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FROM SPATIAL ECONOMETRIC PERSPECTIVE

ABSTRACT

The aim of this paper is to conduct a spatial correla-
tion study of virus transmission in the Hubei province,
China. The number of confirmed COVID-19 cases re-
leased by the National Health and Construction Commis-
sion, the traffic flow data provided by Baidu migration,
and the current situation of Wuhan intercity traffic were
collected. The Moran's [ test shows that there is a posi-
tive spatial correlation between the 17 cities in the Hubei
province. The result of Moran's I test also shows that four
different policies to restrict inter-city traffic can be issued
for the four types of cities. The ordinary least squares
regression, spatial lag model, spatial error model, and
spatial lag error model were built. Based on the analysis
of the spatial lag error model, whose goodness of fit is the
highest among the four models, it can be concluded that
the speed of COVID-19 spread within a certain region is
not only related to the current infection itself but also as-
sociated with the scale of the infection in the surrounding
area. Thus, the spill-over effect of the COVID-19 is also
presented. This paper bridges inter-city traffic and spa-
tial economics, provides a theoretical contribution, and
verifies the necessity of a lockdown from an empirical

point of view.
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1. INTRODUCTION

In December 2019, viral pneumonia with un-
known cause suddenly appeared in Wuhan City,
Hubei province and was subsequently confirmed
to be a type of novel coronavirus. National Health
Commission of China declared it a category B in-
fectious disease on 20 January 2020, and adopted
appropriate measures to prevent and control this

category of infectious diseases [1]. On 11 February
2020, the World Health Organisation (WHO) named
COVID-19 a novel coronavirus-infected pneumo-
nia [2] for the first time and declared a COVID-19
pandemic on 11 March 2020 [3].

On 23 January 2020, just as the Chinese Lunar
New Year was approaching, millions of migrant
workers started to return to their hometowns, which
is the largest transportation trip each year, known as
the “Spring Festival travel rush”. According to the
Ministry of Transport, 2.98 billion trips were made
during the Spring Festival travel rush on 1 March
2019. Among them, 410 million passenger trips
were carried by railways, 2.46 billion passengers
by roadways, 41 million passengers by water, and
73 million passengers by civil aviation. Therefore,
the Spring Festival travel rush is called “the larg-
est population movement in the world”. Affected
by the epidemic, the 2020 Spring Festival experi-
enced a 45 percent drop in passenger traffic within
40 days. From 25 January to 14 February, a total
of 283 million passengers were carried across the
country, and most of them were visiting relatives or
migrant workers returning home from work. As we
all know, COVID-19 conforms to the basic trans-
mission mechanism of airborne infectious diseases
and is mainly transmitted by contact and droplets
[3]. As a high-density personnel carrier, transporta-
tion provides a potential environment for the spread
of COVID-19 [4]. In order to prevent the epidemic
from further worsening and reduce the losses, the
local government took the sternest measures. From
10:00 a.m. on 23 January 2020, all the exit corridors
from Wuhan were officially closed. The urban bus,
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subway, ferry, and long-distance passenger opera-
tions were suspended, and the citizens were not al-
lowed to leave Wuhan without special reasons [5].

Current studies on COVID-19 have focused on
five aspects: epidemiological characteristics analy-
sis based on statistics [6], virus evolution based on
gene comparative analysis [7], pathogenic mecha-
nism analysis based on structural biology [8], infec-
tion number prediction based on system dynamics
[9], and epidemic emergency management and con-
trol [10-12]. Among them, many transportation-re-
lated control measures are proposed, such as travel
restrictions, telecommuting, bus route re-routing,
and so on [13-15].

China's economy has grown rapidly in recent
years and it is gradually becoming a transportation
powerhouse, thus the demand for people to travel
has correspondingly expanded. As a result, there
are more and more modes of transportation, such
as trains, high-speed trains, subways, light rail,
ride-hailing, etc. making transportation more and
more convenient. As the travel cost becomes lower,
the boundaries of work and life activities are no lon-
ger in line with the administrative boundaries. Com-
muting between cities is becoming more common,
and population movement has become a condition
that cannot be ignored in any aspect. At this time,
as we analyse the epidemic scale, if we only consid-
er the number of people diagnosed and the number
of people likely to be infected in a single city, but
the floating population caused by inter-city traffic
is not accounted into the model as an explanatory
variable, its influence will fall into the residual term
and bring spatial correlation.

The impact of transportation on the spread of in-
fectious diseases has been a concern for a long time.
Scholars believe that human interaction and mo-
bility will affect the spread of infectious diseases.
The analysis on the diffusion mechanism of public
health emergencies shows that, under a certain in-
tensity of prevention and control, simultaneous re-
striction of inter-city traffic and isolation measures
are more effective than isolation measure alone, and
the time taken to control the spread of the epidemic
is reduced from about 10 days to about 3 days [16].
SARS appeared in 2003 and the HIN1 epidemic oc-
curred in 2009, which verifies that the regular flow
behaviour of humans affect the spread of disease
[17]. Moreover, it was found in a space epidemio-
logical study that tuberculosis, SARS, and influen-
za are closely related to airborne transmission [18].

Respiratory infectious diseases are the most affect-
ed by population movements. Among them, respira-
tory droplet transmission and contact transmission
are the main routes of transmission of the novel
coronavirus [19]. It is pointed out that under certain
prevention and control intensity, it is better to take
measures to restrict population movement and iso-
lation at the same time [20]. When a major outbreak
occurs, the emergency response mechanism should
be activated in the urban public transport system
[21]. The analysis of 1947 confirmed COVID-19
cases in 315 transportation neighbourhoods reached
the conclusion that urban spatial elements are not
only associated with non-communicable diseases,
but also significantly associated with infectious dis-
eases [22]. To sum up, there is a clear understanding
of the mechanism of COVID-19, but there is still a
lack of empirical studies to analyse how inter-city
traffic affects the spread of the COVID-19. There-
fore, spatial econometrics is introduced.

Spatial econometric theory is a branch of econo-
metrics that began to appear in the 1970s and 1980s.
Spatial econometrics is a model method that consid-
ers the spatial effect of economic variables, name-
ly the spatial correlation, and carries out a series of
model setting, estimation, testing, and prediction
[23]. The essence of spatial econometrics is about
economy, so it is widely used in the discussion of
regional economic analysis [24-26], and is of great
importance for investigating the relationship be-
tween the economy and the influence of other geo-
graphical factors. Moreover, spatial econometrics
has been used to explore social issues, such as the
relationship between geographic location, structur-
al characteristics, the pricing of short-term rentals
[27], and the relationship between forest cover and
the geographic and socio-economic indicators that
drive deforestation [28]. Also, spatial econometrics
can be applied to nature and biology [29]. More im-
portantly, spatial econometric modelling is used to
explore the relationship between infectious diseases
and other geographic influences, and similar studies
have been done by previous generations [30-33].

Therefore, the real number of confirmed cases
of COVID-19 is employed in each city of the Hu-
bei province, so as to test whether the spread of the
epidemic is spatially autocorrelated using the Mo-
ran’s | test. Furthermore, the ordinary least square
model, spatial lag model, spatial error model, and
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spatial lag error model are established to analyse
the influence of inter-city traffic on the outbreak of
COVID-19 from the spatial perspective.

This paper is organised as follows. Section 2
briefly introduces the current situation of Wuhan's
inter-city traffic. Section 3 shows all the data relat-
ed, and explains the concepts of the Moran’s I test
and the four spatial econometric models. Section 4
draws conclusions and discusses the need to restrict
traffic during the epidemic by showing an example
of the epidemic scale in Hubei cities. The main con-
clusions are summarised in Section 5.

2. INTER-CITY TRAFFIC IN WUHAN

Wauhan is the capital city of the Hubei Province,
which is closely connected to other cities. In the
Hubei province, Wuhan has a strong comprehen-
sive connection with Xiaogan, Huanggang, Ezhou,
Xiangyang, and Jingzhou. The time required to
travel from Wuhan to other cities by various means
of transportation is shown in Table 1.

Research shows that the ventilation coefficient
and personnel spacing are important parameters to
reduce the risk of infection in addition to masks.
Under the maximum air change coefficient, per

Table 1 — Various inter-city transportation modes

capita ventilation capacity of high-speed train,
bus, and other transportation tools all reach about
30m3/h, which is equivalent to the basic require-
ments of the indoor ventilation standard and is
not enough to cause the spread of the virus in a
large area. However, the air change coefficient of
ordinary trains is relatively small per capita, so di-
rect and close contact between people can easily
cause wide spread of the virus. Due to the close
geographical distance between cities in the Hubei
province, people generally choose high-speed rail-
way, regular train, private car, and long-distance
bus as transportation means. According to the in-
formation, rail travel accounts for about 65% and
road travel accounts for about 35% within the Hu-
bei province [34].

The spread of the virus transmission varies de-
pending on the environment of the various modes
of transport. Based on the definition of susceptibil-
ity in epidemiology, a concept of transport suscep-
tibility is put forward, which refers to the probabil-
ity that the passengers will come into contact with
a random infected person by taking a transport
vehicle. There are some differences in the suscep-
tibility of various transportation modes. The sus-
ceptibility of ordinary trains was 23.2%, while the

Time [h]
City Distance [km]
Private cars Ordinary train High-speed train

Xiaogan 62.35 1.36 0.8 0.42
Huanggang 74.29 1.37 - 0.52
Ezhou 78.8 1.41 0.9 0.37
Xiantao 103.19 1.68 1 0.58
Huangshi 97.34 1.79 1.17 0.5
Xianning 93.61 1.85 0.7 0.4
Tianmen 142.11 2.01 1.51 0.58
Suizhou 170.06 2.07 1.83 0.82
Qianjiang 159.12 2.25 - 0.85
Jingzhou 159.12 291 1.49 1.22

Jingmen 239.6 3.15 3.49 -

Shennongjia 473.8 7.15 -

Enshi 521.8 7.17 8.42 3.51
Xiangyang 304.7 3.93 2.6 1.2
Yichang 3259 4.18 2.13 1.72
Shiyan 4525 5.57 4.47 1.95
Huangshi 100.2 1.62 1.17 0.5
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risk of susceptibility of long-distance buses, private
cars, and other transportation modes was over 10%,
which is relatively high [35].

In summary, ordinary train travel is the most
common mode of transportation in the Hubei prov-
ince, and it is also the easiest way to spread the vi-
rus.

3. DATA SOURCES AND METHODS
3.1 Data sources

In this paper, the cumulative number of
COVID-19 cases in 17 prefecture-level cities in
the Hubei province on 23 January, the day of the
lockdown, was chosen as the explanatory variable
xl', whereas 23 January was chosen as the object of
observation since before that the inter-city traffic
was large, but after that the entry and exit of resi-
dents were restricted, which is a time node that can
highlight the difference. In addition, according to
Li et al. published in the New England Journal of
Medicine on 20 February 2020 [36], the basic re-
production number of the coronavirus before seal
off R, was 4.38. The basic reproduction number
means that one patient will on average infect an-
other 4.38 persons, without external intervention
and lack of immunity. So 4.38 times the number of
confirmed cases is the number of suspected carri-
ers of the virus x,. The sum of x, and x; can reflect
the number of people infected with the virus in a
prefecture-level city in the Hubei province before
the city was sealed off, making it that x,. x, can be

1.67%
1

2.00%
2.13%

2.24%

2.66%

M Xiaogan M Huanggang M Ezhou
B Yichang M Xiangyang M Xiantao
M Suizhou M Tianmen Qianjiang

0

considered as the scale of infection within a pre-
fecture-level city in the Hubei province without in-
ter-city traffic. In addition, according to the Baidu
Migration statistics, a total of 5.154 million people
moved out of Wuhan before the city was locked
down, of which 70% moved to other cities in the
Hubei province, as shown in Figure .

It is assumed that infected individuals are ran-
domly dispersed within the city and that infected
individuals have the same probability of leaving
the city as non-infected individuals. The number of
floating people with the virus in each city is x, and
the equation for calculating the number of floating
people with the virus in each city is:

x2 = number of people infected before the closure of the city x1 ( )
X number of floating population | number of permanent residents

where x, reflects the scale of the epidemic caused
by floating people under no restrictions of inter-city
traffic. The team from the Sun Yat-sen University
also verified that the average incubation period for
COVID-19 is 4.8 days [36]. Thus, the number of
new diagnoses in the five days after the city closure
can still be considered as a result of the unrestricted
inter-city traffic before the lockdown, so the number
of new diagnoses in these five days can reflect the
impact of inter-city traffic on the virus outbreak. In
view of the statements above, the cumulative num-
ber of new diagnoses in each city from 23 January
to 29 January was chosen as the explanatory vari-
able y.

0.80%
0.13%

Jingzhou B Xianning M Huangshi
B Jingmen B Shiyan B Enshi
Shennongia

Figure 1 — Proportion of population mobility in each surrounding city
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Table 2 — Data involved

City x| x| X, Inx, Permant.mt Floatil'lg X Inx. Iny
population population 2 2
Wuhan 618 2707 3325 8.11 11,081,000 213,000 64 4.16 7.61
Huangshi 31 136 167 5.12 2,689,300 257,700 16 2.77 491
Shiyan 20 88 108 4.68 3,406,000 154,620 5 1.61 4.86
Jingzhou 33 145 178 5.18 6,410,000 463,860 13 2.56 5.23
Yichang 20 38 108 4.68 4,169,200 206,160 5 1.61 4.99
Xiangyang 2 9 11 2.40 6,050,000 309,240 1 0.00 5.64
Ezhou 1 5 6 1.79 1,076,900 309,240 2 0.69 5.23
Jingmen 38 167 205 5.32 3,000,000 257,700 18 2.89 5.24
Huanggang 122 535 657 6.49 7,500,000 979,260 86 4.45 6.11
Xiaogan 55 241 296 5.69 5,300,000 1,030,800 58 4.06 6.18
Xianning 43 189 232 5.45 2,535,100 360,780 33 3.50 4.81
Enshi 17 75 92 4.52 4,026,100 154,620 4 1.39 4.06
Suizhou 36 158 194 5.27 2,216,700 206,160 18 2.89 5.25
Shennongjia 1 5 6 1.79 76,700 5,154 1 0.00 1.79
Qianjiang 5 22 27 3.30 962,000 103,080 3 1.10 1.94
Xiantao 11 49 60 4.09 1,563,500 206,160 8 2.08 4.36
Tianmen 5 22 27 3.30 1,609,200 154,620 3 1.10 4.12

In order to reduce the heteroscedasticity of the
data and study the growth trend of the number of in-
fected people, the natural logarithm of the data was
taken to highlight the elasticity of the data without
changing the data attributes. Since x is the number
of people, it is rounded up. All the data covered in
this article are shown in the 7able 2.

3.2 Method

Spatial econometrics makes up for the spatial
correlation and spatial heterogeneity caused by the
proximity of a geographical space. The parameter-
isation of spatial structure can test the relationship,
direction, and intensity of the interaction among
control variables more accurately. Considering
COVID-19 as a shock to Wuhan, which inevitably
affects other cities due to inter-city traffic, spatial
econometrics was introduced to study the spatial
correlation of the epidemic transmission.

Moran'’s I

Spatial econometrics holds that the economic
growth of a region is often spatially interdependent
on the economic growth of its surrounding regions.
When an impact occurs in one region, it will have
a spillover, which would affect the surrounding re-
gions. There are many methods to measure this spa-

tial autocorrelation, and the most commonly used is
Moran's [ test. Moran's I ranges from -1 to 1, where
the value -1 represents a negative spatial correlation
and 1 represents a positive spatial correlation. If two
adjacent regions have similar characteristics, the I
statistic tends to be positive and vice versa. Accord-
ing to Anselin [37], Moran's [ is:

n

\ Lz; /Zl WijXiX j
BT
where n is tlhé number of cities included in the anal-
ysis, W is the element of spatial weight matrix W,
Xp X, respectively, represent the deviation in 7 and j
variables, and s, is the standardisation factor, being
equal to the sum of the elements of the weight ma-
trix W.

W is an important component of spatial modeling
and an important tool for quantifying spatial depen-
dencies between observations, usually expressed
as an N-order symmetric non-negative matrix, in
Equation 3, in which the elements represent the con-
nection between two regions, and this connection is
exogenous information, set according to the actual
situation.

2)

Wil Win

W=

)

Wnl = Wmn
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The spatial weight matrix is generally divided
into two categories, one is the Contiguity Weight
Matrix and the other is the Distance Weight Matrix.
Different spatial weight matrices are chosen due
to the different definitions of inter-regional inter-
actions. Tobler's first law of geography states that
adjacent units exhibit a higher degree of spatial de-
pendence than the geographically distant units [38].
This is the concept of diffusion of friction in space.
Therefore, the spatial weight matrix in this paper
takes the reciprocal of the distance between 17 cit-
ies, which means that the spatial dependence of the
observation areas decreases with the increase of the
interregional distance.

Wi = 1/dij

“4)

To measure the average impact, the spatial
weight matrix is also standardised, which means
that the sum of each row of elements in the matrix
is equal to 1.

wy = wi/ Z:] Wi ®))
iz

Spatial econometric model

Spatial Lag Model (SLM) reflects that the re-
gional economic behaviour is influenced by the
behaviour of other interdependent regions, and has
nothing to do with the indirect influence of exoge-
nous explanatory variables that may be interdepen-
dent. The model can be described as follows:

Y=pWY+XB+e¢ (6)
if (I-pW)! exists, Equation 6 can be simplified as:
Y=(I-pW)"' (a+pX+e) (7

where p is the spatial regression correlation coef-
ficient, its economic meaning is the intensity of
cross-regional spillover (spatial spillover), a is the
constant, f reflects the effect of independent vari-
ables on dependent variable, ¢ is the random error
vector.

Equation 7 clearly describes that in the case of the
COVID-19 outbreak in Wuhan, the transmission is
also affected by the scale of the epidemic in oth-
er surrounding cities through the spatial multiplier
effect (I-pW)!. Spatial lag model can indicate the
direct influence between the explained variables in
different regions.

To address the question of how inter-city traffic
affects the transmission of COVID-19, in this paper,
the spatial lag model is written as follows:

LNY = pWLNY + LNX, 81 + LNX> 3>+ €

®)

Equation 8 reveals that the number of new diagno-
ses on 29 January is determined by four factors. The
first is the number of confirmed cases in surround-
ing cities, that is, the spatial spillovers brought by
inter-city traffic. The second is the number of con-
firmed cases in this region on 23 January. The third
is the floating population brought by inter-city traffic
and the fourth is the random error term.

Spatial Error Model (SEM) reflects that the re-
gional economic behaviour is affected by the random
error shock of the interdependence of other regions.
The explained variables also depend on a set of local
characteristics observed in the regional economic be-
haviour and some important variables (error terms)
that are ignored in the geographic space. Thus the
model can be expressed as follows:

Y=XB+u

©)
(10)

where 4 is the spatial error term regression coeffi-
cient, which indicates that the spatial error spillover
effect of the error term of the sample observation is
measured. If (I-1W)!, the above equation can be sim-
plified as follows:

H=AWu+e

Y=a+XB+(I-AW)'e

(1n)

To address the question of how inter-city traffic
affects the transmission of COVID-19, the spatial er-
ror model is written as follows:

LNY = LNX:B1+LNX2 81+

(12)
(13)

Equations 12 and 13 suggest that the number of new
diagnoses on 29 January is determined by three fac-
tors. The first is the number of confirmed cases on 23
January, the second is the number of floating popu-
lation caused by inter-city traffic, and u is the error
term. The error term includes two aspects, the first is
the influence of super-spreaders in the surrounding
area, and ¢ is the random error term.

The difference between spatial lag model and spa-
tial error model lies in that the former reflects spatial
substantive correlation, while the latter gives spatial
indirect correlation.

If only the SLM or the SEM is employed, the es-
timated results will be biased. Based on the spatial
lag model and spatial error model, the Spatial Lag
Error Model (SLEM) is proposed, which not only

U=AWl+¢€
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considers the impact of the number of infected peo-
ple in the surrounding areas, but also the error of the
number of infected people in the surrounding areas.

The mathematical expression of the spatial lag er-
ror model is as follows:

Y=pWY+XB+u

(14)
(15)

To address the question of how inter-city traffic
affects the transmission of COVID-19, the spatial
lag error model is written as follows:

H=AWu+€

LNY = pWLNY + LNX, 81+ LNX> B> +

(16)
(17

Equations 16 and 17 indicate that the number of new
diagnoses on 29 January is determined by four fac-
tors. The first is the number of confirmed cases in
surrounding cities, that is, the spatial spillover ef-
fect brought by inter-city traffic; the second is the
number of confirmed cases in this region on 23 Jan-
uary; the third is the floating population brought by
inter-city traffic; and u is the error term. The error
term includes two aspects: the first is the influence
of possible super spreaders in the surrounding area
and ¢ is the random error term.

The SLEM is a generalised form of the spatial
lag model as well as the SEM. When p=0 and 4£0 ,

H=AWu+e

number of confirmed COVID-19 patients on 29
January in the Hubei province. It can be seen that
the cities with the high quartile are mainly distrib-
uted in the northern part of the Hubei province. The
middle quartile cities are mainly distributed in the
south of the Hubei province. The low quartile cities
are located in eastern and central Hubei province.
And the number of cities in the three quartiles is
relatively average.

To calculate the spatial correlation of the ep-
idemic transmission among 17 cities in the Hubei
province, Moran's I of Iny was calculated. The scat-
terplot of Moran's I test and its significance after
999 times permutations are shown in Figures 3 and
4, respectively. The horizontal coordinate represents
Iny, and the vertical coordinate is the corresponding
value of the spatial lag. The result of Moran’s I test
is 0.139, and as can be seen from Figure 4, the pseu-
do p-value is 0.047, less than 0.05, so it is signifi-

Moran’s I: 0.139907

2.901

1.701

0.50

Lagged Iny

it degenerates to the spatial error model, and when -0.70+ }
p#0 and 1=0, it degenerates to the SLM. ‘|
\
-1.90
4. RESULTS AND DISCUSSION }
Firstly, a geographic vector graphic of Hubei }
province using ArcGIS software was drawn, and 3'1%,10 2190 -0.70 0.50 170 290
then the GeoDa software was used to process and Iny
analyse the data. Figure 2 shows the quartile of the Figure 3 — Scatter diagram of Moran's I
Xiangyang Suizhou
Jingmen Y [1.946 : 5.011] (6)
iaogan Huanggang [ [5.112:5.398] (5)
Wuhan I [5.425:7.878] (6)
Enshizilou
Figure 2 — The quantile of confirmed patients in the Hubei province
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Permutations: 999
Pseudo p-value: 0.047000

1 h 1 | 11 |

1: 0.1399 E[I]: -0.625 mean: -0.0650 sd: 0.1117 z-value: 1.8344

Figure 4 — Significance of Moran's [

cant at the 5% level. That is to say, the spread of the
COVID-19 among 17 cities in the Hubei province is
not simply a random distribution within cities, but
has a clear positive correlation with geographical
distance.

It can be seen in Figure 3 that the Moran's I scat-
ter diagram is divided into four quadrants by two
dashed lines. The two dashed lines are the mean
of Iny and Iny lag values, respectively. The first
quadrant represents the H-H type, that is, high-in-
fection cities are also surrounded by high-infec-
tion cities. The second quadrant represents the L-H

Table 3 — Space-related patterns in 17 cities

type, that is, cities with low infection numbers are
surrounded by cities with high infection numbers.
The third quadrant represents the L-L type, that is,
low-infection cities are surrounded by low-infec-
tion cities. The fourth quadrant represents the H-L
type, that is, cities with high infection numbers are
surrounded by cities with low infection numbers.
In order to intuitively show the respective spatial
aggregation patterns of the 17 cities, the spatial cor-
relation patterns of all cities are given in Tuble 3. It
can be seen from Figure 5 that the few cities with
a small proportion of inflow from Wuhan, such as
Shennongjia, Shiyan, and Enshizhou, have a small
scale of infection. However, cities with high trans-
port links to Wuhan, such as Ezhou, Huanggang,
Xiaogan, and Jingzhou, are in the first quadrant. The
government departments can issue the different pol-
icies to four different types of city. The cities in L-L
can relax the inter-city traffic control, the cities in
H-H need to strengthen the inter-city traffic control,
the cities in H-L need to strengthen the outflow of
inter-city traffic control, and the cities in L-H need
to strengthen the inflow of inter-city traffic control.

The classical Ordinary Least Squares (OLS) re-
gression model, spatial lag model, and spatial error
model are considered before the spatial lag error

Quadrant Spatialmcggreelation City Quantity
First quadrant H-H ]Jiifll;c;lllélfluanggang, Huangshi, Suizhou, Wuhan, Xiaogan, 7
Second quadrant L-H Qianjiang, Xiantao, Tianmen, Xianning 4
Third quadrant L-L Shiyan, Shennongjia forest areas, Enshi 3
Fourth quadrant H-L Jingzhou, Xiangyang, Yichang 3

Jingmen

Tianmen

Suizhou

I H-H

Xiaogan Huanggang B H-L
Wuhan -

L-H

Ezhou

Huangshi

Figure 5 — Spatial correlation patterns of 17 cities
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Table 4 — Regression results of the four models

Variable OLS SLM SEM SLEM
. 1.01674%%* 1.11545%%* 1.05107%** 1.12176%%*
! (0.123693) (0.12681) (0.10642) (0.1159)
; 0.08635 -0.032005 0.02699 -0.04098
e’ (0.12002) (0.13258) (0.11717) (0.1162)
' 0.102309* 0.00746%**
Wity - (0.07731) i (0.00338)
; ) ) 0.36304* -0.19268 1 *
(0.303196) (0.402768)
constant 0.65531%%* -0.153729* 0.638191%* 0.147342
(0.39046) (0.68977) (0.32711) (0.400559)
R 0.9637 0.9678 0.9663 0.9705

Note: *** significant at the 1% level, ** significant at the 5% level, * significant at the 10% level.

model is performed. Unlike spatial econometric
models, OLS regressions are ordinary least squares
regressions, and spatial econometric models are
maximum likelihood estimate regressions. The OLS
regression is introduced to assume that the epidemic
transmission status among the 17 cities in the Hubei
province is independent of each other.

Table 4 lists the OLS, SLM, SEM, and SLEM re-
gression results. It can be seen that the SLEM has
the best fit compared to the OLS, SEM, and SLM
model. This indicates that the number of new diag-
noses on 29 January is determined by four factors as
given in Equations 16 and 17.

By comparing the four models, R? of all four
models is close to 1, indicating that the independent
variables are well chosen. In addition, /nx, for all
four models is very significant, implying that the
number of people diagnosed on 29 January is still
mainly influenced by the scale of the epidemic in
their own city on 23 January. The constant terms of
the OLS, SLM, and SEM model are significant in
different degrees. This indicates that for these three
models there is a part of the independent variable
that influences the dependent variable, which leads
to the correlation between the constant term and the
dependent variable. The constant term of the SLEM
is not significant, revealing that all relevant factors
are taken into account.

According to the regression results of the SLEM,
without limiting the inter-city traffic, for every per-
centage point increase in /nx,, there is a 1.12176
percentage point increase in /ny. The coefficient of
winy, p, for every one percentage point increase, /ny

increases by 0.00746 points. For each percentage
point A increase, /ny decreases 0.192681 percentage
points.

5. CONCLUSIONS

Based on the Baidu Migration data and the clas-
sic spatial econometric model, this paper investi-
gates the impact of inter-city traffic restriction on
COVID-19 transmission. The main conclusions are
as follows:

1) The article shows the inter-city traffic situa-
tion of Wuhan, and the traffic susceptibility of
various transportation vehicles. It is found that
the ordinary train is the most common mode of
transportation in the Hubei province, which is
the easiest way to spread the virus. That is to say,
COVID-19 is extremely easy to spread through
inter-city traffic in Wuhan.

2) By using real data of confirmed cases in 17 cit-
ies respectively, and introducing the Moran’s I
test, it can be seen that the COVID-19 transmis-
sion is related to the geographical location and
presents a positive spatial correlation. In other
words, when the severity of the epidemic in a
city is explored, it is not enough to consider only
the number of confirmed cases in that city, but
also the number of confirmed cases in the sur-
rounding cities.

3) According to Moran’s I test, 17 cities are divid-
ed into four types, namely, H-H, H-L, L-H and
L-L, which respectively represent high-infec-
tion cities surrounded by high-infection cities,
high-infection cities surrounded by low-infec-
tion cities, low-infection cities surrounded by
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high-infection cities, and low-infection cities
surrounded by low-infection cities. This can
provide the government with new ideas: for
H-H-type cities, the inter-city traffic restriction
should be strengthened, for H-L-type cities, they
need to strengthen the outflow of inter-city traf-
fic control, and for L-H-type cities, the inflow of
inter-city traffic control should be strengthened,
while for L-L-cities, they can relax the inter-city
traffic restriction.

4) By comparing the OLS model, spatial error mod-
el, spatial lag model, and spatial lag error model,
it is found that the spatial lag error model is well
adapted, verifying that the number of new diag-
noses on 29 January is determined by four fac-
tors. The first is the number of confirmed cases
in surrounding cities, that is, the spatial spillover
effect brought by inter-city traffic, the second is
the number of confirmed cases in this region on
23 January, the third is the floating population
brought by inter-city traffic, and the fourth is the
error term. The error term includes two aspects:
the first is the influence of possible super spread-
ers in the surrounding area; the second is the ran-
dom error term.

5) According to the regression results of the SLEM,
the main reason for the epidemic affecting a cer-
tain region is the number of local infections, but
the scale of the epidemic in surrounding areas
still has a small but not negligible impact on the
spread of the virus.

Due to the lack of medical experience in the
early stages of the epidemic, there have been many
examples of diagnostic errors, which have brought
some data error. Moreover, this paper did not take
the neighbouring cities of the Hubei province into
consideration. In addition, since the COVID-19
pandemic took place in the capital city of the Hubei
province, the spatial effect of the spread was ampli-
fied to some extent, and this can be used to improve
future research.
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