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Abstract 
Being an essential part of the financial system, the 
stock market is a typical complex system and it can be 
well represented through a complex network of stocks. 
In this study, in terms of a threshold, which reflects the 
strength of co-movements between a pair of stocks, a 
complex network of stocks is established. It is 
surprisingly found that with the increase of the 
threshold, the degree distribution of the stock network 
evolves from the Poisson distribution to the power-law 
distribution. It suggests that the growing strength of 
co-movements among stocks will effectively filter out 
the random correlations and reserve a core but 
heterogeneous structure that significantly entangles 
stocks through deep-level associations. With the help 
of Louvain algorithm, communities of the stock 
network are detected with the aim of maximizing 
modularity. Interestingly, it is found that stocks within 
the same community, implying the sharing of similar 
prices’ trending patterns, almost belong to the same 
industry and vice versa for stocks across different 
communities. We further probe the awakening points in 
price trending and find that the first community that 
responses to changes in the market is the energy 
industry, and then the volatility gradually spreads to 
other sectors. Our results would help predict stock 
prices and evaluate risks. 
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Introduction 
The stock market is widely known as a complex 

system. The price of a single stock is not only 
influenced directly by the performance of the 
corresponding listed company but is also affected 
indirectly by the movements of other stocks. Xu et al. 
analyze the relationship among stocks by focusing on 
the statistically reliable connectivity of financial time 
series in the language of network science, which 
accurately reflects the underlying stocks’ associations 
[1]. In fact, there are increasing studies that adopt 
complex networks to analyze stock markets [2-7]. 
Usually, the nodes in the complex network represent 
individuals while the edges represent the relationships 
between individuals. The relationship could be either 
quantitative or qualitative, that is, the edges could be 
dummy-valued or real-valued weight. Tabak et al. used 

the method of minimum spanning tree to establish a 
Brazilian stock network, and found that the location of 
finance, energy, and raw materials in the network was 
particularly important [2]. Namaki et al. used the 
threshold method to construct a complex network to 
study the Iranian stock market and found that the 
network possesses scale-free characteristics [3]. Based 
on graph theory, the macroscopic characteristics of 
groups and the connections between individuals are 
analyzed [4]. Ouyang and Liu used the largest plane 
filter map and the least spanning tree method to build a 
complex cyber model of the financial market, and 
found that complex networks can dynamically identify 
the systemically important stocks [6]. 

Beyond that, the stock market also demonstrates 
the characteristic of community as the volatility trend 
of stocks within an industry are usually consistent. 
More specifically, Mantegna found that the hierarchical 
tree of the subdominant ultrametric space associated 
with the graph provides useful information to 
investigate the number of the economic sectors [5]. 
Kenett et al. used the partial correlation of financial 
time series to build the network, from which they found 
that the stocks belong to financial sector have strong 
influence on others across time [7]. 

Given the deep insights of these studies, we build 
stock networks for Chinese stock market, aiming to 
analyze the inner law of the unforeseeable market ups 
and downs in recent years. Based on the Pearson 
correlations for the closing prices of 1,062 stocks of the 
Shanghai Stock Exchange from January 4, 2012 to 
September 16, 2015, we apply threshold method to 
build a series of complex networks, from which we 
explore how the network structure evolves with the 
correlation thresholds. Surprisingly, we found that with 
the threshold increasing, the degree distribution of the 
stock network changes from the Poisson distribution to 
the power-law distribution, which implying that the 
growing strength of co-movements among stocks will 
effectively filter out the random correlations and 
reserve a core but heterogeneous structure that 
significantly entangles stocks through deep-level 
associations. 

Furthermore, a community discovery analysis is 
conducted on the stock network where the entire 
network is divided into several independent parts with 
the help of Louvain algorithm. It is interestingly found 
that stocks within the same community nearly belong 
to the same industry and vice versa for stocks across 
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different communities. In addition, by detecting the 
wake-up points in price trending, we find that the first 
community that responses to abrupt changes of the 
market is the energy industry. Our results could provide 
advices on stock prices prediction and risk evaluating. 

 
Network modelling  

A correlation analysis was conducted on the daily 
closing price of 1062 stocks from January 4, 2012 to 
September 16, 2015. Denote 、  as the closing 
price time series of the i-th and the j-th stock, 
respectively. The Pearson correlation coefficient of 
stock  and stock  is  

 

 .        (1) 

Then the correlation coefficients are calculated for 
all pairs of stocks and Figure 1 shows the correlation 
coefficient matrix. As can be seen, the deeper blue the 
grid is, the closer the correlation coefficient is to 1. 
Contrarily, the deeper red the grid is, the closer the 
correlation coefficient is to -1. The stock codes are 
omitted in the figure. It can be seen that most of the 
stocks trends are positively related to each other, while 
only a small number of stocks are negatively correlated. 
This indicates that the prices of many stocks are most 
likely affected by the macroeconomic environment, and 
therefore they exhibit roughly the same trend.   

 

 

Figure 1 The matrix of correlation coefficients  
Consider each stock as a node in the network. For 

any two nodes  and , if the correlation coefficient 
 is no less than a given threshold 

, we add an edge  between the two 
nodes i.e. 

   . (2) 

The established networks are indirected graphs 
without edge weights. Figure 2 shows the relationship 
between the number of nodes or edges of the network 

and the threshold. As can be seen, when the threshold 
increases, the number of nodes in the network is 
initially constant because when the threshold is low, 
there are little edges that would be filtered out. 
However, when the threshold increases to 0.8, the 
number of nodes begins to decrease because some 
nodes become isolated from others and we remove 
them as they play negligible roles in the network.  
With the increase of the threshold, the number of edges 
in the network also declines, and the pace of the 
decline speeds up because most of the correlation 
coefficients are actually not that strong enough to be 
retained under the high level of threshold.
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Figure 2 The Relationship between the threshold and the numbers of nodes and edges 

 

Network Degree Distribution: from Poisson 
to Power-law 

The degree of a node in a complex network refers 
to the number of edges connecting to the node. Define 
the degree distribution as  

 
, (3) 

where N is the number of nodes in the network. 
Many networks in the real world are not random 

(with a certain probability of having one edge between 
any two points), but scale-free. The characteristic of the 
scale-free network is that a few nodes have high 
degrees, and most of nodes have low degrees, that is, 
the degree distribution obeys the power law 
distribution. The scale-free characteristic reflects the 
significant heterogeneity of the complex network, and 
the minority of nodes with a number of connections 
would play a crucial role in the network. 

The stock market network we have established 
also has scale-free features. Using Equation (2), we 
obtain a series of networks with different thresholds 
and observe the degree distribution using Equation (3). 
As shown in Figure 3, when the threshold is low, the 
degree distribution of the network is close to the 
Poisson distribution. As the threshold increases, 
however, the degree distribution gradually approaches 
to the power law distribution. In fact, when the 
threshold is low, the number of nodes in the network is 

large, and the criteria for linking two nodes are loose, 
which results in the network turns out to be close to a 
random network. The degree distribution of the random 
network is a Poisson distribution, which is a 
bell-shaped distribution with the degrees of the nodes 
concentrating in a certain interval. For example, when 
the threshold is 0.1, most of the nodes have degrees 
between 900 and 1000. However, when the threshold is 
increased, the power law distribution emerges. For 
example, when the threshold is 0.9, the degrees of most 
of the nodes are very low, and only a few nodes have 
high degrees. The latter nodes are more important in 
the network. The two highest degrees of nodes are 
SHANGHAI NO.1 PHARMACY Co Ltd (600833.SH) 
and China XD Group Company (601179.SH). 
SHANGHAI NO.1 PHARMACY Co Ltd is a 
well-known pharmaceutical distribution company. Its 
scale is second to none in the country, and its annual 
sales ranks first in China for several years. China XD 
Group Company became the only central enterprise in 
the electricity power transmission and distribution 
industry in China under the supervision of the 
State-owned Assets Supervision and Administration 
Commission of the State Council. Both companies 
have important strategic positions in real economy in 
China. The accordance of the economic meaning and 
the nodes’ degrees implies that the network structure 
indeed captures the most essence nature of the Chinese 
stock market.

( ) ( )The Number of Nodes with Degree Equal to k
d k k

NP = " ÎN
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Figure 3 Degree Distribution under different thresholds. The vertical axis is , as defined in Equation (3). The 
black dots represent the relationship between the degree and the frequency of the degree. The blue line is the smooth 
curve. 
 
Community Structure and Its Implications 

The network community structure is an important 
feature of complex networks. The community detecting 
refers to dividing the entire network into several 
relatively independent parts with each part as a 
community. The internal nodes of the community are 
closely related, and the nodes connections between 
different communities are relatively sparse. Detecting 
the network community and analyzing it can help us 
understand the network structure in reality from a 
mesoscopic view, and it has been widely used in many 
disciplines and fields [8]. There are many methods for 
community classification, which can be summarized 
into the methods based on global division, methods 
based on locality, methods based on modularity, and 
methods based on random walk. This article uses the 
Louvain algorithm [9]. Louvain algorithm is based on 
the module degree of community discovery algorithm. 
The algorithm has a competent performance in terms of 
efficiency and effectiveness, and can explore 
hierarchical community structure. Its optimization goal 
is to maximize the modularity of the entire community 
division. 

Modularity is an indicator for evaluating the effect 
of dividing a community, which in essence reflects the 
difference between the number of edges of the nodes in 
a community and the number of edges in the 
corresponding random case. Its value range is [−1/2, 1]. 
The modularity Q of a network is defined as follows 

   (4) 

where represents the weight of the edge between 
node  and node . When the network is a 
weightless graph, the weight can be viewed as 1. 

 indicates the sum of the weights of all the 
edges connected to node .  indicates the 

community which node  belongs to. 

indicates the sum of the weights of all sides. 
Community-based discovery algorithms based on 
modularity are to maximize the modularity Q. The 
Louvain algorithm process is as follows: 

1) Each node in the network is considered as a 
separate community, and the number of initial 
communities is the same as the number of nodes; 

2) For each node , allocate node  to the 
community where each of its neighbors is located, 
calculate the degree of change of the module before 
and after allocation. Allocate node  to the 
community where the largest degree of changes 
happens. Otherwise it remains unchanged; 

3) Repeat step 2) until all the nodes would no 
longer change their communities; 
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4) Compress the graph through aggregating all the 
nodes in the same community into a new node. The 
weights of the edges between the nodes in the 
community are summed and converted into the weights 
of the link connecting to the new node. The edge 
weights between the communities are converted into 
the edge weights between new nodes; 

5) Repeat step 1) until the modularity of the entire 
graph no longer changes. 

For the previously generated network that using 
0.9 as the correlation threshold, the Louvain algorithm 

is employed to divide the community. The result is 
shown in Figure 4. In order to better demonstrate the 
results of the community division, we have omitted the 
edges between different communities. It can be seen 
that the entire network has been divided into five 
independent groups, the community in yellow is 
relatively small, and the other four communities are 
similar in size. The division results are overall 
satisfactory from the perspective of the size 
distribution. 

 

Figure 4 The illustration of community structure.  
 

In order to show the characteristics of stocks in 
different communities, we classify stocks by industry 
according to the Wind Information (a large financial 
data provider in China), and count the frequency of 
industries for the stocks in each community. Words 
cloud diagrams (in Chinese) for the communities are 
shown in Figure 5. The font size of the word is 
proportional to its frequency. The first community is 
mainly the energy industry. The second community is 
mainly commercial real estate and construction. The 
third community is mainly commercial real estate and 
electronics. The fourth community has a relatively 

small number of stocks, which are mainly chemical 
companies. The fifth community is formed by the 
companies that operate electronic components, 
commercial real estate, import and export trade, etc. It 
can be seen that there are overlapping industries in 
different communities. This is also reasonable, because 
stocks in the same industry may behave differently in 
stock prices trends. However, as a whole, different 
industries belong to different clusters, which means 
that the structure of the stock network and the industry 
of the stock are highly correlated. 
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Figure 5 The Industry Word Cloud for the five communities. The font size of the word is proportional to its 
frequency. The color of communities is consistent with Figure 4. 

 
Distribution of the Awakening Points: 

Contagion 
In order to study the price trends propagation of 

the stock network, we define awakening point as the 
time which has the minimum distance to the line 
between the initial point and the highest point on the 
stock price curve for each of the stocks. The awakening 
point, which has successfully applied in the social 
network study [10], could indicate when the stock’s 
price started to rise at a relatively rapid speed. 
Therefore, we probe the 2015 Chinese market crash 
with the help of awakening points. Figure 6 shows the 
frequency of awakening points across time for each 
community that defined in the previous section. For 
each of the communities, we focus on its peak of the 
awakening points frequency. It is shown that the 
community 0 reaches its highest on 2014/6/19, 
community 1 reaches its highest on 2014/10/27, 
community 2 reaches its highest on 2015/1/19 and 

community 4 reaches its highest on 2015/1/19. As there 
are only three stocks in community 3, they are not 
shown in Figure 6. It can be found that the community 
0, i.e. the energy industry, touches its earliest highest 
frequency of awakening points. In other words, the 
energy industry is the first to response to changes in the 
market, and the stocks in other communities’ response 
in succession, indicating that the energy industry could 
be the most important and leading position in the 
Chinese stock market. From another perspective, the 
stock market crash in 2015 might begin with energy 
stocks and gradually spread to the entire stock market 
network, because the sector of energy can be more 
sensitive to the market volatility. The development of 
the energy industry can affect the entire financial 
market, which implies that policy makers and 
economists should pay more attention to the operation 
of the industry. They need to make adjustments to deal 
with changes in the economic situation. 
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Figure 6 The Frequency of Awakening Dates 
 

Conclusions 
Based on the daily closing prices of stocks’ 

correlation in Shanghai Stock Exchange from January 
4, 2012 to September 16, 2015, we establish a complex 
network of Chinese stock markets through the 
threshold method. By analyzing the topology and 
structure of the network, we have provided a new 
perspective to study the Chinese stock market. We 
found that as the correlation threshold increases, the 
degree distribution of the network gradually transits 
from the Poisson distribution to the power law 
distribution. In addition, we use the modularity-based 
Louvain algorithm to detect the community structure of 
the network. It is found that different communities 

originate from different industries, indicating that the 
stock price trending of the same industry tends to be 
similar while there are differences in the trending of 
stocks from different industries. Through the analysis 
of the awakening points, we found that the energy 
industry is the first to response to market changes. The 
shocks like volatility might gradually spread to other 
industries thereafter. We can consider the energy 
industry as the leading industry to predict economic 
trends and assess risks. 
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