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The COVID-19 infections have profoundly and negatively impacted the whole world. Hence, we have modeled the dynamic spread of global COVID-19 infections with the connectedness approach based on the TVP-VAR model, using the data of confirmed COVID-19 cases during the period of March 23rd, 2020 to September 10th, 2021 in 18 countries. The results imply that, (i) the United States, the United Kingdom and Indonesia are global epidemic centers, among which the United States has the highest degree of the contagion of the COVID-19 infections, which is stable. South Korea, France and Italy are the main receiver of the contagion of the COVID-19 infections, and South Korea has been the most severely affected by the overseas epidemic; (ii) there is a negative correlation between the timeliness, effectiveness and mandatory nature of government policies and the risk of the associated countries COVID-19 epidemic affecting, as well as the magnitude of the net contagion of domestic COVID-19; (iii) the severity of domestic COVID-19 epidemics in the United States and Canada, Canada and Mexico, Indonesia and Canada is almost equivalent, especially for the United States, Canada and Mexico, whose domestic epidemics are with the same tendency; (iv) the COVID-19 epidemic has spread though not only the central divergence manner and chain mode of transmission, but also the way of feedback loop. Thus, more efforts should be made by the governments to enhance the pertinence and compulsion of their epidemic prevention policies and establish a systematic and efficient risk assessment mechanism for public health emergencies.
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INTRODUCTION

In December 2019, the COVID-19 epidemic merged in Wuhan, China, which has multiple characteristics, including high infectivity. The number of patients increased drastically at the beginning of the outbreak, due to the above characteristics of the epidemic (1). Within the following 2 months, the COVID-19 epidemic spreads to all provinces in China and all countries around the world, causing a serious global epidemic that has led to millions of confirmed and fatal cases worldwide, causing serious negative impacts on various economies and arousing widespread global attention. The WHO officially labeled the eruption of COVID-19 a pandemic on 11, March 2020.

The global spread of the COVID-19 epidemic not only poses a threat to life and property, but also a great challenge to global economic development, which increases the economic policy uncertainty (2, 3). In the meantime, the negative impact of COVID-19 will continue to be transmitted to the capital market through the industrial chain, the supply chain, and the capital chain, which will aggravate the volatility and risk contagion of domestic and foreign financial systems and severely impact the investing confidence of financial markets in various countries, increasing the possibility of an outbreak of global systemic financial risks and even a global economic crisis (4).

Although the infections of COVID-19 has been partially controlled through home quarantine, vaccination and other interventions in some countries; nonetheless, the transmission of COVID-19 is dynamic and repetitious, and most countries are still struggling to cope with repeated waves of epidemic caused by imported infections (5–10).

Modeling the global dynamic contagion of the COVID-19 infections is necessary to clarify the transnational transmission paths and control the contagion of overseas epidemic, so as to avoid frequent and repeated domestic epidemics. This study aims to examine and calculate the degree of the dynamic contagion of epidemic among countries and the transmission relevance, identify the time-varying and dynamic pattern of the epidemics contagion in sample countries. We hope the results could provide empirical evidence and insights for the policy-makers and scholars.

Considerable effort has been devoted to the study of the transmission dynamics of COVID-19. The current literature mostly focuses on using alternative data and models to dynamically predict the global spread of COVID-19, including predicting the fluctuation trend of the cumulative number of confirmed cases and the cumulative number of fatal cases, and measuring the R value.1 For example, Liu et al. (11) found that the average latent period of the COVID-19 epidemic was 4.8 days, and the methods of exponential growth (EG) and maximum likelihood (ML) were used to estimate the R value, with the results of 2.90 and 2.92, respectively. Zhu et al. (12) proposed a time delay reaction-diffusion model that is closer to the actual spread of the COVID-19 epidemic, taking into account the relapse, time delay, home quarantine and temporal-spatial heterogeneous environment that affect the spread of the COVID-19. The spread of the epidemic can be described more accurately by the main eigenvalue λ2 depicted in this model than the basic reproduction number-R value. In addition to the above models, SIR and SEIR models proposed by Kermack and McKendrick (13) have also been used to explore the spread of COVID-19. For example, Teles (14) simulated the MERS epidemic in Korea by using the SIR model to assess the evolution of the curve of the number of COVID-19 cases in Portugal. Tang et al. (15) derived the basic reproduction number of COVID-19 through SEIR model analysis. While Pandey et al. (16) employed the SEIR model and regression method to analyze and predict the development of the epidemic in India. Su et al. (17) adopted the SEIR model to estimate the basic reproductive number R0, which was 2.91 in Beijing, 2.78 in Shanghai, 2.02 in Guangzhou, and 1.75 in Shenzhen. Moreover, Huang et al. (18) proposed a time-dependent epidemic model, called T-SIR model, which could effectively model the epidemic dynamics of COVID-19 for all 50 states in the United States, providing insights into the transmission dynamics of the COVID-19 in that country. The Maximum-Hasting (MH) parameter estimation method and the SEIR model were used by Zhao et al. (19) to analyze the spread of COVID-19 in six African countries, which found that the spread of the epidemic depends on how local authorities intervened and what policies they adopted, and the same research was done by Yang et al. (20).

Subsequently, some scholars modified and advanced the SIR and SEIR models to predict the spread of the COVID-19 epidemic more accurately. For example, He et al. (21) applied a particle swarm algorithm to identify the parameters of the SEIR model and introduced seasonal and random infection parameters. Jiang et al. (22) made use of the SINDy-LM method—which balances complexity and prediction accuracy simultaneously—to simulate and research the COVID-19 transmission system in the Chinese mainland, Australia, and Egypt. Kamra et al. (23) applied the PolSIRD model to the spread of the COVID-19 outbreak in the United States; at the same time, counterfactual simulations from out model were also provided by them to analyze the effect of lifting the intervention policies prematurely. In addition, the second wave of the epidemic can correctly be predicted by the model. Based on the SIR and SEIR models, Zou et al. (24) proposed a new model, called the SuEIR model, that considers untested or unreported cases to analyze the spread of COVID-19. There is also a strand of literature that focuses on cluster analysis of the dynamic infectious characteristics of the COVID-19 epidemic in various countries around the world. For example, James and Menzies (25) proposed a cluster-based method to analyze the evolution of multivariate time series, which was applied to the COVID-19 epidemic by separating countries into clusters according to both their cases and death counts.

Furthermore, parts of the research models the global dynamic contagion of COVID-19 from the perspective of contagion networks. For example, Park (26) creates spatial visualizations of COVID-19 transmission network to study the spread of the COVID-19 in South Korea during the Early Epidemic Phase. Yum (27) employs social network analysis to explore how public key players play an important role in social networks for COVID-19. Jo et al. (28) create an infection network and analyze its structural characteristics, using contact tracing information of 3,283 confirmed patients in Seoul metropolitan areas from January 20, 2020 to July 19, 2020. The same method is also used by Wang et al. (29). Moreover, Skums et al. (30) exploited a network-based approach to analysis the transmission network of the SARS-CoV-2 epidemics before the pandemic declaration, employing molecular surveillance data of SARS-CoV-2 epidemics. Currently, the researches of the connectedness have been paid more attention by scholars, while the contagion of point-to-point transmission across countries based on the perspective of the global dynamic spreading structure of the COVID-19 epidemic has been little analyzed by the existing literatures. It is hard to provide a theoretical basis for the government to introduce targeted policies to prevent and control external COVID-19 epidemic impact by only predicting the global evolution trend of the epidemic and classifying and analyzing the epidemic characteristics of countries around the world based on SIR or SEIR and other alternative models. At the same time, conducting the social network analysis cannot clarify the degree of the COVID-19 contagion among countries and the pattern of cross-border epidemic transmission. While using the TVP-VAR-connectedness, not only can we depict the global transmission path of COVID-19 epidemic, but also clarify the level of the inter-country transmission correlation and the inter-country transmission tendency, which are the key to constructing an epidemic prevention and control system for each country and controlling the impact of external epidemic. Thus, inspired by the current literature, this paper uses the connectedness approach based on the TVP-VAR model to model the dynamic spread of the global COVID-19 epidemic.

The contributions of this paper are as follows:

From the perspective of the dynamic transmission structure of the COVID-19 epidemic, we depict the path of COVID-19's global contagion. We calculate the degree of the dynamic contagion of epidemic among countries to clarify the contagion capacity and relative severity of domestic epidemic and cross-border epidemic transmission pattern among countries around the world. We aim to deepen research on the dynamic transmission of the global COVID-19 epidemic, enrich the literature in this field and provide a theoretical and decision-making reference for countries to strengthen prevention and control of the transmission of overseas epidemic.

We combine the connectedness approach based on the TVP-VAR model with research on the dynamic transmission of the global COVID-19 epidemic. This approach builds on the work of Antonakakis et al. (31, 32) and Gabauer (33, 34) who advances the connectedness approach proposed by Diebold and Yilmaz (35–37) and overcomes the burden of the often arbitrarily chosen rolling-window-size that can lead to erratic or flattened parameters and loss of valuable observations, being able to examining the dynamic connectedness at lower frequencies and limited time-series data. This method that is mostly applied to research the correlation effects of one-to-many, many-to-one and one-to-one among variables (38–40, 44) is introduced by us to model the dynamic transmission of the COVID-19 epidemic among countries to broaden the research of the dynamic transmission of the global COVID-19 epidemic.



METHODOLOGY AND DATA


Research Design

To characterize the dynamic spread of the global COVID-19 epidemic, we make use of the connectedness based on the TVP-VAR Model to measure the static and dynamic contagion across countries, depict the transmission path of COVID-19 epidemic among countries, and capture the change trends of one-to-one correlation degree among countries. In the meanwhile, the contagion tendency of the COVID-19 epidemic in various countries is identified to clarify the key countries to ensure the pertinence and effectiveness of the epidemic prevention policies.



Methodology

In this paper, based on the TVP-VAR model, the dynamic contagion indexes are constructed from two perspectives: the dynamic net pairwise connectedness and the dynamic directional connectedness.


The TVP-VAR Model

In particular, the TVP-VAR model can be written as follows:
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where Yt, Yt−1 represents N × 1 an dimensional vector, βt is an N × Np dimensional time-varying coefficient matrix and εt is an N × 1 dimensional error disturbance vector with a N × N time-varying variance-covariance matrix, St. The parameters βt depend on their own values βt−1 and on a Np × Np dimensional error matrix with a N × Np variance-covariance matrix.

The time-varying coefficients and error covariances are used to estimate the generalized connectedness procedure based on generalized impulse response function (GIRF) and generalized forecast error variance decomposition (GFEVD) developed by Koop et al. (41) and Pesaran and Shin (42). To calculate the GIRF and GFEVD, we transform the VAR to its vector moving average (VMA) representation, the expression is as follows:
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where [image: image] and [image: image]. Hence, βi,t and Ai,t are N × N dimensional parameter matrices.

The GIRFs represent the responses of all countries following a change of COVID-19 in country i. We compute the differences between a J-step-ahead forecast where once the COVID-19 epidemic of country i broke out and once where the COVID-19 epidemic of country i did not break out. The differences can be accounted for to measure the magnitude of the contagion of country i, which can be calculated by the following:

[image: image]

[image: image]

[image: image]

where J represents the forecast horizon, δj,t represents the selection vector with one on the jth position and zero otherwise, and Ft−1 represents the information set until t − 1.



The Construction of the Dynamic Net Pairwise Connectedness Index

Subsequently, we compute the GFEVD, which can be interpreted as the variance share one country has on others. These shares are then normalized, so that each row sums up to one, meaning that all countries together explain 100% of the COVID-19 epidemic of country i. This is calculated as follows:
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with [image: image] and [image: image]. Using the GFEVD, we construct the pairwise countries contagion index of COVID-19 epidemic, including the mean level ([image: image]) of spread from country i to country j, which is calculated as follows:
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The mean level ([image: image]) of spread from country j to country i can be calculated as follows:

[image: image]

We extracted Formulas (11) and (12), and defined the net pairwise countries contagion of the COVID-19 epidemic from country i to country j as the contagion of the COVID-19 epidemic from country i to country j minus the contagion of the COVID-19 epidemic from country j to country i. This is calculated as follows:
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The Construction of the Dynamic Directional Connectedness Index

Based on the above study, we can calculate the magnitude of the contagion effect of COVID-19 epidemic between a country and other sample countries, such as the COVID-19 contagion transmitted by country i to other sample countries (TOitContagion). The expression is as follows:
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For the COVID-19 contagion received by country i from other sample countries (FROMit Contagion), the expression is as follows:
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According to Formulas (13) and (14), the Net Contagion denotes the difference between TOitContagion and FROMit Contagion, such as from Formula (16):
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As shown in Formulas (13) and (16), if [image: image] and NETit are positive, it means that the impact of country i on other countries in the network is greater than the reaction of other countries in the network. On the contrary, if [image: image] and NETit are negative, country i is impacted by other countries in the network and accepts their net contagion.




Data

As per the situation of COVID-19 epidemic around the world, we selected eighteen G20 countries in which EU and China are not included in are selected as sample with a wide range (see Table 1 for details), including developed countries and developing countries that locate in Asia, North and South America, Africa, Europe and Oceania. The sum of these countrie's GDP in 2020 accounts for 62.19% 3 of the total global GDP, the sample is representative.


Table 1. Sample countries and abbreviation.
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In addition, the cross-border contagion effects of COVID-19 in different countries is expressed by the correlation of the spread speed of the COVID-19 epidemic in different economies, in which the spread speed is denoted by the first-order logarithmic difference of the number of confirmed COVID-19 cases. The cumulative data of the number of COVID-19 confirmed cases in various countries comes from the COVID-19 epidemic database of Johns Hopkins University.

The sample period starts at the peak of the global COVID-19 outbreak, and the time span covers the period from March 23, 2020, to September 10, 2021. Our weekly data contains a total of 1,386 observations from 18 selected countries.




EMPIRICAL RESULTS


Static Analysis of Global Contagion of COVID-19 Infections

We use the TVP-VAR model to calculate the global cross-border contagion table of the COVID-19 epidemic. As shown in Table 2, the contagion of the COVID-19 epidemic of the sample countries is as high as 1600.3% overall, and the average cross-border contagion in a single economy is as high as 88.9%, which indicates that the COVID-19 epidemic has a significant contagion effect among countries. Of the sample countries, the United States, Canada, Mexico, Brazil, the United Kingdom, Indonesia, Russia and other countries have strong contagion on the system, while the net cross-border contagion of the COVID-19 epidemic in the United States is higher than other economies, reaching 19.9%, due to the fact that the United States has become a new COVID-19 epidemic center after China. For example, the number of newly confirmed COVID-19 cases in the United States has surged from March 2020, and domestic pessimistic expectations have been continuously enlarged under the economic impacted severely with panic spreading. For example, the stock market fused four times in an unprecedented way on March 9, 12, 16, and 18 2020. At the same time, the United States as the center of global economy has close economic and trade ties with many countries, which undoubtedly contributed to its being in a central contagion position within the COVID-19 epidemic. Additionally, the contagion of COVID-19 from the United States has also accelerated by the negative, anti-epidemic behavior of government authorities around the world.


Table 2. Cross-border contagion of COVID-19 epidemic.
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The severity of the COVID-19 epidemic in some countries that are geographically adjacent or close to the United States has increased since the outbreak of COVID-19 in the United States; these countries include Mexico, Canada, and Brazil, amongst others, and their net contagion has also increased to 16.6, 15.5, and 12%. Hence, the geographical location of the three countries that provides a natural channel for the cross-border spread of the epidemic, and the degree of the contagion of COVID-19 epidemic among countries around the world is affected by the geographical distance.

As far as the major net receivers of COVID-19 contagion are concerned, South Korea, Japan and some European countries are at the forefront. For example, the contagion degree of South Korea from other economies is as high as 47%, while Japan's is 10.1% and those of France and Italy are 30 and 21.2%, respectively. The policies about compulsory shutdown and home quarantine were adopted earlier by the above-mentioned countries, which effectively inhibited the contagion of COVID-19, thus the difficulties of anti-epidemic in those countries come from the impact of COVID-19 from outside, which is why these countries present the characteristics of being affected by the COVID-19 epidemic of other countries.

The contagion pattern among selected countries is presented in Figure 1. The network nodes for the United States, Canada, Mexico, Brazil, Turkey, Russia and the United Kingdom are large and prominent, while for South Korea, France, Italy and other countries, the opposite is true, which suggests that they are COVID-19 receiver of the contagion of the COVID-19 epidemic in other countries. Moreover, it can be seen from the edge thickness of the network topological graph that there is obvious heterogeneity in the contagion effects among countries. In particular, the conclusion is as mentioned above.


[image: Figure 1]
FIGURE 1. Directed weighted network for cross-border transmission of the COVID-19 epidemic. The contagion index between countries is taken as the edge weighting, and the contagion between countries is expressed by the thickness of the edge. Meanwhile, the total contagion of each country which is approximated by the size of the “To” index is indicated by the node size.




Analysis of Global Dynamic Contagion of COVID-19 Infections

Dynamics analysis of the cross-border transmission of the COVID-19 among countries around the world is the key to simulating the dynamic transmission of COVID-19. Consequently, based on the first-order log-differential data of the number of confirmed COVID-19 cases in various countries, we analyze the trend of COVID-19 in different countries from a dynamic perspective, concluding that the time-varying characteristic can be reflected in the process of the transmission of the COVID-19 epidemic, which is consistent with the finding in Alarcon et al. (5). As shown in Figure 2, the COVID-19 epidemic outbreak intensified in various countries from March 2020 to May 2020, during which time the growth rate of the number of confirmed COVID-19 cases also reached its peak. Along with an increase in the number of confirmed patients in various countries, and the gradual enhancement of anti-epidemic awareness and the intensity and effectiveness of epidemic prevention policies, the growth rate of confirmed COVID-19 cases has declined. However, COVID-19 has recurred occasionally in various economies in the post-epidemic era, which is highly dynamic due to the impact of frequent cross-border transmissions of epidemics among countries. In Figure 2, the epidemic is shown to have made a comeback in European countries in November 2020, and the growth rate of the number of confirmed cases of COVID-19 rebounded to varying degrees in European countries like Italy, France, Turkey, German, and the United Kingdom. What's more, the number of confirmed COVID-19 patients in South Korea increased sharply in mid to-late August and mid-December, 2020, and the COVID-19 epidemic of Japan began to intensify at the same time due to the geographical proximity between Japan and South Korea.


[image: Figure 2]
FIGURE 2. The growth rate of the number of confirmed cases of COVID-19 in various countries. The solid line represents the growth rate of the number of confirmed COVID-19 cases.



FROM and TO Connectedness Indices

It is particularly necessary for clarifying the dynamic contagion status of each country to measure the dynamic directional contagion of COVID-19 in various countries around the world, clarify the characteristics of periodic changes of national net contagion, and then distinguish the sustainability of national COVID-19 cross-border contagion effects. This necessity arises from the fact that the repeated domestic epidemics in various countries have been caused by cross-border dynamic transmission of COVID-19. We measure the magnitude of the contagion effects of one country on other countries (To Contagion) and other countries on one country (From Contagion) and the net contagion of the sample countries, as shown in Figure 3.


[image: Figure 3]
FIGURE 3. The dynamic directional connectedness of the COVID-19 epidemic. The solid line represents the “To Contagion” of COVID-19 epidemic in country i to other countries, while the dash line represents “From Contagion” of COVID-19 epidemic in country i by other countries, in which the directions of “To Contagion” and “From Contagion” are indicated by plus and minus sign respectively, while the dotted line represents the sum of the two, which is the “Net Contagion” of country i.


The contagion roles played by most countries in the sample are stable to some extent; the United States, Canada, Mexico, the United Kingdom, Brazil, Russia, Indonesia, Turkey have strong contagion impact from a dynamic perspective. Additionally, the net contagion of each country is often negatively correlated with the effectivity, timeliness, and mandatory nature of the domestic anti-epidemic policies, especially under the trend of global economic integration. For example, the contagion of COVID-19 in the United States has been at a high level for a significant amount of time, and the reasons are as follows: first, the compulsory and urgent epidemic prevention of American government authorities who regard economic and employment data as political weights is insufficient, and partisan disputes are also an important obstacle to domestic anti-epidemic measures and the protection of people's right to life and health. Second, given the serious hollowing out of the American manufacturing industry, emergency reserve resources of medical supplies like respirators and masks are sufficient. As shown by the data provided by United States Health Secretary Azar, emergency reserves of medical supplies in the United States included only about 12 million medical-grade N95 masks and 30 million surgical masks, which has not been enough. Moreover, the partial privatization of medical institutions and medical insurance companies has led to high medical costs, which exacerbates the Matthew effect. Third, as the center of global economy, the United States maintains close economic and trade ties with other economies. For example, the United States is the core country in the North Atlantic Treaty Organization and a former member and leading country of the TPP Agreement, so the contagion of the United States' COVID-19 epidemic has been facilitated by the cross-border flow of resources, technology, and talents among these countries.

The levels of severity and external infectivity of the COVID-19 epidemic in Canada and Mexico are also high because the United States borders Canada to the north and Mexico to the south. Canada and Mexico's fluctuation trends of “From Contagion,” “To Contagion” and “Net Contagion” levels are particularly similar to those in the United States, and the tendency of the epidemic among the three countries is synchronized to some extent, which will necessitate higher requirements for epidemic prevention work in North America. In addition, Brazil also has a high magnitude of net contagion, which is closely related to the increasingly close economic and trade ties between Brazil and the United States. The United States has become Brazil's second largest trading partner since 2014, and a series of trade agreements has been signed by 2020, which has created a transmission link between the United States and Brazil, making the COVID-19 epidemic within the two countries resonate and form a negative cycle. Thus, Brazil's COVID-19 epidemic is spreading globally through the trend of economic globalization and population mobility globalization. At the same time, the frequent outbreaks of COVID-19 under the unfavorable domestic anti-epidemic situation in Brazil are also a critical reason for the country's high contagion level. The Indonesian government's slackness in preventing the epidemic and a lack of medical resources is also driving factors for the high cross-border contagion level under the continuous improvement of global economic integration.

Along with population mobility which aggravates the contagion and severity of domestic COVID-19 epidemics (43) such as overseas emigration, the contagion degree of COVID-19 in Turkey has been continuously increasing since 2021. Turkey is geographically bordered by Iran and Europe, and their close relationship due to the long-term economic development means that a large number of Turkish peoples work in Europe or Iran. Hence, population exchanges have intensified the directional contagion of COVID-19 between the countries involved. Especially in 2021, Turkey and other countries have successively resumed work and production, and their vigilance against COVID-19 and awareness of epidemic prevention has also relaxed, which has led to the acceleration of cross-border transmission of the epidemic in these countries. The direction of the net contagion of COVID-19 German changed at the beginning of December, 2020. This change was due to ever-increasing anti-epidemic measures, the epidemic prevention efficiency of the government, and the rich medical resources in the country, which ensured gradual control of the domestic COVID-19 epidemic. However, the overseas COVID-19 epidemics contagion is one of the reasons for periodic changes in the growth rate of the number of confirmed cases in German.

There are still some countries in the sample—such as South Korea, Italy and France—that have always been affected by COVID-19 epidemics in other countries. Among them, the country most significantly affected by the overseas epidemic is South Korea, which has actively adopted China's recommendations for confronting the COVID-19 pandemic, adopting plans for detection, tracking, isolation, and treatment, and frequently introducing policies to combat the epidemic. However, the effectiveness of domestic epidemic prevention and control has been seriously weakened by domestic party disputes. Moreover, religious groups have spread infections and refused to cooperate, continuously amplifying the speed of cross-border transmission and diffusion risk of overseas epidemics. In the meantime, complex and fragile domestic epidemic prevention environment, which include domestic employment pressure and frequent anti-COVID-19 vaccine activities, have also resulted in Italy and France becoming receiver of the contagion of the overseas epidemic.



Net Pairwise Directional Connectedness

The dynamic circumstances of the COVID-19 epidemic in various countries can be fully reflected via the measurement of the dynamic contagion of the COVID-19 epidemic in sample countries, which can also depict the role and its dynamic changes of each country's epidemic in time dimension. Moreover, it is meaningful to further analyze the micro-structure of COVID-19 cross-border contagion in various countries based on research on infection from one country to other countries and from other countries to one country, to clarify the cross-border contagion path. Thus, we will capture and identify the microscopic structure of the COVID-19 epidemic among countries, and then clarify the dynamic characteristics of the contagion.

We depict the net contagion of the COVID-19 epidemic among sample countries. The results shown in Figure 4, suggest that the United States still maintains net contagion to all countries. In particular, the United States, Australia and Japan belong to the “Group of Four;” hence, close economic and trade contacts and frequent personnel mobility between all three countries allowed the access that the COVID-19 epidemic in the United States to spill over to Japan and Australia at an early stage. Given the adjacent geographical location of the United States and Canada, the COVID-19 epidemics in the two countries have a strong synchronization and correlation. When the United State's COVID-19 epidemic was still at its peak at the end of 2020, Canada's epidemic prevention began to decline; for example, family immigrants became largely exempted, and international students were allowed to enter the country. Thus, the contagion of COVID-19 from the United States on Canada has been constantly strengthening. In addition, the United States and the United Kingdom cooperate closely in the fields of trade, finance, science and technology, academia, art and military affairs. Additionally, the United States and the United Kingdom are important investors for each other, which has provided a channel for the contagion of COVID-19 from the United States to the United Kingdom. Countries near the United States geographically also transmitCOVID-19, such as Canada, Mexico and Brazil, which directionally affect India, Australia, Japan, South Africa and other countries, accelerating the global spread of the epidemic.


[image: Figure 4]
FIGURE 4. The dynamic net pairwise connectedness of the COVID-19 epidemic (Part one). The results are based on the connectedness approach based on TVP-VAR model, and the solid line represents the change trend of the net COVID-19 contagion from one country to another.


Europe is another main source of COVID-19 outbreaks, and the United Kingdom and Turkey are the main disseminators, and the United Kingdom has higher contagion level than Turkey. Both countries have persistent contagion on Japan, Australia and German, and the contagion effect of the epidemic between Turkey and German is increasing. The main reason for this increase is that there are a large number of Turkish immigrants in German, with close population mobility between the two countries, and the increase of population mobility after October 2020 under the staged relaxation of anti-epidemic measures has been a fuse for intensifying the transnational spread of COVID-19.

As far as Asian countries and African countries are concerned, Russia and Indonesia whose spread paths have global characteristics are at a high level of net contagion. For example, South Africa, India and Canada can be affected across borders by the COVID-19 of Indonesia, which regards tourism that provides the conditions for the early global diffusion of domestic COVID-19 as the pillar industry of its domestic economy, as shown in Figure 5. Subsequently, many factors such as long-term shortage of medical materials (including vaccines), virus variants, a lack of long-term awareness of domestic epidemic prevention and weak mandatory bans led to the second outbreak of COVID-19 in Indonesia in 2021, and the contagion of COVID-19 from Indonesia to other economies increased again, such as to Canada and India. Consequently, the transmission of the global COVID-19 epidemic has been centered on the United States, the United Kingdom and Indonesia.


[image: Figure 5]
FIGURE 5. The dynamic net pairwise connectedness of the COVID-19 epidemic (Part Two). The results are based on the connectedness approach based on TVP-VAR model, and the solid line represents the change trend of the net COVID-19 contagion from one country to another.


Based on the sample countries, South Korea, France and Italy are intensively affected by the COVID-19 of countries around the world, as shown in Figure 6. Among them, in April 2020, the growth rate of domestic confirmed cases and the degree of being affected by overseas COVID-19 epidemics reached a peak in South Korea, which was related to the strong economic relationship between South Korea and other countries under the trend of global economic integration. For example, a free trade and cooperation agreement covering the fields of economy, trade, science and technology, health and education, has been signed between South Korea and other countries including Canada, countries in the EU and Brazil. Along with continuously strengthening multilateral economic and trade relations, the foreign direct investment flowing into South Korea has increased sharply. At the same time, South Korea, which is a major market in Asia, is also a major consumer of energy and products from chemical industries, which is attractive to foreign capital and talents and provides an opportunity and economic channel for transnational contagion of COVID-19. Since 2021, the net contagion of COVID-19 in South Korea from other countries, such as the United States, the United Kingdom, Russia, Mexico and other countries, has been declining, which is mainly due to the anti-epidemic level being raised to level 3, the strength of entry restrictions for overseas people and compulsory vaccination, indicating that enhancing mandatory and effective anti-epidemic policies can effectively reduce the risk of overseas epidemic affecting. As far as France and Italy are concerned, they have been impacted by contagion of the COVID-19 from the United States, the United Kingdom, Canada, Mexico, Turkey and Russia for a significant amount of time with stability.


[image: Figure 6]
FIGURE 6. The dynamic net pairwise connectedness of the COVID-19 epidemic (Part Three). The results are based on the connectedness approach based on TVP-VAR model, and the solid line represents the change trend of the net COVID-19 contagion from one country to another.


Regarding the three major COVID-19 receiver—which are South Korea, France and Italy—South Korea still maintains the net receiver of the epidemic identity, which indicates that strengthening the intensity of prevention of abroad epidemic affecting is the top priority for South Korea, in its attempt to effectively control the domestic COVID-19 epidemic situation.

There are still some countries with low net contagion level and in which the contagion direction has changed repeatedly during the sample period due to the slight dynamic change of COVID-19, such as Mexico and Canada, the United States and Canada, the United States and Indonesia, Indonesia and Canada, the United Kingdom and Canada and so on, as displayed in Figure 7. The above characteristics suggest that the severity of the COVID-19 epidemic is equivalent in each set of countries, which confirms the conclusions that the spread of COVID-19 in the United States, Canada and Mexico has the same trend and Indonesia has become a new global COVID-19 epidemic center.


[image: Figure 7]
FIGURE 7. The dynamic net pairwise connectedness of the COVID-19 epidemic (Part Four). The results are based on the connectedness approach based on TVP-VAR model, and the solid line represents the change trend of the net COVID-19 contagion from one country to another.





Cross-Border Contagion Tendency of the COVID-19 Epidemic

This paper is based on research on the micro-structure of the dynamic spread of COVID-19 epidemic among countries around the world. According to the dynamic contagion of COVID-19 between two countries, we rank the main “From” countries and “To” countries of the single economy, recording the top three countries, which effectively depict the tendency of domestic COVID-19 impact in sample countries. This depiction provides theoretical basis for countries to prevent the contagion of COVID-19 from overseas, control the overflow impact of domestic epidemics, and provide a decision-making reference for the government to issue relevant policies.

In Figure 8, it is evident that COVID-19 epidemic centers at United States, the United Kingdom, Indonesia, Canada and Mexico among other sample countries, while South Korea, France and Italy are still receivers of the epidemic.


[image: Figure 8]
FIGURE 8. The main “To Contagion” countries and “From Contagion” countries of COVID-19.


The COVID-19 epidemic not only spreads directly in a central divergent way, but also transmits indirectly through a complex network. For example, in the United States, as shown in Figure 9, the COVID-19 epidemic erupted in March 2020, diverging to Canada, Mexico, Australia, Japan, South Korea and other countries. And there are inter-transmission among these countries. As refer to the typical receiver, South Korea, the situation is another way around. The spillover of COVID-19 epidemic is represented in Figure 10.


[image: Figure 9]
FIGURE 9. Paths of COVID-19 contagion from the United States.



[image: Figure 10]
FIGURE 10. Paths of COVID-19 contagion to South Korea.


At present, the major transmitters of the contagion of the COVID-19 epidemic including the United States, the United Kingdom and Indonesia should not only strengthen their domestic epidemic prevention, but also increase their efforts to control cross-border transmission of their own epidemics, especially for those countries with the deepest epidemic correlations, such as South Korea, France, Italy, Australia and South Africa. As for the major receivers of COVID-19, purposefully controlling overseas epidemic input and temporarily weakening the associations with sources countries of the epidemic are crucial prerequisites to avoid the frequent and repeated outbreak of domestic epidemics and to ensure macroeconomic stabilization and recovery.




CONCLUSION

In this article, the connectedness approach based on the TVP-VAR model is used to construct a dynamic contagion index to model the global dynamic spread of COVID-19. The main conclusions of this paper are as follows:

First, the United States, the United Kingdom and Indonesia are the global epidemic centers, among which the United States has the highest level of COVID-19 epidemic contagion with contagion stability. Canada and Mexico who are geographically close to the United States, also have strong cross-border infectivity, and all three countries demonstrate the same development tendencies for their domestic epidemics, which necessitates higher requirements for anti-epidemic work in North America. South Korea, France and Italy are the major receivers of COVID-19 around the world, among which South Korea is the most seriously affected by overseas epidemics. Additionally, the promotion of compulsory, timely and effective anti-epidemic policies can impose a negative effect on the input from foreign COVID-19 epidemics, weakening their contagion of domestic epidemics.

Second, the severity of domestic COVID-19 epidemics in some countries is in an equal position according to the results. These countries include Mexico and Canada, the United States and Mexico, the United States and Canada, the United States and Indonesia, Indonesia and Canada, the United Kingdom and Canada, Turkey and South Africa, Saudi Arabia and German and so on, which means that the conclusion that the United States, the United Kingdom and Indonesia are the centers of the global COVID-19 epidemic is robust.

Third, the global COVID-19 pandemic centering on the United States, the United Kingdom and Indonesia, not only spreads directly from near center to far, but also transmits indirectly through chain unidirectional conduction.

Some policy implications can be drawn from the above conclusions: first, governments should enhance the pertinence and compulsion of their epidemic prevention policies, which should include setting up graded early warning and emergency response mechanisms for different major infectious countries, and using big data and other technologies to collect the customs entry information of various overseas personnel quickly. They should also include monitoring the flow of cross-border personnel to observe the national epidemic in real time and effectively reduce the risk of overseas epidemics affecting. In addition, it is still necessary to establish a punishment mechanism compatible with anti-epidemic policies, which can reduce the risk of the outward spread of COVID-19 in the country. Second, a systematic and efficient risk assessment mechanism for public health emergencies with unified powers and responsibilities should be established; at the same time, adhering to the policy of “putting prevention first,” continuously increasing capital investment for risk assessment, strengthening the construction of specialized teams for risk assessment, and establishing a normalization mechanism for risk assessment are of vital importance. Additionally, the rights and responsibilities of the risk assessment team should be clearly defined in a legal form, and the mechanism arrangement for the risk assessment of public health emergencies should also be established to ensure timely identification of the input risks of overseas epidemics. Finally, countries should prioritize actively guiding public opinion, strengthening the supervision of public opinion, and releasing authentic and reliable information to maintain the stability of the domestic market in the post-epidemic era. Meanwhile, counseling public psychological, avoiding the spread of panic, and being wary of the risk that domestic and foreign capitals exaggerate the COVID-19 epidemic and speculate about the market to undermine domestic economic order cannot be ignored.

This paper discusses the path of the global COVID-19 spread, the degree of the contagion and the transmission tendency of the epidemic. The limitation of our reasoning is the lack of integration of theoretical modeling for the dynamics of epidemiology. Future longitudinal studies are needed to focus on the basic unit of the global COVID-19 epidemic transmission, and the clustering pattern of the contagion.
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FOOTNOTES
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2The principal eigenvalue of the non-constant disease free equilibrium.
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