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Abstract: The outbreak of the 2019 novel coronavirus (COVID-19) has attracted global attention.
During the Chinese New Year holiday, population outflow from Wuhan induced the spread of the
epidemic to other cities in China. This study analyzed massive intercity movement data from Baidu
and epidemic data to study how intercity population outflows affected the spatiotemporal spread
of the epidemic. This study further investigated how urban factors influenced the spatiotemporal
spread of COVID-19. The analysis indicates that intercity movement was an important factor in the
spread of the epidemic in China, and the impact of intercity movement on the spread was
heterogeneous across different classes of cities. The spread of the epidemic also varied among cities
and was affected by urban factors including the total population, population density, and gross
domestic product (GDP). The findings have implications for public health management. Mega-cities
should consider tougher measures to contain the spread of the epidemic compared with other cities.
It is of great significance for policymakers in any nation to assess the potential risk of epidemics and
make cautious plans ahead of time.
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1. Introduction

Estimation of the spread and evolution of infectious disease is essential for public health during
a pandemic [1]. Human travel is a major factor in the spread of epidemics from within one city to
others. The incidence of infectious diseases such as influenza varies among cities and is affected by
urban factors including population size, socioeconomic conditions, urban structure, and connectivity
with other cities [2—4]. However, there are few studies on how intercity movements affect the
spatiotemporal spread of infectious diseases together with urban factors.

The advent of the 2019 novel coronavirus (COVID-19) coincided with the Lunar New Year
holiday, during which significant human migration occurred as people returned to their hometowns
[5]. The population outflow spatially expanded the epidemic to other cities in China. When the travel
restrictions in Wuhan came into effect on January 23, 2020, many Chinese cities had already accepted
a number of infected travelers [6]. Around 5 million people traveled from Wuhan to other cities, and
around one-third of them went to other cities outside of Hubei province within two weeks before the
lockdown. Li and Pei et al. [7] estimated that 86% of all infections were undocumented before the
travel restrictions were imposed in Wuhan. Human movement significantly affected the distribution
and scale of the epidemics in China and can be used to predict the future spread of epidemics [8,9].
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It is hypothesized that the population movement from Wuhan to other cities within the two weeks
before the lockdown may have had a significant effect on the potential COVID-19 outbreaks in other
Chinese cities. Therefore, it is necessary to understand how human movement affects the
spatiotemporal distribution of COVID-19 in China.

Some studies have analyzed the correlation between intercity movements and infectious
diseases [10], while few studies have examined how urban factors affect the spatiotemporal spread
of infectious diseases. The spatial spread of epidemics is affected not only by the intercity movement
of infected people, but also by the urban factors of different cities. This study further examines how
urban factors affected the spatiotemporal distribution of COVID-19 in addition to intercity
population movement in Chinese cities.

2. Literature Review

2.1. Human Mobility and Infectious Diseases

Many cities are likely to face more serious infectious diseases than ever before due to the
increasing levels of human movement as globalization continues. Huge intercity human movement
accelerates the spread of infectious diseases, and previous studies analyzing infectious diseases have
varied from the global to intra-urban level in scale [11]. For example, Wells and Sah [12] examined
the influence of cross-national travel and border-control policies on the spread of COVID-19 at a
global level. Zhou and Xu [13] used mobile phone sightings data to examine the potential effects of
intra-city mobility restrictions on the spread of COVID-19 in the city of Shenzhen. Massaro and
Kondor [14] studied the interaction between human mobility and outbreaks of infectious diseases
and found that intra-city human mobility is a major factor in the spread of infectious diseases in
Singapore. Some studies have analyzed the spatiotemporal pattern of COIVD-19 at the national or
district levels [1,15,16]. However, few studies have examined the relationship between human
movement and the spatiotemporal distribution of infectious diseases at the national scale because it
is difficult to obtain detailed intercity travel records [17]. For example, Jia and Lu [18] investigated
how population movement drove the spatial distribution of COVID-19 in Chinese cities using mobile
phone location data at the national level.

2.2. Urban Factors in the Spread of Infectious Diseases

Human movement is an important factor leading to the spread of infectious diseases. However,
studies examining how urban factors affect the spatiotemporal distribution of infectious diseases are
rare. City size may affect the spatial spread of infectious diseases. Commuting distances increase as
residents become farther away from city centers, so average commuting distances become longer as
the size of a city becomes larger without considering spatial structure [19]. Residents may have more
interactions during commuting and might be more prone to infection with longer commuting
distances. Total population and built-up area are common indicators of city size. Dalziel and
Pourbohloul [17] built an individual-level model of infectious disease transmission based on mobility
data, confirming that the differences in population size and mobility patterns among cities are
sufficient to affect the risk and severity of epidemics in different cities. Larger cities with larger
populations and more social interactions are more vulnerable to infectious diseases [20].

High population density increases people’s daily social interaction and close contact, which
makes them vulnerable to infectious diseases and accelerates the spread of an epidemic [21]. China's
urbanization has progressed rapidly in recent decades, characterized by high density. It is necessary
to examine how density affects the spread of an epidemic, especially in Chinese cities.

In cities with higher GDP, people tend to have more face-to-face communications and are thus
more vulnerable to infectious diseases. Garske T. [22] suggested that infectious diseases might spread
faster in more developed areas than less developed areas in China. Economic activities such as
wholesaling, retailing, and services usually require frequent and close interactions between people.
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2.3. Examining Intercity Travel with Spatiotemporal Positioning Big Data

The scale of China's urbanization has been unprecedented in terms of the magnitude and rate of
change, and the mass migration from rural to urban areas and from small to large cities [23, 24]. It is
necessary to examine how the population movements affect the urban structure and population
distribution in Chinese cites, especially in epidemics. Some studies use census data to examine
intercity travel. For example, Mu and Yeh [25] used demographic survey data to divide China into
new commuting areas based on the functional network of commuting flows. However, these kinds
of census data are labor-intensive to collect and limited by the sampling size.

With the development and widespread applications of big spatiotemporal data [26-28], mobility
data have been used to trace spatiotemporal intercity movements and disease transmission for their
capability to track the travel behavior of inhabitants in fine granularity [29, 30]. Millions of location-
based service records can not only map the spatiotemporal distribution of people and intercity travel
[31, 32] but also help to elucidate the importation and transmission of diseases together with disease
distribution data [33]. With the popularity of different sensors, it is possible to examine how intercity
population movement affects the spatiotemporal distribution of infectious diseases [34].

3. Study Area and Data Processing

3.1. Study Area

This study focuses on Chinese prefectures, initially including 360 administrative units. These
prefectures are referred to as “cities” in this study (Figure 1). All cities in Hubei Province were
excluded, since intra-city transmission had already dominated the local spread of infectious diseases
during the study period. The community-level spread of COVID-19 occurred much earlier in Hubei
Province than in other parts of China, as Wuhan city has a close daily connection with those cities in
Hubei.
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Figure 1. Study area.

3.2. COVID-19 Data



ISPRS Int. ]. Geo-Inf. 2020, 9, 615 4 of 16

COVID-19 data were extracted from the epidemic report of the National Health Commission of
China. The daily numbers of confirmed cases were summarized up to 6 February 2020 (China
standard time), 14 days after the first day of the Wuhan lockdown (23 January 2020). The threshold
of 14 days is the employed length of quarantine or active monitoring of people potentially exposed
to the virus. The proposed length is supported by the findings of epidemiological studies [35].

3.3. Intercity Travel Data and Urban Factor Data

The intercity travel data adopted in this study were generally collected from the users of the
mobile devices by location-based service operators. They are a type of mobile positioning data
produced by mobile devices when their owners use software supported by the function of location-
based services, such as the Internet, map services, booking services, express services, and
entertainment services. Under the authorization of mobile device users, the operators of location-
based services have access to visit the system interface of the mobile device to collect its GPS
coordinate locations during daily use.

Intercity travel data reflect population movements across regions on the basis of positional shifts
of personal mobile devices. The data come from the Baidu Qianxi data of Baidu Inc., the largest search
engine operator in China (http://qianxi.baidu.com). It can be viewed as a counterpart of Google in the
Western world. The Baidu Qianxi data are collected and verified by the Baidu Location-based Service
Platform, which shows the dynamic regional population flow on a daily basis. Baidu states that over
120 billion location requests are supported by its location-based service platform daily. The data cover
at least 70% of the Chinese population, and the sampling size is higher than that of national census
data. An anonymization algorithm is used to ensure that all the travel data are collected without any
sensitive information, for the consideration of confidentiality. Only spatial and temporal tags are
recorded for spatial data analysis and data visualization. Wuhan entered lockdown on 23 January
2020, one day before Chinese New Year’s Eve, when the spring-festival travel season had almost
come to an end. We obtained the number of people flowing out of Wuhan to other cities within 14
days before the lockdown because the incubation period of the infection is thought to be about 14
days. The spring-festival travel season typically begins two weeks before Chinese New Year’s Eve.
Therefore, the travel data reflecting population outflow from Wuhan from 10 January to 23 January
2020 needed to be extracted. According to the Baidu data, there are at least 3.31 million passengers
who left Wuhan for other domestic cities during the mentioned 14 days. We used de-identified and
cumulative domestic population-movement data for the two weeks before and after the travel
restrictions in and out of Wuhan derived from Baidu's location-based services, and the daily numbers
of journeys from Wuhan to other Chinese cities were derived.

The resident population size, population density, and GDP of the cities were extracted from the
2019 City/Prefectures Statistical Yearbook of China [36].

3.4. Data Processing

The intercity travel data bar is composed of four columns, which represent the departure city,
destination city, travel date, and flow population (Table 1). The departure city is typically identified
as a place of residence or place of an overnight stay. The destination city was only identified as a
meaningful destination if someone stayed in the city for at least 4 hours continuously; otherwise, it
was ignored and assumed to be a place of temporary stay. The intercity flow from Wuhan to any
other city within the two weeks before Spring Festival is described by the following equation:

n
Fyi = Z Fy (1)
d=1

where F,,; is the aggregate population outflow from Wuhan to city i, and Fy; is the daily population
outflow from Wubhan to city i.
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Table 1. Raw dataset of mobile internet positioning data.

Departure city Destination city Travel date Flow population (persons)

Wuhan Beijing 10 January 2020 3350

Wuhan Shanghai 10 January 2020 2432

Wuhan .

Wuhan Beijing 11 January 2020

Wuhan Shanghai 11 January 2020

Wuhan .

Wuhan 23 January 2020

Note: If there was no one that travelled from Wuhan to a city within the research period, the
record value is “0” in the column of flow population.

4. Research Methodology

4.1. Ratio of the Risk of Imported COVID-19

The ratio of the risk of imported COVID-19 is introduced to evaluate the effect of intercity
population movements on infectious disease transmission across cities at the beginning of the
epidemic. The quotient of the cumulative confirmed cases over the population outflow from Wuhan
is defined as the ratio of the risk of imported COVID-19 spread for each city using the following
equation:

_ Ya=1Cai

R; “F @)

where R; is the ratio of the risk of imported COVID-19 in city i, and Cy; is the daily confirmed
COVID-19 cases in city i since the epidemic outbreak. The cumulative number of confirmed cases is
summarized up to 6 February 2020. The ratio of the risk is described as the confirmed cases per
thousand population as a result of outflow from Wuhan.

4.2. Bivariate Aspect of Local Spatial Autocorrelation

This study mainly analyzed how population movements from Wuhan into other cities outside
Hubei contributed to the spread of the COVID-19 epidemic. Local spatial autocorrelation was first
analyzed to explore the spatial distribution characteristics of confirmed cases and detect their spatial
correlation with population movement. Correlation and regression analyses were carried out to
estimate the associations among the population outflow from Wuhan, gross domestic product (GDP),
resident population size, population density, and cumulative number of confirmed COVID-19 cases.

The spatial autocorrelation analysis consisted of global spatial autocorrelation and local spatial
autocorrelation. The former was used to reveal the integral characteristics of the spatial distribution
and its significance in the study area, while the latter was used to explore the potential local
distribution characteristics of spatial elements, such as aggregated or random distributions. Moran’'s
I and local Moran’s I were used to indicate the spatial relationship of global spatial autocorrelation
and local spatial autocorrelation, respectively. Moran’s [ is calculated as follows:

D=1 Ljea Wiy O — %) (x; — %)

I = 3
S2¥i Z?::l Wij ®
Local Moran’s I is calculated as follows:
. (x; — %) Xizq jui Wij (x; — X) @)
;= .

S2
1 o -1 . . . .
Here, $% = ;Z?zl(xi —X), X = ;Z?:l x;, n is the number of spatial units for analysis, x; and x;

represent the measured values of the spatial units i and j, (x; — X) represents the deviation between
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the measured value of unit i and the mean value, and W;; is the spatial weight matrix according to
the contiguity relation.

The bivariate spatial autocorrelation was further evolved from spatial autocorrelation to explore
the spatial correlation of multiple variables [37]. Bivariate local Moran’s I indicator was employed to
identify the spatial clusters and outliers of intercity flows with confirmed COVID-19 cases. The
bivariate local spatial autocorrelation model can be described as follows:

Ig; = X; Y=g Wy Y}, ®)

where X; = x;—_f, Y, = yfr—_y, x; is the measured value of variable x of the spatial unit i, y; is the
x y

measured value of the variable y of the spatial unit j, X and ¥ represent the mean values of the
variables x and y, and o, and o,
association between the values of variable x at locationi (i=1, 2, ..., n) and the average of the neighbor

represent the variance of the variables x and y. The spatial

values for variable y at locationj (j=1, 2, ..., n) can be determined. The statistic I ; is the product of
X; with a spatial lag of ¥; [38,39]. Variable x; in this study is the cumulative population outflow
from Wuhan to city i in the two weeks before the Wuhan lockdown, while variable y; is the
cumulative number of COVID-19 cases confirmed in city j by 6 February 2020.

4.3. Multivariate Regression

Regression analysis was performed to examine the effect of independent variables, i.e., the
population outflow from Wuhan and other potential factors, on a dependent variable, i.e., the
cumulative number of confirmed COVID-19 cases. Through testing the correlation between
independent and dependent variables, a regression model can be established to describe the
magnitude of the effects of the predictor variables on response variables. In this research, the effect
was exactly the ratio of the risk of imported confirmed COVID-19 cases in China at the prefecture
level, which can be regarded as the epidemic risk interpretation model. It was formulated with
multivariate linear regression as follows:

Y; = Bo + B1Xix + BoXip + B3Xis + BaXis + €, (6)

where Y; is the cumulative number of confirmed cases in city i (i=1, 2, ..., n), X;; is the population
outflow from Wuhan, X;, is the GDP, X;; is the resident population size, X;, is the population
density, B, is a constant, and f, ..., 5, represent the regression coefficients for each independent
variable. All coefficients were obtained using the least-squares method and the constant f,. ¢ is the
error term.

In this study, the spatiotemporal data were called by PostgreSQL. The data visualization was
realized by ArcGIS 10.7. The spatial autocorrelation analysis was processed using Geoda 1.14, while
correlation and regression analyses were processed using SPSS 19.0.5.

5. Spatial Cluster and Regression Analyses.

5.1. Population Outflow from Wuhan to Non-Hubei Cities and the Cumulative Confirmed Cases

China has seen rapid urbanization in the past 40 years. Massive migration from rural to urban
areas has shaped the flow characteristics of Chinese intercity population movements. The recent
construction of a high-speed railway system has further increased the scale and frequency of intercity
flows, especially during the Spring Festival period. According to Baidu’s daily migration data, 3.31
million mobile-device users traveled from Wuhan from 10 January to 23 January 2020, of which 1.02
million traveled from Wuhan to non-Hubei cities within 14 days. According to the daily epidemic
reports from the China National Health Commission, the cumulative number of confirmed COVID-
19 cases was 19,557 (only excluding Wuhan city) as of 6 February 2020, and there were 9063 COVID-
19 cases confirmed with Wuhan and other cities in Hubei province excluded.

Most of the population outflow from Wuhan before the lockdown was to east parts of China.
COVID-19 quickly spread to almost all cities with the large-scale population movement (Figure 2).
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Additionally, the spatial distribution of the population outflows and confirmed cases in different
cities did not strictly follow the rule of geographical proximity with Wuhan. The large-scale
population outflows were not only distributed across the cities surrounding Hubei province but also
over distant metropolitan regions such as Beijing, Shanghai, Guangzhou, and Shenzhen. The spatial
distribution of cumulative confirmed cases was relatively concentrated in these regions, where the
numbers of confirmed cases generally ranged from 201 to 500. By the comparison of the spatial
distribution of the outflow from Wuhan and confirmed cases, more specific spatial characteristics of
the spread of the epidemic can be explored.

Legend
Confirmed cases
1-20

o 21-50
O 51-100
O 101-200 @ Wuhan city
() 201-500 M Hubei Province

Outflow from Wuhan N

o 250 500 1.000 1.500 - 2,000
- Low: 0 — = b

Figure 2. Spatial distribution of population outflow from Wuhan and cumulative confirmed COVID-

19 cases.

The ratio of the risk of imported COVID-19 transmission was used to describe the relationship
between population flow and confirmed cases at the beginning of the epidemic (Figure 3). In all 360
cities, the median value was 8.2 confirmed cases per thousand population as a result of outflow from
Wuhan. There were four cities in which the ratio of risk was beyond 60.0 cases per thousand
population as a result of outflow, with values of 74.0, 96.8, 116.7, and 354.2. These four cities were
located in marginal areas in terms of geography and population movement. The mean value of
population outflow from Wuhan in these four cities was 374.0, while the mean value for all 360 cities
was 2817.0. It was necessary to exclude these four marginal cities with minor outflow from Wuhan
so that the classification outcome for the ratio of risk became more significant.
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Heilongjiang Province

Zhejiang Province
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Figure 3. Ratio of the risk of imported 2019 novel coronavirus (COVID-19) transmission for each city
(by natural Jenks).

According to the classification outcome for the ratio of risk using natural Jenks, the cities in
which the ratio of risk was beyond 16.1 cases per thousand population as a result of outflow were not
only distributed in the eastern and southeastern coastal parts of China (the most densely populated
regions) but also in the northern parts. The ratios of the risk of imported COVID-19 in the regions
around Wuhan were surprisingly low, even though Wuhan is recognized as the first epicenter of
COVID-19. For example, the average ratio across China was 8.89 confirmed cases per thousand
population as a result of outflow at the province level. Zhejiang, Heilongjiang, and Guangdong
Province were ranked as the top three in terms of ratio of risk, with average values of 28.2, 24.16, and
16.1, respectively. However, the average was only 4.84 in Henan Province, which ranked first for
population movement from Wuhan to a non-Hubei province. Compared with the scale of population
outflow, the high ratios of risk in some parts of China such as Heilongjiang Province resulted from
rather small-scale outflow from Wuhan. The population movement from Wuhan to Heilongjiang
Province was only 9.93 thousand, while it was 35.71 thousand to Zhejiang Province and 63.11
thousand to Guangdong Province.

Other local factors, such as the travel behavior of the elderly or social events, may complicate
COVID-19 transmission, even when there is a limited number of imported cases. However, this work
mainly focused on the intercity population flow, as well as the spatial factors and socioeconomic
factors of cities. It is, therefore, necessary to set a lower limit of population outflow to eliminate the
effects of various local factors on the spread of COVID-19 in cities.

5.2. Correlation between Intercity Flow and COVID-19 Epidemic

It was more reasonable to focus on the cities with larger-scale population outflow from Wuhan
to avoid the effect of accidental uncontrollable factors on the spread of COVID-19. For the regression
analysis, a value of one thousand for population outflow within two weeks before Chinese New
Year’s Eve was set as the lower threshold for each city. Cities below this threshold were regarded as
marginal areas of intercity flow. Eventually, 191 cities were selected as the study units for further
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regression analysis, covering more than half of the domestic cities and 1.06 billion people, according
to the China Statistical Yearbook 2019 [36].

A linear regression model was established to demonstrate the magnitude of the effect of the
population outflow from Wuhan, as the single variable, on confirmed cases (Figure 4). For the 191
selected cities, the population outflows from Wuhan had significant impacts on the cumulative
numbers of confirmed cases (R? = 0.650, p < 0.001). For each 10% increase in population outflow from
Wuhan, the cumulative number of confirmed cases was predicted to increase by 8.06%.

i @) Capital cities Beiing

28 Shanghai
.01 . Other citi
M Shenzhen .

2.6 Guangzhou

2.4
2.2 )
® . _
32.0- n " Nanyang
8 1.8 ‘ Zhumadian
a3 B Jiujiang
g 1.61 ' 'Anging
=] ' Zhoukou
1.4
c
T1.2
§ Qutflow from Wuhan
1.0 . 50,000
8 . 40,000
'6- e ® ® . 30,000
4 . @ 20,000
e 1
2l @ 0,000
° 500
-0 T T T T T T T T
28 30 32 34 36 38 40 42 44 46 48 50

Outflow from Wuhan (log)

Figure 4. The correlation between population outflow from Wuhan and cumulative confirmed
COVID-19 cases.

A dummy variable was added to test the related hypothesis that differences in city
administrative class had an effect of equivalent magnitude on the spread of COVID-19, as follows:

Yl} = ﬁo +ﬁ1XU +11Cap_CltyJ + Eij (7)

where Y;; is the cumulative number of confirmed cases in city i of city class j. X;; is the population
outflow from Wubhan to city i. Cap_City; represents the city class difference (Cap_City;=0, 1), where
Cap_City;= 1 when the city is a capital city. Provincial-level capitals and sub-provincial cities are
referred as “capital cities” in this study. 4, represents the regression coefficient for the dummy
variable.

The R? increased to 0.685 (p < 0.001) when the dummy variable of city administrative class was
added into the model, indicating a better goodness of fit. The standardized coefficient of city
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administrative class is 0.202 (p < 0.001), which means capital cities have a higher ratio of risk of
COVID-19 transmission than other cities. For instance, the ratio of risk for mega-cities and provincial-
level capitals, such as Beijing, Shanghai, Guangzhou, and Shenzhen, was 14.04. However, it was only
4.80 in the cities surrounding Wuhan city, such as Nanyang, Zhumadian, Jiujiang, Anging, and
Zhoukou, even though their population outflows all ranged from 15 to 30 thousand people within
two weeks. It was estimated that the ratio of risk of imported disease spread in mega-cities and
provincial capitals was nearly 2.93 times that in other cities, even with equivalent intercity population
movements.

5.3. Bivariate Local Spatial Association of Intercity Flows and Confirmed Cases

The spatial autocorrelation analysis in this research focused on the domestic prefecture level
with queen contiguity-based spatial weights. The correlated results characterize the spatiotemporal
distribution of the cumulative population outflow and the cumulative number of confirmed cases.
The high-high and low-low clusters at the prefecture level represent the regions where the
cumulative number of confirmed COVID-19 cases showed a significant positive correlation with the
population outflow from Wuhan. The high-low and low-high clusters reflect the regions for which
negative correlations were observable. Through the recognition of these high-high clusters and high-
low clusters, the influence of population movement on the transmission of COVID-19 from a spatial
perspective could be further explored.

The result showed that intercity flow had greatly contributed to the spread of COVID-19. The
spatial distribution of outflows and confirmed cases was shown to have a positive spatial
autocorrelation, with a Moran’s I value of 0.161 (p < 0.05). Two distinct spatial distributions of high—
high clusters were identified (Figure 5). The high-high clusters were mainly concentrated around
Wuhan city because of spatial proximity, while the other high—high clusters were concentrated in
mega-city regions such as the Yangtze River Delta and Pearl River Delta mega-city regions, both of
which are relatively far away and have strong population flows from Wuhan and other cities within
the mega-city regions [40]. These high-high clusters represent much higher spatial correlation
between population outflow and confirmed cases, which also indicates much higher COVID-19
infectious risks due to the intercity population movement. On the contrary, the spatial distributions
of high-low clusters were in the provincial capitals. Compared with the low-low and low-high
clusters, it is concluded that the cities located in mega-city regions and provincial capitals had much
higher risks for the spread of COVID-19 at the beginning of epidemic transmission.
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Figure 5. Bivariate local spatial autocorrelation with population outflow from Wuhan and cumulative
confirmed COVID-19 cases.

5.4. Multivariate Regression Analyses at the Prefecture Level

The relationship over time between the number of confirmed cases and socioeconomic factors
was evaluated with the Pearson’s correlation coefficients. This descriptive statistic for the variables
and its correlation with the confirmed cases up to 6 February 2020 is summarized (Table 2). The
variation of the correlation coefficient was assessed from 21 January 2020, when the first COVID-19
case was detected outside Hubei province, to 6 February 6 2020, when Wuhan entered lockdown for
14 days (Figure 6). With the rapid increase in cumulative confirmed cases, the correlation between
population outflow and confirmed cases increased from Pearson’s r = 0.421 to 0.805. At the same time,
the correlation between GDP and confirmed cases reached 0.775, while that between resident
population size and confirmed cases reached 0.749. On the contrary, the correlation between
population density and confirmed cases showed a distinct decline in the primary stage of the
epidemic spread and then gradually increased to a stable level, with Pearson’s r=0.508, on 6 February
2020. The correlation coefficients for these socioeconomic factors all stabilized with slight fluctuations
from January 31st. These four variables therefore showed strong correlations with the cumulative
confirmed cases during the outbreak stage of COVID-19 intercity transmission.

Table 2. Descriptive statistics of population outflow and other socioeconomic variables and their
relationships with cumulative confirmed COVID-19 cases.

Variables Mean St. Deviation Coefficient
Accumulative confirmed cases 41.21 57.58 -
Population outflow from Wuhan (persons)  4952.49 6656.63 0.805***
Resident population 5477.49 3711.82 0.749%*
(thousands)
GDP
211. 78.67 775%**
(million USD) 55,211.39 68,678.6 0.775

Population density

2 13. X Stk
(persons/km?) 393.26 613.88 0.508
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Note: The accumulative confirmed cases refer to the number of cumulative confirmed cases as
of 6 February 2020. Population outflow from Wuhan refers to the intercity population movements
within 14 days before Spring Festival. The exchange rate of the RMB against the USD is 6.75. *** p <

0.001, ** p <0.01, and * p < 0.05.
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Figure 6. The correlations between socioeconomic variables and cumulative confirmed cases

according to Pearson coefficients.

Cumulative confirmed cases

Multivariate regression was preformed to establish the interpretation model for quantifying the
effect of population intercity flows and other socioeconomic factors on the spread of COVID-19 in
general conditions (Table 3). From the results of model, the regression passed the F test at the 0.01
significance level, and the Durbin-Watson index was 2.063, showing a good normal distribution of
residuals. The determination coefficients R?= 0.603 and adjusted R? = 0.594 indicate good model fit,
showing that the model was able to explain 59.4% of the variability in the cumulative confirmed

cases.

Table 3. Association between cumulative confirmed COVID-19 cases and other socioeconomic

variables according to multivariate regression model.

Independent variables Standardized coefficients 95% CI
Population outflow from Wuhan (persons) 0.488*** (0.000, 0.000)
Resident population size (thousand people, logarithm) 0.244*** (0.241, 0.635)
GDP scale (million USD, logarithm) 0.216*** (0.203, 0.573)
Population density (persons/km?) 0.116* (0.068, 1.631)
Model summary

R? 0.603

adj_R? 0.594

MSA 5.743

MSE 0.081

F (sig<0.01) 70.594

Durbin-Watson 2.063

***p <0.001, **p < 0.01, *p <0.05.
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According to the standardized coefficients, all the independent variables had significant impacts
on the number of confirmed COVID-19 cases. Among them, the population outflow from Wuhan
shows the most significant impact, followed by the population size, GDP, and population density.
For every unit increase in population outflow from Wuhan, the cumulative number of confirmed
cases was predicted to increase by 0.488. In addition, for every unit increase in population size, GDP,
and population density, the cumulative number of confirmed cases was expected to increase by 0.244
(95% CI: 0.241-0.635), 0.216 (95% CI: 0.203-0.573), and 0.116 (95% CI: 0.068-1.631), respectively.

6. Findings and Discussion

The outbreak of COVID-19 resulted in a considerable crisis of epidemic spread due to the huge
scale of intercity population flow during the peak travel season before Spring Festival, in
consideration of the geographically central location of Wuhan city in China. Due to the intercity travel
restriction policy implemented in Wuhan on 23 January 2020, the imported risk of COVID-19 from
Wuhan was significantly controlled, which provided an ideal period for analyzing the relationships
among imported confirmed cases, intercity population movement, and other potential urban factors.

On the basis of mobile positioning big data, the spatiotemporal population movement and the
transmission characteristics of COVID-19 during the early outbreak stage were explored. We noted
a value of 1.02 million for population outflow from Wuhan to non-Hubei cities, representing 30.82%
of the total population outflow from Wuhan before the lockdown. Meanwhile, there were 9063
confirmed cases outside Hubei Province, representing 46.34% of the total number of cumulative
confirmed cases in China on 6 February 2020. Intercity population movement played a vital role in
the COVID-19 spatial spread in China.

First, the results reveal a significant positive correlation between population movement and the
number of COVID-19 cases in different cities, and the correlation varied with time. The large-scale
intercity population movement led to a higher transmission risk for cities in China.

Second, the impact of intercity movement on the spread of epidemics varies for different levels
of cities, including capital and other cities, in China. Cities with a higher administrative class suffered
from a higher risk of transmission when faced with the same level of population movement.
Compared with noncapital cities, capital cities may need to take tougher quarantine measures to
reduce the spread of epidemics because of their large social and economic scale.

Third, the spatial distribution characteristics of cities have an impact on the spread of infectious
diseases. There was a positive spatial autocorrelation between population movement and the number
of confirmed cases, with a Moran’s I value of 0.161 (p <0.05). Large-scale and frequent intercity travel
has a “positive” effect on the promotion of regional economic development, but it may also have
“negative” effects. Examining intercity travel flows using big data from location-based services
together with epidemic data may help to elucidate the “negative” effects during epidemics. Cities
located in the Yangtze River Delta and Pearl River Delta mega-city regions faced higher transmission
risk.

Fourth, the analysis further showed that the spread of epidemics varies among different cities
because it is affected by urban factors including the total population, population density, and GDP,
in addition to population movement. Cities with different socioeconomic attributes may assess the
potential risk of epidemics ahead of time. In addition to population movement, resident population
size had a great effect on the transmission risk, followed by the GDP and population density.

Lastly, the intercity population flows generated from mobile positioning big data made it
possible to examine how urban factors affected the spatiotemporal distribution of the COVID-19
epidemic from an individual perspective at the national level, which is more efficient than labor-
intensive personal surveys. The analytical framework provides a convenient way of preliminarily
assessing the potential risk of epidemics in the early stage if mobile positioning big data are available
for these cities. One limitation of this research is that the mode of intercity travel and the intercity
travel time were not considered, as they were difficult to accurately ascertain from the data.

Geographical models such as gravity models or potential models supported with randomization
will be used to forecast the spatial diffusion of the COVID-19 epidemic in future studies.
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7. Conclusions

The emergence of large-scale, location-based-service data has provided an opportunity to
explore intercity population movement from individuals’ perspective rather than relying on census
or travel survey data, which are limited by sampling size. It is possible to examine how intercity
population movement and urban factors affect the spatiotemporal distribution of infectious diseases
using intercity travel data. This study used massive intercity-movement data from Baidu’s location-
based service data to explore the impact of population outflow on the spread of an epidemic in China.
Our data-analytical framework is generalizable to other datasets that capture intercity population
flow.

The implications in China are applicable for other nations to some extent, and policymakers in
any nation may introduce necessary control measures beforehand. Mega-city regions may face
greater risks than other regions during epidemic events due to the large and frequent flows between
the cities of mega-city regions. Such regions may manage population flows among cities using
intercity-travel big data in a collaborative manner to contain infectious diseases [41]
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