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Abstract

Taking the Guangdong-Hong Kong-Macao Greater Bay Area as the research area, this

paper used OD cluster analysis based on Baidu migration data from January 11 to January

25 (before the sealing-off of Wuhan) and concluded that there is a significant correlation

1the migration level from Wuhan to the GBA and the epidemic severity index. This paper

also analyzed the migration levels and diffusivity of the outer and inner cities of the GBA.

Lastly, four evaluation indexes were selected to research the possibility of work resumption

and the rating of epidemic prevention and control through kernel density estimation. Accord-

ing to the study, the amount of migration depends on the geographical proximity, relation-

ship and economic development of the source region, and the severity of the epidemic

depends mainly on the migration volume and the severity of the epidemic in the source

region. The epidemic risk is related not only to the severity of the epidemic in the source

region but also to the degree of urban traffic development and the degree of urban open-

ness. After the resumption of work, the pressure of epidemic prevention and control has

been concentrated mainly in Shenzhen and Canton; the further away a region is from the

core cities, the lower the pressure in that region. The mass migration of the population

makes it difficult to control the epidemic effectively. The study of the relationship between

migration volume, epidemic severity and epidemic risk is helpful to further analyze transmis-

sion types and predict the trends of the epidemic.

Introduction

The World Health Organization (WHO) has named the novel coronavirus responsible for the

pneumonia outbreak in Wuhan, China as "novel coronavirus 2019" (2019-NCOV) on January

12, 2020. On February 11, WHO announced the official name of the disease caused by novel

coronavirus infection, "Covid-19". On the same day, the International Committee on the Clas-

sification of Viruses announced that it would name the disease-causing novel coronavirus

"SARS-CoV-2". It is a novel virus with high infectiousness and mortality rate that is more

harmful than the previous MERS [1–4]. The first COVID-19 case was confirmed in Wuhan in
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late 2019 [5]. The 2019-nCov virus was defined by the WHO as a "public health emergency of

international concern" on January 30, 2020 [6, 7].

The first imported COVID-19 case was found in Shenzhen on January 19, 2020, in the

Guangdong-Hong Kong-Macao Greater Bay Area, and the first confirmed COVID-19 patients

were found in Hong Kong and Macao on January 22; both individuals were from Wuhan or

had passed through Wuhan [8–10]. It can be inferred from such data that population migra-

tion is one of the important factors affecting the severity of the epidemic.

With the rapid development of information and communication technology (ICT), big

data has been widely used in the field of public health [11–13]. After the outbreak of the epi-

demic, domestic and foreign scholars conducted in-depth studies on the regional epidemic sit-

uation based on big data, combined with mathematical models and spatial analysis, and

confirmed cases in various regions. Zian Zhuang et al. [14] estimated the confirmed cases in

Iran based on air migration data and the confirmed cases imported from Iran to the Middle

East, with predictive accuracy of approximately 95%. Sarkodie Samuel Asumadu et al. [15]

used controllable section correlation, endogeneity and unobserved heterogeneity as evaluation

methods to research the 31 provinces/municipalities directly under the central Chinese gov-

ernment. The research shows that the attributable death and the confirmed COVID-19 cases

appear to have a linear correlation, and the recovered cases and the confirmed cases appear to

have a nonlinear relationship. Liu Zhang et al. [16] analyzed the spatial distribution pattern of

the migration into Hubei Province from Wuhan before New Year’s Eve based on geospatial

big data and proposed a crowd dynamic assessment model. Yang Zheng et al. [17] conducted

statistical analysis of the infection rate for the cities that saw migration from Wuhan, based on

the big data provided by Baidu for migration in the 12 days from 2020.1.10 to 2020.1.22 and

the confirmed number of COVID-19 cases in 50 Chinese cities. Zhu Renjie et al. [18] studied

and predicted 7 countries with severe epidemics from 2020.3.4 to 2020.4.4 based on the Sus-

ceptible Infected Recovered Model. This study showed that the United States and the United

Kingdom had uncontrollable epidemics that needed to strengthen prevention efforts. Xu

Xiaoko et al. [19] analyzed the population mobility before the sealing-off of Wuhan based on

big migration data provided by Tencent and Baidu. Hua and Shaw summarized the response

of COVID-19 in China in the first three months. Shaw and Wiki et al. analyzed the counter-

measures and key methods adopted in Japan (clustering method) [20–22].

The above scholars have carried out studies on the temporal and spatial distribution of the

epidemic situation, as well as the migration volume and incidence rate, based on big data and

the status of confirmed cases to predict the future trends of the epidemic. Wuhan was selected

as the center of most research areas to analyze the impact of the migration from Wuhan on the

development of the epidemic situation. In addition, most of the existing studies focus on

COVID-19 at the national level, but there remains a lack of detailed studies on smaller study

areas. Since the development of epidemics always starts in cities, it is of great significance to

study urban agglomerations to prevent and control epidemics [23, 24].

The GBA, which is internationally representative, is selected as our research area. The GBA

is one of the city clusters with the strongest economic vitality and the most obvious advantages

in China. It is also the region with the closest business contacts and personnel exchanges with

foreign countries, and it has a dense transportation network. Due to the high mobility of per-

sonnel in this region, the epidemic there has had a high severity and a long duration, making it

a representative research area in China. This study aims to analyze the correlation between the

migration scale index and the number of confirmed cases in all cities in this area before the

closure of Wuhan, establish a transmissibility model for the epidemic situation affected by

population mobility within one month after the closure of Wuhan, and analyze the degree of

risk presented by population mobility to the epidemic situation in the urban agglomeration.
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Combined with migration data and POI data related to population density, the epidemic pres-

sure level model was established from the four evaluation factors of population distribution,

transportation hub, daily services, and medical and health care to assess the prevention and

control pressure of the epidemic. This article’s research significance lies in the use of the close

ties among the migration scale index, the epidemic severity and the disease risk, which can be

further analyzed through imported cases and transmission type. The use of the index of epi-

demic prevention and control pressure can provide a reference for the resumption of work

and for future study and can also provide a data model of contingency plans for similar

national events.

Data

General situation of the research area

The GBA comprises two special administrative regions, namely, Hong Kong and Macao, and

nine cities in the Pearl River Delta (PRD), namely, Canton, Shenzhen, Foshan, Tungkun,

Huizhou, Zhuhai, Chungshan, Kongmoon and Shiuhing. As an international scientific and

technological innovation center with global influence, the GBA, together with the Tokyo Bay

Area of Japan, the New York Bay Area of the United States and the San Francisco Bay Area,

are the four bay areas in the world.

The GBA is a world-class city cluster with great economic vitality and international compet-

itiveness. The region, located in the subtropical monsoon climate zone, is a high-quality envi-

ronment suitable for living, working and traveling. By the end of 2018, the Greater Bay Area

had a total resident population of approximately 70 million and a GDP of over 10 trillion

yuan. As of February 22 this year, the region along the mainland and island coastline in this

area has a severe epidemic situation, with the city of Zhuhai being the most severely affected

(Fig 1).

Data sources and processing

1. Baidu migration big data. These data are used to estimate the number of people flowing

from Wuhan into prefecture-level cities in the GBA before the Spring Festival in 2020 and

the crowd flow in prefecture-level cities in the study area after the Spring Festival. The data

set comes from Baidu Map Smart Eye platform (http://qianxi.baidu.com/) and provides the

proportion of the daily number of people moving in or out of other cities in each prefec-

ture-level city and the total number of people moving in or out of the destination city. This

paper obtained the proportion of the people who entered from Wuhan in each prefecture-

level city in the GBA within 14 days before New Year’s Eve, 2020 and the proportion of the

people who moved in and out among prefecture-level cities in the GBA to other cities

within one month after the closure of Wuhan (S1–S3 Tables).

2. The resident population of the national district cities, as given by the population statistics at

the end of 2018 from the provincial bureau of statistics released by the Statistical Yearbook

[25–27], is used for modeling calculations in the real population. Considering the syn-

chrony and the integrality between Tencent’s positioning big data and the resident popula-

tion statistics at the city scale by the end of the year, this paper uses the data from the end of

2018 as mentioned above (S4 Table).

3. The cumulative number of confirmed COVID-19 cases and fever clinic data in prefecture-

level cities and districts in the GBA were obtained to February 22, 2020, from the website of

Guangdong Provincial Health Commission and the public releases of the prefectural health
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residents’ committees [28]. These data were used to analyze the severity of the epidemic in

each city in the GBA and the correlation of severity with the population mobility at the pre-

fectural level (S4 Table).

4. All the POI data in the evaluation factors are taken from the network electronic map, and

the data points covering the entire research area were crawled on the Baidu map [29]

through crawling technology, including 179,737 POI data points such as airports, railway

stations, ports, bus stations, subway stations, hospitals, outpatient services, bazaars, super-

markets and shopping malls (S5 Table).

All the methods of collecting data sets in the manuscript are in accordance with the terms and

conditions of the website.

Methods

Model of epidemic transmission force

OD data constitute a kind of trajectory data from the starting point to the end point that is

directional but does not record specific trajectory path information. Migration data for popu-

lation flow constitute one kind of OD data. Migration data contain attribute fields such as

source name, destination name, migration date and migration volume. An OD flow graph is a

visual analysis method that connects the starting place and destination with straight lines or

curves, reflecting the OD flow through line thickness [30–35]. In this paper, the location infor-

mation of the source and destination of the migration provided by the Baidu migration data is

used to conduct clustering processing according to the time information of the migration data.

Finally, the traffic map is projected onto the map through "node-link" visualization. The

Fig 1.

https://doi.org/10.1371/journal.pone.0249145.g001
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density of OD data is controlled by the classification method of natural break points to reflect

the OD connection between cities and the volume of traffic.

Since the transmission force is not only generated by the population movement between

cities, but also the influence of the population movement within cities, a single transmission

force model cannot cover all the cases of population movement. Therefore, this paper proposes

two models of epidemic transmission force for different population mobility.

Model of imported transmission force. Since the urban agglomeration is composed of

several cities, the following two situations are divided into the following when studying the

input propagation force:

1. The input communication brought by the migration of external cities outside the urban

agglomeration into the urban agglomeration.

2. Imported transmission caused by population migration among cities within the urban

agglomeration.

In essence, the migration of population from outside cities into urban agglomerations or

from within urban agglomerations into each other is the migration of population between cit-

ies, and the transmission force brought by it is unity and input transmission force. With popu-

lation migration data as the main index, the degree of connection between the emigrated cities

and the cities in the urban agglomeration in a certain period of time was calculated, and the

severity of the epidemic in the emigrated cities was taken as the influencing factor of the trans-

mission capacity, so as to establish the index model of the imported transmission capacity of

urban epidemic as follows:

Ti
external ¼

XN

n¼1

ð
Xa

b

ðMi
total � rin � SinÞÞ; ði ¼ 1; 2 . . . 11; n ¼ 1; 2 . . .NÞ ð1Þ

Sin ¼ Dn
people=P

n
local ð2Þ

Ti
external is the epidemic transmission force index calculated by the external migration of the

ith city in the urban agglomeration in the study area. a and b are the head and tail nodes of the

study period, respectively, and N is the total number of cities that have moved into the ith city.

Mi
total is the total amount of the influx into city i on that day, and rin is the migration ratio of

city n to city i in the urban agglomeration on the same day, that is, the migration ratio of the

source area; therefore, Mi
total � rin is the migration amount of city n to city i in the urban

agglomeration.

Among these factors,Sin is the severity of the epidemic in the external region on that day,

Dn
people is the number of confirmed cases in the city on that day, and Pn

local is the number of

urban registered population. The number of confirmed cases cannot be used directly as an

indicator of the severity of the epidemic in the region due to the different populations in each

city. Since the outbreak occurred during the Spring Festival, the total registered population in

these cities is closer to the actual local population.

Model of dispersive transmission force. To study urban agglomeration in the cities

brought about by the spread of invasive of internal population flow, the model for each city

within the city travel intensity as the main index, and according to the city the disease severity

as the transmission force of impact factor, calculated at a certain time period, the transmission

force produced by the city travel outbreak, establish city dispersive transmission forces model
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is as follows:

Ti
inner ¼

Xa

b

ðPi=PlocalÞ � Si; ði ¼ 1; 2 . . . 11Þ ð3Þ

Ti
inner is the epidemic transmission power index calculated for the internal travel of the ith

city in the urban agglomeration of the study area; among these factors, Pi is the visitor flow

rate in the city, Pi/Plocal is the traveling intensity in the city, and Si is the severity of the epi-

demic of the ith city.

Model of epidemic prevention and control stress

In this study, factors related to population density were selected and classified into 4 categories

of evaluation factors, which were then subdivided into 14 subclasses. Here, based on the epi-

demic prevention and control pressure level, the 4 categories of evaluation factors were used to

analyze the POI data and screen the POI type of urban agglomeration related to the evaluation

factors as subclasses of evaluation factors. Expert evaluation and the paired comparison

method were used to compare the two kinds of POI data to provide a comprehensive rating

evaluation [36, 37].

For POI point data, point density analysis is adopted and generally includes the quadrat

density method and the kernel density method. The quadrat density method ignores the differ-

ence of density values at different positions inside the unit because the density values at all

positions inside the unit are equal, leading to no continuity of density values between the units

and large span values, which will affect subsequent analysis. Therefore, the kernel density

method is adopted in this paper to solve these problems. The kernel density function is used to

calculate the density of point elements in its surrounding neighborhood, and each point is fit-

ted to a smooth cone surface. The core density value reflects that the distance affected by the

distance from the center point decreases gradually, which accounts for the attenuation effect

of point elements on the distance to the facilities and services affected in its neighborhood

[38, 39].

The kernel density function can be calculated as follows:

f ðsÞ ¼
Xi¼1

n

1

h2
kð
s � ci
h
Þ ð4Þ

In Formula (4), f(s) is the kernel density calculation function at space position s; h is the dis-

tance attenuation threshold; n is the number of elements whose distance from position s is less

than or equal to h; the k function represents the space weight function. The geometric meaning

of this function equation is expressed as the density value reaching the maximum at the core

point ci, and the kernel density value gradually decreasing with the increase of the distance

affected by the core, until the distance from the core ci reaches the threshold h, when the kernel

density value drops to 0.

The choice of k(�) function exerts little influence on the density analysis because the param-

eter is based on the distance attenuation effect. The setting of search radius h is often based on

POI data and the practical application environment, and there are many possible influencing

factors, such as analysis scale and dispersion degree of POI points.

Based on the migration data and nuclear density data obtained above, the index frequency

density constructed by Chi Jiao and the epidemic prevention and control level model men-

tioned by Li Gang in a lecture on epidemic prevention and control [40], and taking the urban

agglomeration research area, district and county level as the research unit, the nuclear density
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superposition index and the epidemic prevention and control pressure index model are estab-

lished as follows:

Ki ¼
XN

ni¼1

kniði ¼ 1; 2 . . . 14; ni ¼ 1; 2 . . .NÞ ð5Þ

Mlevel ¼
X4

j¼1

Aj � wjðj ¼ 1; 2 . . . 4Þ ð6Þ

Among these factors, i represents the type of POI in the evaluation factor subclass, ni repre-

sents the pixel points of type i in the research unit, n represents the total pixel numbers in the

research unit, and kni represents the POI kernel density value corresponding to the pixel points

of type i in the research unit. Ki represents the total nuclear density of POI i within a cell.

Mlevel represents the epidemic prevention and control pressure index, j represents the types

of evaluation factors, kj represents the density value of population distribution, transportation

hub, health care and life services after homogenization, and wj represents the weight of evalua-

tion factors A1, A2, A3 and A4, respectively.

Results

Imported transmission force of the urban agglomeration

The imported transmission force before city closure in Wuhan. The first case of

COVID-19 in China was confirmed on December 8, 2019 in Wuhan. This area evolved into a

gathering place in the early stage of the epidemic, which would erupt in China on approxi-

mately January 20, 2020. With the Spring Festival on January 25 as the node, the period from

January 11 to January 25 is the first peak period of the Spring Festival travel rush, which is the

largest, most widely distributed and most difficult-to-control event of population migration in

China. During the Spring Festival travel season, the epidemic was aggravated by population

mobility and the spread of the virus, which spread and worsened all over the country, with the

city of Wuhan as the center. According to the latest “COVID-19 diagnosis and treatment

plan”, based on the current epidemiological investigation, the incubation period of the corona-

virus is approximately 1–14 days. Therefore, we selected the first day of the closure in Wuhan

as the deadline for the data points to obtain the migration volume from Wuhan to each urban

agglomeration in the GBA within the period from January 11 to January 24 to analyze the cor-

relation between the migration volume and the epidemic severity index.

To February 22 (a month after the Wuhan sealing), the agglomeration of the GBA saw a

total of 1287 confirmed cases. The number of confirmed cases in each city in the urban

agglomeration from 14 days before the closure of Wuhan was positively correlated with the

amount of migration from Wuhan. As shown in Fig 2, R2 is 0.96, and the correlation coeffi-

cient of 0.98; the increment of independent variable migration, the dependent variable number

increase, and diagnosis were significantly related. There were 417 confirmed cases in Shenzhen

and 435 in Guangzhou originating from Wuhan, accounting, respectively, for 32% and 27% of

the total confirmed cases. Zhuhai, Dongguan, Foshan and Hong Kong have 5%-10% of con-

firmed cases, while the rest of the cities have less than 5%.

The total amount of migration from Wuhan to the cities in the urban agglomeration in the

period from January 11 through the solstice to January 24 was used in the OD flow chart to

show the OD relationship between cities, with the color and thickness of the line elements

used to represent the flow size. According to the analysis in Fig 3, the migration is divided into
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five grades: extremely low, low, medium, high and extremely high. Shenzhen, Guangzhou and

Dongguan had the top three largest numbers of people moving from Wuhan, which is consis-

tent with the "reverse Spring Festival travel" rule in recent years. The rest areas, centering on

Shenzhen, Guangzhou and Dongguan, show a decreasing trend with the increase of distance.

The epidemic severity index (epidemic severity index = number of confirmed cases/registered

population) is the same as the classification rules of migration. With Guangzhou and Shenzhen

as the central axis, the epidemic severity index decreases from east to west, forming a low-

high-low epidemic severity index model from east to west.

Before the closure of Wuhan, the population migration index from Wuhan to cities in the

urban agglomeration was significantly correlated with the number of confirmed cases in the

study area, so it was speculated that the population migration index could be used as an impor-

tant indicator to evaluate the epidemic situation. An analysis of imported sexually transmitted

diseases after the closure of Wuhan selected the 31 days from January 23 to February 22 as the

research period, extracted the source areas of migration in cities in the urban agglomeration as

the research object, and analyzed the migration index between cities and the epidemic risk

caused by the epidemic degree.

The imported transmission force of external cities. Twenty major external sources of

migration in cities in the urban agglomeration are selected as the starting places. An OD flow

map is created with the cities in the urban agglomeration as destinations, and the OD flow is

the sum of the migrations across 31 days.

As shown in Fig 4, Shenzhen and Zhuhai had been severely affected by the epidemic by

24:00 on February 22. Seven of Shenzhen’s cities of origin were from Hunan Province, which

was relatively severely affected by the epidemic: Shaoyang, Hengyang, Yongzhou, Changde,

Chenzhou, Huaihua and Yueyang. The migration index of Zhuhai accounts for only 3% of the

total migration volume of the entire city cluster. The reason for the severity of the epidemic is

that it is close to the South China Sea and has close economic and trade contact with overseas

countries. In the urban agglomeration, the city with the largest migration volume is Guang-

zhou, with Shenzhen in second place. The total migration volume of these two cities accounts

for 47% of the total migration volume of the entire urban agglomeration. The main migration

city of Guangzhou is outside the study area of Guangdong Province. In addition, the Chong-

qing municipality, the Guangxi Zhuang Autonomous Region and Central Guigang and Ganz-

hou in Shanxi Province, which are adjacent to Guangdong Province, have seen a large influx

Fig 2.

https://doi.org/10.1371/journal.pone.0249145.g002

PLOS ONE Transmission and control pressure analysis of the COVID-19 using multisource spatio-temporal big data

PLOS ONE | https://doi.org/10.1371/journal.pone.0249145 March 29, 2021 8 / 23

https://doi.org/10.1371/journal.pone.0249145.g002
https://doi.org/10.1371/journal.pone.0249145


Fig 3.

https://doi.org/10.1371/journal.pone.0249145.g003
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of migrants. Although number of migrants is large, the epidemic degree in Guangzhou is

medium because of the low epidemic degree of the sources. Dongguan and Zhongshan have

the same epidemic level as Guangzhou due to the small number of registered residents. The

number of migrants in Foshan and Huizhou was much higher than that in Jiangmen and

Zhaoqing, so the epidemic degree in Foshan and Huizhou was low, while that in Jiangmen and

Zhaoqing was extremely low.

The immigration population of Hong Kong and Macao was significantly lower than that of

the Pearl River Delta, accounting for 0.44% and 0.21% of the total migration of the study area,

respectively. Hong Kong and Macau are located mainly in the Pearl River Delta and the eco-

nomically developed Yangtze River Delta. Seven cities from the Pearl River Delta, including

Shanwei, Qingyuan and Meizhou, and seven from the Yangtze River Delta, including Shang-

hai, Beijing and Hangzhou, made the top 20 for migration to Hong Kong. Five cities from the

Pearl River Delta and eight from the Yangtze River Delta are in Macao’s top 20 for migration.

In addition, the non-Pearl River Delta and Yangtze River Delta cocities with movement to

Macao and Hong Kong were mostly cities with high GDP, such as the Chongqing municipal-

ity, Quanzhou city, Chengdu city and Xiamen city. Hong Kong and Macao are economically

active and densely populated, and the epidemic degree of these source regions is significantly

higher than that of other cities in the study area. However, the migration volume is very small,

resulting in a low epidemic degree.

The calculated migration data and the epidemic severity index of each city were input

into the epidemic transmission force model. a and b were set as 1.23 and 2.22, and the epi-

demic risk level chart of the migration of external cities was obtained. As shown in Fig 5, the

epidemic risk of all cities in the urban agglomeration is centered on Guangzhou, Shenzhen

and Dongguan, three severe epidemic areas. The further away from the center an area is, the

Fig 4.

https://doi.org/10.1371/journal.pone.0249145.g004
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more the epidemic risk index decreases gradually in a circular pattern. The epidemic risk

indexes of Shenzhen, Dongguan and Guangzhou are much higher than those of other

regions, with the risk index of Shenzhen accounting for 46% of the total index. The first rea-

son for such large numbers is that the migration volume of these three cities is in the top

three and is much higher than that of Foshan, the fourth. The scale indexes of Guangzhou,

Shenzhen and Dongguan, respectively, account for 24%, 23% and 20% of the total migration

volume. The second reason is that the individuals moving into the urban agglomeration

come mainly from other cities in Guangdong Province and Hunan Province, which has a

relatively severe epidemic situation. Among the 50 cities with individuals moving into the

urban agglomeration, Yueyang city in Hunan Province has the highest epidemic situation,

followed by Nanchang and Changsha, with relatively severe epidemic situations. The epi-

demic risk indexes of Foshan, Huizhou, Zhongshan, Zhuhai, Jiangmen and Zhaoqing

decreased with the decrease of migration volume. Hong Kong and Macao have a small

influx, but the higher risk of COVID-19 there than in Zhaoqing is due to the serious risk of

COVID-19 in the source region.

Fig 5.

https://doi.org/10.1371/journal.pone.0249145.g005
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The imported transmission force inside the urban agglomeration. An OD flow map

was created with each city in the urban agglomeration as the starting place and destination,

and the OD flow was the sum of the migrations across 31 days.

As shown in Fig 6, the population mobility tend to move to the prosperous cities in the

urban agglomeration. The top four GDP cities in the study area (Shenzhen, Guangzhou,

Foshan and Dongguan) have the largest migration rates and relatively high epidemic severity.

Most of the directions of population flow are mutual, that is, OD lines of migration appear in

pairs, such as the largest migration from Guangzhou to Foshan and Foshan to Guangzhou,

Shenzhen to Dongguan and Dongguan to Shenzhen. Population mobility is not always posi-

tively correlated with the severity of the epidemic. The inflow of Huizhou, Zhongshan and

Zhuhai is negatively correlated with the severity of the epidemic, that is, the inflow decreases

in turn, but the severity of the epidemic is serious for each. Both Jiangmen and Zhaoqing

accounted for less than 5% of the total migration scale index. Jiangmen and Zhaoqing have

large land areas and extremely low epidemic severity. Although Hong Kong and Macao have a

high degree of economic development, people from the mainland primarily migrate to Hong

Kong and Macao for work and study. The peak of the Spring Festival travel rush usually appear

Fig 6.

https://doi.org/10.1371/journal.pone.0249145.g006
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an outflow of people, so there was an occasional but small amount of immigration during this

time, and the severity of the epidemic is thus relatively low.

The calculated migration data and the epidemic severity index of each city were input into

the epidemic transmission force model, and the epidemic risk level diagram of mutual migra-

tion from urban agglomeration was obtained. As shown in Fig 7, the overall risk of COVID-19

in the eastern part of the city cluster is higher than that in the western part, with Huizhou,

Dongguan and Guangzhou as the cities with the highest risk. Huizhou has a relatively low

influx and severity of COVID-19, but the high severity of COVID-19 from origin areas

increases the risk of COVID-19. Foshan and Shenzhen are cities at high risk of COVID-19,

and Zhongshan is at medium risk of COVID-19. The migration volume and severity of

COVID-19 in these three cities are significantly higher than rates in other cities, but the the

low severity of COVID-19 of origin from risk areas reduces the overall risk of COVID-19. The

cities at low risk were Jiangmen, Zhuhai and Macau, with the lowest levels in Zhaoqing and

Hong Kong. The proportion of both low risk and low scale of urban migration is less than 5%,

and the severity of the epidemic is low and extremely low except for Zhuhai, which is a point

Fig 7.

https://doi.org/10.1371/journal.pone.0249145.g007
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of origin that spread across many provinces in China; however, the small proportion of migra-

tion originating from an area of risk leads to reduced risk.

Dispersive transmission force of the urban agglomeration

The inner-city travel intensity of each city in the urban agglomeration is calculated and graded,

as shown in Fig 8. As shown in this figure, the lower the severity of the epidemic is, the higher

the intensity of urban travel. Jiangmen and Zhaoqing had the highest travel intensity and the

lowest epidemic severity, while Shenzhen, Zhongshan and Dongguan had the lowest travel

intensity but relatively high epidemic severity. The intensity of urban travel in Foshan, Zhuhai,

Hong Kong and Macao is two colors higher than the severity of the epidemic, Guangzhou is

one color higher, and Huizhou is medium in both intensity and severity. To sum up, the severe

epidemic areas have restricted travel within the city, and work is mostly performed at home.

The calculated travel data and the epidemic severity force index of each city were input into

the epidemic propagation force model, as shown in Fig 9. The risk of outbreak cause by the vis-

ible city travel and cities’ epidemic severity were positively correlated. Jiangmen and Zhaoqing

Fig 8.

https://doi.org/10.1371/journal.pone.0249145.g008
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have the lowest level of epidemic severity and disease risk; Guangzhou, Dongguan and Foshan

have a high level of epidemic severity and disease risk; and Shenzhen and Zhuhai have the

highest level of epidemic severity and disease risk. The disease severity and outbreak risk level

in Zhongshan and Huizhou reflect the synchronization of change, because the disease severity

is medium, but the disease risk is low. Although travel is restricted in severely affected areas,

the risk of epidemic in these areas remains extremely high. Therefore, travel in severely

affected areas still needs to be restricted to the maximum extent.

Epidemic prevention and control pressure in urban agglomeration

To model the prevention and control pressure to return to work and production after the out-

break of urban agglomeration from city to city, in this paper, we choose related factors con-

cerning population density. These 4 categories of evaluation factors contain 14 subclasses of

POI data, classified into population distribution, transportation, health care and life services.

The evaluation factors comprise 4 categories in the district under study as the unit for all sub-

classes for the nuclear density analysis of POI, including the following controls: pixel unified

Fig 9.

https://doi.org/10.1371/journal.pone.0249145.g009
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size is 500 � 500 (m2), and the search radius is unified according to the type to make our data

consistent with the actual data. The weight tables of 14 seeds were calculated and evaluated

through factor-paired comparison and expert assignment. After all the types of nuclear density

data in the research unit were homogenized, the epidemic prevention and control pressure

model was established according to the values in the weight tables, as shown in Fig 10 below.

As seen in Table 1, the weights of population distribution, transportation hub, medical and

health care and life services decrease in turn. On the whole, the population density of the four

categories is flaky and concentrated in the central part of the urban agglomeration, and the

population density around it is the lowest. From a local point of view, the population density

of small urban agglomeration as the center of the distributed circle decreased.

1. Population distribution is divided into working population, migrant population and resi-

dent population density, with the highest weight indicating that population distribution is

the most important among the four elements. The population distribution density is low on

the whole, and there are relatively high-density and extreme high-density concentration

areas. The concentration points in the Macao Special Administrative Region, Futian

Fig 10.

https://doi.org/10.1371/journal.pone.0249145.g010
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District in Shenzhen and Yuexiu District in Guangzhou gradually decrease in the surround-

ing areas (Fig 11(a)).

2. Transportation hubs, including airports, ports and subway stations, are factors with higher

weight and population density. The density concentration areas of transportation hubs are

located mainly in the Macao Special Administrative Region, Luohu District, Nanshan Dis-

trict and Futian District in Shenzhen, and Haizhu District, Tianhe District, Yuexiu District

and Liwan District in Guangzhou. In the longitudinal comparison of the four factors, Hong

Kong has the highest density concentration, primarily because it is located in the "keypoint

of traffic" of the Pearl River and the South China Sea, with a dense and convenient transpor-

tation network and the most ports (Fig 11(b)).

3. Health includes clinics, clinics and hospitals. The highest density of medical services and

health in the region’s is focused on Haizhu District, Tianhe District, Yuexiu District and

Liwan District. The main reason for this density is that Canton enjoys a high-level medical

reputation. Because of the influence of the outbreak, the concentration of the large number

of new fever outpatient service areas means that population density after standardization is

the largest in this region (Fig 11(c)).

4. The life services category includes three smaller subcategories, namely, bazaars, supermar-

kets and shopping malls. Life services provide people with material necessities of life and

spiritual nourishment. Therefore, the most concentrated areas with high density and

extremely high density cover 11 areas in four prefecture-level cities: Guangming District in

Shenzhen; Baoan District, Longhua District, Nanshan District and Futian District, Yuexiu

District, Liwan District, Haizhu District and Tianhe District in Guangzhou; Chancheng

District in Foshan; and Duanzhou District in Shiuhing. When the "regional groups" of

these four prefecture-level cities with high density are taken as the center, the degree of pop-

ulation density concentration gradually decreases (Fig 11(d)).

The density of transportation hubs, medical and health services and living services is dis-

persed in patches; the numerous aggregation areas exist because people cannot live without

clothing, transportation, housing and food. The higher the levels of urban economic

Table 1. The weight table of factors for the pressure rating of epidemic prevention and control.

Evaluation Factors Factor Weights Evaluation Factor Subclass Condition Weights Normalizing Weights

Population Distribution 0.43 Working Population Density 0.65 0.28

External Passenger Flow Density 0.28 0.12

Resident Population Density 0.07 0.03

Transportation Hub 0.29 Airport 0.42 0.12

Railway Station 0.26 0.07

Port 0.16 0.05

Motor Station 0.10 0.03

Subway Station 0.06 0.02

Medical Care 0.17 Fever Clinic 0.87 0.15

Hospital 0.10 0.015

Clinic 0.03 0.005

Daily Services 0.11 Bazaar 0.50 0.06

Supermarket 0.28 0.03

Mall 0.22 0.02

https://doi.org/10.1371/journal.pone.0249145.t001
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development and per capita consumption are, the larger the proportion in the weighted grad-

ing map. The overall pressure of prevention and control is roughly similar to the weight classi-

fication of the four evaluation factors, and the concentrated density area is distributed in the

center of the Guangdong-Hong Kong-Macao Greater Bay Area. The highest levels of preven-

tion and control pressure are found in the Macao Special Administrative Region; Futian Dis-

trict in Shenzhen; and Haizhu District, Liwan District and Yuexiu District in Guangzhou,

which have increased the pressure due to the large number of migrant workers in these areas.

The high-pressure points for prevention and control are Duanzhou District in Shiuhing,

Chancheng District in Foshan, Tianhe District in Canton, and Longhua District, Baoan Dis-

trict, Luohu District and Nanshan District in Shenzhen. The districts and counties with the

high and extremely high levels of prevention and control pressure are taken as the core of the

region, and the further an area is from the core cities, the lower its level of prevention and con-

trol pressure.

Fig 11.

https://doi.org/10.1371/journal.pone.0249145.g011
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Conclusions

Taking a world-class city cluster, the Guangdong-Hong Kong-Macao Greater Bay Area, as the

research area, this study used official migration data and Baidu migration regions, as well as

relevant POI data, combined with OD flow and kernel density analysis method, to model a

prevention and control of epidemic spread force index and a pressure rating model. The study

explored the level of risk posed by population flow to urban agglomerations and the level of

pressure to return to work after a comeback in the area of the urban agglomeration. The main

conclusions are as follows:

1. In the analysis of migration from Wuhan to urban agglomerations, the correlation coeffi-

cient between the scale index of the migration from Wuhan to urban agglomerations and

the severity of the epidemic is 0.98, which shows a significant correlation that is basically

consistent with the assertion that higher the migration volume is, the higher the epidemic

severity. With Guangzhou and Shenzhen as the axis, the severity of the epidemic gradually

decreases to the east and west.

2. In the analysis of the transmission force of urban agglomeration, except for Hong Kong

and Macao, the cities with migration to the urban agglomeration are mainly affected by the

geographical proximity and the population base of the migration source. In addition, the

Pearl River Delta and Yangtze River Delta regions with higher GDP contributed more to

the inflow of Hong Kong and Macao. The classification of epidemic risk depends mainly on

the migration scale index and the epidemic severity. Shenzhen, Guangzhou and Tungkun

are all located in the Pearl River Estuary Delta and are important hubs of the Beijing-Kow-

loon Railway. Convenient transportation, advantageous location and prosperous economy

have greatly increased the inflow and outflow of population in these three regions, leading

to the highest epidemic risk. In general, the higher the migration scale index and the epi-

demic severity level are, the higher the epidemic risk level at the destination.

3. In the analysis of the imported transmission force among cities in the urban agglomeration,

population mobility tends to be into the economically developed cities, but the classification

of epidemic risk level is not related simply to geographical proximity and regional eco-

nomic development. In contrast, the number of confirmed cases and the total local regis-

tered population are also decisive factors. The high-risk areas were distributed in the

northeastern regions of the study area, showing a stepwise decrease from east to west, and

from north to south.

4. In the propagation force analysis of internal diffusivity inside of the agglomeration, because

those cities with the higher disease severity limit mass travel activities, so the city population

flow are negatively associated with the disease severity of each city. However, areas with

economic dynamism and a high degree of openness to areas outside the city, such as Zhuhai

and Shenzhen, face a greater risk of outbreaks. The severity of the epidemic is basically con-

sistent with the classification of epidemic risk in each city. Cities with high epidemic sever-

ity are generally at high epidemic risk, and population mobility still needs to be reduced in

these areas. The resumption of school and work needs to be carried out in batches accord-

ing to the epidemic risk in each city.

5. In the analysis of the epidemic prevention and control pressure in the urban agglomeration

after the resumption of work and production, the population density of population distri-

bution, transportation hubs, medical and health care and life services showed patchy distri-

bution, and the population was mainly concentrated in the northwestern and central areas

of the Guangdong-Hong Kong-Macao Greater Bay Area. Among these factors, population
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distribution has the highest weight, transportation hubs and life services are necessary ser-

vices in daily life, and population density is the largest. The degree of population concentra-

tion in medical and health care gradually increased with the epidemic severity. The final

pressure level of prevention and control is obtained by combining various factors. Haizhu

District, Liwan District and Futian District of Shenzhen are taken as the core of a circular

region; the further an area is from the core city, the lower the pressure level of prevention

and control is.

Discussion

To sum up, this paper aims to obtain an epidemic prevention and control pressure index

through a linkage analysis tracking the movement of people and the actual confirmed case

data in the Guangdong-Hong Kong-Macao Greater Bay Area, a typical urban agglomeration

region. The above pressure index examines movement within the Guangdong area and could

also be used to examine other aspects of the global epidemic. The combination of actual case

and diagnosis data by precise location and amount of accurate data used to obtain an outbreak

"map" allows for the creation of a pressure index layer overlay indicating prevention and con-

trol information, which can greatly improve the precision and efficiency of epidemic control.

The above results combine the latest geographic information technology with practical work

and use science and technology to improve the efficiency of disease prevention and control

work. The results can be applied at a small scale to the prevention and control efforts by rural

and urban internal, street, and community personnel, as well as facility and unattended supply

directions. They can also be of great use to municipal, provincial and even national efforts to

return to work, providing a reference for regional planning and production. Especially for

such administrative departments as government agencies, sufficient and accurate information

reference provide the basis for further conquering the epidemic. Even in the face of future

major events similar to this COVID-19 outbreak, the research model of this paper can be

applied to the correlation study of event carrier flow and the emergence of final results, and

different types of stress indexes can be proposed to provide reference bases with which relevant

departments and the public can solve problems. In addition, this paper mainly discusses the

transmission force and the pressure of prevention and control of the epidemic, which is mainly

reflected in the changing trend of transmission, so there is lag in diagnosis, and time series and

other methods will be used in subsequent studies to improve the analysis methods and models.
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