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This paper first estimated the infectious capacity of COVID-19 based on the time series evolution data of confirmed
cases in multiple countries. Then, a method to infer the cross-regional spread speed of COVID-19 was introduced in this
paper, which took the gross domestic product (GDP) of each region as one of the factors that affect the spread speed of
COVID-19 and studied the relationship between the GDP and the infection density of each region (mainland China, the
United States, and EU countries). In addition, the geographic distance between regions was also considered in this method
and the effect of geographic distance on the spread speed of COVID-19 was studied. Studies have shown that the probability
of mutual infection of these two regions decreases with increasing geographic distance. Therefore, this paper proposed an
epidemic disease spread index based on GDP and geographic distance to quantify the spread speed of COVID-19 in a
region. The analysis results showed a strong correlation between the epidemic disease spread index in a region and the
number of confirmed cases. This finding provides reasonable suggestions for the control of epidemics. Strengthening the
control measures in regions with higher epidemic disease spread index can effectively control the spread of epidemics.

Keywords: COVID-19 basic reproduction number, gross domestic product (GDP), geographic distance, cross-
regional spread

PACS: 89.20.–a, 89.70.–a, 89.75.–k DOI: 10.1088/1674-1056/acd7d1

1. Introduction
At the beginning of 2020, the outbreak of COVID-19 hit

the majority of countries and regions on this planet.[1] On
January 30, 2020, the World Health Organization (WHO) an-
nounced that a “public health emergency of international con-
cern” had occurred.[2] In the face of such a serious situation,
many measures were taken by various countries, such as cut-
ting off transportation networks, closing public places, reduc-
ing people’s travel, etc.[3,4] Although these measures have pre-
vented the virus from spreading to a certain extent, they also
caused great inconvenience to people’s work and life. In the
future, they may also cause a global economic crisis and cause
a serious economic recession.[5,6]

Understanding the spread characteristics of COVID-19
and identifying the factors that affect its spread is a se-
rious and challenging problem that has attracted attention
in various fields, including biology, sociology, physics, and
computer science.[7–11] An infectious disease model provides
a powerful framework for investigating the infectious dis-
ease spread in populations.[12,13] The classical susceptible–
infected–recovered (SIR) model[14] divides the total popu-
lation into three different classes: the susceptible class de-
noted by S, which represents individuals who are not yet
infected by the disease; the infected class denoted by I,
which represents those who have been infected with the dis-
ease; and the recovery class denoted by R, which repre-

sents individuals who have recovered from the disease. Simi-
lar infectious disease models include the susceptible–infected
(SI) model, the susceptible–infected–recovered–susceptible
(SIRS) model, the susceptible–exposed–infected–recovered
(SEIR) model, and so on.[15–17] The infectious disease model
has been widely used in simulating the spread process of
COVID-19 and predicting the trend of the number of infected
cases.[18] Most of this infectious disease model is simulated
through small-world[19] networks, scale-free networks[20] or
other real networks. The small-world network and scale-free
network, as a kind of homogeneous network, are often used to
simulate the virus spreads in a local region.[21]

When the virus spreads across regions, its spread speed
is affected by differences between regions, such as the net-
work structure of social relationships, contact frequency, pro-
tective measures, etc., and cannot be described by a homo-
geneous network. Many scholars have studied the impact of
regional differences on the spread of the virus from a macro
perspective. COVID-19 is a highly contagious disease that can
be transmitted through respiratory droplets, airborne transmis-
sion, and contact, and the virus has an incubation period of 0–
21 days.[22] Patients in the incubation period would not show
any symptoms, but they still have the ability to spread the virus
to other people. Therefore, population movement between re-
gions is an important factor affecting the cross-regional spread
of the virus.[23]

In addition to population movements, climate, air pol-
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lution, etc. are also factors that influence the spread of the
virus.[24,25] Tian et al. found that temperature and humidity
are negatively correlated with daily cases of COVID-19.[26] In
northern China, the negative effects of rising temperature on
COVID-19 were counteracted by aggravated air pollution. In
southern cities, the rising temperature restrained the facilitat-
ing effects of air pollution on COVID-19. Furthermore, factors
such as occupation, individual immune responses, attitudes
towards vaccination, whether or not a person has basic dis-
eases, age, and prevention and control measures can all affect
the spread of the epidemic.[27–32] Due to the extremely com-
plex factors affecting the spread of COVID-19, it is not pos-
sible to consider them all comprehensively.[33,34] Some stud-
ies have shown that gross domestic product (GDP)[35,36] and
distance[37,38] are more important factors in affecting COVID-
19 spread, so in this article, we will consider GDP and dis-
tance together and focus on their relationship with COVID-19
spread.

In our previous study,[35] the correlation between the
GDP and the number of confirmed cases in a region was con-
firmed. An epidemic growth index based on factors such as
GDP is proposed to quantify the virus spread in the region.
Later, Jayson et al.[36] also found in their research that there
is a strong correlation between the confirmed cases in various
provinces and cities in China and the region’s GDP. As the
virus continues to spread, varying numbers of infected people
have been found in most countries. To ascertain the differ-
ences in the infectivity of the virus in different countries, the
basic regeneration number of COVID-19 is calculated in dif-
ferent countries. Then, the number of confirmed cases in rela-
tion to GDP and geographic location is analyzed in the follow-
ing countries: the United States, the European Union member
states, and China.

The main points of this paper are as follows. In Section 2,
the infectivity of COVID-19 in different countries through the
basic reproduction number is analyzed in different countries.
The impact of economic and geographic factors on the spread
speed is analyzed when COVID-19 spreads across regions,
and the epidemic disease spread index is defined to measure
the spread speed of COVID-19 from high-risk regions to other
regions in Section 3. Section 4 is the conclusion of this paper.

2. Local evolution of infectious diseases
2.1. Data collection

As of 4 Aug 2020, more than 200 countries had been in-
fected to varying degrees, with the total number of confirmed
cases exceeding 18 millions. Among them, the infections
in China, Germany, Britain, France, Spain, and the United
States are more serious. In order to study the factors influenc-
ing the spread speed of COVID-19 across regions, this paper

separately counts the data of confirmed cases, GDP, and geo-
graphic location in the US states, the EU member states, and
Chinese provinces and cities.

China Infection data for China were obtained from the
National Health Commission of the People’s Republic of
China and the Health Commission from the provinces.[39]

They include the numbers of confirmed cases for 22 provinces,
5 autonomous regions and 4 municipalities (excluding Hong
Kong, Macao, Taiwan province, and Hainan province), and
span from Jan 22 to July 17. China’s population data were
from the World Population Network’s Seventh National Popu-
lation Census.[40] GDP data for China were obtained from the
National Bureau of Statistics of China.[41] Geolocation data
for China were obtained from Google Maps.

United States Infection data for America were obtained
from the United States of America Facts (USA FACTS).[42]

They include the numbers of confirmed cases for 48 states, and
span from Feb 15 to July 17. US population data were from
World Population Network.[43] GDP data for America were
obtained from the US Bureau of Economic Analysis.[44] Ge-
olocation data for America were obtained from Google Maps.

European Union Infection data for member states of the
European Union were obtained from the European Centre for
Disease Prevention and Control (ECDC).[45] They include the
numbers of confirmed cases for 27 countries, and span from
Feb 15 to July 20. Population data for EU countries were from
Eurostat.[46] GDP data for all the countries of the European
Union were obtained from Statista.[47] Geolocation data for
the European Union were obtained from Google Maps.

2.2. Modeling the local spread of infectious disease

The COVID-19 spread is described by the SEIR model
including ‘susceptible–exposed–infected–recovered’. In the
SEIR model, if an infected individual or exposed individual
comes into contact with a susceptible individual, the probabil-
ity (infection rate) of the susceptible individual being infected
is β . The probability of an exposed individual becoming in-
fected is γ1 at each time stamp. The probability of an infected
individual recovering is γ2 at each time stamp.

The spread process of the SEIR model can be described
by the following four differential equations:

dS (t)
dt

=−βS(t)I(t)
N

,

dE (t)
dt

=
βS(t)I(t)

N
− γ1E(t),

dI (t)
dt

= γ1E(t)− γ2I(t),

dR(t)
dt

= γ2I(t),

(1)

where S (t), E (t), I (t), R(t) represent the numbers of individ-
uals who are susceptible, exposed, infected and recovered in
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the network at time stamp t. N represents the total number of
individuals in the network, and N = S(t)+E(t)+ I(t)+R(t).
S(t) = N, I(t)→ 0,E→ 0,R(t) = 0 when t = 0.

2.3. Infectious analyses

The basic reproduction number R0
[48] is the number of

infections caused by a single source of infection in a suscep-
tible population, which is widely used to assess the ability of
an infectious disease to spread in a population. The greater
the basic reproduction number, the greater the ability of this
infection to spread. If R0 < 1, the spread size of the infectious
disease would gradually decrease and eventually disappear. If
R0 > 1, this infectious disease may cause large-scale infections
in the population if no measures are taken in time. Based on
the model proposed in Eq. (1), the basic regeneration number
can be expressed as follows:

R0 =

(
1+

λ

γ1

)(
1+

λ

γ2

)
, (2)

where λ = lnY (t)/t is the growth rate when the epidemic is in
the early stages of spreading. Y (t) is the number of confirmed
cases who have already exhibited symptoms of infection at
time stamp t since the virus was detected. The incubation pe-
riod (of disease) TE = 1/γ1, infection period TI = 1/γ2, genera-
tion time Tg = TE+TI, and exposed individuals as a percentage
of generation time ρ = TE/Tg, so the basic reproduction num-
ber can be expressed as follows:

R0 = 1+λTg +ρ (1−ρ)
(
λTg
)2
. (3)

As can be seen in Eq. (3), λ , ρ and Tg determine the size of
R0. Initial reports (on 5 January 2020)[49,50] mentioned that
of the 59 suspected cases, 41 were confirmed, which means
the probability q = 41/59 = 0.695 of being diagnosed with
suspected infection. Considering the delay caused by limited
testing conditions and medical resources, as well as the possi-
bility of potential cases not seeking medical treatment,[51–54]

we estimate the confirmation rate to be 0.5 in this article, so
setting q= 0.5 serves as the lower limit of the daily probability
of confirming the diagnosis, while q = 1 serves as the upper
limit. Although this estimation is not accurate and has certain
limitations, it still has some practical significance. In addition,
when the first case was detected in each country was set as the
initial time of detection of the outbreak t = 0. The ρ value of
the SARS virus is between 0.6 and 0.8.[55] According to the
study,[56] COVID-19 is highly similar to the SARS virus, so
take the ρ for COVID-19 to be 0.6–0.8. Let ρe = ρ (1−ρ),
then for all possible values of ρ , the maximum value of ρe is
0.51, and the minimum value of ρe is 0.43. The maximum and
minimum values of ρe were used as upper and lower bounds
for the calculation of the basic regeneration number R0, re-
spectively. The value of Tg is 8.4.[57]

Based on the time series evolution data of the infected
cases in multiple countries, this paper studies the differences in
the infectivity of COVID-19 in different countries and regions
through the basic reproduction number, as shown in Fig. 1.
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Fig. 1. Basic reproduction number by country.
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As can be seen from Fig. 1, at the beginning of the
COVID-19 spread, the basic reproduction number showed
great variation in different countries. For example, the basic
reproduction number of COVID-19 in China is greater than
3, while the basic regeneration number in Spain, Canada, the
USA and Brazil is around 1. The differences in the early ba-
sic regeneration number between countries are due to differ-
ences in prevention awareness and non-pharmacological inter-
ventions. However, the increasing number of confirmed cases
would gradually attract the attention of the government. Each
country will suppress the COVID-19 spread by drawing on the
successful experience of other countries. Therefore, during the
middle stages of the COVID-19 pandemic, the basic reproduc-
tion numbers of various countries stabilized at around 2. Re-
search shows that the basic reproduction number of the Zika
virus is 1.4–6.6,[58] the basic reproduction number of smallpox
is 3.5–6.0,[59] and the basic reproduction number of SARS-
CoV is 2.2–3.7.[60] After comparison of the basic reproduc-
tion numbers of the several kinds of infectious diseases above,
it can be found that COVID-19 is an infectious disease with
medium infectious capacity. Given the history of fighting in-
fectious diseases, the COVID-19 spread can be prevented and
controlled by taking effective intervening measures.

3. Analysis and modeling of the cross-regional
spread of COVID-19
COVID-19 is spread through person-to-person contact, so

the geographical location would affect the COVID-19 spread
in different regions.

Figures 2(a) and 2(d) show the distribution of the infec-

tion density in US states and EU member states. Different
colors represent the level of infection in a region. The infec-
tion of the red regions is the most serious, and the blue regions
are the least infected. Figures 2(b) and 2(e) show the distribu-
tion of GDP for US state and EU member state, respectively.
The red regions are those with the highest GDP and the blue
regions are those with the lowest GDP.

It can be seen that the GDP of most countries and regions
has a certain similarity with the infection density (regions with
high infection density also have high GDP values). According
to the statistics, it can be found that Zhejiang, Guangdong,
Hubei and Anhui have higher GDP, and the infection density
is also higher than in other regions. The western and northern
regions of China have slower economic development, lower
GDP, and less infection. For example, in Xinjiang, Tibet, In-
ner Mongolia, and other regions, there are only sporadic in-
fections, and no aggregate infections have been found. Com-
paring Figs. 2(a) and 2(b), figures 2(d) and 2(e) also found a
similar pattern.

Florida, Texas, California, and the northeast of the United
States, as regions with higher GDP in the United States, have
higher infection density than other states with lower GDP. The
GDP of the central and northwestern United States is relatively
low, and the infection density is relatively low. Similarly, Ger-
many, France, Spain, and Italy, as the countries with the high-
est GDP among the EU member states, have more than 50000
confirmed cases, far exceeding other EU member states. On
the other hand, Estonia, Latvia, Lithuania, Slovakia, Hungary,
Slovenia, Croatia, Bulgaria, and Greece have relatively low
GDP among all EU member states, and the number of con-
firmed cases is relatively low, at less than 1000.

(a) (b) (c)

(d) (e) (f)

Fig. 2. The relationship between the infection density and factors such as GDP and geographic location in the US and the European Union.
Panels (a)–(c) is America; data collection took place on April 5th, 2020. Panels (d)–(f) is the European Union; data collection took place on
April 1st, 2020. The radius of the node in panels (c) and (f) represents the normalized GDP value of that country or region. The color of the node
in panels (c) and (f) represents the infection density in that country or region.
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Figures 2(c) and 2(f) show the relationship between the
infection density, GDP, and geographic location in each re-
gion. Each node represents a city, province, state, or country.
The relative position between the nodes represents their true
geographic location. The radius of the node represents the
GDP of the region, and the color of the node represents the
magnitude of infection density in the region.

Combining Figs. 2(c) and 2(f), it can be seen that the in-
fection degree in each region is not only related to its GDP
value but is also related to the geographical location of each
region. If a region is closer to a high-risk region, the region
would have more frequent contact with people in the high-risk
region (the outbreak was earlier and the number of infections
was larger), and the virus would spread faster locally.

As can be seen from Fig. 2(a), the infection of the states
of the northeastern United States is more serious than in other
regions. Among them, the infection in New York is the most
serious, and the outbreak in New York also occurred earlier
than in other states. With similar GDP, states closer to New
York such as Michigan, Pennsylvania, and New Jersey have
more severe infection status, while states such as Wisconsin,
North Dakota, Iowa, and Missouri are slightly farther away
from New York and have a relatively low infection density in
the region. Florida, Texas and California are far from New
York, but because of their higher GDP, their infections are also
more serious than those in their surrounding states. The other
states in the western United States are farther from New York
and have lower GDP, so the lower the impact of New York.

As can be seen from Fig. 2(f), among all member states
of the European Union, the infection of southwestern countries
is more serious than in the east and north. Among them, Italy
is a country that caused large-scale infections earlier. With
a small difference in GDP, countries such as Belgium, Aus-
tria, and Portugal, because of their proximity to Italy, are also
more severely infected than other more distant countries such
as Poland, Sweden, Romania, and Bulgaria.

In summary, it is known that GDP is a monetary mea-
sure of the market value of all the final goods and services
produced in a specific time period. It reflects the trade and

market size of a country (or region). People in regions with
large trade and markets tend to communicate and cooperate
more frequently, which invisibly increases the frequency of
people’s contact and creates opportunities for the spread of the
virus. However, this is often limited by distance. Under the
same trade and market size, it is often easier for two closer
regions to communicate and cooperate. However, when the
trade and market scale of a region is large, it is often irreplace-
able in economic activities, and even if the distance is greater
than other regions, there would be frequent exchanges and co-
operation with other regions. As shown in Fig. 3, assuming
that there are four regions A, B, C, and D, the GDP of regions
A, B, C, and D is A = D > B = C, and the distance from re-
gion A is B = D > C, then the frequency of contact between
region A and regions B, C and D is D > B > C.

A BC

D

Fig. 3. Relationships between regions. The size of the node represents the
GDP of the region, the length of the edge represents the distance between
the two regions, and the thickness of the arrows represents the frequency
of contact between the two regions.

Based on the above analysis, the following definition is
made.

Definition 1 Θ is the epidemic disease spread index,
which can measure the spread speed of the virus from high-
risk region j to region i

Θi j =
YiYj

di j
2 , (4)

where Yj is the GDP of the high-risk region j, Yi is the GDP
of region i, di j is the geographic distance between high-risk
region j and region i.

Figure 4 shows the COVID-19 spread process across re-
gions from high-risk regions to other regions. The direction of
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the arrow indicates the direction of the virus spread. The thick-
ness of the arrows represents the extent to which the high-risk
region has impacted the regions. It can be seen from Fig. 5
that the size of the epidemic disease spread index has a positive
correlation with the number of confirmed cases in each region.
The larger the epidemic disease spread index, the greater the
number of confirmed cases in this region. It can be seen that
when the epidemic disease spread index of a certain region is
less than 2, as the epidemic disease spread index increases, the
number of confirmed cases increases rapidly. When the epi-
demic disease spread index is greater than 2, as the epidemic
disease spread index increases, the number of confirmed cases
increases slowly. This shows that the degree of infection in
various regions is not only affected by factors such as eco-
nomic factors and geographical factors, but also by medical
conditions, coping measures, and the age structure of popula-
tions in different regions, which is beyond the scope of this
discussion.

4. Conclusion
In this paper, the spread dynamics of COVID-19 in lo-

cal regions are simulated by the SEIR model, and the basic
reproduction number of COVID-19 in different countries is
estimated based on the time series data of confirmed cases in
China, the USA, Brazil, France, and other countries. The re-
sults show that COVID-19 is similar to SARS in infectivity,
slightly lower than the Zika virus and smallpox, and is a mod-
erately transmissible disease. The infectivity of COVID-19 is
not significantly different in each country, so effective protec-
tive measures can be used to control the spread. Then, this
paper examines the impact of differences between regions on
the spread speed when the COVID-19 spread is cross-regional.
Studies have shown that when the COVID-19 spread is from a
high-risk region to other regions, the spread speed has a posi-
tive correlation with the GDP of the two regions and a negative
correlation with the distance between the two regions. In other

words, countries and regions with high GDP are more suscep-
tible to infecting each other. Similarly, if a region is closer
to a high-risk region, COVID-19 spreads more rapidly in that
region. In addition, an epidemic disease spread index based
on GDP and geographical distance is defined to measure the
spread speed of COVID-19 from high-risk regions to other re-
gions. The reliability of the epidemic disease spread index is
verified by comparing it with the number of confirmed cases.
The results showed that there was a positive correlation be-
tween the epidemic disease spread index and the number of
confirmed cases. When a region has a high epidemic disease
spread index, the number of confirmed cases is also higher
than in other regions. This finding has provided an effective
suggestion for the control of the epidemic situations in various
countries of the world. When a region has a high epidemic
disease spread index, stricter quarantine measures and more
medical resources are needed to control the COVID-19 spread.

Acknowledgments
Project supported by the National Natural Science Foun-

dation of China (Grant Nos. 62266030 and 61863025), Inter-
national S & T Cooperation Projects of Gansu province (Grant
No. 144WCGA166), and Longyuan Young Innovation Talents
and the Doctoral Foundation of LUT.

References
[1] Kang D Y, Choi H, Kim J H and Choi J 2020 Int. J. Infect. Dis. 94 96

[2] Ivorra B, Ferrández M R, Vela-Pérez M and Ramos A M 2020 Com-
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