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To analyze whether information sharing in the institutional investors plays the role of a market stabilizer or risk booster, this paper
constructs the institutional investor information network employing the common holding stocks of the mutual funds as links.1e
information linkages between two funds with large positions in the same stock are hypothesized to be connected to each other.
1en, we use the information sharing efficiency in the fund networks to study the effects of information transmission on stock
market extreme risk and financial systemic risk. Especially, the speed of information diffusion in the network is characterized by
the topology structures based on social network theory. Empirical research studies find that the Chinese fund information
network exhibits small-world characteristics, which reflects rapid speed of information diffusion. Seen from the idiosyncratic risk
of volatility, information sharing of institutional investors can improve the behavior consistency of fund managers, thus in-
creasing the stock volatility via herd effects. Besides, it can be concluded that institutional investor information sharing can reduce
the extreme risk by promoting the comprehensiveness of information flow and the market pricing efficiency of stocks, thereby
reducing the degree of financial systemic risk. 1e obtained conclusions provide suggestions for decision-making of institutional
investors. It can help the regulators to pay attention to the herd effects so as to control systemic risk.

1. Introduction

In recent years, the China Securities Regulatory Commission
vigorously develops institutional investors. 1is strategy
changes the situation in the Chinese capital market which is
dominated by retail investors. In 2019, retail investors
accounted for 31.4% of the market capitalization, and in-
stitutional investors accounted for 53.2% of the market
capitalization. In the Chinese financial market, institutional
investors are mainly based on securities investment funds.
Due to its professional team and information advantages,
institutional investors can easily trigger the herd effects of
trading behavior through mutual learning and imitation in
the same social ties [1]. Along with the booming develop-
ment of institutional investors, China’s stock market has
become increasingly volatile. Also, the extreme risks of stock
market occur more frequently. In addition to the subprime
mortgage crisis in 2008, thousands of stocks fell in June 2015

due to the stock market crash in China. Hence, it led to the
discussion that whether institutional investors play the role
of amplifying market volatility due to herding behaviors [2],
or stabilize the market with professional research teams [3].

Since the linkage between institutional investors has
been strengthened, it means that there exists endogenous
risk contagion in the stock markets. 1erefore, it is mean-
ingful to study the impact of information diffusion of in-
stitutional investor networks on stock market extreme risk
and financial systemic risk. It can provide references for
regulators to maintain financial stability and prevent fi-
nancial crises caused by systemic risk contagion.

Investors often actively seek private information through
social relationships when making decisions [4–6]. Fund
managers in the same information network tend to display
more obvious herd effects [7]. Information exchanges
among investors can affect the stock price volatility [8–10].
In order to analyze the influence mechanism of institutional
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investors on the financial risks, it is necessary to analyze the
information dissemination features of this community. In
recent years, financial networks have become an efficient
tool in studying financial risk transmission as well as in-
formation dissemination [11, 12]. Networks play a vital role
in the information flow through financial markets. Colla and
Mele [13] found that closely related investor behaviors in the
information networks are more likely to produce herd ef-
fects. Sharing private information among fund managers is
the rational choice for maximizing their own interests [14].
Moreover, the topological structure characteristics of the
social networks among fund managers can affect the ef-
fectiveness of information exchange and risk contagion [15].
According to Pareek [7], an information or stock ownership
linkage between two mutual funds is defined by large po-
sitions in the same stock. 1e stock information network
corresponds to the fund manager set amongst whom in-
formation concerning stock diffuses via word of mouth or
via common sources of private information. Hence, this
paper assumes that there exists private information ex-
change between the funds that have common holdings of
stocks. Besides, previous studies have found that the for-
mation of information networks is mainly based on social
relationships and asset allocation [16].1en, the institutional
investor network can be constructed using the common
holding stocks of the mutual funds as links. Further, we can
analyze the impacts of information sharing efficiency in the
network on stock price volatility and systemic risks.

Stock volatility cannot be directly observed, which needs
to be extracted from the returns. 1e risk driven by the
common components of economic fundamentals cannot be
dispersed, while the idiosyncratic risk of individual stocks
can be managed. Although the beta risk in the CAPMmodel
or the Fama-French three-factor model can calculate the
individual stock volatility, it does not examine the extracted
idiosyncratic risk from the stock market when faced with
common shocks. Especially, when calculating idiosyncratic
risks, high-dimensional time series are prone to the “curse of
dimensionality” problem. To tackle this problem, Barigozzi
and Hallin [17] extended the generalized dynamic factor
model (GDFM) based on Forni et al. [18] to decompose the
stock volatility into the common shock-driven components
and the idiosyncratic components. 1en, it extracts the
market volatility shock to investigate the volatility spillover
effects. 1e advantage of GDFM is that it can achieve di-
mensionality reduction for high-dimensional data in the
stock market without losing information. 1erefore, we
continue to employ this method for calculating idiosyncratic
stock volatility.

Financial systemic risk denotes the risk that causes fi-
nancial system damage and the financial service interrup-
tion, which will seriously harm the real economy. Adrian
and Brunnermeier [19] proposed the notion of the condi-
tional value at risk (CoVaR) based on VaR, which refers to
the risk value of other institutions or the entire financial
system when the particular institution is in a certain state.
Rodŕıguez-Moreno and Peña [20] pointed out that ΔCoVaR
can well capture the tail risk in extreme cases. Acharya et al.
[21] proposed the concept of marginal expected loss (MES)

based on ES, which represents the expected loss of single
institution’s returns when the entire financial market falls.
Using CoVaR andMES to measure systemic risk has become
the mainstream method for the current risk management,
such as Karimalis and Nomikos [22]. 1e commonly used
calculation methods for CoVaR include the quantile re-
gression method, the GARCH-DCC model method, and the
Copula method. As we all know, the volatility of financial
returns shows stochastic volatility features. Hence, it is
necessary to consider the clustering characteristic of fi-
nancial returns when using financial data. 1erefore, this
paper utilizes the AR-GARCH-DCC-based method to cal-
culate CoVaR and MES when calculating systemic risk.

At present, research studies on institutional investors
mainly focus on the governance role [23, 24], paying less
attention to their market behaviors. 1ere are not yet re-
searches on the relationship between information sharing
efficiency and financial systemic risk from the perspective of
institutional investor information networks. In this paper,
we hypothesize that two fund managers allocating 5% or
more of portfolio to the same stock are connected to each
other. And, information about the same stock is likely to
diffuse through common information sources. 1en, it is
significant to investigate the effect of information sharing in
the institutional investor network on the financial risk in the
stock market.

1e innovative contributions of this study over the
existing literature mainly include the following aspects.
Primarily, the information network of institutional investors
is constructed using the common holding stocks of fund as
links. Specifically, we define the fund information network as
all other funds which hold more than 5% of portfolio in any
stock in which the fund has also invested at least 5% of its
portfolio. 1e information linkages between two funds with
large positions in the same stock are hypothesized to be
connected to each other. 1en, the network information
diffusion features are characterized by the network topology
structures. On this basis, we further analyze the relationship
between the structure characteristics of the fund network
and different financial risks (including idiosyncratic risk,
extreme risk, and systemic risk). Secondly, concerning the
volatility of individual stocks, the GDFM model is used to
extract idiosyncratic volatility from high-dimensional data
considering that the stock market will be affected by the
common information flow. 1irdly, when calculating the
financial systemic risk, the corresponding systemic risks are
computed taking into account the clustering and stochastic
volatility features of the stock data.

2. Model Framework

In this paper, we mainly focus on the trading behavior of
transactional institutional investors, which are represented
by the mutual equity investment funds. Institutional in-
vestors can directly exchange information and correct their
cognitive bias through indirect social learning. 1e insti-
tutional investor network has an important impact on stock
price volatility and stock market extreme risk, which further
affects financial systemic risks. 1e extent of information
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dissemination in the institutional investor network is related
to the efficiency of information sharing. 1is paper employs
the topological indicators reflecting the structure of the fund
information network as the proxy variables of institutional
investor information sharing efficiency. Specifically, the
network centrality and network density indicators are
mainly used to measure the efficiency of information
sharing. Concerning the different sources of risks, it is di-
vided into three levels, namely, the idiosyncratic risk of
individual stocks, the extreme risk of the stock market, and
the financial systemic risk.

2.1. Institutional Investor Information Network. In the in-
stitutional investor information network, if two funds hold
common stocks with large position, then the two funds are
defined to be in the same fund information network. 1e
fund holding stocks with large position mean that the
market value of the fund that hold the stock accounts for
more than 5% of the total market capitalization of the
shareholdings. Institutional investors need to rely on public
information and private information in their decision-
making processes. Public information refers to information
obtained from the open market, such as historical trans-
action information, financial statement information, and
the behavior of other investors. Private information mainly
refers to the information disseminated by investors within
a small scope and the unique information existing in the
social relationships in which they are located. Due to the
information sharing of private information, the herd effects
of fund managers in the same information network are
usually more obvious. 1erefore, private information plays
a vital role in the decision-making of institutional
investors.

1e information advantage of institutional investors’
decision-making and trading behavior often comes from
private information. Direct information exchange between
institutional investors through social relations can verify the
information they have. And through indirect social learning,
they can correct their own cognitive biases. In the same
information network, the sharing of private information
improves the consistency of trading strategies, and the
produced pseudoherding effects further affect the stock price
volatility and financial risks. 1e fund information network
is the collection of all other funds that are in the same in-
formation network. 1is paper uses the data of China’s
mutual funds to construct the institutional investor network
model linked by the fund’s common holding stocks. If in-
stitutional investors learn from each other through infor-
mation networks, the structure of networks can help
understand the process of information flow. 1e institu-
tional investor network topology is utilized to characterize
the information sharing efficiency, as well as the influence
mechanism of institutional investor information sharing on
the stock market extreme risk and financial systemic risk.
Specifically, the information sharing efficiency of the in-
vestor network is characterized by the indicators including
the degree of network centralization and the network
density.

1e degree of the centralization of the graph in the
institutional investor network portrays the overall centrality
of the network graph. It indicates howmuch the institutional
investor network is constructed around certain special
nodes, which can be calculated as follows:

degree � 
N

k−1

D nmax(  − D nk( ( 

(N − 2)
,

D nk(  �
d nk( 

(N − 1)
,

(1)

where d(nk) represents the degree of node nk in the network
and D(nmax) represents the maximum value of D(nk). 1e
larger degree value means that there exist nodes that play
critical roles in the propagation of network information, and
these key nodes affect the speed of information diffusion in
the network, accelerating the information spreading.

1e network density in the institutional investor net-
work denotes the ratio of the number of the actual edges Ei
among the ki neighbor nodes of node vi and the total number
of possible edges M2

ki
, which is shown in formula (2). 1e

network density of the node represents the closeness of the
relationship between the node and its neighboring. 1e
greater the network density of the node, the more obvious
the clustering phenomenon in the network, which will
hinder the comprehensive dissemination of information:

density �
Ei

M2
ki

, (2)

in which the greater the value of the network density, the
more “small groups” that are closely connected in the
network. Such small groups often generate hindrance to the
information transmission within the network for the sake of
profit. 1erefore, network density reflects the information
transmission degree within the network.

Because of the strong social ties and effective informa-
tion transmission channels between fund managers, the
network formed by the interaction of institutional investors
will produce herd effects within the community, which easily
lead to extreme risks in the market. Furthermore, the fi-
nancial systemic risk contagion can be analyzed by means of
the network structure characteristics of information sharing
among institutional investors.

2.2. Stock Market Extreme Risk and Financial Systemic Risk

2.2.1. Idiosyncratic Risk. Regarding the volatility of indi-
vidual stocks, traditional methods such as the standard
deviation, the GARCHmodel, and the CAPMmodel did not
reasonably reflect the overall idiosyncratic risk of the stock
market. However, the nonparametric generalized dynamic
factor model can decompose the volatility sequence into the
common factor-driven volatility component and the idio-
syncratic volatility component.

When using high-dimensional data to calculate
the idiosyncratic volatility risk in the stock market
as a whole, it will face the “dimensional curse” problem.

Complexity 3



Fan et al. [25] decomposed the covariance matrix of high-
dimensional financial data into the sum of “low rank plus
sparse” type, corresponding to the common components
and the idiosyncratic components, respectively. Bar-
igozzi and Hallin [17] proposed the two-stage GDFM
method to decompose the overall volatility vector Zn into
the common volatility component and the idiosyncratic
volatility component as shown in formula (3). 1en, the
idiosyncratic volatility of the stock market is extracted,
and the decomposition of components is mainly based
on the dynamic principal component concept of
Brillinger:

Zn,t � Xn,t + Yn,t � Bn(L)ut +Yn,t,

In − Cn(L)( Zn,t � Hnut+ In − Cn(L)( Yn,t,
(3)

in which L represents the lag operator of the filter Bn, the
impact vector ut represents the orthogonal white noise
process, which is orthogonal to Yn,t and can be loaded by the
matrix load Hn,Cn(L) denotes the block diagonal matrix of
the filter, so that the VAR operator In − Cn(L) has no
characteristic roots in the unit circle and is square-addable,
Hn denotes the full-rank matrix, and (In − Cn(L))Yn,t

represents the idiosyncratic volatility. Besides, the data-
driven method is utilized to identify the number of factors q
in Zn.

1rough formula (3), the stock market volatility is
decomposed into the volatility caused by the common
market shock and the idiosyncratic volatility. And, the re-
siduals of the common component Xn can be obtained via
the method of Forni et al. [18], while the residuals of the
idiosyncratic component Yn can be obtained via univariate
AR fitting. In addition, the shocks driving these two different
types of volatility are mathematically orthogonal.

2.2.2. Extreme Risk. Financial risk measurement is the
foundation of financial risk supervision, which requires
efficient tools. Different from the idiosyncratic risk that
reflects the idiosyncratic volatility component, the ex-
treme risk mainly captures the tail risk of the stock
market that is caused by an external tail event. 1e tail
events that result in extreme risk are represented by the
leptokurtosis and thick tail feature of return distribution
as well as the stochastic volatility feature of returns. On
this basis, the extreme risks caused by frequent tail events
in the stock market can easily induce financial systemic
risks. 1en, the VaR and ES indicators are primarily
employed to describe the extreme risk.

VaR is employed to determine the capital level that fi-
nancial institutions need to retain in response to financial
risks. Let rit denote the returns of institution i at time t,
rit � 100× (lnPti − lnPt,t−1). When the confidence level is
1−q, VaR can be defined as Pr (rit <VaRi

q,t)� q. VaRi
q,t can be

understood as the q quantile of asset returns for institution i,
whose value is generally negative. However, it mainly focuses
on the risks of individual institutions and does not reflect the
risks when the stability of the whole financial system is in
distress.

ES represents the expected loss of individual institutions
when the loss of asset returns exceeds VaRα. Regarding the
financial system in the crisis state as systemic events, and the
threshold C which is used to define the stress event, then the
expected loss ES of the financial system at time t can be
defined as follows:

ESm,t−1(C) � Et−1 rmt
 rmt <C  � 

N

i�1
witEt−1 rit

 rmt <C .

(4)

2.2.3. Systemic Risk. When systemic risks accumulate to a
certain degree, the release will cause a large number of
institutions to be closed down. 1en, it will cause the
entire financial system to face systemic crisis. Condi-
tional value at risk (CoVaR) refers to the risks that the
overall financial system face when an institution is in
crisis. It can be used to describe the risk spillover rela-
tionships between different institutions. It describes the
risk degree that the entire financial system ultimately
assumes from the information transmission through
different channels. Assume that the C(Xi) event occurs in
institution i at time t, then CoVaR represents the VaR
value of institution i at the confidence level of 1−q. 1at
is, the conditional risk value of the whole financial system
if the loss of institution i is at the level of VaRi

q,t. Further,
the CoVaR can also be defined as the q quantile of the
probability distribution of asset returns:

Pr rjt ≤CoVaR
i|C Xi( )
q,t

 C ri(   � q, (5)

where CoVaRi
q,t represents the VaR of the financial system

when the institution i is at the VaRi
q,t level, covering the

systemic risk spillover effects of institution i on the whole
financial system. When examining the systemic risk, the risk
contribution degree from individual institution i to the
whole financial system can be expressed as the difference
between the conditional risk value of the whole financial
system when the institution i is in financial distress and the
conditional risk value of the system when the institution i is
in the median state, which can be expressed in the following
formula:

ΔCoVaRi
q,t � CoVaRC ri( )

q,t − CoVaRMediani

q,t , (6)

where ΔCoVaR indicates the negative external spillover of
risks that the individual institution generates on the whole
financial system, quantifying the additional risks to the
whole financial system when the single institution is under
pressure. It captures the marginal contribution of institution
i to the total systemic risk, reflecting the marginal risk
contribution of the institutions in crisis to the system,
with larger absolute values indicating higher degree of
systemic risk.

1e systemic risk MES represents the marginal contri-
bution of the individual institution to the risk measured by
the ES measure, which is the partial derivative of the system
ES on the weight of institution i. It represents the amount of
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change in the market risk indicator ES caused by the change
in the weight of the i-th institution in the financial system by
one unit. 1e higher the MES value, the greater the con-
tribution of institution i to systemic risk. According to
Scaillet [26], MES can be expressed as the first derivative of
ES on weights for the i-th asset, which can be expressed as
follows:

MES �
zE Sm,t−1(C)

zwi

� Et−1 rit

 rmt <C . (7)

MES measures all the losses exceeding the α quantile of
the loss distribution. 1e marginal expected shortfall is the
expectation of business risk level and profitability of the
institution in crisis, which reflects the ability of an institution
to resist market risks.

1e AR-GARCH-DCC model method is employed to
describe the nonlinear risk correlation and clustering
property between variables in the stock market and calcu-
lates the risk contribution degree of an individual stock to
the system. Specifically, the dynamic conditional correlation
DCC model is employed to model the dynamic correlation
between system returns and individual institution returns
primarily. 1en, we use the AR-GARCH (1, 1) framework to
model the volatility and get the conditional volatility and
standard residuals of the system and the individual insti-
tutions, respectively. 1e parameter estimation uses the
quasimaximum likelihood estimation method to obtain a
consistent, asymptotic estimator. Secondly, according to the
independent and identical distribution properties of the
innovation term of the volatility process, the nonparametric
kernel estimation of the tail expectations is performed. Fi-
nally, the systemic risk is calculated according to the
abovementioned CoVaR and MES risk measurement
formulas.

2.3. Model Specification. Using the institutional investors’
network topology structure features to characterize the in-
formation sharing characteristics, we further analyze the
relationship between the information sharing of institutional
investors network and different levels of risks. 1e corre-
sponding risks include idiosyncratic risks, stock market
extreme risks, and financial systemic risk. 1e model can be
specified as follows:

riskit � β0 + β1 densityit + β2 degreeit + c controlit + εit.

(8)

In order to control other factors that affect stock price
risk, the following two types of control variables are in-
troduced into the model: (1) valuation variables, including
the standard deviation of stock returns (vari), company size
(lncapi), ratio of returns to market value (retcap), asset-li-
ability ratio (asslia), price earnings ratio (pe), and the
shareholding ratio of major shareholders (holder); (2) the
herd effect control variables, including the individual stock
turnover (turnover), the price momentum (momen), and
the sentiment indicator (willing). 1e specific definitions
and computation methods of the variables are shown in
Table 1.

3. Empirical Results

3.1. Institutional Investor Information Network. 1is paper
uses the Chinese mutual security investment fund and the
listed company stocks as samples. 1e sample data cover the
period from the first quarter of 2007 to the second quarter of
2019, and the data come from the Wind database in China.
We select the mutual funds that hold common stocks with
large position for the type of ordinary stock funds, hybrid
funds with partial stocks, and the balanced hybrid funds
during the sample period. Especially, the top holding stocks
refer to the stocks being the top ten stocks with the largest
positions announced in the quarterly report of the fund, and
the market capitalization of these stocks accounts for more
than 5% of the market capitalization of the fund. According
to the statistics, the quarterly average of the proportion of the
funds with large position stocks in all funds is 41.4%, which
indicates that the fund information network has important
impacts on the stock volatility. Additionally, it has been
found that the size of the fund information network is
constantly increasing.

Primarily, based on the 2019 semiannual report data, the
overview of the China mutual fund network is pictured, as
shown in Figure 1. In Figure 1, the average path length of the
network is 1.7049 and the clustering coefficient is 0.7455,
indicating that the Chinese institutional investor network
displays small-world features, which reflects rapid speed of
information diffusion. In order to more clearly show the
stock connection relationship in the fund information
network, we take the China Inner Mongolia Yili Industrial
Group (Yili) as an example, and the stock network built
around Yili shares is shown in Figure 2. In Figure 2, Yili’s
shares are held by five mutual funds, and the code of these
five funds are, respectively, 006429.OF, 004868.OF,
162107.OF, 001186.OF, and 090016.OF, and all these five
funds have their own fund information network. Yili’s stock
network is the collection of the five funds holding its shares
and their respective fund information networks.

3.2. Stock Market Extreme Risk and Financial Systemic Risk.
Figure 3 shows the daily level of extreme risk measured by
the VaRmethod using individual Chinese stock market data.
Systemic events are defined as situations where the market
returns exceed 5% risk threshold level. Judging from the
market average value, the degree of extreme risk in the
Chinese financial market is low, indicating that the extreme
risk in China is generally controllable. In addition to the
sharp increase in extreme risks in the Chinese stock market
during the international financial crisis in 2008 and the
Chinese stock market disaster in 2015, the degree of extreme
risks in the Chinese stock market rose again in 2018. 1is is
mainly due to the impact of credit events in China such as
the Internet finance defaults, bond defaults, and the esca-
lation of Sino-US trade frictions in 2018, which have in-
creased the degree of systemic risk.

Figure 4 shows the daily level of financial systemic risk in
China. Different from the extreme risk of the stock market
measured by VaR, the systemic risks measured by ΔCoVaR
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Table 1: Control variable name and meaning.

Control
variable Meaning and computation method

Asslia Asset-liability ratio, total liabilities divided by total assets

Holder Shareholding ratio of major shareholders, the sum of the shareholding ratios of the top five shareholders in the listed
companies

Pe Price earning ratio, stock price divided by earnings per share
Lncapi Company size, natural logarithm of market capitalization
Retcap Ratio of returns to market value
Turnover Individual stock turnover, ratio of trading volume to the total number of shares issued
Vari Standard deviation of returns, standard deviation of stocks relative to benchmark returns in the fund network

Momen Price momentum, an indicator analyzing the trend of the stock price based on the variations of the speed of the stock price
changes

Willing Sentiment indicator, popular willingness
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Figure 1: Mutual fund network based on the 2019 semiannual report in China.
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Figure 2: Stock network centered on Yili shares.
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and MES not only identify the risk surge caused by the
subprime crisis in 2008, the Chinese stock market disaster
event in 2015, and the credit defaults in 2018, but also
identify the risk surge caused by the money shortage inci-
dent in China in 2013. Moreover, the cyclical characteristics
of systemic risk in China are obvious, and the systemic risk
indicator values of ΔCoVaR and MES change significantly
during the financial crisis. In 2013, due to the tighter in-
terbank funding and higher interest rates, financial insti-
tutions and the related institutions were affected by the risk
of money shortage. At the end of 2014, the systemic risk
indicator showed gradual rise, and then the risk indicators
reached a peak during the turbulent period with thousands
of stocks dropping in 2015 subsequently. In 2018, the
comprehensive effects caused by the Internet financial de-
faults, corporate bond defaults, and the escalation of Sino-
U.S trade frictions impacted the stock markets, making the

systemic risk rise sharply. 1is phenomenon also makes it
necessary and urgent to prevent the cross-sectoral trans-
mission of financial risks, so as to prevent the systemic risk
occurring.

3.3. Institutional Investor Information Sharing with Extreme
Risks and Systemic Risks. 1e topology structure of the fund
network characterizes the efficiency of information sharing.
1e larger the degree of the network, the faster the prop-
agation speed of the network information, with the efficiency
of information sharing improved. 1e larger network
density means that there are small groups of interests in the
network, which will hinder the spread of information and
reduce the efficiency of information sharing. According to
the previous model specification, we analyze the influence of
the centralization and network density of the fund

2006 2008 2009 2010 2012 2013 2015 2016 2017 2019
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Figure 3: Stock market extreme risks in China.
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Figure 4: Financial systemic risk in China.
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information network on the idiosyncratic risk of stock
volatility and the extreme risk in the stock market. Seen from
the results shown in Table 2, it can be seen that the cen-
tralization degree of the fund information network has
positive correlation with the idiosyncratic risk of individual
volatility after controlling other related factors. However, the
network density and the idiosyncratic volatility show neg-
ative correlation. In other words, institutional investor in-
formation sharing has exacerbated the idiosyncratic
volatility of individual stock prices. 1is is mainly because
institutional investors learn from each other, which results
in similar investment decisions. Information sharing im-
proves the consistency of the trading operation of fund
managers and forms herd effects. 1e herd effects of in-
stitutional investors prevent information from being com-
prehensively incorporated into the stock price in a timely
manner, which increases the stock volatility in the short
term. As far as individual stock volatility is concerned, it is
necessary to reduce the risk of stock market crashes caused
by institutional investors imitating each other.

Seen from the consequences of extreme risks, the cen-
tralization degree of the fund information network displays
negative correlation with the extreme risks of the stock
market measured by VaR and ES methods after controlling
other related factors. And, the network density and the
extreme risks of the stock market measured by VaR and ES

methods also display significant positive correlation. It in-
dicates that information sharing between institutional in-
vestors can reduce extreme risks in the stock market.
Besides, the effects of fund information networks on idio-
syncratic risk and extreme risk are different. Specifically, the
effects on individual stock volatility can be realized in the
short period, while the effects on extreme risks need relative
longer time to be fully transmitted to the market.

Furthermore, we analyze the influences of centralization
and network density of the fund information network on
systemic risks, with the results shown in Table 3. Judging
from the consequences of systemic risk, the degree of
centralization of the fund information network displays
negative correlation with the systemic risk measured by
CoVaR and MES indicators. However, the network density
displays significant positive correlation with the systemic
risk. It indicates that information sharing among institu-
tional investors can reduce the systemic risks. 1is is mainly
because the information sharing among institutional in-
vestors improves the comprehensiveness and accuracy of
market information transmission, so that it can improve the
market pricing efficiency of stocks. 1rough reducing the
extreme risks in the stock market, it further reduces the
degree of financial systemic risk. It implies that improving
the quality of information disclosures of institutional in-
vestor helps reduce extreme risk and systemic risk.

Table 2: 1e impact of fund information networks on idiosyncratic risks and extreme risks.

Idio t value VaR t value ES t value
Degree 0.1053∗∗ (1.9316) −0.0012∗ (−1.7151) −0.0011∗∗ (−2.0967)
Density −1.0104∗ (−1.8456) 0.0462∗∗∗ (2.6023) 0.0399∗∗ (2.4270)
Asslia 6.4355 (1.4979) 0.0894∗∗ (1.9548) 0.0999∗∗ (2.3588)
Holder −0.5845∗∗∗ (−4.5066) 0.0003 (0.1748) −0.0007 (−0.4429)
Pe −1.8E− 04 (−0.2297) −7.22E− 05 (−0.9398) −7.57E− 05 (−1.0635)
Lncapi 1.2795∗∗ (2.4647) −0.0142∗∗∗ (−2.5991) −0.0126∗∗∗ (−2.4873)
Retcap 0.1062 (1.3946) 0.0017∗∗ (2.1773) 0.0013∗ (1.7379)
Turnover −0.0111∗∗∗ (−3.5202) 0.0002∗∗∗ (3.6297) 0.0002∗∗∗ (3.8499)
Momen 3.9483∗∗∗ (3.0464) −0.0337∗∗∗ (−2.4880) −0.030∗∗ (−2.3859)
Willing −0.1276 (−0.7351) −0.0002 (−0.0654) −8.19E− 04 (−0.0518)
Vari 0.0269∗∗∗ (3.7005) 0.0029∗ (1.9466)
Adjusted R2 0.36 0.61 0.69
∗∗∗, ∗∗, and ∗ indicate statistical significance at 1%, 5%, and 10% level, respectively.

Table 3: 1e impact of fund information network on systemic risk.

CoVaR t value MES t value
Degree −0.0011∗∗ (−2.2873) −0.0012∗ (−1.9013)
Density 0.0385∗∗ (2.3972) 0.0579∗∗∗ (2.5451)
Asslia 0.0962∗∗ (2.3279) 0.1139∗ (1.9391)
Holder −0.0005 (−0.3875) 0.0003 (0.1695)
Pe −7.5E− 05 (−1.0802) −9.71E− 05 (−0.9854)
Lncapi −0.0129∗∗ (−2.6001) −0.0189∗∗∗ (−2.6887)
Retcap 0.0011∗ (1.7113) 0.0021∗∗ (2.1298)
Turnover 0.0002∗∗∗ (3.5983) 0.0002∗∗∗ (3.4348)
Momen −0.0275∗∗ (−2.2469) −0.0416∗∗ (−2.3984)
Willing 0.0005 (0.3683) 0.0005 (0.2371)
Vari 0.0025∗ (1.6923) 0.0022 (1.0626)
Adjusted R2 0.65 0.59
∗∗∗, ∗∗, and ∗ indicate statistical significance at 1%, 5%, and 10% level, respectively.
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4. Conclusion

1is paper assumes that there exists private information
sharing among funds that hold common stocks with large
position. 1en, we build the institutional investor in-
formation network using the common holding stocks of
mutual funds as links. And, the impacts of information
sharing efficiency represented by the network topology
structure on the extreme risk of stock market and fi-
nancial systemic risk are investigated. Based on the
empirical analysis of China mutual fund and stock
market data from 2007 to 2019, we reveal the inherent
formation mechanism of fund herd behaviors. 1e
studies find that the Chinese institutional investor net-
work exhibits small-world characteristics, which reflects
fast speed of information diffusion. After controlling
other related factors, it can be found that from the id-
iosyncratic risk of individual volatility, institutional
investor information sharing has increased the idio-
syncratic risk. However, from the perspective of the
effects on stock market extreme risk, there exists negative
relationship between information sharing of the insti-
tutional investor network and the stock market extreme
risk. 1at is, information sharing among institutional
investors reduces extreme risk in the stock market. In
addition, there exists a negative relationship between
institutional investor information sharing and systemic
risk, meaning that information sharing among institu-
tional investors reduces financial systemic risk.

It indicates that in order to prevent the transmission of
systemic risk, it is necessary to pay attention to the role of
information flow of the fundmanager in the social networks.
Institutional investor information sharing reduces the
probability of black swan incidents by improving the
comprehensiveness of market information transmission and
the market pricing efficiency of stocks. 1e conclusions of
the study provide reference for regulators to stabilize the
market and to prevent the manipulation of stock prices
caused by the herd effects of investors. As far as individual
stock volatility is concerned, it is necessary to reduce the risk
of stock market crashes caused by institutional investors
imitating each other. Concerning the extreme risk and
systemic risk, improving the quality of information dis-
closures of institutional investor helps reduce these risks.
1e obtained conclusions are also instructive for regulators
and investors in other financial markets. 1e use of the fund
information network contributes to identifying important
institutional investors so as to conduct targeted supervision
and prevent manipulation of stock prices.
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