaos.2020.
110006 PMID: 32565623

Mandal M, Jana S, Nandi SK, Khatua A, Adak S, et al. (2020) A model based study on the dynamics of
COVID-19: Prediction and control. Chaos, Solitons & Fractals 136: 109889. https://doi.org/10.1016/j.
chaos.2020.109889

Car Z, Baressi éegota S, Andeli¢ N, Lorencin |, Mrzljak V (2020) Modeling the Spread of COVID-19
Infection Using a Multilayer Perceptron. Comput Math Method M 2020: 5714714. https://doi.org/10.
1155/2020/5714714 PMID: 32565882

Pinter Gergo; Felde Imre; Mosavi Amir; Ghamisi Pedram; Gloaguen Richard. COVID-19 Pandemic Pre-
diction for Hungary; A Hybrid Machine Learning Approach. Mathematics, (2020) 8(6), 890. https://doi.
org/doi:10.3390/math8060890

Ardabili, et al., COVID-19 Outbreak Prediction with Machine Learning. Algorithms. https://doi.org/10.
20944/preprints202004.0311.v1

BMRMA,CMHH,ESNAQD, etal. Principal component analysis to study the relations between the
spread rates of COVID-19 in high risks countries. Alexandria Engineering Journal, 2020.

PLOS ONE | https://doi.org/10.1371/journal.pone.0246360 February 11, 2021 11/12


https://doi.org/10.1016/j.mcm.2005.01.007
http://www.ncbi.nlm.nih.gov/pubmed/32288200
https://doi.org/10.2807/1560-7917.es2014.19.23.20824
https://doi.org/10.2807/1560-7917.es2014.19.23.20824
http://www.ncbi.nlm.nih.gov/pubmed/24957746
https://doi.org/10.1073/pnas.1620161114
http://www.ncbi.nlm.nih.gov/pubmed/28442561
https://doi.org/10.1186/1475-925X-10-15
https://doi.org/10.1186/1475-925X-10-15
http://www.ncbi.nlm.nih.gov/pubmed/21324153
https://doi.org/10.1186/s13662-019-2221-2
https://doi.org/10.1016/j.physa.2018.09.085
https://doi.org/10.1186/s13662-018-1852-z
https://doi.org/10.1186/s13662-018-1852-z
https://doi.org/10.1016/j.physa.2011.02.007
https://doi.org/10.1016/j.physa.2016.01.045
https://doi.org/10.1016/j.physa.2016.01.045
https://doi.org/10.1038/2041118a0
https://doi.org/10.1038/2041118a0
http://www.ncbi.nlm.nih.gov/pubmed/14243408
https://doi.org/10.1016/j.apm.2012.01.023
https://doi.org/10.1016/j.apm.2012.01.023
https://doi.org/10.1016/j.cnsns.2013.07.010
https://doi.org/10.1016/j.physa.2013.09.058
https://doi.org/10.1016/j.chaos.2020.109959
http://www.ncbi.nlm.nih.gov/pubmed/32834580
https://doi.org/10.1016/j.chaos.2020.109928
https://doi.org/10.1016/j.chaos.2020.109928
http://www.ncbi.nlm.nih.gov/pubmed/32501378
https://doi.org/10.1016/j.chaos.2020.110006
https://doi.org/10.1016/j.chaos.2020.110006
http://www.ncbi.nlm.nih.gov/pubmed/32565623
https://doi.org/10.1016/j.chaos.2020.109889
https://doi.org/10.1016/j.chaos.2020.109889
https://doi.org/10.1155/2020/5714714
https://doi.org/10.1155/2020/5714714
http://www.ncbi.nlm.nih.gov/pubmed/32565882
https://doi.org/doi:10.3390/math8060890
https://doi.org/doi:10.3390/math8060890
https://doi.org/10.20944/preprints202004.0311.v1
https://doi.org/10.20944/preprints202004.0311.v1
https://doi.org/10.1371/journal.pone.0246360

PLOS ONE

Prediction and control of COVID-19 spreading

31.

32.

33.

34.

35.

36.

37.

38.

39.

Lalmuanawma Samuel, Hussain Jamal, and Chhakchhuak Lalrinfela. Applications of machine learning
and artificial intelligence for Covid-19 (SARS-CoV-2) pandemic: A review. Chaos, Solitons & Fractals
(2020): 110059. https://doi.org/10.1016/j.chaos.2020.110059 PMID: 32834612

Chimmula Vinay Kumar Reddy, and Zhang Lei. Time series forecasting of COVID-19 transmission in
Canada using LSTM networks. Chaos, Solitons & Fractals (2020): 109864. https://doi.org/10.1016/j.
chaos.2020.109864 PMID: 32390691

Elsheikh Ammar H., Saba Amal |., Mohamed Abd Elaziz, Songfeng Lu, Shanmugan S., Muthuramalin-
gam T., et al. Deep learning-based forecasting model for COVID-19 outbreak in Saudi Arabia. Process
Safety and Environmental Protection 149 (2020): 223-233. https://doi.org/10.1016/j.psep.2020.10.048
PMID: 33162687

Arora P, Kumar H, Panigrahi BK (2020) Prediction and analysis of COVID-19 positive cases using deep
learning models: A descriptive case study of India. Chaos Soliton Fract 139: 110017. https://doi.org/10.
1016/j.chaos.2020.110017 PMID: 32572310

Haghshenas SS, Pirouz B, Piro P, Na KS, Cho SE, et al. (2020) Prioritizing and Analyzing the Role of
Climate and Urban Parameters in the Confirmed Cases of COVID-19 Based on Atrtificial Intelligence
Applications. Int J Environ Res Public Health 17: 3730. https://doi.org/10.3390/ijerph17103730

Wu X, Hui H, Niu M, Li L, Wang L, et al. (2020) Deep learning-based multi-view fusion model for screen-
ing 2019 novel coronavirus pneumonia: A multicentre study. Eur J Radiol 128: 109041. https://doi.org/
10.1016/j.ejrad.2020.109041 PMID: 32408222

Miralles-Pechuén L, Jiménez F, Ponce H, Martinez-Villasefior L (2020) A Deep Q-learning/genetic
Algorithms Based Novel Methodology For Optimizing Covid-19 Pandemic Government Actions. arXiv
e-prints: arXiv:2005.07656.

Wong Z, Zhou J, Zhang Q (2018) Artificial Intelligence for infectious disease Big Data Analytics. Infect
Dis Health 24: 44—48. https://doi.org/10.1016/}.idh.2018.10.002 PMID: 30541697

Chan JF-W, Yuan S, Kok K-H, To KK-W, Chu H, et al. (2020) A familial cluster of pneumonia associated
with the 2019 novel coronavirus indicating person-to-person transmission: a study of a family cluster.
Lancet 395: 514-523. https://doi.org/10.1016/S0140-6736(20)30154-9 PMID: 31986261

PLOS ONE | https://doi.org/10.1371/journal.pone.0246360 February 11, 2021 12/12


https://doi.org/10.1016/j.chaos.2020.110059
http://www.ncbi.nlm.nih.gov/pubmed/32834612
https://doi.org/10.1016/j.chaos.2020.109864
https://doi.org/10.1016/j.chaos.2020.109864
http://www.ncbi.nlm.nih.gov/pubmed/32390691
https://doi.org/10.1016/j.psep.2020.10.048
http://www.ncbi.nlm.nih.gov/pubmed/33162687
https://doi.org/10.1016/j.chaos.2020.110017
https://doi.org/10.1016/j.chaos.2020.110017
http://www.ncbi.nlm.nih.gov/pubmed/32572310
https://doi.org/10.3390/ijerph17103730
https://doi.org/10.1016/j.ejrad.2020.109041
https://doi.org/10.1016/j.ejrad.2020.109041
http://www.ncbi.nlm.nih.gov/pubmed/32408222
https://doi.org/10.1016/j.idh.2018.10.002
http://www.ncbi.nlm.nih.gov/pubmed/30541697
https://doi.org/10.1016/S0140-6736%2820%2930154-9
http://www.ncbi.nlm.nih.gov/pubmed/31986261
https://doi.org/10.1371/journal.pone.0246360

