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Abstract

Coronavirus disease 2019 (COVID‐19) has spread around the world and requires effective
control measures. Like the human‐to‐human transmission of the severe acute respiratory
syndrome‐coronavirus 2 (SARS‐CoV‐2), the distribution of COVID‐19 was driven by population ﬂow and
required emergency response measures to slow down its spread and degrade the epidemic risk. The
local epidemic risk of COVID‐19 is a combination of emergency response measures and population ﬂow.
Because of the spatial heterogeneity, the different impacts of coupled emergency responses and
population ﬂow on the COVID‐19 epidemic during the outbreak period and a control period are unclear. We
examined and compared the impact of emergency response measures and population ﬂow on China's
epidemic risk after the Wuhan lockdown during the outbreak period and a control period. We found that the
population ﬂow out of Wuhan had a long‐term impact on the epidemic's spread. In the outbreak
period, a large population ﬂow out of Wuhan led to nationwide migration mobility, which directly increased
the epidemic in each province. Meanwhile, quick emergency responses mitigated the spread. Although
low population ﬂow to provinces far from Hubei delayed the outbreak in those provinces, relatively delayed
emergency response increased the epidemic in the control period. Consequently, due to the strong
transmission ability of the SARS‐CoV‐2 virus, no region correctly estimated the epidemic, and the relaxed
emergency response raised the epidemic risks in the context of the outbreak.

1. Introduction
Coronavirus disease 2019 (COVID‐19) has continued to spread throughout most countries and regions since
the World Health Organization (WHO) declared it a pandemic on 11 March (Cucinotta & Vanelli, 2020; Wu
et al., 2020). As the Northern Hemisphere enters winter again, there has been a second outbreak of the
worldwide epidemic. As of 12 November 2020, the death toll from COVID‐19 had surpassed 1,200,000,
and conﬁrmed cases had topped 52 million (John Hopkins Univ Med, 2020). Meanwhile, COVID‐19 has
had an increasingly negative impact on the society and economy, including widespread unemployment
(Blustein et al., 2020; Nicola et al., 2020), increasing social inequality (Bonaccorsi et al., 2020), and disruption
in the global supply chain (Barrett, 2020; D. Guan, Wang, et al., 2020). At present, an urgent mission is to
slow down the spread of COVID‐19 and control it as soon as possible.
As the population ﬂows are the main drivers of the spread of COVID‐19 (Jia et al., 2020), emergency
response measures have been employed to restrain its spread. Typical emergency response measures include
social distancing, self‐isolation, travel restrictions, and even regional lockdown (Hellewell et al., 2020; Jia
et al., 2020; Kraemer et al., 2020; Lau et al., 2020; Wilder‐Smith & Freedman, 2020). For instance, with
the ﬁrst outbreak in China in the early months of 2020, Wuhan municipal government issued a notice
restricting travel leaving Wuhan City and temporally shut down the railway stations and airports on 23
January (called the Wuhan lockdown) (H. Chen, Chen, et al., 2020). Evidence has proven that emergency
response measures can effectively mitigate the outbreak, slow down the spread, and limit the spread of
COVID‐19 (H. Chen, Chen, et al., 2020; Chinazzi et al., 2020; Kraemer et al., 2020; Lau et al., 2020;
H. Tian, Liu, et al., 2020). Before the Wuhan lockdown, however, a large‐scale population ﬂow moved out
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of Wuhan. People migrated across the country because of the Lunar New Year holiday (H. Chen, Chen, et al.,
2020; Jia et al., 2020). The overlap of these two population mobilities increased the spread and inﬂuenced the
epidemic's spatial distribution (Z. Chen, Zhang, et al., 2020; Jia et al., 2020; Jiang & Luo, 2020). Besides, after
the Wuhan lockdown, the remaining provinces gradually issued the emergency responses at different times
and levels according to increases in the number of conﬁrmed cases (Figure 1).
However, the spatial correlations between the COVID‐19 epidemic and population ﬂow and the emergency
response efﬁciency (RE) lacked a quantitative evaluation. Additionally, the coupled association of population
ﬂow and emergency responses with the number of conﬁrmed cases during the outbreak and the control
periods remains unclear. The changes in the epidemic and the heterogeneous population ﬂow and
emergency response measures taken in China provide an opportunity to investigate and compare the spatial
association between the epidemic and the population ﬂow and the emergency RE. We collected the daily
number of conﬁrmed cases in China's provinces, the population mobility data in Baidu Migration Big
Data, and the date on which the provinces launched the emergency response. Then we used geographically
weighted regression (GWR) to evaluate the respective effects of population ﬂows and emergency responses
on the epidemic from a spatial perspective. We also evaluated the changes and the magnitude of these factors
during the outbreak and control periods. By analyzing the quantitative results, we found that the population
ﬂow and the emergency RE had a coupled impact on the COVID‐19 epidemic and quick emergency
responses were more effective in slowing down the spread of COVID‐19 during the outbreak period than
in the control period.

2. Materials and Methods
2.1. Study Period and Its Division
As the Wuhan Health and Health Commission reported the number of existing conﬁrmed cases, continuous
diagnostic records began to appear from 16 January. On 23 January, Wuhan started to be locked down. Then
the daily number of new cases accelerated and peaked on 3 February (Figure 2). After that, Wuhan signiﬁcantly increased the hospitalization number until all incident cases were quarantined and treated, which
lasted until 16 February (Pan et al., 2020). Since then, the daily number of new diagnoses in China has
remained below 100, which means the epidemic has been under control. The above time nodes and the
epidemic development are shown in Figure 2.
We divided the average daily new conﬁrmed cases (DNC) to the outbreak period (from 24 January to 3
February) and the control period (from 4–16 February). We employed the average proportion of the population moving out of Wuhan (PPW) to denote Wuhan's population ﬂow. The average migration scale index
(MSI) represents the ordinary population migration of the whole of China. The time we selected for PPW
and MSI data is the prelockdown period (from 16–23 January), which was part of the Spring Festival travel
season. According to the emergency response start time of each province (Table S1 in the supporting information), we estimated the provincial emergency response efﬁciencies according to the RE value.
2.2. DNC Data
We obtained the number of new conﬁrmed cases per day in each province from the spatiotemporal data set of
the COVID‐19 epidemic (https://github.com/Estelle0217/COVID-19-Epidemic-Dataset.git). We then averaged the data separately in two stages. The averaged data were processed logarithmically to make it obey
the normal distribution, and we used the processed DNC data in our analysis operation.
2.3. PPW Data
The PPW is deﬁned as the proportion of people moving from Wuhan to a destination province to the total
population moving out of Wuhan on the same day. We obtained PPW data and MSI from the Baidu
Migration Big Data platform (http://qianxi.baidu.com/). Baidu Migration Big Data reﬂects daily population
movements through Location‐Based Services (LBS) data of mobile phones. Baidu Map LBS open platform is
the data and technical service platform with the broadest range of LBS data sources in China, providing free
and high‐quality location services for over 500,000 APPs and accepting over 120 billion location call requests
each day from over 1.1 billion mobile devices (Gibbs et al., 2020). Baidu Map LBS open platform provides
real‐time location services by multiform positioning means, including GPS, WIFI, and base station. The positioning accuracy can be up to 3 m.
CHENG ET AL.
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Figure 1. The development of the COVID‐19 epidemic in China. The y axis represents the date. Red boxes indicate the critical timing of COVID‐19 conﬁrmed
cases, blue boxes show the emergency responses and their levels, and the purple box indicates the Wuhan lockdown's timing. The green box represents the
beginning of a stable situation in most areas in China.

Baidu Migration Big Data have reached the individual level, covering people who use mobile positioning
software (Baidu Map and third‐party APPs). In 2019, the number of people using mobile phones reached
61.2% of China's population. With smart devices' popularity, Baidu Migration Big Data are considered to
be widely represented by typical studies (Fang et al., 2020; Gibbs et al., 2020; Kraemer et al., 2019, 2020;
Li et al., 2020; Wei & Wang, 2020).
Compared with traditional census data, Baidu Migration Big Data have some apparent advantages. It is a
real‐time, daily continuous source for analyzing the spatial pattern of national population ﬂow (Wei &
Wang, 2020). For the ﬁrst time, it shows the pattern of population movement between cities dynamically
and instantly through massive data. It also avoids the one‐sidedness of obtaining migration data by a single
transmission mode. However, due to the limitation of backstage computation, the time interval for Baidu
Migration Big Data to record spatial displacement is 8 hr, which leads to the possibility that long‐distance
migration may be dismantled (Gibbs et al., 2020).

Figure 2. Division of temporal COVID‐19 trend in China. The y axis represents the DNC, excluding Hubei province. The x axis indicates the date. The arrow
indicates the Wuhan lockdown date. The shallow red region indicates the outbreak period of COVID‐19 from 24 January to 3 February. The shallow green
region indicates the control period of COVID‐19 from 4–16 February.
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We selected the time range of PPW data in this study from 16 January (continuous diagnosis records began to
appear) to 23 January (Wuhan lockdown), considering that the uncontrolled population movement during
this period was the main factor leading to the epidemic development (Pan et al., 2020). This study's PPW data
were logarithmic processing results after the original ratio was expanded by 100 times.
2.4. MSI Data
Data sources and selected time ranges of MSI were the same as PPW. When each province is a destination,
MSI expresses the population's size moving into the province from across the country. It is daily updated and
can be used to indicate the intensity of population movement (Wei & Wang, 2020). As stated on the ofﬁcial
website (http://qianxi.baidu.com/) by Baidu Inc., MSI scales the relative mobility magnitude of the
total movement population and can be compared among provinces at the same level (Gibbs et al., 2020;
Xiong et al., 2020; C. Zhang, Pei, et al., 2020).
2.5. RE Calculation
We set the date (21 January) before the start date of the response to major public health emergencies in
Hubei province (22 January) as the initial date and then used the date on which a province begins its
ﬁrst‐level response minus the initial date as the RE of the province (also known as REbasic). China's major
public health emergency response ranging from strict to lax is divided into four levels: Levels 1–4. If the
initial response were n level in a province, the RE of the province would be calculated with the equation
below, which was used to quantify relatively poor response measures:
1
RE ¼ REbasic þ ðn − 1Þ:
4

(1)

For example, if the province started with a Level 2 response, 0.25 was added to the RE. The emergency
response issued dates of the provinces is shown in Table S1. We collected the data from the news events
in the “epidemic event” module of the National Earth System Science data sharing platform (http://www.
geodata.cn/sari2020/web/yiqingdsj.html).
2.6. Spatial Analysis
In the case of considering geospatial differences, to explore the effect of population ﬂows and emergency RE
on the epidemic development, we used the GWR to assess the association between the DNC and PPW, MSI,
and RE in each province during the outbreak period and control period.
GWR was a local spatial statistical model, which, as an extension of the ordinary linear regression model,
embedded the spatial location of the data into the regression parameters and evaluated the change of the
relationship between independent variables and dependent variables on the spatial scale by obtaining local
parameters (Fotheringham et al., 2002). A speciﬁc form of the GWR model is as follows:
n

yi ¼ β0 ðμi ; υi Þ þ ∑i¼k βk ðμi ; υi Þx ik þ εi ;

(2)

where (μi, υi) is the geographical center coordinate of the sample space unit i (a provincial administrative
region in this study) and βk(μi, υi) is the value of the continuous function βk(μ, υ) in the sample space unit i.
We established two GWR models corresponding to the outbreak period and control period according to
the research questions. The dependent variables yi were the daily average new conﬁrmed cases in the outbreak period and control period. The independent variables were uniformly set to population ﬂows out
Wuhan indicated by PPW, ordinary population migration indicated by MSI, and emergency response efﬁciency represented by RE.
We estimated the coefﬁcients of the GWR model by iterating n spatial weighted least squares regressions.
Each regression had its distance‐decay weighted matrix. For a space unit i, the coefﬁcient estimation is
described as follows:

−1
βi ¼ X T W i X X T W i y;

(3)

where βi is the vector of estimated coefﬁcients for the sample i, y is the dependent variable, X is the n × k
matrix of the independent variables (i.e., the explanatory variables), and W is the distance‐decay weighted
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Figure 3. Spatial distribution of average DNC in China in outbreak and control periods. The red color represents the provincial average DNC during the outbreak
period from 24 January to 3 February (a) and the provincial average DNC during the control period from 4–16 February (b). DNC change between two
periods is shown in (c).

matrix around the sample i for the regression (Fotheringham et al., 2002). A Gaussian kernel function
(Equation 3) is used as the weighted function.

W ij ¼

8
<
:

d2ij

; dij ≤ h
;
h2
0; dij > h

−

(4)

where Wij is the distance‐decay weighted of the effect of observation j on the observation, dij is the distance
between i and j, and h is the predeﬁned bandwidth. According to the Akaike Information Criteria, we
assessed the GWR model's ﬁnal performance (Aho et al., 2014).

3. Results
3.1. Changes in Temporal and Spatial Patterns of the COVID‐19 Epidemic in China
We divided the development of COVID‐19 in China into prelockdown, outbreak, control, and stable periods
according to the number of DNCs, excluding the Hubei provinces (Figure 2). Starting on 17 January, the number of conﬁrmed cases in other provinces rapidly increased (Z. Chen, Zhang, et al., 2020). After the Wuhan
lockdown, the DNC surpassed 100 in 1 day and rapidly reached a peak on 3 February with 885 cases. We designated this period from 24 January to 3 February as the outbreak period in China. The DNC slowly began to
decline on 16 February with 119 cases; hereafter, the DNC became stable as less than 100 cases and then
decreased. We denoted this period from 4–16 February as the control period.
The spatial distribution patterns of COVID‐19 conﬁrmed cases were different in two periods (Figure 3). The
DNC indicated the epidemic intensity in each province during the corresponding period. In the outbreak
period, the epidemic showed a trend of a spreading circle with Hubei marking the center (Figure 3a). We
classiﬁed the provincial epidemic intensities across mainland China into ﬁve groups: slightly infected
(n ≤ 11), moderately infected (11 < n ≤ 28), heavily infected (28 < n ≤ 51), severely infected
(51 < n ≤ 71), and more severely infected (n > 71) according to the DNC as summarized in Table 1. The epidemic intensities in Hubei and Zhejiang provinces were relatively more severe than in the other provinces,
CHENG ET AL.
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Table 1
Provincial Administrative Regions Corresponding to Different Epidemic Degrees at Different Periods
Provincial administrative region
Epidemic degree
Slightly infected (n ≤ 11)

Moderately infected (11 < n ≤ 28)
Heavily infected (28 < n ≤ 51)
Severely infected (51 < n ≤ 71)
More severely infected (n > 71)
Moran's I
***

Outbreak

Control

Xinjiang, Gansu, Inner Mongolia, Jilin, Liaoning,
Ningxia, Shanxi, Tianjin, Qinghai, Tibet,
Yunnan, Guizhou, Hainan, Hong Kong,
Macao, Taiwan
Sichuan, Shaanxi, Hebei, Beijing, Heilongjiang,
Shandong, Jiangsu, Shanghai, Fujian, Guangxi
Chongqing, Anhui, Jiangxi
Henan, Hunan, Guangdong
Hubei, Zhejiang
***
0.436

Xinjiang, Gansu, Inner Mongolia, Jilin, Liaoning, Ningxia,
Shanxi, Shaanxi, Tianjin, Shanghai, Qinghai, Tibet,
Yunnan, Guizhou, Fujian, Guangxi, Hainan, Hong Kong,
Macao, Taiwan
Sichuan, Chongqing, Hebei, Beijing, Heilongjiang,
Shandong, Jiangsu, Zhejiang,
Henan, Hunan, Guangdong, Anhui, Jiangxi
—
Hubei
***
0.317

Statistically signiﬁcant at p = 0.001 level.

with an average increase of more than 71 DNCs. Guangdong, Henan, and Hunan provinces had an average
DNC of more than 50, belonging to the group of “severely infected.” Moran's I of DNC in the outbreak period
is 0.436 (Table 1).
In the control period, the epidemic situations in other parts of the country were restrained other than in
Hubei and Heilongjiang provinces (Figure 3b). Hubei province remains the epicenter of the epidemic, and
the epidemic intensity has remained severely infected with an average number of 3,522 DNCs. In contrast,
the Heilongjiang province's epidemic situation has increased from DNC = 14 to DNC = 24, which appears to
be relatively rare at the national level. In contrast, Zhejiang and Guangdong provinces degraded from more
severely infected (DNC = 71) and severely infected (DNC = 68) to moderately infected (DNC = 27) and heavily infected (DNC = 40), respectively. This result demonstrated that quick emergency responses slowed
down the development and controlled the spread of COVID‐19 in most provinces in China. Moran's I of
DNC in the control period is 0.317 (Table 1).
Throughout the entire research period, the spatial distribution of the overall epidemic situation in the
country showed a pattern divided by the Hu Huanyong line, which was a demarcation line indicating a
distribution rate of 4% of the population of China on the west of the line and 96% on the east (Hu, 1990).
This result showed that the distribution of COVID‐19 had a potential correlation with the population and
population ﬂow.

3.2. The Spatial Pattern of Population Flow and Emergency RE
We categorized population ﬂows into two types: (1) population ﬂow out of Wuhan and (2) regular population
migration for the Lunar New Year holiday. Since the Wuhan lockdown and the nationwide ﬁrst‐level emergency response, population mobility was almost frozen in China (H. Chen, Chen, et al., 2020). Overall, the
PPW to the remaining provinces (Figure 4a) and MSI (Figure 4b) before Wuhan lockdown, as well as the
RE (Figure 4c), showed distinct spatial heterogeneity. Figure 4a illustrates the spatial distribution of the
population ﬂow out Wuhan before the lockdown, which was consistent with the distribution of the number
of conﬁrmed cases in both periods. Hubei province had the largest PPW, accounting for more than 70% of the
total outﬂow. Most of Wuhan's population traveled to the surrounding counties and cities and then spread to
the periphery of Hubei province. Henan, Anhui, Jiangxi, and Hunan provinces also had relatively high PPWs
(>3%) and then spread to the surrounding provinces. The population ﬂow out of Wuhan showed a unique
circular and radiating pattern. Provinces far away from Wuhan, such as Xinjiang, Tibet, Qinghai, Tianjin,
Inner Mongolia, and Jilin provinces, had lower PPWs (0.14, 0.09, 0.03, 0.12, 0.14, and 0.16, respectively).
However, the PPWs in Heilongjiang and Liaoning were relatively high (PPW = 0.27 and 0.32, respectively).
The Moran's I of PPW was 0.435, which meant that PPW had strong positive spatial autocorrelation across
China. Table 2 shows a statistically (P < 0.01) signiﬁcant relationship that existed between the population
ﬂow out of Wuhan and the DNC during the outbreak period (Pearson correlation coefﬁcient of 0.946).
This result indicated that PPW was the primary diver for the distribution of COVID‐19 during the outbreak.
CHENG ET AL.
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Figure 4. Spatial distribution of population ﬂows and emergency response efﬁciency in China. (a–c) The spatial distribution of PPW (the proportion of population
moving out of Wuhan), MSI (migration scale index), and RE (response efﬁciency), respectively.

Population migration occurred mainly in eastern and central China, as shown in Figure 4b. Before the outbreak, the population of Hubei province spread to other provinces and could travel farther from these
provinces to other regions. Taking this into account, we used the provincial MSI to represent the population
volume moving into the province throughout the country. The MSIs of Beijing, Hebei, Henan, Anhui, and
Jiangsu provinces were at a high level across the country with values greater than 7. This result indicated
that these areas had large‐scale population inﬂows from across the country and complex population mobility. The MSI level in central and southern China was moderately high, and there was also a risk of complex
population inﬂows from other regions. The MSI in the western, northern, and southeastern China provinces
and Hainan Province was relatively low (<2), which indicated that these provinces had few inﬂows from
other regions. These results showed that the population migration was concentrated in eastern and central
China, which have a high socioeconomic development level, better trafﬁc conditions, and a dense
population. Moran's I of MSI was 0.336, which meant a positive spatial aggregation of MSI. There was also
a statistically (P < 0.01) signiﬁcant relationship between MSI and DNC during the outbreak period
(Pearson's correlation coefﬁcient = 0.677) (Table 2).
The southern provinces and the Beijing‐Tianjin‐Hebei region had rapid emergency RE to the COVID‐19 outbreak. Since 22 January, 31 provinces in China launched responses to major public health emergencies and
ﬁnally reached the ﬁrst‐level response on 29 January. The spatial distribution of RE is shown in Figure 4c.
Hubei province had the most efﬁcient emergency response, and Hunan, Guangdong, and Zhejiang provinces
also had a quick emergency response. The central and southern provinces and Beijing, Tianjin, Hebei, and
Shandong provinces were also sensitive to the epidemic and had responded for 6 days by 29 January. The
RE in most areas of the north, however, was relatively late. The Moran's I of RE was −0.018, which meant
that RE was almost a discrete distribution. During the outbreak period, there was a negative statistically
(P < 0.01) signiﬁcant relationship between RE and DNC (Pearson's correlation coefﬁcient = −0.740).
3.3. Spatial Associations Between Population Flows and Emergency RE
According to the development categories of COVID‐19, we employed GWR to associate population ﬂows
and emergency RE to the new conﬁrmed cases in both outbreak and control periods. We used the coefﬁcient
of determination (pseudo‐R2) and adjusted pseudo‐R2 to evaluate the
Table 2
GWR model's aggregate explanatory power (Farber & Páez, 2007; Páez
Pearson Correlation Coefﬁcients Between DNC and Inﬂuencing Factors at
et al., 2002, 2011); see Table S2.
Different Periods

DNC in the outbreak period

DNC in the control period

0.946*
0.677*
−0.740*

0.921*
0.619*
−0.676*

PPW
MSI
RE
*

Statistically signiﬁcant at 0.01 level.

CHENG ET AL.

As shown in Figure 5, we found that the population ﬂows have opposite
inﬂuences in the outbreak period. The northeast, northern, and northwest
China epidemic situation was positively affected by PPW (Figure 5a). In
contrast, the nationwide MSI negatively inﬂuenced the DNC in the northeast and northern China (Figure 5b). The explanatory power of PPW in
the whole country (0.846 to 0.871) was much higher than the MSI
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Figure 5. Distribution map of GWR coefﬁcients of factors affecting the epidemic development at different periods. (a–c) GWR coefﬁcients of three respective
factors during the outbreak period. (b–d) GWR coefﬁcients of three respective factors during the control period. Warm colors (red and orange) indicate a
positive effect, while cool colors (green and blue) indicate a negative effect. The darker the color, the greater the inﬂuence.

(−0.095 to −0.024) in the outbreak period (Table 3 and Figure 5). RE had a negative impact on the
development of the epidemic, and the inﬂuence decreased gradually from east to west (Figures 5c and 5f).
In the control period, the PPW's positive inﬂuence became smaller (0.819–0.836) (Table 3), and the tendency
to dominate the epidemic development grew weaker than before. This result indicated that the DNC would
increase 0.827 on average when the level of PPW increased by one unit (Figure 5d).
3.4. Changes in the Impact of the Population Flows and RE on the New Conﬁrmed Cases
The population ﬂow out of Wuhan had less impact on the epidemic in the control period. Unlike the outbreak period, PPW in the control period had a higher inﬂuence coefﬁcient on the epidemic in central and
south China provinces, including Shanghai, Anhui, Hubei, Zhejiang, Chongqing, Sichuan, Jiangxi,
Hunan, Fujian, Guizhou, Guangdong, Guangxi, Yunnan, and Hainan. The average a2 of those provinces
is 0.830. This parameter indicates that the DNC of the above regions would increase by 0.830 on average
when the level of PPW increased by one unit. However, it had a relatively low inﬂuence coefﬁcient on northeastern (Inner Mongolia, Heilongjiang, Jilin, and Liaoning) China. The average a2 of those provinces is
0.821, which means that these areas' DNC would increase by 0.821 on average when the level of PPW
increased by one unit.
The negative inﬂuence of population migration becomes weaker in the control period than in the outbreak
period, as shown in Figure 5e. The MSI had a much higher negative coefﬁcient (b2 = −0.025 on average) on
the DNC in northeastern (Inner Mongolia, Heilongjiang, Jilin, and Liaoning) China. In contrast, the negative
CHENG ET AL.
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Table 3
GWR Models of Each Province at Different Periods
GWR model
Outbreak

Control

DNC1 = a1PPW − b1MSI − c1RE+e1

DNC2 = a2PPW − b2MSI − c2RE+e2

Provincial
administrative
region

a1

b1

c1

e1

a2

b2

c2

e2

Beijing
Tianjin
Hebei
Shanxi
Inner Mongolia
Liaoning
Jilin
Heilongjiang
Shanghai
Jiangsu
Zhejiang
Anhui
Fujian
Jiangxi
Shandong
Henan
Hubei
Hunan
Guangdong
Guangxi
Hainan
Chongqing
Sichuan
Guizhou
Yunnan
Shaanxi
Gansu
Qinghai
Ningxia
Xinjiang
China Average

0.858
0.857
0.857
0.857
0.862
0.857
0.859
0.864
0.848
0.850
0.847
0.850
0.846
0.848
0.854
0.854
0.852
0.851
0.847
0.851
0.848
0.854
0.858
0.853
0.856
0.857
0.863
0.864
0.860
0.871
0.855

0.072
0.070
0.070
0.064
0.078
0.077
0.085
0.095
0.055
0.058
0.049
0.054
0.042
0.044
0.064
0.057
0.051
0.044
0.034
0.035
0.024
0.048
0.047
0.041
0.036
0.058
0.060
0.054
0.061
0.058
0.056

0.179
0.179
0.179
0.177
0.177
0.181
0.182
0.181
0.183
0.182
0.183
0.181
0.183
0.181
0.180
0.179
0.178
0.179
0.181
0.177
0.179
0.176
0.172
0.176
0.172
0.176
0.171
0.168
0.147
0.163
0.178

0.016
0.016
0.015
0.008
0.017
0.025
0.032
0.038
0.011
0.011
0.006
0.006
−0.002
−0.002
0.013
0.005
−0.001
−0.007
−0.012
−0.016
−0.024
−0.008
−0.013
−0.014
−0.023
0.000
−0.006
−0.014
0.000
−0.020
−0.002

0.823
0.823
0.823
0.824
0.821
0.822
0.821
0.819
0.827
0.826
0.828
0.827
0.830
0.830
0.825
0.826
0.828
0.830
0.833
0.833
0.836
0.829
0.829
0.831
0.833
0.826
0.825
0.827
0.825
0.825
0.827

0.023
0.023
0.023
0.021
0.025
0.025
0.028
0.031
0.019
0.020
0.017
0.018
0.015
0.016
0.021
0.019
0.017
0.015
0.013
0.013
0.010
0.016
0.016
0.014
0.013
0.019
0.020
0.018
0.020
0.021
0.019

0.151
0.150
0.151
0.150
0.152
0.151
0.151
0.152
0.147
0.148
0.147
0.148
0.146
0.146
0.149
0.149
0.148
0.147
0.145
0.145
0.143
0.148
0.148
0.147
0.146
0.150
0.151
0.150
0.151
0.153
0.149

0.005
0.005
0.005
0.001
0.008
0.009
0.013
0.018
−0.001
0.000
0.004
−0.002
−0.008
−0.007
0.003
−0.002
−0.006
−0.009
−0.013
−0.014
−0.019
−0.008
−0.010
−0.012
−0.016
−0.003
−0.004
−0.007
−0.002
−0.006
−0.003

impact was smaller (b2 = −0.015 on average) in the south China provinces (Zhejiang, Hubei, Chongqing,
Sichuan, Jiangxi, Hunan, Fujian, Guizhou, Guangdong, Yunnan, Guangxi, and Hainan). Compared with
the outbreak period, the MSI affected the DNC in the south less than that in the north. This result demonstrated the impact of national population migration on the south, and the north was reversed.
The RE still negatively affected the DNC (China average c2 = 0.149, which means if the RE increased by one
unit, China's average DNC would decrease by 0.149) in the control period. The inﬂuence coefﬁcient of RE
decreased prominently, and the negative inﬂuence of this period decreased gradually from southwest to
northeast (Figure 5f). Combined with Figure 4c, we found that areas with a short RE, such as in the southwest, had a more vital ability to restrain the epidemic. The ability to restrain the epidemic situation was weak
in areas with a long RE, such as in the northeast. This result indicated that a late response to the epidemic
might have increased the number of conﬁrmed cases of COVID‐19.

4. Discussion
Based on these results and analyses, we found the impact of the population ﬂow and emergency RE on
China's COVID‐19 outbreak. Overall, the inﬂuence of PPW, RE, and MSI on the epidemic development
was weakened in turn. Consistent with the previous researches (Chinazzi et al., 2020; Jia et al., 2020;
H. Tian, Liu, et al., 2020), the population ﬂow out of Wuhan was conﬁrmed as the main driver of the spread
of COVID‐19. Population migration also had an impact on the spread of the epidemic. Nevertheless, a quick
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emergency response could restrain the spread and be more crucial in the control period (Hellewell
et al., 2020; Jiang & Luo, 2020). The potential mechanisms of the population ﬂow and emergency RE on
the COVID‐19 are discussed in the following.
4.1. Direct Impact of Population Mobility on the Epidemic
Due to the transmission mechanism of infectious diseases, the regional and global spread and distribution of
the human‐human epidemics, including COVID‐19, are the result of a combination of population mobility
factors (W. Guan, Ni, et al., 2020; Rothan & Byrareddy, 2020; Yang et al., 2020). Considering the two different
population ﬂows (1) migration out of the place where the epidemic was found, and (2) population migration
across the country. We conﬁrmed that both types of population ﬂow impacted the spread of COVID‐19,
which is consistent with previous studies (H. Chen, Chen, et al., 2020; H. Tian, Liu, et al., 2020).
The population ﬂow out of Wuhan, however, was primarily responsible for the spread. Evidence shows that
people who moved out of Wuhan before the lockdown were the ﬁrst conﬁrmed cases in the remaining
provinces (Bai et al., 2020; W. Guan, Ni, et al., 2020; S. Tian, Hu, et al., 2020). The SARS‐CoV‐2 virus, which
induces COVID‐19, can be living in carriers, including humans. After the people from Wuhan arrived at
their destinations, it likely introduced the secondary transmission due to the lack of knowledge about
COVID‐19 and the relatively weak emergency response at the start of the outbreak (Bai et al., 2020).
Similarly, when people migrated and used public transportation because of the national holiday, passengers were vulnerable and sensitive to the SARS‐CoV‐2. They may have come into close contact with its
carriers (i.e., the population ﬂow out of Wuhan), which may have introduced COVID‐19. Because the
majority of the PPW spread to Hubei, Guangdong, and Zhejiang provinces (Jia et al., 2020), and also
due to the low probability of contact and reasonable protection measures taken by transportation systems
(Y. Zhang, Zhang, et al., 2020), the impact of population migration was relatively lower than the population moving out of Wuhan.
Thus, we can explain the spatial heterogeneity in the impact of the population ﬂows. In central China, the
proportion of PPW and the number of migrating people were more extensive than in other areas. The overlap of the population ﬂow increased their signiﬁcant impact on the spread of COVID‐19 in central China.
Accordingly, remote regions, such as Tibet, Xinjiang, and Qinghai, had a low population ﬂow out of
Wuhan and small‐scale population migration (H. Chen, Chen, et al., 2020; Du et al., 2020), which directly
reduced the probability of COVID‐19 infection. Hence, the number of cases in the Wuhan population
became a more speciﬁc factor in determining the outbreak's spread than the population migration in the
remote provinces.
4.2. Time Lag of Emergency Response
The local epidemic response's efﬁciency had a signiﬁcant effect on restraining and controlling the epidemic
situation's development (Sun et al., 2020). Conversely, the number of conﬁrmed cases determined the efﬁciency and level of the emergency response. The emergency response of prevention and control in central
China started earlier than that in other areas. However, it still failed to control the spread of the epidemic
rapidly, indicating that the central area of the epidemic led by Hubei province should have begun prevention and control measures earlier (Sun et al., 2020). Although the number of conﬁrmed cases was high in
the eastern coastal areas, such as Zhejiang, Guangdong, and Fujian, their high RE (e.g., ﬁre‐level
emergency responses even earlier than the Hubei province) still achieved remarkable results in the
second phase.
4.3. Coupled Impact of Population Mobility and Emergency Response
We further discovered the coupled impact of emergency responses and population ﬂows on the COVID‐19
pandemic in China (Figure 6). A massive population inﬂow in the areas was close to the center of the epidemic in the outbreak period, resulting in a severe epidemic outbreak. However, the massive population
inﬂow made these areas more vigilant and started the emergency response earlier. Due to timely emergency
measures, the epidemic situation gradually stabilized.
Because staying away from the epidemic center, the population inﬂows of remote areas were less, which led
to a weak sense of prevention. The slow and weak emergency response could not prevent epidemic spread
caused by population mobility. According to the correlation characteristics and attribution analysis
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Figure 6. Coupled impact of population mobility and emergency response in different regions. (a) The coupled impact in the area close to the epidemic center and
(b) the coupled impact in the area far from the epidemic center. Green represents a safety incident, while red represents a dangerous incident.

(Table 2 and Figure 5), the PPW played a positive role in developing the epidemic situation in Heilongjiang
due to the advanced transportation system (Y. Zhang, Zhang, et al., 2020). The above is closely related to the
following fact: Heilongjiang province showed a rising trend when the epidemic situation was generally stable
throughout the country.

4.4. Policy Implications
This study's ﬁndings emphasized the signiﬁcance of quick emergency response and spatial heterogeneity
when setting COVID‐19 control policies. The experience of Zhejiang and Guangdong showed that quickly
initiating an emergency response can effectively control the spread of COVID‐19, such as restricting population movement, reducing human‐to‐human contact, and cutting off the route of virus transmission
(Galbadage et al., 2020; Lotﬁ et al., 2020; Wilder‐Smith & Freedman, 2020). Also, while the epidemic strictly
guarded against population export, the remote areas in Heilongjiang experienced a higher number of conﬁrmed cases, due to the relatively relaxed emergency response and a large volume of population ﬂow from
areas where the epidemic had spread. Because of its timely containment and intervention policy, China took
only 3 months to transition the COVID‐19 epidemic in China from the ﬁrst appearance to outbreak to stabilization. The temporary emergency response measures are the key to control the spread of COVID‐19.
Meanwhile, before an effective vaccine is released, maintaining social distance and wearing a universal mask
is vital to reducing the transmission of the severe acute respiratory syndrome‐coronavirus 2 (SARS‐CoV‐2)
virus (Prather et al., 2020). We suggest that the government of COVID‐19‐spreading regions should take
quick emergency responses to restrain the epidemic. Low‐spreading areas also need to be prepared to make
quick and strict responses according to the population ﬂow from an epidemic center.
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4.5. Notiﬁcation and Limitations
This study's method can discuss the comprehensive impact of multifactors on the COVID‐19 spread and
explore the spatial heterogeneity of the inﬂuence mechanism. GWR method's study area is not limited to
a single country but can be applied to larger study areas. However, for a larger area, the coupled impact
found in this paper might not maintain. Each country's national conditions and policies are different, which
may lead to substantial spatial heterogeneity of the research results. Hence, more large‐scale research is
required in the future.
In addition, the conclusions of this study are not necessarily applicable to a broader time range. This
study's time background is from the outbreak to the decline of the epidemic, which was in the early stage
(January to February) of the China epidemic. In April and May, the number of cases was much lower, which
came from two sources: (1) overseas imported cases (L. Chen, Cai, et al., 2020) and (2) small‐scale outbreaks
in port cities caused by improper management of imported cases (such as the Suifenhe City epidemic in
April). Under such circumstances, people had adapted to epidemic prevention and responded quickly to
each possible outbreak.

5. Conclusions
This study investigated the coupled relationship between the spatiotemporal pattern and the leading factors
of the epidemic degree of COVID‐19 in China. Based on an analysis of the evolution of the spatiotemporal
distribution pattern of the epidemic in different stages and across different regions, a quantitative analysis
of the evolution of the epidemic situation's inﬂuence mechanism in various places in China was made.
The coupled relationship between the epidemic situation and the inﬂuencing factors analyzed. The conclusions of this study are the following.
1. During the outbreak period (24 January to 3 February), the epidemic situation showed a trend of spreading from Hubei province to the outer circle, with a higher degree in Hubei, Zhejiang, Guangdong, Henan,
and Hunan provinces. Additionally, in the control stage (4–16 February), the epidemic control effect in
Zhejiang province was noticeable. However, the epidemic situation in Hubei and Heilongjiang provinces
had not been controlled.
2. The inﬂuence of the factors on the development of the epidemic situation in China is PPW > RE > MSI.
PPW was the most signiﬁcant positive factor, and it had a greater inﬂuence on the epidemic situation in
the control period; that is, PPW had a long‐term effect. The negative inﬂuence of MSI and RE weakened
in the control stage.
3. The inﬂux of population led to a rapid epidemic outbreak in Wuhan's adjacent areas, while the timely
emergency response brought the epidemic under control; less population inﬂow in remote areas reduced
local vigilance, resulting in a large‐scale outbreak at a later stage.
4. The high‐risk epidemic level in the adjacent areas of the Hubei province was affected by various population mobility factors. Early long‐distance population inﬂow and low RE led to the rising trend of the
Heilongjiang province. For areas like Heilongjiang in China, which were far from the center of the epidemic but did not avoid widespread outbreaks, the causes of the outbreaks should be given special
attention.

Conﬂict of Interest
The authors declare no conﬂict of interest relevant to this study.

Data Availability Statement
Data sets for this research are publicly available. COVID‐19 epidemic cases' data are visible via the spatiotemporal data set of the COVID‐19 epidemic (https://github.com/Estelle0217/COVID-19-Epidemic-Dataset.git),
and population mobility data are visible via Baidu Migration data (http://qianxi.baidu.com/). The emergency
response issued dates data are from the news events in the “epidemic events” module of the National Earth
System Science data sharing platform (http://www.geodata.cn/sari2020/web/yiqingdsj.html).
CHENG ET AL.

12 of 14

GeoHealth

Acknowledgments
This work was carried out with the
support of the Second Tibetan Plateau
Scientiﬁc Expedition and Research
Program (STEP) (Grant No.
2019QZKK0608) and the National Key
Research and Development Plan of
China (Grant No. 2019YFA0606901).

CHENG ET AL.

10.1029/2020GH000332

References
Aho, K., Derryberry, D., & Peterson, T. (2014). Model selection for ecologists: The worldviews of AIC and BIC. Ecology, 95(3), 631–636.
https://doi.org/10.1890/13-1452.1
Bai, Y., Yao, L., Wei, T., Tian, F., Jin, D., Chen, L., & Wang, M. (2020). Presumed asymptomatic carrier transmission of COVID‐19. JAMA,
323(14), 1406–1407. https://doi.org/10.1001/jama.2020.2565
Barrett, C. (2020). Actions now can curb food systems fallout from COVID‐19. Nature Food, 1(6), 319–320. https://doi.org/10.1038/s43016020-0085-y
Blustein, D. L., Duffy, R., Ferreira, J. A., Cohen‐Scali, V., Cinamon, R. G., & Allan, B. A. (2020). Unemployment in the time of COVID‐19: A
research agenda. Journal of Vocational Behavior, 119, 103436. https://doi.org/10.1016/j.jvb.2020.103436
Bonaccorsi, G., Pierri, F., Cinelli, M., Flori, A., Galeazzi, A., Porcelli, F., et al. (2020). Economic and social consequences of human mobility
restrictions under COVID‐19. Proceedings of the National Academy of Sciences, 117(27), 15,530–15,535. https://doi.org/10.1073/
pnas.2007658117
Chen, H., Chen, Y., Lian, Z., Wen, L., Sun, B., Wang, P., et al. (2020). Correlation between the migration scale index and the number of new
conﬁrmed coronavirus disease 2019 cases in China. Epidemiology and Infection, 148, e99. https://doi.org/10.1017/S0950268820001119
Chen, L., Cai, J., Lin, Q., Xiang, B., & Ren, T. (2020). Imported COVID‐19 cases pose new challenges for China. The Journal of Infection,
80(6), e43–e44. https://doi.org/10.1016/j.jinf.2020.03.048
Chen, Z., Zhang, Q., Lu, Y., Guo, Z., Zhang, X., Zhang, W., et al. (2020). Distribution of the COVID‐19 epidemic and correlation with
population emigration from Wuhan, China. Chinese Medical Journal, 133(9), 1044–1050. https://doi.org/10.1097/
CM9.0000000000000782
Chinazzi, M., Davis, J. T., Ajelli, M., Gioannini, C., Litvinova, M., Merler, S., et al. (2020). The effect of travel restrictions on the spread of the
2019 novel coronavirus (COVID‐19) outbreak. Science, 368(6489), 395–400. https://doi.org/10.1126/science.aba9757
Cucinotta, D., & Vanelli, M. (2020). WHO declares COVID‐19 a pandemic. Acta Biomed, 91, 157–160. https://doi.org/10.23750/abm.
v91i1.9397
Du, Z., Wang, L., Cauchemez, S., Xu, X., Wang, X., Cowling, B. J., & Meyers, L. A. (2020). Risk for transportation of coronavirus
disease from Wuhan to other cities in China. Emerging Infectious Diseases Journal, 26(5), 1049–1052. https://doi.org/10.3201/
eid2605.200146
Fang, L., Zhang, H., Zhao, H., Che, T., Zhang, A., Liu, M., et al. (2020). Meteorological conditions and nonpharmaceutical interventions
jointly determined local transmissibility of COVID‐19 in 41 Chinese cities: A retrospective observational study. The Lancet Regional
Health ‐ Western Paciﬁc, 2, 100020. https://doi.org/10.1016/j.lanwpc.2020.100020
Farber, S., & Páez, A. (2007). A systematic investigation of cross‐validation in GWR model estimation: Empirical analysis and Monte Carlo
simulations. Journal of Geographical Systems, 9(4), 371–396. https://doi.org/10.1007/s10109-007-0051-3
Fotheringham, A. S., Brunsdon, C., & Charlton, M. (2002). Geographically weighted regression: The analysis of spatially varying relationships. Chichester: John Wiley & Sons.
Galbadage, T., Peterson, B. M., & Gunasekera, R. S. (2020). Does COVID‐19 spread through droplets alone? Frontiers in Public Health, 8,
163. https://doi.org/10.3389/fpubh.2020.00163
Gibbs, H., Liu, Y., Pearson, C. A. B., Jarvis, C. I., Grundy, C., Quilty, B. J., et al. (2020). Changing travel patterns in China during the early
stages of the COVID‐19 pandemic. Nature Communications, 11(1), 5012. https://doi.org/10.1038/s41467-020-18783-0
Guan, D., Wang, D., Hallegatte, S., Davis, S. J., Huo, J., Li, S., et al. (2020). Global supply‐chain effects of COVID‐19 control measures.
Nature Human Behaviour, 4(6), 577–587. https://doi.org/10.1038/s41562-020-0896-8
Guan, W., Ni, Z., Hu, Y., Liang, W., Ou, C., He, J., et al. (2020). Clinical characteristics of coronavirus disease 2019 in China. The New
England Journal of Medicine, 382(18), 1708–1720. https://doi.org/10.1056/NEJMoa2002032
Hellewell, J., Abbott, S., Gimma, A., Bosse, N. I., Jarvis, C. I., Russell, T. W., et al. (2020). Feasibility of controlling COVID‐19 outbreaks by
isolation of cases and contacts. The Lancet Global Health, 8(4), e488–e496. https://doi.org/10.1016/S2214-109X(20)30074-7
Hu, H. (1990). The distribution, regionalization and prospect of China's population. Acta Geographica Sinica, 57(2), 139–145. https://doi.
org/10.11821/xb199002002
Jia, J., Lu, X., Yuan, Y., Xu, G., Jia, J., & Christakis, N. A. (2020). Population ﬂow drives spatio‐temporal distribution of COVID‐19 in China.
Nature, 582(7812), 389–394. https://doi.org/10.1038/s41586-020-2284-y
Jiang, J., & Luo, L. (2020). Inﬂuence of population mobility on the novel coronavirus disease (COVID‐19) epidemic: Based on panel data
from Hubei, China. Global Health Research and Policy, 5(1), 30. https://doi.org/10.1186/s41256-020-00151-6
John Hopkins Univ Med. (2020). COVID‐19 Dashboard by the Center for Systems Science and Engineering. Retrieved from https://coronavirus.jhu.edu/map.html
Kraemer, M. U. G., Reiner, R. C., Brady, O. J., Messina, J. P., Gilbert, M., Pigott, D. M., et al. (2019). Past and future spread of the arbovirus
vectors Aedes aegypti and Aedes albopictus. Nature Microbiology, 4, 854–863. https://doi.org/10.1038/s41564-019-0376-y
Kraemer, M. U. G., Yang, C., Gutierrez, B., Wu, C., Klein, B., Pigott, D. M., et al. (2020). The effect of human mobility and control measures
on the COVID‐19 epidemic in China. Science, 368(6490), 493–497. https://doi.org/10.1126/science.abb4218
Lau, H., Khosrawipour, V., Kocbach, P., Mikolajczyk, A., Schubert, J., Bania, J., & Khosrawipour, T. (2020). The positive impact of lockdown in Wuhan on containing the COVID‐19 outbreak in China. Journal of Travel Medicine, 27(3), taaa037. https://doi.org/10.1093/
jtm/taaa037
Li, R., Pei, S., Chen, B., Song, Y., Zhang, T., Yang, W., & Shaman, J. (2020). Substantial undocumented infection facilitates the rapid dissemination of novel coronavirus (SARS‐CoV‐2). Science, 368(6490), 489–493. https://doi.org/10.1126/science.abb3221
Lotﬁ, M., Hamblin, M. R., & Rezaei, N. (2020). COVID‐19: Transmission, prevention, and potential therapeutic opportunities. Clinica
Chimica Acta, 508, 254–266. https://doi.org/10.1016/j.cca.2020.05.044
Nicola, M., Alsaﬁ, Z., Sohrabi, C., Kerwan, A., Al‐Jabir, A., Iosiﬁdis, C., et al. (2020). The socio‐economic implications of the coronavirus
pandemic (COVID‐19): A review. International Journal of Surgery, 78, 185–193. https://doi.org/10.1016/j.ijsu.2020.04.018
Páez, A., Farber, S., & Wheeler, D. (2011). A simulation‐based study of geographically weighted regression as a method for investigating
spatially varying relationships. Environment & Planning A, 43(12), 2992–3010. https://doi.org/10.1068/a44111
Páez, A., Uchida, T., & Miyamoto, K. (2002). A general framework for estimation and inference of geographically weighted regression
models: 2. Spatial association and model speciﬁcation tests. Environment & Planning A, 34, 733–754. https://doi.org/10.1068/a34110
Pan, A., Li, L., Wang, C., Guo, H., Hao, X., Wang, Q., et al. (2020). Association of public health interventions with the epidemiology of the
COVID‐19 outbreak in Wuhan, China. JAMA, 323(19), 1915–1923. https://doi.org/10.1001/jama.2020.6130

13 of 14

GeoHealth

10.1029/2020GH000332

Prather, K. A., Wang, C., & Schooley, R. T. (2020). Reducing transmission of SARS‐CoV‐2. Science, 368(6498), 1422–1424. https://doi.org/
10.1126/science.abc6197
Rothan, H. A., & Byrareddy, S. N. (2020). The epidemiology and pathogenesis of coronavirus disease (COVID‐19) outbreak. Journal of
Autoimmunity, 109, 102433. https://doi.org/10.1016/j.jaut.2020.102433
Sun, G., Wang, S., Li, M., Li, L., Zhang, J., Zhang, W., et al. (2020). Transmission dynamics of COVID‐19 in Wuhan, China: Effects of
lockdown and medical resources. Nonlinear Dynamics, 101(3), 1981–1993. https://doi.org/10.1007/s11071-020-05770-9
Tian, H., Liu, Y., Li, Y., Wu, C., Chen, B., Kraemer, M. U. G., et al. (2020). An investigation of transmission control measures during the ﬁrst
50 days of the COVID‐19 epidemic in China. Science, 368(6491), 638–642. https://doi.org/10.1126/science.abb6105
Tian, S., Hu, N., Lou, J., Chen, K., Kang, X., Xiang, Z., et al. (2020). Characteristics of COVID‐19 infection in Beijing. The Journal of
Infection, 80(4), 401–406. https://doi.org/10.1016/j.jinf.2020.02.018
Wei, S., & Wang, L. (2020). Examining the population ﬂow network in China and its implications for epidemic control based on Baidu
migration data. Humanities & Social Sciences Communications, 7(1), 145. https://doi.org/10.1057/s41599-020-00633-5
Wilder‐Smith, A., & Freedman, D. O. (2020). Isolation, quarantine, social distancing and community containment: Pivotal role for old‐style
public health measures in the novel coronavirus (2019‐nCoV) outbreak. Journal of Travel Medicine, 27(2), taaa020. https://doi.org/
10.1093/jtm/taaa020
Wu, Y., Chen, C., & Chan, Y. (2020). The outbreak of COVID‐19: An overview. Journal of the Chinese Medical Association, 83(3), 217–220.
https://doi.org/10.1097/JCMA.0000000000000270
Xiong, Y., Wang, Y., Chen, F., & Zhu, M. (2020). Spatial statistics and inﬂuencing factors of the COVID‐19 epidemic at both prefecture and
county levels in Hubei Province, China. International Journal of Environmental Research and Public Health, 17(11), 3903. https://doi.
org/10.3390/ijerph17113903
Yang, Y., Peng, F., Wang, R., Guan, K., Jiang, T., Xu, G., et al. (2020). The deadly coronaviruses: The 2003 SARS pandemic and the 2020
novel coronavirus epidemic in China. Journal of Autoimmunity, 109, 102434. https://doi.org/10.1016/j.jaut.2020.102434
Zhang, C., Pei, Y., Li, J., Qin, Q., & Yue, J. (2020). Application of Luojia 1‐01 nighttime images for detecting the light changes for the 2019
spring festival in western cities, China. Remote Sensing, 12(9), 1416. https://doi.org/10.3390/rs12091416
Zhang, Y., Zhang, A., & Wang, J. (2020). Exploring the roles of high‐speed train, air and coach services in the spread of COVID‐19 in China.
Transport Policy, 94, 34–42. https://doi.org/10.1016/j.tranpol.2020.05.012

CHENG ET AL.

14 of 14

