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Geographically varying relationships between population flows from Wuhan 
and COVID-19 cases in Chinese cities
Gang Xu a, Wenwu Wanga, Dandan Lub, Binbin Lu a, Kun Qina and Limin Jiao c

aSchool of Remote Sensing and Information Engineering, Wuhan University, Wuhan, China; bWuhan Geomatics Institute, Wuhan, China; 
cSchool of Resource and Environmental Sciences, Wuhan University, Wuhan, China

ABSTRACT
The COVID-19 epidemic widely spread across China from Wuhan, Hubei Province, because of 
huge migration before 2020 Chinese New Year. Previous studies demonstrated that population 
outflows from Wuhan determined COVID-19 cases in other cities but neglected spatial hetero-
geneities of their relationships. Here, we use Geographically Weighted Regression (GWR) model 
to investigate the spatially varying influences of outflows from Wuhan. Overall, the GWR model 
increases explanatory ability of outflows from Wuhan by 20%, with the adjusted R2 increasing 
from ~0.6 of Ordinary Least Squares (OLS) models to ~0.8 of GWR models. The coefficient 
between logarithmic of outflows from Wuhan and COVID-19 cases in other cities is generally 
less than 1. The sub-linear scaling relationship indicates the increasing returns of outflows was 
restrained, proving the epidemic was efficiently controlled outside Hubei at the beginning 
without obvious local transmissions. Coefficients in GWR models vary in cities. Not only cities 
around Wuhan but also cities having close connections with Wuhan experienced higher 
coefficients, showing a higher vulnerability of these cities. The secondary or multi-level trans-
mission networks deserve to be further explored to fully uncover influences of migrations on 
the COVID-19 pandemic.
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1. Introduction

The Coronavirus Disease 2019 (COVID-19) was 
firstly reported in December, 2019 in Wuhan, the 
capital city of Hubei Province in Central China. To 
prevent the spread of the COVID-19 epidemic, 
Wuhan was officially locked down at 10:00 a.m. on 
January 23th, 2020 until being unblocked on 
April 8th, 2020 (Kraemer et al. 2020; Chinazzi 
et al. 2020). The lockdown of Wuhan significantly 
delayed the report of COVID-19 cases in other 
Chinese cities by about three days (Tian et al. 
2020). However, the COVID-19 epidemic exactly 
met the Chinese annually Chunyun with typically 
3 billion trips before and after the Lunar New Year 
in recent years. A large number of people have 
already moved to all over the country from Wuhan 
before January 23th, 2020 (Jia et al. 2020). Massive 
migration caused the COVID-19 epidemic rapidly 
spreading across China, further changing our world 
deeply (Altan and Dowman 2021; Xu et al. 2021).

The spread of infectious diseases is closely correlated 
with human mobility, particularly in modern societies 
with high frequency contacts and interactive movements 
of population (Balcan et al. 2009; Wesolowski et al. 2012). 
The number of COVID-19 cases confirmed in China has 
been verified to be highly correlated with population 
outflows from Wuhan no matter at the provincial level 
(Chinazzi et al. 2020; Tian et al. 2020) or the city level (Jia 

et al. 2020; Wei et al. 2021; Mu, Yeh, and Zhang 2020). Jia 
et al. (2020) even proved that population outflow from 
Wuhan was the dominant predictive factor for COVID- 
19 cases in other Chinese cities. The incidences and 
spread of infectious diseases show obvious spatio- 
temporal heterogeneities (Thomas et al. 2020; Castro 
et al. 2021), and population outflows from Wuhan also 
show varying amounts as for different cities. Thus, the 
spatial heterogeneities in the relationship between out-
flows from Wuhan and COVID-19 cases in other 
Chinese cities should be concerned specifically (Chen 
et al. 2021). However, note that this topic has been largely 
ignored.

Mobile phone data effectively supports public 
health actions in combating COVID-19 and it has 
also been widely used in other urban studies (Oliver 
et al. 2020; Huang and Wang 2020). Mobile phone 
data has been used to calculate population flow, which 
is provided by telecommunication carriers (Jia et al. 
2020) or internet companies with location-based ser-
vices (LBS) by phone applications, such as Baidu and 
Tencent in China (Tian et al. 2020; Chinazzi et al. 
2020; Kraemer et al. 2020). Inter-national modeling 
of the spread of COVID-19 has adopted airline trans-
portation data (Chinazzi et al. 2020; Lau et al. 2020). In 
comparison, mobile phone data collected from tele-
communication carriers is more accurate. Jia et al. 
(2020) precisely counted population outflows from 
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Wuhan to each Chinese city during the early January 
in 2020 using mobile phone data from one major 
national telecommunication carrier in China.

In this study, we aim at investigating the local 
relationships between population outflows from 
Wuhan and COVID-19 cases in Chinese cities. The 
Geographically Weighted Regression (GWR) techni-
que is adopted to explore the spatial heterogeneity of 
their relationships. Practically, the GWR model has 
been frequently used in environmental science, public 
health, and many other cases, including COVID-19 
related studies (Mollalo, Vahedi, and Rivera 2020).

2. Materials and methods

2.1. Study area and data

Our study areas are Chinese prefecture-level cities, 
excluding Hong Kong, Macao, and Taiwan 
(Figure 1). The time-series confirmed COVID-19 
cases of each prefecture-level city were download 
from China Data Lab at Harvard University 
(https://projects.iq.harvard.edu/chinadatalab/ 
resources-covid-19), which were rearranged accord-
ing to the daily reports from local Health 
Commissions of Chinese cities. The COVID-19 
epidemic widely spread in China from early 
January, 2020, and it was nearly controlled by the 

end of February, 2020, excluding the Wuhan city 
(Figure 2). As of 29 February 2020, there were 
79,968 accumulative confirmed COVID-19 cases 
in China, among which 66,907 (83.7%) cases were 
in Hubei Province, and 48,557 (60.7%) cases were 
in Wuhan city (Figure 2).

The population outflows from Wuhan to other 
Chinese cities comes from Jia et al. (2020). They 
used mobile phone data to count and estimate migra-
tions from Wuhan to other prefecture-level cities in 
the mainland China during the period from 
January 1st to January 24th, 2020. Any mobile 
phone user who had spent at least 2 hours in 
Wuhan and then moved from Wuhan during that 
period would be counted. In total, there were more 
than 11 million counts of movements living from 
Wuhan during that period. About 8.7 million move-
ments happened within the Hubei Province, while 
there were about 2.8 million inter-provincial move-
ments from Wuhan (Jia et al. 2020). The spatial dis-
tribution of population outflows from Wuhan to 296 
prefecture cities in the mainland China is shown in 
Figure 1. The outflow data from Wuhan during 
January 1–24, 2020 is available at the publisher web-
site (https://www.nature.com/articles/s41586-020- 
2284-y#MOESM1). Detailed explanations on the out-
flow data from Wuhan can be found in Jia et al. 
(2020).

Figure 1. Spatial distributions of accumulative confirmed COVID-19 cases in China mainland on February 29th, 2020, and 
population outflows from Wuhan aggregated from January 1th to January 24th, 2020.
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2.2. Geographically weighted regression

Spatial heterogeneity or non-stationarity is 
a fundamental characteristic of geographical variables 
(Fotheringham, Crespo, and Yao 2015; Goodchild 
2004), also known as the principle of spatial hetero-
geneity proposed by Goodchild (2004). Traditionally, 
an Ordinary Least Squares (OLS) regression model 
assumes the spatial stationarity in relationships 
between explanatory variables and the dependent vari-
able. It thus fails to capture the spatial variations of 
relationships among geographical variables. In this 
sense, a spatially varying coefficient modeling strategy 
is preferred in geographical analysis with concerning 
spatially heterogeneous features (Murakami et al. 
2019). The Geographically Weighted Regression 
(GWR) technique has become one of the most impor-
tant techniques for exploring the spatially varying 
relationships, and been applied in a wide range of 
fields (Lu et al. 2018). It can be generally expressed 
as equation (1) (Fotheringham, Brunsdon, and 
Charlton 2002): 

yi ¼ βi0 þ
Xm

j¼1
βijXij þ εi; i ¼ 1; 2 . . . n (1) 

where for each prefecture-level city i, yi is the accumu-
lative number of confirmed COVID-19 cases on a -
certain day (from January 23th to February 29th, 2020), 
βi0 is the intercept, βij is the jth coefficient, Xij is the value 
of the jth explanatory variable, m is the number of 
explanatory variables and εi is a random error term. In 
this study, there is only one explanatory variable that is 
the population outflows from Wuhan.

GWR makes location-wise calibration with con-
cerning a “bump of influence”: around each calibra-
tion location, nearer observations have more influence 
in estimating the localized set of coefficients than those 
farther away (Fotheringham, Charlton, and Brunsdon 
1998). In details, GWR estimates each set of regression 
coefficients at each prefecture-level city i by the 
weighted least squares approach, and its matrix 
expression could be expressed as follows 

bβ ið Þ ¼ XTW ið ÞX
� �� 1XTW ið Þy (2) 

where bβ ið Þ is the vector of m + 1 parameter estimates 
at prefecture-level city i, W(i) is the diagonal matrix 
denoting the geographical weighting of the observa-
tions for prefecture-level city i, X is the matrix of the 
explanatory variables with the first column of 1s for 
the intercept, y is the sample vector of the dependent 
variable, i.e. accumulative COVID-19 cases.

The weighting matrix (W(i)) is calculated with 
a specific kernel function and bandwidth optimized 
via the cross-validation (CV) score (Bowman 1984; 
Cleveland 1979) or the corrected Akaike Information 
Criterion (AICc) (Fotheringham, Brunsdon, and 
Charlton 2002). In practice, the Gaussian and Bi- 
square functions are the most used, and the former 
one is adopted in this study. Moreover, the bandwidth 
can be specified either by a fixed distance (known as 
fixed weighting scheme) or by a fixed number of 
nearest neighbors (known as adaptive weighting 
scheme), and the latter one is adopted here (Lu et al. 
2017). In this study, the GWR model calibrations were 
carried out via an R package, namely GWmodel 
(Gollini et al. 2015; Lu et al. 2014).

2.3. Urban scaling law

Urban scaling law describes how urban attributes 
(such as GDP and built-up area) are correlated with 
the size of urban population in a power law form 
(Bettencourt 2013; Bettencourt et al. 2007; Jiao et al. 
2020; Lei et al. 2021a): 

Y tð Þ ¼ Y0N tð Þβ (3) 

where Y(t) is one attribute of a city at time t, like GDP 
etc., N(t) is the size of urban population of a city at time 
t, and Y0 and β are parameters. β is the scaling exponent.

We get a linear model (formula (4)) after taking the 
logarithm of both sides of the formula (3): 

logY tð Þ ¼ βlogN tð Þ þ logY0 (4) 

Now, the scaling exponent (β) is the slope of the linear 
regression model, which distinguishes scaling regimes 
(Lei et al. 2021b; Li et al. 2021; Xu et al. 2019). Social- 
interaction related attributes, like GDP, innovation, and 
infectious disease, super-linearly scale with urban popu-
lation with the β greater than 1 (Ribeiro et al. 2020; Lei 
et al. 2021b). In contrast, urban infrastructure-related 
attributes, like built-up area, are sub-linearly scale with 
urban population with the β less than 1 (Xu et al. 2020).

In this study, we analyze the scaling relationship 
between population outflows from Wuhan as N(t) and 
COVID-19 cases in Chinese cities as Y(t). Both popula-
tion outflows and COVID-19 cases are transformed into 
logarithmic scales in OLS and GWR models. We adopt 
the theory of scaling law to interpret coefficients (β) of 
regression models.

Figure 2. Temporal variations of 3-day averaged newly added 
COVID-19 cases in Wuhan, Hubei Province (excluding Wuhan), 
and outside Hubei in China mainland.

GEO-SPATIAL INFORMATION SCIENCE 123



3. Results

3.1. OLS models

We firstly adopted the OLS regression model to inves-
tigate the global relationship between COVID-19 cases 
in each prefecture-level city and population outflows 
from Wuhan, which are in logarithmic scales. Scatter 
plots and OLS regression lines on four representative 
dates are presented in Figure 3. The adjusted R2 values 
of these OLS models varies from 0.56 to 0.62, indicat-
ing the strong ability of population outflows from 
Wuhan in exploring COVID-19 cases in each prefec-
ture-level city. The slopes of these OLS regression 
models vary from 0.44 to 0.57, revealing a sub-linear 
scaling relationship between population outflows from 
Wuhan and COVID-19 cases.

Generally, infectious diseases, like influenza, HIV, 
etc., super-linearly scale with city size because of the 
increase return of human interactions with city size 
(Rocha, Thorson, and Lambiotte 2015). Previous stu-
dies also revealed that COVID-19 cases super-linearly 
scale with city size in the United States and Brazil 
(Ribeiro et al. 2020; Stier, Berman, and Bettencourt 
2021). For the early COVID-19 epidemic in China, 
population outflows from Wuhan determined the 
scale of population interaction. According to the the-
ory of scaling law, without intervention, COVID-19 
cases in a certain Chinese city was supposed to super- 
linearly scale with population outflows from Wuhan. 
However, we found a sub-linear scaling relationship 

between population outflows from Wuhan and 
COVID-19 cases in Chinese cities (Figure 3). The sub- 
linear scaling relationship means that doubling popu-
lation outflows from Wuhan results in 44%-57% 
increases of COVID-19 cases in prefecture-level cities. 
The sub-linear scaling relationship further demon-
strates that the COVID-19 epidemic had been timely 
controlled in these cities outside Wuhan at the begin-
ning, avoiding server local transmissions.

Although the OLS model generally performs well, 
there are at least two flaws presented in scatter plots 
(Figure 3). On the one hand, several cities are clearly 
dispersed from the regress line, particularly for cities 
with small population outflows from Wuhan but rela-
tively larger numbers of COVID-19 cases confirmed, 
like Shuangyashan, Jixi, Qitaihe, and Hegang. These 
four small cities are in Heilongjiang Province, the 
northeast of the mainland China that is more than 
2000 km faraway from Wuhan. On the other hand, 
cities (in red) with huge population outflows from 
Wuhan are all above the regress line, indicating 
COVID-19 cases in these cities are generally under- 
estimated. Note that all the cities in red color are 
within the Hubei Province.

3.2. GWR models

The GWR technique models the spatial heterogeneity or 
non-stationarity in data relationships via spatially vary-
ing coefficient estimates, which are naturally mappable. 

Figure 3. Global OLS regression models between population outflows from Wuhan and accumulative confirmed COVID-19 cases of 
Chinese prefecture-level cities on four specific dates (January 26th, February 5th, February 10th, and February 14th in 2020). Both 
explanatory variable and dependent variable are in logarithm scales. The cities in Hubei Province are in red color and the rest cities 
outside Hubei are in cyan color. The symbol sizes scale with the population of each city.
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In this case, we chose four models as representative dates, 
i.e. January 26th, February 5th, February 10th, and 
February 14th in 2020, to visualize their coefficient esti-
mates in Figure 4. Results show that the coefficient 
estimates of the explanatory variable, the logarithm of 
population outflows from Wuhan, vary from 0.05 to 1.16 
in different cities. Generally, cities near to Wuhan have 
larger coefficient estimates (0.76–1.00), suggesting stron-
ger influences of population outflows from Wuhan on 
COVID-19 cases in these cities. Moreover, cities in the 
Beijing-Tianjin Region, the Yangtze River Delta (like 
Shanghai), and the Pearl River Delta (like Guangzhou 
and Shenzhen) also have high coefficient estimates, 
although they are geographically far from Wuhan. Note 
that these cities are highly developed economically, lead-
ing to close connections with Wuhan.

Coefficient estimates from the models in the early 
days are relatively small (Figure 4(a)), but they increase 
apparently in later dates (Figure 4(b–d))), showing the 
influence of population outflows from Wuhan is fully 
manifested. As shown in Figure 4, the spatial hetero-
geneities of coefficient estimates become more apparent 
among prefecture-level cities. Specifically, coefficient 
estimates around Wenzhou in Zhejiang Province are 
typically larger than 1, which means population out-
flows from Wuhan has a super-linear scaling relation-
ship with confirmed COVID-19 cases in this region. 
Wenzhou experienced the most severe COVID-19 

epidemic among cities outside Hubei Province. Apart 
from relatively large population outflows from Wuhan 
to Wenzhou, the local transmission accounted for these 
outliers around Wenzhou according to the theory of 
scaling law.

The local R2 values of the four GWR models on 
January 26th, February 5th, February 10th, and 
February 14th in 2020 are shown in Figure 5. The 
local R2 is extremely high (over 0.9) in cities around 
Wuhan, showing a circle with a radius of 300–500 km. 
The local R2 gradually decreases from Wuhan’s neigh-
bors to faraway cities, but with higher R2 in regions 
that are closely connected with Wuhan, such as the 
Beijing-Tianjin Region, the Yangtze River Delta 
Region, the Pearl River Delta Region, and the west 
region adjacent to Hubei Province. Cities in the north-
east of China have lower R2 because of long distance 
and weak relation with Wuhan. In the early time, local 
R2 is relatively low (Figure 5(a)) and most cities have 
higher local R2 in the later time (Figure 5(b–d)), indi-
cating the influence of population outflows from 
Wuhan is potentially more apparent.

We further model the relationship between popula-
tion outflows from Wuhan and COVID-19 cases of 
other Chinese cities on each day from January 23rd to 
February 29th in 2020 (38 days). The diagnostic infor-
mation of these OLS and GWR model calibrations, 
including the adjusted R2 and AICc values are shown 

Figure 4. Spatial distributions of coefficients in GWR models. The dependent variable is the accumulative confirmed COVID-19 
cases in Chinese cities, and the explanatory variable is the total outflows from Wuhan to each city during January 1th – 24th, 2020. 
Both explanatory variable and dependent variable are in logarithm scales. Cities with non-significant (p > 0.05) coefficients are 
marked by oblique lines in red.
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in Figure 6. The adjusted R2 values of the OLS and 
GWR models present similar varying trends from the 
beginning to the end of this period. Obviously, the 
GWR models always perform better than the corre-
sponding OLS models, particularly the adjusted R2 

values of the GWR models after the date of 
26 January 2020 tend to be stably around 0.8. In 
contrast, the adjusted R2 values of the corresponding 
OLS models vary from less than 0.3 to around 0.55 

from January 23rd to January 26th, 2020, and then 
increase up to around 0.6 since January 26th. In this 
sense, the GWR models generally improve the expla-
natory ability of population outflows from Wuhan by 
nearly 20%. The values of the adjusted R2 are relatively 
small before Jan. 27th because people who were 
infected had not yet been diagnosed and reported in 
the early stage of the COVID-19 epidemic. The AICc 
values of OLS and GWR models also presents a similar 

Figure 5. Spatial distributions of local R2 in GWR models. The dependent variable is the accumulative confirmed COVID-19 cases in 
Chinese cities, and the explanatory variable is the total outflows from Wuhan to each city during January 1th – 24th, 2020. Both 
explanatory variable and dependent variable are in logarithm scales. Cities with non-significant (p > 0.05) coefficients are marked 
by oblique lines in blue.

Figure 6. Adjusted R2 and corrected Akaike information criterion (AICc) values of the OLS and GWR models for accumulative 
COVID-19 cases. The dependent variable is the logarithm of accumulative confirmed COVID-19 cases in each prefecture-level city 
on each day from January 23th to February 29th, 2020. The explanatory variable is the logarithm of total population outflows from 
Wuhan to each prefecture-level city from January 1st to 24th, 2020.
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varying trend during this period, but observe that the 
AICc values of GWR models decreases by nearly 50% 
compared to those of the corresponding OLS models. 
This further confirms that the local GWR models 
significantly outperform than the global OLS models 
in this case.

3.3. Newly added COVID-19 cases

This study further analyzes the relationship between 
population outflows from Wuhan and 3-day averaged 
newly added COVID-19 cases, including OLS and 
GWR models. The scatter plots and OLS regression 
results of four typical dates are shown in Figure 7. On 
January 26th, 2020, the adjusted R2 of the OLS regres-
sion is around 0.6; after that, the adjusted R2 of the 
OLS model drops to only about 0.5. In addition, the 
regression slope (scaling exponent) between newly 
added cases and outflows is less than 1, indicating 
that the increasing return of outflow size is also sup-
pressed. At the same time, the regression slope 
decreases with time because the number of newly 
added cases decreased with time.

The OLS and GWR model for newly added 
COVID-19 cases are established on each day from 
January 25th to February 29th in 2020. The perfor-
mance of OLS and GWR models represented by the 

adjusted R2 and AICc is shown in Figure 8. Overall, the 
correlation between outflows from Wuhan and newly 
added COVID-19 cases in other Chinese cities gradu-
ally decreases over time (the adjusted R2 gradually 
decreases). The newly added COVID-19 cases in 
other Chinese cities are highly correlated with out-
flows from Wuhan at the early state of this epidemic. 
In the later period, the newly added cases in other 
cities were related to the local transmission. 
Therefore, the explanatory power of outflows from 
Wuhan has declined over time. In addition, only cities 
of Hubei Province reported newly added cases in late 
February, 2020 (Figure 7). On the other hand, the 
performance of GWR models is significantly better 
than OLS models, with higher adjusted R2 and lower 
AICc of GWR models. In particular, the AICc of the 
GWR model is below 200 all the time, indicating that 
the GWR model is more robust.

4. Discussion

The COVID-19 has been speedily spread outside 
Wuhan due to large-scale population movements 
near the Chinese New Year of 2020. Because of fast 
responses across the whole country including social 
distancing, patient isolation, fast testing and so on, the 
COVID-19 epidemic was quickly controlled outside 

Figure 7. Global OLS regression models between population outflows from Wuhan and 3-day averagely added COVID-19 cases of 
Chinese prefecture-level cities on four specific dates (January 26th, February 5th, February 10th, and February 24th in 2020). Both 
explanatory variable and dependent variable are processed in logarithm scales. The cities in Hubei Province are in red and the rest 
cities outside Hubei are in light blue. The symbol sizes are scaled with the population of each city.
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Hubei Province without evident local community 
transmission. Thus, the number of confirmed 
COVID-19 cases could be largely determined by the 
population outflows from Wuhan. In an influential 
previous study, they concluded that population out-
flows from Wuhan had shown dominant effects on the 
spatio-temporal transmissions of COVID-19 in China 
(Jia et al. 2020).

This study contributes to revealing the spatial dis-
parities of influences of population outflows from 
Wuhan on COVID-19 cases in Chinese cities. 
Overall, the global OLS regression model with the 
population outflows from Wuhan as the only expla-
natory variable can explain about 60% variance of the 
dependent variable (COVID-19 cases in Chinese 
cities), while the GWR model can explain nearly 80% 
variance of COVID-19 cases in Chinese cities, increas-
ing the adjusted R2 values by 20% in comparison to 
OLS models (Figure 6). Coefficients of GWR models 
show obvious spatial heterogeneity and spatial clus-
ters. Besides cities around Wuhan, faraway cities hav-
ing close relations with Wuhan also experienced 
higher coefficients, verifying stronger influences by 
population outflows from Wuhan there. Another 
novelty of this study is the perspective from the scaling 
law (Jiang and de Rijke 2021). The sub-linear (slope 
less than one) scaling relationship between outflows 
from Wuhan and COVID-19 cases in other Chinese 
cities proves that there was limited local transmission 
of this epidemic because of effective preventions.

Although population outflows from Wuhan princi-
pally determine numbers of COVID-19 cases in 
Chinese prefecture-level cities, there are 20% – 40% 
variances correlated to some other factors. Firstly, 
there are differences in the implementation of public 
health restriction and prevention policies in different 
cities, including time for action and efficiency, which 
ultimately leads to variances in the intensity of local 

interactions. Secondly, the outflows from Wuhan might 
have heterogeneous probabilities in causing the trans-
mission of COVID-19 due to their diverse professions 
and areas of living and working within Wuhan. For 
instance, coefficient estimates in GWR models are the 
highest around Wenzhou, Zhejiang (Figure 4). This is 
probably because the people returning to Wenzhou are 
mainly engaged in business activities in Wuhan. 
Businessmen have a wide range of activities and fre-
quent meetings with customers. Therefore, this group is 
highly risky in contacting COVID-19 infected people in 
Wuhan. Thirdly, confirmed COVID-19 cases are 
related to local characteristics, such as population den-
sity, environmental and climate factors like tempera-
ture, humidity, etc. (Qi et al. 2020; Ghosh et al. 2020; 
Sethi and Mittal 2020; Liu 2020; Cordes and Castro 
2020; Huang, Yang, and Yang 2021).

This study also has limitations. In this study, the 
population outflows from Wuhan obtained are the 
cumulative outflows from January 1st to 
January 24th, 2020. But note that outflows on different 
dates could have varying probabilities of carrying the 
virus. People moving out of Wuhan on the later date 
before the lockdown of Wuhan (January 23th) are 
likely to carry the virus and cause potential transmis-
sions at a higher risk. On the other land, not all the 
travelers who moved out of Wuhan stayed at the first 
destination. A considerable number of people contin-
ued to move to the second or even more destinations. 
This situation should be more pronounced especially 
in Hubei Province. For cities within Hubei Province, 
there were more people with a history of living and 
traveling in Wuhan than those who directly moved 
from Wuhan to the city. Therefore, almost all cities 
within Hubei Province are above the OLS regression 
lines (Figure 3). Further studies can be to build sec-
ondary or multiple transmission networks of virus in 
Hubei Province for addressing this issue.

Figure 8. Adjusted R2 and corrected Akaike information criterion (AICc) values of the OLS and GWR models for newly added 
COVID-19 cases. The dependent variable is the logarithm of 3-day averagely increased COVID-19 cases in each prefecture-level city 
on each day from January 25th to February 29th, 2020. The explanatory variable is the logarithm of total population outflows from 
Wuhan to each prefecture-level city from January 1st to 24th, 2020.
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5. Conclusions

The COVID-19 epidemic widely and quickly spread 
across China because of mass migration before the 
2020 Chinese New Year. Population outflows from 
Wuhan largely determined COVID-19 cases in 
Chinese cities. The decisive effect of population out-
flows from Wuhan on COVID-19 cases in other 
Chinese cities directly confirms that strict public health 
preventions are effective to prevent the COVID-19 
epidemic. The secondary spread of the COVID-19 
epidemic is limited in China and local community 
transmissions have been largely avoided, as well.

In this study, the GWR technique is applied for 
exploring the spatially varying relationships between 
population outflows from Wuhan and COVID-19 
cases in Chinese cities. The adjusted R2 values are 
improved from around 0.6 of OLS models to nearly 
0.8 of GWR models. GWR models typically captured 
local variations of their relationships. Cities not only 
near to Wuhan but also with close connections with 
Wuhan are more vulnerable to the COVID-19 epi-
demic. Local techniques, like GWR, provide detailed 
suggestions for policymakers to take local situations 
adapted strategies instead of global ones.
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