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Abstract

:

Studies examining the impact of COVID-19 using network dynamics are scant and tend to evaluate a specific local stock market. We present a thorough investigation of 58 world stock market networks using a complex network approach spanning across the uncertain times that have resulted from the coronavirus outbreak. First, we use the daily closing prices of the world stock market indices to construct dynamic complex networks and sixteen minimum spanning tree (MST) maps for the period from December 2019 to March 2021. Second, we present the topological evolution properties of time-varying MSTs by applying normalized tree length, diameter, average path length, and centrality measures. Moreover, the empirical results suggest that (1) the highest correlation among the world stock markets is observed during the first wave of the COVID-19 pandemic in the months of February–March 2020; (2) most of the MSTs appear lower in hierarchy, and many chain-like structures are formed due to the sheer impact of pandemic-related crises; (3) Germany remained a hub node in many of the MSTs; and (4) the tree severely contracted during the first wave of the COVID-19 outbreak (during the months of February and March 2020) and expanded slightly afterwards. Moreover, the results obtained from this study can be used for the development of financial stability policies and stock market regulations worldwide.
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1. Introduction


It all started on 31 December 2019, when Wuhan, a major city in China, reported a bulk of cases of an illness presenting with pneumonia-like symptoms. Quickly after these reports began, COVID-19 had affected the whole of China and had spread all around the world. As of 5 May 2021, there were around 155.5 million confirmed cases and slightly more than 3.2 million COVID-19-related deaths worldwide (WHO situations reports, available at https://www.who.int/emergencies/diseases/novel-coronavirus-2019/situation-reports (assessed on 5 May 2021). The World Health Organization has already officially stated that the spread of COVID-19 has created a global pandemic. Presently, there is huge amount of uncertainty regarding the severity of this crisis, and its direction is unknown. However, it has been established that this pandemic will have serious implications for the economy, and therefore, the impact of the pandemic on financial markets is quite considerable [1]. Uncoordinated administrative reactions and country-wide lockdowns have paused economic activities and have disrupted the supply and demand chain. Numerous countries have pledged individual country-specific and global rescue packages to minimize the economic implications of the COVID-19 crisis [2]. However, the uncertain times that have been caused by the COVID-19 crisis and its negative effects on the stability of the world’s financial markets [3] remain largely unstudied.



As expected, the financial impact of the pandemic on the world’s financial markets is huge when considering the fact that the rapid spread of the virus affected almost every economic sector. In addition, COVID-19 resulted in abrupt price changes in the world stock markets; for example, the US stock market hit the circuit breaker mechanism for the first time in over two decades [4]; the South Korean stock market, KOSPI, dropped below 1600 points during the pandemic [5]; and the Indian Sensex index witnessed a rapid decline of 13.2% in the month of March 2020, which was due to the lockdown and restriction measures that were implemented by various governments. A few studies have examined the impact of COVID-19 on financial markets and have found severe negative effects on various stock markets around the world [6,7,8]. However, the limitation of the existing studies that are related to COVID-19 is that they fail to consider the interdependency and dynamic evolution of stock markets.



In this paper, we contribute to the existing literature by examining the dynamic correlation-based networks of 58 world stock markets during the uncertain times caused by the COVID-19 pandemic using the network-based minimum spanning tree (MST) method. The main aim of our study is to inspect the time-varying world stock market networks and, more significantly, to explore the flow of the network structures and their connectedness. In addition, the existing literature mostly focuses on stock market performance; therefore, this study examines the topological evolution of MSTs and world stock market performance during the ongoing global pandemic. Finally, the timeline used in this study allows for a comprehensive investigation of world stock market networks and their topological evolution by encompassing both the first and second waves of the COVID-19 pandemic. An analysis of the world stock markets using a network-based method would be useful for investors in order for them to make better decisions and for policy makers to ensure stability by observing the changing influence and connectedness of the world stock markets during the present periods of crisis and contagion.



The remainder of this paper is structured as follows: Section 2 reviews the existing literature on COVID-19 as well as financial network literature. Section 3 introduces the minimum spanning tree methodology and network topology measures. Section 4 briefly explains the data. Section 5 presents the empirical results, and Section 6 concludes the paper.




2. Literature Review


The spread of the COVID-19 outbreak was unprecedented, and because of this, it has produced wider uncertainty and is considered to be a great test for the stability and resilience of the world financial system [9]. Numerous studies examining the impact of the pandemic on financial markets have emerged within a short span of time. For example, Ref. [10] used the wavelet method to assess the impact of COVID-19 on currency and cryptocurrency markets from January to May 2020. Despite using a relatively short period, they demonstrated that the COVID-19 outbreak fueled panic, resulting in greater coherence among the panic index and the price movements of various currencies. In addition, Ref. [11] found a substantial increase in the return and volume of cryptocurrencies under financial market stress that served as safe-haven instruments for the investors during the pandemic period. Further, the results of [12] highlighted that the government restrictions that were placed on commercial activities led to unusual reactions in the US stock market during the pandemic. Moreover, Ref. [13] used the GARCH model to examine volatility using 12 sectoral indices that were listed in the Tunisian stock market (TSE) between January 2016 and April 2020. Their results found continuing volatilities and significant asymmetric effects among various sectors during the COVID-19 pandemic.



Numerous methods have been used in exploring the extent of COVID-19 outbreak on the stock market performance. The authors of [14] used a panel Vector Autoregressive (pVAR) model and found negative oil stock returns due to the uncertainty created by the COVID-19 pandemic. Furthermore, Ref. [15] applied the traditional event study method on the companies listed in the Chinese stock market between July 2019 and March 2020. In addition to identifying negative abnormal returns during post-event trading days in the Chinese stock market, their results also showed a wide spread of negative investor sentiments due to the COVID-19 crisis. Similarly, Ref. [16] used event study methodology and showed that the event of the US stock market crash during the month of March 2020 was triggered mostly by the COVID-19 pandemic. While investigating the effect of the COVID-19 pandemic on the Australian stock market, Ref. [17] used the dynamic conditional correlation fractionally integrated generalized autoregressive conditional heteroskedasticity (DCC-FIGARCH) model and found a substantial increase in the dynamic correlations among the Chinese and Australian stock market sector indices, along with a negative effect of the COVID-19 pandemic on numerous sectors. Moreover, Ref. [18] employed the smooth transition HAR model on stock markets of the G7 member countries, and their results show varied intensity and timings of the crisis in all countries, In addition, their results demonstrate that the COVID-19 pandemic severely affected the performance of the two key sectors of consumer services and health care. To examine stock market connectedness in the time of the COVID-19 pandemic, Ref. [19] used the network analysis method and found higher density and clustering in the Hong Kong stock market. Similarly, Ref. [20] used the complex network method on twenty global stock markets between August 2019 and March 2020. Their findings showed high network centrality, shorter distance, and faster transmission among the stock networks during the COVID-19 time period.



Previous researchers have embraced complex network models in studying the static and dynamic properties of the stock market networks. For example, Ref. [21] examined the dynamic properties of S&P 100 constituent networks through the analysis based on rolling correlations and minimum spanning trees, concluding a dense tree network with a higher sectorial clustering. The authors of [22] proposed the dynamic spanning tree (DST), and found an influential node of the Hong Kong financial market in the Asia-Pacific region. In addition, Ref. [23] found numerous reactions and dynamics among the 57 stock market indices by using the dynamic correlation method. The authors of [24] used the rolling correlation coefficients (RCC) technique based on different time widows on the German stock market, and their results demonstrate structural breaks in the evolution of the global distance. Moreover, numerous studies used the minimum spanning tree (MST) approach to investigate the network structures and topology of the local stock markets, for example, the UK stock market [25,26], Brazil stock market [27], China stock market [28,29], Vietnam stock market [30], German stock market [31], Turkey stock market [32], Italy stock market [33], and Pakistan Stock market [34,35].



Moreover, fewer studies have examined the interdependency and dynamic evolution of the global stock market indices. The authors of [36] examined 51 global stock indices using the dynamic conditional correlation method, and found that European stock markets acted as an information transmission hub in the tree structure. The authors of [37] found a star-like minimum spanning tree structure of the 20 financial market indices prior to the crisis that turned out to be a chain-like structure during the crisis period. In addition, the results in [38] demonstrate regional clustering, and strong integration during the economic crises between 21 stock indices. Recently, Ref. [39] constructed Pearson-correlation-based and partial-correlation-based minimum spanning tree structures of the 57 world stock markets, and their results found two large clusters belonging to the European and Asia-Pacific regions. Moreover, their results show tight correlations among various nodes of the network during the financial crisis time period of 2008. After applying MST on the 38 global indices, Ref. [40] experienced weakening in the form of a reduction in the edge numbers of the key nodes after the crisis event.



Since stock markets are termed as complex systems [41], empirical analysis based on complex networks has been the new worldwide focus [42,43,44]. However, the literature concerning the association between topological evolution of the stock network and market performance appears to be sparse; these studies therefore provide mechanisms to better comprehend topology variations in the stock networks and perform risk management perspectives. Hence, this is a first study to uncover dynamic world stock networks and topological evolution using a complex network method by covering an extensive timeline including the first and second wave of the COVID-19 pandemic.




3. Methodology


This paper constructed dynamic networks based on the rolling window approach. The rolling correlation coefficients are converted into their respective distance matrices and world stock market networks are formed. It is possible to form the correlations among a combination of stocks having a specific time window. Where    P i   ( t )    is the closing price of stock    s i   , and logarithm return for    s i    at time of    [  t − ∆ t , t  ]   , this can be written as:


   Y i   ( t )  = l n    P i   ( t )  − l n  P i   (  t − ∆ t  )   



(1)







As the literature suggests, daily log returns are employed when   ∆ t = 1  . For any given stock indices of    s i    and    s j   , we form the two closing price time series with a window of length  L , which will be used to obtain subsets in an evolution of windows:    [  1 , L  ]  ,    [  2 ,   L + 1  ]  ,   …  . At any specific window, having the two time series of closing prices, it is likely to extract the log return time series through Equation    ( 1 )    among stock indices    s i    and    s j   . Thereafter, the Pearson correlation coefficient among the stock indices is given as [45]:


   C  i j   =    〈  r i     r j  〉  −  〈  r i  〉   〈  r j  〉       (   〈  r i 2  〈  −  〈  r i  〈     2   )     (  〈  r j 2  〉 − 〈  r j  〉    2   )         



(2)




where    〈  ..  〉    represents the mean value. In a network, the correlation coefficients band is among    [  − 1 ,   1  ]   , which produce the subsequent scenarios:




	
   C  i j   = 0  : specify no correlation among the two stock indices.



	
   C  i j   = 1  : specify perfect correlation among two stock indices.



	
   C  i j   = − 1  : specify negative or inverse correlation among two stock indices.








This paper comprises   N = 58   world stock market indices, and therefore the correlation matrix shows an outlook of the complex system among   58  (  58 − 1  )  / 2   pairs of stock links. By following Mantegna [45], the correlation matrix is further used to transform the distance    d  i j     among stock pairs of    s i    and    s j   , denoted by:


   d  i j   =   2  (  1 −  C  i j    )     



(3)







We apply the algorithm in [46] to an undirected graph   G =  (  N ,   E ,   W  )    in formation of the MST. Moreover, the rolling window technique is largely used in the literature to construct dynamic network [47,48,49]. While relying on complex network theory, the study connects all pairs of nodes conforming to the distance matrix    D m  =  (   d  i , j  m   )   . In addition, the dynamic minimum spanning trees of numerous lengths  L  are obtained by dividing the timeline through the rolling window technique, and in this paper  L  is one month. The minimum spanning tree, represented as  T , combines the graph-joining nodes  N  by forming   N − 1   links [50]:


  T =   ∑    (  i , j  )  ϵ T    d  i j    



(4)







Network Topology Properties


This paper examines the topological evolution of the dynamical MST structures. A network   N =  (  V , E  )    is a graph containing a number of vertices  V  and a set of connections or edges  E . In a stock network model, the stocks are mentioned as the vertices  V , and the connection among two stocks  i  and  j  is described as the link    e  i j    , associating the two vertices    v i    and    v j   . In this section, the topological properties of the normalized tree length (NTL), diameter, average path length (APL), and several common centrality measures are used for the world stock market networks.



To examine the length of the MST networks, normalized tree length [51] can be calculated using the following formula:


  L  ( t )  =  1   (  N − 1  )      ∑    (  i , j  )  ∈  T t       d  i j    



(5)




where   ∈  T t    is the edge set of MST networks, and    d  i j     is the distance between stocks  i  and  j . The average path length is defined as the average distance among two stock indexes in the world stock market network [52], as given below:


  L  ( t )  =  1   1 2  N  (  N − 1  )        ∑   i ≥ j      d  i j    



(6)







Degree of centrality of stock  i  is defined as:


   C D   ( i )  =     ∑   j = 1  N   A  i j     N − 1    



(7)




where    A  i j     is the constituent of the  i -th row and  j -th column within an adjacency matrix  A . The greater the value of    C D   ( i )   , the more power stock  i  carries in influencing other stocks of the network [53]. Closeness centrality assesses the shortest routes among all the nodes of the network, and allocates a score on every node while relying on its sum of shortest paths. It is a measure of the tendency of the information flow from one node to all other nodes of the network [54]. It is defined as:


  C  ( i )  =  1   d i    =   N − 1     ∑   j = 1  N   d  i j      



(8)







Betweenness centrality measures the degree to which a node lies on the paths among other nodes, where a higher number represents greater influences of the node in the overall network to transfer information [55]. The mathematical formula for the betweenness centrality is:


   CB     ( k )  =   ∑   s ≠ k ≠ t ϵ V         σ  s t      ( k )     σ  s t      



(9)




where    σ  s t     is the total number of shortest links.





4. Data


This paper makes use of the daily closing prices of the 58 world stock market indices between 2 December 2019 and 31 March 2021. We begin the sample construction by extracting the data of confirmed COVID-19 cases by country from the world health organization (WHO) coronavirus dashboard (available at: https://COVID19.who.int/info/ (accessed on 31 March 2021). Thereafter, the data for the world stock markets indices were downloaded from www.investing.com (accessed on 1 April 2021) website over the same period. Before running the analysis, stock indices are arranged in their respective continents and colored in the MSTs accordingly. Table A1 in Appendix A presents the list of the world stocks classified into their respective continents and colored accordingly in the MST, along with the first reported date of a confirmed COVID-19 case in the particular country. Previous studies examined the impact of COVID-19 on the stock markets by dividing the timeline into sub-periods of pre- and during the pandemic [7,56]. However, in order to examine the connectedness of each and every stock, we construct sixteen MSTs and studied their topological properties during the uncertain times of the global pandemic (COVID-19).




5. Findings


In this section, we present the findings of the minimum spanning tree analysis to measure the structural changes of   N = 58   world stock indices, and analyze the topology evolution with respect to the COVID-19 crisis.



5.1. Dynamic Correlation Coefficients


The moving window correlation coefficients were used to assess the dynamics between world stock market indices during the uncertain time, starting from 2 December 2019 to 31 March 2021. Therefore, sixteen non-overlapping monthly windows were formed and the statistics of the dynamic correlation matrices are presented in Figure 1. The results show a tremendous increase in the mean correlations during the months of February–March 2020, the time when the first major wave of the global pandemic struck most of the countries of the world. The highest mean correlation among world stock markets is observed during the month of March 2020 of 0.5264, thus representing strong clusters. However, the highest standard deviation among the world stock markets of 0.3376 is noticed during the month of May 2020. These patterns align well with a sudden and irregular decrease near the infectious shock and pandemic outbreak. In addition, we observed that almost all return series of the world stock markets were designated by excess kurtosis, signifying a leptokurtic distribution with fat tails. Moreover, most of the correlation matrices show skewness towards left, as reflected by the significant negative value of the skewness. The results also show less correlation with the Chinese stock market, the country where the global pandemic initiated, with all the other stock markets of the world. However, a strong interaction and higher correlation is noticed between all the other stock markets of the world. Among the most correlated stock markets were those in the European region, due to a higher integration, as proved by previous studies [57]. In a nutshell, all of these findings show extreme uncertainty, higher correlation, and a volatile turbulent period for the world stock markets, which is not unusual given the negative external shocks exerted by the black swan event of COVID-19 [12,58,59].




5.2. Minimum Spanning Tree Results


This subsection presents the minimum spanning tree maps from the starting month of the COVID-19 period until March 2021. Every node in the MST network presents a stock market, with a total of 58 world stock indices, as used in this paper. The moving window technique is used to construct sixteen monthly MST maps in order to examine the structural changes, evolving connectivity, and influence of the world stock markets indices. All nodes are sized based on their centrality score and classified by different colors based on their geographical region, as mentioned in Table A1 in Appendix A.



Figure 2 shows a comparison of the MST maps from December 2019 to March 2020. We immediately observe the non-hierarchical structure of the MSTs due to the turbulent timeline and uncertainty, where no influential stock markets are observed, resulting in an absence of big clusters in the center. These kinds of structures are commonly formed during the events of crisis, as reported in previous studies [35,60]. Early during December 2019, the MST structure shows two important nodes, Hong Kong and the USA, connecting directly with just five other nodes of the network. However, after China reported a cluster of cases having symptoms, these important nodes immediately lost their important position and were replaced by the European country nodes of Finland, France, and Germany, connected directly to five other nodes in the MST during the month of January 2020. In addition, the degree of connectivity remained low during the first wave of the COVID-19 outbreak, having a maximum degree of connection to five nodes during the months of December 2019, January 2020, March 2020, and April 2020, combined with four degrees of connections during the month of February 2020. This represents interactions between the stock markets making small clusters, and lower hierarchy, which makes the world stock market structures less resistant [61]. Furthermore, these findings show that stock markets responded negatively to the growth in the number of confirmed cases and reported deaths related to it. Moreover, the first phase of COVID-19 created a global uncertainty shock that impacted world stock markets, aggravated investors sentiments, and increased volatility.



Figure 3 presents comparative MST Maps from April 2020 to July 2020. The results show a slight increase in the degree of connections from five to seven between May and July 2020. In addition, the two most connected nodes wre Germany during the months of May and July 2020, while Japan remained significant node in the month of June 2020. In addition, all other nodes occupied less influential positions in the tree. The pivotal stock market of Germany connects mostly with the major European stock markets of Sweden, Finland, Netherland, and France. Furthermore, the results present a small number of clusters during the crisis time of the global pandemic within the European and Asian regions. The split of clusters and small cluster formation is a reflection of different responses due to the uncertainty and risks constituted by the COVID-19 pandemic.



The MST maps of world stock market indices between August and November 2020 are presented in Figure 4. We can find several notable structural changes in the MST, with varied influential stock markets occupying important positions in the tree. The central elements of the structures presented represent varied core nodes, consisting of the Netherlands connected with six other nodes, and Belgium connected with seven nodes of the network during the months of August and September 2020, respectively. However, the degree of connection declined thereafter, and remained just five in the next two months, comprising five core nodes of France, Germany, Italy, Hong Kong, and Israel. Furthermore, the results show that USA and Taiwan were connected to five other nodes of the network during the month of September. It is not surprising that the largest stock market of the USA did not take an influential position among most of the MSTs, which is possibly due to a greater connection among the European stock markets [17,39], in addition to being the utmost affected country of the global pandemic. Similarly, the stock markets from the African region (e.g., JSE 40, Kenya NSE 20, MASI, NSE 30, SEMDEX, TUNINDEX) did not form any cluster, and present a dispersed position in all the MSTs.



During the last month of December 2020, the European stock market of the Netherlands remained a key node, having seven degrees of connections, followed by the core node of India with five direct connections, as seen in Figure 5. The Netherlands is one of the competitive markets in the European region, but during the month of December 2020, the government made strict restrictions to curb the effects of the COVID-19 pandemic. In addition, the government of the Netherlands banned flights from the neighboring country of the United Kingdom, where a new variant of COVID-19 was detected. Therefore, the influential node changed position between January 2021 and March 2021. In addition, the connectivity of MSTs dropped immensely from seven in the month of December 2020 to six during the month of January 2021, and four in the months of February and March 2021. In terms of key nodes, Japan appeared as influential node, followed by Austria, and Germany in the subsequent three months. While comparing all the evolving MSTs, the results reveal several chain-like MST structures, the absence of an influential stock market, and low connectivity. Moreover, the results show that the first wave (early 2020) and second wave (early 2021) of the COVID-19 outbreak implied less connectivity and vulnerable MST structures. The risks and severe uncertainty posed by COVID-19 led to minor cluster formation in a few MSTs, having no major cluster. In addition, Germany remained a hub node in the majority of the dynamic MSTs; however, it was not a super-hub node. Furthermore, the results show that world’s largest stock market of the USA did not occupy a central position in most of the MSTs, commonly due to the severe hit of the global pandemic. Moreover, the Asian influential and competitive stock markets of China and Singapore remained less connected, and did not occupy the center hub position among the entire period. To conclude, all of these findings support the evidence of external and global common crisis events, which can severely affect the stability of different markets [34,62,63].




5.3. Topological Evolution Properties of MSTs


5.3.1. Centrality Analysis


Centrality methods are useful in recognizing the relative influence of the stock markets. We examine centrality structures of the world stock market networks using the degree of centrality, betweenness centrality, and closeness centrality to measure the evolution properties of the time-varying MST maps. Table 1 presents the frequency of node degree distribution, which clearly shows flat structures of MSTs, where the majority of the 58 stock markets of the world contain a small degree of centrality. The turbulent COVID-19 timeline shows that a number of nodes are connected with just one node of the network during the first and second wave of the COVID-19 pandemic. Further, the results confirm the formation of small clusters and the appearance of the hub nodes but not the super-hub nodes, possibly due to reconfiguration, during the consecutive months of May, June, July, September, and December 2020. Moreover, Figure 6 shows the highest node degree, highest betweenness centrality, and highest closeness centrality of the world stock market networks. The range of the highest node degree remained from 4 to 7, the highest betweenness centrality remained from 971 to 1307, and for the highest closeness centrality the range varied from 0.1939 to 0.3220, over the entire time. Furthermore, the results demonstrate the most significant node of Belgium, with the highest closeness centrality score of 0.3220, and highest betweenness centrality score of 1307 during the month of September 2020. The node with the highest betweenness centrality represents a greater influence on the overall network.



In addition, the key European stock market of Germany occupies the top position by appearing a majority of five times in the MSTs, with the highest betweenness and centrality scores. This represents the significance of the European stock markets containing a high number of short routes, and therefore, representing a strong intermediary role in all the MSTs. It is also worth noticing that none of the stock markets from any other continent apart from Europe occupied the top position with the highest betweenness centrality, and highest closeness centrality value, thus representing fewer links and a lower degree of influence in all the tree structures. In addition, it is observed that betweenness centrality declines during turbulent times [64], which aligns well with our results during the time of the first wave (early 2020) and second wave (early 2021) of COVID-19, where low scores of betweenness centrality of the MST are observed.




5.3.2. Analysis of Dynamic Normalized Tree Length, Average Path Length and Diameter


To observe the effects of the global pandemic (COVID-19) on the tree structures of the world stock markets, we use robust measures of time-varying normalized tree length (NTL), total distance, diameter, and average path length (APL) of all the MSTs, as shown in Figure 7. The time-varying APL represents the fluctuation pattern and information escalation of the world stock market networks. In addition, NTL results show tremendous decline and extreme contraction in the world stock market networks during the months of February and March 2020. Moreover, the diameter of MSTs shed its value during these two months, and a lowest value of 12 was observed during the month of March 2020. This shows that the initial news of the pandemic spread extreme chaos by affecting all the stock markets of the world, as shown in previous studies [62,63,64]. However, the world stock network started expanding slowly thereafter, with a maximum expansion taking place during the month March 2021 of 0.8624 compared to an NTL value of 0.5351 in the month of February 2020. Accordingly, NTL witness a sharp decline when stock markets confront extreme risk [34,47], as happened due to the pandemic in the form of extreme network contraction.






6. Conclusions


This paper presents a thorough investigation by taking into account 58 world stock market indices to examine the impact of COVID-19 on the network structures and topology evolution. The rolling window approach was adopted to construct 16 monthly MSTs over an extensive period, covering both the first and second wave of the COVID-19 pandemic (from December 2019 to March 2021). In addition, the topological properties of all the time-varying MSTs were evaluated, along with a comparison of the structural changes and market performances.



The dynamic correlations revealed a tremendous increase in the mean correlations in the world stock markets during the first wave of COVID-19. In addition, the Chinese stock market was found to be loosely correlated with other major stock markets of the world. With regard to the dynamic MSTs, one could see that MST appeared lower in hierarchy, due to the turbulent timeline. The formation of small clusters was also observed, where a pivotal stock market of Germany remained a hub node among many of the MSTs but not a super-hub node, which was connected mostly with the major European stocks markets of Sweden, Finland, the Netherlands, and France. In addition, the results revealed several chain-like MST structures, the absence of influential stock markets, and low connectivity, specifically during the first wave of the COVID-19 outbreak.



In addition to producing the time-varying MST maps of world stock markets, the paper presents topological evolution properties by applying the centrality measures of degree of centrality, betweenness centrality, and closeness centrality, along with the robust network measures of normalized tree length, diameter, and average path length. The centrality measures confirmed the evidence of several chain-like MST structures, and small clusters possibly due to reconfiguration. Furthermore, the results reveal the strong intermediary roles of major European stock markets, along with a notable finding of the absence of stock markets from any other region in the top influential positions in all the MSTs. Moreover, the dynamic NTL witnessed an extreme network contraction, where diameter shed its value during the first wave of COVID-19 outbreak, representing the spread of extreme chaos by the COVID-19 pandemic, which has affected all the stock markets of the world.



The results revealed in this study are useful for institutional and retail investors when making effective investing decisions, along with risk management during the uncertain time of the global pandemic. Moreover, it is observed that the complex financial networks can implicitly define the transmission mechanism and measurement of the systemic risks. Therefore, this study could be used for the development of financial stability policies and stock market regulations worldwide. With COVID-19 affecting all the economic sectors, open innovation models are rapidly applied that serve as useful tools in optimizing resource allocation, improving market trading systems, reducing volatility, managing risks, and achieving stability, that provide greater benefits to the individual and institutional investors, and policy makers worldwide. Further research could be carried by examining the dynamic network flow of time-varying foreign exchange networks throughout the global pandemic. In addition, future studies could use various entropy measures to discover the crisis flow of the financial network.
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Table A1. List of countries with the respective stock index, classified by geographical region, color in the MST, and the reporting date when the first COVID-19 case was confirmed by the country.






Table A1. List of countries with the respective stock index, classified by geographical region, color in the MST, and the reporting date when the first COVID-19 case was confirmed by the country.





	S. No
	Country
	Stock Index
	Continent
	Color in MST
	Reporting Date of 1st COVID-19 Confirmed Case





	1
	USA
	Dow Jones Industrial Average
	North America
	Green
	22 January 2020



	2
	Netherland
	AEX
	Europe
	Blue
	27 February 2020



	3
	Austria
	Austrian Traded Index
	Europe
	Blue
	25 February 2020



	4
	Belgium
	BEL 20
	Europe
	Blue
	4 February 2020



	5
	Brazil
	IBOVESPA
	South America
	Orange
	26 February 2020



	6
	France
	CAC 40
	Europe
	Blue
	24 January 2020



	7
	Germany
	DAX PERFORMANCE-INDEX
	Europe
	Blue
	27 January 2020



	8
	Canada
	S&P/TSX Composite index
	North America
	Green
	26 January 2020



	9
	Hong Kong
	Hang Seng Index
	Asia
	Red
	22 January 2020



	10
	Spain
	IBEX 35
	Europe
	Blue
	1 February 2020



	11
	Ireland
	ISEQ 20
	Europe
	Blue
	29 February 2020



	12
	Indonesia
	Jakarta Composite Index
	Asia
	Red
	2 March 2020



	13
	South Korea
	KOSPI
	Asia
	Red
	22 January 2020



	14
	Argentina
	MERVAL
	South America
	Orange
	3 March 2020



	15
	Mexico
	IPC MEXICO
	North America
	Green
	28 February 2020



	16
	Japan
	Nikkei 225
	Asia
	Red
	22 January 2020



	17
	Sweden
	OMX Stockholm 30 Index
	Europe
	Blue
	31 January 2020



	18
	Switzerland
	SMI
	Europe
	Blue
	25 February 2020



	19
	Taiwan
	TSEC weighted index
	Asia
	Red
	21 January 2020



	20
	China
	SSE Composite Index
	Asia
	Red
	31 December 2019



	21
	Australia
	S&P/ASX 200
	Oceania
	Cyan
	26 January 2020



	22
	Greece
	Athens General Composite
	Europe
	Blue
	26 February 2020



	23
	Serbia
	BELEX15
	Europe
	Blue
	6 March 2020



	24
	Romania
	BET
	Europe
	Blue
	26 February 2020



	25
	Turkey
	BIST 100
	Asia
	Red
	11 March 2020



	26
	Slovenia
	Blue-Chip SBITOP
	Europe
	Blue
	5 March 2020



	27
	Hungary
	Budapest SE
	Europe
	Blue
	4 March 2020



	28
	Colombia
	COLCAP
	South America
	Orange
	6 March 2020



	29
	Croatia
	CROBEX
	Europe
	Blue
	25 February 2020



	30
	Sri Lanka
	CSE All-Share
	Asia
	Red
	27 January 2020



	31
	Bangladesh
	Dhaka Stock Exchange Broad
	Asia
	Red
	8 March 2020



	32
	Malaysia
	FTSE Bursa Malaysia KLCI
	Asia
	Red
	25 January 2020



	33
	Italy
	FTSE MIB
	Europe
	Blue
	31 January 2020



	34
	UK
	FTSE 100
	Europe
	Blue
	31 January 2020



	35
	Chile
	S&P CLX IPSA
	South America
	Orange
	3 March 2020



	36
	South Africa
	JSE Top 40
	Africa
	Magenta
	5 March 2020



	37
	Kazakhstan
	KASE
	Asia
	Red
	13 March 2020



	38
	Kenya
	Kenya NSE 20
	Africa
	Magenta
	13 March 2020



	39
	Pakistan
	KSE 100
	Asia
	Red
	26 February 2020



	40
	Russia
	MOEX
	Asia
	Red
	31 January 2020



	41
	Morocco
	Moroccan All Shares (MASI)
	Africa
	Magenta
	2 March 2020



	42
	Nigeria
	NSE 30
	Africa
	Magenta
	28 February 2020



	43
	Norway
	OSE Benchmark
	Europe
	Blue
	26 February 2020



	44
	Philippines
	PSEi Composite
	Asia
	Red
	30 January 2020



	45
	Portugal
	PSI 20
	Europe
	Blue
	2 March 2020



	46
	Czech Republic
	PX
	Europe
	Blue
	1 March 2020



	47
	India
	S&P BSE Sensex
	Asia
	Red
	30 January 2020



	48
	Peru
	S&P Lima General
	South America
	Orange
	6 March 2020



	49
	Mauritius
	SEMDEX
	Africa
	Magenta
	18 March 2020



	50
	Thailand
	SET Index
	Asia
	Red
	22 January 2020



	51
	Singapore
	STI Index
	Asia
	Red
	23 January 2020



	52
	Israel
	TA 35
	Asia
	Red
	21 February 2020



	53
	Tunisia
	TUNINDEX
	Africa
	Magenta
	2 March 2020



	54
	Vietnam
	VN 30
	Asia
	Red
	23 January 2020



	55
	Poland
	WIG 30
	Europe
	Blue
	4 March 2020



	56
	Finland
	OMX Helsinki 25
	Europe
	Blue
	29 January 2020



	57
	Denmark
	OMX Copenhagen 20
	Europe
	Blue
	27 February 2020



	58
	New Zealand
	NZX 50
	Oceania
	Cyan
	28 February 2020
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Figure 1. Time-varying basic statistics of the dynamic correlation matrices. 
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Figure 2. Comparison of dynamics MSTs of the world stock market network from December 2019 to March 2020. 
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Figure 3. Comparison of dynamic MSTs of the world stock market network from April 2020 to July 2020. 
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Figure 4. Comparison of dynamic MSTs of the world stock market network from August 2020 to November 2020. 
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Figure 5. Comparison of dynamic MSTs of the world stock market network from December 2020 to March 2021. 
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Figure 6. Highest centrality measures for each of the MSTs of the world stock network. 






Figure 6. Highest centrality measures for each of the MSTs of the world stock network.



[image: Joitmc 07 00241 g006]







[image: Joitmc 07 00241 g007 550] 





Figure 7. Dynamic evolution of total distance, normalized tree length (NTL), average path length (APL), and diameter of MST. 
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Table 1. Frequency of node degree distribution of time-varying MSTs.






Table 1. Frequency of node degree distribution of time-varying MSTs.





	
Degree

	
Frequency of Node Degree




	
Dec-19

	
Jan-20

	
Feb-20

	
Mar-20

	
Apr-20

	
May-20

	
Jun-20

	
Jul-20

	
Aug-20

	
Sep-20

	
Oct-20

	
Nov-20

	
Dec-20

	
Jan-21

	
Feb-21

	
Mar-21






	
1

	
24

	
28

	
23

	
30

	
22

	
26

	
25

	
23

	
19

	
27

	
24

	
25

	
26

	
26

	
24

	
19




	
2

	
20

	
15

	
20

	
9

	
23

	
18

	
21

	
22

	
28

	
15

	
21

	
19

	
18

	
16

	
17

	
24




	
3

	
8

	
8

	
9

	
11

	
9

	
8

	
7

	
9

	
8

	
12

	
7

	
8

	
8

	
10

	
12

	
13




	
4

	
4

	
3

	
6

	
7

	
1

	
4

	
2

	
2

	
1

	
1

	
3

	
3

	
4

	
5

	
5

	
2




	
5

	
2

	
4

	
0

	
1

	
3

	
1

	
1

	
1

	
1

	
2

	
3

	
3

	
1

	
0

	
0

	
0




	
6

	
0

	
0

	
0

	
0

	
0

	
0

	
1

	
0

	
1

	
0

	
0

	
0

	
0

	
1

	
0

	
0




	
7

	
0

	
0

	
0

	
0

	
0

	
1

	
1

	
1

	
0

	
1

	
0

	
0

	
1

	
0

	
0

	
0
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