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 Abstract—To analyze the impact of the COVID-

19 pandemic on Chinese stock market, we use 

Granger causality test to construct four stock 

market networks in different periods. We define 

the influence of a stock according to the 

overlapping influence algorithm of Rayleigh 

entropy. We test the validity of our algorithm and 

compare the influence value with other 

topological features of the stock. We find that the 

impact of COVID-19 on Chinese stock market is 

much lower than that of the turbulence of 2015-

2016. When the crisis occurs, the network density 

and the aggregation of important nodes are 

significantly higher. From the perspective of 

industry classification, “Real estate” and 

“Finance” are the most influential sectors. 

Furthermore, analyzing the influential individual 

stocks in the industry helps the government 

prevent and regulate stock market risks. 

Keywords—COVID-19; Complex network; 

Granger causality test; The overlapping influence 

algorithm; Chinese stock market  

I.  Introduction 

With the further opening of Chinese financial 

market, the financial crisis facing Chinese stock 

market has gradually increased. In the past decade, 

Chinese stock market has suffered from two major 

crises: the turbulence of the stock market from 2015 

to 2016, and the social crisis caused by COVID-19. In 

the initial stage of the epidemic, Chinese stock market 

was affected to a certain extent due to the impact of 

social stagnation. Therefore, it is necessary to study 

the stock market development during the epidemic 

period. 

 

 

Using correlation matrices to construct networks to 

study financial markets first appeared in Mantegna's 

paper[1]; Mantegna[2] . Then, many scholars used 

complex networks to study the spread of financial 

risks[3]; Smolyak et al.[4]; Wu and Duan[5]; He et 

al.[6]; ; Xu et al. [7]. Newman[8] believes that the 

stock market is complex and highly coupled, and the 

use of complex network method to analyze the stock 

market can clearly show the correlation between 

different stocks. Researchers treat stocks as nodes 

and use correlations between them to build networks 

of stocks. Chi et al. [9] constructed a network model of 

the American stock market and found that the stock 

price were strongly influenced by the few stocks in the 

stock market, and concluded that the stock market 

was mainly dominated by the financial industry. Jung 

and Chang[10] used Pearson correlation coefficient to 

construct a complex network and analyzed the Korean 

stock market from 2004 to 2014 through clustering 

effect. Wang et al. [11] constructed two networks 

based on Pearson correlation and partial correlation 

respectively for comparison, and analyzed the 

correlation and evolution of global stock markets. Hu 

et al.[12] used the minimum spanning tree algorithm 

to construct the Chinese stock market network and 

study the correlation between different stocks. In order 

to further determine the long-term stable relationship 

between stocks, the co-integration relationship is used 

in stock market research. In addition, the Granger 

causality test has been widely used to determine the 

influence relationship between stocks and construct a 

directed financial network[13]; [14]; Song et al.[15]; 

Gong et al.[16]; Memon et al. [17]. Gao et al. [18] 

established a comparative analysis of stock networks 

through co-integration relationship and Granger 

causality to identify the propagation path of potential 
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risks. Wang et al.[19] used the influence of a single 

stock price fluctuation on the price of other stocks to 

establish the Granger causality network, and analyzed 

the influence ability and industry influence of different 

stock price changes. Bu et al.[20] used Granger 

causality test to establish Chinese stock market 

networks in different periods, and through the 

research found that there was a higher correlation 

between stocks in the period of financial crisis in 2008 

and the period of stock market turbulence in 2015. 

Identifying influential nodes is a crucial issue in 

complex networks. For the stock market, the 

identification of vital stocks is conducive to the 

awareness and control of risk proliferation. The 

influence of nodes can be analyzed based on 

topological characteristics, such as the degree, k-shell 

decomposition, centrality measures, H-index, etc[21]; 

Wang et al.[22]; Liu et al.[23]; L{\"u} et al.[24]; Ma and 

Ma [25]; Li et al.[26]. L{\"u} et al. [27] compared 

various node influence algorithms according to 

different types of networks. In order to consider the 

overlapping influence of nodes, the relationship 

between single node influence and multi-node 

comprehensive influence is analyzed based on 

Rayleigh entropy (Zhou et al. [28]). 

The rest of this paper is organized as follows. In 

section 2, we discuss the Granger causality network 

construction method. In section 3, we describe the 

influence algorithm of vital nodes. In section 4, we test 

the validity of the algorithm and make an empirical 

analysis. Some conclusions and discussions are given 

in section 5. 

II. Network model construction 

In this section, we first briefly describe the data 

processing of the stock closing price before 

establishing the network model. Then, we use 

Granger causality to test the relationship between 

different stocks and build a directed network. All of the 

statistical tests used in our research are assessed 

using the significance level of 0.05. The process of 

how to build the model is as follows. 

To make the data more stable, we first perform the 

logarithmic differential treatment to the time series of 

the closing price of each stock. We define 𝑅𝑡
𝑖  as the 

closing price of stock 𝑖 at time 𝑡, the equation of which 

is shown as follows: 

𝛥 ln𝑅𝑖
𝑡 = ln𝑅𝑖

𝑡 − ln𝑅𝑖
𝑡−1 = ln

𝑅𝑖
𝑡

𝑅𝑖
𝑡−1

 (1) 

We use the stationary of price series to set up the 

Granger causality test to avoid spurious regression 

(Granger [29]). Therefore, the logarithmic differential 

time series is tested for stationarity using ADF test to 

obtain a stationary time series (Phillips and Perron 

[30] ). 

We use the ADF test to filter out the stable time 

series and perform the Granger causality test. Our 

research focuses on the effect of one stock on other 

stocks. Therefore, we ignore its autocorrelation in the 

stock network. The equation of which is shown as 

follows (Granger[31] ): 

𝑅𝑋
𝑡 = 𝛼 +∑ 𝜆𝑖𝑅𝑋

𝑡−𝑖𝑚

𝑖=1
+∑ 𝜃𝑗𝑅𝑌

𝑡−𝑗
𝑛

𝑗=1
+ 𝜀𝑡 (2) 

𝑅𝑌
𝑡 = 𝛿 +∑ 𝑐𝑖𝑅𝑥

𝑡−𝑖𝑟

𝑖=1
+∑ 𝑑𝑗𝑅𝑌

𝑡−𝑗
𝑠

𝑗=1
+ 𝜂𝑡 (3) 

Through the above tests, a stock is regarded as a 

network node, and the causal relationship between 

different stocks is regarded as an edge. We define the 

set of nodes as 𝑉 and the set of edges as 𝐸. Then, we 

can construct a directed stock network, which is 

presented by an adjacency matrix of 𝐴 = (𝑎𝑖𝑗) . If 

stock 𝑖 Granger causes stock 𝑗, we record it as 𝑎𝑖𝑗 =

1 , otherwise it is recorded as 𝑎𝑖𝑗 = 0 . The stock 

network is denoted 𝐺 = (𝑉, 𝐸). 

III. Algorithms of vital nodes 

Identifying a minority of vital nodes in the network 

is the key to analyzing the stock network, which helps 

control the further spread of the crisis when it occurs. 

To determine the comprehensive influence of 

important nodes, the overlapping influence algorithm 

based on Rayleigh entropy is used (Zhou et al.[32] ). 

Definition 1 Let the influence of an edge 𝑒𝑖𝑗 is 𝑆𝑒,ⅆ𝑖 

is the degree of node ⅈ and 𝑁𝑖 is the set of neighbor 

nodes of node ⅈ. The equation of which is shown as 

follows: 

𝑠𝑒𝑖𝑗 = 𝑑𝑖 ∑ 𝑑𝑘𝑘∈𝑁𝑗
+ 𝑑𝑗 ∑ 𝑑𝑘𝑘∈𝑁𝑖

 (4) 
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Definition 2 The influence of a single node 𝑚  is 

actually the sum of the influence of all the edges 

connecting the node. The equation of which is shown 

as follows: 

𝑆𝑚 = 𝑑𝑚∑ 𝑎𝑚𝑗
𝑎𝑗𝑘𝑑𝑘

𝑖,𝑗
+∑ 𝑎𝑗𝑚𝑎𝑚𝑘

𝑑𝑗𝑑𝑘
𝑗,𝑘

 (5) 

Considering that the Granger Causality Network is 

a directed network, and we focus on studying the 

influence of one stock on another stock in the market. 

Thus, we should consider the importance of nodes 

with out-degrees. Therefore, we let 𝑑𝑖  is the out-

degree of node 𝑖. 

IV. Data and empirical analysis 

A. Data 

In this study, we select stocks in the CSI 300 Stock 

Index and collected stock trading data from January 1, 

2014 to January 30, 2016 and November 1, 2018 to 

October 1, 2020.Among them, some companies in the 

CSI 300 Stock Index are not listed or suspended 

trading during that period and filter to get 208 stocks. 

Therefore, we select 92 stocks from the Shanghai and 

Shenzhen A-shares, and use these 300 stocks as 

research data. In order to study the impact of COVID-

19 on Chinese stock market and compare the 

Chinese stock market's turbulence during the period 

from 2015 to 2016, we choose four periods as the 

data for this study.Period 1:before the turbulence of 

2015-2016 (from January 1, 2014 to January 1, 

2015);Period 2: during the turbulence of 2015-2016 

(from January 30, 2015 to January 30, 2016);Period 3: 

before the COVID-19 pandemic (from November 1, 

2018 to November 1, 2019);Period 4: during the 

COVID-19 pandemic (from December 1, 2019 to 

December 1, 2020). 

B. Stock market network 

Firstly, we construct the stock network diagrams of 

four periods through Granger causality, and use 

Fruchterman-Reingold algorithm to make the network 

diagram layout. Secondly, we use the influence value 

of the stock to sort the network node sizes in order. In 

addition, in order to better highlight the aggregation of 

important nodes, four colors of red, purple, blue and 

yellow will be used to arrange according to the 

influence value of nodes from high to low. Fig.1 shows 

that the stock market has undergone significant 

changes. The aggregation of important nodes in the 

network diagram during period 2 is higher than period 

1. Similarly, the network diagrams of the period 3 and 

4 also showed the same situation. This indicates that 

the aggregation of important nodes increases when 

the crisis occurs. During the critical period, due to the 

high aggregation of nodes, important nodes are 

impacted, and risks will spread rapidly among these 

nodes, which will cause the entire stock network to be 

greatly affected in a short time. Compared with period 

2, the aggregation of important nodes in period 4 was 

lower, indicating that the risk spread intensity and 

speed of stock network in period 4 were much lower 

than in period 2. 

 

Fig.1: Causal network diagrams of four different 

periods obtained by the FR algorithm 

 

Fig.2: Topological characteristic statistical graphs 

of network graphs in four periods 
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We calculated the topological characteristics of the 

network, such as the network density, average 

clustering coefficient, and average degree. It can be 

seen from Fig.2 that all the topological characteristic 

values in period 2 are the highest, while all the 

topological characteristic values in the periods 1, and 

3 are lower, and the average clustering coefficient in 

the periods 2, and 4 is close to each other. From the 

perspective of network density, there was no 

significant difference between the network tightness in 

the periods 1, 3, and 4, while the network tightness in 

period 2 increased significantly, which indicated that 

the network was more densely connected and the risk 

was more easily spread. From the perspective of 

average clustering, both period 2 and period 4 are 

relatively high, which can also be seen from the 

aggregation of important nodes in the network. With 

the linkages of stocks increase during the turbulence, 

the financial system becomes more closely 

connected. In terms of average degree, period 2 is the 

highest, while the other three periods are almost the 

same, which indicates that the correlation between 

nodes increased during period 2. 

In general, when a crisis occurs, the topology 

characteristics of the network will increase to a certain 

extent, and the linkage between nodes will also 

increase. However, the network topology values 

during the COVID-19 pandemic are all lower than the 

turbulence of 2015-2016, because the crisis period of 

the COVID-19 pandemic is much shorter than the 

turbulence of 2015-2016. The main reason is that 

when the epidemic broke out, Chinese government 

exercises management by sealing off entities, which 

greatly reduced the spread of the virus in a short 

period of time and quickly restored confidence in the 

stock market. 

C. Influence of stocks 

To verify the effectiveness of the node influence 

algorithm, we compare the value of stock influence 

with other topological features, such as the out-

degree, betweenness centrality, closeness centrality, 

cluster coefficient, and eigenvector centrality. These 

topological features show the direct influence, indirect 

influence, intermediary location, average distance, 

and aggregation advantage of nodes respectively. 

 

Fig.3: We compare influence values with other 

topological features in the scatter plot 

Fig. 3 shows that the influence value of the stock is 

highly correlated with the out-degree, betweenness 

centrality, and eigenvector centrality. The out-degree 

directly expresses the influence of a node on other 

nodes. The betweenness centrality reflects the 

number of the shortest path through a node. The 

eigenvector centrality highlights the importance of the 

neighbor nodes of a node. According to these three 

topological features, it is shown from the side that the 

algorithm for calculating the influence of stocks is of 

validity, and can better highlight the influence level of 

a single stock in the network. 

 

Fig.4: Scatter plots of influence values in four 

periods. The red line is the power law regression 

To analyze the distribution of stock influence, we 

draw a scatter chart of influence in each period. Fig.4 

shows that the distribution of nodes in the periods 1 
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and 3 is close, and the situation in the periods 3 and 4 

is similar. Additionally, it can be found that the value of 

the maximum node influence in the periods 1 and 3 is 

0.113 and 0.081 respectively, while the value of the 

maximum node influence in the periods 2 and 4 is 

0.414 and 0.453 respectively. This indicates that when 

the stock market crisis occurs, the node influence will 

generally increase. The greater influence of nodes in 

four periods, the fewer amount of nodes, and the 

nodes with lower influence account for the majority. 

The comparison between the periods 2 and 4 shows 

that the amount of nodes with influence greater than 

0.2 in period 4 is significantly lower than that in period 

2, indicating that the influence level of key nodes in 

period 4 is much lower than that in period 2. 

Therefore, it proves that the stock market crisis in 

period 4 is better than in period 2. 

 

Fig.5: The influence distribution of each industry in 

the four periods 

From Fig.5, it can be found that the top two 

industries with influence in each period are as follows, 

period 1: “Construction” and “Finance”, period 2: 

“Electric, thermal, gas, water production and supply” 

and “Construction”, period 3: “Finance” and “Real 

estate”, period 4: “Real estate” and “Finance”. From 

the perspective of period 1 and 2, the construction 

industry has mainly benefited from the country's heavy 

investment in infrastructure over the past years, 

finance mainly includes major state-owned banks, and 

the energy industry is an important part of blue chip 

stocks. Therefore, these three industries have shown 

significant influence in the stock market from 2014 to 

2016. From the perspective of the periods 3 and 4, 

“Real estate” and “Finance” dominate, which is in line 

with the actual development situation in China. 

Because of the rapid growth of Chinese real estate 

industry in recent years, the stock market is confident 

in the real estate industry. In addition to covering the 

stocks of many state-owned banks, the financial 

industry also benefits from the support of insurance 

and securities companies. In addition, Chinese 

financial market will begin to open up in an all-round 

way in 2020. Although manufacturing occupies a huge 

advantage in terms of quantity, its influence in each 

period is at an average level. Because there are more 

traditional manufacturing industries and fewer state-

of-the-art manufacturing industries. 

V. Conclusion 

This paper mainly constructs four stock market 

networks in different periods through Granger 

causality. First, we found the commonalities and 

differences between the turbulence of 2015-2016 and 

COVID-19 epidemic period by comparing the network 

diagrams. Second, we use the node influence 

algorithm to calculate the influence of stocks in 

different periods. Then, we compare the node 

influence value with different topological features and 

get the correlation between them to demonstrate the 

effectiveness of the algorithm. Finally, we classify 

different stocks by industry, and analyze the influence 

of the industry in different periods and the important 

influential stocks in the industry. The following 

conclusions are of practical significance for policy 

decisions and prevention of the spread of stock 

market risks. 

(1) During the COVID-19 pandemic, China's 

stock market was hit, but compared with the stock 

market crash from 2015 to 2016, it is still in a relatively 

stable state. The main reason is that Chinese 

government exercises management by sealing off 

entities, which greatly reduced the spread of the virus 

in a short period of time and quickly restored 

confidence in the stock market. 

(2) When the nodes of higher influential stocks 

are clustered, the entire stock market network is in a 

moment of crisis. At this time, once it is impacted by 

risks, it will cause the stock market to crash. 
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(3) From the analysis of industry classification, 

the real estate and financial industries have been the 

most influential industries in the past two years. This 

is consistent with the facts of Chinese development. 

(4) Because of the impact of the COVID-19 

pandemic and the opening of Chinese financial 

market, the influence of pharmaceutical and securities 

stocks has increased. 
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