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This empirical research applies cointegration in the traditional measurement method first to build directed weighted networks in
the context of stock market. Then, this method is used to design the indicators and the value simulation for measuring network
fluctuation and studying the dynamic evolution mechanism of stock market transaction networks as affected by price fluctuations.
Finally, the topological structure and robustness of the network are evaluated. The results show that network structure stability is
strong in the bull market stage and weak in the bear market stage. And the convergence rate of the dynamic evolution of network
fluctuation is higher in the bull market stage than in the bear market stage.

1. Introduction

In the financial market, individual and institutional investors,
listed companies, and trading systems have self-organizing
characteristics. Mutual relationships between investors,
investment banks and financial analysts, investment funds
and listed companies, and so forth form the network
topological structure of financial securities market. Network
structure plays an important role in information transmission
and risk contagion. The higher the network concentration of
securities, the higher the volatility of securities. Moreover,
network structure influences the learning mechanisms
of investors. That is, investors often use different aspects
of their social networks to update investment beliefs and
make decisions. In addition, network structure has a certain
influence on the decision-making and corporate governance
of listed companies. Network structure can be used to reflect
capital market volatility and stability. Therefore, depicting
the network structure of securities fluctuation is a feasible
way of analyzing the influence of random factors on the
macro behavior of the financial market.

Network structure has been applied in the financial mar-
ket via the complex network theory andmethod. But network
structure cannot give play to the advantages of traditional
research methods, and it is difficult to analyze and measure

the fluctuation of economics using the simple network
analysis methods.Therefore, the current study employs coin-
tegration in the traditional measurement method to build a
directed weighted network of the stock market and design
the indicator and the value simulation for measuring the
fluctuation of this network.We aim to study the dynamic evo-
lution mechanism of the stock market transaction network
in a state of fluctuation and thereby evaluate the topological
structure and robustness of the network. The methods used
in this paper have been researched and empirically tested in
the Shanghai–Hong Kong Stock Connect market and defined
by different time windows.

The remainder of this paper is structured as follows.
Section 2 provides a review of and commentary on previous,
relevant literature. Section 3 describes the research method
and model building and expounds on the specific methods
used for the analysis of stock market stability. Section 4
presents the empirical analysis based on sample stocks from
the Shanghai–Hong Kong Stock Connect market. Section 5
provides the research conclusions.

2. Related Literatures

With the continued development of the financial sector, the
ties among market entities have become closer in terms
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of breadth and depth and have formed a complex system.
Benefitting from the introduction and deepening of the com-
plex network theory, the complex financial system method
can best be described through comparison with traditional
measurement methods. The internal structure of financial
systems posits that while the latter may not always be stable,
they can be relatively stable over a longer period. Financial
and social networks have similar degrees of distribution and
small world effects. Using the social network analysis method
can thus help develop a new recognition of the relationship
between nodes in the financial network (government, institu-
tions, and individuals) and provide guidance to the regulation
of financial reform and financial risk [1, 2]. To date, studies
on complex finance networks have mainly involved their
description, as well as the analysis of their stability and degree
to which they could carry the contagion of financial risk.

In describing financial networks, researchers have built
network structure and explored the nature of the network
statistics of different financial institutions [3–7], stock mar-
kets [8–10], international stock markets [11], crude oil future
and spot markets [12], open-end fund markets [13], and
mutual fund markets [14]. For example, Huang et al. [15]
constructed a financial network of China’s SH 180 Index and
SZ 100 Index constituent stocks and explored the correla-
tions among the stocks. Most descriptions and analyses of
stock transaction networks indicate that the tail-end of the
degree distribution of stock transaction networks has the
characteristics of the power-law distribution [16]. Wang [17]
constructed a weighted stock network by taking the second-
board market in China’s Shanghai securities market as the
data source and researching the stock network’s “rich group”
coefficient.He found the clear existence of such a “rich group”
by exploring the random network with the same distribution
degree.

Some works used the complex network theory to investi-
gate the contagion of global financial system (Kali et al., 2009;
Gai and Kapadia, 2010; Chen et al., 2016) [2, 18, 19], estab-
lished a network model for the global transactions system,
and studied global communications with regard to financial
crises bymeasuring the indicators of network correlation and
centrality among others [4, 19, 20]. To study the interactive
influence mechanism among interfinance risk, some works
established a financial network model that enabled them to
analyze the robustness of a financial system on the basis of
the complex network theory (Gai andKapadia, 2010) [19], and
analyzed the common characteristics of the optimal financial
network and the topological structure of actual financial
networks [19]. Some scholars further studied the behavior
of a network structure in financial contagion and proposed
relevant measures to improve the stability of a financial
system from the financial network angle by preparing policy
guidance for preventing crisis-level contagion [2, 4, 7, 19]
(Wu et al., 2014; Chen et al., 2016). For example, Winecoff
[21] studied the influence of global financial crises on politics
and economics from amacro angle by establishing a complex
network model. In addition, some works studied the stability
of financial network. For example, Tumminello et al. [22]
employed theMST and PMFG algorithms to build a complex
network of 300 stocks from theNewYork Stock Exchange and

found that the lower the data frequency, the more prominent
the network hierarchy is. Huang et al. [23] used a threshold
method to construct the financial network structure of
China’s stock market by analyzing the nature and topological
stability and studying the topological robustness of the net-
work and found that while the financial network had certain
robustness against a random attack, it was brittle against a
calculated attack. Lin et al. [24] employedMST and PMFG to
build and analyze a financial market network by dynamically
highlighting the key node in the network, studied the network
stability, and certified that it is robust in terms of recognizing
the key node using the centrality of the complex network
node. Vitali et al. [25] dynamically analyzed the relationship
between network nodes by establishing a financial network
model between banks and companies, analyzing the indica-
tors of the network’s topological structure, and studying the
network’s degree of invulnerability. Our aims are to integrate
the econometrics model with the building of a complex
financial market network and design relevant indicators to
weigh the robustness of this network dynamically.

3. Research Method and Model Building

3.1. Building a Directed Weighted Network. The linear com-
bination of two or more nonstationary time series may be
of stationary or low-order integration. In an actual financial
market, certain time series that are not stationary exist and
may cause inconvenience in the analysis, but others are sta-
tionary (equal-average, finite variance, and autocorrelation
coefficient is the function of lag intervals for endogenous)
and follow the linear combination. From a financial per-
spective, when different nonstationary time series turn into
stationary ones following a linear combination, equilibrium
exists between these series. The relationship, which is known
as cointegration, is stable on a long-term basis. In financial
measurement, cointegration can describe the stable long-
term relationship between two or more series.Therefore, this
paper proposes building a directed weighted network based
on the cointegration between stock time series.

Generally, to test the cointegration of two time series, we
use the Engle–Granger two-step method based on Yang et al.
[26] and Tu [27]. Suppose 𝑥𝑡 and 𝑦𝑡 are the logarithm return
series of two stocks, where

𝑥𝑡 = ln (𝑝𝑥 (𝑡)) − ln (𝑝𝑥 (𝑡 − 1)) ,
𝑦𝑡 = ln (𝑝𝑦 (𝑡)) − ln (𝑝𝑦 (𝑡 − 1)) ,

(1)

where 𝑥𝑡 denotes the restoration of the right price of stock 𝑥
at time 𝑡 and 𝑦𝑡 denotes the restoration of the right price of
stock 𝑦 at time 𝑡.

Then, the cointegration test of 𝑥𝑡 and 𝑦𝑡 should be
performed by supposing the equation

𝑦𝑡 = 𝛼 + 𝜏𝑥𝑡 + 𝑢𝑡, (2)

where 𝛼 represents intercept term of the above long-term
cointegration equation, 𝜏 is defined as regression coefficient,
and 𝑢𝑡 is disequilibrium error.

If the number of stocks is 𝑁, two-two stock pairs can
be formed completely by 𝑁(𝑁 − 1)/2. In this case, the
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cointegration test should be performed 𝑁(𝑁 − 1)/2 times
to determine whether a connection exists between the two
stocks. If a stock pair fails to pass the cointegration test, then
the relationship that exists between the two stocks is not
stable and a corresponding connection exists.

For every group of stock pairs that pass the cointegration
test, we build an error correction model and use the first-
order lag series to judge the causality and determine the direc-
tion of the connection. The regression coefficient obtained
from the equation serves as the weight of the side.

Δ𝑦𝑡 = 𝛽0 + 𝛽1 ⋅ Δ𝑥𝑡−1 + 𝛽2 ⋅ 𝑢𝑡−1 + 𝜀𝑡, (3)

Δ𝑦𝑡 = 𝛽0 + 𝛽1 ⋅ Δ𝑥𝑡−1 + 𝛽2 ⋅ 𝑢𝑡−1 + 𝜀𝑡 . (4)

If 𝛽1 in (3) is significant but 𝛽1 in (4) is insignificant,
the logarithm return of stock 𝑥 will influence the logarithm
return of stock 𝑦. Meanwhile, the logarithm return of stock
𝑦 will have no influence on the logarithm return of stock
𝑥. Hence, the directions of Nodes 𝑥 and 𝑦 in the network
structure are such that Node 𝑥 points to Node 𝑦, and the
weight is 𝛽1. If 𝛽1 in (3) and 𝛽1 in (4) are significant, then a
relationship of mutual influence exists between the logarithm
return of stock 𝑥 and the logarithm return of stock 𝑦. In the
network, Nodes 𝑥 and 𝑦 are bidirectional, and their weights
are 𝛽1 and 𝛽1, respectively.

The weight of edge of the network 𝛽 constitutes the
network’s connection matrix (𝐷). If 𝑤𝑖𝑗 = 0, Node 𝑖 does not
point to Node 𝑗. The in- and out-strength of every node are
then calculated using

𝑆𝑖in = ∑
𝑗∈𝑉𝑖in

𝑤𝑗𝑖,

𝑆𝑖out = ∑
𝑗∈𝑉𝑖out

𝑤𝑖𝑗,
(5)

where 𝑤𝑖𝑗 refers to the weight that Node 𝑖 points to Node 𝑗,
𝑉𝑖out means that 𝑖 is close to and points to the Node 𝑖 set, and
𝑉𝑖in means that Node 𝑖 is close to and points to the Node 𝑖 set.

Given𝐾 nodes with maximum strength and allowing for
a certain degree of fluctuation in each node, the fluctuation
of every 𝛽 spreads along the side of the network. Studying
the fluctuation of the whole network over time enables the
evaluation of the stability of the whole network.

3.2. Analysis Matrix of Network Stability. Supposing that
the stock returns of all nodes in the network are 𝑅0 =
[𝑅01, 𝑅02, . . . , 𝑅0𝑛] at time 0, and creating a certain distur-
bance in the network node at a certain time that yields Δ𝑅0 =[Δ𝑅01, Δ𝑅02, . . . , Δ𝑅0𝑛], the range of variation of Δ𝑅 will be
[−10%, 10%] due to the price limits in China’s stock market.
To explore the influence of Δ𝑅0 on network node yield 𝑅1 at
Moment 1, we define the first-order effectmatrix𝑊 as follows:

𝑊 =
[[[[[
[

0 𝑤12 ⋅ ⋅ ⋅ 𝑤1𝑛
𝑤21 0 ⋅ ⋅ ⋅ 𝑤2𝑛
⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅
𝑤𝑛1 𝑤𝑛2 ⋅ ⋅ ⋅ 0

]]]]]
]
. (6)

The first-order effect matrix𝑊 refers to the first-order lag
effect weight if the yield of 𝑅𝑖,𝑡−1 has no influence on the yield
of 𝑅𝑖,𝑡 when 𝑖 = 𝑗, 𝑤𝑖𝑗 = 0. Under other circumstances, when
𝑖 has influence over 𝑗, 𝑤𝑖𝑗 = 𝛽1. If 𝑖 is irrelevant to 𝑗, 𝑤𝑖𝑗 = 0.

Supposing there is an influence of every stock node on
the other stock nodes in the network, then the relationship
can be superimposed in a linear manner, as expressed by the
following equation:

Δ𝑅𝑡,𝑖
= (Δ𝑅𝑡−1,1 × 𝑤1𝑖 + Δ𝑅𝑡−1,2 × 𝑤2𝑖 + ⋅ ⋅ ⋅ + Δ𝑅𝑡−1,𝑛 × 𝑤𝑛𝑖)∑𝑛𝑗=1 𝑤𝑗𝑖


= 1
∑𝑛𝑗=1 𝑤𝑗𝑖


⋅ [Δ𝑅𝑡−1,1 Δ𝑅𝑡−1,2 ⋅ ⋅ ⋅ Δ𝑅𝑡−1,𝑛] [𝑤1𝑖 𝑤2𝑖 ⋅ ⋅ ⋅ 𝑤𝑛𝑖]𝑇 .

(7)

If changed into the matrix format, then the relationship
takes the following form:

𝑅𝑡 = 𝑅𝑡−1 ×𝑊

×

[[[[[[[[[[
[

1
∑𝑛𝑗=1 𝑤𝑗1 0 ⋅ ⋅ ⋅ 0

0 1
∑𝑛𝑗=1 𝑤𝑗2 ⋅ ⋅ ⋅ 0

⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅
0 0 0 1

∑𝑛𝑗=1 𝑤𝑗𝑛

]]]]]]]]]]
]

. (8)

To study the dynamic evolution characteristics of the
network yield disturbance Δ𝑅0 = [Δ𝑅01, Δ𝑅02, . . . , Δ𝑅0𝑛]
at time 0 over time, this study designed the measurement
indicator based on the weight-related matrix.

𝐶𝑡 = (1 + Δ𝑅0) × (1 + Δ𝑅1) × ⋅ ⋅ ⋅ × (1 + Δ𝑅𝑛)

=
𝑛

∏
𝑖=0

(1 + Δ𝑅𝑖) ,
(9)

where Δ𝑅𝑖 refers to the arithmetic mean of Δ𝑅𝑖. Indicator 𝐶𝑡
rejects spontaneous change over the time of the yield of the
stock node.The result could only explore the influence of the
network’s yield disturbance Δ𝑅0 = [Δ𝑅01, Δ𝑅02, . . . , Δ𝑅0𝑛] at
time 0 on the yield of the entire network through network-
based communication.

4. Empirical Research and Analysis

4.1. Data Source and Variable Selection. TheChina Securities
Regulatory Commission and the Securities and Futures
Commission of Hong Kong jointly issued a proclamation on
April 10, 2014. On November 17, 2014, the transaction was
officially opened.This study obtained data of 884 stocks from
the WIND database as the initial sample, which consisted
of 568 Shanghai-to-Hong Kong and 316 Hong Kong-to-
Shanghai trading stocks. The sample series duration taken
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Figure 1: Trend of Shanghai Composite Index.

was November 17, 2014, to January 27, 2016. During this
period, the Shanghai Composite Index reached 5,178 on June
12, 2015, but later fell steeply and decreased to 2,638 on
January 27, 2016. We then divided the time window of the
sample series into two sections. The first section was from
November 17, 2014, to June 12, 2015, and was referred to as the
“pre-stock market disaster period.” The second section was
from 12th June 2015 to 2nd January, 2016, and was referred
to as the “post-stock market disaster period.” After rejecting
the 44 stocks listed later and in suspension, the remaining 840
stocks were used as the final sample (Figure 1).

4.2. Topological Structure of the Network. Table 1 shows that,
in terms of all indicators, the values prior to the stock market
disaster are lower than those following the disaster, indicating
that the postcrisis network structure becamemore integrated,
whereas the precrisis network structure was more dispersed.

The investigation of the in/out-strength distribution of
the topological network structure of the Shanghai–Hong
Kong Stocks before and after stock market disaster showed
that regardless of the in- and out-strength distribution, the
overall strength distributionwasmore extensive following the
crisis. For example, prior to the stock market disaster, the in-
strengths of most nodes were under 50, and the maximum
was higher than 100. Conversely, after the disaster, a large
portion of the in-strengths exceeded 100 and even reached
200 (as shown in Figure 2(a)). Prior to the crisis, the out-
strengths of most nodes were under 60, and the maximum
was 70. After the disaster, a large portion of the in-strengths
exceeded 150 and reached as high as 250 (as shown in
Figure 2(b)). The latter results indicated that the network
structure of the Shanghai–Hong Kong Stock Connect market
became more integrated after the stock market disaster.
Consequently, neither the in- nor the out-strength fell within
either the Poisson or normal distribution, with a very fat tail
and clear power-law distribution characteristics. The latter
indicated that, in the Shanghai–Hong Kong Stock Connect
market, nodes exist with very high in- and out-strengths,
which are extensively influenced by other nodes.

Likewise, in view of the in/out-degree distribution of
the topological network structure of Shanghai–Hong Kong
Stock Connect sample objects before and after the stock
market disaster, the distribution degree was found more
extensive following the crisis regardless of either the in- or

the out-degree distribution. For example, before the crisis, the
in-degree of most nodes was under 300, and the maximum
was 400. In contrast, a high proportion of the in-degrees
of the nodes exceeded 400 after the crisis, reaching as high
as 600 (as shown in Figure 2(d)). Before the stock market
disaster,most out-degrees were under 200, and themaximum
was 300. After the stock market disaster, a large portion of
the out-degrees exceeded 400, reaching 600 (as shown in
Figure 2(e)).These results indicate that after the stock market
disaster, the network structure of the Shanghai–Hong Kong
Stock Connect market became more closely interlinked.
In addition, the power-law characteristics of the degree
distribution were similar to the characteristics of strength
distribution.

4.3. Market Network Structure Stability. To calculate the
network stability, we arranged the network nodes according
to their out-strength by first selecting the degree 𝐾 of nodes
and giving them disturbance Δ𝑅0 = [Δ𝑅01, Δ𝑅02, . . . , Δ𝑅0𝑛].
For ease of analysis, we supposed that Δ𝑅01 = Δ𝑅02 = ⋅ ⋅ ⋅ =Δ𝑅0𝑛 = 𝜙, where 𝜙 took four different values: −10%, −5%, 5%,
and 10%, and the degree 𝐾 is equal to 10.

Figure 3 shows that fluctuation may tend to converge
over time, which also indicates that the value of weighing
fluctuation 𝐶𝑡 of the entire network converges to a fixed
value. In line with this, the amplitude of fluctuation after the
stock market disaster can be expected to exceed that prior
to the disaster. We found that when the initial fluctuation
was positive, the amplitude spread over the network was
mostly positive. Conversely, when the initial fluctuation
was negative, the amplitude spread over the network was
mostly negative.This indicates that the direction of the initial
fluctuation determines the direction of the dynamic evolution
of fluctuation across the entire network.

Figure 4 shows that the direction of initial fluctuation
determines the direction of the follow-up dynamic evolution
of the network. A negative initial fluctuation makes 𝐶𝑡 in
the network change to a negative direction, and vice versa.
However, after a time, the fluctuation may converge. Before
the stock market disaster, the fluctuation tended to converge
after 6 to 7 iterations, whereas after the stock market disaster,
the fluctuation tended to converge after 22 to 25 iterations.
At the same time, the network’s 𝐶𝑡 change in amplitude was
very low before the stock market disaster, but increased after
the stock market disaster. The latter shows that the network
structure before the stock market disaster was dispersed
and quick to digest external disturbances. By contrast, after
the stock market disaster, the network structure was more
integrated, but with more systematic risks, and the network
structure was unable to digest external disturbances quickly.

4.4. Network Structure Divided by the Time Window and Its
Stability. We divided the entire time window of the study
into three stages, with the first-order stage and the previous
analysis unchanged (i.e., from November 17, 2014, to June
12, 2015). This stage represented the rising bull market. The
steep-fall period was then redivided into two stages, with
stage 1 of steep-fall time from June 12, 2015, to August 25,
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Table 1: Descriptive statistics of network topological structure.

Mean Min Max Std.

Before market crash

In-strength 15.2488 0.0000 97.1489 11.8373
Out-strength 15.2488 0.0000 69.2445 10.7320
Total strength 30.4976 0.0000 118.6920 15.2375
In-degree 75.5393 0.0000 363.0000 47.8861
Out-degree 75.5393 0.0000 289.0000 45.5564
Total degree 151.0786 0.0000 511.0000 70.5668

After market crash

In-strength 46.1407 0.0747 205.2302 42.9866
Out-strength 46.1407 0.3904 255.6046 45.3281
Total strength 92.2814 1.0327 282.0779 54.0209
In-degree 199.8357 1.0000 617.0000 145.2864
Out-degree 199.8357 2.0000 666.0000 148.3278
Total degree 399.6714 6.0000 1027.0000 201.8751

2015. In this stage, the Shanghai Composite Index witnessed
a steep fall, down to 2,964 from its highest point of 5,172
within two months. Stage 2, which covers August 25, 2015, to
January 2, 2016, was, in fact, a stage of sharp shock overall.The
first rebounding was recorded to 3,600 from 2,964, and then
falling down to 2,638. In light of these fluctuations, the overall
time window was divided into three stages, which are the
first-order stage, that is, the bullmarket stage fromNovember

17, 2014, to June 12, 2015; the second-order stage, that is, the
bear market stage from June 12, 2015, to August 25, 2015; and
the third-order stage, that is, that of sharp shock fromAugust
25, 2015, to January 2, 2016.

From Figure 5, fluctuation tends to be gentle and con-
verges with the passage of time, which indicates that 𝐶𝑡,
which measures the fluctuation across the entire network,
finally converges to a fixed value. The amplitude of the
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Figure 4: Influence of initial fluctuation on network stability when 𝐾 = 10.

fluctuation of stage 2, which corresponds to the period of
steep fall, was the highest, followed by that of stage 1 before
the stock market disaster, while the amplitude of fluctuation
in stage 3 (the shock stage) was the lowest. When initial
fluctuation was positive, the amplitude spread across the
network was mostly positive, and vice versa.The latter results
indicate that the direction of initial fluctuation determines the
direction of the dynamic evolution of fluctuation across the
entire network.

Based on Figure 6, the direction of initial fluctuation
determines the direction of the continuous dynamic evolu-
tion of the network. A negative initial fluctuation can cause
𝐶𝑡 in the network to change to a negative direction, but
a positive initial fluctuation can cause 𝐶𝑡 in the network
to change to a positive direction. However, after a certain
period, fluctuation tends to converge. In stages 1 and 3, this
convergence tended to occur after 6 to 7 iterations, and, in
stage 2, convergence tended to occur after 30 iterations. The
results highlight that in the “shock” stage 3, the amplitude of
change of 𝐶𝑡 in the network was the lowest. This result was
followed by a rising amplitude in stage 1, with the amplitude
of change of 𝐶𝑡 in the network during the steep-fall stage
2 being the highest. This result indicates that, in the rising
and shock stages, the network structure was dispersed and
quickly digested external disturbance. Meanwhile, after the
stock market disaster, in the steep-fall stage, the network
structure seemed more tightly knit, but with an increased
level of systematic risk as being unable to digest external
disturbance quickly.

5. Conclusions

This paper selected a sample of 840 stocks from the
Shanghai–Hong Kong Stock Connect market from Novem-
ber 17, 2014, to January 2, 2016. The study divided the time
frame into two stages: stage 1 covered November 17, 2014, to
June 12, 2015, as the bull market stage, and stage 2 from June
12, 2015, to January 2, 2016, as the bear market stage. Subse-
quently, stage 2 was further stratified into the steep-fall stage
from June 12, 2015, to August 25, 2015, and the sharp shock
stage fromAugust 25, 2015, to January 2, 2016.This paper then
employed cointegration because it is used in the traditional
measurement method for building the directed weighted
network of the stock market and for designing the indicators
and value simulation for measuring network fluctuation.
This step was conducted to study the dynamic evolution
mechanism in a stock market transaction network during
a period of fluctuation, thereby evaluating the topological
structure and robustness of the network. Empirical results
show the following. (1) In terms of the topological structure,
the network structure in the bull market stage was found to
be dispersed, and the network node degree distribution and
strength distribution range were small, indicating that the
generality and strength of the network’s nodes were low and
less influenced by or holding less influence over other nodes.
Conversely, in the bear market stage, the network structure
was closely knit, with a large node degree distribution and
strength distribution range, indicating that the nodes in the
network had a high degree and overall strength and were
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Figure 5: Dynamic evolution of fluctuation in the network when𝐾 = 10.

both influenced by and could influence other nodes, to a great
extent. (2) In terms of network stability, the network structure
was strongly stable in the bull market stage. Under the initial
given fluctuation, the dynamic evolution of the network
converged rapidly and the amplitude was low. In contrast, in
the bear market stage, the stability of the network structure
was weak, with the dynamic evolution converging slowly
under the fluctuation, and the amplitude of the fluctuation
was high. (3)Then, by undertaking robustness analysis, the
bear market stage was divided into the steep-fall and the
sharp shock stages. Based on the analysis, in the steep-fall
stage, the network structure was less stable, the fluctuation
amplitude was very high, and a long period was needed prior
to convergence.

The conclusions in this paper provide supplementary
knowledge to the concept of stability in the traditional com-
plex network theory. Traditional complex network analysis
uses indicators to evaluate network connectivity. The higher
the connectivity, the more stable the network and the higher
its degree of robustness.Therefore, the closer the nodes are to
each other in the network, the higher the degree of node and
the bigger the weight of side will be. Moreover, the stability
and robustness of the networkwill be higher.This research on

stock market network structure demonstrates that network
structure diversification corresponds to the diversification of
systematic risk and thus helps in lowering systematic risk. A
close network structure indicates that the diversification of
systematic risk in the market is limited, and when systematic
risk is high, convergence exists in the entire stock market.
This result implies that when facing external disturbance,
the fluctuation within the network will be high and risk
communication will take a while to fade away.
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